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Abstract: Optical music recognition (OMR) refers to converting musical scores into digitized in-
formation using electronics. In recent years, few types of OMR research have involved numbered
musical notation (NMN). The existing NMN recognition algorithm is difficult to deal with because
the numbered notation font is changing. In this paper, we made a multi-font NMN dataset. Using
the presented dataset, we use kernel density estimation with proposed bar line criteria to measure
the relative height of symbols, and an accurate separation of melody lines and lyrics lines in musical
notation is achieved. Furthermore, we develop a structurally improved convolutional neural network
(CNN) to classify the symbols in melody lines. The proposed neural network performs hierarchical
processing of melody lines according to the symbol arrangement rules of NMN and contains three
parallel small CNNss called Arcnet, Notenet and Linenet. Each of them adds a spatial pyramid pooling
layer to adapt to the diversity of symbol sizes and styles. The experimental results show that our
algorithm can accurately detect melody lines. Taking the average accuracy rate of identifying various
symbols as the recognition rate, the improved neural networks reach a recognition rate of 95.5%,
which is 8.5% higher than the traditional convolutional neural networks. Through audio comparison
and evaluation experiments, we find that the generated audio maintains a high similarity to the
original audio of the NMN.

Keywords: numbered musical notations; kernel density estimation; bar line criteria; convolutional
neural networks

1. Introduction

Musical notation is a bridge between musicians and music, which can visualize music
so that musicians can perform it. The staff and numbered musical notation (NMN) are the
most widely used types of musical notation. Compared with the staff, NMN has many
advantages, such as being easier to learn and easy to write, which makes it more widely
used than staff, and it plays an essential role in promoting and popularizing mass music
and cultural activities. When composing music, many musicians are accustomed to using
easy-to-write NMN to record the initial creative thinking.

In the information age, the digitization of music information is critical. We need to use
electronics to obtain the information in the score accurately and convert the music language
in the score into the computer language in documents. In the music world, this task is
called “optical music recognition (OMR)” [1], which includes comprehensive techniques
such as image processing and artificial intelligence algorithms to convert the music notes
into machine-readable symbolic format [2].

Regardless of the recognition NMN or staff, the basic framework [3] of optical score
recognition must be followed. They both follow the same image preprocessing and repre-
sentation construction strategy but differ in music symbol recognition [2]. A graph neural
network (GNN) [4] that retrieves a particular representation of a graph has been developed
to detect the staff (melody) lines. For music symbol recognition, a new data-generation tech-
nique [5,6] has been proposed to improve the layout analysis. The study [7,8] described this
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paper’s most important part and retrieved the staff region. Dalit, C. et al., 2008 [9] erased
the staff lines through geometric taxonomy and skeletonization. The article [10-12] high-
lighted handwritten music recognition by using convolutional recurrent neural networks
(CRNN). However, these articles are only dedicated to staff notation.

Most NMN consists of melody lines and lyrics lines. To correctly identify the valid
music symbols in the NMN, it is necessary to separate the melody and lyrics lines and
then make a classification of the symbols in the melody lines. At present, there are few
types of research on the recognition of NMN. An automatic segmentation algorithm [13]
has been proposed with a double-scale descent method to realize simplified image seg-
mentation. However, the authors conducted little research on the recognition of musical
notation symbols. Recognition of numbered notation is realized by using morphological
and geometric features and template matching algorithms. The projection method [14-16]
with a weighted classifier realizes the recognition of the NMN. However, both of studies
use musical notation with one type of font. The work presented here aims to eliminate the
vacancy of research in multi-font numbered musical note recognition.

For multi-font melody line detection, the separation of the melody lines and the lyric
lines is a binary classification problem. Their symbol heights are arranged differently.
Supervised learning-based methods may be impractical, due to the lack of large NMN
line datasets. Thus, the unsupervised learning method is worth considering. Kernel
density estimation (KDE) [17] is an unsupervised probability distribution learning method.
In recent studies [18-20], it functions as a data analyst and classifier. The single KDE
analyst fails to capture the features of data with many details and frequent variations
such as symbols in NMN. Therefore, we propose bar line criteria, a set of statistical rules
incorporating NMN image features that are combined with the KDE method to perform
the separation task (Section 2.5).

The classification of melody line symbols is similar in nature to text recognition
of scanned documents. Convolutional neural networks (CNN) are a common model
for symbol classification. In recent years, many structurally improved CNN have been
designed. In study [21], a faster-regional convolutional neural network was proposed for
text line segmentation and detection. Yin, W. et al., 2016 [22] adopted multichannel variable-
size convolution neural network (MVCNN) to classify English sentences. Improved CNN-
like parallel CNN and deep CNN [23] enable much stronger semantic learning capacity.
Although these networks are better at classification tasks, they cannot accommodate very
diverse input sizes and styles. For the problem of variable symbol size in NMN, we
improve the traditional network structure by adding a spatial pyramid pooling layer. For
the problem of changing symbol types and styles in NMN, we noticed that the symbol
arrangement of the melody line of the musical notation has a certain level and regularity,
and the same level conforms to the style. Based on the above findings, we added a
hierarchical analysis module specially designed for NMN to the network and perform
parallel training on symbols at each level (Section 2.6).

Briefly, our study is dedicated to eliminating the lack of OMR research, which is
scarcely involved in multi-font NMN. We find the difference in the arrangement of symbols
between lyric lines and melody lines in NMN, and therefore proposed KDE with bar line
criteria to separate the lyrics and melody. We carefully analyze the hierarchical features of
symbols in the melody line and improve the traditional convolutional neural network to
solve the identification problems associated with variable symbol size and style in NMN.

2. Materials and Methods
2.1. Background on Numbered Musical Notation

A composer or songwriter expects to be understood in the notation by converting a
coherent composition of rhythm and pitches [24]. Notations attempt to reduce the practice
of composing and playing with rules and ideas. In notations, notes are symbols that record
the pitches and the durations. Pitches are referred to as numbers, dots, and so on. Durations
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are note length, musical rests, bar lines, etc. Time signatures written as a fraction, e.g., 2/4,
are a representation of tempo. Common music symbols are shown in Figure 1 [25].

55— ~ T ~
[ Melody Line P! Lyrics |
| S Line |
|- H

| . |
i| Musical Octave Note Musical Bar Time | ! logts |
l Note Change Length Rest line Signature | | ! 4 i
| !

Numbered Musical
Notation

Figure 1. Common music symbols in NMN.

In Figure 1, musical notes and rests are Arabic numbers. Octave change symbols
are mainly dots. Note length symbols are diverse lines. Time signatures are numbers
and vertical lines whose styles and sizes are different from musical notes. These symbols
form the melody line, which is shown in Figure 2. Lyrics are language words. As we
can see in Figure 2, their positions are right below the melody lines. It can be concluded
that the classification task is difficult due to the extensive types and diverse styles of
different symbols.

Happy Father and Son

1=GT

4 =120 Qiu Yue

(01 76| 5432123 4567 [ 15 10) |56 |53+ |51 43 |
Big head son small head father

2-10 23|27 514 5|43 |1-[1-]6 66 [41[16° |65 |

good and happy friends the father has a small head
33 3|1 55 |53 2l2-]16 |14 6|7725]6-~|
while the E:DH has a big one

5:6 56 | 5 31 |25 /31 [22|1-]6664]| 146 |

a

In flash the son grow up!
5656 | 5431 |25 [31]25[i-[i-[io]
la la la la la la la la la

Figure 2. An NMN example in the dataset.

2.2. Block Diagram

The entire NMN recognition procedure with our proposed method is shown in
Figure 3. An input NMN image example is presented in Figure 2. The NMN image
undergoes processing, segmentation of melody and lyrics, and symbol classification.

2.3. Data Preparation

This article selected 200 complete NMNs of Chinese popular music. There are 10 fonts
for the melody line symbols of the musical score, as shown in Figure 4. The musical scores
are all monophonic, with lyric lines and melody lines. The symbols of the melody lines are
composed of the melody symbols in Figure 1. The notation images are all scanned images,
and the images are clear without tilt. An example is shown in Figure 2.
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Figure 3. NMN recognition procedure.

6|16 6] 6]||¢

Times New  Algerian Arial Black Bodoni MT Vivaldi

Roman
Lucida Fax  Perpetua Nirmala Microsoft Raleway

JhengHe1
Figure 4. The 10 different NMN fonts.

The lengths of all 200 images with different fonts were all adjusted to 800, and the
aspect ratio was kept unchanged during adjustment. All NMN images have been binarized.
In other words, the pixel value of each pixel can only be either 0 or 255. Among the
200 different types of musical notations, we used 180 musical notations in the training
set and 20 in the test set. All our model training and testing were completed on these
200 multi-font NMNSs. In the training set, there are 18 NMNs of each font, and in the test
set, there are 2 NMNs of each font.

Considering that different fonts have a great impact on the experimental results, we
divided the NMN:Ss tested into four batches for subsequent experiments:

Batch 1: One font (Microsoft JhengHei) and two NMNSs.

Batch 2: Three fonts (Times New Roman, Algerian, Arial Black, and Bodoni MT) and
six NMNss.

Batch 3: Six fonts (Vivaldi, Lucida Fax, Perpetua, Nirmala, and Microsoft JhengHei)
and 12 NMNs.
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Batch 4: 10 fonts (all the fonts mentioned in Figure 4) and 20 NMNSs.

It can be seen that the fonts of the melody symbols of NMN are different, and the
styles of the symbols are also different. Whether the symbols are numbers (musical notes),
dots (octave change), or horizontal lines (note length), the style has changed.

In addition, we chose five specific NMN examples as the experimental data for gener-
ated audio evaluation. Their titles, durations, and note numbers are shown in Table 1.

Table 1. Specific information of generated audio evaluation samples.

Title Duration Number of Notes
Dreams 30s 42
Painter 29s 45

Secret 21s 40
Ten Years 29s 51
Edelweiss 24s 42

2.4. Image Preprocessing
2.4.1. Symbols Detection

Projection [26] is an efficient method for the segmentation of NMN lines based on the
alternate applications of the same technique along the x- and y-axes. Let the projection on
the y-axis be Prj;. The calculation method of the dividing line of each line of the musical
notation is as follows:

1 .
ﬂZf‘:_ler]i <e 1)

The position where the average projection value of a certain projection area is close to
0 is the dividing line.

The seed filling algorithm [27] extracts the position and size of each symbol. The basic
process is as follows: when a seed point (x, y) is given, a section in the given area is first
filled on the scan line where the seed point is located in the left and right directions [28], and
the range [xLeft, xRight] is recorded. Then, the upper and lower two scan lines connected
to this segment within the given area are determined and saved in sequence.

Let the parameter in inequality (1) « be 1 and the € be 0.1; then, we obtain the line
segmented NMN. By implementing the seed filling method, we detect the outline of each
symbol; thus, we obtain its position and shape. An example of a symbol detection result
is shown in Figure 5. The outlines of the individual symbols have been detected, and we
have marked them with rectangular boxes.

P S W i TR N i TN i

75 36. 6.|5432 |765 3|

] ) | e— | =]
? 5. @ B E-IEHBE-'E"Q@]E-l

Figure 5. An example of symbol detection results.

2.4.2. Noise Removal

The recognition algorithm in this paper is mainly aimed at the symbols in Figure 1. For
other symbols, we can treat them as “noise”. We can divide this “noise” into three categories.

Obfuscated Symbols

In NMN, some music symbols are not difficult to recognize, but they interfere with the
recognition of other music symbols. We need to remove them in the image preprocessing
stage and assign special semantics to the positions of these “noise” symbols. The most
common such noise symbols are repetitive symbols, whose left or right dots are easily
identified as note dots.
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The two points of the repeated symbol are very close to the vertical line, and the
x-coordinates are the same. Therefore, in the process of seed filling, we record the xleft and
xright of each scan. If i and j in fill space S are repeated, the two points on one side of the

symbol must satisfy:
x= @)
yX; = argmin;cg(xright; — xleft;)

Extraneous Symbols

There is also a “noise” symbol, although it does not affect the recognition of other
symbols, its meaning has nothing to do with the pitch, length, and strength of the sound [29],
such as a breath mark. Such symbols appear very infrequently and can be removed manually.

Special Symbols

In addition, the information contained in some symbols is very important, such as
the key signature (1=C,2=D,3=E,4=F 5=G, 6 =A,7 = B), but it is difficult to
incorporate into the symbol recognition algorithm system that follows. Therefore, we
consider removing it as noise in the image preprocessing stage and recording the semantics
to ensure that the symbol in the audio file information is included. The position of this
symbol in the musical notation is fixed, and we use this position as the initial seed point,
which can preferentially locate special symbols.

In Figure 6, the detected obfuscated symbols are colored orange. The extraneous
symbols are green, and the special symbols are blue. Then, we record their positions and
semantics and remove them.

Where does time fly?

1=F - Chen Xi
L Dong dongdong
4=80 Wang Zhengliang
—~ ~ ~ Extraneous
6323 6|3 13 2-|2 61- 2|3 35 3-|  stmbols
Old tree sprout again Flower blooms  again Lots I:l

556 3-2 |15 3-|§ 13 21 u |§___‘ Special

Symbols

of words are hidden with  hair getting whiter —
163 23 6[312 -|23 65 |65 3-[6 563-2] .
©little hands in memory  cute r"nouth Love from k

Where does time fly?
Chen Xi

Dong dongdong
Wang Zhengliang

6323 6/3 13 2-|2 61 2|3 35 3-|

Old tree sprout again Flower blooms again Lots

556 3-2 [15 3-|6 13 21 71 [6---|

of words are hidden with  hair getting whiter

63 23 6|312 -[23 65 [65 3-|6 563-2|

little hands in  memory cute  mouth Love from

Figure 6. Noise removal diagram.
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2.5. Line Separation

No matter how the form and style of the musical notation change, the symbols that
make up the lyrics and melody in the musical notation must follow two different distribu-
tion rules. Therefore, we can use these two sets of rules as the basis for classification.

The difference in the symbol distribution between the melody line and the lyric line is
mainly reflected in the height. The height data will show more details (recorded as height
density) after being processed by KDE, which can be used as the basis for classification. No
matter how the style of the musical notation changes, in the melody line, the height of the
bar line is always greater than the height of the other symbols, and the height difference
between a portion of the symbols and the bar line remains constant. However, in the lyric
line, there is no symbol whose height is consistently the highest. This feature can be used
as classification criteria in combination with height density data. We call the criteria the
“bar line criteria”. We detail these methods in this subsection.

2.5.1. Kernel Density Estimation

The kernel density estimation method is used to fit the density distribution of the sym-
bol height. The estimated object is the symbol height h, and the independent and identically
distributed samples extracted from H are set as Hy, Hp, ..., Hy. f(h) is the density function

A

that H conforms to, x € R, the estimated value of the probability density function f ()
at point /1 needs to be calculated, and the calculation equation of the probability density

function is: , W H
f(h) = —Xp( Z

nm m

) ®)

where 71 is the number of symbols in one line of the musical notation, m is the window width,
and p is the kernel function. In this paper, a Gaussian kernel function is used, namely:

=k P

p=e 202 (4)

where ||l — h;|| represents the difference between the current symbol height and the i-th
sampling height.

We adopt the asymptotic mean integrated square error (AMISE) to estimate the optimal
window width [17].

AMISE(f) = T| / (bias f (h))2dh + / var f(h)dh] 5)
where T represents the Taylor expansion, and we select the first four terms of the Taylor
expansion, that is, the most important part.
The window width is certified according to Silverman’s bandwidth [30]
s

h = 0.9 x min(&, F) X 1

Q=

(6)

where 0 is the height sample’s standard deviation, n is the sample size, and s is the sample’s
interquartile range.

2.5.2. Bar Line Criteria

The bar line has the largest relative height in the melody line. We add the minimum
value of each line of symbols to the weighted estimate of the maximum and minimum
symbols, which is y, called the bar threshold.

max(H;) — min(H;)
10k

p = min(H;) + peak(—f (i) x )

A

where k is the number of symbols in a line and the peak and (—f (%)) is the negative peak

A

value of f(h).
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Negative peaks describe the abruptness of the sign height. Because in the melody
line the high degree of the mutation of bar lines and notes always exists, if there is no
mutation, it must not be a melody line. At the same time, the mutation value describes
the relative difference in height, and the threshold value can be obtained by adding the
normalized value of the minimum value of the symbol and the maximum height difference
of the symbol. We record the set of y as S.

The melody line requires that S cannot be an empty set. The aspect ratio of the symbol
with the highest relative height Wi,gmay;n; conforms to the aspect ratio of the bar line.
Furthermore, the number of bar lines |Sy,, | is reasonable, less than the number of notes.

S| =1
WargmaxiHi/Hi <1/4 (8)
|Shar‘ < |Skeys|

The NMN line that satisfies the above conditions is the melody line, otherwise, it is
the lyric line. In the subsequent numbered notation recognition process, our recognition
object is the melody line.

2.6. Music Symbols Classification

Our proposed model is shown in Figure 7. The entire model is a structurally improved
version of a CNN, which is specially prepared for the classification of musical symbols in
melody lines. The characteristic of this model is that it adds a hierarchical analysis module
and SPP layer, so we call it H-SPP-CNN.

Overall Structure

Melody
Lines

Hierarchical
Analysis
Module

Class2 it Classified
Symbols

Specific Structure of -
Specific Structure of N Specific Structure of

Conv: Convolutional Layer
Max-pool: Max-pooling Layer

SPP: Spatial Pyramid Pooling Layer
FC: Fully Connected Layer

Figure 7. The structure of the proposed H-SPP-CNN.
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To begin, the symbols in the melody lines are divided into three categories through the
hierarchical analysis module (see Section 2.6.1). We name these symbols Class 1-3. Given
that the majority of symbols in Class 1-3 are various kinds of arcs (a form of note length
symbol), notes, and lines (see Figure 8 as an example), we design three parallel CNNs
and name them Arcnet, Notenet, Linenet, respectively. The motivation of this design is
that each symbol’s size and style change too much to learn all the features with a simple
improved CNN, but after the hierarchical analysis module, the internal differences of each
type of symbol are smaller, and the training of “difference” in each type of symbol can
ensure better model learning results. We summarize the recognition results of each CNN
network with the softmax probability as the final recognition probability.

All melody lines of 10 fonts in the training set defined in Section 2.4 flow into the
hierarchical module, which is the input entry of the improved CNN. The three parallel
CNN s are trained independently, taking the hierarchically analyzed symbols as inputs.
Every symbol is labeled in advance. The specific structure of each CNN is shown in Figure 7.
The convolution kernel size of the convolution layer is five, the convolution kernel moving
step size is one, and the pooling method selects max pooling. The number of layers for
spatial pyramid pooling is set to three. The training epoch is set to 10, the batch size is set
to 50, and the learning rate is set to 0.001. Using the Adam optimizer, the cross-entropy
function is the loss function. The symbol recognition task in NMN is similar to a document
recognition task. The symbols are small, and the color is black or white. Therefore, we
refer to the optimal parameter setting method in the document recognition paper [23]. This
parameter-setting method fits the documented scene and has a good learning effect. Notice
that Notenet is deeper than Arcnet and Linenet, because Class 2 has slightly more symbolic
features than the other two classes. All three CNNs have joined the SPP layer, which we
will explain in Section 2.6.2.

2.6.1. Hierarchical Analysis Module

In contrast to staff notation, the hierarchical structure of the melody lines in NMN is
more obvious. Jiang, Y. [14] realized the hierarchical definition and mathematical expression
of symbols according to their position and size.

Note that the ordinate of the lower end of the symbol is y,, the ordinate of the lower
end of this line is y;, and the height of the bar line is ys... The symbols can be divided into
three classes.

Class 1

Ya—Yp = Ysec X 2/3 )

The first type of symbols include tuplets, repeated jump symbols, high-octave origin,
and so on.
Class 2
Ya —Yp < Ysec X 1/3 (10

The second category of symbols include symbols such as the lower octave origin,
eighths, sixteenths, thirty-second note lines, etc.
Class 3
Ysee X 1/3+€ < Ya—Yp < Ysec X 2/3 € (11)

We set € in Equation (11) to imagewidth /1000. Symbols that do not meet the conditions
of the first and second types of symbols are the third type of symbols, such as ascending
and descending signs, numbers, rests, brackets, and so on. Figure 8 is an example of the
NMN melody line after hierarchical analysis.

______ z-_\ . __________:'-_\_“““-_““ e _________f\____________ __Classl
6323 6|3 13 2-]2 61- 213 35 3-| clas2
Class3

Figure 8. An example of NMN melody line after hierarchical analysis.
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2.6.2. SPP Layer

Traditional CNN with a hierarchical analysis strategy requires fixed-size symbols and
images. Artificial resizing may reduce recognition accuracy. Therefore, we add a spatial
pyramid pooling (SPP) layer into the neural network, which can generate a fixed-length
representation regardless of image size/scale [31].

The SPP layer is vivid, essentially maintaining a window, increasing it with a certain
step size, pooling the convolutional features, and then increasing the side length. After
adding the SPP layer, if the size of the input image changes, the vector size of the fully
connected layer remains unchanged after mapping by the SPP layer so that the output
result can be obtained smoothly. The SPP layer constructs the convolution kernel with the
idea of multiplication. Let the multiplication object be Lv and the input image size be (1, w).
Then, the size of the convolution kernel is:

Hiernel = [H-‘ (12)
Weernel = {%rl
The padding area size is:

Hpadding = [Hkmd én_h+1~| (13)
Wpadding = [kae} ><2n—w+1-|
where 7 is the number of pools. The parameters of the SPP layer are Lv in Equation (12)
and the pooling type. Because the symbols are small, that is, the input size is not big, if the
Lv is too high, the kernel will be too small. IF Lv is too low, the kernel will leave redundant
information when it is too large to pool, so we set the value of Lv to 3. Notenet input
symbols have no background characteristics, so pooling is better with max pooling [23].

In the CNN shown in Figure 7, the SPP layer is inserted after the convolutional layer.
Although the input Notenet symbols vary in size, a fixed-size full-join vector (vector size
set to 15) is output after the SPP layer, which solves the problem of different input sizes for
NMNs based on mathematical ideas rather than manual operations.

The addition of the SPP layer means that the depth of the model increases and there
is a possibility of overfitting. To solve the problem of overfitting, we use the dropout
method [32]. In deep convolution networks, dropout can effectively alleviate the occurrence
of overfitting and achieve a regularization effect.

2.7. Evaluation Metrics

The evaluation metric of the melody line and lyric line separation experiment is the
recognition accuracy of the melody line. The number of melody lines of the NMN is
denoted as N, and the accurately recognized melody behavior is denoted as M. Then,
Melody recognition accuracy (MRA) is:

MRA = % x 100% (14)

The evaluation metrics of the symbol classification experiment are classification ac-
curacy. Let the total number of hierarchical class; (hierarchical classes are annotated in
Figure 8) symbols be n;, and the number of correct judgments be m;. The accuracy is
«;, then:

m;
w; = — x 100%. (15)

nl

After summarizing the internal recognition results of various symbols, we record the

total recognition rate as a*. Because the total number of symbols remains unchanged after
hierarchical analysis, the total recognition rate is calculated as:
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3
T v3

i=1Mi

n x 100% (16)

All of the metrics above regard the probability of correct symbol recognition but do
not analyze the probability of wrong symbol recognition. It is not objective to directly
depict the wrongly identified symbols with a percentage of accuracy. For users, it is not
objective enough to evaluate the recognition result of NMN only by the recognition rate of
each symbol. The final recognition result of NMN is a reconstructed and encoded MIDI
audio file of each melody symbol. We need to compare the similarity of the NMN’s original
audio file with the generated audio file from the user’s point of view. The error value of the
generated audio compared with the original audio is taken as the measurement standard
of the number of false identifications.

We define several evaluation indicators of error [33], and the weight of each evaluation
indicator is w;, the overall number of notes is | Notes|:

1. High Impact Note

High impact notes (denoted as HN) are the most frequent notes in NMNs, such as
the root note. Recognition error of high impact notes will affect the overall melody, so the
weight of its evaluation is relatively large; we set it to be nine.

2. Low Impact Note

Low impact notes are less frequently occurring notes in NMN and notes with short
duration. We set its weight to four and denote it as LN.

3. Duration of HNs

The duration of HNs is not too short, and the frequency is not too low. The duration
of a quarter note can be used as a unit. We set its weight to five and record it as DHN.

4. Duration of LNs

Contrary to HNs, LNs should not appear too frequently and should not last as long.
We take the time range of the 8th note as the unit, and set its weight to five, abbreviated
as DLN.

The total error between the original audio and the generated audio is denoted as
E, then:

E = (w1HN + wp,LN + w3DHN + wyDLN) /| Notes| (17)

We asked music experts in the project team and interviewed eight music major stu-
dents. Expert scoring is conducted for our audio metrics to determine the upper bounds
of weight and evaluation. The weight distribution has been given. For the design of the
upper bounds, we can conclude that for audio with a speed of 80 bpm and a duration of
more than 20 s and less than 30 s, the audio with an E value below 0.5 has a better recovery
effect, and the audio with an E value below 0.3 has an excellent recovery effect and a very
small error rate.

3. Results

The experiments were run on a computer with 11th Gen Intel Core i5-1135G7 @
2.40 GHz quad-core CPU and 16 G memory, and the running platform was Anaconda
Python 3.9.

3.1. NMN Line Segmentation Results

We randomly selected a line of melodies and lyrics from an NMN in the multi-font
NMN dataset, and its height density function is shown in Figure 9.
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Figure 9. Height kernel density from a random NMN line in our dataset.

As we can see, symbols with high heights in melody lines have a greater density, and
symbols with high heights in lyric lines have a greater density. This is because symbols
with low heights, such as the midpoint and line of the melody line, occur frequently and
there are very few such symbols in the lyric line. There are more symbols with relatively
high heights in the lyric lines, but fewer symbols with high heights such as bars in the
melody lines.

In this experiment, the baseline vertical projection method (baseline), the KDE with
the bar line criteria method (KDE + BC) proposed in this paper, and the criteria without
KDE (BC) were used to separate lyrics and melody.

The test data are all described in Section 2.3. The experimental subjects were 2 NMNs
with the same font, 6 NMNs with 3 fonts, 12 NMNs with 6 fonts, and 20 NMNs with all the
fonts in the test set (10 fonts). We refer to each subject by the number of fonts in the musical
notation (1 font, 3 fonts, 6 fonts, 10 fonts). Table 2 reflects the MRA values for various cases.

Table 2. MRA of segmentation of melody lines and lyrics lines.

Methods 1 Font 3 Fonts 6 Fonts 10 Fonts
Baseline 97.9% 90.6% 88.5% 79.4%
KDE + BC 99.3% 92.7% 91.3% 89.5%
BC 97.3% 88.4% 87.5% 80.9%

Table 2 shows that when there was only one font, the MRAs of the three methods were
all very large and remain above 97. When the number of NMN fonts increased, the MRA
values of the three methods all decreased, but the MRA of the baseline method and BC
method decreased significantly, showing a landslide decline. In the case with 10 fonts, they
were 11.2 and 7.5 lower than that with 3 fonts, while the KDE+BC method dropped by 3.2,
and the stability is much greater than the first two methods.

We performed deeper analysis in the 1 font experiment and tested all 10 types of
fonts in the dataset. The MRA values are shown in Figure 10. The MRA of Microsoft
JhengHei is the highest, while Vivaldi is the lowest due to its uncommon style. Therefore,
the recommended font of printed NMN for OMR is Microsoft JhengHei.
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Figure 10. MRA in the condition of specific fonts.

3.2. Symbol Classification Results

We used 20 NMNs with all 10 fonts (defined as Batch 4 test set in Section 2.3) as symbol
classification validation data. We compared the H-SPP-CNN proposed in this paper with
the traditional CNN model. At the same time, it is compared with some improved CNNSs,
such as dilated CNN (DCNN) [34] and tiled CNN (TCNN) [35]. We adjusted the size of
input symbols to be identical for training the TCNN, DCNN, and naive CNN. At the same
time, we added the hierarchical analysis module (H-CNN, H-DCNN, H-TCNN) proposed
in this paper in front of these classifications for comparative experiments. Models without a
hierarchical analysis module are simply a single CNN classifier that uses all of the symbols
in the melody lines without analyzing them in advance.

After adding the hierarchical analysis module, each classifier’s learning characteristics
were reduced, and thus the recognition rate was improved. After the traditional SPP-CNN
model was added to the hierarchical analysis module, the recognition of bar lines increased
by 15.1%, and the recognition rates of difficult-to-recognize numbers and lifting /reduction
symbols increased by 10.2% and 5.5%, respectively.

We find that for symbols with few features and simple structures (such as dots), the
recognition rate of the classifier is higher than for other symbols. Although the recognition
rate of deep convolutional network methods such as DCNN and TCNN was improved to
some degree, it only remained at around 80%. Although there were some improvements in
many places such as the convolutional layers, the problem of feature extraction caused by
different input image sizes has not been solved. We used the SPP-CNN model to solve this
problem, making the recognition rate of dots and digital symbols greater than 90%.

The three parallel networks (Arcnet, Notenet and Linenet) were tested independently
with the Batch 4 test set. First, we attempted to test the network without the hierarchical
analysis module and used the CNN architecture and the SPP-CNN architecture. Then,
we added the hierarchical analysis module to perform the comparative experiment. We
combine the results of these three parallel networks to calculate the a* in Equation (16).

As seen in Figure 11, after adding the SPP pooling layer, the recognition of each class
and all symbols was increased, indicating that SPP-CNN is suitable for this recognition
task with diverse fonts and different sizes. After adding the hierarchical analysis module
proposed, the recognition rate of each class was further improved, indicating that the
hierarchical idea in this paper is helpful for the accurate recognition of various symbols in
NMN. Furthermore, the recognition rate of all symbols in Figure 10 is a reflection of the
effect of the joined decision by concatenation of the results in each hierarchical class. The
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decision helps compromise the result of each hierarchical class with a high recognition rate
of over 95% in general.
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Figure 11. Recognition results of each class and all symbols.

3.3. Audio Evaluation

Five MIDI audio files (specifically explained in Section 2.3) generated by NMN were
used as experimental objects. The experimental results are shown in Table 3.

Table 3. Audio evaluation results.

NMN Title HN LN DHN DLN E
Dream 2.4% 0 4.8% 0 0.452
Secret 0 2.5% 2.5% 5.0% 0.475
Painter 0 4.4% 0 4.4% 0.4
Edelweiss 0 0 5.0% 0 0.25
Ten Years 0 2.0% 4.0% 0 0.275

It can be seen from the experimental results that although various types of errors
rarely occur due to symbol recognition errors, there is no large-scale impact on the sense
of hearing. According to the evaluation threshold specified by experts, the E value of all
audio files is below 0.5, and the error recognition rate is up to standard. The E value of the
two audio frequencies is less than 0.3, the error rate is very small, and the error caused by
the error recognition has little impact on the overall hearing sense. This shows that the
generated audio has high similarity to the original NMN audio, and the recognition result
is apparently acceptable.

4. Discussions

In our present study, we focus on the recognition of multi-font NMN. A multi-font
dataset was made for training and testing. We used kernel density estimation to perform
unsupervised learning on the symbol height data according to the arrangement of symbols
in melody lines and lyric lines. Based on the analysis, bar line criteria are proposed, which
realize the classification of melody and lyric lines. In addition, we adopted the hierar-
chical spatial pyramid pooling convolutional neural network (H-SPP-CNN) to recognize
the melody notes of diverse shapes and styles. The experimental results show that our
line segmentation algorithm outperforms the baseline projection methods and single BC
method. Our H-SPP-CNN exhibits higher recognition accuracy than other structurally
improved CNNs. What is more, the recognition results are encoded into MIDI files. Re-
sults have proven a high similarity between the original music and generated MIDI files.
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This shows that the method proposed in this paper can identify adequate music infor-
mation in the musical notation and encode it into an audio file with a small error as the
identification result.

The proposed KDE with BC method performs better because the baseline and BC
methods do not use KDE to estimate the trough but indirectly or directly distinguish the
melody line from the lyric line by counting and comparing the absolute value of the symbol
height. This idea can obtain an accurate division basis when there is only one font, but in
the case of diverse fonts, the relative value of the symbol height is no longer presented
in a uniform data distribution. For example, Nirmala fonts and Lucida Fax fonts have
different relative heights of numbers and bar lines, and discrete statistical methods are
difficult to adapt to this situation. The KDE method can solve this problem. The estimated
trough value can reflect the highly abrupt change. This feature always exists no matter how
the font changes. After synthesizing this feature, the stability of the MRA value has been
significantly improved.

The symbol classification results are optimized, because the H-SPP-CNN uses a combi-
nation of improvements at the micro and macro levels. At the macro level, multi-font NMN
has many types of symbols and great changes in style, but the arrangement of symbols
has certain rules and a clear sense of hierarchy. On the macroscopic basis of hierarchical
analysis, employing three parallel CNNs for training and testing is theoretically superior
to a single structurally improved CNN. The results in Table 4 and Figure 11 have proven
our assumption. Therefore, at the macro level, we adopt the idea of “divide and conquer”
to solve the identification problem. At the micro level, the main variation in the symbol
images is in terms of style and size. Other improvement algorithms are more capable of
capturing style features but cannot fit the extremely various input size. The SPP, which
rarely occurs in document word classification, is right for solving this problem. So, there is
an apparent increase in recognition accuracy Table 4.

Table 4. Symbol classification comparison test results.

Symbols

Method Bar Lift/Restore Tuplet Length Marker Cease Dot Number
CNN 78.5% 80.1% 69.4% 75.3% 72.9%  85.1% 86.1%
TCNN 79.2% 80.4% 70.9% 76.1% 73.2%  86.4% 88.4%
DCNN 78.1% 83.7% 79.4% 76.8% 724%  88.2% 85.2%
SPP-CNN 80.2% 81.9% 86.7% 82.8% 79.6% 91.1% 92.1%
H-CNN 85.5% 89.9% 94.4% 90.3% 87.9%  90.6% 85.9%
H-TCNN 91.7% 89.3% 92.4% 88.5% 92.3%  93.9% 87.4%
H-DCNN 92.4% 90.9% 88.7.4% 94.5% 88.4%  92.6% 92.8%
H-SPP-CNN  95.3% 93.7% 96.9% 92.7% 94.1% 95.4% 97.6%

The macro and micro perspectives are integrated to make considerable progress in
OMR types of research. However, our study had limitations, as our research focuses on
printed NMN and the common symbols in them. In real life, NMN images are not so
idealized. In the future, we will consider more objective changes in NMN images and go a
step further.
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