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Abstract. Learn to read and understand a music sheet, then play it on a musical
instrument are difficult tasks to most beginner music learners. This motivates the
authors to propose Virtual Music Teacher, a system to assist beginner music
learners in their learning process. By applying our proposed lightweight Optical
Music Recognition algorithm to scan and recognize a music sheet, then combine
with sound classifying technique, the proposed system can learn what note to be
played next, then help a music learner to play it correctly. The experimental results
on the dataset consisting of 15 musical scores for beginners show that the
proposed system can classify with precision up to 99.9 % using multiple SVM
classifiers approach, whereas the sound classifying technique using Fast Fourier
Transform can classify note’s pitch recorded from a piano with precision up to
95.71 %. The system is implemented as an application on mobile devices and can
be used to assist a music learner to play not only piano but other musical instru‐
ments as well.

Keywords: Optical music recognition · Note’s pitch recognition · Virtual music
teacher

1 Introduction

It is difficult for a beginner music learner to read a musical score sheet, then to recognize
a musical note, i.e. its pitch according to its position on staff lines and its duration estab‐
lished by its note head, stem, and flag. In class, a teacher helps new learners to identify
and to play notes in a musical score sheet. However when music learners practice at
home, there is no one to warn them when they read or play wrong notes. Therefore, it
is necessary to have helpers to notify learners when they make mistakes and assist them
in recognizing what musical notes to play next, even when they are practicing by them‐
selves at home, without any teachers.

Although there are different games and utilities in computers or mobile devices to
teach or support users to learn playing music, these applications mainly provide lessons,
games, or exercises with fixed contents or scenarios. Thus, it would be more efficient
for users to have real-time guidance adapting to their current practice on real musical
instruments. This motivates us to propose Virtual Music Teacher, a system to assist
beginner pianists in their learning process to play piano. Our proposed system can also
be adapted to assist music learners to play other instruments.
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Our proposed Virtual Music Teacher system has two main useful features for new
music learners. First, it can recognize musical notations from regular printed musical
score sheets, then speaks out which note to be performed next. Second, it records sound
performed by the learner in real-time, recognizes which note is played, checks with the
recognized note in the musical score sheet, and give warnings to the learner if he or she
plays a wrong note.

The main contribution of this paper is that we propose our idea to apply optical music
recognition (OMR [1] ) and sound recognition to develop a Virtual Music Teacher
system to assist new music learners. We propose an improved version of our light-weight
method for optical music recognition [2] to recognize musical notations in musical score
sheets with high accuracy and low computational cost. Besides, we also utilize a simple
method based on Fast Fourier Transform (FFT) to efficiently recognize musical notes
from audio recorded in real-time from a piano at difference distances.

We conduct experiments for our proposed OMR algorithm with 15 musical scores
for beginners to play piano and our method achieves precision up to 99.9 % using
multiple SVM classifiers approach. Then we also conduct experiments for musical note
classification from audio recorded in real-time from a piano and the precision is up to
95.71 %. With these promising experimental results, our method and its implementation
on mobile devices can be used to assist new music learners in their studying and practice
to play piano as well as other musical instruments.

The content of this paper is as follows. In Sect. 2, we briefly review related methods
of optical music recognition. Section 3 presents the overview of our proposed Virtual
Music Teacher for new music learners. The detailed information of our proposed method
to recognize a music sheet is presented in Sect. 4 whereas our method to recognize
musical notes based on audio is discussed in Sect. 5. Section 6 shows experimental
results for optical music recognition and musical note recognition from audio. Conclu‐
sions and future work are discussed in Sect. 7.

2 Background & Related Works

There are various applications on computers or mobile devices to help users to learn
how to play musical instruments. These applications usually provide lessons or games
to assist users in learning to play music. Several applications also allow a user to practice
with audio or visual hints on a virtual musical instrument, such as a virtual keyboard of
a piano. However, existing applications do not provide real-time warnings or hints
corresponding to the real context when a music learner is practicing on a real musical
instrument.

To realize our idea of a virtual music teacher with useful warnings and hints in real-
time, the first task is Optical Music Recognition (OMR), i.e. to recognize all music
symbols in a score sheet. In late 1960 s, Pruslin [3] and Prerau [4] initiated the first steps
into the field of OMR. Initially the main objective of OMR is to preserve musical scores
and to help music composers to digitalize music sheets into machine-readable format.
However, OMR can also be applied to develop a system that can automatically perform
a song directly from a musical score sheet [5].
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Although there are different OMR methods, they usually follow a common
process. After necessary pre-processing steps, staff lines should be removed before
music symbols are extracted and classified with a particular classification method.
We inherit this common process in our proposed method [2] and its enhanced version
in this paper.

Various classification methods have been proposed to recognize music symbols
extracted from a musical score. Template matching is among the first and simple
approaches for music symbol recognition [6,7]. Other techniques in machine learning
are also used to process music symbols, such as Hidden Markov Model [8], Support
Vector Machine [9], or Neural Network [9]. In our proposed method [2] and its enhanced
version, we also use Support Vector Machine (SVM) as the main tool to classify a
musical notation. However, we do not use a single SVM classifier but we train multiple
classifiers and combine the outputs of them to determine which class a musical notation
belongs to. By this way, we can boost the overall accuracy of our method.

3 Proposed System

Figures 1 and 2 illustrate the overview of the two main processes in our proposed Virtual
Music Teacher, including the musical score recognition process to give hints and the
sound recognition process to give warnings to music learners, respectively.

Fig. 1. Overview of musical score recognition process to give hints to music learners

Fig. 2. Overview of sound recognition process to give warnings to music learners

In Fig. 1, a regular printed musical score sheet is captured by a regular camera. Musical
notes and notations are recognized by our proposed light-weight OMR algorithm. Hints are
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spoken out by a speaker corresponding to a recognized note so that a learner knows which
note to play next.

In Fig. 2, when a learner is playing a music lesson, his or her performance is recorded
and processed in real-time to recognize which note is performed. The note recognized
from recorded audio is compared with the expected note recognized from music sheet
to verify if the learner plays the correct note. If the learner plays a wrong note, a warning
is generated and notified to the learner via a speaker.

4 Light-Weight Optical Music Recognition Method

We follow the common framework for recognizing musical notes to propose our light-
weight OMR method [10]. Figure 3 shows the preprocessing and recognition phases of
our OMR method.

Fig. 3. Proposed framework for preprocessing and recognition phases in OMR

In the first phase, staff lines are removed after the binarization step. We simplify and
apply the Stable Paths approach for this step [11]. We also suggest a method to simplify
the complexity of the symbol segmentation step based on the idea in [11]. In the music
symbol recognition stage, we suggest a new way for representing music symbols by
using grids of  cells and apply multi-lightweight SVM classifiers for classifica‐
tion of this type of features.

The system is the enhanced version of our method in [2]. In the enhanced version,
staff lines detected are used for filtering out the noise symbols. The removing staff lines
process is also improved with a method to avoid breaking the symbols apart. One other
improvement is to use the symbol beams detected to deduce the note’s type.

4.1 Preprocessing

Binarization.
The binarization algorithm proposed by Otsu [12] is suggested to separate the image

of the score into foreground and background. Otsu’s method is a global binarization
algorithm, thus for image with dark and white areas, the algorithm is likely to fail.
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However, music learners who use the system for their training, is required to take a clear
picture of the musical score. Hence the score’s image is always expected to be clear
without dark areas. As a result, only using Otsu’s global binarization algorithm still
brings satisfactory results in this step.

Staff Lines Detection and Removal:
Staff lines detection:
It is necessary to detect and remove staff lines from music sheets, since they overlap

with music symbols and make the segmentation and classification step become difficult.
By detecting staff lines’ positions, the results can be used to determine the pitch of any
musical notes. Moreover, staff lines’ positions can also be used for validating the presence
of other music symbols (i.e. any symbols that are far from the staff lines will be ignored as
there is a high possibility that they are the lyrics, titles… or any unused data in the score).

One existing algorithm to detect staff lines is using Hough Line transformation [13]
to detect all lines in the image. However, the authors suggest using a simplified method
based on the Stable Paths approach [11]. The approach’s idea is to build a graph for the
musical score. Every pixel in the score is represented by a vertex; and if 2 pixels in 2
consecutive columns are adjacent to each other, then there exists an edge connecting the
2 vertices. Every edge in the graph is assigned with weight based on the following rule:
initially, each edge is given with weight equal to 2; if the 2 pixels of the edge are diag‐
onally adjacent, the weight is incremented by 1; after that, the edge’s weight is incre‐
mented by a value equal to the number of white pixels in the 2 of them. The graph is
successfully built, and staff lines’ position can be detected by finding the shortest paths
from the first to the last column of the image.

The problem of finding the shortest paths from the first to the last column can be
solved using dynamic programming. Let  be the pixel on row i and column j of
the image,  be the cost of the shortest path that starts from a pixel in column 1 and
stops at , and  be the weight of the edge connecting  and . 
is calculated using the following recurrence:

The value of the shortest path is the minimum value in the last column of F, and the
shortest path itself is the staff line.

The algorithm’s time complexity is high, since after one path is found, that staff
line is removed from the score and the graph is rebuilt to find the next staff line. For
instance, there is a large computational cost to run the algorithm 20 times to find 20
staff lines in a 1000 by 2000 music sheet. Hence, this problem leads to the idea of the
Stable Paths approach [11]. The idea is as follows: let cols be the number of columns
in the image; let the end pixel of the shortest path starting from  (an arbitrary
pixel in column 1) be , then if the start pixel of the shortest path ending at 

 is , we say the path from  to  is a stable path.
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Thus, it is possible to find all staff lines at once by finding all stable paths in the
graph. However, it is necessary to validate the staff lines by calculating the percent
of black pixels lie on the paths (the threshold value is taken as 70 % by the authors).

Staff lines removal:
After detecting all staff lines in the musical score, it is not obvious to simply remove

them by assigning them with white pixels, because this will cut through the music
symbols and divide them into smaller different parts. Thus, the authors propose a simple
idea: for every black pixel p belongs to a staff line, we find the 2 nearest white pixels
above and below it on its column; if the distance between the 2 pixels is less than a
threshold value (taken as staffLineHeight + 1 by the authors), then the pixel is assigned
with white pixels to remove it from the score. This method is to prevent removing pixels
that both lie on staff lines and music symbols (Fig. 4).

Fig. 4. Successfully remove staff lines when the musical score is inclined

Symbols Segmentation:
It is possible to collect all connected components of black pixels in the image after

removing staff lines, then treat them as each individual music symbol for classifying in
the next step. However, there is a case when multiple quarter notes are connected by
beams, leading to a component consisting of several notes. Thus, beams need to be
detected to split the component into different notes, and to convert the notes into appro‐
priate notes (i.e. quarter note connected with 2 beams becomes sixteenth note, etc.).

The authors suggest using the idea of beam detection from [11]. Firstly, stems
connecting beams and noteheads are removed from the component. The stems are
detected by finding long vertical run-length of blacks pixels with length larger than a
threshold ( ). After that, connected components are found again on
the component. The beams will be the components with height less than 

, width over , and
are connected with stems (the values are taken experimentally).

The remaining connected components are extracted out after the beams are removed.
The components are considered as music symbols to go through the next step of clas‐
sification (Fig. 5).
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Fig. 5. Process of detecting and removing beams

4.2 Music Symbol Recognition

For each music symbol segmented, the objective is to classify it into the correct class of
symbol. Support vector machines algorithm is used as the classifier for this step. The
approach of using SVM classifiers is based on the method that is applied in [2]. There
are 2 processes in the classification step, the training phase and the classification phase
(Fig. 6).

Fig. 6. Examples of representing music symbols by grids of  cells

Before working on the training and the classification phase, it is necessary to convert
music symbols into feature vectors. As each symbol has different height and width
compared with the others, the next step is to represent music symbols by grids of the
same size . For each symbol of size  (W – width, H – height), the image
of the symbol is divided into grid of size . For each cell ( ) in the  grid,
the cell is assigned with color black or white depending on the higher number of black
or white pixels in the corresponding cell (i,j). The grid is then converted into a 1-dimen‐
sional feature vector with size . The feature vectors of all music symbols
are then used as training and testing data for the SVM classifier.

Given an image of a music symbol, the SVM classifier will find the class with the
highest probability that the music symbol belongs to. However, the precision result
achieved using one SVM classifier is not high as expected. Thus, the authors propose
to apply a new method of using multiple SVM classifiers to train and classify in order
to improve the accuracy on the classification problem. In general, a number of k SVM
classifiers are trained with only a proportion of samples data (instead of all of the data
for a single classifier). When classifying a music symbol, the class that the majority of
SVM classifiers predict is chosen to be the result class.

Several connected components extracted from the previous step are not music symbols
but noise. The noise can be filtered out by finding the distance between each component to
the nearest staff line. If the distance is larger than , then the compo‐
nent is considered as noise and it is removed.
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After recognizing all music symbols in the score, the notes are sorted by their coor‐
dinates to figure out the order to play the notes. The coordinates of the symbols combined
with the positions of the staff lines help to deduce the pitch of the symbols.

5 Recognize Music Notes Based on Audio

The authors aim to serve and help beginner music learners to lean and practice music,
thus the system is only developed for using with music sheets consist of the following
fundamental music symbols: quarter note, eighth note, half note, whole note, flat, sharp,
and natural. As beginner music learners usually practice with one hand, the authors only
conduct experiment on notes belonging to 2 octaves C4 and C5.

In order to recognize the musical note’s pitch from a given audio file, the authors
conduct recording sound of each note’s pitch. Each note’s pitch is recorded 5 times, as
there are 2 octaves with 12 pitches per octave, we have 120 recording files in total. After
having recorded, the authors reduce the noise and use Fourier Transform algorithm to
convert sound waves into frequency [14]. Then, the authors base on the highest peak of
frequency in order to distinguish and identify the note’s pitch (Fig. 7).

Fig. 7. Every note’s pitch has a unique highest peak of frequency
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The authors decide to use Fourier Transform because the experimental results show
that 100 % notes that have the same pitch will produce the same highest peak of
frequency, and the highest peak of frequency is distinguishable between different note’s
pitch. This dataset is used for the system to recognize new input note’s audio (Fig. 8).

Fig. 8. Frequency of pitches [15]

6 Experiments and Implementations

6.1 OMR

Experimental results on the dataset consisting of 4929 music symbols taken from 18
modern music sheets in the Synthetic Score Database [16] show that our proposed
method is able to classify printed musical scores with accuracy up to 99.56 % using 11
SVM classifiers trained on 80 % sample images [2]. However, as the authors only aim
to develop the system for beginner music learners, the system is tested on a new dataset
consist of 15 simple music sheets for beginners using the same number of SVM classi‐
fiers and proportion of samples data (11 SVM classifiers and 80 % samples). As the new
dataset is more simple compared to the Synthetic Score Database, the accurarcy acquired
becomes higher: 99.9 % precision and 98.34 % recall.

6.2 Recognize Note’s Pitch Based on Audio

The authors propose experiments to test the accuracy of the recognition step in the case
the recording environment has noise and the recorder is placed far from the player.

Our experiment is conducted by recording multiple times the performance of a music
learner. The records are taken from different angles, distances, relative to the position of the
player (the record even has noise and errors made by the player when he/she mistakenly
plays 2 notes at the same time). After that, the authors test the accuracy of the system by
playing each record and take note of the result returning from the system everytime it
listens to the sound of a note. More specifically, when the system hears the sound of a note,
the system will analyze the sound wave and use Fourier Transform algorithm to get the
sound frequency and compare it with its dataset. The frequency data in the dataset that
looks closest to the new input audio is returned as the result from the system.

Virtual Music Teacher for New Music Learners 423



There is one problem in the case that the player plays 2 notes at the same time. This
leads to the frequency graph having 2 peaks with the same height (each peak for one
note’s pitch). However, the algorithm only chooses the highest one, because the system
is unable to know when the player makes mistakes. Hence, the system may output the
wrong note in this case. The problem is illustrated in Fig. 9.

Fig. 9. There are 2 highest peaks when the player plays 2 notes at the same time

The experiment is conducted on a musical score consists of 42 musical notes,
including 36 quarter notes and 6 half notes. The performance of the player on this musical
score is recorded five times with the distance between the recorder and the player as
follows: two times on the left and two times on the right, with the distance of 0.25 m
and 0.5 m, one time in the middle with the distance 0.25 m. In 210 notes played by
different beginner piano players, only 9 notes are recognized incorrectly, yielding the
accuracy of the experiment to be 95.71 %. All the incorrect cases are due to a player
presses on two or more keys on the keyboard at the same time.

Fig. 10. System implementation on mobile devices
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6.3 Implementation

We implement our proposed Virtual Music Teacher in two versions. Beside the initial
prototype with a regular laptop with a webcam and a speaker, we also develop our system
on mobile devices. Figure 10 shows the main processing components of Virtual Music
Teacher implemented on a mobile device. A new music learner can simply use a mobile
device to capture a regular printed music lesson via the built-in camera, then our system
recognizes music notes, generates hints via the built-in speaker, records sound via the
built-in microphone, recognizes notes in recorded sound, and generates warnings via
the built-in speaker.

7 Conclusion

Our Virtual Music Teacher system is appropriate to assist new music learners in the very
first step to study music and play musical instruments. Lessons for beginners are usually
easy with simple notes and notations. This ensures that our proposed method OMR can
provide high accuracy to give hints for a music learner to play. Furthermore, such lessons
are usually in nearly monotonous rhythms with slow tempo. Thus, the sound recognition
process to give warnings to music learners can perform well in audio segmentation and
note recognition.

We will continue to integrate the augmented reality feature for smart eyewares to
show hints as real-time highlights on the keyboard of a piano to further support to a
music learner on playing correct keys.
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