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Abstract For centuries, music has been shared and remem-
bered by two traditions: aural transmission and in the form
of written documents normally called musical scores. Many
of these scores exist in the form of unpublished manuscripts
and hence they are in danger of being lost through the nor-
mal ravages of time. To preserve the music some form of
typesetting or, ideally, a computer system that can automat-
ically decode the symbolic images and create new scores is
required. Programs analogous to optical character recogni-
tion systems called optical music recognition (OMR) sys-
tems have been under intensive development for many years.
However, the results to date are far from ideal. Each of the
proposed methods emphasizes different properties and there-
fore makes it difficult to effectively evaluate its competitive
advantages. This article provides an overview of the literature
concerning the automatic analysis of images of printed and
handwritten musical scores. For self-containment and for the
benefit of the reader, an introduction to OMR processing sys-
tems precedes the literature overview. The following study
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presents a reference scheme for any researcher wanting to
compare new OMR algorithms against well-known ones.
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1 Introduction

The musical score is the primary artifact for the transmis-
sion of musical expression for non-aural traditions. Over the
centuries, musical scores have evolved dramatically in both
symbolic content and quality of presentation. The appear-
ance of musical typographical systems in the late nineteenth
century and, more recently, the emergence of very sophis-
ticated computer music manuscript editing and page-layout
systems illustrate the continuous absorption of new technolo-
gies into systems for the creation of musical scores and parts.
Until quite recently, most composers of all genres—film, the-
ater, concert, sacred music—continued to use the traditional
“pen and paper” finding manual input to be the most effi-
cient. Early computer music typesetting software developed
in the 1970s and 1980s produced excellent output but was
awkward to use. Even the introduction of data entry from
musical keyboard (MIDI piano for example) provided only a
partial solution to the rather slow keyboard and mouse GUIs.
There are many scores and parts still being “hand written”.
Thus, the demand for a robust and accurate optical music
recognition (OMR) system remains.

Digitization has been commonly used as a possible tool
for preservation, offering easy duplications, distribution, and
digital processing. However, a machine-readable symbolic
format from the music scores is needed to facilitate opera-
tions such as search, retrieval, and analysis. The manual tran-
scription of music scores into an appropriate digital format
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is very time consuming. The development of general image
processing methods for object recognition has contributed to
the development of several important algorithms for OMR.
These algorithms have been central to the development of
systems to recognize and encode music symbols for a direct
transformation of sheet music into a machine-readable sym-
bolic format.

The research field of OMR began with Pruslin [75] and
Prerau [73] and, since then, has undergone much impor-
tant advancements. Several surveys and summaries have
been presented to the scientific community: Kassler [53]
reviewed two of the first dissertations on OMR, Blostein and
Baird [9] published an overview of OMR systems devel-
oped between 1966 and 1992, Bainbridge and Bell [3] pub-
lished a generic framework for OMR (subsequently adopted
by many researchers in this field), and both Homenda [47]
and Rebelo et al. [83] presented pattern recognition studies
applied to music notation. Jones et al. [51] presented a study
in music imaging, which included digitalization, recogni-
tion, and restoration and also provided a well-detailed list of
hardware and software in OMR together with an evaluation
of three OMR systems.

Access to low-cost flat-bed digitizers during the late 1980s
contributed to an expansion of OMR research activities.
Several commercial OMR software have appeared, but none
with a satisfactory performance in terms of precision and
robustness, in particular for handwritten music scores [6].
Until now, even the most advanced recognition products
including Notescan in Nightingale,1 Midiscan in Finale,2

Photoscore in Sibelius3 and others such as Smartscore,4 and
Sharpeye5 cannot identify all musical symbols. Furthermore,
these products are focused primarily on recognition of type-
set and printed music documents and while they can produce
quite good results for these documents, they do not perform
very well with hand-written music. The bi-dimensional struc-
ture of musical notation revealed by the presence of the staff
lines alongside the existence of several combined symbols
organized around the noteheads poses a high level of com-
plexity in the OMR task.

In this paper, we survey the relevant methods and mod-
els in the literature for the optical recognition of musi-
cal scores. We address only offline methods (page-based
imaging approaches), although the current proliferation of
small electronic devices with increasing computation power,
such as tablets, smartphones, may increase the interest in
online methods, these are out of the scope of this paper.
In Sect. 1.1 of this introductory section a description of a

1 http://www.ngale.com/.
2 http://www.finalemusic.com/.
3 http://www.neuratron.com/photoscore.htm.
4 http://www.musitek.com/.
5 http://www.music-scanning.com/.

typical architecture of an OMR system is given. Section 1.2,
which addresses the principal properties of the music sym-
bols, completes this introduction. The image preprocessing
stage is addressed in Sect. 2. Several procedures are usu-
ally applied to the input image to increase the performance
of the subsequent steps. In Sects. 3 and 4, a study of the
state of the art for the music symbol detection and recog-
nition is presented. Algorithms for detection and removal
of staff lines are also presented. An overview of the works
done in the fields of musical notation construction and final
representation of the music document is made in Sect. 5.
Existing standard datasets and performance evaluation pro-
tocols are presented in Sect. 6. Section 7 states the open
issues in handwritten music scores and the future trends in
the OMR using this type of scores. Section 8 concludes this
paper.

1.1 OMR architecture

Breaking down the problem of transforming a music score
into a graphical music-publishing file in simpler operations
is a common but complex task. This is consensual among
most authors that work in the field. In this paper we use the
framework outlined in [83].

The main objectives of an OMR system are the recogni-
tion, the representation and the storage of musical scores in a
machine-readable format. An OMR program should thus be
able to recognize the musical content and make the seman-
tic analysis of each musical symbol of a music work. In the
end, all the musical information should be saved in an output
format that is easily readable by a computer.

A typical framework for the automatic recognition of a set
of music sheets encompasses four main stages (see Fig. 1):

1. image preprocessing;
2. recognition of musical symbols;
3. reconstruction of the musical information in order to

build a logical description of musical notation; and
4. construction of a musical notation model to be repre-

sented as a symbolic description of the musical sheet.

For each of the stages described above, different methods
exist to perform the respective task.

In the image preprocessing stage, several techniques—
e.g., enhancement, binarization, noise removal, blurring, de-
skewing—can be applied to the music score to make the
recognition process more robust and efficient. The reference
lengths staff line thickness (staffline_height) and vertical line
distance within the same staff (staffspace_height) are often
computed, providing the basic scale for relative size compar-
isons (Fig. 5).

The output of the image preprocessing stage constitutes
the input for the next stage, the recognition of musical sym-
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Fig. 1 Typical architecture of an OMR processing system

bols. This is typically further subdivided into three parts:
(1) staff line detection and removal, to obtain an image con-
taining only the musical symbols; (2) symbol primitive seg-
mentation; and (3) symbol recognition. In this last stage the
classifiers usually receive raw pixels as input features. How-
ever, some works also consider higher-level features, such as
information about the connected components or the orienta-
tion of the symbol.

Classifiers are built by taking a set of labeled examples of
music symbols and randomly split them into training and test
sets. The best parameterization for each model is normally
found based on a cross validation scheme conducted on the
training set.

The third and fourth stages (musical notation reconstruc-
tion and final representation construction) can be intrinsically
intertwined. In the stage of musical notation reconstruction,
the symbol primitives are merged to form musical symbols.
In this step, graphical and syntactic rules are used to intro-
duce context information to validate and solve ambiguities
from the previous module (music symbol recognition).
Detected symbols are interpreted and assigned a musical
meaning. In the fourth and final stages (final representa-
tion construction), a format of musical description is cre-
ated with the previously produced information. The system

output is a graphical music-publishing file, like MIDI or
MusicXML.

Some authors use several algorithms to perform different
tasks in each stage, such as using an algorithm for detecting
noteheads and a different one for detecting the stems. For
example, Byrd and Schindele [13] and Knopke and Byrd [55]
use a voting system with a comparison algorithm to merge
the best features of several OMR algorithms to produce better
results.

1.2 Properties of the musical symbols

Music notation emerged from the combined and prolonged
efforts of many musicians. They all hoped to express the
essence of their musical ideas by written symbols [80]. Music
notation is a kind of alphabet, shaped by a general consensus
of opinion, used to express ways of interpreting a musical
passage. It is the visual manifestation of interrelated proper-
ties of musical sound such as pitch, dynamics, time, and tim-
bre. Symbols indicating the choice of tones, their duration,
and the way they are performed are important because they
form this written language that we call music notation [81].
In Table 1, we present some common Western music notation
symbols.
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Table 1 Music notation Symbols Description

Staff: An arrangement of parallel lines, together with the spaces between them

Treble, Alto, and Bass clef: The first symbols that appear at the beginning of every
music staff and tell us which note is found on each line or space

Sharp, Flat and Natural: The signs that are placed before the note to designate
changes in sounding pitch

Beams: Used to connect notes in note-groups; they demonstrate the metrical and
the rhythmic divisions

Staccato, Staccatissimo, Dynamic, Tenuto, Marcato, Stopped note, Harmonic and
Fermata: Symbols for special or exaggerated stress upon any beat, or portion of a
beat

Quarter, Half, Eighth, Sixteenth, Thirty-second and Sixty-fourth notes: The Quar-
ter note (closed notehead) and Half note (open notehead) symbols indicate a
pitch and the relative time duration of the musical sound. Flags (e.g. Eighth
note) are employed to indicate the relative time values of the notes with closed
noteheads

Quarter, Eighth, Sixteenth, Thirty-second and Sixty-fourth rests: These indicate
the exact duration of silence in the music; each note value has its corresponding
rest sign; the written position of a rest between two barlines is determined by its
location in the meter

Ties and Slurs: Ties are a notational device used to prolong the time valueof a
written note into the following beat. The tie appears to beidentical to slur, how-
ever, while tie almost touches the notehead center, the slur is set somewhat above
or below the notehead. Ties are normally employed to join the time value of
two notes of identical pitch; Slurs affect note-groupsas entities indicating that
the two notes are to be played in one physical stroke, without a break between
them

Mordent and Turn: Ornaments symbols that modify the pitch pattern of individual
notes

Improvements and variations in existing symbols, or the
creation on new ones, came about as it was found necessary
to introduce a new instrumental technique, expression or
articulation. New musical symbols are still being introduced
in modern music scores, to specify a certain technique or
gesture. Other symbols, especially those that emerged from
extended techniques, are already accepted and known by
many musicians (e.g. microtonal notation) but are still not
available in common music notation (CMN) software. Musi-
cal notation is thus very extensive if we consider all the exist-
ing possibilities and their variations.

Moreover, the wider variability of the objects (in size and
shape), found on handwritten music scores, makes the opera-
tion of music symbol extraction one of the most complex and
difficult in an OMR system. Publishing variability in hand-
written scores is illustrated in Fig. 2. In this example, we can
see that for the same clef symbol and beam symbol we may
have different thicknesses and shapes.

Fig. 2 Variability in handwritten music scores

2 Image preprocessing

The music scores processed by the state-of-art algorithms,
described in the following sections, are mostly written in
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Fig. 3 Some examples of
music scores used in the
state-of-art algorithms. a From
Rebelo [81, Fig. 4.4a]

a standard modern notation (from the twentieth century).
However, there are also some methods proposed for sixteenth
and seventeenth century printed music. Figure 3 shows typ-
ical music scores used for the development and testing of
algorithms in the scientific literature. In most of the pro-
posed works, the music sheets were scanned at a resolution
of 300 dpi [16,26,35,37,45,55,64,83,89]. Other resolutions
were also considered: 600 dpi [56,87] or 400 dpi [76,96].
No studies have been carried out to evaluate the depen-
dency of the proposed methods on other resolution values,
thus restricting the quality of the objects presented in the
music scores, and consequently the performance of all OMR
algorithms.

In digital image processing, as in all signal processing sys-
tems, different techniques can be applied to the input, making
it ready for the detection steps. The motivation is to obtain
a more robust and efficient recognition process. Enhance-
ment [45], binarization (e.g. [16,35,41,43,45,64,98]), noise
removal (e.g. [41,45,96,98]), blurring [45], de-skewing
(e.g. [35,41,45,64,98]), and morphological operations [45]
are the most common techniques for preprocessing music
scores.

2.1 Binarization

Almost all OMR systems start with a binarization process.
This means that the digitalized image must be analyzed to
determine what is useful (the objects, being the music sym-
bols and staves) and what is not (the background, noise). To
make binarization an automatic process, many algorithms
have been proposed in the past, with different success rates,
depending on the problem at hand. Binarization has the
big virtue in OMR of facilitating the following tasks by
reducing the amount of information they need to process.
In turn, this results in higher computational efficiency (more
important in the past than nowadays) and eases the design
of models to tackle the OMR task. It has been easier to
propose algorithm for line detection, symbol segmentation,

and recognition in binary images than in grayscale or color
images. This approach is also supported by the typical binary
nature of music scores. Usually, the author does not aim
to portray information in the color; it is more a conse-
quence of the writing or of the digitalization process. How-
ever, since binarization often introduces artifacts, it is not
clear the advantages of binarization in the complete OMR
process.

Burgoyne et al. [12] and Pugin et al. [77] presented a com-
parative evaluation of image binarization algorithms applied
to sixteenth-century music scores. Both works used Aruspix,
a software application for OMR which provides symbol-level
recall and precision rate to measure the performance of dif-
ferent binarization procedures. In [12] they worked with a
set of 8,000 images. The best result was obtained with the
Brink and Pendock [10]’s method. The adaptive algorithm
with the highest ranking was Gatos et al. [42]. Nonethe-
less, the binarization of the music score still needs atten-
tion with researchers invariably using standard binarization
procedures, such as the Otsu’s method (e.g. [16,45,76,83]).
The development of binarization methods specific to music
scores potentially shows performances that are better than
the generic counterparts’, and leverages the performance of
subsequent operations [72].

The fine-grained categorization of existing techniques pre-
sented in Fig. 4 follows the survey in [92], where the classes
were chosen according to the information extracted from the
image pixels. Despite this labeling the categories are essen-
tially organized into two main topics: global and adaptive
thresholds.

Global thresholding methods apply one threshold to the
entire image. Ng and Boyle [66] and Ng et al. [68] have
adopted the technique developed by Ridler and Calvard [86].
This iterative method achieves the final threshold through an
average of two sample means (T = (μb + μf)/2). Initially,
a global threshold value is selected for the entire image and
then a mean is computed for the background pixels (μb) and
for the foreground pixels (μf ). The process is repeated based
on the new threshold computed from μb and μf , until the
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Fig. 4 Landscape of automated thresholding methods. From Pinto et al. [72, Fig. 1]

threshold value does not change any more. According to [101,
102], Otsu’s procedure is ranked as the best and the fastest of
these methods [70]. In the OMR field, several research works
have used this technique [16,45,76,83,98].

In adaptive binarization methods, a threshold is assigned
to each pixel using local information from the image. Con-
sequently, the global thresholding techniques can extract
objects from uniform backgrounds at a high speed, whereas
the local thresholding methods can eliminate dynamic back-
grounds although with a longer processing time. One of the
most used methods is Niblack [69]’s method which uses the
mean and the standard deviation of the pixel’s vicinity as
local information for the threshold decision. The research
work carried out by [36,37,96] applied this technique to their
OMR procedures.

Only recently the domain knowledge has been used at
the binarization stage in the OMR area. The work pre-
sented in [72] proposes a new binarization method which
not only uses the raw pixel information, but also consid-
ers the image content. The process extracts content-related
information from the grayscale image, the staff line thick-
ness (staff- line_height), and the vertical line distance within
the same staff (staffspace_height), to guide the binariza-
tion procedure. The binarization algorithm was designed to
maximize the number of pairs of consecutive runs summing
staffline_height + staffspace_height. The authors suggest that
this maximization increases the quality of the binarized lines

Fig. 5 The characteristic page dimensions of staffline_height and
staffspace_height. From Cardoso and Rebelo [17]

and consequently the subsequent operations in the OMR
system.

Until now Pinto et al. [72] seems to be the only threshold
method that uses content of gray-level images of music scores
deliberately to perform the binarization.

2.2 Reference lengths

In the presence of a binary image most OMR algorithms rely
on an estimation of the staff line thickness and the distance
that separates two consecutive staff lines—see Fig. 5.

Further processing can be performed based on these values
and be independent of some predetermined magic numbers.
The use of fixed threshold numbers, as found in other areas,
causes systems to become inflexible, making it more difficult
for them to adapt to new and unexpected situations.

The well-known run-length encoding (RLE), which is a
very simple form of data compression in which runs of data
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Fig. 6 Example of an image
where the estimation of
staffline_height and
staffspace_height by vertical
runs fails. From Cardoso and
Rebelo [17, Fig. 2]

are represented as a single data value and count, is often
used to determine these reference values (e.g. [16,26,32,41,
89]) —the other technique can be found in [98]. In a binary
image, used here as input for the recognition process, there
are only two values: one and zero. In such a case, the RLC
is even more compact, because only the lengths of the runs
are needed. For example, the sequence {1 1 0 1 1 1 0 0 1 1 1
1 0 0 1 1 1 1 0 1 1 1 1 1 0 0 1 1 1 1 1 1} can be coded as 2, 1,
3, 2, 4, 2, 4, 1, 5, 2, 6, assuming that 1 starts a sequence (if a
sequence starts with a 0, the length of zero would be used).
By encoding each column of a digitized score using RLE, the
most common black-run represents the staffline_height and
the most common white-run represents the staffspace_height.

Nonetheless, there are music scores with high levels of
noise, not only because of the low quality of the original
paper in which it is written, but also because of the arti-
facts introduced during digitalization and binarization. These
aspects make the results unsatisfactory, impairing the qual-
ity of subsequent operations. Figure 6 illustrates this prob-
lem. For this music score, we have pale staff lines that broke
up during binarization providing the conventional estimation
staffline_height = 1 and staffspace_height = 1 (the true values
are staffline_height = 5 and staffspace_height = 19).

The work suggested by Cardoso and Rebelo [17], which
encouraged the work proposed in [72], presents a more robust
estimation of the sum of staffline_height and staffspace_
height by finding the most common sum of two consecutive

Fig. 7 Illustration of the estimation of the reference value
staffline_height and staffspace_height using a single column. From
Pinto et al. [72, Fig. 2]

vertical runs (either black run followed by white run or the
reverse). The process is illustrated in Fig. 7.

In this manner, to reliably estimate staffline_height and
staffspace_height values, the algorithm starts by computing
the 2D histogram of the pairs of consecutive vertical runs
and afterwards it selects the most common pair for which the
sum of the runs equals staffline_height + staffspace_height.

3 Staff line detection and removal

Staff line detection and removal are fundamental stages in
many OMR systems. The reason to detect and remove the
staff lines lies on the need to isolate the musical symbols for a

123



Int J Multimed Info Retr

more efficient and correct detection of each symbol present in
the score. Notwithstanding, there are authors who suggested
algorithms without the need to remove the staff lines [5,7,45,
58,68,76,93]. In here, the decision is between simplification
to facilitate the following tasks with the risk of introducing
noise. For instance, symbols are often broken in this process,
or bits of lines that are not removed are interpreted as part of
symbols or new symbols. The issue will always be related to
the preservation of as much information as possible for the
next task, with the risk of increasing computational demand
and the difficulty of modeling the data.

Staff detection is complicated due to a variety of reasons.
Although the task of detecting and removing staff lines is
completed fairly accurately in some OMR systems, it still
represents a challenge. The distorted staff lines are a com-
mon problem in both printed and handwritten scores. The
staff lines are often not straight or horizontal (due to wrin-
kles or poor digitization) and in some cases hardly parallel
to each other. Moreover, most of these works are old, which
means that the quality of the paper and ink has decreased
severely. Another interesting setting is the common mod-
ern case where music notation is handwritten on paper with
preprinted staff lines.

The simplest approach consists of finding local max-
ima on the horizontal projection of the black pixels of the
image [41,79]. Assuming straight and horizontal lines, these
local maxima represent line positions. Several horizontal
projections can be made with different image rotation angles,
keeping the image where the local maximum is higher. This
eliminates the assumption that the lines are always horizon-
tal. Miyao and Nakano [62] use Hough Transform to detect
staff lines. An alternative strategy for identifying staff lines is
to use vertical scan lines [18]. This process is based on a line
adjacency graph (LAG). LAG searches for potential sections
of lines: sections that satisfy criteria related to aspect ratio,
connectedness, and curvature. More recent works present
a sophisticated use of projection techniques combined to
improve the basic approach [2,5,7,89].

Fujinaga [41] incorporates a set of image processing tech-
niques in the algorithm, including run-length coding (RLC),
connected-component analysis, and projections. After apply-
ing the RLC to find the thickness of staff lines and the space
between the staff lines, any vertical black run that is more
than twice the staff line height is removed from the origi-
nal. Then, the connected components are scanned to elimi-
nate any component whose width is less than the staff space
height. After a global de-skewing, taller components, such
as slurs and dynamic wedges are removed.

Other techniques for finding staff lines include the group-
ing of vertical columns based on their spacing, thickness,
and vertical position on the image [85], rule-based classifi-
cation of thin horizontal line segments [60], and line tracing
[73,88,98]. The methods proposed in [63,95] operate on a

set of staff segments, with methods for linking two segments
horizontally and vertically and merging two overlapped seg-
ments. Dutta et al. [32] proposed a similar but simpler pro-
cedure than previous ones. The authors considered a staff
line segment as an horizontal connection of vertical black
runs with uniform height and validating it using neighboring
properties. The work by Dalitz et al. [26] is an improvement
on the methods of [63,95].

In spite of the variety of methods available for staff
lines detection, they all have some limitations. In particular,
lines with some curvature or discontinuities are inadequately
resolved. The dash detector [57] is one of a few works that try
to handle discontinuities. The dash detector is an algorithm
that searches the image, pixel by pixel, finding black pixel
regions that it classifies as stains or dashes. Then, it tries to
unite the dashes to create lines.

A common problem to all the aforementioned techniques
is that they try to build staff lines from local informa-
tion, without properly incorporating global information in
the detection process. None of the methods tries to define
a reasonable process from the intrinsic properties of staff
lines, namely the fact that they are the only extensive black
objects on the music score. Usually, the most interesting
techniques arise when one defines the detection process
as the result of optimizing some global function. In [16],
the authors proposed a graph-theoretic framework where
the staff line is the result of a global optimization prob-
lem. The new staff line detection algorithm suggests using
the image as a graph, where the staff lines result as con-
nected paths between the two lateral margins of the image.
A staff line can be considered a connected path from the left
side to the right side of the music score. As staff lines are
almost the only extensive black objects on the music score,
the path to look for is the shortest path between the two
margins if paths (almost) entirely through black pixels are
favored. The performance was experimentally supported on
two test sets adopted for the qualitative evaluation of the pro-
posed method: the test set of 32 synthetic scores from [26],
where several known deformations were applied, and a set
of 40 real handwritten scores, with ground truth obtained
manually.

4 Symbol segmentation and recognition

The extraction of music symbols is the operation follow-
ing the staff line detection and removal. The segmenta-
tion process consists of locating and isolating the musical
objects to identify them. In this stage, the major problems
in obtaining individual meaningful objects are caused by
printing and digitalization, as well as paper degradation over
time. The complexity of this operation concerns not only
the distortions inherent to staff lines, but also broken and
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overlapping symbols, differences in sizes, and shapes and
zones of high density of symbols. The segmentation and clas-
sification process has been the object of study in the research
community (e.g. [5,20,89,100]).

The most usual approach for symbol segmentation is a
hierarchical decomposition of the music image. A music
sheet is first analyzed and split by staffs and then the elemen-
tary graphic symbols are extracted: noteheads, rests, dots,
stems, flags, etc. (e.g. [20,31,45,62,66,83,85,98]). Although
in some approaches [83] noteheads are joined with stems and
also with flags for the classification phase, in the segmenta-
tion step these symbols are considered to be separate objects.
In this manner, different methods use equivalent concepts for
primitive symbols.

Usually, the primitive segmentation step is made along
with the classification task [89,100]; however, there are
exceptions [5,7,41]. Mahoney [60] builds a set of candidates
to one or more symbol types and then uses descriptors to
select the matching candidates. Carter [18] and Dan [28] use a
LAG to extract symbols. The objects resulting from this oper-
ation are classified according to the bounding box size, the
number, and organization of their constituent sections. Reed
and Parker [85] also uses LAGs to detect lines and curves.
However, accidentals, rests and clefs are detected by a charac-
ter profile method, which is a function that measures the per-
pendicular distance of the object’s contour to reference axis,
and noteheads are recognized by template matching. Other
authors have chosen to apply projections to detect primitive
symbols [5,7,41,74]. The recognition is done using features
extracted from the projection profiles. In [41], the k-nearest
neighbor rule is used in the classification phase, while neural
networks is the classifier selected in [5,7,62,66]. Choudhury
et al. [20] proposed the extraction of symbol features, such as
width, height, area, number of holes, and low-order central
moments, whereas Taubman [99] preferred to extract stan-
dard moments, centralized moments, normalized moments,
and Hu moments. Both systems classify the music primitives
using the k-nearest neighbor method.

Randriamahefa et al. [79] proposed a structural method
based on the construction of graphs for each symbol. These
are isolated using a region-growing method and thinning.
In [89] a fuzzy model supported on a robust symbol detec-
tion and template matching was developed. This method is
set to deal with uncertainty, flexibility, and fuzziness at the
level of the symbol. The segmentation process is addressed in
two steps: individual analysis of musical symbols and fuzzy
model. In the first step, the vertical segments are detected by
a region-growing method and template matching. The beams
are then detected by a region-growing algorithm and a modi-
fied Hough Transform. The remaining symbols are extracted
again by template matching. As a result of this first step,
three recognition hypotheses occur, and the fuzzy model is
then used to make a consistent decision.

Other techniques for extracting and classifying musical
symbols include rule-based systems to represent the musical
information, a collection of processing modules that commu-
nicate by a common working memory [88] and pixel tracking
with template matching [100]. Toyama et al. [100] check for
coherence in the primitive symbols detected by estimating
overlapping positions. This evaluation is carried out using
music writing rules. Coüasnon [21,23] proposed a recogni-
tion process entirely controlled by grammar which formal-
izes the musical knowledge. Bainbridge [2] uses PRIMitive
Expression LAnguage (PRI-MELA) language, which was
created for the CANTerbury OMR (CANTOR) system, to
recognize primitive objects. In [85] the segmentation process
involves three stages: line and curves detection by LAGs,
accidentals, rests, and clefs detection by a character pro-
file method and noteheads recognition by template matching.
Fornés et al. [34] proposed a classifier procedure for hand-
written symbols using the Adaboost method with a blurred
shape model descriptor.

It is worth mentioning that in some works, we assist to
a new line of approaches that avoid the prior segmenta-
tion phase in favor of methods that simultaneously segment
and recognize. In [76,78] the segmentation task is based
on Hidden Markov models (HMMs). This process performs
segmentation and classification simultaneously. The extrac-
tion of features directly from the image frames has advan-
tages. Particularly, it avoids the need to segment and track
the objects of interest, a process with a high degree of dif-
ficulty and prone to errors. However, this work applied this
technique only in very simple scores, that is, scores without
slurs or more than one symbol in the same column and staff.

In [68] a framework based on a mathematical morpholog-
ical approach commonly used in document imaging is pro-
posed. The authors applied a skeletonization technique with
an edge detection algorithm and a stroke direction operation
to segment the music score. Goecke [45] applies template
matching to extract musical symbols. In [99] the symbols are
recognized using statistical moments. This way, the proposed
OMR system is trained with strokes of musical symbols and
a statistical moment is calculated for each one of them; the
class for an unknown symbol is assigned based on the clos-
est match. In [35] the authors start by using median filters
with a vertical structuring element to detect vertical lines.
Then they apply a morphological opening using an ellipti-
cal structuring element to detect noteheads. The bar lines are
detected considering its height and the absence of noteheads
in its extremities. Clef symbols are extracted using Zernike
moments and Zoning, which code shapes based on the statis-
tical distribution of points. Although a good performance was
verified in the detection of these specific symbols, the authors
did not extract the other symbols that were also present on
a music score and are indispensable for a complete optical
music recognition. In [83] the segmentation of the objects is

123



Int J Multimed Info Retr

based on an hierarchical decomposition of a music image.
A music sheet is first analyzed and split by staffs. Subse-
quently, the connected components are identified. To extract
only the symbols with appropriate size, the connected com-
ponents detected in the previous step are selected. Since a
bounding box of a connected component can contain multi-
ple connected components, care is taken to avoid duplicate
detections or failure to detect any connected component. In
the end, all music symbols are extracted based on their shape.
In [98] the symbols are extracted using a connected compo-
nent process and small elements are removed based on their
size and position on the score. The classifiers adopted were
the kNN, the Mahalanobis distance, and the Fisher discrim-
inant.

Some studies were conducted in the music symbols clas-
sification phase, more precisely the comparison of results
between different recognition algorithms. Homenda and
Luckner [48] studied decision trees and clustering methods.
The symbols were distorted by noise, printing defects, differ-
ent fonts, skew and curvature of scanning. The study starts
with the extraction of some symbols features. Five classes of
music symbols were considered. Each class had 300 symbols
extracted from 90 scores. This investigation encompassed
two different classification approaches: classification with
and without rejection. In the later case, every symbol belongs
to one of the given classes, while in the classification with
rejection, not every symbol belongs to a class. Thus, the clas-
sifier should decide if the symbol belongs to a given class or
if it is an extraneous symbol and should not be classified.
Rebelo et al. [83] carried out an investigation on four classi-
fication methods, namely support vector machines (SVMs),
neural networks (NNs), nearest neighbor (kNN) and Hid-
den Markov Models. The performances of these methods
were compared using both real and synthetic scores. The
real scores consisted of a set of 50 handwritten scores from
5 different musicians, previously binarized. The synthetic
data set included 18 scores (considered to be ideal) from dif-
ferent publishers to which known deformations have been
applied: rotation and curvature. In total, 288 images were
generated from the 18 original scores. The full set of training
patterns extracted from the database of scores was augmented
with replicas of the existing patterns, transformed according
to the elastic deformation technique [50]. Such transforma-
tions tried to introduce robustness in the prediction regard-
ing the known variability of symbols. Fourteen classes were
considered with a total of 3,222 handwritten music symbols
and 2,521 printed music symbols. In the classification, the
SVMs, NNs, and kNN received raw pixels as input features
(a 400 feature vector, resulting from a 20 × 20 pixel image);
the HMM received higher-level features, such as information
about the connected components in a 30×150 pixel window.
The SVMs attained the best performance while the HMMs
had the worse result. The use of elastic deformations did not

improve the performance of the classifiers. Three explana-
tions for this outcome were suggested: the distortions created
were not the most appropriate, the data set of symbols was
already diverse, or the adopted features were not proper for
this kind of variation.

A more recent procedure for pattern recognition is the use
of classifiers with a reject option [25,46,94]. The method
integrates a confidence measure in the classification model to
reject uncertain patterns, namely broken and touching sym-
bols. The advantage of this approach is the minimization of
misclassification errors in the sense that it chooses not to clas-
sify certain symbols (which are then manually processed).

Lyrics recognition is also an important issue in the OMR
field, since lyrics make the music document even more com-
plex. In [11] techniques for lyric editor and lyric lines extrac-
tion were developed. After staff lines removal, the authors
computed baselines for both lyrics and notes, stressing that
baselines for lyrics would be highly curved and undulating.
The baselines are extracted based on local minima of the
connected components of the foreground pixels. This tech-
nique was tested on a set of 40 images from the Digital Image
Archive of Medieval Music. In [44] an overview of existing
solutions to recognize the lyrics in Christian music sheets
is described. The authors stress the importance of associat-
ing the lyrics with notes and melodic parts to provide more
information to the recognition process. Resolutions for page
segmentation, character recognition, and final representation
of symbols are presented.

Despite the number of techniques already available in the
literature, research on improving symbol segmentation and
recognition is still important and necessary. All OMR sys-
tems depend on this step.

5 Musical notation construction and final representation

The final stage in a music notation construction engine is to
extract the musical semantics from the graphically recog-
nized shapes and store them in a musical data structure.
Essentially, this involves combining the graphically recog-
nized musical features with the staff systems to produce
a musical data structure representing the meaning of the
scanned image. This is accomplished by interpreting the spa-
tial relationships between the detected primitives found in
the score. If we are dealing with optical character recog-
nition (OCR) this is a simple task, because the layout is
predominantly one-dimensional. However, in music recog-
nition, the layout is much more complex. The music is essen-
tially two dimensional, with pitch represented vertically and
time horizontally. Consequently, positional information is
extremely important. The same graphical shape can mean
different things in different situations. For instance, to deter-
mine if a curved line between two notes is a slur or a tie, it is
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necessary to consider the pitch of the two notes. Moreover,
musical rules involve a large number of symbols that can be
spatially far from each other in the score.

Several research works have suggested the introduction of
the musical context in the OMR process by a formalization
of musical knowledge using a grammar (e.g. [4,7,22,73,74,
85]). The grammar rules can play an important role in music
creation. They specify how the primitives are processed, how
a valid musical event should be made, and even how graph-
ical shapes should be segmented. Andronico and Ciampa
[1] and Prerau [74] were pioneers in this area. One of Fuji-
naga’s first works focused on the characterization of music
notation by means of a context-free and L L(k) grammar.
Coüasnon [22,24] also based their works on a grammar,
which is essentially a description of the relations between
the graphical objects and a parser, which is the introduction
of musical context with syntactic or semantic information.
The author claims that this approach will reduce the risk
of generating errors imposed during the symbols extraction,
using only very local information. The proposed grammar
is implemented in λProlog, a higher dialect of Prolog with
more expressive power, with semantic attributes connected
to C libraries for pattern recognition and decomposition. The
grammar is directly implemented in λProlog using definite
clause grammars (DCG’s) techniques. It has two levels of
parsing: a graphical one corresponding to the physical level
and a syntactic one corresponding to the logical level. The
parser structure is a list composed of segments (non-labeled)
and connected components, which do not necessarily rep-
resent a symbol. The first step of the parser is the labeling
process and the second is the error detection. Both opera-
tions are supported by the context introduced in the grammar.
However, no statistical results are available for this system.

Bainbridge [2] also implemented a grammar-based
approach using DCG’s to specify the relationships between
the recognized musical shapes. This work describes the
CANTOR system, which has been designed to be as gen-
eral as possible by allowing the user to define the rules
that describe the music notation. Consequently, the system
is readily adaptable to different publishing styles in CMN.
The authors argue that their method overcame the complex-
ity imposed in the parser development operation proposed
in [22,24]. CANTOR avoids such drawbacks by using a
bag6 of tokens instead of using a list of tokens. For instance,
instead of getting a unique next symbol, the grammar can
“request” a token, e.g. a notehead, from the bag, and if its
position does not fit in with the current musical feature that is
being parsed, then the grammar can backtrack and request the
“next” notehead from the bag. To deal with complexity time,

6 A bag is a one-dimensional data structure which is a cross between
a list and a set; it is implemented in Prolog as a predicate that extracts
elements from a list, with unrestricted backtracking.

the process uses derivation trees of the assembled musical
features during the parse execution. In a more recent work
Bainbridge and Bell [4] incorporated a basic graph in CAN-
TOR system according to each musical feature’s position
(x, y). The result is a lattice-like structure of musical feature
nodes that are linked horizontally and vertically. This final
structure is the musical interpretation of the scanned image.
Consequently, additional routines can be incorporated in the
system to convert this graph into audio application files (such
as MIDI and CSound) or music editor application files (such
as Tilia or NIFF).

Prerau [73] makes a distinction between notational gram-
mars and higher-level grammars for music. While notation
grammars allow the computer to recognize important music
relationships between the symbols, the higher-level gram-
mars deal with phrases and larger units of music.

Other techniques to construct the musical notation are
based on fusion of musical rules and heuristics (e.g. [28,31,
68,89]) and common parts on the row and column histograms
for each pair of symbols [98]. Rossant and Bloch [89] pro-
posed an OMR system with two stages: detection of the
isolated objects and computation of hypotheses, both using
low-level preprocessing, and final correct decision based on
high-level processing which includes contextual information
and music writing rules. In the graphical consistency (low-
level processing) stage, the purpose is to compute the com-
patibility degree between each object and all the surrounding
objects, according to their classes. The graphical rules used
by the authors were

– Accidentals and notehead: an accidental is placed before
a notehead and at same height.

– Noteheads and dots: the dot is placed after or above a
notehead in a variable distance.

– Between any other pair of symbols: they cannot overlap.

In the syntactic consistency (high-level processing) stage,
the aim is to introduce rules related to tonality, acciden-
tals, and meter. Here, the key signature is a relevant para-
meter. This group of symbols is placed in the score as an
ordered sequence of accidentals placed just after the clef. In
the end, the score meter (number of beats per bar) is checked.
In [65,67,68] the process is also based on a low- and high-
level approaches to recognize music scores. Once again, the
reconstruction of primitives is done using basic musical syn-
tax. Therefore, extensive heuristics and musical rules are
applied to reconfirm the recognition. After this operation,
the correct detection of key and time signature becomes cru-
cial. They provide a global information about the music score
that can be used to detect and correct possible recognition
errors. The developed system also incorporates a module to
output the result into a expMIDI (expressive MIDI) format.
This was an attempt to surmount the limitations of MIDI for
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expressive symbols and other notations details, such as slurs
and beaming information.

More research works produced in the past use abductive
constraint logic programming (ACLP) [33] and sorted lists
that connect all inter-related symbols [20]. In [33] an ACLP
system, which integrates into a single framework abductive
logic programming (ALP) and constraint logic programming
(CLP), is proposed. This system allows feedback between
the high-level phase (musical symbols interpretation) and the
low-level phase (musical symbols recognition). The recogni-
tion module is carried out through object feature analysis and
graphical primitive analysis, while the interpretation module
is composed of music notation rules to reconstruct the music
semantics. The system output is a graphical music-publishing
file, like MIDI. No practical results are known for this archi-
tecture’s implementation.

Other procedures try to automatically synchronize sheet
music scanned with a corresponding CD audio recording
[27,38,56] using a matching between OMR algorithms and
digital signal processing. Based on an automated mapping
procedure, the authors identify scanned pages of music score
by means of a given audio collection. Both scanned score
and audio recording are turned into a common mid-level
representation—chroma-based features, where the chroma
corresponds to the 12 traditional pitch classes of the equal-
tempered scale—whose sequences are time-aligned using
algorithms based on dynamic time warping (DTW). In the
end, a combination of this alignment with OMR results is per-
formed to connect spatial positions within audio recording
to regions within scanned images.

5.1 Summary

Most notation systems make it possible to import and export
the final representation of a musical score for MIDI. How-
ever, several other music encoding formats for music have
been developed over the years—see Table 2. The used OMR
systems are non-adaptive and consequently they do not
improve their performance through usage. Studies have been
carried out to overcome this limitation by merging multi-
ple OMR systems [13,55]. Nonetheless, this remains a chal-
lenge. Furthermore, the results of the most OMR systems are
only for the recognition of printed music scores. This is the
major gap in state-of-the-art frameworks. With the exception
for PhotoScore, which works with handwritten scores, most
of them fail when the input image is highly degraded such as
photocopies or documents with low-quality paper. The work
developed in [14] is the beginning of a web-based system
that will provide broad access to a wide corpus of handwrit-
ten unpublished music encoded in digital format. The system
includes an OMR engine integrated with an archiving sys-
tem and a user-friendly interface for searching, browsing, and
editing. The output of digitized scores is stored in MusicXML

Table 2 The most relevant OMR software and programs

Software and program Output file

SmartScorea Finale, MIDI, NIFF, PDF

SharpEyeb MIDI, MusicXML, NIFF

PhotoScorec MIDI, MusicXML, NIFF, PhotoScore,
WAVE

Capella-Scand Capella, MIDI, MusicXML

ScoreMakere MusicXML

Vivaldi Scanf Vivaldi, XML, MIDI

Audiverisg MusicXML

Gamerah XML files

a http://www.musitek.com/
b http://www.music-scanning.com/
c http://www.neuratron.com/photoscore.htm
d http://www.capella-software.com/capella-scan.cfm
e http://www.music-notation.info/en/software/SCOREMAKER.html
f http://www.vivaldistudio.com/Eng/VivaldiScan.asp
g http://audiveris.kenai.com/
h http://gamera.informatik.hsnr.de/

which is a recent and expanding music interchange format
designed for notation, analysis, retrieval, and performance
applications.

6 Available datasets and performance evaluation

There are some available datasets that can be used by OMR
researchers to test the different steps of an OMR process-
ing system. Pinto et al. [72] made available the code and the
database7 they created to estimate the results of binarization
procedures in the preprocessing stage. This database is com-
posed of 65 handwritten scores, from 6 different authors. All
the scores in the dataset were reduced to gray-level informa-
tion. An average value for the best possible global thresh-
old for each image was obtained using five different people.
A subset of 10 scores was manually segmented to be used as
ground truth for the evaluation procedure.8 For global thresh-
olding processes, the authors chose three different measures:
difference from reference threshold (DRT); misclassification
error (ME); and comparison between results of staff finder
algorithms applied to each binarized image. For the adaptive
binarization, two new error rates were included: the missed
object pixel rate and the false object pixel, dealing with loss
in object pixels and excess noise, respectively.

Three datasets are accessible to evaluate the algorithms
for staff line detection and removal: the Synthetic Score

7 http://www.inescporto.pt/~jsc/ReproducibleResearch.html.
8 The process to create ground-truths is to binarize images by hand,
cleaning all the noise and background, making sure nothing more than
the objects remains. This process is extremely time-consuming and for
this reason only 10 scores were chosen from the entire dataset.
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Database by Christoph Dalitz,9 the CVC-MUSCIMA Data-
base by Alicia FornTs10 and the Handwritten Score Database
by Jaime Cardoso11[16]. The first consists of 32 ideal music
scores where different deformations were applied covering
a wide range of music types and music fonts. The deforma-
tions and the ground truth information for these syntactic
images are accessible through the MusicStaves toolkit from
the Generalized Algorithms and Methods for Enhancement
and Restoration of Archives (Gamera) framework.12 Dalitz
et al. [26] put their database available together with their
source code. Three error metrics based on individual pixels,
staff-segment regions, and staff interruption location were
created to measure the performance of the algorithms for
staff line removal. The CVC-MUSCIMA Database contains
1,000 music sheets of the same 20 music scores which were
written by 50 different musicians, using the same pen and
the same kind of music paper with printed staff lines. The
images of this database were distorted using the algorithms
from Dalitz et al. [26]. In total, the dataset has 12000 images
with ground truth for the staff removal task and for writer
identification. The database created by Cardoso comprises
50 real scores with real positions of the staff lines and music
symbols obtained manually.

Two datasets are available to train a classifier for the music
symbols recognition step. Desaedeleer [30],13 in his open
source project to perform OMR, has created 15 classes of
printed music symbols with a total of 725 objects. Rebelo
et al. [83] have created a dataset with 14 classes of printed
and handwritten music symbols, each of them with 2,521 and
3,222 symbols, respectively.14

As already mentioned in this article, there are several
commercial OMR systems available15 and their recognition
accuracy, as claimed by the distributor, is about 90% [6,51].
However, this is not a reliable value. It is not specified
what music score database were used and how this value
was estimated. The measurement and comparison in terms
of performance of different OMR algorithms is an issue
that has already been widely considered and discussed (e.g.
[6,51,61,97]). As referred in [6] the meaning of music recog-
nition depends on the goal in mind. For instance, some
applications aim to produce an audio record from a music
score through document analysis, while others only want to
transcode a score into interchange data formats. These differ-
ent objectives hinder the creation of a common methodology

9 http://music-staves.sourceforge.net.
10 http://www.cvc.uab.es/cvcmuscima/.
11 The database is available upon request to the authors.
12 http://gamera.sourceforge.net.
13 http://sourceforge.net/projects/openomr/.
14 The database is available upon request to the authors.
15 http://www.informatics.indiana.edu/donbyrd/OMRSystemsTable.
html.

to compare the results of an OMR process. Having a way of
quantifying the achievement of OMR systems would be truly
significant for the scientific community. On the one hand, by
knowing the OMR’s accuracy rate, we can predict production
costs and make decisions on the whole recognition process.
On the other hand, quantitative measures bring progress to
the OMR field, thus making it a reference for researchers [6].

Jones et al. [51] address several important shortcomings to
take into consideration when comparing different OMR sys-
tems: (1) each available commercial OMR systems has its
own output interface —for instance, PhotoScore works with
Sibelius, a music notation software—becoming very difficult
to assess the performance of the OMR system alone, (2) the
input images are not exactly the same, having differences in
input format, resolution and image-depth, (3) the input and
output have different format representations—for instance
.mus format is used in the Finale software and not in Sibelius
software, and (4) the differences in the results can be induced
by semantic errors. In order to measure the performance of
the OMR systems, Jones et al. [51] also suggest an eval-
uation approach with the following aspects: (1) a standard
dataset for OMR or a set of standard terminology is needed
to objectively and automatically evaluate the entire music
score recognition system, (2) a definition of a set of rules and
metrics, encompassing the key points to be considered in the
evaluation process, and (3) the definition of different ratios
for each kind of error.

Similarly, Bellini et al. [6] proposed two assessment mod-
els focused on basic and composite symbols to measure the
results of the OMR algorithms. The motivation for these
models was the result of opinions from copyists and OMR
system builders. The former give much importance to details
such as changes in primitive symbols or annotation symbols.
The latter, in contrast with the copyists, give more relevance
to the capability of the system to recognize the most fre-
quently used objects. The authors defined a set of metrics to
count the recognized, missed, and confused music symbols
to reach the recognition rate of basic symbols. Furthermore,
since a proper identification of a primitive symbol does not
mean that its composition is correct, the characterization of
the relationships with other symbols is also analyzed. There-
fore, a set of metrics has been defined to count categories of
recognized, faulty, and missed composite symbols.

Szwoch [97] proposed a strategy to evaluate the result of
an OMR process based on the comparison of MusicXML
files from the music scores. One of the shortcomings of this
methodology is in the output format of the application. Even
though MusicXML is becoming more and more a standard
music interchange format, it is not yet used in all music recog-
nition software. Another concern is related to the compari-
son between the MusicXML files. The same score can be
correctly represented by different MusicXML codes, making
the one-to-one comparison difficult. Miyao and Haralick [61]
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Fig. 8 Summary of the most used techniques in an OMR system

proposed data formats for primitive symbols, music symbols,
and hierarchical score representations. The authors stress that
when using these specific configurations the researchers can
objectively and automatically measure the symbol extraction
results and the final music output from an OMR application.
Hence, the primitive symbols must include the size and posi-
tion for each element, the music symbols must have the possi-
ble combinations of primitive symbols, and the hierarchical
score representation must include the music interpretation.
Notwithstanding, this is a difficult approach for comparisons
between OMR software since the most of them will not allow
the implementation of these models in their algorithms.

7 Open issues and future trends

This paper surveyed several techniques currently available in
the OMR field. Figure 8 summarizes the various approaches
used in each stage of an OMR system. The most important
open issues are related to

• the lack of robust methodologies to recognize handwrit-
ten music scores,

• a web-based system providing broad access to a wide cor-
pus of handwritten unpublished music encoded in digital
format,

• a master music dataset with different deformations to test
different OMR systems,

• and a framework with appropriate metrics to measure the
accuracy of different OMR systems.

7.1 Future trends

This present survey unveiled three challenges that should be
addressed in future work on OMR as applied to manuscript
scores: preprocessing, staff detection and removal, and music
symbols segmentation and recognition.

7.1.1 Preprocessing

This is one of the first steps in an OMR system. Hence, it is
potentially responsible for generating errors that can prop-
agate to the next steps on the system. Several binarization
methods often produce breaks in staff connections, mak-
ing the detection of staff lines harder. These methods also
increase the quantity of noise significantly (see Fig. 6 in
Sect. 2). Back-to-front interference, poor paper quality or
non-uniform lighting causes these problems. A solution was
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proposed in [72] (BLIST). Performing a binarization process
using prior knowledge about the content of the document
can ensure better results, because this kind of procedure con-
serves the information that is important to OMR. Moreover,
the work proposed in [17] encourages further research in
using gray-level images rather than using binary images.
Similarly, new possibilities exist for music score segmen-
tation by exploiting the differences in the intensity of gray
pixels of the ink and the intensity of gray pixels of the paper.

7.1.2 Staff detection and removal

Some of the state-of-the-art algorithms are capable of per-
forming staff line detection and removal with a good degree
of success. Cardoso et al. [16] present a technique to over-
come the existing problems in the staff lines of the music
scores, by suggesting a graph-theoretic framework (see end
of Sect. 3). The promising results promote the utilization
and development of this technique for staff line detection
and removal in gray-level images. In order to test the var-
ious methodologies in this step the authors suggest to the
researchers the participation in the staff line removal compe-
tition which in 2011 was promoted by International Confer-
ence on Document Analysis and Recognition (ICDAR).16

7.1.3 Music symbols segmentation and recognition

A musical document has a bidimensional structure in which
staff lines are superimposed with several combined sym-
bols organized around the noteheads. This imposes a high
level of complexity in the music symbols segmentation
which becomes even more challenging in handwritten music
scores due to the wider variability of the objects. For printed
music documents, a good methodology was proposed in [89].
The algorithm architecture consists in detecting the isolated
objects and computing recognition hypotheses for each of
the symbols. A final decision about the object is taken based
on contextual information and music writing rules. Rebelo et
al. [84] are implementing this propitious technique for hand-
written music scores. The authors proposed to use the natural
existing dependency between music symbols to extract them.
For instance, beams connect eighth notes or smaller rhyth-
mic values and accidentals are placed before a notehead and
at the same height. As a future trend, they discuss the impor-
tance of using global constraints to improve the results in the
extraction of symbols. Errors associated with missing sym-
bols, symbol confusion, and falsely detected symbols can be
mitigated, e.g., by querying if the detected symbols’ dura-
tions amount to the value of the time signature on each bar.
The inclusion of prior knowledge of syntactic and seman-
tic musical rules may help the extraction of the handwritten

16 http://www.cvc.uab.es/cvcmuscima/competition/.

music symbols and consequently it can also lead to better
results in the future.

An important issue that could also be addressed is the role
of the user in the process. An automatic OMR system capable
of recognizing handwritten music scores with high robust-
ness and precision seems to be a goal difficult to achieve.
Hence, interactive OMR systems may be a realistic and prac-
tical solution to this problem. MacMillan et al. [59] adopted
a learning-based approach in which the process improves its
results through experts users. The same idea of active learn-
ing was suggested by Fujinaga [40] in which a method to
learn new music symbols and handwritten music notations
based on the combination of a k-nearest neighbor classifier
with a genetic algorithm was proposed.

An interesting application of OMR concerns to online
recognition, which allows an automatic conversion of text as
it is written on a special digital device. Taking into considera-
tion the current proliferation of small electronic devices with
increasing computation power, such as tablets and smart-
phones, it may be usefully the exploration of such features
applied on OMR. Besides, composers prefer the creativity
which can only be entirely achieved without restrictions. This
implies total freedom of use, not only of OMR softwares, but
also paper where they can write their music. Hence, algo-
rithms for OMR are still necessary.

8 Conclusion

Over the past decades, substantial research was done in the
development of systems that are able to optically recog-
nize and understand musical scores. An overview through
the number of articles produced during the past 40 years
in the field of optical music recognition makes us aware
of the clear increase in research in this area. The progress
in the field spans many areas of computer science: from
image processing to graphic representation; from pattern
recognition to knowledge representation; from probabilistic
encodings to error detection and correction. OMR is thus an
important and complex field where knowledge from several
fields intersects.

An effective and robust OMR system for printed and
handwritten music scores can provide several advantages
to the scientific community: (1) an automated and time-
saving input method to transform paper-based music scores
into a machine-readable symbolic format for several music
softwares, (2) enable translations, for instance to Braille
notations, (3) better access to music, (4) new functionali-
ties and capabilities with interactive multimedia technolo-
gies, for instance association of scores and video excerpts,
(5) playback, musical analysis, reprinting, editing, and digital
archiving, and (6) preservation of cultural heritage [51].
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In this article, we presented a survey on several tech-
niques employed in OMR that can be used in processing
printed and handwritten music scores. We also presented an
evaluation of current state-of-the-art algorithms as applied
to handwritten scores. The challenges faced by OMR sys-
tems dedicated to handwritten music scores were identified,
and some approaches for improving such systems were pre-
sented and suggested for future development. This survey
thus aims to be a reference scheme for any researcher want-
ing to compare new OMR algorithms against well-known
ones and provide guidelines for further development in the
field.
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