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Abstract This work presents a novel approach to tackle

the music staff removal. This task is devoted to remov-

ing the staff lines from an image of a music score while

maintaining the symbol information. It represents a key

step in the performance of most Optical Music Recog-

nition systems. In the literature, staff removal is usu-

ally solved by means of image processing procedures

based on the intrinsics of music scores. However, we

propose to model the problem as a supervised learn-

ing classification task. Surprisingly, although there is a

strong background and a vast amount of research con-

cerning machine learning, the classification approach

has remained unexplored for this purpose. In this con-

text, each foreground pixel is labelled as either staff or

symbol. We use pairs of scores with and without staff

lines to train classification algorithms. We test our pro-
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versidad de Alicante, Carretera San Vicente del Raspeig s/n,
03690 Alicante, Spain
E-mail: mico@dlsi.ua.es

Jose Oncina
Departamento de Lenguajes y Sistemas Informáticos, Uni-
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posal with several well-known classification techniques.

Moreover, in our experiments no attempt of tuning the

classification algorithms has been made but the param-

eters were set to the default setting provided by the

classification software libraries. The aim of this choice

is to show that, even with this straightforward proce-

dure, results are competitive with state-of-the-art algo-

rithms. In addition, we also discuss several advantages

of this approach for which conventional methods are

not applicable such as its high adaptability to any type

of music score.

Keywords Music staff removal · Optical Music

Recognition · Pixel classification · Supervised Learning

1 Introduction

Music constitutes one of the main tools for cultural

transmission. That is why musical documents have been

carefully preserved over the centuries. In an effort to

prevent their deterioration, the access to these sources

is not always possible. This implies that an important

part of this historical heritage remains inaccessible for

musicological study. Digitizing this content allows a greater

dissemination and integrity of this culture. Further-

more, the massive digitization of music documents opens

several opportunities to apply Music Information Re-

trieval algorithms, which may be of great interest for

music analysis. Since the manual transcription of music

sources is a long, tedious task —which often requires ex-

pert supervision— the development of automatic tran-

scription systems is gaining importance over the last

decades [23,4,22].

Optical Music Recognition (OMR) can be defined

as the ability of a computer to understand the musical

information contained in the image of a music score.
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The process basically consists in receiving a scanned

music score and exporting its musical content to some

machine-readable format (Fig. 1). This task can be con-

sidered very similar to that of Optical Character Recog-

nition. Nevertheless, its higher complexity and partic-

ular notation, in comparison to text, leads to the need

of specific developments [1].

(a) Example of input score for an OMR system

(b) Symbolic representation of the input score

Fig. 1 The task of Optical Music Recognition (OMR) is to
analyse an image containing a music score to export its mu-
sical content to some machine-readable format.

OMR has to deal with many aspects of musical no-

tation, one of which is the presence of the staff, the

set of five parallel lines used to define the pitch of each

musical symbol. Although these lines are necessary for

human readability, they complicate the automatic seg-

mentation and classification of musical symbols. Some

works have approached the problem maintaining the

staves [24,25,3]; however, a common OMR preprocess-
ing includes the detection and removal of staff lines [28].

This task is aimed at removing the staff lines of the

score, maintaining as much as possible the symbol in-

formation.

Although staff lines detection and removal may be

seen as a simple task, it is often difficult to get accurate

results. This is mainly due to problems such as disconti-

nuities, skewing, slant or paper degradation (especially

in ancient documents). Given that, the more accurate

this process, the better the detection of musical sym-

bols, much research has been devoted to this process,

which can be considered nowadays as a research topic

by itself.

Notwithstanding all these efforts, the staff-removal

stage is still inaccurate and it often produces noise, for

example, staff lines not completely removed. Although

more aggressive methods that minimize noise can be

used, they might produce partial or total loss of some

musical symbols. The trade-off between these two as-

pects, in addition to the accuracy of the techniques,

has hitherto led to the inevitable production of errors

during this stage. Moreover, the differences among score

style, sheet conditions and scanning processes lead re-

searchers to develop some kind of ad-hoc method for

staff detection and removal, which usually presents lit-

tle robustness when it is applied to different staves.

From another point of view, the process of removing

staff lines can be defined as a classification problem in

which, given some foreground pixel, it must be guessed

whether that pixel is a part of a staff or a symbol (i.e.,

binary classification). Note that addressing the problem

in this way, both staff detection and removal can be

performed at the same time.

To the best of our knowledge, this approach still re-

mains unexplored. Hence, this work aims at providing

a first insight into the staff removal process modelled

as a binary classification task. To this end, a set of

features based on neighbourhood pixels is extracted at

each foreground pixel. At the experimentation stage,

several common pattern recognition algorithms will be

applied using these features. Our main intention is to

show that this simple and general approach deserves

further consideration since its performance reaches the

level of state-of-art methods while offering several ad-

vantages that the others can not.

This paper is organized as follows: Section 2 presents

background on staff detection and removal; Section 3

describes our approach to model the process as a clas-

sification task; Section 4 contains the experimentation

performed and the results obtained; Section 5 discusses

the pros and cons of our approach, and some additional

considerations; and finally, Section 6 concludes the cur-

rent work.

2 Background

Due to the complexity of music notation, OMR systems

rely on music staff removal algorithms to perform the

most relevant task of symbol isolation and segmenta-

tion [26]. Note that this process should not only detect

staff lines but also remove them in such a way that

musical symbols remain intact (see Fig. 2).

Unfortunately, this removal stage is hardly ever per-

fect. The need of eliminating every part of the staff of-

ten leads to delete some parts of the musical symbols,

which produces unavoidable errors in posterior stages.

The trade-off between keeping symbols and removing

staff lines leads to inevitable production of extraction

and classification errors later. That is why several meth-

ods have been proposed to tackle this process. A good

comparative study, including a taxonomy of the differ-

ent approaches, can be found in the work of Dalitz et

al. [7].



Music staff removal with supervised pixel classification 3

(a) Example of input score for an OMR system

(b) Input score after staff removal

Fig. 2 Example of an accurate staff removal process.

In the last years, however, new strategies have been

developed: Cardoso et al. [30] proposed a method that

considers the staff lines as connecting paths between the

two margins of the score. Then, the score is modelled as

a graph so that staff detection is solved as a maximiza-

tion problem. This strategy was improved and extended

to be used on grey-scale scores [27]; Dutta et al. [10] de-

veloped a method that considers the staff line segment

as a horizontal connection of vertical black runs with

uniform height, which are validated using neighbour-

ing properties; in the work of Piatkowska et al. [21], a

Swarm Intelligence algorithm was applied to detect the

staff line patterns; Su et al. [31] start estimating prop-

erties of the staves like height and space, then, they

tried to predict the direction of the lines and fitted

an approximate staff, which was posteriorly adjusted;

Geraud [13] developed a method that entails a series

of morphological operators directly applied to the im-

age of the score to remove staff lines; and Montagner et

al. [19] proposed to learn image operators, following the

work of Hirata [17], whose combination was able to re-

move staff lines. Others works have addressed the whole

OMR problem by developing their own, case-directed

staff removal process [29,32].

The current performance of staff removal methods

can be checked in the GREC/ICDAR 2013 Staff Re-

moval Competition [34,12]. This competition makes use

of the CVC-MUSCIMA database [11], which contains

handwritten music score images with a perfect ground-

truth on staff removal. Many of the most advanced

methods showed a decreasing accuracy when different

distortions were applied to the input scores. Indeed, the

same behaviour may be expected by methods especially

suitable for some type of score that are subsequently ap-

plied to very different conditions. Taking into account

the vast variety of music manuscripts —which is even

wider considering old music— there is a need of devel-

oping staff removal methods that are able to deal with

any kind of score.

In our work, we propose to model the staff removal

stage as a pixel classification problem. That is, extract

features from each foreground pixel and take a decision

about keeping or removing it based on supervised learn-

ing classification techniques. Therefore, the accuracy of

the method lies in data instead of in selecting the ap-

propriate series of image processing steps. Although it

may be worse in the cases in which specific staff re-

moval algorithms have been developed, it allows us to

present a robust approach since it can be effective in

any type of score as long as labelled data is available.

The strategy proposed is described in next section.

3 A Classification Approach for Staff Lines

Removal

As depicted above, several procedures for the staff de-

tection and removal stage have been proposed. Although

most of them are able to achieve a very good perfor-

mance in many cases, they are far from optimal when

the style of the score is changed. The intention of our

strategy is to present a new method that is able to

adapt to the actual score style as long as learning data

is available.

To handle this issue, we propose to follow a super-

vised learning approach. That is, the task is based on

building a classification model using a training sam-

ple with labelled data. After that, the model is able

to receive new unseen samples and determine the class

label [9].

In our context, given an image depicting a score, we

extract a labelled set of features from each foreground

pixel. These features are used to train a classification

algorithm. At test phase, each of these pixels is classi-

fied between symbol or staff. Then, depending on what

it is pursued —either staff detection or staff removal—

it is removed from the image those pixels classified as

symbol or those classified as staff. Without loss of gen-

erality, we shall assume from now on that our objective

is the staff removal stage since it is the common pre-

processing required in OMR systems.

In this work the features of each pixel of interest

consist of the values of its neighbouring region. We be-

lieve that the surroundings of each pixel contains con-

textual information that can be discriminative enough

for this task. Furthermore, this contextual information

can help to avoid misclassification due to noise or small

deformations of the image.

We shall assume that the input score has been bina-

rized previously, as it is usual in this field. Nevertheless,
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Fig. 3 Example of feature extraction considering ww =
wh = 4. Cell in red represents the pixel from which features
are being extracted.

our feature extraction is not restricted to binary images

but it could be applied to any type of image.

Formally speaking, let I : N×N→ {0, 1} define the

input score image. We use wh and ww to denote two in-

teger values defining the opening of the neighbouring re-

gion in each dimension (horizontal and vertical, respec-

tively). Given a position (i, j) of the input image, a set

of (2wh+1)(2ww+1) features (fi,j) is considered taking

the values of the neighbourhood region centred at (i, j).

That is, fi,j = {I(x, y) : |i − x| ≤ wh ∧ |j − y| ≤ ww}.
Then, the values contained within this set are concate-

nated following some specific order (e.g., by columns)

to obtain a proper feature vector. This process is illus-

trated in Fig. 3.

To obtain the training set, the feature extraction

process is applied to the foreground pixels of a labelled

dataset of scores with and without staff lines. Given

a pixel in the position (i, j), the feature extraction is

applied in the score that contains staff lines (i.e., in

the original one). After that, the value in the position

(i, j) of the score without staff lines is used to obtain

the actual label between staff or non-staff.

This training set is used to feed a supervised learn-

ing classifier. Then, when an input score is received,

this classifier will be able to take a decision about each

of its foreground pixels. If it is classified as staff, the

pixel will be removed from the image.

It should be emphasised that the intention of this

work is not to find the most suitable pair of features

and classification algorithm, but to show that this ap-

proach allows dealing with the staff removal stage even

with a very straightforward classification step. Pursuing

the best configuration could cause results depend more

on these aspects than on the approach itself. Thus, a

more comprehensive feature extraction and classifica-

tion research fall outside the actual intention of this

work.

Next section will present experimentation with some

common classification algorithms considering several val-

ues of wh and ww.

4 Experimentation

This section details the experimentation carried out to

test our proposal. Taking advantage of the GREC/ICDAR

2013 Staff Removal Competition, whose dataset was

publicly available1, we are going to follow the same

experimental set-up to assure a fair comparison with

state-of-art developments.

The data used in this contest is organized in train

and test sets, with 4 000 and 2 000 samples respectively.

The test set is further divided into three subsets (TS1,

TS2, and TS3) based on the deformations applied to

the scores. Each sample consists of an image of a hand-

written score in both binary and grey-scale with its cor-

responding ground-truth (the score without staves). We

shall use here the binary ones. Figure 4 shows a piece

from a score of that set. The number of foregrounds pix-

els per score is around 500 000 with 200 000 staff pixels,

both on average.

(a) Score

(b) Ground-truth for staff removal

Fig. 4 Piece of sample from the GREC/ICDAR 2013 Staff
Removal Competition dataset.

The training set will be used to learn to distinguish

between staff and symbol pixels by the classification al-

gorithms. Due to the large amount of data available,

it is infeasible to handle it completely. Thus, at each

instance only one score of the training set, chosen ran-

domly, will be used. If we also consider that one score

1 http://dag.cvc.uab.es/muscima/
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contains around 500 000 foreground pixels, this is still

too much information to use as training set.

We must bear in mind that the whole set of fore-

ground pixels may be used to train the classifiers. Then,

to further reduce the size of the training sample, the

Condensing algorithm [16] was applied. This algorithm

removes the samples that are not considered relevant

enough for the classification task. After that, the av-

erage size of the training sample was around 20 000.

In other words, only 4 % of the foreground pixels of

one score randomly selected have been used as train-

ing, which constitutes 0.001 % of the available training

information.

On the other hand, test set will be used to assess

the results achieved. As in the competition, the perfor-

mance metric will be the F1 score or F-measure:

F1 =
2TP

2TP + FP + FN

where TP , FP and FN stand for true positives (staff

pixels classified as staff), false positives (symbol pix-

els classified as staff) and false negatives (staff pixels

classified as symbol), respectively.

4.1 Classification techniques

For the classification task, many supervised learning

algorithm can be applied. In this work, we are going to

consider the following methods:

– Nearest Neighbour (NN) [6]: given a distance func-

tion between samples, this algorithm proposes a la-

bel of the input by querying its nearest neighbour

of the training set. The Euclidean distance was used

for our task.

– Support Vector Machine (SVM) [33]: it learns a hy-

perplane that maximises the distance to the nearest

samples (support vectors) of each class. It makes

use of Kernel functions to handle non-linear deci-

sion boundaries. In our case, a Radial Basis Func-

tion kernel was chosen.

– Random Forest (RaF) [2]: it builds an ensemble clas-

sifier by generating several random decision trees at

the training stage. The final output is taken by com-

bining the individual decisions of each tree.

The methods described above have been applied us-

ing the Waikato Environment for Knowledge Analy-

sis (WEKA) library [15], each one with their default

parametrization unless where it has been told other-

wise. Since our interest is not focused on finding the

best classifier for this task, but to emphasise the super-

vised learning approach, we did not pursue the optimal

tuning of these classifiers.

Table 1 Average F1 score (%) achieved by the different clas-
sification techniques in combination with different values of
neighbouring squared region over the three test subsets. Bold
values indicate the best results, on average, at each subset.
The average results obtained with each set of features are also
showed.

Test set Classifier
Features

9 25 49 81

TS1
NN 68.34 86.10 89.69 91.07
SVM 40.72 87.14 93.95 94.10
RaF 68.06 90.12 93.52 93.89

TS2
NN 77.32 90.05 95.24 96.06
SVM 51.22 97.02 98.11 98.08
RaF 76.46 93.86 96.95 97.78

TS3
NN 71.56 86.23 89.33 90.58
SVM 48.07 87.81 93.92 94.00
RaF 71.15 90.55 93.23 93.39

Average 63.43 89.87 93.77 94.32

4.2 Results

For our experiments we shall restrict ourselves to con-

sider squared neighbouring regions. Concretely, regions

with windows of length 1, 2, 3 and 4 in each direction

centred at the pixel. Therefore, each pixel of interest is

defined by 9, 25, 49 and 81 binary features, respectively.

Results achieved are shown in Table 1.

An initial remark is that the number of features has

a stronger influence in the results than the algorithm

used. For instance, classifiers showed a poor perfor-

mance when 9 features are considered but they increase

noticeably the accuracy with 25 features. It is impor-

tant to stress that each configuration outperforms re-

sults of any other configuration with less features, with

independence of the algorithm used. This is also re-

ported in the last row of the table, in which the aver-

age improvement obtained by increasing the number of

features is depicted.

Results seem to be stabilized within the two highest

number of features considered. Thereby including more

than 81 is not expected to improve accuracy signifi-

cantly. In addition, increasing the number of features

may imply some drawbacks such as efficiency in both

learning and testing phase.

Regarding classification techniques, SVM achieves

best results for both each feature extraction considered

and each test subset, although its difference with RaF

is hardly significant. In turn, NN does present a lower

accuracy than the others. Specifically, SVM with 81 is

reported as the best configuration, on average, and it is

also the best result in two of the three corpora used.

Figure 5 shows an example of the behaviour pro-

vided by our algorithm (SVM with 81 features), in

which a great accuracy is achieved. Surprisingly, mis-

classification is not found in the edges between symbol
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(a) Input score

(b) Score after staff removal

Fig. 5 Example of a staff removal process using SVM clas-
sifier, 81 features per pixel and only one condensed score as
training set.

and staff, but it mainly occurs along the staff lines.

In fact, looking in more detail, very few symbol pix-

els are removed. It should be stressed that most of

these remaining mistakes could be hopefully corrected

by means of a post-processing step.

To analyse our performance against state-of-art meth-

ods, Table 2 shows a summary of the results achieved

in the staff removal competition for each test set. These

sets comprise different deformations applied over orig-

inal scores: 3D distortions in TS1, local noise in TS2,

and both 3D distortion and local noise in TS3. For a de-

tailed description about each participant and the defor-

mation models applied, reader is referred to the report

of the competition [34]. Our best average configuration

(SVM with 81 features) is also included for comparison.

Most of the methods proposed in the contest follow

a two step approach: first, an estimation of the position

of the staff lines; then, staff lines removal while keeping

symbol information. This second step is what usually

produces the accuracy loss, since it is difficult to distin-

guish symbol pixels over a staff line. On the contrary,

our method is directly focused on the final task without

a first estimation of staff lines.

According to the results, our method shows the best

accuracy against local noise (TS2). This is probably

because local noise is less harmful for our feature ex-

traction and classification. In turn, they are less gen-

eralizable to deal with 3D distortions (TS1 and TS3),

for which our approach suffers some accuracy loss. Al-

though we only achieve the highest score in one of the

two subsets considered, our results are quite compet-

itive as differences among best results and those ob-

Table 2 F1 comparison between the best tuning of our
method and the participants in the staff removal contest. Best
values, on average, achieved on each subset are highlighted.

Method TS1 TS2 TS3
TAU 85.72 81.72 82.29
NUS 69.85 96.25 67.43
NUASI-lin 94.77 94.76 93.81
NUASI-skel 94.11 93.67 92.78
LRDE 97.73 96.86 96.98
INESC 89.29 97.72 88.52
Baseline 87.01 96.91 89.90
Our method 94.10 98.08 94.00
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Fig. 6 Performance of the classifiers using 81 features with
respect to the amount of training samples.

tained by our method are very small. In addition, our

method surpasses many of the participants in the con-

test in all sets considered. It should be noted that not

only this configuration is competitive but also most of

the configurations showed in Table 1, even with a little

set of features. Moreover, we must also remember that

for obtaining these results only 0.001 % of all available

training information was used.

Finally, we focused on assessing whether the amount

of data used to train the classifiers has a strong im-

pact on the results. To this end, another experiment

has been performed in which the number of training

samples is iteratively increased, using a random subset

of the training scores as validation set. As mentioned

above, the specific size of the training set in our pre-

vious experiments is given by Condensing algorithm,

which keeps around 20 000 samples, on average. Fig-

ure 6 shows the curves of such experiment extracting

81 features per pixel (the highest value considered in

our experiments). It can be seen that the performance

is already stable when classifiers are trained with 2000

samples. This leads to the insight that results are not

expected to improve significantly if more data were con-

sidered.

Given all of above, we consider that our proposal

should merit high interest since its performance is com-
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petitive using a simple strategy that has not been stud-

ied so far. Next section extends the implications that

our method has in the ongoing research on staff re-

moval, supported by the results obtained.

5 Discussion

Since the work presented here is the first approach to

the staff removal task as a pixel classification problem,

it opens several lines of discussion that should be ad-

dressed.

The first thing to remark is that the performance of

our method is very competitive, although it does not

significantly outperform all the already proposed ones.

While this fact may question the usefulness of the pro-

posal, relevant additional advantages are shown. First

of all, it is simple, easy-to-use and does not require addi-

tional knowledge of the field. In addition, a fine tuning

of the classifiers parameters, as well as using some kind

of advanced feature extraction, clearly represent room

for accuracy improvement.

Unfortunately, this method has also drawbacks that

deserve consideration in future developments. For in-

stance, approaching the task from a classification point

of view is very expensive. Regardless the specific clas-

sifier speed, each foreground pixel of the score entails

a classification process. Therefore, our method will be

usually slower than conventional image processing meth-

ods.

From the learning-driven process point of view, the

staff removal stage is as robust as its training set. That

is, the process can be accurate if we have enough data

of the target type of score. Foreground information such

as hand-written notation or noise can also be addressed

simultaneously as long as they appear in the training

data. Furthermore, this paradigm allows the method to

be adapted to any type of music score, even those quite

different such as Gregorian chant or guitar tablatures.

In those cases, classical methods may fail because of the

high variation with respect to classical notation or the

variable number of staff lines.

To serve as an example, we have carried out a sim-

ple proof of concept experiment to compare the adap-

tiveness of our proposal against a classical one. The

experiment is focused on early music manuscripts so as

to analyse the behaviour of the methods when dealing

with quite different musical scores.

In order to feed the supervised learning classifier, we

have manually labelled a single line of staff of this type

(see Fig. 7). Note that we are just using a very small

piece as training set, which is expected to be available

with small effort.

As a representative of classical image processing strate-

gies we have chosen the LRDE method, since it depicted

the best performance in the contest. Its publicly avail-

able online demo2 has been used for this test.

Figure 8 shows the results of a staff removal process

applying both our proposal and this method to an early

music piece of score. For the sake of further analysis, our

method is trained with both specific data and data of

CVC-MUSCIMA. It is important to remark that the

LRDE method is not able to remove accurately staff

lines in spite of being one of the best in the contest.

On the other hand, our method achieves a very poor

performance if data is not appropriate, as depicted in

Fig. 8(c). However, if specific data is used, results are

fairly accurate (Fig. 8(d)). Although this comparison

may not be totally fair, it clearly illustrates some draw-

back of developing image procedures to remove staff

lines in contrast to a learning-based approach.

5.1 Further considerations

In addition to the advantages discussed previously, con-

sidering staff removal as a supervised classification prob-

lem allows us to explore many other paradigms that

could be profitable for this task:

– Online Learning: new data may be available through

the use of the system [8]. For instance, when user

corrects OMR mistakes, the information could be

analysed to extract new labelled pixels for the staff

removal process. This case may be useful when it

is assumed that the data of the image in process is

more relevant than the training set itself.

– Active Learning: if it is assumed that a user must be

supervising the OMR task, the system could query

about the category (staff or symbol) of some piece

of the score. The main goal is to reduce the user ef-

fort in the whole process, and therefore some queries

may be needed to avoid many of the potential mis-

takes in the classification stage [14].

– One-class classification: since the staff removal may

entail an imbalanced binary classification with re-

spect to the training data available, it could also be

modelled as a one-class classification problem [18].

This case seems to be very interesting because it

would need less data to train (just one of the two

classes considered, the one whose data is more avail-

able) and some strategies could be applied to auto-

matically extract labelled data of that class from

score images.

– Deep Learning: taking into account the huge amount

of labelled data present in this task, this paradigm

2 https://olena.lrde.epita.fr/demos/staff removal.php
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(a) Score

(b) Ground-truth for staff removal

Fig. 7 Training set used for the proof of concept experiment over early music scores.

(a) Input score

(b) Input score after staff removal by LRDE method

(c) Input score after staff removal by our proposal with CVC-MUSCIMA data

(d) Input score after staff removal by our proposal with specific data

Fig. 8 Performance of LRDE method and our proposal (SVM classifier and 81 features per pixel) with general and specific
data over an ancient score of early music.
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may learn the high-level representation inherent to

each piece of the score to learn to distinguish be-

tween symbol and staff pixels more accurately. Con-

volutional Neural Networks have been reported to

be especially suitable for performing such a task [5].

These points represent ideas that could be imple-

mented to improve the process so that it becomes more

adaptive, efficient and/or effective. Nevertheless, it should

be noted that most of these paradigms can not be ap-

plied if conventional methods for staff removal are used.

On the other hand, one of the main obstacles in

the preprocessing of degraded documents is the bina-

rization step. However, the method proposed in this

work could be trained to deal with grey-level images,

although it would represent a different task. Since back-

ground pixels would have to be classified as well, the

complexity of the process would be increased drasti-

cally.

For all the reasons above, we believe that this ap-

proach is worthwhile in its current form since the per-

formance achieved is comparable to state-of-art with

a very straightforward procedure. Moreover, it is spe-

cially interesting when considering all the research av-

enues and opportunities opened, some of which could

lead to a significantly higher performance than that ob-

tained by the methods proposed so far.

6 Conclusions

In this work we presented a novel approach for the staff-

removal stage, a key pre-processing step in the perfor-

mance of most OMR systems. Our strategy models the

task as a supervised learning classification problem, in

which each foreground pixel is classified as staff or sym-

bol using raw neighbouring pixels as features.

In our experiments, the feature set was demonstrated

to be more relevant than the specific classifier in the ac-

curacy results. SVM classifier, considering 81 features,

reported the best results on average. In comparison

with other state-of-art staff removal processes, our strat-

egy showed a very competitive performance, even achiev-

ing the best results in some cases, using a very small

piece of the training information. A proof of concept

experiment over early music scores has also been car-

ried out as an example of the robustness of our method.

Therefore, this novel approach deserves further consid-

eration in the field since it also opens several opportuni-

ties for which conventional methods are not applicable.

As future work some effort should be devoted to

overcoming the problem of getting enough data to train

the classifiers. For instance, the conditions of the actual

sheet —such as scale, deformation and so on— could be

learned online. Then, the same conditions could be ap-

plied to a reference dataset so that specific labelled data

is obtained for each type of score. The use of adaptive

techniques for domain adaptation or transfer learning

is another way to deal with this issue [20]. Similarly,

considering an interactive OMR system, staff-removal

learning could be improved through user interaction.

Moreover, there is still plenty of room for improve-

ment regarding the classification process such as seeking

a better feature set or using other advanced techniques

for supervised learning. Speeding-up the process may

be also of great interest. For instance, by classifying a

relatively small block of the score at a once, instead of

querying every single pixel of the image.
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