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Cooperation

❖ Most professionals 
managing collections 
cooperate in… 
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Spanish libraries and archives
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Spanish libraries and archives
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Spanish libraries and archives
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+ 200 institutions and orchestras



Spanish libraries and archives
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Spanish libraries and archives
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Vast musical heritage

Most of collections  
are already catalogued
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The role of music encoding 
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The role of music encoding 
❖ 21st century

➡ many archives and libraries have digitized their 
collections

https://blog.cambronsoftware.co.uk/ 24



The role of music encoding 

Scanned files 
are catalogued

and are accesible online
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The role of music encoding 

Scanned files 
are catalogued

RDA application profile for notated 
music in the National Library of Spain

29



The role of music encoding 
User can search  
using metadata

• Title

• Subject

• Author

• Edition

• Description

• Etc.
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The role of music encoding 

Inaccuracies
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The role of music encoding 
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The role of music encoding 

Humans always want more…

Is this a copy of 
another work?

Can I retrieve works 
using colored notes?

Is this melody 
present in the 

collection?

I want to 
catalogue some items 

into RISM

Is it possible?
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The role of music encoding 

YES

By encoding the music notation 
contained in the images
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The role of music encoding 
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Encoding methods

Manual encoding of modern conversion 
Plaine and Easy Code

%C-1@2’A2A2A2A1A2A2A2A2A2A2''C4'B1A2xG1A/
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Encoding methods

Manual encoding

MEI XML
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Encoding methods

Manual encoding of mensural code  
**mens

VHV
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Encoding methods

Visual input with notation software 
(using modern notation)

psal113.mus (Finale), psal113.sib (Sibelius)
Can be exported to MusicXML or MEI

Dorico / 
Finale / 
Sibelius / 
Musescore

Binary file
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Encoding methods

Computerized Mensural 
Music Editing (CMME)

Visual input with notation software 
(using mensural notation)

psal113.cmme.xml
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Computer help?
❖ Optical Character Recognition (OCR) for text contents
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Computer help?
❖ Optical Character Recognition (OCR) for text contents

Optical Music Recognition (OMR) 

Time devoted to the important: 
musicological tasks rather than encoding
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Encoding methods

Optical Music Recognition (OMR)

AruspixIt exports to MEI

Post-editing process of errors 44



Encoding methods

Optical Music Recognition (OMR)

MuRETIt exports to MEI, **kern and **mens, Plaine and Easie Code and Lilypond

Post-editing process of errors 45



Encoding scenarios
En

co
di

ng
 fi

de
lit

y

Human effort Modern Mensural

CMMEVHV

Manual
PAEC

Manual 
MEI

Finale 
Sibelius 

Musescore
Dorico

OMR 
without 
post-edit

OMR 
with 

post-edit

%C-1@2’A2A2A2A1A2A2A2A2A2A2''C4'B1A2xG1A/
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I want to 
catalogue 

some items 
into RISM

• I look for 
works using colored 

notes

• Is this melody present in the 
collection?

• Is this a copy of another 
work?
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Once encoded: MIR tasks
❖ Search  

graphical 
symbol 
(colored  
brevis)
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Once encoded: MIR tasks

❖ Highlighted 
result
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Once encoded: MIR tasks

❖ Search for a 
pitch 
sequence
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Collections
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Collections
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Our tool: MuRET

❖ MuRET: Music Recognition Encoding and Transcription
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What is MuRET

❖ Machine learning  
OMR research tool

➡ Created for 
experimenting 
machine learning 
algorithms

❖ Still being developed
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Notation and manuscript type

Handwritten Printed

White 
Mensural

Modern

Monodic staves
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Supported document types

2. Compilation 3. Parts
Independent 

staves 
CDMA

Each page is a different 
song - one voice 
FMT - IMF/CSIC

Instruments / Parts in 
several images / pages 
Mensural collections

SONG 
1

SONG 
2

SUPERIUS

TENOR

ALTUS

BASSUS

1. Incipits
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Document types: multi-staff systems partially supported

4. Orchestral scores 5. Piano, voice, accompaniment …
OMR training set 

from DIDONE  
project sources

FMT - IMF/CSIC
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MuRET workflow

1. Document analysis 60



MuRET workflow

2. Tagging with parts / 
instruments 
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MuRET workflow
3. Agnostic (graphical symbols are recognized)
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MuRET workflow
4. Semantic musical information is encoded
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MuRET workflow
5. Scoring up: staves and parts are organized  to create a score. 
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MuRET workflow
6. Exporting 
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Fully automated process

❖ Still experimental
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MuRET architecture

Offline machine 
learning (DL) 
model training
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AI: Machine learning paradigm
❖ Computer models are trained using examples: 

➡ image of staff with its agnostic encoding

clef.Fpetrucci4:L4 accidental.flat:L2 metersign.Ccut:L3 note.half:L1 
accidental.flat:L2 note.half:L2 dot:S2 note.quarter:S1 note.whole:L1 
accidental.sharp:S0 note.half:S0 note.whole:L1 note.half:S4 
accidental.flat:S5 note.half:S5 dot:S5 note.quarter:L5 note.whole:S4 
accidental.sharp:L4 note.half:L4 note.whole:S4 note.half:L3 
note.whole:L4 accidental.flat:S3 note.quarter:S3 note.quarter:L3 
accidental.flat:S3 note.half:S3 note.half:L3 accidental.flat:S3 
note.whole:S3 note.whole:L3 dot:S3 accidental.flat:L2 note.whole:L2 
note.half:S1 accidental.flat:L2 note.half:L2 dot:S2 note.quarter:S1 68



AI: Machine learning paradigm
❖ Computer models are trained using examples: 

➡ image of staff with its agnostic encoding

clef.C-L1 metersign.C-L3 rest.semibrevis-L3 note.minima-S3 
note.semiminima-S1 note.semiminima-L2 note.minima-S2 
note.semiminima-L2 note.semiminima-L3 note.semiminima-L2 
note.minima-S3 note.minima-S4 note.semiminima-L5 note.semiminima-
S4 dot-S4 note.fusa-L4 note.fusa-S3 note.fusa-L3 note.semiminima-
S3 dot-S3 note.fusa-L3 note.semiminima-S2 note.semiminima-L2 
custos-L2 clef.C-L1 note.semiminima-L2 note.semiminima-S3 
note.semiminima-S3 note.semiminima-L3  … 69



AI: Machine learning paradigm

❖ Computer models are trained using examples: 

❖ Model quality depends on the

➡ Quantity and representativeness of training 
examples

➡ Quality of the examples (lack of encoding errors)
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AI: Machine learning paradigm
❖ Models see images, not music

➡ Computer must be trained that all these symbols are the same 
by feeding it with thousands of examples

≠ ≠≠

71
note.minima_up:L2

System must learn



Human effort

❖ Existing computer models cannot recognize all 
typographies or calligraphies

❖ User must tag manually some pages of examples to 
train computer models
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Human effort
❖ User must tag manually some pages of examples to 

train computer models
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Not only OMR: usability

❖ “Usability is a measure of how well a specific user in a 
specific context can use a product/design to achieve a 
defined goal effectively, efficiently and satisfactorily”.

❖ OMR may be very accurate

➡ If the usability fails, the whole process fails.
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Ongoing work
❖ Currently tagging Spanish collections  @BNE_biblioteca

❖ Iterative incremental approach

OMR

Users  
correct errorsTrain OMR models

75

In each iteration 
users need  

to correct less errors



Next steps

❖ UX/UI of MuRET is being improved

❖ We are gathering training sets to improve the models

❖ Working on language models to detect recognition 
errors

❖ Enhancing deep neural network models to work with 
small training datasets

❖ Any further collaboration with other digital libraries…
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After the encoding…

‣ Jerónimo de la Torre (1607–1673)

❖

EWSC77
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