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OMR on early music sources

Aruspix
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What?
– Enable Aruspix to be able to handle variabilities 

more efficiently
How? 

– Make it adaptable to each book
– Use a supervised adaptation of trained HMMs
– Does involve manual correction

Why? 
– OMR output has to be corrected anyway in most 

applications

Goal of this research



MAP (maximum a posteriori) adaptation

MAP adaptation in speech

• A speaker-independent 
model (SI) is built off-line 
on a large set of data

• During recognition, the 
SI model is optimized to 
obtain the speaker-
dependent (SD) model 
using a small set of data

MAP adaptation in OMR

• A book-independent 
model (BI) is built off-line 
on a large set of pages

• During recognition, the BI 
model is optimized to 
obtain the book-
dependent (BD) model 
using a small set of pages
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Experiment data

• 1 BI model trained from scratch on 457 
pages from various printed books

• 5 books to experiment with MAP adaptation
– 50 pages of ground-truth in each book

• 5 training sets of 40 pages (first pages of the book)
• 5 testing sets of 10 pages

• Cross-validated one of the books



(a) RISM M.0579 (R. Amadino, Venice, 1587) – baseline rec. rate = 83.91%

(b) RISM M.0580 (G. Vincenti, Venice, 1587) – baseline rec. rate = 67.64%

(c) RISM M.0583 (A. Gardano, Venice, 1603) – baseline rec. rate = 82.85%

(d) RISM M.0585 (P. Phalèse, Antwerp, 1607) – baseline rec. rate = 86.07%

Figure 4: Prints used for our experiments. Note the great variability in font, line width, background,
and overall scanning quality. Also note the significant differences in BI recall rates, included in the
captions. These differences are especially surprising because the musical content of all documents
is identical.

the first 20 pages of each partbook (each book contains four partbooks, one per voice) because it
is in this order that the data become available in a digitization workflow. For the same reason, we
chose not to perform traditional cross-validation across the data set; furthermore, it has been shown
that cross-validated results in a similar context did not vary significantly from those we present here
[14]. We selected the same training set to build the BD models. The baseline for the evaluation
was computed by using the BI models to recognize the pages of the four testing sets. The results
obtained are presented in figure 4.

4.1 Editing cost

Like most information retirieval tasks, OMR results are typically presented as symbol recall and
precision rates. From a digitization prospective, however, it is more beneficial to have an evaluation
of the human costs related to the corrections to be done rather than the accuracy of the recognizer
itself. A human editor will always be required to correct the output to library standard, and the cost
of this editor will outstrip the cost of the processing time, software, and hardware in the long run.

Using Aruspix’s integrated music editor, we evaluated the editing costs considering the following
points:

• Deleting a wrongly inserted symbol is a straightforward operation: find the symbol and
press the backspace (or delete) key.

• Changing the value of a misrecognized symbol takes twice the time of a deletion on av-
erage: find the incorrect symbol, delete it if necessary, and then select the new symbol to
replace it (sometimes possible with keystrokes).
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What We Observe

feature vector

1 V V3 V4 V5 Vn2 ...V
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Results 
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(a) RISM M.0579
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(b) RISM M.0580
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(c) RISM M.0583
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(d) RISM M.0585

Legend

BI model (baseline)

BA model (MAP adaptation)

BD model

Figure 5: Editing costs with and without MAP adaptation for five early music prints with Aruspix.
A cost of 100 corresponds to annotating an image by hand.

images. To reduce the editing costs and to deal with the high variability in the data, we experimented
with MAP adaptation within the digitization workflow. Our results show that this approach can
improve the recognition system and reduce the editing costs even when using only a couple of pages,
which means that the editors can very quickly glean time-saving side effects from their required
work when starting to digitize a new book. Although our experiments focused on the digitization of
early music, the efficiency of book-adaptive and book-dependent models in handling data variability
suggest that this approach could be used fruitfully in the digitization of early documents in general.

Our HMM-based approach takes advantage of horizontal (i.e., sequential or melodic) regularities
in the score. However, there is also significant “vertical” (i.e., harmonic) structure. This could
be exploited by using a more complex graphical model that combine observations from individual
staves or lines that represent the same music sequence [20]. While our current model is appropriate
for monophonic scores, such an extension should improve its performance for polyphonic scores by
integrating polyphonic constraints into the model.

Because our recognition rates are high enough to obtain affordable human editing times, we have
been able to produce a relatively large set (about 2000 pages) of labelled ground truth. We are
currently using this set to compare the recognition performance of Aruspix to that of Gamera, which
uses a nearest-neighbour classification approach. We also plan to experiment with other approaches
never before used for OMR, such as recurrent neural networks or conditional random fields.
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Analysis of the results

• MAP adaptation improves both recall 
and precision

• MAP adaptation is faster than training 
from scratch in most cases

• Only 5 to 10 pages are needed to 
achieve optimal performance

• MAP adaptation can be used in real-
time when alignment is good enough



Conclusion and future work

• Exploit vertical as well as horizontal 
information

• This comes in the form of harmonic 
structure 

• More complex graphical model combining 
information from multiple staves

• Appropriate for polyphonic music



Thank you!



Results - Precision



Results - Recall


