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ABSTRACT Typically HMMs and other graphical have been used for
online applications [7] [8] [9] [10].
Real-time aut_jio to score a_ligment is a valuable application |, this proposal, a NLS multipitch estimator is used as a
in some music areas. This goal has been addressed oMo cessing tool to obtain probabilities between audio time
different point of views during the last years. Multipitch 54 score states. Then, a sub-optimal approach of DTW
estimation was one of the first processing algortihm usedp a5 peen designed in order to take decisions with limited

for audio to score alignment. Here, a multipitch estimator latency in order to allow real-time decision to the score
is utilized to inform about the probability that a set of rote ¢4 1ower.

is active in a signal frame. In this way, the system is able to
associate the states of score to the time of the performance.
This approach is designed to be low complexity in order to 2 MULTIPITCH ESTIMATION

be used in real-time applications.
One of the simplest multipitch estimators is nonlinearteas

1. INTRODUCTION squares method (NLS). The NLS.estimates-a.re .obtained as
the set of fundamental frequencies that minimizes the 2-
The alignment between the performance and the score isnorm of the difference between the observed signal and
usually addressed in a two step algortihm. First audio andthe signal model [11]. The signal model includes a set
score are analyzed to extract the probability that a certainof harmonically-related frequencies at integer multigles
audio frame belong a score state. Second, these probabilithe each fundamental frequeney. Due to this property,
ties are utilized to perform the correct link between audio NLS method can be implemented efficiently for a linear
time and score states. grid search over a set af;, using a fast Fourier transform
The analysis between audio and score has been addressggtT) [12].
with well-known tools from audio signal processing. In One of the main problems of NLS [12] is the estima-
[1] [2], frequency techniques based on Short-Time Fouri€ tion of the order or the number of partials that belong to
Transform are used. A correlation between each audiogach fundamental frequency. Some solutions have been
frame transform and the ideal harmonically-related frémye ;roposed in the literature for order estimation in multip-
for each given set of notes from the score is computed [2]. jtch methods [13]. Here, a solution based on the perceptual
In [3] an onset detection followed by pitch detectionis pro- gjgnificance of each partial is proposed. The perceptual
posed. In [4], note onsets are computed by decomposingsignificance of frecuency peaks is computed following the
the audio signal into spectral bands corresponding to theperceptual model of [14]. This perceptual models gives a
fundamental pitches and harmonics, followed by compu- y4jye Jarger than one to those peaks audible and lower than
tation of the positions of significant energy increases for 56 to those peaks below the hearing threshold. A cumu-
each band. _ o lative product of the perceptual significance of the pastial
In order to perform a link between audio time and score pe|onging to the each evaluated fundamental frequency is
states two approaches are generally utilized: Dinamic Time c5jcyjated. The order for each fundamental frequency is
Warping (DTW) [S] or probabilistic models based on Hid- - 5;pn0ssed to be equal to the partial position at which the
den Markov Models (HMMs). DTW has predominantly - cymylative product presents the maximum. With the idea
been used for offline techniques being of low complexity 4t eyalyating, the benefits of proposed order estimation two
and giving promising results in different scenarios [21[6] * gfferent approaches are presented at the competitioh: wit
and without the order estimation. The version without or-
Permission to make digital or hard copies of all or part o thibrk for der estimation supposes a fixed order of 9 partials for all
personal or classroom use is granted without fee providetcthpies are fundamental frequencies.
not made or distributed for profit or commercial advantagéthat copies Finally, the algorithm to obtain the probability that a
bear this notice and the full citation on the first page. score state (a set of notes) is played at a audio frame is the
(© 2010 International Society for Music Information Retrieva following:



e Obtain the FFT of the frame. the similarity matrix. Then a variation of it has been im-
plemented. It takes sub-matrixes along real time and it ap-
plies the DWT algorithm to them. These are increasing
sub-matrixes that contain information from the beggining
| time to the current time position.
The sub-matrixes increase is dfsecond along time
frames and the same along midi frames. This increasing

e For each note in the current score state, estimate theis added from the last estimated samples at the previous

order (and therefore the number of active partials). DWT execution, so matrixes grow up folowing the esti-

) ) ) mated sub-path.

 Sum all the fictlve pqrtlals belonging to the set of At each iteration a parcial path solution is achieved,

notes to obtain the salience of the current score state tom the origin to the actual time. However only a strech
« Compute the probability as the division of the salience!S taken and added to the complete solution, this is from

of the current score state and the total salience of theth® 1ast decision time up &0% before now, because there
is an information limitation beacause of the end of the ma-
trix for the last samples, this will be solved at the next step
where these samples will be estimated better.

This computation must be done for each audio frame  Then, the complete solution of the path along the simi-
and for each state of the score, but the low complexity of larity matrix is composed with each strech extracted from

NLS estimator and the used perceptual model allows to€ach sub-path calculated at every sub-matrix. This path is
obtain the probabilities in a real-time execution. the estimation of which temporal frame match with which

In this way, a similarity matrixS that contains the prob- ~ midi frame. At each second, the new stecht is available at
abilities for each state of the score (columns) and audiothe output. A minimun latency is present because of the
frame (rows) is given to the next block of the system in or- 20% of samples that are not taked into account from the
der to obtainb a relation between score and performance innew sub-path, because of it latency, can be a0 to
real time. 1000ms.

The new output times are obtained by interpolating orig-
inal times over the estimated path line.

e Compute the amplitudes for all spectral peaks of the
frame.

e Compute the perceptual significance for all spectra
peaks of the frame.

frame (computed as the sum of all spectral peaks of
the frame).

3. DYNAMIC TIME WARPING
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