N
N

N

HAL

open science

MUSICAL INSTRUMENT RECOGNITION ON SOLO
PERFORMANCES
Slim Essid, Gaél Richard, Bertrand David

» To cite this version:

Slim Essid, Gaél Richard, Bertrand David. MUSICAL INSTRUMENT RECOGNITION ON SOLO
PERFORMANCES. European Signal Processing Conference (EUSIPCO, Sep 2004, Vienna, Austria.

hal-02946903

HAL Id: hal-02946903
https://telecom-paris.hal.science/hal-02946903
Submitted on 23 Sep 2020

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.


https://telecom-paris.hal.science/hal-02946903
https://hal.archives-ouvertes.fr

MUSICAL INSTRUMENT RECOGNITION ON SOLO PERFORMANCES
Slim ESSID, Gél RICHARD, Bertrand DAVID

GET - ENST (Telecom Paris)
46, rue Barrault - 75634 Paris Cedex 13 - FRANCE
phone: +331 4581 71 71, e-mail: Slim.Essid, Gael.Richard, Bertrand.David@enst.fr

ABSTRACT specific common sound database of musical solo excerpts of
appropriate size and with enough diversity that could have been
used for evaluating the relative performance of the proposed

Musical instrument recognition is one of the important goals of mu-musical instrument recognition systems.
sical signal indexing. If much effort has already been dedicated
to the automatic recognition of musical instruments, most studies  In this work, two statistical approaches, namely the Gaussian
were based on limited amounts of data which often included onlyixture Model (GMM) and the Support Vector Machines (SVM),
isolated notes. In this paper, two statistical approaches, namely thee studied for the recognition of woodwind instruments using a
Gaussian Mixture Model (GMM) and the Support Vector Machineslarge database of isolated notes and solo excerpts extracted from
(SVM), are studied for the recognition of woodwind instrumentsmany different sources. Our work extends Marques study [9] in
using a large database of isolated notes and solo excerpts extracigsing much larger sound databases for both training and testing and
from many different sources. Furthermore, it is shown that the usgh introducing Principal Component Analysis (PCA) to "de-noise”
of Principal Component Analysis (PCA) to transform the featurethe feature space.
data significantly increases the recognition accuracy. The recogni-
tion rates obtained range from 52.0 % for Bb Clarinet up t0 96.0 %  The use of a much larger sound database of excerpts recorded
for Oboe. in different conditions, with different instrument instances and
performers clearly permits to better grasp the variability of realistic
situations. The use of such databases is essential to build classifiers
with better recognition accuracy and ability to cope with data
variability.
1. INTRODUCTION
The paper is organized as follows. In the first place, using Mel-
Frequency Cepstrum Coefficients (MFCC) as features, a study on
Musical instrument recognition has gained more and more interes¢olated notes is presented to test several variations on the classi-
as the need for multimedia description tools has become obviouication strategies for model training and decision rules. Principal
in the lights of the MPEG-7 standardization effort [3]. As far as Component Analysis (PCA) is then introduced and its use as pre-
musical content is concerned, the challenge is to reach configur@rocessing to classification is discussed. Finally, GMM and SVM
tions where complex mixtures of sound could be fully labeled (forclassification are used on PCA transformed data from recordings
example, in terms of mode, style and rhythm,...) and furthermorend their performance is compared.
indexed in terms of musical events in order to permit, at a very high
level of description, the extraction of a score-type representation.
One could then be able to formulate requests such as “find Jazz
trumpet solo parts played & in the middle of a musical database”.
2. FEATURE EXTRACTION
The task is very complex and many problems remain unsolved
given the current state of the art. For instance, very few attempts
have been made on a musical content involving more than onBlany features have been proposed for musical instrument
instrument playing at a time. Previous work on musical instrumentecognition [8] and applied with a certain success in the case
recognition mainly focused on the case where isolated notes weid classification on isolated notes. Nevertheless, many of these
played motivated by the hypothesis that separation of the differerfeatures cannot be extracted in a robust manner, especially when
sound sources in the signal, followed by note segmentation couldealing with phrases from real musical performances. For example,
be achieved in a first stage of processing (see [8] for a completieatures related to sound attack, harmonic structure, vibrato and
review). Yet, the task of source separation and segmentation caremolo, etc., have been found to be very useful [10, 6]. Yet,
be even more intricate than source recognition. It is thought thathe underlying extraction stages, namely, onset detection and
the most promising approach which moreover could give risemulti-pitch estimation give rise to problems that remain partially
to immediate applications, is to consider the recognition of solaunsolved whenever concurrent notes are played, given the state of
musical phrases taken from commercial recordings. the art.

To our knowledge, there was only three studies reporting The Mel-Frequency Cepstral Coefficients (MFCC) have proven
significant performance that adopted these conditions, by Browsuccessful for our task [4, 6] and have the advantage of being easily
et al. [4], Martin [10] and Marques [9]. Both parametric and extracted, therefore they were chosen as features for this study.
non-parametric classification techniques were used. For instancBelta Cepstrum is not used, since it was found useless for the
encouraging results have been found with Gaussian Mixturevoodwind instrument recognition, consistent with the findings of
Models (GMM) and Support Vector Machines (SVM) which have Brown [4]. It is important to note that other useful features (related
proven successful in various classification tasks, particularly irto spectral shape, for example) could be added, but the primary
speech recognition and speaker identification.  Unfortunatelygoal of this paper is to assess the performance of the classification
in contrast to the speech/speaker community, there has been techniques on a large sound database considering baseline features



such as MFCCs. SVM classification is very advantageous in the sensse that it has

interesting generalization properties. Interested readers are referred
The input signal was down-sampled to a 32 kHz sampling rateto [5] for detailed description and discussion of SVM.

centered with respect to its temporal mean and its amplitude nor-

malized with respect to its maximum value. The analysis was per-

formed over sliding overlapping windows. The frame length was

32 ms and the hop size 16 ms. The cepstrum was computed with a

FFT after a Hamming window had been applied. Frames consisting 4. EXPERIMENTAL STUDY

of silence signal were detected thanks to a heuristic approach based

on power thresholding and then discarded. A feature vector con-

sisted of the 10 first cepstral coefficients not including the zerothy 1  Sound database for isolated note recognition

coefficient. . . -
Three musical note collections were used for a preliminary study,

namely, McGill University Master Samples (MUMS)[12], IRCAM
Studio Online collection (SOL) [1] and the University of lowa Elec-
tronic Music Studios samples [2]. The aim of this study was to
3. THEORETICAL BACKGROUND ON investigate a number of variations on the classification techniques
CLASSIFICATION with reasonable overall computational cost and provide feedback to
reference work on isolated note recognition. Leave-one-out cross-
validation was used, in the sense that two out of the three collections
3.1 The Gaussian Mixture Model were used as training set and the remaining collection was used as

. . . test set with the three possible combinations.
The Gaussian Mixture model (GMM) has been widely used by the

speech/speaker community since its introduction by Reynolds ‘(Oﬂ.z Sound database for solo phrase recognition
text-independent speaker identification [14]. It was also successfu o o "
for musical instrument recognition [9, 4, 6]. In such a model, theln order to assess the generalization capability of the recognition
distribution of feature vectors (in our case the feature vectofs of System, a great deal of effort has been dedicated to obtain enough
MFCCs, withP = 10 for a given instrument class) are modeled by avariation in sound material used in our experiments with regard to
Gaussian mixture density. For a given feature vegtdhe mixture recording conditions, performers and instrument instances. Sound
density for instrumen®, is defined as : samples were excerpted from CD recordings mainly obtained from
personal collections. The content consisted of classical music, Jazz
music or educative material for music teaching.

M
PR =3 prbI (). (€

I= _ The task has been particularly difficult and _time-consuming

The density is then a weighted linear combination of M GausWith some instruments for which unaccompanied solo perfor-

sian component densitie(x) with mean vectopk and covariance  Mances may be very uncommon, as it is the case for the Bassoon.
matrix X given by: Additionally, Sax and Bb Clarinet solo phrases performed by two
: :

amateur players were recorded @é&com Paris studio. Although
1 1 Kok 1 . this study is limited to five woodwind instruments, it is conducted
b!‘(x) =—— o= 3 Ge—pl) (Z) (- ) (2)  on a much larger and more varied database than previous studies
(27F)P/2|Z=‘|5 allowing to assess the generalization properties of the classification
The parameters of the model for the instruméntdenoted ]Eask. It was thought_that it would b_e_more interesting to consider
K K <k : " ewer instruments with enough training and test data than many
by A = {P\, K", X }i—yu are estimated thanks to the traditional gt ments with insufficient samples. Al note collections were
Expectation-Maximization (EM) algorithm [11]. Classification is then included in the training set for the solo phrases recognition
then usually made by using the MaximuaposterioriProbability  experiments in addition to selected recording samples.
(MAP) decision rule, which thanks to Baye’s rule, can be written as
The selection of recording excerpts used in the training set was
N Ll made randomly under the constraint that at least 15 minutes of data
Q=arg max Z'OQ Pt/ ) () were assembled. Ideally, never would the same CD provide ex-
- t= cerpts for both training and test sets, but, in some cases, it hasn’t
been possible to do so without lacking of material either for training
or testing. However, it was made sure that samples used for testing
were never extracted from any tracks that were used in the train-
ing set. All samples not used for training were tested so as to pro-
vide tight confidence ranges on the success rates. Table 1 presents
an overview of the sound database and training/test division. The
The other classification approach used in this study is known agmounts of data used in previous work on instrument recognition
Support Vectors Machines (SVM) which have been used for varion solo phrases are summed up in table 2. Note that much more
ous classification tasks. Considering two classes, SVM try to findjata is used in our experiments.
the hyperplane that separates the features related to each class with
the best possible margin. In the case where the data is non-linearly3  Study on musical note collections
separable, SVM map the-dimensional input feature space into a L
higher dimension space where the two classes become linearly s¢h3-1 GMM classification

whereN is the number of instrument classggx;|Q, ) is given in
(1), % is the test feature vector observed at timandT is the total
number of observations considered in taking decisions.

3.2 Support Vector Machines

arable, thanks to a Kernel functi¢f(x, y) such that The GMM was trained with ten iterations of the Expectation
Maximization algorithm. Initialization consisted in clustering the
K(x,y) = ®(x).9(y), observation space of accumulated MFCC vectors Mtyorondi

regions thanks to the LBG quantization procedure. Initial means
where® : R — H is a map to the high dimension space H. Suchof the component densities were taken to be the centroids of the
classifiers can perform binary classification and regression estimabtained clusters. Diagonal covariance matrices were used and
tion tasks but can also be adapted to perfdtrolass classification. initialized with empirical covariance coefficients of MFCCs from



Sources| Tracks || Train (mn) | Test(mn) % correct | MAP | one Vs all
Alto Sax 12 150 31.71 1.45 Alto Sax 55.7 61.4
Bassoon 11 115 16.73 1.41 Bassoon 84.3 86.8
Bb Clarinet 16 155 21.67 7.12 Bb Clarinet| 30.2 32.8
Flute 13 216 27.86 141.49 Flute 67.7 68.0
Oboe 12 133 20.83 52.88 Oboe 70.9 70.3

Table 1: Sound databas&eurcess the number of distinct sources  Table 3: Performance of isolated note classification with GMM.
used;Tracksis the number of tracks from CDs and files from col-
lections; Train, respectivelyTest is the total length of the training

data, respectively test data, in minutes. nels. The used polynomial kernel has the form
Sources|| Train (mn) | Test(mn) K(x,y) = (sx.y +¢)%. (4)
Brown [4] na 0.9-5.5 1.0-4.0 .
Martin [10] 29 023355 | 09-355 Parametersandc were chosen to be equal to 1 after testing. Param-
Marques [9] 29 3.4-3.4 0.3-03 eterd was varied from 2 to 4. Recognition accuracy with the best

tested kernels is shown in table 4 in terms of percentage correct. It
seems that using the linear kernel is very advantageous, since it is
Table 2: Sound databas&eurcess the number of distinct sources computationally inexpensive and performs well in most cases.
used;Train, respectivelyTest is the total length of the training data,

respectively test data, in minutes, minimum and maximum dura- % correct | Linear | Poly (d=2) | Poly (d=3) | Poly (d=4)
tions are given. na stands for not available. Alto Sax 73.4 69.2 69.9 69.0
Bassoon 88.0 88.0 87.2 87.6
Bb Clarinet| 31.2 33.0 27.0 28.5
every Vorond region. The number of components in the mixture Flute 82.8 76.3 86.8 86.4
was varied from 4 to 16Vl = 16 gave the best results. Recognition | Oboe 66.9 66.4 74.8 75.9

was made by taking decisions every 0.469 s corresponding to the
accumulation off = 30 observation frames. . S .
Table 4: Performance of isolated note classification with SVM us-
Three decision rules were considered depending on thid linearand polynomial kernels.
chosen classification strategy, namely MAP decision, "one Vs
one” and "one Vs all’. Note that, when considering the "one N
Vs all’ approach, one must set up two models for each clas4-4 Recognition on solo phrases

Q,withk=1,...,5 : one modeR, for Q,, but also one modeh, In this section, we present a study on the recognition of instruments
for the data representing all classes @yt referred to a€),. For  playing solo phrases. Itis shown that transforming the feature data
the “one Vs all” approach, a given test framgwas classified as with P_CA enhances the cla_153|f|c_at|0n performance. Th_|s is partic-
belonging to clas®, if Prob(x,|4,) > Prok(x|4,) and the class ularly important when dealing with data from commercial CDs as
with the largest positive outputs ov&robservations was selected. récording conditions may vary significantly.
For the "one Vs one” case, a "majority vote” rule was applied over . .
all possible pairs and ovérobservjatioxs. PP 4.4.1 The use of Principal Component Analysis (PCA)
PCA is often used in classification applications in order to reduce

Table 3 shows the recognition results obtained with leavethe dimensionality of the feature space [13]. In fact, it may be used
one-out cross-validation for the note collections. The "one Vsto "de-noise” the signal in the sense that the most relevant informa-
one” approach yielded results very close to those obtained witkion is concentrated in the first few components of the transformed
the "one Vs all” approach, thus they are not presented here. "onieature vectors which correspond to directions of maximum energy.
Vs all” performed slightely better than MAP but the improvement PCA was performed as follows. A subset of each instrument train-
remains quite small in most cases. Nevertheless, "one Vs alling data was taken to form a global training set where each instru-
can be more advantageous in a scheme where instrument-specifient had the same number of feature vectors. The covariance ma-
parametrisation would be aimed at. For example, one could useix of this selected training data was computed and its Singular
feature vectors consisting & MFCCs to train models}; and  Value Decomposition (SVD) was processed yielding

A, associated with instrumerit and feature vectors consisting
of P # P MFCCs to train models?Lj and QLJ- associated with
instrumentj, and use the same decision rule as described abovgyhere R, is the covariance matrix of the selected feature vec-
Future work will consider such schemes which hold promise.  tors from all instrumentsJ and V' are respectively the left and
the right singular vector matrices, aldlis the singular value ma-

Finally, note that the recognition accuracy of different instru-trix. The PCA transform matrix was then taken to¥e= V! and
ments should not be compared without prior normalization since|assifiers were trained on the d&a= WX, whereX is the ma-

Ry = UDV!,

inequivalent training/test sets were used. trix whose columns represent the training feature vectors such that
X =[xy, ...,X,]. The same transform matrW was applied on test
4.3.2 SVM classification feature vectors.

The "one Vs one” approach was used to classify the five instru- . .
ments. It was preferred to the "one vs all’ approach for compu#-4-2 Results and discussion

tational cost reasons, since the data to be considered to compuRecognition accuracy obtained with a 16-component GMM with
the optimal hyperplane separating one instrument from all others iand without PCA is shown in the first two columns of table 5. The
much larger. Several kernels were tested, including linear, polynosverall recognition accuracy is improved (with up to 7.2 percentage
mial and Radial Basis Function. Polynomial parameters were alspoint improvement for the Flute). Note that rescaling the data in
varied. Best results were achieved using linear and polynomial kelerder to get unit covariance in the transformed PCA space results



in very poor performance with GMM classification. Alternatively, increased performance. Very high recognition accuracy, with larger

Independent Component Analysis (ICA) was used in other workest data, was achieved for the Flute and the Oboe under changing

[7] to transform the feature space, yet we found no objectivaecording conditions and with several different instrument instances

justification for its utilization. In fact, the improvement achieved and performers.

thanks to ICA may only be due to the PCA pre-processing stage of

the ICA algorithm. Future work will consider more features better adapted to our

task, which is a key issue for better overall performance. Addi-

Increasing the number of Gaussian components from 16 to 3#onally, more instrument classes will be considered and dynamic

resulted in better accuracy except for the Alto Sax indicating thatodels such as Hidden Markov Models in association with SVM

even more data should be used for training this instrument model.will be aimed at.

The best overall recognition accuracy (obtained with PCA
and GMM32) is 67.2 % which can be regarded as "satisfactory”
considering our working constraints : not only a basic and limited
set of features, namely MFCCs, was used, but also important 6. ACKNOWLEDGEMENTS
variability was introduced in instrument instances, performers and
recording conditions.
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In this paper, recognition of musical instruments playing solo
phrases was addressed. Two classification schemes, parame
and non-parametric, were considered, namely GMM and SVM,
with a number of variations. Classifiers were trained on important
data sets which allowed better performance with GMM. The use
of PCA to transform the feature data was discussed and resulted in



