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Table 1.3: EBER (BEDERITERD B O EDORBREE L FOKELRITIERTH O% &

A i 4 DFERF L~V BT T — LN
2% | Normal | FO-dpt # | Normal | F0-dpt 7%=

PF | 74.21% | 83.27% | +9.06% | 74.21% | 83.27% | +9.06%
CG | 90.23% |90.23% | £0.00% | 97.27% | 97.13% | —0.14%
UK | 97.97% | 97.97% | £0.00% | 97.97% | 98.31% | +0.34%
AG | 81.23% |83.93% | +2.70% | 94.89% | 95.65% | +0.76%
VN | 69.70% | 73.67% | +3.97% | 98.86% | 99.05% | +0.19%
VL | 73.94% | 76.27% | +2.33% | 93.22% | 94.92% | +1.70%
VC | 73.48% | 78.67% | +5.19% | 95.16% | 96.24% | +1.08%
TR | 73.51% | 82.12% | +8.61% | 76.82% | 85.43% | +8.61%
TB | 76.72% | 84.35% | +7.63% | 85.50% | 89.69% | +4.19%
SS | 56.80% |65.89% | +9.09% | 73.96% | 80.47% | +6.51%
AS | 41.49% | 47.87% | +6.38% | 73.76% | 77.66% | +3.90%
TS | 64.71% |66.01% | +1.30% | 90.20% | 92.16% | +1.96%
BS | 66.05% | 73.95% | +7.90% | 81.40% 86.05% +4.65%
OB | 71.52% | 72.19% | +0.67% | 75.50% | 74.83% | —0.67%
FG | 59.61% | 68.59% | +8.98% | 64.74% | 71.15% | +6.41%
CL | 90.69% |92.07% | +1.38% | 90.69% | 92.07% | +1.38%
PC | 77.56% |81.63% | +4.07% | 89.39% | 90.20% | +0.81%
FL | 81.34% |85.07% | +3.73% | 82.09% | 85.82% | +3.73%
RC | 91.88% |91.25% | —0.63% | 92.50% | 91.25% | —1.25%
3| 75.73% | 79.73% | +4.00% | 88.20% | 90.65% | +2.45%
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Table 1.5: 5. DEBKER (k-NN % &~ A4 XPEHA & OFBEOLE | 4 DGR L NIV OREEEDH)

e k-NN # (k = 3) N A A REHRE
ii5 | PCAl | PCA2 | LDA | PCAl |PCA2 | LDA

PF | 53.94% | 46.46% | 63.39% | 55.91% | 59.06% | 83.27%
CG | 79.74% | 77.16% | 75.72% | 98.28% | 97.27% | 90.23%
UK | 94.58% | 92.54% | 97.63% | 67.12% | 80.00% | 97.97%
AG | 95.05% | 92.79% | 97.00% | 19.97% | 44.14% | 83.93%
VN | 47.73% | 46.02% | 45.83% | 89.58% | 84.47% | 73.67%
VL | 55.93% | 54.24% | 61.86% | 71.19% | 79.24% | 76.27%
VC | 86.20% | 85.84% | 84.23% | 45.16% | 30.82% | 78.67%
TR | 36.42% | 38.41% | 47.02% | 41.72% | 72.85% | 82.12%
TB | 70.99% | 54.58% | 77.86% | 75.19% | 78.24% | 84.35%
SS | 23.08% | 14.20% | 24.85% | 48.52% | 66.86% | 65.89%
AS | 37.59% | 29.79% | 40.43% | 72.70% | 41.84% | 47.84%
TS | 62.09% |66.01% | 68.63% | 30.07% | 61.44% | 66.01%
BS | 68.84% | 67.91% | 66.98% | 55.35% | 54.42% | 73.95%
OB | 47.68% | 48.34% | 49.01% | 43.71% | 81.46% | 72.19%
FG | 64.10% | 65.06% | 74.36% | 40.38% | 30.12% | 68.59%
CL | 93.45% | 87.93% | 93.10% | 95.51% | 93.45% | 92.07%
PC | 84.08% | 84.90% | 84.08% | 63.27% | 58.37% | 81.63%
FL | 88.06% | 72.39% | 94.03% | 35.82% | 84.33% | 85.07%
RC | 97.50% 97.50% | 85.00% | 96.25% | 91.25%
T | 70.27% | 66. 72.53% | 62.11% | 66.50% | 79.73%

PCAL : RSO I % T 79 KT
PCA2 . EESTH OA % VT 18 KICIZEHE
LDA : £ E BT 79 RTICEM L, & W LG
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Table 1.6: 3. DEER#ER
Indivisual-level Category-level
k-NN (k = 3) Mahalanobis distance k-NN (k = 3) Mahalanobis distance
PCA1 | PCA2 | LDA PCAl | PCA2 | LDA PCA1 | PCA2 LDA PCA1 | PCA2 | LDA
PF | 53.94% | 46.46% | 63.39% | 96.26% | 93.70% | 74.21% | 53.94% | 46.46% 63.39% | 96.26% | 93.70% | 74.21%
CG | 79.74% | 77.16% | 75.72% | 68.53% | 56.18% | 90.23% | 99.14% | 98.28% 99.86% | 74.71% | 61.21% | 97.27%
UK | 94.58% | 92.54% | 97.63% | 84.75% | 88.47% | 97.97% | 99.32% | 99.66% | 100.00% | 86.78% | 89.15% | 97.97%
CAG | 95.05% | 92.79% | 97.00% | 72.97% | 54.65% | 81.23% | 96.10% | 94.74% 98.80% | 76.28% | 57.96% | 94.89%
VN | 47.73% | 46.02% | 45.83% | 86.36% | 71.59% | 69.70% | 96.02% | 94.70% 97.92% | 97.35% | 92.61% | 98.86%
; VL | 55.93% | 54.24% | 61.86% | 37.92% | 35.59% | 73.94% | 84.32% | 86.02% 90.04% | 88.35% | 73.73% | 93.22%
VC‘ 86.20% | 85.84% | 84.23% | 77.60% | 79.21% | 73.48% | 92.83% | 92.83% 93.91% | 93.73% | 88.35% | 95.16%
TR | 36.42% | 38.41% | 47.02% 2.65% | 50.99% | 73.51% | 47.68% | 45.03% 64.90% 3.97% | 51.66% | 76.82%
" TB | 70.99% | 54.58% | 77.86% | 53.82% | 68.32% | 76.72% | 70.99% | 54.58% 78.63% | 53.82% | 70.23% | 85.50%
§ SS | 23.08% | 14.20% | 24.85% 2.96% | 24.26% | 56.80% | 51.48% | 50.30% 63.31% | 61.54% | 71.60% | 73.96%
% AS | 37.59% | 29.79% | 40.43% | 71.63% | 56.38% | 41.49% | 64.89% | 63.12% 71.28% | 78.37% | 76.95% | 73.76%
§ TS | 62.09% | 66.01% | 68.63% | 15.69% | 42.48% | 64.71% | 75.82% | 82.35% 88.24% | 86.93% | 91.50% | 90.20%
% BS | 68.84% | 67.91% | 66.98% | 53.95% | 72.56% | 66.05% | 71.16% | 71.63% 73.02% | 68.37% | 83.72% | 81.40%
§ OB | 47.68% | 48.34% | 49.01% 2.65% | 35.10% | 71.52% | 58.94% | 60.93% 67.55% 2.65% | 75.50% | 75.50%
gFG 64.10% | 65.06% | 74.36% | 91.35% | 89.74% | 59.61% | 65.38% | 66.99% 75.96% | 91.35% | 89.74% | 64.74%
% ) 93.45% | 87.93% | 93.10% | 51.38% | 53.10% | 90.69% | 93.45% | 87.93% 93.10% | 51.38% | 53.10% | 90.69%
i 84.08% | 84.90% | 84.08% | 90.61% | 86.12% | 77.56% | 95.10% | 93.88% 94.29% | 90.61% | 86.12% | 89.39%
88.06% | 72.39% | 94.03% 0.74% 9.70% | 81.34% | 94.78% | 88.06% 97.01% | 33.58% | 27.61% | 82.09%
97.50% | 93.75% | 97.50% | 5.63% | 17.50% | 91.88% | 99.38% | 97.50% | 99.38% | 6.25% | 20.00% | 92.50%
70.27% | 66.98% | 72.53% | 62.94% | 62.37% | 75.73% | 79.88% | 81.37% 87.55% | 68.74% | 74.10% | 88.20%




£ 2E

Systematic Generation of Musical Sound Ontology by

Pitch-dependent Musical Instrument Identification

Musical sound ontologies are essential in annotation of musical instruments in musical sound archives and their
retrieval by specifying musical instruments, because perceptual categorization of musical instruments is not
based on sound features. '

Musical instrument ontologies are essential for annotation and retrieval of musical sound archives by speci-
fying musical instruments. However systematic classification of musical instrument sounds is not easy, because
taxonomic classification may differ from perceptual classification at some frequency regions. Therefore, ontolo-
gies for musical sounds are required to resolve ambiguities caused by such differences. In this paper, we present
systematic construction of musical instrument ontology by musical instrument identification that exploits the
pitch dependency of timbre, which has not been fully exploited so far. This dependency is represented by the
FO-dependent multivariate normal distribution, whose mean is represented by a cubic polynomial of fundamen-
tal frequency (F0). The F0-dependent mean function represents the pitch dependency, while the FO-normalized
covariance represents the non-pitch dependency. Musical sounds are first analyzed by the FO-dependent multi-
variate normal distribution, and then identified by the Bayes decision rule. Experimental results of identifying
6,247 solo tones of 19 musical instruments by 10-fold cross validation shqwed that the proposed method im-
proved the recognition rate at individual-instrument level from 75.73% to 79.73%, and the recognition rate at
category level from 88.20% to 90.65%. Based on these results, musical sound ontology is constructed by using

the C5.0 decision tree program.

2.1 Introduction

Musical instrument ontologies are essential for annotation and retrieval of musical sound archives or mul-
timedia database by specifying musical instruments. The approaches to musical instrument classification can
be classified into two ways [16]. One is perceptual classification, which may be obtained by psychoacoustical
studies of perceptual similarity of human subjects [22, 48]. The other is tazonomic classification, which may
be obtained by judgments of sounding mechanisms and types of musical instruments done by skilled people.
The problem of systematic classification is that perceptual and taxonomic classification may differ at frequency
regions. To bridge this kind of difference, ontologies for musical instrument sounds are required.

The way of constructing musical instrument ontologies should be consistent with musical instrument iden-

17




18 B9 B MBI NOY—DYATIT A v 7 RERE

tification, because this identification is an important subtask for many applications including computational
auditory scene analysis [44] and multimedia retrieval as well as for reducing ambiguities in systematic music
transcription. Musical sound ontology has been usually given in advance [35, 38], and its systematic construc-
tion has not been reported yet.

Although there are considerable works on musical instrument identification [20], its difficulties reside in
the fact that some features are affected by individual instruments and pitch. In particular, timbres of musical
instruments are obviously affected by the pitch due to their wide range of pitch, e.g., seven octaves covered by
piano. In addition, database from which musical instrument ontology is constructed should include more than
one individual for each instrument, because each individual instrument, for example, for pianos, Steinway &
Sons, Bechstein, Bosendorfer, Yamaha, and Kawai sounds quite different.

To attain high performance of musical instrument identification, it is indispensable to cope with this pitch
dependency of timbre. Most studies on musical instrument identification, however, have not dealt with the
pitch dependency [5, 11, 13, 26, 35]. Martin used 31 features including spectral and temporal features with
hierarchical classification and attained about 70% of identification by the benchmark of 1,023 solo tones of 14
instruments. He pointed out the importance of the pitch dependency, but left it as future work [35]. Eronen
et al. used spectral and temporal features as well as cepstral coefficients used by Brown [5] and attained about
80% of identification by the benchmark of 1,498 solo tones of 30 instruments [11]. They treated the pitch as one
element of feature vectors, but did not cope with the pitch dependency. Kashino et al. also treated the pitch
similarly in the automatic music transcription system [26]. They also coped with the difference of individual
instruments, but did not deal with the pitch dependency [27].

To capture the pitch dependency of timbre in musical instrument identification, a basic vector of features is
represented by an F0-dependent multivariate normal distribution, the mean of which is represented by a function
of fundamental frequency (F0) [33]. This FO-dependent mean function represents the pitch dependency of each
feature, while the F0-normalized covariance represents the non-pitch dependency.

In this paper, the FO-dependent musical instrument identification and musical instrument ontology con-
structed by the C5.0 decision tree program [40] are reported. The rest of this paper is organized as follows:
Section 2 proposes the F0-dependent multivariate normal distribution, and Section 3 describes the algorithm
of musical instrument identification. Sections 4 and 5 report the experimental results. Section 6 applies the
results to construct musical sound ontology by using the C5.0 decision tree program, and finally Section 7

concludes this paper.

2.2 FO0-dependent Multivariate Normal Distribution

2.2.1 Pitch and Non-pitch Dependencies

The distribution of tone features in the feature space is represented by an F0-dependent multivariate normal
distribution with two parameters: the F0-dependent mean function and FO-normalized covariance. The reason
why the mean of the distribution is approximated as a function of FO0, that is, an F0-dependent mean function
is that tone features at different pitches have different positions (means) of distributions in the feature space.
In this paper, the FO-dependent mean function for each musical instrument w;, wp,(f), is approximated as a
cubic polynomial by using the least squares method. For example, piano’s fourth basic vector of features and

cello’s first basic vector are depicted in Figure 2.1 (a) and (b), respectively.
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(a) Piano’s 4th basic vector of features. (b) Cello’s ﬁrs,t;baSic, ve(:tor of features.

Figure 2.1: Examples of F0-dependent mean funétions._' - o

On the other hand, the non-pitch dependency of each feature is repfesentéd bythe FO-horhialized co-
variance. Since the FO-dependent mean function represents the mean of features, the p‘o?ariance obﬁained by
subtracting the mean from each feature eliminates the pitch dependency of features. ,F:orkﬂ each musical instru-
ment w;, the FO-normalized covariance ¥; is defined as follows: X; = 51— Zmem(w - uz( fz))(® — p(fz)),
where ’ is the transposition operator, x; and n; are the set of the training dé,ta of“thelir‘lstrument w; and its

total number, respectively. fg denotes the FO of the data .

2.2.2 Features for Musical Instrument Identification

We used spectral, temporal, and modulation features as well as non-harmonic component feature resulting
in 129 features in total listed in Table 2.1. The features except the non-harmonic component features are
determined by consulting the literatures [35, 11, 25]. The non-harmonic component features are original and
have not been used in the literature. We incorporated features as many as. possible, since the feature space is
transformed to a lower-dimensional space.

Each musical instrument sound sampled by 44.1 kHz with 16 bits are first analyzed by STFT (short time
Fourier transform) with Hanning windows (4096 points) for every 10 ms, and spectral peaks‘é,re extracted from
the power spectrum. Then, the FO and the harmonic structure are obtained from théSe kp’ekaks'."' ’

The number of dimensions of the feature space is reduced by principal cOmdeienf analysis (PCA): the
129-dimensional space is reduced to a 79-dimensional space with the propqrtion value of 99%. It is further

reduced to the minimum dimension by linear discriminant analysis (LDA). In this paper, the space is reduced

to an 18-dimensional space, since we deal with 19 instruments.

2.3 A Discriminant Function based on the Bayes Decision Rule

Once pitch and non-pitch dependencies of feature vectors are represented, the Bayes decision rule is applied
to identify the musical instrument or category of instruments. The discriminant function g;(x; f) for the musical

instrument w; is defined by
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Table 2.1: Overview of 129 features.

(1) Spectral features (40 features)

e.g., Spectral centroid, Relative power of the fundamental component, Relative power in odd and

even components

(2) ‘Temporal features (35 features)

e.g., Gradient of a straight line approximating power envelope, Average differential of power enve-

lope during onset

(3) Modulation features (32 features)

e.g., Amplitude and frequency of AM, FM, modulation of spectral centroid and modulation of
MFCC

(4) Non-harmonic component features (22 features)

e.g., Temporal mean of kurtosis of spectral peaks of each harmonic component (Their values become

lower as sounds contain more non-harmonic components.)

9i(@; f) = log p(|ws; f) + log p(wi; f), (2.1)
where x is an input data, p(x|w;; f) is a probability density function (PDF) of this distribution and p(w;; f) is
a priori probability of the instrument w;.

The PDF of this distribution is defined by
L 1 1 4
p(x|ws; f) = @) P {—517 (w)l'l‘i(f))} ) (2.2)
where d is the number of dimensions of the feature space and D? is the squared Mahalanobis distance defined
by
D2z, pi(f)) = (& — p;(f))' 7 (& = 3(f))-
Substituting equation (2) into equation (1), thus, generates the discriminant function g;(x; f) as follows:
1 1
gi(w; f) = =5 D*(@, pi(f)) — 5 log %]
d
~3 log 27 + log p(ws; f)-
The name of the instrument that maximizes this function, that is wy satisfying k = argmax; ¢;(z; f), is
determined as the result of musical instrument identification.

The a priori probability p(w;; f) represents whether the pitch range of the instrument w; includes f, that

is,

1/c (if f € Ry)
0 (if f¢R)

where R; is the pitch range of the instrument w;, and ¢ is the normalizing factor to satisfy >, p(w;; f) = 1.

plws; f) =

2.4 Musical Instrument Identification

2.4.1 Experimental Conditions

Musical instrument identification is performed not only at individual instrument level but also at category

level to evaluate the improvement of recognition rates by the proposed method based on the F0-dependent
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Table 2.2: Categorization of 19 instruments.

CATEGORY Instruments (abbreviation)

PiaNo Piano (PF)

GUITARS Classical Guitar (CG), Ukulele (UK), Acoustic Guitar (AG)

STRINGS Violin (VN), Viola (VL), Cello (VC)

BRASS Trumpet (TR), Trombone (TB)

SAx Soprano Sax (SS), Alto Sax (AS), Tenor Sax (TS), Baritone Sax (BS)
DouBLE REEDS | Oboe (OB), Faggoto (FG)

CLARINET Clarinet (CL)

AIR REEDS Piccolo (PC), Flute (FL), Recorder (RC)

multivariate normal distribution. The recognition rate was obtained by 10-fold cross validation. We compared
the results by the method using usual multivariate normal distribution (called baseline) with those by the
method using the proposed FO-dependent multivariate normal distribution (called proposed).

The benchmark used for evaluation is a subset of the large musical instrument sound database RWC-MDB-
1-2001 developed by the former RWC [15]. This subset summarized in Table 2.3 was selected by the quality
of the recorded sounds and consists of 6,247 solo tones of 19 orchestral instruments. All data are sampled by
44.1 kHz with 16 bits. ;

The categories of musical instruments summarized in Table 2.2 are determined based on our musical
instrument ontology obtained by C5.0, which is described later. This categorization is quite similar to that of
existing studies [35, 11].

The category of instruments is useful for some applications including music retrieval. For example, when
a user tries to find a piece of piano solo on a music retrieval system, the system can reject pieces containing

instruments of different categories, which can be judged without identifying individual instrument names.

2.4.2 Results of Musical Instrument Identification

Table 2.4 summarizes the recognition rates by both the baseline and proposed methods. The proposed
FO-dependent method improved the recognition rates at individual-instrument level from 75.73% to 79.73%
and at category level from 88.20% to 90.65% in average. It also reduced recognition errors by 16.48% and
20.67% in average at individual-instrument and category levels, respectively.

The observation of these experimental results is summarized below:

Improvement by the pitch dependency

The recognition rates of six instruments (Piano (PF), Trumpet (TR), Trombone (TB), Soprano Sax (SS),
Basitone Sax (BS), and Faggoto (FG)) were improved by more than 7%. In particular, the recognition rate for
pianos was improved by 9.06%, and its recognition errors were reduced by 35.13%. This big improvement was

attained, since their pitch dependency is salient due to their wide range of pitch.

Improvement by the category level identification
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Table 2.3: Contents of the database used in this paper.

Instrument name | Abbrev. || pitch range | # of tones | # of individuals | Intensity | Articulation
Piano PF A0-C8 508

Classical Guitar CG E2-E5 696

Ukulele UK F3-A5 295

Acoustic Guitar AG E2-E5 666 3

Violin VN G3-E7 528 Forte,

Viola VL C3-F6 472

Cello VC C2-F5 558

Trumpet . TR E3-Af6 151 2 normal
Trombone B At1-Fi5 262 normal,

Soprano Sax SS Gii3-E6 169

Alto Sax AS C§3-A5 282 3 only
Tenor Sax TS Gf2-E5 153 &

Baritone Sax BS C2-A4 215

Oboe 0B A#3-G6 151 2

Faggoto FG Af1-Di5 312 piano

Clarinet CL D3-F6 263 ‘ 3

Piccolo pPC D5-C8 245

Flute FL C4-C7 134 2

Recorder RC C4-B6 160 3

The recognition rates of the four types of saxophones at individual-instrument level (47-73%) were lower
than those at category level (77-92%). This is because sounds of those saxophones were quite similar. In fact,

Martin reported that sounds of various saxophones are very difficult for the human to discriminate [35].

Effectiveness of the flat categorization

Since we adopt the flat (non-hierarchical) categrization, the the recognition rates at category level depend
on the category. The recognition rates of GUITARS and STRINGS at category level were more than 94%,
while those ofBRASS, SAX, DoOUBLE REEDS, CLARINET and AIR REEDS were about 70-90%. A conventional
categorization has a hierarchy of musical instruments; categories such as brass and sax are sub-categories of
“wind instruments.” Our preliminary studies showed that the indentification at category level did not improve

the recognition rates at individual-instrument level, which is simlar to Erone’s results [11].

2.5 [Evaluation of the Bayes Decision Rule

The effect of the Bayes decision rule in musical instrument identificaton was evaluated by comparing with

the k-NN rule (k-nearest neighbor rule; k& = 3 in this paper) with/without LDA. Three variations of the
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dimension reduction are examined;

(a) Reduction to 79 dimension by PCA,
(b) reduction to 18 dimension by PCA, and
(¢) reduction to 18 dimension by PCA and LDA.

The last one is adopted in the proposed system.

The experimental results listed in Table 2.5 showed that the proposed Bayes decision rule performed better
in average than the 3-NN rule . Some observations are as follows:

(1) The Bayes decision rule with 79-dimension showed poor performance for Acoustic Guitar (AG), Trumpet
(TR), Soprano Sax (SS), Tenor Sax (TS), Oboe (OB), and Flute (FL), since the training data is not enough
for estimating parameters of a 79-dimensional normal distribution. For small traning sets with 79-dimension,
k-NN is superior to the Bayes decision rule. , ,

(2) LDA with the Bayes decision rule improved the accuracy of musical instrument identification from
66.50% to 79.73% in average. Although it seemed that PCA with 79-dimension performed better than LDA for
Classical Guitar (CG), Violin (VN), and Alto Sax (AS), the cumulative performance of LDA for the categories
of strings and sax is better than that of PCA.

2.6 Musical Instrument Ontology

Usually, musical sound ontology are borrowed from the classification of musical instruments specified in
musical literature, and has been constructed manually [35, 38]. In this section, we use the pitch-dependent
features to construct musical instrument ontologies by using the C5.0 decision tree program, a successor of

C4.5 program [40] and by using agglomerative hierarchical clustering.

2.6.1 Musical instrument ontology by C5.0

From the naive decision tree obtained by applying the C5.0 to all the notes listed in Table 1.1, the hierarchy
of Figure 2.2 is formed. The top level category of musical sound ontology consists of Decayed instruments and
Sustained instruments and the latter consists of Strings and Wind instruments. This categorization is
reasonable because it matches that of musical instrument classification. However, but the lower level categories
are not the case. For example, the classification of Winds consists of 9 subcategories based on the features
of the gradient of a straight line approximating power envelop by LSM ([41]) and amplitude of Amplitude
Modulation (AM) ([78]). ‘

The observations of the systematic construction of musical sound ontology by the C5.0 decision tree program

with the proposed FO-dependent features are summarized below:

(a) Wind instruments can be classified Recorder and Non-Recorder. This discrimination matches the

known fact that Recorder is different from other winds instrument.

(b) The categorization of Wind instruments except Recorder differs from that of musical literature. In
particular, Brass, Sax, Faggoto are classified in the same category due to the pitch range, although

their sounding mechanisms are different.

The top level category of musical sound ontology consists of Decayed instruments and Sustained

instruments and the latter consists of Strings and Wind instruments. This categorization is reasonable
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because it matches that of musical instrument classification. However, but the lower level catagories are not the
case. For example, the classification of Winds consists of 9 subcategories based on the features of thegradient
of a straight line approximating power envelop by LSM ([41]) and amplitude of Amplitude Modulation (AM)
([78], which is shown in Table2.6

The observations of the systematic generation of musical sound ontology by the C5.0 decision tree program

with the proposed FO-dependent features are summarized below:

(a) Wind instruments can be classified Recorder and Non-Recorder. This descrimination matches the

known fact that Recorder is different from other winds instrument.

(b) The categorization of Wind instruments except Recorder differs from that of musical literature. In
particular, Brass, Sax, Faggoto are classified in the same category due to the pitch range, although

their sounding mechanisms are different.

(¢) Musical sound ontology needs plural aspects of sound features, in particular, sounding mechanism and

pitch.

2.6.2 Pitch-dependency in musical sound ontology by agglomerative hierarchical clus-

tering

In order to investigate the pitch dependency of musical instrument ontologies, one variant of agglomerative
hierarchical clustering, group average‘ agglomerative clustering [17] is used to obtain a dendrogram as an
ontology. We focus on A2 (110Hz, the pitch mainly used for bases), A3 (220Hz, the pitch mainly used for
accompaniment), and A4 (440Hz, the pitch mainly used for melody). Two kinds of sample data are used;
One includes all the individuals of each instrument and the Mahalanobis distance based on the F0-dependent
multivariate normal distribution is used. The other includes the data of one individual of each instrument and
Euclidean distance is used. The resulting dendrograms obtained by group average agglomerative clustering are

shown in Figures 2.4 and 2.5.

Observations concerning pitch-dependency of musical instrument ontologies are summarized below:

(a) The top level of dendrograms in Figure 2.4 classifies Decayed instruments and Sustained instru-
ments, which is consistent with musical instrument ontology obtained by C5.0. This result is also

consistent with judgments of human subjectives [34].
(b) The top level of dendrogram in Figure 2.5 (c) is consistent with the above result, but not in (a) and (b).

(c¢) Clarinet (CL) is isolated from Wind instruments in Figure 2.4 (b), partially because the fact that the

powers of overtones of even order, in particular, 2nd and 4th, are small compared with other overtones

in clarinet affects features at lower pitches.

(d) From A4 to A2, Wind instruments group is gradually breaking; at A3 or (b), clarinet (CL) is out of
the group, and at A2 or (a), tenar sax (TS) and trombone (TB) are out of the group.
We think that the FO-dependent multivariate normal distribution succeeds in capturing the continuous
change of timbre according to pitch. This observation is also consistent with the one that human subjects

‘may not notice the change of timbre between one octave.




2.7. CONCLUSION 25

2.7 Conclusion

In this paper, we presented a method for musical instrument identification using the FO-dependent mul-
tivariate normal distribution which takes into consideration the pitch dependency of timbre. The method
improved the recognition rates at individual-instrument level from 75.73% to 79.73%, and at category level
from 88.20% to 90.65% in average, respectively. Based on the FO-dependent multivariate normal distribution,
musical instrument ontology is constructed by using C5.0. It showed that top level categorization matches
the conventional hierarchy of musical instruments. However, the categorization of wind instruments differs
much from the conventional one. Musical instrument ontology based on the FO—depéndent multivariate normal
distribution is also validated by comparing with dendrograms obtained from sample data consisting of only
one individual of each instrument.

Future works include evaluation of the method with different styles of playing, evaluation of the robustness
of each feature against mixture of sounds, application of musical instrument ontology as annotation for MPEG-

7, and automatic music transcription.




26 ‘ 08 WMBEELY NOV—DYATFIT A v 7 LFERE

Table 2.4: Accuracy by usual distribution (baseline) and F0-dependent distribution (proposed).

Indiv.-instr. level (%) Category level (%)

Basel. | Prop. | Improv. | Basel. | Prop. | Improv.

PF | 74.21 | 83.27 | +9.06 74.21 | 83.27 | +9.06
CG | 90.23 | 90.23 | =£0.00 97.27 | 97.13 | -0.14
UK | 97.97 | 97.97 | £0.00 97.97 | 98.31 | +0.34
AG | 81.23 | 83.93 | +2.70 94.89 | 95.65 | +0.76
VN | 69.70 | 73.67 | +3.97 98.86 | 99.05 | +0.19

VL | 73.94 | 76.27 | +2.33 93.22 | 94.92 | +1.70
VC | 7348 | 78.67 | +5.19 95.16 | 96.24 | +1.08
TR | 73.51 | 82.12 | +8.61 76.82 | 85.43 | +8.61
TB | 76.72 | 84.35 | +7.63 85.50 | 89.69 | +4.19
SS | 56.80 | 65.89 | +9.09 73.96 | 80.47 | +6.51
AS | 4149 | 4787 | +6.38 73.76 | 77.66 | +3.90
TS | 64.71 | 66.01 +1.30 90.20 | 92.16 | -1.96
BS | 66.05 | 73.95 | +7.90 81.40 | 86.05 | +4.65
OB | 71.52 | 72.19 | +40.67 75.50 | 74.83 | —0.67

FG | 59.61 | 68.59 | +8.98 64.74 | 71.15 | +6.41
CL | 90.69 | 92.07 | +1.38 90.69 | 92.07 | +1.38
PC | 77.56 | 81.63 | +4.07 89.39 | 90.20 | +0.81
FL | 81.34 | 85.07 | +3.73 82.09 | 85.82 | +3.73
RC | 91.88 | 91.25 -0.63 92.50 | 92.50 0.00

Ave | 75.73 | 79.73 | +4.00 88.20 | 90.65 +2.45

Baseline: Usual (FO-independent) distribution

Proposed: FO-dependent distribution
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Table 2.5: Accuracy by k-NN rule and the Bayes decision rule.

k-NN rule (k = 3) ~ Bayes decision rule
() (b) (<) (2) (b) (<)
79-Dim. 18-Dim. 79-Dim. 18-Dim.
PCA PCA&LDA PCA | PCA&LDA
PF 53.94% | 46.46% | 63.39% 55.91% | 59.06% | 83.27%
CG 79.74% | 77.16% 75.72% 98.28% | 97.27% | 90.23%
UK 94.58% | 92.54% 97.63% 67.12% | 80.00% | 97.97%
AG 95.05% | 92.79% 97.00% 19.97% | 44.14% | 83.93%
VN 47.73% | 46.02% 45.83% 89.58% | 84.47% | 73.67%
VL | 55.93% | 54.24% | 61.86% | TL19% | 79.24% | 76.21%
Ve 86.20% | 85.84% 84.23% 45.16% | 30.82% | 78.67%
TR 36.42% | 38.41% 47.02% 41.72% | 72.85% | 82.12%
TB | 70.99% | 54.58% | 77.86% | 75.19% | 78.24% | 84.35%
ss 23.08% | 14.20% | 24.85% | 4852% | 66.86% | 65.59%
AS 37.59% | 20.79% |  40.43% 72.70% | 41.84% | 47.84%
TS 62.09% | 66.01% 68.63% 30.07% | 61.44% | 66.01%
BS 68.84% | 67.91% 66.98% 55.35% | 54.42% | 73.95%
OB 47.68% 48.34% 49.01% 43.71% 81.46% {72.19%
FG 64.10% | 65.06% 74.36% 40.38% | 30.12% | 68.59%
cL 93.45% | 87.93% 93.10% 95.51% | 93.45% | 92.07%
PC 84.08% | 84.90% | 84.08% 63.27% | 58.37% | 81.63%
FL 83.06% | 72.39% | 94.03% | 35.82% | 84.33% | 85.07%
RC 97.50% | 93.75% 97.50% 85.00% | 96.25% 91.25%
Average | 70.27% 66.98% 72.53% 62.11% 66.50% | 79.73%

(a) Dimensionality reduction to 79 dim. using PCA only
(b) Dimensionality reduction to 18 dim. using PCA only
(c) Dimensionality reduction to 18 dim. using both PCA and LDA
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Musical instruments

—————{ Decayed instruments 1

L——-——Pia,no, Classical Guitar, Ukulele, Acoustic Guitar
————{ Sustained instruments [

Violin, Viola, Cello

-——————{ Wind instruments }
-———LNon-Recorders }

Trumpet, Trombone, Soprano Sax,...

Figure 2.2: Top level category of musical instrument ontology obtained by C5.0

..... [74] > 5.621357
:...[61] > -4.37589
:...-1.35449 < [41] <= -0.666931 and [78] > 0.746687
=> Decayed(0) Strings(150) Winds(48)
t...else
=> Decayed(46) Strings(157) Winds(2131)
:...[61] <= -4.37589
:...[82] > 1.521393
=> Decayed(0) Strings(2) Winds(59)
:...[82] <= 1.521393
=> Decayed(10) Strings(1156) Winds(139)
:...[74] <= -5.621357
:...[41] <= -0.625842 and [78] > 0.936492
=> Decayed(2) Strings(55) Winds(5)
:...[41j <= -0.625842 and [78] <= 0.936492 and [82] > 0.91987
=> Decayed(0) Strings(3) Winds(26)
t...else

=> Decayed(1913) Strings(141) Winds(53)
Where the features of sounds specified by a pair of bracket are summarized below:

[41] | Gradient of a straight line approximating power envelop by LSM
[61] | Ratio of the maximum power and power of 0.20 sec after onset.
[74] | Ratio of the maximum power and power of 0.90 sec after onset.
[78] | Amplitude of AM (Amplitude Modulation)

[82] | Amplitude of the first coefficient of MFCC modulation

Figure 2.3: Top level category of musical sound ontology
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(a) Pitch = A2 (110Hz) (b) Pitch = A3 (220Hz) (c) Pitch = A4 (440Hz2)

Figure 2.4: Musical instrument ontology constructed based on F0-dependent multivariate normal

distribution. Instruments out-of-pitch-range are removed. The y-axis is Mahalanobis distance.
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Figure 2.5: Musical instrument ontology constructed with only one individual of each instrument.

Instruments out-of-pitch-range are removed. The y-axis is Euclidean distance.
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[78]
| | |
JP Fom e + + 0.746687
I (ii) | ) I
! , | |
| ! | I
| | A —— o o +-0.249723
! I | I ! I
(i) | dii) | (iv) I (vi) | (vid) | (vidi) |
! ! ! I | |
| I PN o e +-0.011483
| | I |
e o + (ix) + 0.001704
| ! I
—————— : + e e e =D [41]
-1.35 -0.90773 -0.666931 -0.340488 -0.215598 | 0

Nine categories is defined by each corresponding rule. For example, rule (i) specifies Sax, while rule (ii) checks

whether the instrument is Oboe or not.

Table 2.6: Details of classification of Wind instruments except Recorder




23 E
EMIEHREESRIEHRE AV EHESRST DR

BHEEFEOHHRE I F RS MR ELENLEATHL. LirL, EE,LERD a@mﬁ%mmfaﬁ&u%n
BEZL %L, FRTFLBELHBOLN TV AV, FiFES MR LB EREES 5 5 BE 2T 5 FEL 7L —
EY 7L HEORNA BT AMBEN I V- F D200 V- Vb b, FBTIREMIERLE SaERE
VDI ET2007 V- Y FOBEREYRIET 22 L 23A 5. BN V- 7Tk, MEEOERICSEE
LCERBEEBBGOELR Y ZHEL, BV ERYFHAL CET 2R T L. REBHI V- 7Tk, Bo5Nh7H
BEOEMEREFEEREFVPVEL TN TEORNEERT 5. AFELEE - ERLLER, BEFED
HEEFEDPD DL EHTEL. ‘ *

3.1 EU®IC

Fﬁg%ﬁ%@m@%ﬁwmt HFCEEEEYHBRE T AMEITON TV L, EEEBICLAEELERD
CWCEHBRET 52 MEFEZERT LM T LS FRGHEL, PHSNEFOERA*RAET 2 FERE L
ﬁ?é%.L#L,@ﬁﬁ%m;ém%% BOAMRET 2 I Lk, BRSSP THELEVEERARY M VIZh B
OEECHETH Y, FOL) BRAAIEFNUIES L BV,

HIR S HER ELEE L Bregman (2 & 5 &, BEBKS > SREX R T ARBH I L—Cr 7L, @Mbr0—8i
Wi THEORNE R T M 7 V- O 2BEO I V-0 I OBl EN5 (3], BEERICL2ESE
=Ty beTBEE, FINV—ECVIPRETHLFER IO D, i (1) AR V-Er 7285
75— T DREROE Rk OMIE, (2) BNV KX TICBIT A BHMEORE, L) 2 00MENHITONS.

(1) BEEICEET 2 EEDE— L7203, BEEOBRIS 2 BRBEEEFOHE 10, BERS OIS
BELOTLEIZLD, AEBEOALTFVDPDICE L EEEREZ T EEHELVHETH S, L) METH
5. @)@%%%7W~EV7K£wf%iﬁ®ﬁﬂ%%&?étm®~ﬁﬁkLTE®i5&%@§ﬁE@&®
P, EVHHETH S, SEFOFTBERIIBEBEN IV - TORELRFENF DY ERSL. LIL, ﬁ%%& 7 b
ETHE, ARBEOOELZVICE D THELE Y 20, EELFEREIIRETH S,

FIFTHERE ORITHIRIIIHE 512 L 5 OPTIMA #°% 5 [23, 24]. OPTIMA TIZEMEES - BE - MIFD
3ODMBEDMRBEFHONATT YAy NI =V & MA T, K NATy T, by 75y 0, L, A
DBBELEENA VT 4y T =2 THERKAETAZ ETRKBH LV —-E Y Z7OBEREOHEZH>Tna.

b (BEESHETIEERE) TEICOETAEME L TRERBEROAZHVTWS., HRKEEZITIZLT
[F 2 & —7O/R] 0 EERBBEEEH 17T%MEL, 60.1% 17> T b00, HERLORMIZTTICH

= , ;
AT 51 OPTIMA (281 % /38— Ml O O k% Fa B0, FRELE, EEENEE AV TRA T2

31




32 %3 B OEERE FEBERE ARG E O

(30]. 3/%— b DM L THBEK 2% T/ MEHIZHEII L T2 b 00D, &6 455 HHELDLOIZIZBOFAS
0 LFBTELENHL I ERERL TV,

B, 2BEO SN FORBER LICEEROFI L) 2BV LLENSHDEER L. TOFE-BELLT
ERERAFET AL IRETH. 200, BEUBRIIANSEBMRCETERRELELY, FEOV v VI
BRELRWEEZONLINLTHA. R V- 7 Tid, FEEEZT TR, ERESE S OEMER B
F2 2 L CRERLEEZRAL. FEH7V—EY /TR, SESZEICTFRAELZITI O TR, FEEFTEMIBR
YACTHEBOEAICHEL, BoN/S— F TLCHRERELT). BEILOFRERETE, BEBEIOELD
ENBBIIL VAEIERTLIEDNED DI L, RFETHEH - NTELEFRRAEYT57:0, FEOHFE
LABEENEL RN, BEOMLPHFETELLERONS.

EMEAVWTHEBGN V- 7OBEXRELLI EVIRAEIZH S LT-o T 5 [36). AT LA BEES
RANEL, EEDEBHOCA NS LREY, /TAY Y FTHI LT/ PILOREEToTVAE. ZOF
ETE, AVEEESPZERE CURESN, 20208 HORE D —2idd®, ) Zo3EGIC—2F D2k
SRTW. AL, BROBFHEAHEICOMIGL TV DIy, LVFEMRErLBZERb.

Fex i, MEHEGREZ (ID) - WHM{IMEZE (IPD) WA I &TE - R - GOL) RREZLAVTOE
M TIER L, EOENL )L VML EME RS, 2BEO ISV —EY TOFEF,Y ELTHET .

DT, 828 TEME ARG 7V — Y 7 OBEREFHEICOWTHRIT 2. $3BETEMLFRE FERERZ
78RR 70— € o FOBERERHEICOWTEHBET L. E4ECERFRDOLOIER LI AT L1220V THHA
5. E5 B CEROTHEIMEEEREITV, BET L. H6ETHm L SHROBEZ RN,

3.2 [T IL—E 2 T OEBRME & EMDOF B

BHED D % 5 EBESZBEEEERT L RSO N ARBEG 2 EOREI IV —E X VT b % RE
THORELVEETHS. TS EBEEEEZFIDPVLE I V—Er F2fToTWn5 (23, 24]. BEEEZTEFH
POTHE, F75=TORRD LI, 5EFOERFEB;MOREORE EE R - 2HEE, BRGSO
KEBGHEZDE) 720, TXTCOEFHEL CHBT 508 L.

P4 EIME 51285 OPTIMA 2BV T, ELCFABM I V- 7479 ZerREETH oot 75 —T0OH
BICHED L, EMEREAV IV -y VB RET S, BMERT B sr Vv —Er 7l (1) B0zt
LDEEERSOER VHE, (2) EEAVZEERRE V) 2BBHICR > T»a.

FEREBES I ODPOE = P EH N> Twh, =27 TEIZIPD # W TEME KDL (FEMIZE 4.2
) . B0 EEERSOEMIEEE -7 2@ L TRELMEERS DL, Bk ) ObH 5 EERE G OEL
BEELEERS B, S ) FEBEERSICER VS 20000 HET S I EHFTE 5. EEHHREL
M7 bEE LWL, £ LT AREKS OEMIEEE -7 OFEL L.

mﬁﬁ%ﬂt%%ﬁﬁﬁﬁﬂiﬁﬁiwﬁ&D%%t%&%ﬁ%mw%:tfiﬁ%%&fé.i%%&%@f
i3, XD 3O%EEL TS,

(a) —DOHBIEEND TR TOMBEHRSLE OBEOEREREIA L, (IEEHBEBRICH S,
(b) —PDHEBIEETND TNTOEKEMBSFOLE LAY HLIZZZFAMTHS.
() —POHEFILE NI TCOREHRSOEMIZIZIZELY

CEBRDNH D EHE SN REBE S GRS (E (1)(2) OARICE D IV —E X T ETY, TXTOER Y &
 RENBHEAELEOEFOMAEDLES T END L BFRRLEITET T 5.




3.3. HKEERY 7L — Y 2 7 OB & 0 O H 33

Figure 3.1: 25 DEEHI

3.3 MEFRYT IV —E L T DEERKME & EROF A

RO 7V -2 7 O/RR, EHEIBCTRBCET LTV EEOMAEDLENE N SNE. Z0OEEELN
PHEEL, BRIV SIS D ERTEICHESN S, BEBRIIBBHN V- TOKELFESIS 0 TH
2. UL, BEREY =Ty b edh 8, REHRTOELVICL ) THRLAY, FEREOHEIZEEIZ~ET T
5.

oo, EUFHRE AT = PERRL, S— FTLEFERERELTY. = BT AL TOBEOTERE
DGR, ZRRTRRBE L LERE LD T OERETHIET, BEREOHBCABET L LN TEL EE
ZAbND.

FEMEW) 72D IT O 3 S%FiRE LTS

o MHFELEMESZLOAFLABEEEYANET S
o [A] USEMLICIZ—DDEEEE | 2l
o BIROFEMIIHE L v

B3 1A A M- TEBOEEND—HITH 5.
EIEREF BB L — oy 7L TOERETTS .

(a) HBHEFOFEM L VFNHO/ = F DEL & OBENSBBINTHIUL, 20— MNIRET2HB LTS
(b) E0s3— MG &R RIS 727078 — b A AT 5.

(c) LLEDMIE% & TOREZ IR LT ET
Pl & OB A BV TS — f 2T 5.

3.4 JRTFLOER

AT A 3.2TRT L), BREIRNTES, B, B AR, SRR, FEEER, HEEEHo 6
EVA-UHHBREIN TS, it,vx%Aiﬁﬁwﬁﬁi%yiv—h(%W%t%ﬁ&?bw@%é)%%o
Twab. K AF Lid 48kHz, 16bit D A7 L A FEBEFO AN FHIRE L Tn5

ANDAT V4 EBEF I, BRBBINBCER N2 MEREURN L, € — 7 Ml 217 W EREH NIk
B 2 & TRHREEG TR T 5. EAMEECTIAES N BRESG ZEICEMEZ KD S, BETRES CILHkiEE
BLUERLTHCTRAERES S Z 7V — ¥y 7L, BEXERT 5. HFEAEEIIEE S LIl N0 — 7R g EHEE




34 , % 3 B EMEHRE FRIEHRE AV BRGSO

BEES(RFLT)
L | R

| wtoms |
} ﬁgﬁm |
[ ﬁ@%w |
| |
| |

1
xR
1
L T
¥

HE, BREELE

Figure 3.2: BiETHERE > X 7 A

BT % 23 RTOfHE N T 2. SRAEBIFONCHHEL T 7L — VOBEUELZHET L. BREST
EEMERE FREREAVCT - FTEET /0 — V2 BT 5. SR OFEM % LT TR

3.4.1 RBIEBEERE

AT ER I ATE S0 L, R 7 — ) &R (STFT) 2 X AR MEREER 21T, &7 L —a0 -
7 EMMT 5. FFT ISR FFTW[12] 2 v, BEBICEN I Y 7B HVTW S, BRI 4096 8 (FB 5 @ik
11.8Hz) - ¥ 7 FMRIZ1000 HTH 2. BEBEERT CHRONLE -7 OFT/T—DOREVEZRA 60 il §
%.

KICER BRI CHRONZE -7 2 RMAEICEET 2. @O XX sy FELZFEL, 50> MET
DEALEHEL TE =2 26T 5. TOKR, BEBESPEGERZRIIERINS.

3.4.2  JEfriHE
4.1 OB BRI & 0 185 N REBR ST L, EEORIS 2 Wb, EEOREEGEL LT
(a) EEDOBREBERS OEROENER 4096 (2B 2 BEHSHEED 2 50 23Hz LINTH 5
(b) 7oA O RBMEHB S AR 0.1sec LEDE R ) 250

D 2 DDGMFNELN SLOFHEEN G & F— OBEERS & U CHISO 5. A ORIG» 72 BB R LT,
B RDL, ZITEIEMERIKFRAEDOAELZIEL, BEEABOAREIIEZ R 2.

RUATATHRERELBHEZZAALT, ELz ko s, M330D L) IIHFESHNM 6 TEFINLHE, TE
EXAVOEHES YA VOB LTI RENEERL L, EEOTROFEEHENEL d = Isind L5 5.
ZZTHEIFEFM § 2RO 572DICLEEDORIEHRT S5 NBHEERG KL, STFT O 7L — AT LI TOflE% K
5. Sp(l) IFEIZBITHARY PLEERL, Re, Im TENTNER, B ZET.

EEEENBA S -V CEIL b DT, FEI 100 £ MM T S,




34. VAT LD 35

Figure 3.3: FiRO 0 & M H F OE 2

o IID (MEMEEX)
ERBEEETIRL, 8T —ART PO ERD A,

/Re[Sp(D)]Z + Im[Sp()]?
VRe[Sp(r)]2 + Im[Sp(r)]?

IID =

o IPD (MERMMAEZE)
1700Hz R O AW RS 0 L, HHEEZ KD 5.

Im[Sp(l)] Im[Sp(r)]

ad =t (s~ Regspo))

M (Ag) 76, MToORIZEL VEMZE (AY) 5kdbhs.

L

1
At = i-;;A(ﬁ

fRAEBRSOE y F2 KT, KIZ

e —

8 = sin™* (%At) -
ICEDEEHZE (At) PHEFEFIE (0) 2RKDL. cldFOHE (340m/s) , L&~ 1 7 HOEHE (20cm) 2 £F.
GAHZED & AT EA T2 OB T2 EbR SR\, £2C, 1D 2 &> TEARED, KIMfzES
LRFHEAFELAME RS, FHEEE 7L — 4 Z L OMBEDTHMELHRD S, ,
IPD 3 1700Hz R O F RS 124 L TR® 2. 1700Hz PLEDO Y v F % & 2 HEHSS TR 2 DL E%
L9562 LdbHb700, ELVEHESRKOLNZV S THS.  (0.2/340 = 1/1700 & b 20cm £ 1700Hz O E#k 1
B — R OMICECERETH . )

RN ——

3.4.3 HEFWRE

B2ETHA L) IEERBE I LELR W HEL L, EAFRE AEEE L B CRERR T . Bl
WA DEL VHEORBEIIERIIZ6EE L. A—BEFL LTI/ V-V VSN EHRRDIFHTH L.

(a) —2DEFIIEINDE TN TORBHMNEZ OBEFOEREREBIH L, BEAE OB H & 87 23Hz DAL

(b) —DDREFIZE ENE TN TOREBMHES 132 DEFOEABRIIH L, BHOICZ0ORERRFOEED
EALEAER > TV 5.

(€) —PDEZIE TN ST COEEMES ORI 5 BB




36 % 3 B EfLER L FEEHT AW/ EEEG T O

T

mmmmmmmm

i

Figure 3.4: €7/ 0 — )V}

MUEIXEBRIICED 2. 72771, 1700Hz L EDERBEF IOV TILEMNN—BICROSN VDT, (3) O&EMEHE
HL&Zw.

3.4.4 HEIHHE

FIUIRT 23 HOHELB TS, Thod, BITHIZ [8][10][37](32] R EGFDOFIELTEIHE L. £12,
EEIC L VEMENET S [31,32) LA EEL, SOCEABERLFHEL LTEML TV,

3.4.5 HEREH
BEEILICHMEBE LA U RTEORMEL T 7L e DREAHEL—BFLEOBV Y T AZ ZOREZOL
LA, MABIIEE Y T AKHIBISH [28] 2V, '
%7 T ARHB O 2 BRI Twd, 7, BOMNOMAELEZHRIT T, 2B LIZ£OFHM O R
ERALT S L) REHTERL THHSZITY, RT, £ 282575 N2 HBIHER % minimax 124D
AL TRENZEINERZRETS. UTICLEOMELRT.
(1) T_TOERERRIR LTI 217 .
(2) 2ORBEBONTHEEDLS, 2V T Wi, j 027 7 AORMHNGHTY 7 AL BT HHEEDR/
fExRkDAB.
@ =5 pi,;(ILi|z)

(3) @ MO KREVYT T ARRMLHBINER LTS,

3.4.6 EREST

BIETWREMBRL AV T/S=FRERL, /= PTEICHFRRIEZTT) J el La L, BRERS
BELDE) LT, RELLEMIRDONT, BAHNTN— MERET A ENTELVEENSH 5.

ZIT, BMERODL LN TELEFIX, 3~ MEREZITY, - PR THFRERELITH. ENERkOLIL
BTELDPoBFEZNENFERELT). RE, HREFETHIET, BHET LIV -Er 72D 2L
MTEL. DEORBIZEY, €7 /70— VERX (K3.4) THESEDENS.




3.5. VAT AFHmZEER 37

[ Flate |

Violin

Figure 3.6: 7 X PO EFEE /ST — 2

Figure 3.5: 7 A PHOEFEE/ S — > 1

3.4.7 HERTEFimER

%0 5 AMHNIHOZEEEERETT 5700, FERAEOFHEREZITH. EBRIZIE, %@%‘%ﬁi‘ﬂf‘—w\*w
A NTTMSA-P1 # fiv:72. NTTMSA-P1 O 7 — % ONEF A F32IFT. KF— & N— A IZEEBZOHMBZE T
48kHz, 16bit, T/ IV TIEFEL/-Lb D TH S, £3207 =905 T ¥ AIZ50% BUFEF—5 & L, BHEF >
TL— M2 ET 5. YD 50% 2 EROFMT— 5 & L. EBRITZ4EREVEL, ZOREOEFTEEIIITRT.
E3306bhL L) ICEETTIEHTEY TG OFBRRERETHS.

3.5 A7 LFHliEER

VAT LAOFHED DO T A MHE LT, [Ny A od s v 2ER LT NTTMSA-P1 O 7 — % % AKAI
DF 75— 86000 ML, N—PTERKHELALOOKKERELMEEYS L, TIEELALETHERLA.
OPTIMA Tid [#®3%] (Flute, Clarinet, Piano ® 3 EZ) [23, 24], 85XV 1 T 7 V71 OWE [F] (Vi-
olin, Cello, Contrabass ® 3 H%) D4 1 EEDORYD 4 /18 [36] x AN TEREIT>T0DH. [y ARV DF
S BAFEREPO R EMTHL. £, HOERFOEREVBOEEOEEHRELER > TV AL EWKRET %
HOb, SESHREEZIT) I CEHSIEOBVMAZEE R A, 7 A MIRICHNS 32 FEFIEERY AT A TR
ELTW. EROBERZM3.5RT. hRE 0L L, £k — Gk + TET.

3.5.1 [T IN—E>TEE

HEEEOAEHVCRBY V- V2 fTo o Ga L, RS L EERE A CRBH I V-EX T
o7 EDBERRIERE % KT 2. EROEMFERC RS TR EOFMHRE 52 T i,

HEERARI LB E L, FEPELL, BEOF vy MSEMRESEZE 02 HUNTHLIEEE L. il
ELT, BERROBHE BAEE2 RO L. BHE, SA4EORDHIEILTOE) TH 5.

1

EREAOE ) EETR S N BEOL
B (B HDLHBFEOR

IEfF G0 ) BETK S NI HE DR

RKYAT ML BR S NI BEORK

BHE =

> ST
HEE =




58 # 3 8 EAEHRE B EERE A RS OB

mit

o OBEEIC L B 51

FAMMES—FPTERCVOEETHEE LTSN L THEB V- I OBELY BT 5. RERTHR
SFAPHTIEVOERITIESERECTH L. ERFERTE 34IIRT.

EBROER, AEBEOAZMA LGS L, HEBE L ENERLAR LB TCEREE, 6F0E IR
oY AR

BEICL DA

RICT 2 4R, 4 BRLACCRKBH V- Y FBEZ BT 2. FRVEV L, BERRE, ELHEOSHE
WRESCHBTAMERENSD. ZITEHERICL o T2BL 2207 FAGELENTNREHET 5 2 L T, FiE
REBOE, EROEVICIDHRE, @EROENWEI LD L) 2L,

(a) 752 1 ABCRET 2 BEFT~T 8 FEHULOESTh5B5
(b) 752 2 ABICRETIHED) bk & b—271 16 FEFTH LIS

FPRF LT HEBIIN L CEEZIT) . 4 EEOF D 2 00EZOM A EH (Violin-Piano, Flute-Piano, Trumpet-
Piano, Violin-Flute DfflA &) BUEREZITo 2. FHOEREROFHEEK 3.5, 3.612/R7.

ERETEA VYV —TOBERPEL, AEBEOAL LRIV -y 7 TIEIT L A CES 2 LEERE B
TERV, ZRICH LT, FAEE L ECERE A LHETE, BEEROBRERZ 7 21085 =280 T
EYOEEDNS 2% LPET Lo/ 77 A2 TRV OEREES, 5% BEOETHFALND b OO, FRMHEE
OHREFFLIBE LD EH A% E V. BERIZZTA1, 2851y ElNLEREET LTS, @K
BEOAEZFELEEE L 0/ 20% &\,

RICABBIIWLTEHMZIT). 4 EBTUEFTOELR VLD, REBEDOAICL RNV —Y Y 73
HCERL A, T, AEEE L EMERET AV RABN V- V7 OEREDBES o £ ) BHIZ L 5.

ERRFER AR 3.7, 38IIRT. FaAERRAM, AEBEEORILLFEBN IV —Er FdITE A EFR LR
BEEAMECE V. 2 LT, REESE & EBEREFB LOHETHE, BXREREFBHEORRICHHEED
T2 ENTETH L7720, HEBEDAZHOLGEIENBRENG . HIZZ7A1ON5=2IZB0T
THEESEROBHREIZ 0% TEHETHS. VI A2TRIZTALTICHPETLTYS300, AE#EEDATH
HL72HE & 08 34% BHEE &

3.5.2 fEEERYT N —E L T EER

HEBERY 7L — ¥ 2 2B A EMIEROBENET R T 2. ERIT4EBRTHCCTD . BEERIHEREE LT
IEREZ BT, TO/RREEONLEEFFREROAZHCTHREB I L-E 0 FE{ToBE L, BRlEHE
ENIER Y VTR 7V~ 0 F 2 T o 2B & OF RS BERERE & T 5. %453 Piano, Violin, Trumpet,
Flute, Clarinet ® ENHTH B & L7z, EROFMFERILS 2 Tk,

EERIIFEDOM 35D EFAREOMIZ, Hr/olZK 3.6DKGEET O ERZIT) . H36EEFZHMICTNTEOL
BETH, fERD/ST — DI % gk 7V — 2 7 [36] TIHEELWERRETH 5.

ERBEREE 3.9, 310IRT. BRENLFRFERESR2OT, BEEROBHRREZMI 52 L3R, OF
D,277A1TIEI0%, 7T A2 Tt 68% L LOFESHFEERHEIXS VERV.

EEBROAZFALABETRHRESBEREEFMMMT L0 L, FRERE EVEREAATLILET
HHBETEZHCIENTE L.
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3.5.3 #E=E

(a) BRI —Er ZIZ B B EMIEROBNNE
£ 3.5,3.6,3.7, 380 6b0 b L), AEBEDRIIL A IV —Y o 7, 75— TOBKRICHLHE
FEOMAGLETEECERRIIBETE v, 2RI L, Bk L SEme Vw5 2 L ©, Bl
DELVPEBEN, B VBRESFEERSOEMIZEY, 2 8 —TOBRIHLET LR T S 2 £
WG D, 4 BROFHTI2% FRENMELALZEDS, ANV — Y 7108w CHEEE & i
HE VDT EOEEITREN.

(b) HEERRG N — ¥ » 7B B FEMIFROE D
3.9, 310056005 L), FEERTACTHBN V- 72179 &, ELOWEERENThA TV
Vo ERSR L, EAIERE R TS PR L, S FREICH L TERRERIT LT, SN L —
Er VY OBREEARE CHELTOS. BEBROMEFT 5HE 1A, S0 S MR Y
#20% A E L7 E0s, BNV —Er ZICBWTHRIEREEMEREH VD 2 L OENEISE SN,

(c) HHEELHVLZ LOFHNE
M3.6DL)II40DERYHEICTRTEDLGEER, NT—HOALTBNTHEBN 7V — Y 7258 L &
ZAOND, HEEZHVAIET, LVFMLEMERODLIENTE, FOKRE, 7T A1D/SF -2 Tid
84% TEIRTHERTEIZHI) L7z,

3.5.4 SHORAE

R 7V —E Y FREICBVTAMETII 2 BEROLEZT->THEY), FO2BRBEOLBIIBNTEL Y %
o EEOMAFTDENRNENTRERTHET LTS, Lo L, ERIPELLEHRENTVRICL2hboT,
—RILEFEOHAGDEERETERVIHENH L. HIZIEC3, C4, C5 M REBRICHKE LTV AHETIE, C3, C478
HASNZHETKRTLTLE). 2004 ERIIBVTELCER ) PRZBEIN TV L2 bOFE LVE
HFEOMAGDEDV RN ENGCGENH L. T2, —DORKEBBSOELR VHELEL &, EHEIICERDE - /-5
BRI, BHEPETTL0H)MEND 5.

Db 2 DORBBICHRT 5720101, ROFEVEMIZEEZD. REHEEDPSFE R SNLBEOHAESHEDR
RERBERL, AEOEHICL ) ERAEBRS I CER VDS I2HEE RO, BRFEOLEZHET L. 2OLENRE
bEVWHEHBEOMAELEEMNTE. TOREHER, HEORAEDLEOBEBD Y — P HRTEISNL D, &
BRMOBERE DBFEHE LT IBEL VAN THLEELIONS.

3.6 HHYIZ

AR XTI, BERE UL ELEESHRELELY FEBN V- 7 (L —Er 7w 2880 7
V=Y FHEE L L2, HERIFEICBTDE V- Y OMBEE EMNEREAVL L TREERAL. FE
BZ7 V= 7T, MElEE L EMEREAVLZZET, fHEHEEOATHVLD L N, BEEREHEENFEY T
2% A E L7 K7 V—E Y 7T, FEEREEVERTAVLIZ LT, FEBEHROALHCLID LN, BH
BIPSFIHT220% M E LA PLECE ), M7 V—Y o FICEMER>FHETL I EOFHEIRINL.

L2L, E54FHOSHOBETHIT/ L) I HV/ABIIZE A LEOTRESFRENTYS, -
AEPEEEZE CHEIIEMER - FRERIIICLZLDFIP )2 AT EEILNE. 4RIFL £
DFERP IOV THRE L, BHREEGIC L 2EHENLEEZ T L.
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Table 3.1: 23 KITOE#%

HHE—E
BB ADORKNT —% 1 & LIk &0/ O (FEARE)
BlRBECE 5 2 D0 (ERW)
BEBEC ST R KEE CTORM (attack time)  (FEARK)
IR =PR8I — D 5 ELL EoRE (FERE)
IS = HIFARIRT — D 6.5 FLLE OB (FHAR)
RUESS -y NAUEIORE- W Ao) -3 e ¥ N|J
BA/ST — EPLIEHOST — O (FERE)
attack FF0 /%7 — & attack B 5 0.2sec £ TORPNIT LD
EARPE DT — EOEEHEEAL
ERBE DT —AHBOBEOELE (FoOk S CEHIL)
attack K> HFRD 75% £ TOERPE D /37 — AiFHR LR PNEHR D ED
ERWEER G 0T —EORMELDORERENEBEE TOFY
BEEHES (EAEERERRS OB T —)
R BE OB B LD IRERE
HERREFE2H/EDONRT -1
BEARBEEIFEHED/NNT -
ERKEEAEEDONT -1
ENRT =N TEE5REFLTONRNT —DEE
B EE LA REEOL (X7 -0 &F
BERES LSBT0 (attack BD/7 —)
) Bk o $
LR O 7L EREE L W2 EHREOEEK
EREEBRLS DR ST — O EFH R BRBE O/ ST — TH| o 7218
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Table 3.2: HE7— ¥ ~N—2 NTTMSA-P1

41

Table 3.3: EEBHER (£ 5

HEFOME | Piano (244 1), Violin (587 @), Trumpet (199 ),
A 25 HIAISHH)
Flute (453 f&), Clarinet (246 &)
=Y Piano: C0-C7, Violin: G2-C6, HRFEERE
Trumpet: E2-C5, Flute: B2-D6, Clarinet: D2-G5 Piano 96 %
RS TANT, /=N, KT/
i 7 Violin 95 %
e 22 DB P
e HWEOEE (é%%ﬁ) Trumpet 86 %
¥ 7 — & (Violin, Flut
ik (Violin, Flute) Flute 88 %
FoF I LT, 2HEOMEE (] Piano: ¥ v/ .
Clarinet 90 %
R—Er FV7 7 —) '

Table 3.4: vV OEEHEREMER

HEERARE | BEEREEE

I E D A FIH

98% 97%

S & E LB T A H

98% 97%

Table 3.5: 7 = H HEBHHHER (77 2 1)

CHENE P

FIH B \ BEEK
T O 2 62% 53%
TR & ERLER 96% 7%

Table 3.7: 4 ERHEFER (77X 1)

PRI \ BTN || BEs | o

A O A 60% 62%
T & EALEH® 90% 71%

Table 3.9: 7 A b B IR 587 2 B IR
(BeEaFiE /8y — >~ 1)
IR 5

FEEHRO A 62% 49%
ERiFm e EALBR 89% 62%

7IAL1 | 7TR2

Table 3.6: 72 A HEEEFLHAER (7 7 X 2)
FURtES \ BERK | FHRE | BA%
I HEED H 43% | 51%
W L EAMIER 83% 1%

Table 3.8: 4 ERHELBAER (7 TR 2)

THER \ BEREN | BERE | d@e%

A B E D 34% 74%
AR S & ENLIE R 68% 62%

Table 3.10: 7 A b i F 555 B[R 2 BB
(AL E/ Y — > 2)

F) 1 TSRAT | ITFA2
EEERDO M 56% 47%
EFRIER L EMER 84% 58%
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BENE LI SRE) T EREBEBRVMHIEICL DITEGREEDZER

=t

&

FEIERAT BT A28 1970 ELEIL TP B LR 0, EE, A2 BT, FOEEUITHREINTE
TWa. J, RV F AT T 7= 24f) L TREEBRUBERIR P2V, FIIE, EEINLEFET—5IC
LT, BB Y 7T 2T, RERPHEICTRAA LI T IR EDIEH? S L. Lo L, ITERSE MR E LR
I, B (AEEELRLOTEVHERELE) 2HRELAMELV DT o 0, FUMVMENRTI Lo/, T
BROBEWEIMOEERLERECERLZOT, 7, EFLITEHFET L THACERRET A2 FELHE T HLE
Mdb.

KIFETIHE, FIAR Y NV AEUHEBOITERICL2ERELNRETE. FEEFPANELELTEIONS
£, EDFT A IV T TEDRBRVRE LEPPRENS. HEMENDS I, TEREEOFRERAEZR>TW5
IOL)EMETHEONICHRZ, BHITERICL 2EBIIHEIITBEHATE 2w,

AEFFETIE, FTLADL ) REBEREL V0O L) RERESREY, I3, 74 VSRBIZIDGHEL, &%
BHEOTERZEY JULEIZ L 01T . EBEREOFERZE R, [RIS0EE 7« Ly B L EFEBES IS LTITbNR,
RIS E D EERIE I, BEEE 7 A VY E L AFEERIIN LTI, SheDT7 405108, EVD AR
I PVOTFHERECHIEEDLIENTES.

fEIe e D EEFEE, BMlin Ly A8 ) 7D B ORI L FERTF T L— vy F T %
B LSE, BWEEATCE B TE e FEIRS. L L, B—MANTREEEINEVDT, 7
FAYY Y IFHEIANTHLEEZ OGNS, T2, TEBHFEEFTIRRTT = I N=AFRT5THLDT, HAb
HLTHDHIEIL D, BT 2LELL2VEIZEMS VFEFLDLEANTHS.

FBRBROFTEREICIL, FOEL VIS IFEHELBERMBRVI—EDY - Hb I LIZEFHL, NN
AR, B hh?ﬁfb%ﬁi—%’:(f%ﬁﬂ L7z, SOFEICLD, #BIT S (15 25850% Crash Cymbal DRETIZSH
79%;:, Snare Drum & AR ESTAHALE, ENERDIZL VETBIE LR T VB L TE 2. LAY
ISE = T AIEEOFBIENICHE T o2, /4, B LABMEICHT2EHEEYERL, BEEICET
Ba—) AT A 2 AREEZXDHIEICLY, COBHBY Y — LI T A HIEE Y ANN#FIHRO L ZICEHT
AHhOEBHESIT> T 5.

BEOF— 5 2 AW THEREERY T, FHEOEMEORIEL 1To 7. KU TR R &% HHEE, K
48248 - | C Bass Drum, Snare Drum, Low Tom, Middle Tom,High Tom ® 5 f&#, 4%z & L T Crash
Cymbal, Hihat Open, Hihat Close ® 3 ¥ Td 5. HIBEEO¥HH 7~ 413 MIDI i 1 @ETEF 80>~ 7
AR L 7. BEIs S 82 o BRI IE EE 7 — 5 L ER V. FHER - 5 EFEER T - S RIS - MIDL &
B DR -7 MIDI SECERZR 2EEMER L. S, BENLRSE-FDFT LRS- THL. T,

43




44 4B HER LY TAY) T BB X AT EBEEOSERE

| HEEOD IBE SNITEREELFEN R L L. EROGE, BBEROTRAESE, TEICLOT o fEEY
‘EﬁLt‘%mm?“y*“ﬁwy&#OtyAﬁmﬁﬁtﬁn@¢U@W0t-%%%%@%ﬁmﬁmomfmjg
son ) EIEEOME A & 0, MIDI FiCIRR L 73 7 — 5 128 L 50%, T8 CD 124 L 10% O alikis b il
FELN. INOOERDPORFRORET LHMA L 7 A5 ) ¥ 7 LRBBR Y HIEESTEREROFERTE
WKERTH D Z EHIRENT. .

4.1 1FU®IC

AV B ORERL TV ¥ VMESLBEMORRE, SrEBEROMEICL D, ERFCFTHERL IR L LI2HR
131970 ELIRIL K AThN B L) Ik o7z, EF, FEERLE L ) FRESIHEL L, BRI ITON TS,
FELF-ELTC, BEEF N T2 EREREMENS L. FERELIE, [ANELTERZONEESH D VITR
BEND, EOFA IV TTEDERVEE LPEENTAINE] OZ LT, ANBFRESIIBEETH2D
REGETHoI VA THL. FERETE, M52 OFBNLEYD 5 VIO X 74 THBREZER LT, RSN
TVLENEFNOERTRET LI LIRS,

REEIFERZEO L) ZHEFTUT LN ETNLFLIHATBY, B AEBE L EE 0 BHEL )
RITEBREVRBIR VDo FEBEFLZANE L TRz 5. FRFAELFTERETCERTLZ LiE, AHOFRH A
B ALDBRHIZS D% B EEZ OGN, FREREMEILIEE ICERECIET - &L oTWa.

HERYEUERERYANEFT L LTHERELE LT 72010, TEROBSHBIIboREI L 1akEL<
BLb0T, $7, TEBRFTOERR S LABERERN4BET I LENS L. EEEFEL LAHEMAL L
T, M 51, FRESSTOMEE T ) OPTIMA % B% L T\ 5 (23, 24]. OPTIMA T, FRERNVFERES
o, BERLHER EOGEFRETTERE LTMBE TS, XA YT Ay T — 210X 2I5HEE O AR
K, FREAZEOARL O THFRRZICOMOMATY S, MIFELJIHEIE, KL T v TREZF TR MELH
WY 5HEEICETAMEMERERET A L CHEEREOMENEON TS, T 4ERF ANTEET L L
MFETIE, EOELZ VICEIZERELRET L0010, EUCECEIEZ AL FEMERIN TV S [45]. L2,
INHOBETIE, EHFELZT LMRORTI hr ol FTREEFLGE LRI, BE4a R LR E L
T, IEFEFNIL A, BERER T ANBTERT L L TR MR ZOHTH 5124050,

AL FTRFEROFRRABICBCTE, FILEHFTH- THEGKEICLY, ILREFLZHI LTOED
BRI VEMENIRELEHTLIZEAZEICONRITER S W, ITESTENRE LARRWEN £ 1
A GROBMRSEE D O HHE & Al L, &NN X PCA 4 L OB, KTEROFEZHAT 5 2 & CHIRRELHE
FEBLTVWS, TNEEFLZHGEL LAFRERAZECOREBLLFETHS. LI L, RFRICIO LD LftkiEr
BHLZZGTR, T8 REREREREONZ . /4, BICFNI AR A EICH TII T 5%, BB A IR
Ja—T A4 Y IOBELEOEAEEILAHHELEIRE , FHFEELAVARNTERT7TH 5.

AEFFE T, FTERICL2EZEOEHIRELEOES » FIRICE &, il L) RHEEZERL, TERTOTE
FEXIT) FEEMETSH. F7 280 L) REEEROFTREAZIEEMAZ LS 2 A5 ) ¥ 72 Bv, EIEREC
WT D, T UNVEO L) REEEROFTERFEEICIE—EERE ) ORI FEEER L%, BB OHEEZTO
TR ZHIRT 5. Fo, EEEERS LT, BE, BRICHTAFENNZRLADCHAL T (I ENTES.
BIZAL, — MR FILADBERICBW T, WAFNTLAELART FIAEFZLAHID L L MIhND Evoi-fi#T
HD. TV LHFOF I, ITEBREE AR E LATRRAZEICE 2 WEETH L. RIFFETIE, ML ERNIC
MET LT, AWFEEF~OHK, BFREZELEOERZ1T> T <.

DT, £2ETRERDITERTOERERFEIIODVTHER, I3 BECRHAMREORET 5 FEL EAEMNICHAT
5. HABTUEREFHELZHCIERLYT) Z LT FEOFMEDFMEZITI. 5 BETERHROMERE RS,
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Table 4.1: EERIZHWON/-F— ¥ & #0455

Super-category Basic-level Sub-category
Membranes (380) | Bass (115) Bass (115)
Snare (150) Snare (150)

Tom (115) Low (42)
Medium (44)
High (29)
Plates (263) Hihat (142) Open (70)

Closed (72)
Cymbal (121) Ride (46)
Crash(75)

* FAlRIET o TV

Table 4.2: EERER

FREER | TS | FHEERTE
Super-category 99.3% CDA CDA
Basic-level 97.4% K* ReliefF
Sub-category 90.7% K* CDA

4.2 FTEBZEXRRE L EBEREREDIERMAE

4.2.1 FTEBBORANFEDLEARETICET 3 1ERMRE

Herrera 5 i3, BH#E L NI ALy PR TS OMHEOITESEMNRE LT, BB W T 2 FHEREME%
B RO F R DWW THRERE L Twb [21]. ERICHCWON T L 20F5EEARAURY. #7T)id—
AR B 2 e I D ERET LT 5. ‘

FAMFELE LT, kNN, K* C4.5, PART (PARtial decision Trees), CDA (Canonical discriminant analysis)
D4DERY LT TnE. BENN, K¥ IZFEET VOG5 HICE 6T VT) ALTHE. KF IFHEHREICL—7
U FESTR A2 P42 HOWTIERYIT). CA5EHRERFEZE TV IT) XL THY, PART 13 C4.5 24
BLAN)Z—=2a3>D12TH5H. CDAKENZFETHY, 7 7 ABBEHEITEL2TKREL, 77 ARTH
MWTEBLETNEL BB L) BFEERODDTIVT) AL TH S,

F 7o, BiEEIRIZIE, CFS (Correlation-based Feature Selection), ReliefF, CDA % fIfl L T\ 4. CFS i&, %
HMEBEOTRELBIEAETUNLT, ZOBMEELEEEZHVHBEORNELHHELEGOILREYE, HETZRO27
VIT)AXLTHD. ReliefF EFHFHEBOEEUZFMTL2TLITYXLTHS. '

ZEREERICI D A, 10 7 0ANY F— Y a ¥ FFECE, EBF—s 09 b 90% 2 EBHF—5, &
D 10% % FMMET— 2 L LTwab. IhE 10E#EVEL T, BEREROFHEL KDL LD THL. EH 7T L
NV, RBOFBEREESEONCFEOMA S LY L FOEERERLYR42IRT. HEZHRELIHEOE




. B4 EMR LY T A Y7 ERME W L B ITRREROF R E
‘ﬂ%%%waT®%WWE$@%J%T§A

4.2.2 IST=HDHICEINEG—-2 Ty F L TFE

BRSO, BHROITEGEENREG LT/ IVOFEES* AN E L, sFIRBOEE L 2ORSEY - MEL =T

YRNEBEMIDI 7 7 A VOBRXTHATLEBERES AT LAERELTVD [14). MBI R E 25581, =

W NT LYy FT, 9BOITEBRTHEINS. U 75— TR LEBREWN L 8~ D FITANY — L DEE

FANNEFETH. T, TOMRTIERONT =G4k Fr L= X5 — 0 L LTEBLTBLENS L.
I, RERAZHRE L, 222 BEE LT—ERHOST—3H 2B O BT, 77— k8y =2 & A

Y- LDEHER T TV My F AL RSB Z2T, UTO LD REESE LS.

(2) T¥ 7L =g =V E AN~ DEBNVREL D &, WENF LFETHEHEIKE 25,

(b) BEHOFTRBIFERIC LD LRI KREL LS.

(c) BRI HDIERDLCEEEESYTELR > CTOHEREIREL L 5.

LRO LD LHELBRT D201, TNFROMBEICH L, KDL A HECL VBEEZRL E LTV
(a) DEFRRK : BEWIEE
HA41DE YN, ARG = HIZT o T L= bR = DEENTVB EEELT, A1y —rvdnFo 7
L= b = VST ARG LTy T L= by = L2 L, BEHEMEERET 2.

(b) DIEREK : BRVBE KRBT IEHRE
BEOITERPEE LB AICHINT 272012, ANNSY — Ty 7L — b8y — RS ENTH L PN
ZWh YT AR EEZHVS.

(c) DERRER : BIRAVEEDHEE
BB RO BB, TRCOREBRS 25 L G 5 &, FBICHRD 42 W EEBR S DS B4 - T b Bl
KELBZOT, BEGTLICEABBEHEL, BEHESHPE L T2 0RBEE OERICELDIT 5.

CDYAT L, B ANEFIET AHHACERELFTEIEYERLTWA, LAL, BUERSELT
b, EBIIEIHA L FTEON) 2= a VPFEETLOT, ETIHIET 570 I KENT Y FL— b3y — 2D
BEVLEECLMENIFET L. COLIRKEDT T L= Ny =V 2 HETAZ L ERENTIER L, VAT A
WERSN TV RnE) 2FE2ROBEEICL2ERIT L COEDIHET A ERREY AT L0B%* BISTL
BN 5.

4.2.3 AHMRERTOFTO-F

ABRETIE, ITRGICL P FRERL TG L LOFFEREZT) . SREELCHMEL LT 254, S0EL
DL DEHMENRECESH TS, CNHFERET, KA ORI FEZEH L2 CHSBEREEMETT2 &
WRELGHETSH LS. Lo LIERIFE T, BAEROBFMIEIICESEIN TV AL EORESR BV CARBE % [
LTBY, COMBIZEmA, S MA TIRRE D o7, ITEBES NS E LASERE CHRNICAD Th - 185
B, REFEHEE LIHEIEETE L R2HENE . RIFETIE, ik LSS T A EHEEREA L,
BEEICHETA - AT 4 27 ALY, FEFAEORY ZHET L2 FELMAAL I LT, SORENRkT B
89

AT, BIBEROTHERZEI, ML L7 TRA5 ) Y V2 H0E. FEFRLESFICBWTELAVLR
LIMENCED CRAFHEERA LAV, v 0, B4 LB EEHOBEEROMIIIE, HEHIETCFELY,
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Figure 4.1: HE#IEDOHEKIY

Table 4.3: AFa T D FT 55

fEng 425 | Bass Drum (BD), Snare Drum (SD), Low Tom (LT), Middle Tom
A (MT), High Tom (HT)
fRIE %32 | Crash Cymbal (CR), Hihat Close (HC),
Hihat Open (HO) k

F— a3 TIIHMNOFREINSIVWIEILEB LIEM L LI A Y TP EHTHLEEZLONENLT
Hb. NT=HHL BT T L= by F I, HETWFETIE R WD, BEEFIKECEEBEROTERZEICE
WY TlE V. BEiZ L7 7A5 ) 708, BEZICE2HHEBEHICHLL VO NZA M THS.

RIFRTIEFEA T EW S & LT, Ride Cymbal iZBrS 3 5. BT, Ride Cymbal 2k 13 &+03 %7 —%
FHEFE > TR, Lo L, REFETRET 5 Fikid, Ride Cymbal # &® T 9 HEHROSZHERE 41T MET#E
Lz EbAMEER bRV I ICEREIL T <L

4.3 TEREREHRELAEBRAEFE

4.3.1 BEREDNHRE T 5MERE

FIFEICBNTE, BIE L2 LI [ANELTEHERZONLTEBEENS, EO5 A IV I TEDERVRELL
DEREHTHLE] FFFEFEE LIRS, FlZE, CRA54H%, SSPRICET LA L) BRI TEIE L L.
I, EEHFPMAETH 25X, NEIORXE Y LiEREE (Tempo) DHEER EI3fTH RV,

KR TIE, ANBEESI, EEHLBROFT 41y ML 5 Tempol20 £ DiEW 8 ¥—F 2PN ¢
HBHETEH, Foaty M, £4.30 SHEDITERTHBE SN TV, JIC, FBEE L ABREL VI HH,
Erich von Hornbostel & Curt Sachs O REGHEESHIZED  [7]. FIE I 1kHz LT QP EROFEHBETHE <,
i 4kHz M EOBERBIICE < AR S VA LT A, HRERBLOEREIIOVT, UTOREESB
< :




48 BAERMELY IASY) 7 LM VHEIL L AITEEROTRRE

(1) e ERC 2 BEEEINL Z LR,
I 70, AR b FRRIC 2 R EFIL R,

(2) HmBsds & RIBEGEFRICEF SN TS v,

(3) FE MBS 42T 125ms Ph L, IB%ET 250ms LEL 5.
(125ms it Tempol20T 16 FEMFIHE T 5.)

(4) REZEIE L.

(D) WCELT, fRR%ER 2, 5 VIERBER 2HLAKRIIEESEL I L, EBOERIIBWTIEEZD L)

Ha1ad v, 72, CR (Crash Cymbal) & HC (Hihat Close) " RIEZEH L7z& LTh, TOREITIAMIZL -
TOHFFICHETH ), FMETE IO L) ZGEERHRE LRV, (2) KL T, #IZ1X BD (Bass Drum) & CR,
SD (Snare Drum) & HC % EOREFESIEEEICITON S, (3) ICBIL T, Tempol20 X 8 E— F O F J AjHZE LT
R EETH ), BEREROFFORNEMIIL C DHE 16 TEHEFCTH 5. FRIC, FBEROFHFORNELIE 8
FEFTHHETEL. A)ICHALT, RFERTIHEENLZBEROF 74ty FERHRLELTWDEDT, ED L) L
BWOEBRIHEHASNLIPEFIGOLDETH. SOL) RHEANPS, (1) ~ (4) OREERETHEEERD.

4.3.2 MIEOMEEBRFE
B &) REEREOD & TO, fTEGEOFREZEDELMEOHEIZLLTDO2OTH 5.

(a) BEREOREVEBERITTLERFENTEL V. FHREBD 2FR2THhL L, HDOH A XX I2-D
BELGEIE> T BHEIRECEYTL. INOZEENIT - NETHZ LY.

(b) HZEAWH) LT, ENELVICLLZRBHERIEHI SN L. IS, RIBEFICL2RBOPEIIRE V. I/,
SD BEHICEBOMMR-TH Y, BREHZTHV LV LEBRHOELL720, BEARBH I TARY bV
BRHLTn5E, Z070, FIBHERE L SD ORIEEREER 12OV TR 2 LABEITTRTH 5.

FRERREICRT L, AT 4 OV S BRI ENENOERER ISR SN EFREFRLER T L) T T
FhED, BEMCE, DTICRET 2 FRAZELELIT) COORMLE L LT, RBEZOIRIHVL2EEETI
ZARHGEE 7 4 VS T, RIBEROREAICHV 2 EEEF ICIIEEEE 7 1 )V ¥ TERM & BB EHE 2 20
HIET, EVDARYZ PUVRAICLDZECORE Y KRE KT L. COREOE, LTO 2 20FFEICL Y HED
kxR 5.

() I LCix, B—HANTEE CERE2HE) DL, F0BIFPLnwI EIEB L, BEREZFRICEMLLY J
A5y FRFATA. BEFEEHEZLEL LL2VOT, EREFEZICIIFHELHOEZBIIHMmMS VFE LY L/,
EWEEZONE, 6|7, ITEBREREEFIERNTTF— I R=APFRT+FTHLOT, HflHE Ly I A5 ) ¥ 7idH
fidh ) OB FEL D SAFEEZOLNL.

(b) toxt LT, (RIS aealakir 1o, ABEBORERS SD LOFKEE X EDETOELR NV IZL L HHELE LR
WEBVI—FONY = DHH I LICERL, NN 5 ,?%iﬁih%ﬁﬁ%ﬁ’):ﬁ(ﬁ%% %95,

4.3.3 TEBFRAEY X T LDOEK

TRBROFIRFAZLEIL, Bk L7 &5 (ISR & BRI TH 4 12479 . M 3.1 ISRBOAERT.
ﬁ%%%@&%ﬁ&lwagﬁvumsz fEDEIEB 7 4 V5 2 L, (1) BEBLMRE, (2) 8@zl s 7
AF) r TONEICE R TV, EBESREFHNT 5. REEROZHRTIE, ANFEEFTICK 32 E0EEE 7 1
VEERBRE L, (1) BERLRE, (2) ENN EICL 28T 06k, 2O/KRE L £ (3) R sy —r %
MALZHEZITL, ABERETHENTS.
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4.3.4 REIBZGE

SE BN 1L, BIES OFEL A2 [14]. 72751, /87 — STk RET 5 BHEO 2 7 —iE, 2 /o
SR TR - 22 DEHAT 5. BBEBOREHARIIE, FEROMHE X T & 1 ERE % R
REED Cent THL, KBEBROHEITEBHOM £ L CET L) BT Hz THY. —%0REEIE f. T
BB A XY, &REPORA/ST — % ZORMORERE TS, (f. = 80[Cent], 130[Hz] & L72) FHH sz
ST = AR DR ¢, FERL f S B1 B ST — & ZRER Pyt f) £ 5. (k = Cent, Hz) &9 LTHS Lf/s
T AR, RERAE BRI T 5. UL, 3T — SR OB A0 1 KMAMEAK B Vil L DR RS
BEBA L TLDThHD. Tb LA OEE Qut, f) Hilk k| SEEWRBOFIEL LT ISRT

(1) t=1-1, L I+ 1 O&FEBEHWIBTERLT

OP(t, f)
ot

BT EE b= 112812 OP(t, f)/0t & Qult, f) £ 5. WirzShvE SR Qu(t, f) =0T 5,

>0

(2) BEEZ L TEN Qu(t, f) DEAS & GFME Si(t) ZRRUZLVED S,
Si(t) = ZFk(f)Qk(taf)
f

175, Fo(f) W 4.40 £ 5 REROBEIS U2 EABKTH 5.

(3) Su(t) I8 L, Savitzky & Golay DA BT & 5 FAL & 57 [46] & FIv, BAME 5 2 2BAERINT 2. Scem(t)
RS A IR EBR OB ERHA L L, Sp.(t) M oKD G E RS EROTEERL L T5.
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Figure 4.4: EABE . Foent(f) & Fu.(f)

70, EEFORERRZAETLAENT —FHBK V() 2LTO LD ICEHKT .

(1) ZEFEZILE, 100ms BADRARSST -7 L —b %KD 5.

(2) BA/T—7 L — Atk 100ms B Py(t, f) DBBARMOTFHES Vi(f) LT 5.

PERFFFEA 6, AR FVOIT —GHEFREAEICERLZERETH L LGP > T bDT, RE T -5
AR E Vi (f) 2 RIS 8T, RIS OM )T IS FH T 5.

4.3.5 RIBEBOHEMLELIZXAE2ULT

HERT = FHTIK Voent (f) W25 L, k-means IEAFIH L CTHEET L L A8 ¥ 7 %17 . BEBERENICH
WHENZETHOFEEFIIEEER 7 AV FUBEINTHL 0, BBOADNT —GHi%kEZ L2 TL N, 22T
i, f=0,---,49 (xfo[Cent]) & L, 50 KTEDNRY hVE S TA5Y) ¥ 7+ 5. KHFFRTIE, STEREN G E LR
FIEMBICBIT2 2 T A8 ) v FFEOFMELEPO LD, 79 A (BEPTOEROMHERERE) &, B
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o —kf% NI ABEBIZEWVWTIEL, BD £ SDAFYAEHI DL LN S.

o ¥ AMIZLT, MT, HT DRI ENFEL b L) ICHmE s NS, Zhid, BEBECHIEICE 252 EER
LEZBENS. '

INLOH#THCAZ LT, UTORMBIZL ) ERLFEEZIT):
(1) ML IRV TICENBONL s TASDI) S, BREDPRADI FAYE2FBD Y 7 A5 &L
(2) K79 A5 DRABBELOFYBEHFIEL, MEWEDS FA 5% BD, KEWENZ TA5 % SD L¥T5.

(3) k2D 2 7 25 120 LT AREICEAERELOTFHELFEL, S vb o2 SJEIC LT, MT, HT &
Th. 5 AEIEHETNTHER S WG VWEBESOBE, BIZE LT, HT OAER SN 256, BEHELD
MNEWLDONS LT, HT &3 5.

4.3.6 FIBEROBRFETE CBHRYWE

HFT — IR Vig. () % BB E LT ENN# (k=10) 10 & W BONAMBIERE, AETH<LT VT
ZAACHET S, #L 2 436BLUBTHET 275, BMBEY S5 -2 FHTH2 5L T, ZOBRIMEELHE
BT L, ENN B EO & S ICBATUE VWA % BRI 2. MBEORNEE 45177

R INE - CHIEEDES

FTHEHERIIBV T, ABETORECLBENRTORERFICANY VB S LI L) ER#ERY P
BERPTWEAFAEE L, BMEEHOER L PR/ ICIE—F0y — 2 hiH b LHENSNA. FHETIE, IhE
I )Ny — L LIER. ST TETOTFHRERISBONILUTO 485 - ERB L
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[[I] CR DHBFETICBWT, HC-CR L ER#T 5
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Table 4.4: FIEHDFEBE KT 35 HORBEOME
(1) | A7 FIVOEFEFE (3 : FT1 - FT3)
fﬁ?&iﬁﬁz{}, AT —JEHE, &A»S NTH&EH £ TO/87 — 2 R0 ERE O R R 5 0T
(2)]2-4 RE— 4> MCBAT 25 (318 : FT4 - FT6)
IR — DGR, B, REDKMTEOTY
(3)| 72y 7 REUCEIT 48 (818 : FT7- FT14)
BEPORANT =7 L — A ETORMEZORE, /37 — OB EOFLE, /7 —aAEOmEE L 2 DFE
&, ¥ur o ogg, BEAROELET 5 v 7ERCNT 284
(4)| 51 7 XEUCET 3458 (6 18 : FT15 - FT20)
¥u s oAQEE, BEKECORMAROTIEL 58, 37 - 058, EE, 5RER EORRAEOFY
(6) | FRERAICET 2458 (218 : FT21 - FT22)
RA/NT =7 L =4k Y(ms) %F TOREEAE (Y = 100, 200) (Lo —JOHEFE /| k37— *Y

ms)
(7) [MFCC (CE¥ 2458 (13 @ : FT23 - FT35)

FEMBXEA O 13 X7t MFCC DT
T8y s LAY =7 L s ETORM, 747 4 L ENLBORINE T

(111 HEAOE# LD, HO-CR LER#T 5
[IV] /87 =5 A DT\ 5 72, HO—HC & 32#T 5
[0, [ ixFOEL IR LAY, [III], [IV] 3EORHHOBUIEISER L2ER) TH 2. I, fIEDRY I
BETHFBL CERTOREGELZRRT 2 LTHIT LN VRRRY TH Y, ZOFMELT) ZLEBOTEETH

5.
LROERBRD NS — Y OWHEZIT ) MAEE LT, RERT; (0 =1, IV) Z U FTOFMEIC X D #EES

o

(1) RAERD 8y =2 1CHAT AME T~ R e B, IR, ([ ORMEBY KT BWEEEEB S50
I2iE, SD, HC »RIREFEE 5 & ) RiEE 7T — ¥ 21kl L. FEHT7T -2 L LTHAT 5.

(2) R LB — ¥ O BB AT L, BHERE S &5, BMBITIRIR 21, 32 # 521507 35
BCTH 2 (F4d).
(3) A — B BBt HRMBEY N5 — L OWMIEEL LT, 252 BIRT2HME L S 2 AT 5 JoeAZ ik

FEAREBE C5.0 1 L VHRT 5. BIAIE, [[] ORHMEY IS8T 5 WEEFBOHEIIE, A=HC, B=CR T
HY,SEIESDEHCLEDREEE,P OB LIFEHEDESTHS.

FROFMEC LY, [ 25 [IV]ICx L, ZRZNEFNCHIER ORI KL 5. TOMIEEL ENN #BIH
RIS L, ETIWCHEAT A 20T, 43.6FLBETHAT A, T TERELZTNEIRL2VOIE, MIEEZEH
L7b e vo T, IER EHIERT, BISEIERIZDLLI DT R VwEWI T ETHE. BBRREVHIEEDOEY
W&, BRI ERET LRI L D AR ITD S E Ik o T, R A SR ERREOEEELZEDLLICH .
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Figure 4.6: EHEOHEL : CM; & CM,
EREDEA

EDORETEDRBRVMEELERT A0 2 ETH7-000, il LZHHENY P Vvicx§52E8E (CM)
2BATLH, CMPEVL D, BRI ZEILTYLWERENRE Y. Lo T, CM ZHV/ @S 2ea—1) 1 X
TAVARERLZET, HEELZBEATNEERZHETRTHL. TF, Ml LAFRENS VI35 CM %
RO2ODMEDTEE LTEHT 5.

o CMy: il LASFHENY PV X EE#IING 7 7 ADORMENY PLVOFY M LOEPELRT. Jhik
RATEHESN, 2007 MVOBEOHOIF 1 A fExERT (K4.6/%).

_ &M
L XM

e CM,: 0.5 < CM @ CR i, BHMBOGESIREEATEATL LKEL, EFMLLAETH S (K
4.64) . HEOFEFEIZKEV CROBTIREMB Y PEERLT (, HFHICEETILEND 5.

EWERE CM 13,
CM =CM; xCM,

TEE L, BNNEIC L 2EBIKERE 7 7 A LT THR L, &2 9 A3 LTRD, CMejass (Class = CR, HO,
HC) &3 5. ‘

Ea—URF+1 7 AOFBEHEEDER

4. 3.6DFRHERN /Yy — I T HHIEEr EHE T 57001008, REER) 2R LTV\%?EFﬁ@HE&ﬁﬁEjT’\é
WEEZRETLILENHL. T07201, CM2fIAL b2 - AT 14 7 AFHA. LTI, ZKﬁﬁn‘f;*lmf&é
La—URF 42 AFEATIRT. i

ba—1) A7 4 7 ADBFFEEILUTOEY TH S, Bk L7z k5o, By sy — 2 [1, [l RREE 2
ETBIFLNEVEYTHLOT, [I), [V 1T 280 HEL D SEELTERLAT TR 2. L0710,
1, [[] ST EDLAED 2% [T, [V ISSTREBSEI LD SEIHET S, e
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if CR &% &% CMcr < 61
if SD 2 EIEE%E  then apply( REKR T7 )

elseif CR#H# 0.5s AN then apply( HEK Ty )

else apply( FEAR Typp ) fi
elseif HC &#3 && CMyc < 6, < CMpyo
then apply( HREK T;y ) fi

Figure 4.7: iR ) BRTORIE L HHATREFEERED OO 22— AT 4 7 A

Table 4.5: ZHH 7 — & DAR

IR | BEIRMEMK | TRES | R%
CR 10 4 FEEH | 40F
HO, HC 5 4 fE3H | 20F

$7:, CRIVEBTCORMED 88 — > [ 1HT 5 MENLED L pHET 2BI0E, HET < S BFOHIE
IS CR KT SNCVBDE ) DN EETHS. #EoTCOR EMISNALT S E, 205 & OWIEIBHE)E
AHNE. 22T, BIEO L0, EEEOH CR OREEOD & I HEEZERYT 52 LT 5. [IV] O
EEBREEC G, B 6, BT 2. HO & HC OMBUIMTE D, METIE L £ b & HCAS VI ks, Wil
BETAHILICEY, PEUEICHEEZEHLTLE D ThELHRT 5.

4.4 FEREER

4.4.1 FEEBREH

RIBEBRIRFN D 72> DB~ 7V ik, Roland #8 MIDI & SC-88VL % W TR L7z &5 80 B TH 5. 5
AR ASIORTY. BIEERRIICEEM L L TR ) IR FBT A0, FREROLOOT TN ELEE L
.
A © 7 — 4 13 SC-88VL & U YAMAHA 43 MIDI &8 MU-2000 T/ER L7z, Zhid, 4.3.18 TR~ &
BEFICEETAIRAMLESE—- PO NI LAEETH Y, 4/NEOERE 2 vy MR L7 (D, AT EH
F— & & FNFNSCL, SC2, MUL, MU2 EIERZ £12F5). COFFEHAT— DA a7 5 48I2RY. $/2, F
S ADEFEBZIFLZHE CD FHEONK L Lz, 20 CD ADERIZIE S 48, CROESE Lo/, AT
ZR4.9RT. 2F 0, BIBREFRINTIE2 7 I ADEHMEL MBI LWL b, ZThL0FEEFIL, 3T 16bit,
44.1kHz DE /) T NVEFTH 5.

4.4.2 REBEFIRHER

434AFDOFEXFMT 5 O REBIRBER Y T- 2. BRI, BIF2048 5, B 7 8824k L
THE 7 — ) &% (STFT) 2 v/, BREAEC L VT E5 L, BEESHEIIE LT 5%, BHSREOKT
WKED, BEHFOENELIIODVTWIT R 2 2MENEL 2. 20700, BERIREI CRIEMSBiEr ZEHL, %
DFFEELES CIIERBOMEYERTIE V) LTI AV ORELEIZ. RIBSNRL L EFOR
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& DTN, BB OH A 62.5ms P (Tempol20 T 32 4EHOR S OTHE THE), ABEROEE 125ms
PIA (Tempol20 T 16 #EFORIOTNETHAE) DL &, BEVELBETEL LTS, EBRERTEK461R
+. B AEER O FELR BRI, BEHE EHAERE DIZ100% THo7. Flé LT, SCL @S 7 1 )V & ETE
DEBDIT =L NUO—=7T %4102, FHHIBT D57 =D E EDFDE Scent(t) # K 4.11IIRT.

N =L oNO=TFTOBEFOENVICELS T, TR E L VELHLETICEELRE—s2/27 77
PELN. O — 7 UATOMIZNE L, BHIE— OB TELDT, KFFEE AT -2 oNT—T X )E
BY—r2RODLFELVOENTHLI LT M 5. i

EBRER, S, EIBEBORSHARMIITEE ICEHEICITAL Z EARENL, BBEHROANRY MV,
# 212 BD 7 513 60Hz £, SD 7 & & 200Hz 35 DR HSICIEH ISR E BT — D=7 275, T -D%K
HASE SN D, EEGEB T 4 V& THRIBEEDANY MVESE S v b LENRL CTH, 1kHz LUTF OREEEITHE,
MR S8 DR T B 8T — O PEIBEBRICHET S0 L N L To L ERTHLOT, BREROREFRZIME I
WHZE A EREES R B,
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Table 4.6: FISHEOFEHF R LM HE

o
kit

.i‘
SC-83VL || 100.0% / 100.0% | 100.0% / 96.6% | 100.0% / 98.3%
MU-2000 || 100.0% / 100.0% | 100.0% / 100.0% | 100.0% / 100.0%

| 7B CD 100.0% / 93.5%
*EBE  EAE TERRLLTYS

FAMF=51 | FALF—%2

I, RIER RO R FRIREFEOFEGITIIE . FBEEHZDO X7 PVid 5kHz 205 20kHz £ CIL #iFH 7% Bk
ﬁmaﬁﬁL HHBWEIHEA~DT —ERIER LNV, Fo, BROEEE LT, BRBERIEIT S v 7 SRENE
WOIH L, BIBEROBAIZRENE:. TR0 e, KBEROEELO/T - B, BEERIE LA
RV, 4345 OB FHARBER, EERICBIT A7 —Bbx KD, 3L b ) PEM LA B ERAE T
HHNDTHL. FGEBREADLSL LAY E Sy.(1) 2RO/ L &1, BRERIIERIER Y — 7 3B ONT, KB
BEROFEBIMRHEIEE Ly, EEENMEVERIIL, SD REWEREELE 25 A0 ARSIV EE % EiE
BT7ANFIES>TREEA Y PTE LD o72T 81285, SD T, ZEICE- 2B OMOIREIC L 0, ZEME
TTANRY PUPHHL TS, Z0720, EBEIFBERIEEIN TR LD, SD OEEVPHBEFORE L

TEMESINLT L BERPRTILREEE %S

%@@%%muﬁwfu,ﬁ%%%@%ﬁ%ﬂm&%uﬁﬁ$, ERELIZ100% TH o 72785, KBEEEOBEE
IS L TiE, 100% 2R CE TRy, BHEI100% Th, 2F 0, BEVEHBETE 2h o @PHIZOWTIE,
B FHEEELIIERIMEZDL O 2 VOTHEERET A I EITER W, LAL, BEEI100% Th\v, 2% 0,
BICEEERTVAREVDICE s TREENZDDIZOWTIE, SHEREREBIETRAShOEEBLICRESNL v
W DB RN TS, &%, 2HIVotbDIIOWT, BEERBIN LD TH L L HET HAMEA 2HRET
LT BEDFDH 5.

4.4.3 BREEZBOSZERTERBRKUIEER

4.3.581 0 F4k % 5T 5 720 BRSO S FEEERE 1T 70, BREE L, BRBSMESERLT, &
i 4096 &, &> 7 b 220 Sk LC STFT 4 /. HlH 7 — 9mmﬁ@%%®wm%%4nh%%4%%%4&u
RY. ERMEICBNT, FIAREIN LCOEERERFIERETH LI L2 EETH L, REET88% ML
VI DEEEIBEDRVERTHLEELD. SO LD, Bilit Ly I AY ) ¥ /A EsER0SEREICH
WMCTHDI EHRENT.

EEL 0 A LERT IS OV THERT 5. SMEAOEET— 5 12d, ¥ 2EOK % <, SD, BD O#I 4 EH
T, 2EOGERERERET 5. MEICS 212, £ SD 2 BD ICBH#T 5 ¥ A7 L 2 EET UL, £EOFE
FEEDM EICORABTEEELSH S, LAL, TOL) Y AT A HEPIREOE D S BRI 2. & LEHEL <
DHCTEDILREETHS. AERIZBWVT, ¥ AHICHT 5 BEVIZE LTy, 03, #2132 BD, SD
P16 FEHTEGEL TREEND E VBRI CEL TS, KL LY TAY Y ¥ IifR e LRE T — 554
%mkmg);434ﬁﬁmﬁttﬂ@m¢ﬁif@m@fﬂnmwmﬁ@ﬁﬁﬁﬁmﬁmﬁtmﬁtfwémfﬂﬁ
BERDORENFELCVLE, BUOARY MVOFBELKE FT, BIRREED S KDL Voen(f) 18- 720
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DL LREEDEERILDL AN PVOREOMEL, RIFFRTRA LT -0/ BIRICEDCFE, o0
WEFERIFFED L 9 B AT PV EOBHMEIIESCFEOVWTIIIS, REFE TR ETRUARNISEZ 5. #ilik L
75 AY ) 7, BROBEREOMBEII L THEECENLRFETHLDO0, AXY MVOREDOMEZHF) DI
FTATIER V. S, BEFOEBHEELEATLHI LT, TOMEICHLL THELW.

RIS, BTG LY 9AS )y TBRCHZ 57 7 AKICOWTHRET 5. RBIZE T, ERESRKE LT 7 A5
BmThre Lz 230, FAMF=% LIt LCld 4 7 5 AGHMES, 7A M= 21 LCid 5 7 7 A58
MEEARL LI E - T, FERAEFERL TS, EBIE, 7 7 AHDSRAOBE S 5. TOREIHLT 57
DI, FF2 7 TANKELKRFIL TS, 44D L) LEFHEICEDE, FITEBLORNELT) FIEEZRET 5.
ZOUIAY) /T, BD EZNESAD 22 7 A7, BD, SD E ZRLAND 2 7 RS INE D ENTHENS.
EBRER L F49IRT.

USSR LASCLESC2DY 5 A5 » /iERE T 5. KEH,IcE21E, SC1 T, BD, LT
LERPAL, SC2 T, BD, LT, MT & ZRUSMI5E S Tw b, BD & LT i3, 100Hz BT O8I Bl BUsiC
R == 2 585, Voenu(f) BELBADDICARZIELLRLEY TASICHESR. MTIZHT £ BD &%t
NIIBE, Veent(f) EBD Db DICE DEVE VI ERICE 7. MU2 CHREBOZ LAV s, LiL, MULZ
Humtu&%ﬁ%&h,ﬂrt%hUﬂf2771ﬁﬁént.HTﬁHx&ﬁbwimﬂv—E—ﬁﬁi@®@@‘
FRE I E S BIB D, KT — e s ORBA RIS HT WA OOEBEHT 1 o027 FAFIZE LS
N7z TOEH, BEETRLAEY)D2 7 7 ADEERIIEONE LIRSS, FOLED L)% 7?17ﬁ%%h6
DEEDTBLDIIRBETH L. TOFNEESHORTREL 5. ‘
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4.4.4 FBERZOEEREXRREUER

4.3 6FDFHERFMT 520 I EEEROFTHRRAEERE To /2. BEWHBIRNTIZIE, &I 4096 5, ¥ 7 b 220
BHELTSTFT A7, iR 0 WEROEAEFOHECHY 2M#EId 6, =05, 0, =04 & L7 FHEAT—
Y NOEIEERONREE 4,101, ERFEREFRLINRT. ZMBVHEELERTLH (ENN#HIOA) EHIE
BTOBIEREZ ZNENRLTH D, B SNAEFHLD, BEPOBEE LD LT, HFRFAERZ KO T
Wwh,

AR TRET HAHHBBOBEEOFEH LD, TRTOFFICH LT, FRAZEHEORLFR LN, AFED
M RTREE o, TEREBEOWEDES VL, SC-88VL, MU-2000 # FiH & L THWAHAIIKE
Ehbb 50% BEOHBBEVHRHEARLA. £/, TR CD ICH L TEHBEOEFVIIRECAVEIIICRZS.
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Table 4.7: 07— & Il & F 5 FEEEIEZOANR

BD | SD | LT | MT | HT | &%t

FTAMNT=%1]| 19 9 1 0 1 30

TARTF—=% 2| 13 9 1 2 1 26
TE CD 16 | 10 0 0 0 26

Table 4.8: JEIE% 25O FIRFEEHE

EIEROIEEH
B i 5 EE BD | SD | LT | MT | HT
sc1 90.0% (27/30) || 17 | &8 | 1 | O 1
SC2 92.3% (24/26) || 11 | 9 | 1 | 2 1
MU1 90.0% (27/30) || 17 | 8 | 1 | O 1
MU2 88.5% (23/26) || 12 | 7 | 1 | 2 1
#iil CD || 100.0% (26/26) || 16 | 10 | © 0 0

LA Lo L, BERBEOEEEOBEAIZL Y, MUL, MU2 & b2 2 BT CRAD #MSETW5h. T )N
,m&ww ¥ [IV] OWEHTE L < A+, kNN THC & & h7 b 0loaf L, FLEL HO ~OMES
Foll®OThb. £415L 0, BBV /vy — 2 [IV] OWIEDOREIX0.265 TH 5. BHEB VW EEOBHT—4
CEHMER T -5 OFRSELR S C }:’C, AV WES RO AR B  BEIELL, Fﬂ{ﬁ%z")ﬂ“#kﬁztéwb it
LT, o ofiEA bz, EB MUL @ 2l 53 L7458 E FT21 Of#id 0.267, 0.290 TH 0, BIED?S
FEFEIEVEZAIIH 7.
HB CD (26t LTIk, SD & DELR VIS L B8R0 /85 — v [[) OWIEEEERCEH /2. L L, FREREED
BEOEEGVIIRELAVEIIKRZS. TR CD OERET— 7 I HCH% <, NN #HTEIAHIEL HC &
Hhshi Lo, by EWMETHNEEHPAL L, WE> THO ~NORLELFHIELITTIHESFH Y, ELv

Table 4.9: 2 7 FANE = L7 TR %) » 7 L7-EERER

SC1 SC2

77 A1 BD 18,LT 1 BD 11,SD 1,LT 1, MT 2

7522 | BD2 SDS8 HT 1 BD 2, SD 8, HT 1

MU1 MU2
»521| BD20,SD8 LT1|BDS8,SD1,LT1, MT 2
y5 A2 HT 1 BD 4, SD 9, HT 1
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Table 4.10: Sl 7 — & FIZE& F N A FRIEBREZFO AR
CR | HO | HC | &%t
FAMF—=%1| 2 3 | 24| 29
FAMF—52 | 2 5 | 21 | 28
i CD 0 6 23 | 29
Table 4.11: RIE%E25 OB IR E 45 R
*ﬁﬂiﬁﬁ %ﬁmf‘;{‘ uun ul-'& D #]U(’#A_—t—‘
SC1 79.3% (23/29) | 86.2% (25/29) | 33.3% (2/7)
SC2 78.6% (22/28) | 96.4% (27/28) | 83.3% (5/6)
MU1 55.2% (16/29) | 79.3% (23/29) | 53.8% (7/13)
MU2 50.0% (14/28) | 75.0% (21/28) | 50.0% (7/14)
A CD || 65.5% (19/29) | 69.0% (20/29) | 10.0% (1/10)
o - Table 4.13: FEiki5 D WIEE ORI R
Table 4.12: FZFkiR D ERTOFRE
FELWHIEICLS | TLELHIEICLS
HH e
E YA B p ik
SC1 83.3% (5/6) 71.4% (5/7)
SC1 2/7 0/7
SC2 100.0% (5/5) | 100.0% (5/5)
SC2 5/7 0/7
MU1 100.0% (13/13) | 66.7% (13/18)
MU1 9 /18 2/ 18
MU2 100.0% (14/14) | 77.8% (14/18)
MU2 9/18 2/ 18
i CD || 80.0% (8/10) | 80.0% (8/10)
i CD 5/ 10 4 /10
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Table 4.14: @ & N /2F23ER U #IEEDAER
I [11] [I11] (V] &7t
SC1 0/0 (0/0) | 1/0 (1/0) | 0/2 (0/0) | 1/3 (1/0) | 2/5 (2/0)
sC2 | 0/0 (0/0) | 1/0 (1/0) | 0/0 (0/0) | 4/0 (4/0) | 5/0 (5/0)
MU1 || 6/0 (6/0) | 0/3 (0/0) | 3/0 (3/0) | 2/4 (0/2) | 11/7 (9/2)
MU2 || 6/0 (5/0) | 0/2 (0/0) | 6/0 (4/0) | 2/2 (0/2) | 14/4 (9/2)
ML CD || 2/0 (2/0) | 1/0 (0/0) | 3/0 (3/0) | 4/0 (0/4) | 10/0 (5/4)
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Table 4.15: f2FER N FIEHEOFEE T O N7 BRFUTEM
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M | 0499 >FT21 | CR—HC
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#HIEH] B R H R
MU1 || 55.2% (16/29) | 79.3% (23/29) | 86.2% (25/29)
MU2 || 50.0% (14/28) | 75.0% (21/28) | 82.1% (23/28)
#lE CD | 65.5% (19/29) | 69.0% (20/29) | 82.8% (24/29)
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ABSTRACT

The pitch dependency of timbres has not been fully ex-
ploited in musical instrument identification. In this paper,
we present a method using an FO-dependent multivariate
normal distribution of which mean is represented by a func-
tion of fundamental frequency (F0). This FO-dependent
mean function represents the pitch dependency of each fea-
ture, while the FO-normalized covariance represents the
non-pitch dependency. Musical instrument sounds are first
analyzed by the FO-dependent multivariate normal distribu-
tion, and then identified by using the discriminant function
based on the Bayes decision rule. Experimental results of
identifying 6,247 solo tones of 19 musical instruments by
10-fold cross validation showed that the proposed method
improved the recognition rate at individual-instrument level
from 75.73% to 79.73%, and the recognition rate at category
level from 88.20% to 90.65%.

1. INTRODUCTION

Musical instrument identification is an important subtask
for many applications including auditory scene analysis and
multimedia retrieval as well as for reducing ambiguities in
automatic music transcription. The difficulties in musical
instrument identification reside in the fact that some fea-
tures depend on pitch and individual instruments. In partic-
ular, timbres of musical instruments are obviously affected
by the pitch due to their wide range of pitch. For example,
the pitch range of the piano covers over seven octaves.

To attain high performance of musical instrument iden-
tification, it is indispensable to cope with this pitch depen-
dency of timbre. Most studies on musical instrument iden-
tification, however, have not dealt with the pitch depen-
dency [1]-[6]. Martin used 31 features including spectral
and temporal features with hierarchical classification and
attained about 70% of identification by the benchmark of
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for Development of Knowledge Society Infrastructure (COE program of
MEXT, Japan)
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1,023 solo tones of 14 instruments. He pointed out the
importance of the pitch dependency, but left it as future
work [1]. Eronen et al. used spectral and temporal fea-
tures as well as cepstral coefficients used by Brown [2] and
attained about 80% of identification by the benchmark of
1,498 solo tones of 30 instruments [3]. They treated the
pitch as one element of feature vectors, but did not cope
with the pitch dependency. Kashino et al. also treated the
pitch similarly in their automatic music transcription sys-
tem [4]. They also coped with the difference of individual
instruments, but did not deal with the pitch dependency [5].

In this paper, to take into consideration the pitch de-
pendency of timbre in musical instrument identification,
each feature or basic vector of features is represented by
an FO-dependent multivariate normal distribution of which
mean is represented by a function of fundamental frequency
(F0). This F0O-dependent mean function represents the pitch
dependency of each feature, while the FO-normalized co-
variance represents the non-pitch dependency. Musical
instrument identification is performed both at individual-
instrument level and at non-tree category level by a discrim-
inant function based on the Bayes decision rule.

The rest of this paper is organized as follows: Section 2
proposes the FO-dependent multivariate normal distribution,
and Section 3 describes the features and the discriminant
function used in this paper. Sections 4 and 5 report the ex-
perimental results, and finally Section 6 concludes this pa-
per.

2. FO-DEPENDENT MULTIVARIATE NORMAL
DISTRIBUTION

The distribution of tone features in the feature space is rep-
resented by an F0-dependent multivariate normal distribu-
tion with two parameters: the FO-dependent mean function
and F0-normalized covariance. The reason why the mean
of the distribution is approximated as a function of F0, that
is an FO-dependent mean function, is that tone features at
different pitches have different positions (means) of distri-
butions in the feature space. In this paper, the FO-dependent

ICASSP 2003
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Fundamenta! Frequency [cent] Fundamental Frequency [cent]

(a) Piano’s 4th basic vector of features. (b) Cello’s first basic vector of features.

Fig. 1. Examples of FO-dependent mean functions.

mean function for each musical instrument w;, p,(f), is ap-
proximated as a cubic polynomial by using the least squares
method. For example, piano’s fourth basic vector of fea-
tures and cello’s first basic vector are depicted in Fig. 1 (a)
and (b), respectively.

On the other hand, the non-pitch dependency of each
feature is represented by the FO-normalized covariance.
Since the FO-dependent mean function represents the mean
of features, the covariance obtained by subtracting the mean
from each feature eliminates the pitch dependency of fea-
tures. For each musical instrument w;, the FO-normalized
covariance X; is defined as follows:

z——Z@—ulfm))(w—

$€x1

i(fm))l7

where ' is the transposition operator, x; and n; are the set of
the training data of the instrument w; and its total number,
respectively. f denotes the FO of the data x.

3. FEATURES AND A DISCRIMINANT FUNCTION

3.1. Features for Musical Instrument Identification

We used spectral, temporal, and modulation features as well
as non-harmonic component features resulting in 129 fea-
tures in total listed in Table 1. The features except the non-
harmonic component features are determined by consulting
the literatures [1, 3, 4]. The non-harmonic component fea-
tures are original and have not been used in the literature.
We incorporated features as many as possible, since the fea-
ture space is transformed to a lower-dimensional space.

Each musical instrument sound sampled by 44.1 kHz
with 16 bits are first analyzed by STFT (short time Fourier
transform) with Hanning windows (4096 points) for every
10 ms, and spectral peaks are extracted from the power
spectrum. Then, the FO and the harmonic structure is ob-
tained from these peaks.

The number of dimensions of the feature space is re-
duced by principal component analysis (PCA): the 129-
dimensional space is reduced to a 79-dimensional space
with the proportion value of 99%. It is further reduced to the
minimum dimension by linear discriminant analysis (LDA).

300 5000 70000 3000 5000 5000

Table 1. Overview of 129 features.
(1)  Spectral features (40 features)

e.g., Spectral centroid, Relative power of the fundamental
component, Relative power in odd and even components

(2) Temporal features (35 features)
e.g., Gradient of a straight line approximating power enve-
lope, Average differential of power envelope during onset

(3) Modulation features (32 features)

e.g., Amplitude and frequency of AM, FM, modulanon of
spectral centroid and modulation of MFCC
(4) Non-harmonic component features (22 features)

e.g., Temporal mean of kurtosis of spectral peaks of
each harmonic component (Their values become lower as
sounds contain more non-harmonic components.)

In this paper, the space is reduced to an 18-dimensional
space, since we deal with 19 instruments.

3.2, A Discriminant Function for the F0-dependent
Multivariate Normal Distribution

Once parameters of the FO-dependent multivariate normal
distribution are estimated, the Bayes decision rule is ap-
plied to identify the musical instrument or category of in-
struments. The discriminant function g;(zx; f) for the musi-
cal instrument w; is defined by

gi(z; f) = log p(z|ws; f) + log p(wi; f), (1

where  is an input data, p(x|w;; f) is a probability density
function (PDF) of this distribution and p(w;; f) is a priori
probability of the instrument w;.
The PDF of this distribution is defined by
1 1.,
p(zlws; f) = W €xp {_iD (m,lﬁi(f))} )

2)
where d is the number of dimensions of the feature spegce
and D? is the squared Mahalanobis distance defined by

D*(z, py(f)) = (& — ()7 (@ — ()
Substituting equation (2) into equation (1), thus, generates
the discriminant function g;(x; f) as follows:

i@ ) = 3 D%, () - 3 log| S

d
——2—10g 27 + log p(wy; f).

The name of the instrument that maximizes this function,
that is wy, satisfying k = argmax; g;(; f), is determined
as the result of musical instrument identification.
The a priori probability p(w;; f) represents whether the
pitch range of the instrument w; includes f, that is,
o J e (ffeRy
p(whf)"'{ 0 (if f & R;)
where R; is the pitch range of the instrument w;, and ¢ is
the normalizing factor to satisfy >, p(w;; f) = L.




Table 2. Contents of the database used in this paper.
Instrument | Piano (PF), Classical Guitar (CG),
names Ukulele (UK), Acoustic Guitar (AG),
Violin (VN)1$ Viola (VL), Cello (VC),
Trumpet (TR), Trombone (TB),
Soprano Sax (SS), Alto Sax (AS),
Tenor Sax (TS), Baritone Sax (BS)!$
Oboe (OB), Fagotto (FG), Clarinet (CL),
Piccolo (PC), Flute (FL), Recorder (RC)
3 individuals except TR, OB, FL.
TR, OB, FL: 2 individuals.
Intensity Forte, normal, piano.
Articulation| Normal articulation style only.
Number of | PF: 508, CG: 696, UK:295, AG: 666, VN: 528,
tones VC: 558, TR: 151, TB:262, SS: 169, AS: 282,
TS: 153, BS: 215, OB: 151, FG: 312, CL:263,
PC: 245, FL: 134, RC: 160.

Individuals

Table 3. Categorization of 19 instruments.

Categories | Instruments
Piano Piano

Guitars Classical Guitar, Ukulele, Acoustic Guitar
Strings Violin, Viola, Cello
Brasses Trumpet, Trombone

Saxophones Soprano Sax, Alto Sax, Tenor Sax,

Baritone Sax
Double Reeds | Oboe, Faggoto

Clarinet Clarinet

Air Reeds Piccolo, Flute, Recorder

4. EXPERIMENTS AND RESULTS

4.1. Experimental Conditions

Musical instrument identification is performed not only at
individual-instrument level but also at category level to eval-
uate the improvement of recognition rates by the proposed
method based on the FO-dependent multivariate normal dis-
tribution. The recognition rate was obtained by 10-fold
cross validation. We compared the results by the method us-
ing usual multivariate normal distribution (called baseline)
with those by the method using the proposed FO-dependent
multivariate normal distribution (called proposed).

The benchmark used for evaluation is a subset of the
large musical instrument sound database RWC-MDB-I-2001
developed by Goto et al. [7, 8]. This subset summarized in
Table 2 was selected by the quality of recorded sounds and
consists of 6,247 solo tones of 19 orchestral instruments.
All data are sampled by 44.1 kHz with 16 bits.

The categories of musical instruments summarized in
Table 3 are determined based on the sounding mechanism
of instruments and existing studies [1, 3]. The category of
instruments is useful for some applications including music
retrieval. For example, when a user wants to find a piece
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of piano solo on a music retrieval system, the system can
reject pieces containing instruments of different categories,
which can be judged without identifying individual instru-
ment names.

4.2. Results of Musical Instrument Identification

Table 4 summarizes the recognition rates by both the base-
line and proposed methods. The proposed FO-dependent
method improved the recognition rate at individual-
instrument level from 75.73% to 79.73% and reduced
recognition errors by 16.48% in average. At category
level, the proposed method improved the recognition rate
from 88.20% to 90.65% and reduced recognition errors by
20.67%. The observation of these experimental results is
summarized below: '

Improvement by the pitch dependency

The recognition rates of six instruments (PF, TR, TB, SS,
BS, and FG) were improved by more than 7%. In particular,
the recognition rate for pianos was improved by 9.06%, and
its recognition errors were reduced by 35.13%. This big
improvement was attained, since their pitch dependency is
salient due to their wide range of pitch.

Difference between accuracy at two levels

The recognition rates of the four types of saxophones at
individual-instrument level (47-73%) were lower than those
at category level (77-92%). This is because sounds of those
saxophones were quite similar. In fact, Martin reported that
sounds of various saxophones are very difficult for the hu-
man to discriminate [1].

Instrument-dependent difficulty of identification

Since we adopt the flat (non-hierarchical) categoriza-
tion, the recognition rates at category level depend on the
category. The recognition rates of guitars and strings at cat-
egory level were more than 94%, while those of brasses,
saxophones, double reeds, clarinet and air reeds were about
70-90%. This is because instruments of these categories
have similar sounding mechanism: these categories are sub-
categories of “wind instruments” in conventional hierarchi-
cal categorization.

5. EVALUATION OF THE BAYES DECISION RULE

The effect of the Bayes decision rule in musical instru-
ment identification was evaluated by comparing with the 3-
NN rule (3-nearest neighbor rule) with/without LDA. Three
variations of the dimension reduction are examined:

(a) reduction to 79 dimension by PCA,

(b) reduction to 18 dimension by PCA, and

(c) reduction to 18 dimension by PCA and LDA.

The last one is adopted in the proposed method.

The experimental results listed in Table 5 showed that
the Bayes decision rule performed better in average than the
3-NN rule. Some observation are as follows:

V-423
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Table 4. Accuracy by usual distribution (baseline) and FO-

dependent distribution (proposed).
Individual-instrument level Category level

Table 5. Accuracy by 3-NN rule and the Bayes decision rule.
3-NN rule Bayes decision rule

(a) (b) (© @ (b) ©

Usual | FO-dpt | diff. Usual | FO-dpt | diff.

PF | 74.21%/| 83.27%|+9.06%| 74.21%| 83.27%|+9.06%
CG | 90.23%]| 90.23%|=£0.00%| 97.27%| 97.13%|—0.14%
UK | 97.97%| 97.97%|£0.00%]| 97.97%/| 98.31%|+0.34%
AG | 81.23%| 83.93%|+2.70%| 94.89%| 95.65%|40.76%
VN | 69.70%| 73.67%|+3.97%| 98.86%| 99.05%+40.19%
VL | 73.94%| 76.27%|+2.33%| 93.22%| 94.92%|+1.70%
VC | 73.48%| 78.67%|+5.19%| 95.16% | 96.24%|+1.08%
TR | 73.51%| 82.12%|+8.61%| 76.82%/| 85.43%|+8.61%
TB | 76.72% | 84.35%|47.63%| 85.50%/| 89.69%|+4.19%
SS | 56.80%)| 65.89%|-+9.09%| 73.96%| 80.47%|+6.51%
AS | 41.49%| 47.87%4+6.38%| 73.76%| 77.66%|+3.90%
TS | 64.71%| 66.01%|+1.30%] 90.20%| 92.16%|+1.96%
BS | 66.05%| 73.95%|+7.90%| 81.40%| 86.05%|+4.65%
OB | 71.52%]| 72.19%40.67%]| 75.50%| 74.83%|—0.67%
FG | 59.61%| 68.59%+8.98%| 64.74%| 71.15%|+6.41%
CL | 90.69%| 92.07%|+1.38%| 90.69%| 92.07%|+1.38%
PC | 77.56%| 81.63%|+4.07%/| 89.39%| 90.20%|-+0.81%
FL | 81.34%| 85.07%|+3.73%/| 82.09%)| 85.82%|+3.73%
RC | 91.88%]| 91.25%|—0.63%| 92.50%| 91.25%|—1.25%

PF | 53.94%/| 46.46%| 63.39%| 55.91%| 59.06%| 83.27%
CG | 79.74%)| 77.16%{ 75.72%) 98.28%| 97.27%| 90.23%
UK | 94.58%] 92.54%| 97.63%| 67.12%| 80.00%| 97.97%
AG | 95.05%| 92.79%| 97.00%| 19.97%| 44.14%| 83.93%
VN | 47.73%| 46.02%| 45.83%| 89.58%| 84.47%]| 73.67%
VL | 55.93%| 54.24%| 61.86%| 71.19%| 79.24%| 76.27%
VC | 86.20%/| 85.84%| 84.23%| 45.16%| 30.82%| 78.67%
TR | 36.42%| 38.41%| 47.02%| 41.72%| 72.85%| 82.12%
TB | 70.99%| 54.58%| 77.86%| 75.19%| 78.24% | 84.35%
SS | 23.08%| 14.20%| 24.85%| 48.52%| 66.86%| 65.89%
AS | 37.59%| 29.79%| 40.43%| 72.70%| 41.84%| 47.84%
TS | 62.09%| 66.01%| 68.63%| 30.07%| 61.44%| 66.01%
BS | 68.84% 67.91%| 66.98%| 55.35%| 54.42%| 73.95%
OB | 47.68%)| 48.34% 49.01%| 43.71%| 81.46%| 72.19%
FG | 64.10%| 65.06%| 74.36%| 40.38%| 30.12%| 68.59%
CL | 93.45%/| 87.93%| 93.10%| 95.51%| 93.45% 92.07%
PC | 84.08%| 84.90%| 84.08%]| 63.27%| 58.37%| 81.63%
FL | 88.06%| 72.39%| 94.03%| 35.82%]| 84.33%| 85.07%
RC | 97.50%) 93.75%| 97.50%| 85.00%)| 96.25%)| 91.25%
Ave.| 70.27%| 66.98%| 72.53%| 62.11%| 66.50% | 79.73%

Ave.| 75.73%| 79.73%|+4.00%| 88.20%| 90.65%|+2.45%

Usual: Usual (FO-independent) distribution (baseline)
FO-dpt: FO-dependent distribution (proposed)

(1) The Bayes decision rule with 79-dimension showed
poor performance for AG, TR, SS, TS, OB and FL, since
the number of their training data is not enough for estimat-
ing parameters of a 79-dimensional normal distribution. For
such small training sets with 79-dimension, 3-NN is supe-
rior to the Bayes decision rule.

(2) LDA with the Bayes decision rule improved the ac-
curacy of musical instrument identification from 66.50% to
79.73% in average. Although it seemed that PCA with 79-
dimension performed better than LDA for CG, VN and AS,
the cumulative performance of LDA for the categories of
strings and saxophones is better than that of PCA.

6. CONCLUSIONS

In this paper, we presented a method for musical instrument
identification using the FO-dependent multivariate normal
distribution which takes into consideration the pitch depen-
dency of timbre. The method improved the recognition rates
at individual-instrument level from 75.73% to 79.73%, and
at category level from 88.20% to 90.65% in average, respec-
tively. The Bayes decision rule with dimension reduction by
PCA and LDA also performed better than the 3-NN method.

Future works include evaluation of the method with
different styles of playing, evaluation of the robustness of
each feature against mixture of sounds, and automatic mu-
sic transcription.

(a) Dimensionality reduction to 79 dim. using PCA only
(b) Dimensionality reduction to 18 dim. using PCA only
(c) Dimensionality reduction to 18 dim. using both PCA and LDA
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