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ABSTRACT

This paper proposes a novel music genre classification system
based on two novel features and a weighted voting method.
The proposed features, modulation spectral flatness measure
(MSFM) and modulation spectral crest measure (MSCM)
represent the time-varying behavior of music signals and in-
dicate the strength of beat. The proposed weighted voting
method determines a music genre by summarizing the clas-
sification results of consecutive time windows. Experimental
results show that the proposed features and the weighted
voting method improve the music genre classification system.

1. INTRODUCTION

With the recent proliferation of digital music, there is increas-
ing demand for efficient management of a large digital mu-
sic database, and a music genre is considered as one possible
way of management. A music genre, a high-level descriptor
of music, is extensively used in music stores, radio stations,
and the Internet. The manual classification of the music genre
is a laborious and time-consuming work. As an alternative,
the automatic content-based music genre classification sys-
tem is receiving increased attention, and as a consequence, a
number of automatic content-based music genre classification
systems have been proposed [1]-[6].

For music genre classification system, various content-
based features were proposed. The features are categorized
into short-term feature and long-term feature. The short-term
features, that mainly characterize the spectrum, include spec-
tral centroid[1], spectral rolloff[1], Mel-frequency cepstral
coefficient (MFCC)[1], octave-based spectral contrast (OSC)
[3], etc. The long-term features, that mainly characterize
either the variation of spectral shape or beat information,
include low-energy[1], Daubechies wavelet coefficients his-
togram (DWCH) [5], octave-based modulation spectral con-
trast (OMSC) [2], beat histogram [1], etc. A feature vector,
which is used as the input of multi-class classifier, consists of
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both the long-term features and the statistics of the short-term
features. The short-term features are computed in a short
window in which music signal is assumed to be statistically
stationary, and their statistics are computed in a long window.
In this paper, the short window is denoted as “analysis win-
dow”, and the long window is denoted as “texture window”
as in [1].

This paper proposes two long-term features: modulation
spectral flatness measure (MSFM) and modulation spectral
crest measure (MSCM). They are modified versions of spec-
tral flatness measure (SFM) and spectral crest measure (SCM)
where the SFM and the SCM are the features that represent
the short-term spectrum. Instead of representing the spec-
trum, the proposed features represent the long-term subband
energy variation using the modulation spectrum analysis [7].

This paper also proposes a novel method to combine the
information of thetexture windowsof a music clip. Atexture
window is regarded as a basic unit of classification because
a feature vector is obtained in atexture windowby comput-
ing statistics of short-term features. In order to improve the
classification performance, it is necessary to combine the in-
formation of thetexture windows. For this, the method to use
the statistics of feature vectors oftexture windowsand the ma-
jority voting method have been used [1, 4, 6]. In this paper,
the weighted voting method using the probability, that each
texture windowis classified into each genre class, is proposed.

The remainder of this paper is organized as follows. Sec-
tion 2 explains the features that have been proposed in the
past and proposes novel features. Section 3 explains the tra-
ditional methods to combine the information of thetexture
windowsand proposes a weighted voting method. Section 4
presents experimental results, and finally Section 5 concludes
the paper.

2. FEATURE EXTRACTION

2.1. Timbral texture feature

In [1], timbral texture features were proposed for audio clas-
sification. The features include the MFCC, spectral centroid,
spectral rolloff, spectral flux, zero crossings, and low-energy.
The first 5 features are short-term features, thus statistics of



features are computed in atexture window. The last feature
is a long-term feature, thus it is computed in atexture win-
dow. The MFCC, which have been widely used in speech
recognition, represents the spectral characteristics based on
Mel-frequency scaling[8], and it is also effective to classify
music genre and used in various literatures such as [1, 2, 5].
The spectral centroid is the centroid of amplitude spectrum.
The spectral rolloff is the frequency bin below which85% of
the spectral distribution is concentrated. The spectral flux is
the squared difference of successive amplitude spectrum. The
zero crossings is the number of time domain zero crossing of
the music signal. The low-energy is the percentage ofanal-
ysis windowsthat have energy less than the average energy
across thetexture window.

2.2. Octave-based spectral contrast(OSC)

The OSC represents the strength of spectral peaks and spec-
tral valleys in each sub-band separately, so that it could rep-
resent the relative spectral characteristics [3]. Spectral peaks
and spectral valleys are obtained from the amplitude spec-
trum, thus discrete Fourier transform (DFT) is first applied
on the music signal, and the spectrum is divided into octave-
based subband. Spectral peaks and spectral valleys are es-
timated by averaging the values in the small neighborhood
around maximum and minimum values of the amplitude spec-
trum respectively. The spectral contrast is defined as differ-
ence between spectral peak and spectral valley. The statistics
of spectral peaks and spectral contrasts are used for the fea-
ture vector oftexture window.

2.3. Octave-based modulation spectral contrast (OMSC)

The OMSC[2] is extracted using long-term modulation spec-
trum analysis[7]. The amplitude spectrum of music signal
is divided into octave-based subband. For each subband, the
modulation spectrum is obtained by applying DFT on the se-
quence of the sum of the amplitude spectrum. From spectral
peaks and spectral contrasts of the modulation spectrum, the
OMSC is obtained.

2.4. Proposed features

The MSFM and the MSCM, obtained in atexture window, are
proposed for music genre classification. They are modified
version of the SFM and the SCM. The SFM and the SCM,
which are obtained in ananalysis window, represent the short-
term spectrum, and the detailed explanation about the SFM
and the SCM is found in [9]. The MSFM and the MSCM are
obtained from long-term modulation spectrum[7], and they
describe the time-varying behavior of subband energy, thus
they are comparable with the OMSC. To define the MSFM
and the MSCM, the energy in theith octave-based subband
and theqth analysis window(q = 1, 2, · · · , Q), Eq[i] is first

defined as

Eq[i] =
Hi∑

f=Li

|M [f ]|2 (1)

whereM [f ] is the amplitude spectrum of music signal at the
f th bin, andLi andHi are the lowest and the highest fre-
quency bins of theith subband. The MSFM for theith sub-
band is defined as

MSFM [i] =
Q/2

√
(
∏Q/2

q=1 Aq[i])
∑Q/2

q=1 Aq [i]

Q/2

, (2)

and the MSCM for theith subband is defined as

MSCM [i] =
max(Aq[i])

Q/2
q=1

∑Q/2
q=1 Aq[i]

Q/2

(3)

whereAq[i] is the amplitude of modulation spectrum, which
is obtained by applying DFT on the sequence ofEq[i] along
q axis, at theqth bin. When the beat of a input music is
strong, the value ofMSFM [i] is close to 0, and the value
of MSCM [i] is high. Thus, the beat strength in atexture
windowcan be represented by the proposed features, and the
features help to divide the music clips which have the strong
beat and the music clips which does not.

3. WEIGHTED VOTING

Various methods have been used to efficiently combine the
information oftexture windows, and as shown in Fig. 1, the
methods can be classified into two categories: statistics and
voting methods. In statistics method shown in Fig. 1 (a), the
feature vector of a music clip is obtained by computing the
statistics of feature vectors oftexture windows, and the music
clip is classified using the feature vector. The method to com-
pute the mean of feature vectors oftexture windows[1] and
the method to compute both the mean and the standard devi-
ation of feature vectors oftexture windows[6] fall under the
category of statistics method. In voting method shown in Fig.
1 (b), the classification results oftexture windowsare com-
bined via voting. The majority voting [4] and the proposed
weighted voting fall under the category of voting method.

3.1. Mean of feature vectors (MF) [1]

In this method, feature vectors oftexture windowsare aver-
aged, and the mean of feature vectors is used as the feature
vector of a music clip.

3.2. Mean and standard deviation of feature vectors
(MSF) [6]

In this method, the feature vectors oftexture windowsare col-
lected, and the mean and standard deviation of feature vectors
are used as the feature vector of a music clip.
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Fig. 1. (a) Statistics method: The feature vector of atexture
windowis obtained by computing the statistics of features of
analysis windows. After that, the feature vector of a music
clip is obtained by computing the statistics of feature vectors
of texture windows. Using the feature vector, the music clip
is classified. (b) Voting method: After obtaining the feature
vectors oftexture windows, texture windowsare classified. By
voting the classification results oftexture windows, the genre
class of a music clip is determined.

3.3. Majority voting (MV) [4]

In this method, after the feature vector of atexture window
are extracted, classification is performed for eachtexture win-
dow. Thus, a number of classification results are obtained for
a music clip where the classification result of atexture win-
dow is one-best genre class. A genre of the input music clip
is determined by majority voting of the classification results.

3.4. Weighted voting (WV)

In the proposed weighted voting method, eachtexture window
is classified, and the probability that thetexture windowis
classified into each genre class is obtained and used as the
weight. GivenK genre classes of data, the probability that
the nth texture window(n = 1, · · · , N ) is classified as the
kth genre is defined as

p
(n)
k = P (y(n) = k|x(n)), k = 1, 2, · · · , K (4)

wherex(n) andy(n) are the feature vector and the classifica-
tion result of thenth texture window. The genre class which
has the maximum of

∑N
n=1 p

(n)
k is selected as a classifica-

tion result of a music clip. The probabilities are estimated
by combining all pairwise comparisons [10], and they are de-
rived from the following optimization problem:

Fig. 2. Classification accuracy of various feature sets using 3
classifiers. The number within parentheses indicates dimen-
sion of feature vector. “SF” denotes two features of the OSC
and timbral texture features. Most of SF features are short-
term features.

min
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2
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subject to
K∑

k=1

p
(n)
k = 1, p

(n)
k ≥ 0,∀i (5)

wherer
(n)
kj is the estimated pairwise class probabilities which

is mathematically expressed byr(n)
kj ≈ P (y(n) = k|y(n) =

k or j,x(n)). The solution of the optimization problem is de-
tailed in [10].

4. EXPERIMENTAL RESULTS

4.1. Experimental setup

Our data set contains 1000 songs over 10 genres: 100 songs
per a genre. The genres are Classic, Jazz, R&B, Country,
Rock, Hiphop, Metal, Dance, Newage, and Electronica. For
classification, 30 second of music after initial 30 second is
used. The audio files in data set are converted to 44100Hz,
16-bit, and mono signal.

The length ofanalysis windowis about93ms, and it has
50% overlap. The length oftexture windowis about3s, thus
it contains63 analysis windows. Eight octave bands referring
to [2] are used. The classification results are obtained using
LIBSVM[11], which is a library for support vector machine
(SVM), and MATLABArsenal toolkit[12].

4.2. Performance of the proposed features

In Fig. 2, the classification accuracy of various feature sets are
presented using three different classifiers: k-nearest neighbor



Fig. 3. Classification accuracies of various methods to com-
bine the information oftexture windows.

(k-NN), linear discriminant analysis (LDA) , and SVM clas-
sifiers. For k-NN classifier, we setk = 5, and for SVM clas-
sifier, we use the pairwise SVM classifier with linear kernel.
For training, 50 songs for each genre are chosen, and the other
50 songs are used for test. The MF method is used in this ex-
periment. The figure shows that addition of the proposed fea-
tures increases the accuracy and that the proposed features are
more efficient than the OMSC when combined with the OSC
and timbral texture features. When the proposed features are
combined with the all features explained in Section 2, the best
result70.4% is obtained using SVM classifier.

4.3. Performance of the weighting voting method

Fig. 3 compares the accuracy of four methods using some fea-
ture sets and a pairwise SVM classifier with linear kernel. The
accuracy are obtained via 10-fold cross validation. As shown
in the figure, the weighted voting method obtains the highest
accuracy. The accuracies of the voting methods are always
higher than those of the statistics methods. The accuracy of
the weighted voting method is higher than that of the majority
voting method. Using the all features explained in Section 2
and the WV method, the best result76.0% is obtained.

5. CONCLUSION

This paper proposes a music genre classification system based
on both two novel features and a weighted voting method.
Two proposed features represent the time-varying behavior of
octave-based subband energy. In the weighted voting method,
which intends to combine the information of consecutive time
windows, the probability that each time window is classi-
fied into each genre class is computed, and the genre of a
music clip is determined using the probability. Experimen-
tal results show that the proposed features are more efficient

than the OMSC when combined with traditional features and
that the weighted voting method is better than other methods.
Thus, the proposed features and the proposed weighted voting
method improve the music genre classification system.
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