
���
Journal of the DBSJ Vol.7, No.1

A New Feature for

Musical Genre Classification of
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This paper proposes a new musical feature to

classify MPEG-4 TwinVQ compressed data into mu-

sical genre without decoding to audio signals. To

extract the musical feature, we use the LSP (Line

Spectrum Pair) parameters directly extracted from

a bitstream without any computation, and the Dis-

crete Wavelet Transform (DWT). We experimented

on 2, 196 compressed music data collected from 10

musical genres and evaluated the performance of the

musical feature for musical genre classification. The

maximum of average correct ratio for musical genre

classification was 81.7%. Experiment showed that

the musical feature had very good performance for

musical genre classification in the compressed do-

main of MPEG-4 TwinVQ audio compression.

1. Introduction

Audio compression techniques are widely used. We can

obtain compressed music data through music distribution

systems that contain hundreds of thousands of the com-

pressed music data. As compressed music data is generated,

stored and distributed continuously, methods for effectively

managing compressed music data are required.

In addition to a compression function, functions for de-

scribing the contents of compressed music data are required

in order to effectively use the compressed data. Compres-

sion techniques, such as MPEG-7 or MPEG-21, are required
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to have these functions.

To retrieve a piece of music, conventional music retrieval

systems usually use keywords such as the title, artist, mu-

sical genre, etc. It is difficult to describe musical genre of a

piece of music. Several researchers proposed a content-based

musical genre classification from audio signal [4, 9, 13, 19].

We propose a new music feature for content-based musical

genre classification in the compressed domain of MPEG-4

TwinVQ audio [11].

The rest of this paper is organized as follows. Section 2

shows the related works of musical genre classification and

music information retrieval in the compressed domain. Sec-

tion 3 briefly introduces MPEG-4 TwinVQ audio compres-

sion. Section 4 proposes a musical feature using LSP pa-

rameter directly extracted from a bitstream of the TwinVQ

audio data and the Discrete Wavelet Transform (DWT).

Section 5 describes experiments on 2, 196 compressed data

and discusses the performance of the musical feature for mu-

sical genre classification. Finally, Section 6 concludes this

paper.

2. Related Work

We briefly describe previous works on signal-based musi-

cal genre classification and on music information retrieval

in the compressed domain MPEG audio standard.

The following basic features are often used for analyzing

audio contents:

• energy [7, 12, 20],

• normalized subband energy [12],

• (Fs, Ft)-subband energy between Fs-th subband and Ft-

th subband,

• spectral centroid [12, 20],

• root mean squared subband vector, mean subband

value, rolloff point, low energy, spectral flux [20],

• cepstrum [15],

• Mel Frequency Cepstrum Coefficients (MFCC) [18].

They are based on the subband values or calculated in the

polyphase filterbank analysis.

First, we show several works on musical genre classifica-

tion in the signal domain.

Tzanetakis et.al extracted nine features as the “musical

surface features”and rhythm features. The musical surface

features are based on the centroid, rolloff, flux, zerocrossing

and low energy, and the rhythm features are based on the

Discrete Wavelet Transform [18].

Li et.al proposed the Daubechie Wavelet Coefficient His-

tograms for musical genre classification and evaluated the

performance using several classifiers [4].

Tzanetakis [17], Mandel et.al [8], Lidy et.al [6], Guaus

et.al [1] joined in MIREX2007 Evaluation Task for audio
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Figure. 1 Architecture of MPEG-4 TwinVQ audio compression.

genre classification [9].

Tzanetakis used the spectral centroid, rolloff, flux, MFCC

as the musical features, and used a linear support vector ma-

chine as a classifier. Mandel et.al used the spectral features

based on MFCCs and used support vector machines. Lidy

et.al extracted rhythm pattern and symbolic feature from

audio signals and used the support vector machines. Guaus

et.al used a set of timbre descriptors and rhythm descriptors

, and used support vector machines.

The summary results of MIREX 2007 Evaluation Task for

audio genre classification are shown at “http://www.music-

ir.org/mirex2007/index.php/Audio Genre Classification Results”.

Next, we show works on music information retrieval in the

compressed domain.

Liu et al. proposed a method for classifying the encoded

data to identify a singer. They used the energy of a frame

for classification [7].

Pye proposed a method for managing music data [15].

They classified the MP3 music data into several genres and

labeled them artist name using cepstrum.

Nakajima et al. proposed a method for classifying the

encoded audio data [12]. They discriminated between short

pieces of silence and pieces of non-silence by using energy,

and then classified pieces of non-silence into music, speech,

and applause by using the normalized subband energy and

center frequency of subband energy on 1 second of MPEG

audio data.

Tzanetakis et al. proposed a method for segmenting the

encoded data into short pieces and classifying them into

music and speech [20].

Table. 1 Genre and the number of compressed data.

genre # of compressed data

baroque 223

bossanova 119

dance 176

hiphop 196

jazz 431

march 91

oldies 435

rock 200

tango 220

waltz 99

total 2, 196

3. TwinVQ audio compression

This section briefly describes the architecture of MPEG-

4 TwinVQ audio compression. The details of TwinVQ

audio compression are referred to [11] or the URL

http://www.twinvq.org/. A sequence of original signals of a

piece of music is divided into frames. The MDCT (Modified

Discrete Cosine Transform) is then applied to the signals of

each frame. For the MDCT coefficients of each frame, five

analyses, namely, LPC analysis, Pitch analysis, Barkscale

envelope analysis, Power analysis and Weighted VQ analy-

sis, are carried out in this order (Figure 1). In LPC analysis,

the LSP (Line Spectrum Pair) parameters are stored in the

bitstream. They are used for describing the power envelope

of MDCT coefficients of each frame.
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Table. 2 Average correct ratio of the (D, L) musical feature vector f D,L for the test data (%).

L

D 1 2 3 4 5 6 7 8 9 10

1 33.6 48.6 50.7 52.3 53.9 54.4 54.5 58.6 58.8 59.1

2 55.4 65.0 67.5 67.8 69.0 68.5 69.2 71.9 72.2 71.7

3 59.2 67.8 69.7 70.4 71.7 71.1 71.6 75.4 75.1 75.1

4 62.4 70.2 71.8 72.6 73.9 74.0 74.9 77.5 77.4 77.7

5 63.7 70.4 73.2 73.6 74.6 74.7 76.1 78.4 78.2 78.0

6 65.8 71.9 74.4 74.9 76.4 77.3 77.9 80.9 80.4 80.5

7 67.1 73.6 76.3 76.0 77.9 78.0 78.6 80.7 81.1 81.5

8 67.8 74.0 76.4 76.7 78.1 78.6 78.9 81.2 81.6 81.0

9 67.9 75.2 77.3 77.7 78.7 78.7 79.5 81.7 81.5 81.5

10 69.3 75.5 77.4 77.6 78.7 78.6 79.5 81.5 81.6 81.5

11 69.4 76.0 77.7 77.7 78.5 78.5 79.0 81.0 81.2 80.8

12 69.7 76.6 78.0 77.7 78.3 78.4 78.8 80.7 80.8 80.5

13 70.4 76.5 77.8 78.1 78.4 79.3 79.3 80.9 80.9 81.2

14 70.9 76.8 78.2 78.3 79.0 79.4 79.0 80.6 80.5 80.0

15 71.1 77.2 78.2 78.2 79.1 79.2 79.0 80.1 80.4 79.6

16 71.2 77.0 78.7 78.3 79.3 79.0 78.3 80.2 80.1 78.9

17 71.6 77.2 79.0 78.5 79.4 78.6 78.1 80.0 79.8 78.2

18 71.9 77.7 79.2 78.8 79.5 78.8 78.5 80.5 79.7 78.5

19 72.4 78.4 79.4 79.3 79.4 79.7 78.5 80.2 79.7 78.8

20 72.1 78.4 79.4 79.0 79.4 79.1 78.2 80.2 79.4 78.4

4. Musical Feature

This section describes a musical feature for musical genre

classification of MPEG-4 TwinVQ audio data. The musi-

cal feature is based on the sequence of LSP parameters ob-

tained from the bitstream and on multi-resolution analysis

by DWT.

We define the LSP parameter vector of the m-th frame by

ω
LSP
m = (ωLSP

m,1 , . . . , ω
LSP
m,d , . . . , ω

LSP
m,20)

T
, (1)

where ωLSP
m,d is the d-th LSP parameter of the m-th frame,

and T denotes the transposition. The sequence ΩLSP con-

sisting of N LSP parameter vectors is represented by 20×N

matrix

ΩLSP = (ωLSP
1 , ω

LSP
2 , . . . , ω

LSP
N ), (2)

where N is the number of frames of TwinVQ audio data.

The d-th row of the matrix ΩLSP is expressed as

ω
LSP
d = ω

LSP
1,d , . . . , ω

LSP
N,d , (3)

and is called “the d-th sequence of length N”.

Then, by using DWT with the base Haar, we decompose

the d-th sequence ωd and then obtain the detailed wavelet

coefficients cd,l,t (l = 1, . . . , L; t = 1, . . . , bN

2l
c ) up to level

L.

We calculate the mean spectrum pd,l of level l (l =

1, . . . , L) defined by the average of the power of the detailed

wavelet coefficients cd,l,t of level l,

pd,l =

∑

{cd,l,t}
2

N

2l

,

and the standard deviation σd,l

σd,l =

√

√

√

√

√

1
N

2l

N

2l
∑

i=1

(c2

d,l,i − pd,l)2.

We then define the spectrum vector pd,L by the spectrum

up to level L as

pd,L ≡ (pd,1, pd,2, . . . , pd,L), d = 1, . . . , 20,

and the standard deviation vector up to level L as

σd,L ≡ (σd,1, σd,2, . . . , σd,L).

We define the vector fD,L of the compressed music data

up to order D and wavelet decomposition level L as

fD,L ≡ (p
1,L, , . . . , pD,L, σ1,L, . . . , σD,L),

1 ≤ D ≤ 20, 1 ≤ L ≤ 10.

and call it “the (D, L) musical feature vector”.
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5. Experiments

This section evaluates the performance of the musical fea-

ture for genre classification.

We can directly obtain the LSP parameter vector (20

dimensional) of each frame. The time of extracting the

LSP parameter vector was only 0.9µsec on average (vari-

ance 5.4 × 10−23, minimum 0.1µsec, maximum 1.4µsec )

(OS: Linux, CPU: AMD Athron 64 X2 Dual Core Processor

4600+, Memory: 3GB). For example, the computation time

of length of 10, 000 frames (play time is 232.2 sec) is only

90msec on average.

5.1 Data set and Classifier

Data set

We experimented on 2, 196 compressed music data of 10

musical genres such as “baroque”, “bossanova”, “dance”,

“hiphop”, “jazz”, “march”, “oldies”, “rock”, “tango” and

“waltz”.

We collected the pieces of music from the collected works

of “baroque”, “bossanova”, “dance”, “oldies” and “tango”,

and from some albums of march and waltz. In addition, we

selected the pieces of music of hiphop and rock from our

library consisting of 20, 000 pieces of music. Table 1 shows

the number of pieces of music of each musical genre.

Classifier

We used the Discriminant Analysis (DA) as a classifier

(Figure 2) to evaluate the performance of the (D, L) musical

feature vector. The DA is a simple and widely used standard

statical classifier.

5.2 Musical Genre Classification

This section evaluates the classification performance of

the proposed musical feature.

We applied the MPEG-4 TwinVQ encoder to each signal

of piece of music and obtained 2, 196 compressed music data,

then compute the musical feature vector for each compressed

music data.

The musical genre classification was done as follows.

Firstly, as training data we randomly selected 50 percent

of the compressed music data of the same genre and used

the rest as the test data (50%).

The system executed discriminant analysis to the set of

the training data, and obtained the discriminant space and

the centroid vector for each musical genre.

To classify the test data, the system maps the musical

feature vector of the test data into the discriminant space

and then compute the distance between the test musical

feature vector and centroid points, and returns the genre of

the nearest centroid as the musical genre of the test data.

For each set of the (D, L) musical features, the process

above was repeated three times and the average accuracy

of classification was obtained. We show the performance

of the (D, L) musical feature in the form of a confusion

matrix on percentage (e.g., Table 3 for the (9, 8) musical

feature vector). The rows correspond to the actual genre

and the columns to classified genre. For example, the cell of

row “dance”, column “hiphop” with value 2.27 means that

2.27% of the dance music was wrongly classified as hiphop

music.

The average of diagonal elements of the confusion matrix

for the (D, L) musical feature shows the total performance

of the (D, L) musical feature for musical genre classification.

The average is called the “average correct ratio”.

We examine how the number D of LSP parameters and

the wavelet decomposition level L affect on the performance

of musical genre classification.

Table 2 shows the average correct ratio of fD,L for D = 1

∼ 20, L = 1 ∼ 10.

The average correct ratios for 6 ≤ D ≤ 14 and 8 ≤ L ≤ 10

were greater than or equal to 80.0%. The maximum ratio

was 81.7% (for f
9,8).

Hereafter, we examine the performance of musical genre

classification using the (9, 8) musical feature vector f
9,8.

The results of musical genre classification using the vectors

f
9,8 are shown in Table 3 (confusion matrix). All diago-

nal elements in Table 3 were greater than or equal to 70.0,

except waltz (67.35%). The correct ratios for five genres:

baroque, hiphpo, jazz, march and rock were greater than or

equal to 86.36. Waltz music had the minimum (worst) cor-

rect ratio 67.35. Waltz music was misclassified as baroque

(12.24%), and jazz, march and tango (6.12% each). The

misclassifications are similar to what a human would do.

The results of experiments showed that the musical genre

classification by using the (9, 8) musical feature vector of

LSP parameter had very good performance.

6. Conclusion

This paper proposed a new musical feature for musical

genre classification of MPEG-4 TwinVQ compressed music

data. The key idea was to use the LSP parameters directly

extracted from bitstream in the MPEG-4 TwinVQ audio

data without any computation. We applied the Discrete

Wavelet Transform to a sequence of the LSP parameter and

obtained the (D, L) musical feature vector. To evaluate the

performance of the musical feature, we experimented musi-

cal genre classification on 2, 196 compressed music data of 10

musical genres. We got the maximum average correct ratio

81.7% for the (9, 8) music feature vector based on the LSP

parameter. Although the used classifier (DA) was very sim-

ple, the proposed music feature had very good performance

for musical genre classification.
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Figure. 2 Musical genre classification using the discriminant analysis.

Table. 3 The accuracy of genre classification using the (9, 8) musical feature vector f 9,8 for the test data (%).

classified as

genre baroque bossa dance hiphop jazz march oldies rock tango waltz

baroque 86.36 0.00 0.00 0.00 0.00 6.36 1.82 0.00 1.82 3.64

bossa 0.00 71.19 1.69 1.69 11.86 1.69 10.17 0.00 1.69 0.00

dance 4.55 4.55 79.55 2.27 3.41 0.00 3.41 2.27 0.00 0.00

hiphop 0.00 2.00 5.00 91.00 1.00 0.00 1.00 0.00 0.00 0.00

jazz 0.93 3.72 0.47 0.00 85.58 0.93 2.79 0.47 4.65 0.47

march 2.22 0.00 0.00 0.00 0.00 88.89 0.00 0.00 2.22 6.67

oldies 1.32 1.32 3.08 0.44 7.05 0.88 78.41 0.88 5.73 0.88

rock 2.00 2.00 4.00 0.00 0.00 0.00 2.00 90.00 0.00 0.00

tango 3.00 0.00 0.00 0.00 10.00 1.00 8.00 0.00 78.00 0.00

waltz 12.24 0.00 0.00 0.00 6.12 6.12 2.04 0.00 6.12 67.35

We can obtain the approximate values of the LPC coef-

ficients and the LPC cepstrum from the LSP parameters

with some computations, and compute the musical feature

vectors using the approximate the LPC coefficients and the

LPC cepstrum in the same way as described in section 4.

The performance of them are found in [10].

In this paper, we focused on the musical feature using

the LSP parameters, because they can be directly extracted

from the bitstream without any computation and are fun-

damental information of the MPEG-4 TwinVQ compressed

data.

The contribution of this paper is to present a new musical

feature to classify MPEG-4 TwinVQ compressed data into

musical genre without decoding to audio signals.
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