
The Analysis and Comparison of Vital Acoustic Features in Content –Based 
Classification of Music Genre

Zhe Wang 
College of Science, Huazhong Agricultural University,  

Wuhan, China  

Jingbo Xia* 
College of Science, Huazhong Agricultural University,  

Wuhan, China  
* Correspondence author: xiajingbo.math@gmail.com

Bin Luo 
College of Science, Huazhong Agricultural University, 

Wuhan, China 

Abstract—Digital music is becoming increasingly popular in 
the Internet, and content-based musical genre classification has 
gained significant attentions in the field of musical retrieval. In 
this paper, the acoustic musical features are extracted from the 
viewpoints of both signal processing and the musical dimension. 
By comparing the performance of classifier of different 
combination of acoustic features, the contributions of 
corresponding features are evaluated. Finally, timbre and 
tonality feature sets are found to be the most effective features 
in music genre recognition. 

Keywords- Feature extraction; musical dimension; contend-
based musical classification; Support Vector Machine (SVM)
Introduction 

I. INTRODUCTION

Auditory data especially music files are significant 
sources for artificial intelligence research, and the data 
process of the auditory information has become a hot issue 
with the development of signal processing. According to the 
theory of machine hearing, musical signals represent the 
complex emotion information of human being, which own 
certain special properties including rhythm, timbre, pitch, 
timbre and tonality. Therefore, it is quite different with the 
common audio signals. Currently, the research of the 
musical information retrieval has been developing rapidly 
and involved a lot of sub-areas. For example, musical 
information retrieval evaluation exchange (MIREX) was the 
annual technology communication activity in musical 
retrieval hold by the International Society for Music 
Information Retrieval (ISMIRSEL) from 2005 worldwide, 
which focus a lot in the audio classification, audio cover 
song identification, audio tag classification and so on [1]. 

As a hard task, it was subjective to assess the genres of 
music. Here, music data are divided into different genres 
according to their different styles. However, there was 
something in common for the same style of music, including 
rhythm, timbre, tonality, and so on. Contend-based 
classification of music aimed to estimate the genre of 
unknown style musical sample according to the given 
classifying instances. Tzanetakis [2] had the early study on 
this area, he build the famous MARSYAS [3] which was a
software framework for audio analysis. His work was based 

on the MIRtoolbox [4, 5] which was a feature extraction 
toolbox developed in Matlab platform. By using 
MIRtoolbox and optical motion capture, Birgitta Burger [6] 
investigated the effect of rhythm and timbre related musical 
features as well as tempo on movement characteristics. They 
could reflect, imitate, and predict musical characteristics by 
musical induced movement. Igor Vatolkin [7] examined the 
reduction of training instance number in music genre 
recognition where each instance was mapped to a class 
described by a corresponding 2-gram vector estimated from 
the statistical distribution of musical characteristics based on 
MIRtoolbox, finally they claimed that it is possible to keep 
the classification performance and even improve it in many 
cases despite the strong reduction of instance number. 
Moreover, Anemone G. W. van Zijl [8] investigated the 
effect of performers’ experienced emotions on the auditory 
characteristics of their performances by using MIRtoolbox. 
Similarity, this work was also down by using MIRtoolbox. 

Music genre classification is a multi-class problem in 
essence. Feature extraction and multi-class methods are two 
critical aspects of this problem. There are already some 
popular and efficient methods, like SVM and HMM, but we 
mainly focus on the strategies of feature extraction. As 
known to all, the common signals could be divided into the 
time domain, the frequency domain and the time-frequency 
domain [9]. Unfortunately, this kind of feature extraction or 
division is failed to measure the musical signals by the 
musical dimension including the feature of rhythm, timbre, 
pitch, and tonality. In short, the particularity of music 
should be addressed since it owns its inner acoustic property, 
which is different with other common auditory signals. 

The rest of this paper is organized as follow: Section 2 
gives the data set which we used in our experiment. Section 
3 includes the ways of feature extraction. The multi-class 
method way of SVM is introduced in Section 4. Afterwards, 
Section 5 provides the result and discussion. Section 6 
discusses the conclusion and future works. 

II. DATASET

The dataset used in this study (downloaded from 
http://marsyas.info/) is a benchmark data set which contains 
1,000 music clips [2]. For simplicity, it is divided into ten 
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genres including Blues, Classical, Country, Disco, Hip-hop, 
Jazz, Metal, Pop, Reggae and Rock. Every sample in the 
dataset is a musical clip of 30ms, 16bit, with the sampling 
rate of 22050Hz. 

In order to effectively evaluate the different 
contributions of acoustic auditory features, four types of 
most representative genres (e.g., Metal, Jazz, Hip-hop, and 
Classical) are chosen as the classification categories since 
the above four genres represents clear acoustic differences.
Based on the four-class classification, the first 10ms of each 
music clip are expected as the experiment data for the sake 
of simplicity. Furthermore, a series of feature sets are 
defined and the corresponding multi-classification is carried 
on, so as to evaluate the effective of different acoustic 
features in music genre recognition. 

III. FEATURE EXTRACTION

Feature extraction is a crucial step to improve the 
accuracy of the classification. In common analysis, the 
musical features are always divided into three categories 
according to the procedure of the signal processing, i.e., the 
feature of time domain, the frequency domain and the time-
frequency domain. Here, the feature of time domain 
involves numerical features by directly  analyzing the sound 
wave, including short-time energy (STE), short time zero 
cross rate (ZCR), liner predictive coefficient (LPC) [2].The 
features in frequency domain mainly reflect the information
in frequency by using Fast Fourier Transform (FFT). A
series of further features are proposed such as frequency 
energy and Mel frequency ceptral coefficients (MFCC). The 
time-frequency feature mainly refers to the further 
calculation based on the wavelet transformation, which 
could reflect the characters of the signal in time and 
frequency domain simultaneously [9].  

Figure. 1 The overview of all musical features 

 Music is a kind of special signal which has its own rules 
and properties. Consequently, it is more suitable to extract 
the features from the aspect of musical dimension than the 
viewpoint of the signal processing when analyzing the 
musical signal. According to the music theory, musical 
signal can be analyzed from the aspect of dynamics, rhythm, 
timbre, pitch and tonality [4].

For the features that have extracted based on frames, the 
length of every frame is 50ms with 50% overlapping. After 
the feature extraction in each frame, the means, variance, 
kurtosis and the energy is added as the last features. For 
some features with different lengths, histograms are used to 
unify the numerical feature vector.  

For the sake of completeness, the list of feature structure 
is shown in Fig.1,and the corresponding feature descriptions 
are listed as below. 

A. Dynamics 
The dynamic features are fundamental features which 

contain the root mean square energy (RMS) and low energy. 
Among these features, RMS could be computed by:  

��� �� ��� ������

here  is the number  value of discrete time signal. 
Low energy refers to the percentage of frames which 

own less energy than average [2]. 

B. Rhythm 
The rhythm features are typical acoustic features which 

mostly stem from fluctuation and the feeling of human ear. 
According to auditory theory, the rhythmic periodicity is 
detected along the auditory perception by two steps 
calculation [10]. At the first step, loudness levels contours is 
calculated and expressed in the DB-SPL scale by using the 
decibel scale and the sound pressure level. By certain 
auditory criteria, the specific loudness per critical band is 
computed. At the second step, the loudness modulation in 
each frequency band is analyzed with respect to reoccurring 
patterns in the audio signal. 

Moreover the beat spectrum is another measure of 
acoustic self-similarity, which is computed from the 
similarity matrix, given by [11].

The event density calculates the number of physical
onsets per second. The physical onsets means the time at 
which the sound acoustic energy first begins. In detail, 
onsets could be detected by computing the envelope of the 
wave and the ways of peak picking. Finally, the tempo 
indicate the periodicities from the onset curve [12] and the 
pulse clarity estimate the rhythmic clarity showing the 
strength of the beats, which could indict the level that 
listeners perceive the pulsation of music  [13].

C. Timbre 
The timbre is the characters of the music which usually 

be used to distinguish the music that have similarities in 
pitch and loudness. 

Attack time is perceived relative to its physical onset. It 
is also called the perceptual attack time (PAT) which is 
defined as the time a tone's moment of attack or most salient 
metrical feature [14]. Attack time and the attack slope are 
calculated based on the physical onsets which could offer 
some characters of music timbre.

The MFCC is an important auditory feature which 
reflects the hearing characteristics of human being, and it 
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has been widely used in the audio processing. MFCC works 
by producing a MFCC matrix. First, by using fast Fourier 
transformation (FFT), the signal is transformed into the Mel 
scale. Second, the Mel scale triangular filter banks are 
applied to the signal, after that, the discrete cosine 
transformation (DCT) is performed, and then MFCC is 
obtained for each frame. 

The other features in the timbre consist of the statistic 
feature and some easy calculate features such as zero cross 
and brightness of the signal. Here the zero cross means the 
number of times that the signal crosses the x-axis. 
Meanwhile, the brightness is obtained by computing a cut-
off frequency. Other statistic features including the centroid, 
spread, skewness, kurtosis and flatness, could be referred to 
[1]. 

D. Pitch 
Pitch is the sensation character when people distinguish 

the tone of the audio. It could reflect the frequency of the 
signal. The Pitch also related with the intensity and the wave 
shape of the signal. Pitch detection is important technology 
in music retrieval, there are many ways to calculate the pitch 
feature, and the autocorrelation function (ACF) is used 
widely in pitch detection [15].

E. Tonality 
Roughly speaking, tonality means the quality of the 

music. Tonality refers to the particular system of 
relationships between notes, chords, and keys which 
arranges sounds according to pitch relationships into 
interdependent spatial and temporal structures.

The chroma gram, namely, the harmonic pitch class 
profile (HPCP), shows the distributions of energy along the 
pitches. General HPCP feature extraction procedure refers 
to [16].

The key is another basic character for music which is 
relevant for further musical analysis and it could be easily 
identified by well-trained people. The key feature gives a 
broad estimation of tonal center positions and their 
respective clarity. The ways to estimate the key could be 
found in [17].

Meanwhile, the mode estimate the modality, i.e., major 
vs. minor, returned as a numerical value between -1 and 1.
The closer it is to 1, the more major the given excerpt is 
predicted to be, and vice versa [4]. 

Finally, the tonal centroid calculates the 6-demention 
tonal centroid vectors from the chroma gram. It corresponds 
to a projection of the chords along circled of fifth, of minor 
thirds, and major third [18].  

IV. MUITI-CLASS PROCEDURE

When the features were extracted, the problem of music 
genre classification is simplified into a multi-class 
classification problem. 

In order to gain a better accuracy in classification, the 
feature data is preprocessed before input into the classifiers. 
Here, 0-1 and the z-score normalization are used. 

As a popular classification tool, support vector machine 
(SVM) is chosen to train the classifiers for multi-genre 

classification, since this is a popular classification tools 
which is claimed to reduce the risk of structure. 

SVM is based on the statistical learning theory which 
maps the input vector to a high dimension feature space by a 
chosen nonlinear transformation. By constructing the 
optimal hyper plane in the high dimension, SVM change a 
linearly inseparable problem into a separable one. The 
problem of finding the optimal hyper plane is a quadratic 
programming problem indeed which is usually called the 
primal question: 

� � ������

here  is the normal vector and  is the constant term of 
the optimal hyper plane, , is the 
sample points. 

The Lagrange's objective function can be calculated by 
using lagrangian multiplier method: 

������� �� ������

This problem is solved by calculating the Wolfe-type 
dual problem, 

������������������������ ��������������������	��

The parameter  and  of the optimal hyper plane can 
be calculated as follows: 

� ���������������������������� �����
���

             
here indicates the optimal lagrangian multiplier, 

means the support vector, the discriminant function 
of the type is 

� ��� ������������������������������� ���������

here  signifies the sample of the input data. 
As a popular toolkit developed in Matlab environment, 

Libsvm [19] is used in our study. For detailed information 
of SVM theorems, refers to Vapnik [20]. 

V. RESULT AND DISCUSSION

In order to estimate the contribution of all features, all of
the 31 combinations of five feature sets are tested in 10-fold 
cross validation, and combinations are sorted by accuracies 
in descending order. The classification results are shown in 
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Table1. 

TABLE I THE ACCURACY OF CLASSIFICATION IN DIFFERENT
COMBINATION OF FEATURE

Feature Dimension Acc(%) me ja hiho cla
RTiTo 117 79.5 0.8 0.66 0.84 0.88
DRTiTo 121 79.5 0.78 0.68 0.82 0.9
DTiTo 112 78.5 0.78 0.62 0.8 0.94
TiTo 108 77 0.78 0.64 0.8 0.86
DRTo 57 77 0.74 0.58 0.86 0.9
DRTi 77 75 0.86 0.8 0.74 0.6
RTi 73 74.5 0.86 0.76 0.74 0.62
RTo 53 74.5 0.58 0.58 0.9 0.92
DTo 48 74 0.68 0.52 0.82 0.94
DTi 68 72.5 0.88 0.76 0.7 0.56
Ti 64 72 0.86 0.74 0.68 0.6
To 44 72 0.6 0.56 0.82 0.9
DR 13 67 0.76 0.56 0.7 0.66
D 4 63 0.68 0.68 0.54 0.62
R 9 63 0.64 0.32 0.92 0.64
DPTo 447 61.5 0.86 0.5 0.56 0.54
DRPTo 456 61.5 0.86 0.5 0.56 0.54
DPTiTo 511 61 0.9 0.5 0.48 0.56
DRPTiTo 520 61 0.98 0.5 0.4 0.56
PTiTo 507 60.5 0.9 0.52 0.44 0.56
PTo 443 60 0.86 0.5 0.5 0.54
RPTo 452 60 0.86 0.52 0.48 0.54
RPTiTo 516 60 0.98 0.5 0.36 0.56
DRPTi 476 58.5 0.88 0.46 0.48 0.52
PTi 463 57.5 0.86 0.48 0.44 0.52
DPTi 467 57.5 0.86 0.46 0.46 0.52
RPTi 472 57.5 0.88 0.46 0.44 0.52
DRP 412 56 0.88 0.44 0.46 0.46
RP 408 55 0.88 0.44 0.44 0.44
DP 403 54.5 0.88 0.44 0.44 0.42
P 399 54 0.86 0.42 0.46 0.42
“D”, “R”, “P” “Ti”, “T0” in the first column of the 

table represent the feature of Dynamics, Rhythm, Pitch, 
Timbre, and Tonality respectively. “me”, “Ja”, “hiho”, “cla”
indicate the clarification accuracy of metal, jazz, hip-hop, 
classical separately. The first row represents all the 
combination of the feature sets. For example, “RTiTo”
indicate the input features which include Rhythm, Timbre
and Tonality. 

The results in Table 1 show the importance of rhythm, 
timbre and tonality. When the input feature sets involve the 
rhythm, timbre, tonality, the average accuracy reach the 
highest 79.5%. Furthermore, the input feature combination 
of dynamics, rhythm, timbre and tonality could also reach 
the highest accuracy 79.5%, this means that the feature of 
dynamics function slightly compared with the timbre and 
the tonality feature. 

One could also observe that when the feature of pitch 
added in the input feature set, the accuracy reduced from 
79.5% to 61%, which means that there are some noises 
consist in the Pitch feature and it have the opposite effect to 
the average accuracy. 

For the further observation, it is easy to find that the 
better classifiers (with accuracy higher than 75%) all 
contain the feature of tonality and the timbre. After the 
timbre and the tonality is introduced in the input feature, the 
average accuracy rise from the 67% to 79.5%, which means 

the timbre and the tonality feature have higher contribution 
and are more typical than other feature sets. 

For further discussion of the importance of timbre and 
tonality, comparison of sole contribution of every feature is 
shown in Table 2. 

TABLE II THE  SOLE CONTRIBUTION OF EVERY FEATURE

Feature Dimension Accu (%) Sole contribution value
        Ti 64       72 1.125

To 44 72 1.636
D 4 63 16.75
R 9 63 7
P 399 54 0.135

The sole feature contribution (represented by sole con in 
the table) is computed by using average accuracy divide the 
dimension of the feature. This value makes sense mainly 
through numerical comparison. As we can see from the 
table, value, i.e., 16.75, while Pitch serves weakly. These 
results show the mere contribution of dynamic features. 

Similarly, comparisons of accuracy and performance 
with the classifier, based on combination of two feature sets, 
are shown in Table 3. Pair feature sets containing concrete 
features are separately listed in different columns. 

TABLE III THE ACCURACY OF DOUBLE FEATURE COMBINATION

With D Accu (%) With R Accu (%) With P Accu (%)
DTo 74 RTi 74.5 PTo 60
DTi 72.5 RTo 74.5 PTi 57.5
DR 67 RD 67 PR 55
DP 54.5 RP 55 PD 54.5

With Ti Accu (%) With To Accu (%)
TiTo 77 ToTi 77
TiR 74.5 ToR 74.5
TiD 72.5 ToD 74
TiP 57.5 ToP 60

Table 3 shows all of the double combinations of the 
feature. For each column, we could find that the 
combinations which contains Ti (timbre feature) and To
(tonality feature) have the higher accuracy than others. It 
also indicates that the combination of timbre and the tonality 
have the highest classification accuracy (77%). Therefore, 
these results evidence that the timbre and the tonality have 
the most positive effects to the musical genre classification. 

Furthermore, classifiers with three feature sets are 
compared by their accuracies and contribution values in 
Table 4. As be seen from Table 4, Ti (timbre feature) and To
(tonality feature) serves most important in all of the 
combinations. In detail, if Ti and To are combined with R or 
D, the accuracy reach 79.5% and 78.5%. Besides, the 
contribution values in the first four are higher than all of the 
other combinations. These result show the combination 
efficiency of TiTo and RTi , RTo as well. Especially, TiTo is a 
strong combination during all of the acoustic features, which 
obtain a good trade-off in accuracy and dimension. 
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TABLE IV THE ACCURACY OF TRIPLE FEATURE COMBINATION

Feature Dimension Accu (%) Contribution value
RTiTo 117 79.5 0.679487
DTiTo 112 78.5 0.700893
DRTo 57 77 1.350877
DRTi 77 75 0.974026
DPTo 447 61.5 0.137584
PTiTo 507 60.5 0.119329
RPTo 452 60 0.132743
DPTi 467 57.5 0.123126
RPTi 472 57.5 0.121822
DRP 412 56 0.135922

Moreover, the combination of “RTiTo” (Rhythm, 
Timbre and Tonality) has the highest classification (79.5%), 
which shows the timbre and the tonality have the positive 
effect to the classification when they combining with the 
rhythm. Consequently, the rhythm, timbre and the tonality 
are three important features and could brought greater 
importance in future work. 

VI. CONCLUSION AND FUTURE WORK

In this study, the contribution of different kinds of 
features in musical dimension is compared and analyzed.
After comparison and analysis, we found that the feature 
sets of timbre and the tonality have higher contribution in 
the music genre classification. The exploration of new 
acoustic features is a promising issue in music genre 
recognition. As discussed in the former sections, music is a 
typical auditory file which has its own acoustic features. 
Hence, this issue will be relevant with many cross 
disciplinary fields like human hearing, feature selection, 
classification algorithm, etc. 

For the future works, much more algorithms can be 
compared in classification section and the further de-nosing 
processing can be used in the feature extraction section in 
order to gain higher accuracy. More styles of music can be 
introduced into the classification section and accuracy of the 
classification of every genre of music can be improved on 
further. 
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