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Abstract—Music genre classification is an essential componentDespite these difficulties, there are still some possibilities that
for the music information retrieval system. There are two remain for genre classification. The audio signals of music
important components to be considered for better genre pelonging to the same genre mean they share the certain
classification, which are audio feature extraction and classifier. . maon characteristics, because they are composed of similar

This paper incorporates two different klnds_of features for genre types of instruments, having similar rhythmic patterns, and
classification, timbral texture and rhythmic content features. ~“"° . o
similar pitch distributions [2].

Timbral texture contains the Mel-frequency Cepstral Coefficient ) ; e .
(MFCC) with other several spectral features. Before choosing a _ | h€ overview of our music genre classification is shown in
timbral feature we explore which feature plays an insignificant Figure 1. It depicts the backbone of genre categorization.
role on genre discrimination. This facilitates the reduction of There are two major problems that need to be addressed in
feature dimension. For the timbral features up to the 4-th order genre classification, i.e., feature extraction and classification.
central moments and the covariance components of mutual The first stage is to extract the meaningful and relevant
features are considered to improve the overall classification features from audio that could sufficiently discriminate the
result. For the rhythmic content the features extracted from beat music genre. The next stage is to classify the genre based on

histogram are selected. In the paper Extreme Learning Machine .
(ELM) with bagging is used as the classifier for classifying the the extracted features. In our method the extreme learning

genres. Based on the proposed feature sets and classifiermaChine (ELM) combined with bagging is used as a classifier. .
experiment is performed with well-known datasets: GTZAN with Seyeral bags of the dataset are constructed and each bag is
ten different music genres. The proposed method acquires better trained using individual ELMs. The final decision is made
classification accuracy compared to the existing methodologies. based on the majority voting score. ELM is an unstable
classifier, therefore ELM combined with bagging increases

Keywords— music genre, bagging, covariance, timbral texture, the stability, as well as generalization performance of the

rhythmic content classifier. _ _
In this paper, we attempt to implement timbral texture
|. INTRODUCTION features which represent short-time spectral information, and

A music genre is a conventional category that identifiéythmic content features Iikg beat histogram which represent
pieces of music as belonging to a shared tradition or set¥ ong-term properties. Timbral texture features include
convections. It is to be distinguished from musical form arf@ectral centroid, flux, rolloff, flatness, energy, zero crossing,
musical style. Automatic music genre classification &'d MFCCs, respectively. For the sake of convenient, we
important for the music information retrieval (MIR) task sincg!Vide the timbral texture features into two groups; the first
it can be applied for practical proposes such as efficiéffPuP (FG1) does not include MFCCs and the second group
organization of data collections in the digital music industr{>G2) only MFCCs. After the frame-wise extraction of each
There have been several well-known approaches put forwhfgPral texture feature among FG1 from all genres of music,
on this research area. Still, efficient and accusat®matic the next stage is to calculate the standard deviation for all
music information processing remains as the key issue, an@&igres of music. The aim of calculating the standard deviation
has been consistently attracting the attention of a growiigj each feature in whole genres is to find out which feature is
number of researchers, musicians, and composers. A curl® gnificant for genre discrimination. The feature which has a
challenging topic in automatic music information retrieval gmall value of standqrd (_je\_/latl_on contributes the insignificant
the problem of organizing, describing, and categorizing mudfgPact on genre discrimination. Based on the standard
contents on the internet [1]. Although music gem%ewanon value, we considered a limited number of timbral

classification is done manually and it takes huge resourcesfﬁ?rmres' .

precisely define the genre of music content. Sometimes, it Impral texture features are based on short time (10ms)
may create confusions and difficulties for its preciseneS¥V-level spectral components that are integrated on long
among composes and musician because of their percepfidfiation. The integration method is mean and standard
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deviation. Beside this, high order moments such as skewn&ssTimbral Texture features
and kurtosis are also implemented [3]. The aim of consideringrhese features are used to differentiate mixture of sounds
the high order moment is that even if there are the same valygs possibly have similar pitch and rhythm [5]. The features
of mean and standard deviation, the position of locatiggeq to represent timbral texture are based on standard
(shape of skewness and kurtosis position) could be d'ﬁer?éﬁtures proposed for music-speech discrimination [6]. To
because each feature cannot be modelled the Gausgigpact the timbral features, audio signals are first divided into
distribution. ] frames by applying a windowing function at fixed intervals.
In addition we propose to use the covariance componentsfhpral texture features in Figure 2 have been computed and
mutual timbral texture features [3]. Each of them gives thger we calculated different statistical values like mean,
statistical property of mutual random variables associate@ndard deviation, skewness, kurtosis, and covariance matrix
features. For each song the covariance values of seleggf feature values. The meay) @nd standard deviatiow)(

features from FG1 and SG2 are calculated, respectivahy: frame-wise feature valueX,)in aN -frame song argiven
Therefore, additionah(n-1)/2 components are included for by

timbral texture features. Note that we can hane A(n-1)/2
for n features, which increases rapidly as the number
features increases. This is the reason why we remove - MEFCC
relatively less important features by checking th Mean
corresponding variances.

Rhythmic features characterize the movement of mus
signals over time and contain such information as tt
regularity of the rhythm, beat, tempo, and time signature. TI Spectral centroid
feature set for representing the rhythmic structure is based
detecting the most salient periodicities of the signal and it . Kurtosis
usually extracted from the beat histogram. Rhythmic conte Ao, Spectral flux ’
features contain relative amplitude of the first and secor data Covariance
histogram peaks, period of first and second peaks, ratio of 1 ‘
amplitude of the second peak divided by the amplitude of fir
peak, and overall sum of the histogram [4]. Mean

There are different types of classifiers which have bee Spectral flatness
proposed for genre classification. We prefer the distini ' Std
classifier than the previously applied one. Extreme Learnir Spectral rolloff  ——»
Machine (ELM) is a recently proposed classifier which ha
high generalizing capability and takes minimum time fo
training. The reason for selecting ELM is that it does nc
require a tuning parameter, has the smallest training error, and
is free from the local maxima problem. However, ELM is 1 N
unstable because the weights connected with hidden units are Mean(x) =— > Xp (1)

Energy ' Std

Skewness

Zero crossing

Figure 2. Overview of Timbral texture features extraction

randomly determined. Therefore, we combine ELM with N =t
bagging in order to increase the stability. Bagging is almost 1 N 2
always more accurate than a single classifier. Std(o) = N nz=1( Xn—H) 2)
S ‘ The skewness is a measure of asymmetry of the
| Feature Extraction | | Classification - distribution, which can represent the relative disposition of the
Audio Timbral Texture 3 Classification || tonal and non-tonal compone_nts of each ba_nd._ If _the tonal
data d> Features d> C]i;'}’i[ers = by Majority | components occur frequently in a band, the distribution of its
| Rhythmic || Voting || spectrum will be left-skewed otherwise it will beght-
| | Content Feature | | . skewed. Mathematically, the skewness in a song can be
”””””””””””” defined as
Figure 1. Overview of music genre classification N 5
2 (Xp —H)
Il. FEATURE EXTRACTION Skewness "=L " . 3)
This paper is organized as follows. Feature extraction is the (N-1)o

critical portion of genre classification; and is described in Kyrtosis is a measure of whether the data are peaked or flat
section Il. Section Ill deals with the classifier, similarlye|ative to a normal distribution. That is, data sets with high
section IV explains the experimental setup and daf@rtosis tend to have a distinct peak near the mean. It is
preparation, and section V explains the result and analygigficult to specify the exact contribution of kurtosis in music

Finaf'}')/a section VI describes the conclusion of the proposgénre classification [7]. However, the kurtosis measure can
method.
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sketch the effective dynamic range of the audio spectrusignals crosses through a value of zero. It is random in nature.

Mathematically it can be defined as Moreover, the zero crossing rate for unvoiced speech is
N 4 greater than that of voice speech. Moreover, it is often used as
Z_ (Xp =) a crucial parameter for voiced/unvoiced classification and end
Kurtosis= "%, -3 (4) point detection.
(N-Do 1 N 9
Covariance is measured between two random variables%r™ 5 =, | s9n(x[nl = sgé{ n= 1| ©)

features. The aim of considering the covariance is usuallyfere sgn is a short notation of sign function. The sgn
see if there is any relationship between the random variabfggction is 1 for positive arguments and O for negative

It is useful to measure the polarity and the degree of #guments and x[n] is the time domain for signal for frame t.
correlation between two features. The covariance of twoSpectral Rolloff:It is a measure of the bandwidth of the

featuresx, andY, in a song is given as audio signal. It is the fraction of bins in the power spectrum in
1 N which 85% of the power is at lower frequencies.
Cou X,, ¥) =N = Xn=ay )h=ay), (5) R N
n=1 ZlMt[n] :0.8521Mt [n] (10)
n=. n—.

where and are corresponding means and Y, . . .
Hx Hy P g al " where M{[n] is the magnitude of the Fourier transform at

respectively. Forn timbral texture features we acquirgramet and frequency bin.

n(n-1) / 2mutual covariance values. Spectral flatness:It is used to characterize an audio
We consider two groups of timbral texture features FG1 asigectrum. Spectral flatness is typically measured in decibels,
SG2 described as and provides a way to quantify how tone like a sound is, as
1) FGL1 features opposed to being noise-like.

Soectral flux: It is defined as the variation value of the
spectrum between the adjacent two frames in a short-time 1 N-1
analyze window. It measures how quickly the power spectrum &XP| Z—O Inx (m)

changes and is used to determine the timbral of an audic= 1 N1 (11)
signal. =3 x(m)
N 5 N m=0
K= nzzl(Nt[n] =N 1) (6)wherex(m) represents the magnitude of bin numer

2) SG2 Features: Mel-Frequency Cepstral Coeffcients

Wher_e N{n] and Nes[n-1] are normalized magr_litudes of theEarlier MFCCs widely used in automatic speech later on
Fourier transform at the present framand previous frame  o,,01veq into one of the prominent techniques in every domain

1 respectively. of audio retrieval. They represent most distinctive information
Spectral centroidThe spectral centroid is described as thef signal. MFCCs have been successfully implemented to
gravity centre of the spectral energy. It determinespthiet timbral measurements by H. Terasawa [9]. We considered the
in the spectrum where most of the energy is concentrated 8ECC feature based on the paper that proved the validity of
is correlated with the dominant frequency of the signal. It isel frequency cepstral coefficients for music modelling [10].

closely related to the brightness of a single tone. Figure 3 shows the process of obtaining MFCC features.
N
Z M'[[n]* n Audio Discrete Log of Mel scal Discrete
Ct — n=1 (7) data IZ> Windowing IZ> Fourier IZ> amplitude ﬂ: sbcai jA/ Cosine j>MFCC
g M [ ] Transform spectrum Hierban Transform
n
n=1 t
where M{n] is the magnitude of the Fourier transform at Figure 3. Mel frequency cepstral coefficients feature extraction of audio
framet and frequency bin. B. Rhythmic Content Features

Short Time EnergyThe short time energy measurement of Rhythmic content features characterize the movement of

anaudio signal can be used to determine voiced and unvoiced . 7 . . . . .
. music signals over time and contain such information as the
speech. It can also be used to detect the transition from

unvoiced to voice and vice versa [8]. The energy of Voicr%gulanty of the rhythm, beat, and tempo._ For the rhythmic
speech is much greater than the energy of unvoiced speeec t_ure, begt histogram has peen taken. Itis alcompa.ct global
Short-time energy can be defined as represeptatlon of the rhythmic content of audio music. The
N beat histogram [4] can be obtained by the wavelet
En= 2 [X(mw n- M) (8)decomposition of a signal aman be interpreted as successive
m=1 high-pass and low-pass filtering of the time domain signal.
where,x(m) is discrete time audio signal,is time index of  There are six different features extracted from the beat
short-time energy, and(m) is window of length\. histogram. They are relative amplitude of the first and second
Zero Crossinglt is a process of measuring the number dfistogram peak, period of the first and second histogram peak

times in a given time interval that the amplitude of speegteasure in beat per minute (bpm), ratio of the amplitude of
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the second peak divided by the amplitude of the first peak, and 9 (WX + by) o 9wy .4+ By)

overall sum of the histogram. Feature extraction process is (13)
shown in Figure 4. H= ' '
9wy Xy +B) - g(wg . Xy + ) N x N
Audio | Wavelet Full wave Low pass Down- T T
—> IR A . B t
data  "| Transform rectification filtering sampling 1 L (14)
£ = : and T =
Periodicit Aut Noi o th
Histogram || Periodicity | | Auto- 1 | Noise N JNxm N JNxm
detection correlation removal

From the above equation (12), the target vetdt@and the
output matrix of the hidden laydd can comprise a linear
system. Thus, the learning procedure of the network helps to
. CLASSIFIER find the optimal weight matrix3 between the output layer

Traditionally, all the parameters of the feed-forwar@"d the hidden layeg can be determined by using the
networks need to be tuned and thus there exists fH@ore-Penrose generalized inverseHof
dependency between different layers of parameters (weights ﬁ= HTT (15)
and biases). In particular the gradient descent-based metho
have been used in variolearning algorithms of feed-forward . i \ .
neural networks [11]. However, the weakness of this kind gpportant properties. The first one is that we can take
learning method is that it is generally very slow due to diversgnimum training error, because the solutiﬁn: H TT is one

learning steps and may easily converge to local minima. Thgy the |east-square solutions of the general linear
also require many iterative learning steps in order to obtain

better learning performance. systemHSB =T. In addition,'the optimaj3 is also minimum
ELM [12] resolves the problem associated with th@orm among these solutions. Thus, ELM has the best

gradient-based algorithm by analytically calculating thgeneralization performance compared to the typical back

optimal weights of single-hidden layer feed-forward neurBfopagation network. In summary the ELM algorithm can be

networks (SLFNs). Where the weights between input layéigmmarized as follows. _ .

and the hidden layer biases are arbitrarily selected and thefNgorithm — ELM:  For the given training set

the optimal values for the weights between the hidden layer={(x;, )| x O R, t O R" =1, N}, activation function

and output layer are determined by calculating the linear ) ~
matrix equations. 9(x), and hidden neuron numbé\,

1) Assign random input weighty, and biasb;,

Figure 4. Block diagram of beat histogram feature extraction

ﬁom the above equation (15) we can draw the following

ForN distinct samples and}:| hidden nodes, the activation

function g(x) of the SLFN neural network is defined as i=1,...,N.
N 2) Calculate the hidden layer output matrx
Zlﬁ' 9(W->ﬁ +p)= E j=1...,N (10) 3) Calculate the output weigjft:
1=
p T
whereW =[W,, W,,.., W ' is the weight vector connecting B=HT

the ith hidden node and the input nodes,yhereH 'is the Moore-Penrose generalized inverse of hidden
B, =181 By B I" is the weight vector connecting the the layer output matriki.

th hidden nodes and output nodes, brisl the threshold of the I :

: Trained networks :

i-th hidden nodew.x denotes the inner productwf andx;. : (ELM with bagging) |

The standard SLFNs witlN hidden nodes with the [
activation functiorg(x) can approximate thedésamples with

N . . Majorit Genre
zero error means thzijzlnoj =1 |F Cie, there exis@ , Vting

w;, andb; such that

)
. = i= Figure 5: Block diagram of music genre classification
ZA 5 +P)=f, j=L...N a1)

wheret; is the target vector of theth input data. Equation (10)a, Bagging Algorithm

can be written as a matrix equation to form a new equation lﬁ'agging [13] is a well-known ensemble learning algorithm

using tf|_1|e Oft_r_)m matrix of the hidden lajer 12 that has been shown to be very effective in improving
B = (12) generalization performance compared to the individual base
where models. Breiman indicated that bagging is a smoothing
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operation which turns out to be advantageous when aiming tdhe genre classification result of the GTZAN datasets is
improve the predicative performance of regression shown in table VI. Several experiments have been conducted
classification. It is a “bootstrap” ensemble method that creat@fong the different feature sets. The first experiment was
bags for its ensemble by training each classifier on a randgshducted within timbral texture features in FG1 like spectral
redistribution of the training set. Each classifier's training sgdntroid, flux, energy, and zero crossing for genre
is generated by randomly drawing, with replacement; many @ssification (excluding MFCC). The second and third
the original samples may be repeated in the resulting trainifigheriments were only conducted for SG2 with seven and
set while others may be left out. Each bag classifier in fig. e mel-frequency cepstral coefficients. The fourth and

ensemble is generated with a different random sample of experiments only considered mean, standard deviation,

training set. The algorithm then applies a base Class'f'ers‘?ewness, and kurtosis of timbral texture feature including

classify e_ach bag. B_a}gglng_ is almost alvv_a_ys more accurgg\a/en and twelve MFCC coefficients separately with the
than a single classifier. Finally the decision is taken B

majority voting of all the base classifier results. Figure " y_thmut:hcontent f_eature. TTe_ fmaldexp”erlrr:re]nt v;/astcondug_tﬁd
shows the overview of genre classification. Our base classiﬁ%lf'ng € covariance matrix and af other features. €

is ELM. experiment was performed into two different steps to find the
i _ classification accuracy in regard to minimum (seven MFCC
The Bagging Algorithm coefficients) and maximum (twelve MFCC coefficients)

Inputs Training setS, based classifidr, integerT (number of

feature dimensions considering mean, standard deviation,
bootstrap sample)

skewness, and kurtosis.

fori=1toT{
identical component sample with replacement) TEXTURE FEATURES (EXCLUDING MFCC)
Ei:L(S) } Energy | Centroid| Flux| Zerocrossing Flatness  Rollgff

E (X)=argmax X 1 (the most often predicated laty! Nor.std | 1085| 069 | 088 o671 0239 ozp

yOY iE(X)=y

TABLE V : NORMALIZED STANDARD DEVIATION OF MFCC

. *
Output Compound classifieE —
MFCC Coefficients 1 2 3 4 5 6 7

IV. EXPERIMENTAL SETUP AND DATA PREPARATION Normalized Standard 203 | 231 238| 243 244 233 24b

Deviation

A well known dataset widely used for music Qgenre wrcc coefficients contd)| 8 9 w0l 11l 12| 13
classification is employed for performance evaluation. Th€ \omalized standard
dataset (GTZAN) consists of 1000 music pieces divided intgDeviation
ten different genres: Classical, Blues, Hiphop, Pop, Rock,
Gazz, Reggae, Metal, Disco, and Country. Each class consist
of 100 music pieces having durations of 30s. The dataset was

2.24 | 2.28| 2.48] 2.29] 1.6 0.0

STABLE VI: CLASSIFICATION ACCURACY (CA) OF GTZAN IN
DIFFERENCE FEATURES

collected by Geroge Tzanetakis [14]. Each song in the Feature set Feature(D)]  ELM(CA)
database was stored as a 22050Hz, 16bits, and mono audio|fi&rgy + Centroid + Flux + Zerocrossing (ECFZ 22 68.33%
A five-fold cross validation scheme is used to evaluate th§ecc 7 cofr) 19 64.62%
performance of the proposed system in GTZAN dataset.
MFCC (12 coff.) 114 66.26%
V. RESULT AND ANALYSIS ECFZ+MFCC (7 coff.)+beat histogram 77 84.52%
At first, in order to reduce the dimensionality of the| ECFz+MFCC (12 coff.)+beathistogram 142 85.15%

extracted feature set, the normalized standard deviation Otl'he combination of different feature sets gives different

each timbral texture feature is calculated in the GTZA o
. . classification accuracy. The feature extracted from FG1 of
datasets. As the number of timbral texture feature increases ) . )
: : i . energy, centroid, flux, and zero crossing gives 68.33 % of
the dimensionality of the extracted feature set increases . .
. . , accuracy. Similarly, SG2 (MFCC feature sets) with seven and
rapidly, therefore we removed the relatively less importa - :
: . : welve coefficients give 64.62% and 66.26% accuracy
features by checking the corresponding normalized standar . . .
- . ._respectively. This experimental result shows that seven or
deviations. Table IV and V contain the average normallzg even coefficients of MFCC do not make a big difference in
standard deviation of the GTZAN datasets. The data seen Ih 9

. L nre classification. We also tried to find out the overall
table IV indicates that flatness and rolloff are less significa e : )
o . iQpact of classification accuracy with covariance components.
for genre classification than the other four features in FG1.

similar approach is also applied for SG2 of MFC he classification accuracy of GTZAN dataset without

i 0, -
coefficients. There is only one MFCC coefficient which has® anance components comes aro_und 78.26% (7-MFCCs)
. . o .and 80.21% (12-MFCCs) respectively. Among them,

relatively small value of normalized standard deviation. Aside . . i ) g
- - - maximum accuracy is obtained while combining the
from that coefficient, the remaining twelve coefficients are =~ . .
L covariance components with other feature sets. The

useful for genre classification.

classification accuracy of the GTZAN dataset increases from
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80.21% to 85.15% while including covariance componentccuracy like Classical, Pop, Metal, and Reggae. Except for

Table VII compares our proposed method with oth&ock, other music genre classification rates are also

approachesn terms of average classification accuracy in theompetitive. Rock music has a minimum classification rate. It

GTZAN dataset. It is clear that our proposed method achievesonfused with Metal. Beside this, it is diverse in nature as

the classification accuracy of 85.15% which is better theompared to other genre and also overlaps its characteristic

other approaches. with other genres. Music genre Disco and Country are also
TABLE VII: COMPARISON OF CLASSIFICATION ACCURACY (cA) ~ confused with Reggae and Metal respectively.

WITH OTHER APPROACHES OF GTZAN DATASETS
VI. CONCLUSION

Reference Classification accuracy (CA) In this paper, first we analysed the validity of timbral
Our approach 85.15% texture features. The validity criterion is determined by the

_ normalized standard deviation of each feature. In the second
Jin'S. Seo [15] 84.09% stage, the frame-wise features have been integrated by using
Bergstract al [16] 82 50% central moments including mean, standard deviation,

skewness and kurtosis. Also, we propose the covariance
Liet al. [1] 78.50% components between timbral texture features to be included
for improving the classification performance. By considering
these feature values, several experiments have been performed

separately to analyse classification accuracy among the

Th_e extreme learning maCh?’?e t_:ombined With_bagg"&@ﬁerent feature sets. The ELMs combined with bagging is
algorithm is used for the classification of the music gentseq 1o puild the classifier. The ELM is an unstable classifier:
Before applied the ELM with bagging as a classifier, Weerefore ELMs with bagging improved the classification

attempted to find out how many bags were needed to Obtgituracy as well as the generalization performance.
maximum classification accuracy. There were twenty three

bags combined in the GTZAN dataset to get maximum
classification as shown in Figure 6. This work was partially supported by the National Research

To get a better picture of the classification accuracy of kaundation of Korea grant funded by the Korean government
(2011-0022152) and BK21PLUS project.

Tzanetakis [4] 61.00%
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