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Abstract—As a fundamental and critical component of music 
information retrieval (MIR) systems, automatically classifying 
music by genre is a challenging problem. The traditional 
approaches which solely depending on low-level audio features 
may not be able to obtain satisfactory results. In recent years, 
the social tags have emerged as an important way to provide 
information about resources on the web. So, in this paper we 
propose a novel multi-modal music genre classification 
approach which uses the acoustic features and the social tags 
together for classifying music by genre. For the audio content-
based classification, we design a new feature selection 
algorithm called IBFFS (Interaction Based Forward Feature 
Selection). This algorithm selects the features depending on the 
pre-computed rules which considering the interaction between 
the different features. In addition, we are interested in another 
aspect, that is how performing automatic music genre 
classification depending on the available tag data. Two 
classification methods based on the social tags (including 
music-tags and artist-tags) which crawled from website 
Last.fm are developed in our work: (1) we use the generative 
probabilistic model Latent Dirichlet Allocation (LDA) to 
analyze the music-tags. Then, we can obtain the probability of 
every tag belonging to each music genre. (2) The starting point 
of the second method is that music’s artist is often associated 
with music genres more closely. Therefore, we can compute the 
similarity between the artist-tag vectors to infer which genre 
the music belongs to. At last, our experimental results 
demonstrate the benefit of our multi-modal music genre 
classification approach. 

Keywords-music genre classification; music tag; artist tag; 
IBFFS; LDA 

I.  INTRODUCTION  
Musical genres, the high-level descriptor of music which 

are created and used by humans for categorizing and 
describing the vast universe of music are extensively used in 
music stores, radio stations, and the Internet [1]. The systems 
capable of discriminating music genres are essential for 
managing large music databases. Therefore, automatic music 
genre classification has received a lot of attention from the 
Music Information Retrieval (MIR) community in the past 
years. Due to the complexity of music signals, it is not 
possible to achieve 100% accuracy in the classification, even 
when performed by human experts. At the same time, the 
manual classification of the music genre is a laborious and 
time-consuming work.  

As an alternative, the automatic content-based music 
genre classification has attracted considerable attention in 
recent years. Audio signals are not suited to be directly fed 
into a classification system, therefore some alternate, more 
compact representation is needed. The most common 
approach to genre classification of audio music signals is to 
divide the signal in short overlapping frames, and some 
features, usually based on the spectral representation of the 
frame are extracted [2]. After this process, each music signal 
is represented by a sequence of feature vectors that can be 
modeled by various techniques  

Automatically classifying music by genre is a 
challenging problem considering that music is an evolving 
art [3]. In general, automatic classification approaches which 
solely depending on the low-level audio features may not be 
able to obtain satisfactory results. Therefore, we must find 
some novel approaches to solve this problem. Many social 
media applications like Del.ici.ous, and Last.fm provide 
features which allow users to assign tags to resources on the 
web. This emerging meta-data provides useful information 
which has been explored in many applications [4]. We also 
believe that the valuable information embedded in user-
supplied tags can be beneficial in automatic music genre 
classification. 

The framework of our multi-modal music genre 
classification approach is shown in Figure 1. For the given 
music, we extract its title and artist information from the ID3 
tags. For the music which doesn’t have ID3 tags, we will use 
the music fingerprint query system to get its title and artist 
information. As a result, the music database is divided into 
three sub-sets listed in figure 1. In our multimodal music 
genre classification approach, we will use the low-level 
audio features to classify the music in the first subset. For the 
second and the third subset, we investigate performing 
automatic music genre classification by taking advantage of 
available tag data. Two classification methods are proposed 
in this paper. 

The rest of this paper is structured as follows: Section 2 
give an overview of related work on automatic music genre 
classification, in Section 3 we give the description of the 
music dataset and the tag data crawled from Last.fm which 
we used in our experiments. Section 4 introduces the 
acoustic features used in our experiment and describes the 
detail process of the IBFFS algorithm, we continue with the 
description of the Latent Dirichlet Allocation (LDA) and the 
classification method based on the music-tag (Section 5). In 
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Section 6 we introduce the second approach which 
depending on the artist-tag. Finally, we will show the results 
of our experiments in Section 7.  

 

II. RELATED  WORK 
Although the automatic music genre classification is still 

unsolved entirely, many solutions have been proposed to 
improve classification performance. Tzanetakis and Cook [5] 
evaluate the musical genre classification task describing the 
audio signal through three feature sets related to timbre, 
rhythm and pitch of the song texture and using different 
statistical pattern recognition classifiers. For the feature 
selection, the traditional filter method and wrapper method 
are constantly integrating [6]. Meanwhile, a variety of novel 
search algorithms and evaluation criteria also be applied into 
the classification, such as the rough set algorithm [7], neural 
network pruning method [8]etc.  

Social tags have recently become popular as a means of 
annotating objects on the Web. Paper [9] studied the 
dynamics of tagging data and pointed out that the frequency 
distribution of the tag set follows the power law. In order to 
find about the musical mood representation, Cyril Laurier 
and Mohamed Sordo [10] analyze how does people tag 
music by mood, to create representations based on this data 
and to study the agreement between experts and a large 
community. 

In music genre classification, there are two 
complementary approaches when defining a set of genre 
labels: (i) the definition of a controlled vocabulary by a 
group of experts or musicologists, and (ii) the collaborative 
effort of a community (social tagging). Mohamed Sordo and 
Oscar Celma [11] have shown that the genres which defined 
both from the experts and the wisdom of crowds reach a high 
agreement between these two views. Ling Chen and  Phillip 
Wright [12] exploited the semantic information embedded in 
tags supplied by users in the music genre classification. 
Particularly, they consider the tag information by creating a 
graph of tracks so that tracks are neighbors if they are similar 
in terms of their associated tags. Some classification methods 
based on the track graph are developed. 

III. EXPERIMENT DATA 

A. Music Dataset 
Our music dataset includes eight musical genres: blues

classical country jazz pop electronic reggae and 
Rock. Each genre contains 1000 MP3 format tracks. These 
tracks are free downloaded from google and Last.fm 
according to the classic albums and classic tracks listed in 
the mp3.com website.. 

B. Tag Dataset 
Our tag dataset consists of two components: (i) music-tag 

and (ii) artist-tag. When the audio tracks are collected, we 
extracted the title and artist information from its ID3 tags. 
Next, we use the Last.fm website API (Track.getTopTags) to 
download the music-tags shown in Figure 2. 

 
Figure 2.  Music-tags for given music 

In the Last.fm website, each track has at most 100 tags 
and at least 1 tag. For our music dataset, a total of 34298 
distinct tags were collected. Considering the average number 
of tags per track, we can find that approximately 46% of the 
tags represent genre descriptions, while the rest of 54% tags 
describe some other kinds of information about music, 
including decades, instruments, moods, locations, personal 
impressions, artists, tempo etc. We also can use the Last.fm 
API (Artist.getTopTags) to download the artist-tags. 

IV. CLASSIFICATION  BASED ON AUDIO FEATURES 
The most common approach to genre classification of 

audio music signals is to divide the signal in short 
overlapping frames(generally 10-100ms with a 50% overlap), 
and some features, usually based on the spectral 
representation of the frame are extracted. After this process, 
each music signal is represented by a sequence of feature 
vectors that can be modeled by various techniques. The 
process of music genre classification based on the audio 
features is shown in Figure 3 

 
Figure 3.  Pocess of music genre classification based on the audio features 
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C. Audio Feature Extraction 
According to George Tzanetakis's work, the acoustic 

features most commonly used in genre classification include 
three categories: timbre, rhythm and pitch content.  The 
audio features used in our experiment are shown in Table 1. 

TABLE I.  ACOUSTIC FEATURES USED IN OUR EXPERIMENT 

Label Audio Feature Description 

1 Spectral Centroid  

2 Spectral Rolloff Point 
3 Spectral Flux 
4 Compactness  
5 Spectral Variability 

6 Root Mean Square  
7 Fraction Of Low Energy Windows  
8 Zero Crossings 
9 Strongest Beat  

10 Beat Sum  
11 Strength Of Strongest Beat 
12 Mel-Frequency Cepstral Coefficient  

13 Linear prediction Coefficient 
14 Method of Moments  

D. Audio Feature Selection 
In order to remove the irrelevant and redundant features, 

we propose a new feature selection algorithm called IBFFS 
(Interaction Based Forward Feature Selection). Assume that 
we extract n dimension features from the audio files, next we 
get the accuracy of the classification when we use the every 
combination of two features, and we construct a n*n 
dimensional symmetric matrix R to describe the result like 
figure 4. 

0.175 0.159 0.228 0.231 0.272 0.325 0.172 0.25 0.288 0.297
0.159 0.141 0.206 0.181 0.234 0.319 0.116 0.156 0.234 0.281
0.228 0.206 0.234 0.25 0.341 0.356 0.231 0.253 0.334 0.353
0.231 0.181 0.25 0.188 0.288 0.3 0.159 0.206 0.266 0.278
0.272 0.234 0.341 0.288 0.294 0.3 0.256 0.303 0.291 0.341
0.325 0.319 0.356 0.3 0.3 0.3 0.319 0.356 0.306 0.413
0.172 0.116 0.231 0.159 0.256 0.319 0.178 0.291 0.263 0.322
0.25 0.156 0.253 0.206 0.303 0.356 0.291 0.213 0.272 0.313
0.288 0.234 0.334 0.266 0.291 0.306 0.263 0.272 0.238 0.3
0.297 0.281 0.353 0.278 0.341 0.413 0.322 0.313 0.3 0.291

 

Figure 4.  n*n dimensional symmetric matrix R 

According to this matrix we can compute the correlation 
coefficient Eij for each combination of the two features. We 
define Eij=Rij/Rii-1, if Eij>0, namely Rij>Rii , that means the 
accuracy rate of the classification when we use the 
combination of feature fi and feature fj is higher than that 
when we only use the feature fi. So we can say that the 
feature fj have the promotion function with feature fi. On the 
contrary, if Eij<0 that means Rij<Rii , and the feature fj have 
the offset function with feature fi. Therefore, the correlation 
coefficient for two features reflects the mutual influence 
between them. 

 The detail steps of the IBFFS algorithm are described as 
follows: 

Step1:   Choose the top-M two features’ combination by 
which we can get the highest success rate of the 

classification and use these M combinations to construct the 
initial collection S 

Step2:   Add a new feature fj to the every combination in 
collection S, when the new feature fj is added, for every 
feature fi existing in the combination we compute the 
correlation coefficient Eij for fi and fj. For each combination 
we define C= ijE�  

Step3:  Choose the top-P combinations with the highest 
value of C to constitute the collection S’ 

Step4:   Use each combination in collection S’ to classify 
the music, choose the top-M combinations by which can get 
the highest success rate of the classification to construct the 
collection S’’. In here, if M> P*(n-1-loop) then M= P*(n-1-
loop). 

Step5:   Return to step1 until the number of the feature 
collection is n. 

V. CLASSIFICATION METHOD  BASED ON MUSIC-TAGS 
In this section, we propose a classification approach 

using the generative probabilistic model Latent Dirichlet 
Allocation (LDA) to analyze the music-tags. Then, we can 
compute the probability of every tag belonging to each music 
genre. Finally, we use this probability to multiply the music-
tag’s frequency and we can get the music’s probability 
belonging to each music genre.  

E. Latent Dirichlet Allocation (LDA) 
We describe atent Dirichlet Allocation (LDA) [13], a 

generative probabilistic model for collections of discrete data 
such as text corpora. LDA is a three-level hierarchical 
bayesian model, in which each item of a collection is 
modeled as a finite mixture over an underlying set of topics. 
Each topic is, in turn, modeled as an infinite mixture over an 
underlying set of topic probabilities. Therefore, the 
documents are represented as random mixtures over latent 
topics, where each topic is characterized by a distribution 
over words. The LDA model is represented as a probabilistic 
graphical model in Figure 5. 

Figure 5.  Graphical model representation of LDA. 

The probability model of LDA is shown as below: 

1

( , , | , ) ( | ) ( | ) ( | , )
N

n n n
n

p z w p p z p w zθ α β θ α θ β
=

= ∏ (1) 

Compute the marginal probabilities of formula (1):  

1 1

( | , ) ( | )( ( | ) ( | , ))
d

dn

NM

d dn d dn dn d
zd n

p D p p z p w z dα β θ α θ β θ
= =

= �∏ ∏�  
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In here, symbol D represents a corpus, M represents the 
total number of documents in corpus, and β   is a matrix, the 
elements in this matrix represent the probability of 
generating a word under the conditions of a special topics. 

F. Our Classification  Method  
In our method, the music-tags are analogous to the words 

in the document, and each track’s music-tag vector is 
analogous to the document in the corpus. The process of our 
classification method is shown in Figure 6. 

Figure 6.  The process of classification based on music-tags 

From Figure 6 we can see that, using LDA to model the 
music-tags is precisely the reverse process of generating the 
multi-topic document. By the continuous iteration of Gibbs 
sampling algorithm, we can get the matrix β , in other 
words, we get the probability of every music-tag belonging 
to each music genre, and we use  ( | )k jpr c t  to represent 
this probability. 

Now, the music genre classification approach based on 
the music-tags can be specified as follows. Let 

1 2{ , .... }nx x xχ =  be a set of music tracks, where each 

track ix  is associated with a set of music-tag ( )iT x . Let 

1 2{ , .... }kC c c c=  be a list of music genres such that 

ix χ∀ ∈ , the genre of ix  is ( )iC x C∈ . We will know 
the music’s genre through the following 
formula:

1
arg max [ ( , ) * ( | )]

k

t

k j i k jc j
c Freq t x pr c t

=

= �  

Where ( , )j iFreq t x  is the frequency that jt  was assigned 

to ix . 

VI. CLASSIFICATION METHOD BASED ON ARTIST-TAGS  
The quantity of music’s artist is far less than that of songs. 

That means we can crawl the artist-tag from Last.fm for 
every track much easier. So, in this part, we propose a novel 
classification method based on the artist-tags. The reason 
why we use the artist-tags to classify the music, not only 
because the quantity of artists is small, but another more 
important reason is that there is a closer correlation between 

the artists and music genres. This conclusion is obtained by 
some experiments. These experiments were performed using 
one important component of the jMIR: jWebMiner. A 
cultural feature extractor that extracts features from the web 
based on search engine co-occurrence page counts. In here, 
we choose the cross tabulation scoring function is S(a, b) = 
C(a, b)/C(a). From the results shown in Figure 7, we can see 
that, in comparison with songs, artists have a higher degree 
of correlation with the music genres. 

  

  
Figure 7.  Final Feature Scores 

According to the analysis of the information extracted 
from some professional music websites, such as 
allmusic.com and mp3.com etc, we establish the Genre - 
Artist Seed Database (GASD), the elements in the database 
are represented as a 3-tuple (artist, genre, tag vector). In our 
work, we choose 50 classic artists for every genre. For the 
given music, we can query it in the GASD based on the 
artist-tag. That means we extract its artist information from 
ID3 tag and get artist-tag vector from Last.fm, by computing 
cosine distance between the tag vectors we can find the most 
similar artist in GASD and thus determine which genre the 
given music belongs to. The problem is described as follows: 
Let 1 2{ , ...... }nA a a a=  be a set of artists, where each artist 

ia  is associated with a set of artist-tag ( )iT a . Let 

1 2{ , .... }kC c c c=  be a list of music genres such that 

ia A∀ ∈ , the genre of ia  is ( )iC a C∈ . Next, we give 
the complete set of tags associated with the given music’s 
artist and all artists in the GASD. 

{ | ( ) }j j i it t T a a AΓ = ∈ ∧ ∈ , we first compute a TFIDF-

like score for each tag jt  associated with a artist ia  as 
below[15]: 

| |( , ) ( , )*log
( , )

i

j i j i
j ia A

ATFIDF t a Freq t a
Occurs t a

∈

=
�

 

Where ( , )j iFreq t a  is the frequency that jt  was 

assigned to ia .  | |A is the number of all artists in the GASD, 

and ( , )j iOccurs t a is a boolean function returning 1 if jt  

is used to annotate artist ia  and 0 otherwise. After that, each 

artist ia  is associated with a vector '( )iT a , of length | |Γ . 

Each element of '( )iT a is the TFIDF value of a tag 
associated with the current artist. We define the similarity 
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between two artists ia  and ja  , denoted as ( , )i jSim a a ,as 
the cosine similarity of the two corresponding vectors 

'( ) '( )
( , )

|| '( ) |||| '( ) ||
i j

i j
i j

T a T a
Sim a a

T a T a
•

=  

When we find the most similar artist in GASD for the 
given music’s artist, we can use its genre to determine which 
genre the given music belongs to. The most important feature 
of GASD is self-growth. That is to say, if we get correct 
feedback at the end of the classification, we can add this 
artist to GASD. 

VII. EVALUATION 
In order to evaluate the performance of our multimodal 

music genre classification approach, we first do some 
experiments to classify music by genre only using audio 
content or social tags. We choose the Support Vector 
Machine (SVM) as our classifier. 

In the experiment, we conduct three cross validation. The 
accuracy values are shown in Table 2, compared with the 
audio-content based approaches and tag-based approaches, 
the results show again that our multimodal music genre 
classification approach is beneficial in improving the 
performance of music genre classification. 

TABLE II.  ACCURACY OF DIFFERENT APPROACHES 

 
Audio Feature 65.79% 62.89% 64.09% 64.26% 

Social Tags 75.99% 76.74% 74.84% 75.86% 
Multimodal 
Approach 84.35% 85.39 % 84.91% 84.88%

 
Similarly, for each genre, Figure 8 tells us that our 

multimodal classification approach also showed good 
performance. 

 
Figure 8.  Comparison With Different Methods 
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