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Abstract

In this research work automatic tagging of songs using machine learning has been
performed so that searching could be made effective while selecting songs. The goal of
this research paper is to propose a system that will automatically recognize the genre of
the tracks and tag them respectively by using different parameters obtained by acoustic
analysis. The research work utilizes different combinations of algorithms and music
parameters to accurately classify tracks into genres.
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1. Introduction

People have different taste in music and different people like to listen different genres
(so called tags like rock, metal, folk, jazz etc) of music. So, there is a need that the songs
must be classified in accordance with the tags that they represent which would be
beneficial for both listener and music companies (for organizing music in a better way).
Thus, songs must have searchable tags so that it could be easily recognizable. These types
of tags are called metadata.

Tags can be assigned to tracks in three general ways:

o Group of experts manually tagging the tracks. This is very time consuming but

accurate.

e Users doing this manually will make the result inconsistent as different people

have different perception and feeling about same genre.

e Automatic Tagging by using the data obtained from acoustic analysis

The goal of this research paper is to propose a system that will automatically recognize
the genre of the tracks and tagging them respectively by using the different parameters
obtained by acoustic analysis. The research work utilizes different combinations of
algorithms and music parameters to accurately classify tracks into genres.

2. Related Work

Many studies have been made in the past related to automatic tagging and authors have
used different combinations of algorithms and acoustic parameters to achieve results with
different accuracies. Both low level features and high level symbolic features can be used
to accomplish genre classification [1]. Low level features describes the characteristic of
audio signal and establish how a human ears perceives the music while the high level
features estimates the musical elements such as pitch and tempo. Low level features
generally include Mel Frequency Cepstral Coefficients (MFCC). Each MFCC is a set of
coefficients describing a segment of audio sample typically less than one second. MFCC
is therefore used in many tagging application and also speech recognition systems.
Multiple MFCCs are also used to represent a whole track. High level features generally
include pitch and loudness [2-3].
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Salamon et al. published a research work in 2012, where a comparison between high-
level and low-level features and a combination of those were evaluated. The pitch, the
vibrato and their duration were used as high-level features, and the MFCC was used as a
low-level feature. The algorithms used were, Support Vector Machine (SVM), Random
Forest (RF), K-Nearest Neighbours (KNN) and Bayesian Network (BN) [4].

Liang et al., in his research work used different combinations of features available in
MSD, including timbre (which is unique for MSD), tempo, loudness and a bag- of-word
feature (derived from the lyrics) [5]. The accuracy seemed to be also dependent on the
size of dataset used. The accuracy obtained by those who used the full dataset was more
than those who used the subset. In summary, all of the above mentioned studies used quite
similar approaches, i.e. all used the MFCC feature, except for Liang et al. which used the
corresponding timbre feature from MSD, to base the classification upon.

All studies used the supervised machine learning for classification into different tracks.
Most of the studies used MFCC as the low level feature and additional high level features
as pitch, loudness, key, etc. were used to improve the result. There are several research
work available in which music files are used to classify the emotions on the basis of
various low level and high level features [6-7].

3. Proposed Methodology
Figure 1 represents the steps of proposed methodology.
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Figure 1. Proposed Methodology

3.1 Bringing Data to Proper Format

The data which was in hdf5 format is converted to csv format which accounts to
approximate 2 GB which is then converted to approx 60 GB csv data with the help of
python code (open source code given by Infobright Inc. [8]). The python code converts
each single file/track to csv and appends all the files in same csv. The final obtained csv
file has about 427 fields.

3.2 Data Cleansing

Preprocessing is an important step while dealing with large set of data having multiple
features [9]. The csv file obtained after conversion is sent to the java codes for further
processing. The current file has 427 fields and is converted to a csv file with 18 fields. A
lot of challenges were faced during the conversion. For example, the address field had
comma itself in the csv file comma separated file so processing and finding this error was
a big menace. Firstly we removed unnecessary fields such as section start, similar artist,
song id, release7digitalid etc. from this dataset. Then we had Boolean fields for genre's so
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we had to convert those to a single field. After all of this conversion, we got a single csv
file with 18 fields. The shapshots of the work are given in subsequent sections.

3.3 Automatic Tagging Using Machine Learning Algorithms

For each track there is a set of metadata such as the name of artist, title of the track,
recording year and the acoustic features (pitch, timber, loudness). The metadata of each
track contains the possible list of genres that track can relate as an estimation of genres
connected to each track and here highest frequency range can be used for the same. So we
have 9 major genre classifications as indicated below:

i. Rock

ii. Pop

iii.  Electronics Dance Music
iv. Jazz
v.  Vocals
vi.  Hip-hop
vii.  Folk
viii.  Instrumental
ix.  Soul

We will classify each track into these 9 classes and hence generate test data. There are
different parameters which differ from the different genres of the songs such as tempo,
timber, pitch, beat so we can use the different combination of these to teach our learning
machine to differentiate between genres. Here are some chosen combinations of the data.

e Mean of Timbre and Standard Deviation of Timbre.

e Mean of Pitch and Standard Deviation of Pitch.

e Mean of Timbre, Standard Deviation of Timbre, Tempo, Key, Loudness

e Mean of Pitch and Standard Deviation of Pitch, Mean of Timbre and Standard

Deviation of Timbre, Tempo, Key, Loudness
e Mean and standard deviation of Timbre, Pitch and Tempo, Key, Key confidence,
Loudness, Mode

e Tempo, Key, Loudness

The prediction of which algorithm to use in accurate prediction of the result is rather
difficult. Hence a set of classification algorithms are chosen. We apply these algorithms
on our dataset and the most accurate one will be used to predict the final result. The
selected algorithms are as follows:

3.3.1 Bayesian Networks

Bayesian networks are graphical representation of probabilistic relationship between
random events. Each node in the graphical model is a random variable and all nodes are
conditionally independent except those which share an edge between them, i.e. each node
is conditionally dependent only on its parent nodes. The Bayesian networks are directed
graphs. Learning through Bayesian network is based on some prior knowledge of the
events. They are generally used for probabilistic inference of events. More generally
bayes rule is applied to find the probability at each node keeping the independence of
random variables in mind. They can also be used for classification. The probability
obtained at the output states with respect to certain threshold value determines the class of
input [10-11].

3.3.2 Random Forests

Random Forest is based on ensemble learning. It uses random decision forests for
classification. There is a set of features whose subset is randomly chosen again and again
for generating different decision trees. This brings randomness in the decision making
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process. Also while selecting each node we introduce randomness in selecting the nodes.
It is also effective in removing noisy input as it uses a subset of features and thus it does
contains some decision trees which do not contain the noisy elements. The results from all
the decision trees decide the final classification [12].

3.3.3 K-Nearest Neighbors

It is the simplest classification algorithm which stores all the available cases and
predicts the class for a new item based on the similarity measure. One way to find the
similarities of a new item by taking the votes of the nearest neighbors. There are many
nearest neighbors possible but we can fix their number up to k i.e. we will consider the
neighbors with the first k distances only. For the calculation of the nearest neighbors
various distance measures can be taken into account for example Euclidean distance,
Manhattan distance or Minkowski distance. The new item is said to belong to the class
which resembles most of the neighbors. In case of a tie any class can be chosen [13].

3.3.4 Support Vector Machine

Support Vector Machine is the supervised learning algorithm that takes labeled
training data as input and produces an optimal hyper plane which can categories the new
item. According to the SVM theory it tries to find out the largest minimum distance
among the training examples. The linear and non-linear classifiers are used for the
classification of the data [14-15].

3.4 Experimental Analysis

3.4.1 Dataset Description

The dataset used in this project is The Million Song Dataset (MSD) [16]. This set
contains a large amount of pre analyzed tracks. MSD contains 1,000,000 tracks by 44,745
unique artists and the subset contains 10,000 tracks by 3,888 unique artists. For current
analysis we are using the subset which contains 10,000 tracks of Size of 2 GB in hdf5
format. It has been be provided by The Echo Nest [17] and LabROSA [18]. Each song
represents an hdf5 file with approximately 50 fields. This shows the view of single track
in hdf5 format.

The fields are divided in following three parts

e Analysis: It contains data about the individual track.

e Metadata: It contains metadata about the track.

e Musicbrainz: Additional information provided by Musicbrainz Company.

132 Copyright © 2016 SERSC



International Journal of Database Theory and Application
Vol.9, No.5 (2016)

TRAAAAW128F429D538.h5
¢ @ analysis
§ bars_confidence

seconds a

energy from lis;

§ bars_start

confidence measure

§ beats_confidence
album name
j beats_start

j§ sections_confidence
B sections_start

d segments_confidence

time of max d8 value, |.e. end of attack

d segments_loudness_max

§ segments_loudness_max_time

§ segments_loudness_start

MFCC+PCA-like]

s (sim. algo. unpublished)

d segments_pitches

§ segments_start
HY segments_timbre
E% songs

j tatums_confidence

§ tatums_start
o- C4 metadata

o 4 |musicbrainz

Figure 2. Track Information in Hdfview and Related Fields

song release year from MusicBrainz or 0

3.4.2 Tools and Languages Used
Following tools have been used in this research work:

Scikit Learn

It is an open source machine learning, data mining and data analysis library for python.
It is build over NumPy, SciPy and matplotlib library of python. It has algorithms from all
domains of machine learning like regression, classification, clustering, dimensionality
reduction etc. The algorithms are general and easy to use.

HdfViewer

It is a great tool for visualizing and editing HDF5 and HDF4 format files. The viewer
helps in viewing the file hierarchy in tree structure, create new files, add or delete groups
and datasets, add and delete and modify the attributes and to view and modify the content
of dataset. This HDF (Hierarchical Data Format) format results in high compression of
data [19].

Matplotlib

It is a library in python used for plotting and producing quality figures. The plot
generated can be saved in a variety of formats. Pyplot provides an interface to the
matplotlib library and has functions which have close resemblances to that of MATLAB.

Anaconda

Anaconda is completely free python distribution. It includes various popular python
packages for science, math, engineering and data analysis. It contains more than 400
packages. The name of some important packages are NumPy, Pandas, SciPy, Matplotlib
and many more. Anaconda is available for Linux, Windows and OS X and is free and
open source.
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LaTeX

LaTeX is superb tool for creating scientific and technical documents. It has several
features which include defining project, including chapters, add new section, typesetting
of complex mathematical functions. Also the bibliography, references and index are
automatically generated. Following languages has been used in this research work.

Python

Python is a high level, general purpose and dynamic programming language. It
supports multiple programming paradigms including object-oriented, imperative,
functional and procedural. The language is available for the various operating systems. It
is free and open source and has a community based development model. Using third party
tools such as Py2exe or Pyinstaller python code can be packaged into standalone
executable programs.

Java

It is high level programming language which is concurrent, class based and object
oriented. It promotes the idea of write once, run anywhere (WORA) methodology. Java
applications are compiled to bytecode that can run on any JVM (Java Virtual Machine)
regardless of the architecture of the computer. The language derives much of its syntax
from C and C++.

3.4.3 Snapshots of the Experimental Analysis

@ 0@ r“complete.csv (172.20.33.208 ~/NetBeansProjects /datas<) - gedit
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Figure 3. Complete Dataset in Gedit
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5 Aubade D'0lseau, André
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Koblalka,404, 21832000000001, 22050 ,ARZIEIZ11ETFE43FTC,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,6,0,0,0,0,0,0,0,0,0,0,0,0,1,0,0,0,0,0,0,6,0,0,0,1,0,0,0,
BNatty Dread Up Town,The Twinkle
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Again,R.E.M., 163, 6134200000000, 22050, ARRGLWI118TFB44CER,0,0,0,1,0,0,0,0,8,0,0,0,0,0,0,8,0,0,0,0,0,0,0,0,1,0,8,0,8,0,0,0,0,0,1,8,0,0,0,0,0,0,0,0,8,
18 Just An EXD(ESS'\BH Bruce Katz
Band, 209, asrsmaaeawm zzosa L ARNFREA1187FRACCTS,0,0,0,1,0,0,0,0,0,0,0,0,0,0,6,0,0,0,0,0,1,0,0,0,0,0,0,0,0,0,0,0,6,0,0,0,0,0,0,0,0,0,0,0,0,1,0,0,8,
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Groove, Madonna, 285 . 69594999999998 , 22050 ,ARBEOHF1187AS6E44D,6,0,6,0,0,1,0,8,1,0,0,0,6,1,8,0,8,0,0,0,0,0,0,0,1,8,0,8,0,0,0,0,0,0,8,0,8,0,0,0,8,1,0,8,
13 The Gal I Love,Washboard
Sam,165.067295999599995, 22050, ARB4AQE11B7EIADSC ,0,8,0,1,0,0,0,0,0,1,6,0,0,1,0,0,0,0,0,8,1,8,0,0,0,0,0,0,0,0,0,0,0,0,0,8,0,0,0,0,0,0,0,0,0,0,8,0,0,0
14 adies_ Mi Corazon,Herb Alpert And The Tijuana
Brass,163.94404,22058,ARIUNZD1187B5A50E,0,0,0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,6,0,8,1,0,0,0,0,0,0,0,0,1,8,0,8,0,0,0,0,0,0,8,0,8,0,0,0,8,1,0,8,
15 Tempestad, Ray
sandoval,415.99955, 22050, ARYHTAK11F50C4A2F8,0,8,0,1,0,0,0,0,0,0,0,0,8,0,0,0,0,0,0,0,0,8,0,8,0,8,0,0,0,0,0,0,0,0,0,0,0,1,0,0,0,0,0,1,0,0,0,0,8,0,0,1
16 Russton Easter Festival_ Overture_ 0p.3o,Gateborgs Synfoniker J heene
Jarvi,504.30281000000002 zzeseanmLzsucst&asoaaeeeee,e,aee ©,0,8,0,8,1,8,0,0,0,0,0,0,8,1,6,0,8,1,0,0,0,0,0,8,0,8,0,8,0,0,0,0,8,0,8,0
17 ¥ou Can't Deep Freeze a Red Hot Mama,So
1u<ker,154‘74393.zzeia.m::mruansaw:s‘e.a.e.i‘o,a.a,e,e.e.a.e.e.a,n.e,n.a.a.e‘1.a.e,e‘e,a.a,e.e.e.e.e.e.a,n.u,n.a.a.e‘e.a.a,a‘e,a.s,e.e.e.i.e.e
18 Dhol

PlainText = Tab

Figure 4. Cleaned Data

~fanaconda/Finaloutput1.csv - Sublime Text (UNREGISTERED) o B D

|"t1t1e","arust",“duratxon","sample rate","artist id","danceability","energy","key","key confidence
", "loudness", "mode", "tempo", "year","pitch avg","pitch stddev","timbre avg","timbre stddev","genre"
Down Home, Nick Ingman 179. 43465 22050, ARI2JSK1187FB496EF,0.0, G 0,11,
0.151, -9.1460000000000008,1,171.381,1973,0.3761734104046243,0.2825708383741707,0.3761734104046243,
0.2825708383741707, soul
5 4 3 2 1,Rob Mullins,242.07628,22050,ARVVSIC1187FB3A637,0.0,0.0,10,
0.48299999999999998, -12.688000000000001, 1,236 .26300000000001,0,0.4089456554647292,
0.27111332904105157,0.4089456554647292,0.27111332904105157, jazz
Stay Loose,Belle & Sebastian,401.8673,22050,AR8BUVM1187FB4D94D,0.60,0.0,0,
0.50800000000000001, -7.9160000000000004, 0,383.303,2003,0.33393344560878263,0.27646954801874135,
0.33393344560878263,0.27646954801874135, pop
Whatever It Took,X-Raided,210.76321999999999,22650,AR32JLC1187B9946AF,0.0,0.0,6,
0.11899999999999999, -3.1030000000000002,0,210.763,0,0.4216424501424502, 0. 2834281030279903,
0.4216d24501424502,0.283&281@30279903,]azz
Aubade D'0Oiseau,André Verchuren,166.26077000000001,22050,ARD7U601187FB5531A,0.60,0.0,7,
0.61799999999999999, -10.307,1,156.05600000000001,0,0.3437492072929052,0.2761109901638941,

sublime Text 3437492072929052,0.2761109901638941, jazz
No Return (Album Version),Fastball,248.92035999999999,22050,AR1RNC]1187FB3D227,0.6,0.0,1,
0.95899999999999996, -12.555,1,235.52000000000001,0,0.25715047233468297 ,0.25236922446534665,
0.25715047233468297, 0.25236922446534665, pop
Singing The Night,Daniel Kobialka,404.21832000000001,22050,ARZ3E3Z1187FB43F7C,0.0,0.0,2,
0.53100000000000003, -14.768000000000001,1,391.488,0,0.23720167652859972,0.2271937062010726,
0.23720167652859972,0.2271937062010726, instrumental
Natty Dread Up Town,The Twinkle Brothers,198.37342000000001,22050,ARCYQ1P1187FB3F3CA,0.0,0.0,1,
0.28399999999999997, -16.154,0,188.56299999999999,0,0.3727588996763753, 0.3033289980942508,
0.3727588996763753,0.3033289980942508, electronics dance music
There She Goes Again,R.E.M.,163.81342000000001,22050,ARR6LWI1187FB44C88B,0.0,0.0,9,
0.27100000000000002, -5.7750000000000004,1,163.81299999999999, 1983, 0.37697283176593527,
0.24371237524655998,0.37697283176593527, 0.24371237524655998, pop
Just An Expression,Bruce Katz Band,209.05751000000001,22050,ARXPR8A1187FB4C(78,0.6,0.0,0,

Line 1, Column 1 Sz Plain Text

Figure 5. Reduced Data with Required Features

Finoutput11.csv (172.20.33.208 ~/NetBeansProjects/datasc) - gedit

] unda

a a\ternanvc -=1879
olk sea

15 singer_songwriter
20 easy_Listening-

25 techno- - - =7
26 baareaturesad

33 guiter---
34 new_wave-
35 female_vocalist:--

PlainText ~  Tab Width: & = L1, col1 INS

Figure 6. Frequency of Songs Obtained with Java Code
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3.4.4 Assigning Single Tag to Multi Tags

We had 133 tags available from the dataset given by Million Song Dataset which was
converted to 9 later as tags were overlapping.

~/NetBeansProjects/datase/singlelabel1.txt - Sublime Text (UNRECISTERED)

rxxxrrereeeersrrxx2GINGLE LABEL
CLASSIFICATION# ## x5 sa bbbk ssansdhbanssssbsssssn

rock ----> pop_rock,punk, rock, hardcore,metal,progressive,alternative,indie,industrial,
glam,thrash_core,screamo,melbourne

pop new _wave,pop,latin,latin pop,easy listening,avant garde,british invasion,
britpop,grunge, freakbeat, san francisco bay area,united states,comedy

electronics dance mu > dubstep, trance, fre yle,techno,8bit,electronic,dj,
break beat,ghetto tech,turnablism, jungle music, remix

jazz ----> jazz,big band,swing,bossa nova,ska,rare grove,fusion,parlophone, humppa,
accordion,blues,urban,american,spiritual, rhythm and blues

vocals -- male vocalist, female vocalist,singer songwriter

hip hop > hip hop, reggae,disco, trip hop,eurodance, rapcore, rap,brazilian

folk ----> bluegrass,tejano,mariachi,celtic,country, ranchera,chinese,experimental,folk
portuguese, japanese, swedish,dutch, spanish, cowboy,christmas music,world,greek,chanson,
swiss,patriotic,mexican,canadian, french,german,ethnic,bhangra,gaita

instrumental ----> ragtime,soundtrack,orchestra,new age,christian,concerto,guitar,
italian,ambient,instrumental,tropical,piano,ost,marimba, musette,tango,cumbia,mambo,
salsa,dance,merengue,polka,waltz, house, soukous, flamenco,africa

soul ----> soul,baafeaturesad,opera,oldies,karaokee,gospel,classical,choral_music,
romantic, religious, spoken word, funk,meditation,cajun

Figure 7. Single Label Classification

3.4.5 Automatic Tagging Using Classification Algorithm

We fed external song to the Echonest APl which returned the desired features for the
machine learning algorithms to run on. The results obtained are given below:-

Source | History @ B- - @ W B0 P AV 6 H &
as double inaltimbr 6.0
a5 int numberofseg c
a7
a8 t k .waitForAnal
89 if track.getStatu
a0
a1 int ii fi
92 pw.print(
93 pw.print(
94 pw.print(
a5 pw.print(
96 pw.print(
97 pw.print(tr L ) * )
a8 pw.print(tra nergyl) « ) :
a9 pw.print(tr y() = B
100 TrackAnal track.getAnalysis() ;
101 pw.print( nfidence() = )
102 pw.print( ' :
103 pw.print(tr )+
= | @ com echonest apiva examples TrackAnslysisExample » @ man » For (nrl-« tOfF lles lenger
— w it - JEN (run) x| Java Call Hierarch
[
-javaagent : /usr/share/java/jayatanasg.ia
2 o)
) e o file
e e 3

~/NetBeansProjects/JEN-master/testsong.csv - Sublime Text (UNREGISTERED) o=num@m

“title","artist"," = e
y_confidence”, "loudness”, "mode", "tempo","year"”, "pitch_avg","pitch_stddev”,"timbre avg
“timbre stddev"

duration”,"sample rate”,"artist id", “danceability"”, "energy", "k

0.796,-7.804,1,92.357,0,0.3893615670183665,

‘,) ACDC - Back In Black,AC/DC,254.51102,0,null,0.4285372226937451,0.663687376112731,9,
é 0.6639556826009526,13.567303341148893,36.89688970487811

Figure 9. Output Obtained from the API

136 Copyright © 2016 SERSC



International Journal of Database Theory and Application
Vol.9, No.5 (2016)

algerithnss

-Inspiron-N5818:-anacondafalgorithms$ l

Figure 10. Tag Obtained for the Given Song

(215

3.4.5 Results of Classification Algorithms Used for Automatic Tagging

318PM 4

Algorithms Combination of features Accuracy
KNN Mean of Timbre and Standard Deviation of Timbre 33%

Mean of Pitch and Standard Deviation of Pitch 28%

Mean of timbre, Standard Deviation of Timbre, tempo, 36%

key, loudness

Mean of Pitch and Standard Deviation of Pitch, Mean of 35%

Timbre and Standard Deviation of Timbre, tempo, key,

loudness

Mean and standard deviation of Timbre, Pitch and tempo, | 38%

key confidence, loudness, mode

Tempo, key, loudness 28.58%
Naive Bayes Mean of Timbre and Standard Deviation of Timbre 40%

Mean of Pitch and Standard Deviation of Pitch 42%

Mean of timbre, Standard Deviation of Timbre, tempo, 44%

key, loudness

Mean of Pitch and Standard Deviation of Pitch, Mean of 42%

Timbre and Standard Deviation of Timbre, tempo, key,

loudness

Mean and standard deviation of Timbre, Pitch and tempo, | 47%

key, key confidence, loudness, mode

Tempo, key, loudness 37%
Algorithms Combination of features Accuracy
Random Mean of Timbre and Standard Deviation of Timbre 42%
Forest Mean of Pitch and Standard Deviation of Pitch 40%

Mean of timbre, Standard Deviation of Timbre, tempo, 43%

key, loudness

Mean of Pitch and Standard Deviation of Pitch, Mean of 44%

Timbre and Standard Deviation of Timbre, tempo, key,

loudness

Mean and standard deviation of Timbre, Pitch and tempo, | 46%

key, key confidence, loudness, mode

Tempo, key, loudness 39%
Support Mean of Timbre and Standard Deviation of Timbre 44%
Vector Mean of Pitch and Standard Deviation of Pitch 41%
Machine Mean of timbre, Standard Deviation of Timbre, tempo, 45%

key, loudness

Mean of Pitch and Standard Deviation of Pitch, Mean of 46%

Timbre and Standard Deviation of Timbre, tempo, key,

loudness

Mean and standard deviation of Timbre, Pitch and tempo, | 48%

key, key confidence, loudness, mode

Tempo, key, loudness 35%
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Table 1. Comparison of Machine Learning Algorithms Used

No. | k-NN | Naive Baiyes Random Forest SVM
1. 33.0 |40.0 42.0 44.0
2. 28.0 | 42.0 40.0 41.0
3. 36.0 |44.0 43.0 45.0
4. 350 |42.0 44.0 46.0
5. 38.0 [47.0 46.0 43.0
6. 28.58 | 37.0 39.0 35.0

3.4.6 Data Visualization

The entire aim of the project is to enable automatic genre tagging of music from varied
sources. Interactive Visualization of the analyzed data is extremely important to foster the
Dialogue between the data analysts and decision makers at all levels (users, music
industry etc.).

i. It enables them to grasp analytical results presented visually and relevance among
the millions of variables, communicated concepts and hypotheses to others, and
even predict the future.

ii. It help you understand trends, patterns, and to make correlations.

For Data Visualization, we have used the matplotLib package and seaborn library of

python.

. rock
W electronics dance music
- pop
- jazz
vocals
hip hop
- folk
instrumental
soul

025

0.20

Timbre Standard Deviation

015

01 02 03 04 05 0.6 07 08 09
Timbre Average

Figure 12. Song Distribution Based on Timbre Average and Standard
Deviation
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2000
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rock pop electronics jazz vocals hip hop folk instrumental soul
dance
music

Figure 13: Genre vs. Frequency of Tags
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4. Conclusion

In present research work, we were able to predict and assign the tags to the songs with
maximum accuracy of 48 percent using Support Vector Machines with feature
combination as mean and standard deviation of Timbre, Pitch and tempo, key, confidence,
loudness and mode. There are various research works available in which the same million
song dataset has been classified and we found the maximum accuracy achieved for
classification was 51 percent. In present research work, although the accuracy obtained is
less but with more number of class labels as tags. Previous research was based on 6 class
labels as tags but we successfully extended the class labels up to 9 genres for better
classification of songs with slightly less efficiency. We were not able to compromise on
the number of tags to generate irrelevant result and to get higher accuracy.
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