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Abstract

Classification of classical melodic structures by style, composer, genre, period, etc., is a

rather complex task. The level of difficulty varies across melodic frameworks. It would be

interesting to see how we can impart this ability to a machine. In this work, the problem

of music classification is taken into consideration with special emphasis on the Raga

classification. The challenges and obstacles in creating an automatic music classification

system are acknowledged and studied. A new approach for clustering melodies in audio

music collections of both western as well as Indian background and its application to

genre classification. A simple yet effective new classification technique Mean Centered

Clustering (MCC) is discussed. The proposed technique maximizes the distance between

different clusters and reduces the spread of data in individual clusters. The use of MCC

as a preprocessing technique for conventional classifiers like Artificial Neural Network

(ANN) and Support Vector Machine (SVM) is also demonstrated. It is observed that the

MCC based classifier outperforms the classifiers based on conventional techniques such

as Principal Component Analysis (PCA) and Discrete Cosine Transform (DCT).

Subsequently, this dissertation reports an improved pattern matching technique for com-

poser and raga classification using a fuzzy analytical hierarchy process-based approach.

The technique makes use of class-specific patterns extracted from a pattern discovery

technique known as Structure Induction Algorithm for r superdiagonals and compactness

trawler. Further, to represent inexact matches a modified matching technique is proposed

to assign weights to the exact matching scores in a probabilistic manner. Subsequently,

the weighted scores are fuzzified to quantify the extent of match. Finally, the fuzzy scores

are aggregated and classified on the basis of minimum Euclidean distance from an ideal

solution in the pattern space.

Finally, the problem of classification of music structures by using different distributions

is taken into consideration. Different popular probability distributions are taken into

consideration for this task. The processing is done in both the time as well as frequency

domain. MFCC coefficients are used as a basis to apply distribution estimation.
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Chapter 1

Introduction

Music is what binds us together. Musical creations and performances are often complex

and sophisticated and so is their processing and analysis. Recent innovations in informa-

tion technology and especially digital signal processing have brought about tremendous

changes in the way music content is used and accessed. Thus, computational musicology

is a vibrant field aiming to surmount innumerable challenges [1]. Identification of individ-

ual melodic structures poses a plethora of challenges since there is inherent subjectivity

in the way humans classify musical signals. Every musical phrase possesses some unique

features which help humans distinguish one piece from another. These features hold in

them the complete essence of both behavioral as well as signal-based properties of music

[1, 2].

Music analysis is an emerging field of research in the signal processing community having

a lot of exciting applications and challenging problems. Music is considered to be a so-

phisticated form of the audio signal which is precisely constructed using tones. Extracting

the relevant information requires the application of different kinds of specialized methods

involving music-specific characteristics e.g. harmony, rhythm, pitches, and instrumenta-

tion [1]. Music analysis opens avenues for a deep understanding of the composition and

structure of music. This is essential to gain an insight into how humans perceive and

enjoy music [3]. Classification of musical renditions into groups characterized through

subjective human perception is an important step towards this. Music can be classified

based on different parameters. Genre-based classification is one of the most popular one

out of these and is extremely helpful in the task of Music Information Retrieval (MIR)

[3]. Traditionally, expert listeners have done the job of classifying a musical rendition

into genres and melodic frameworks. However, due to ever-increasing volume of the music

data and advancements in signal processing machine based systems are employed for this

task [2]. The classification based on the genre is a subjective and somewhat arbitrary

one but a deeper insight into this process reveals that this process is based on types of

instrumentation, texture and rhythmic structure of music. Similarly, renditions can be

analyzed for identifying their belongingness to a particular framework. However, con-

ducting research using unaltered versions of familiar melodies is complicated because the

multilayered, interactive structure of music provides a wide range of musical features that
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could contribute to identification [4].

Raga in Indian classical music relates to the concept of melody. The term raga has a

unique definition and this has little to do with the western concepts of tones and scales.

A raga primarily prescribes the way a set of notes are to be inflected and ordered. In

other words, raga is a melodic framework for improvisation during rendition considered

in the Indian tradition to have the ability to affect the emotions of the audience [3]. A

raga is characterized by a set of notes (at least five) and a set of ruler for the musician

within which they are allowed to improve by recording and embellishing them. Indian

musical tradition regards raga as a means to evoke certain emotions in an audience. The

literal meaning of raga is colours, since its rendition is believed to colour the mind with

a particular class of emotions. Longer the set of characteristic notes for a raga, more the

scope of improvisation in it which in turn mean identification of the raga being played

by a novice listener become more difficult.

Ganguli et. al. [5] proposed different methods for optimizing parameter settings for

the subsequent string matching algorithm for Indian classical music. The task of raga

music segmentation focusing on the preprocessing phase is discussed in [6]. In this study,

the RapidMiner tool is used for the classification purpose and Jaudio is used for feature

extraction in [6]. Authors in [7] depict a raga identification system using the Arohana-

avarohana patterns. These patterns are identified by converting the given audio file into a

sequence of notes. A novel data augmentation technique for Indian classical music based

on the relative position of notes is presented in [8]. A convolutional neural network based

approach is used for making a Raga classification system in [8].

This thesis is an effort towards the development of a robust and general purpose clas-

sifier for identification of raga in particular. Motivated by the need for an online music

teacher for training novices in Indian music, this work exemplifies limited success in the

improvement of pattern matching schemes for raga classification. In addition to it, the

same techniques have been tested and validated a western music data for the purpose of

composer classification. The results obtained underscore the universality of music as well

as mathematics.

1.1 Concept of Music in different Cultures

The rapid advancement of internet technologies has made it easy for music listeners to

access any type of music data online, including a huge amount of lyrics, music files,

etc. In the 21st century, the music artists are promoted through different websites which

are managed by their record companies, by themselves or by their fans. This makes
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essential to hold and tag music data. For the task of music classification, conferences like

ACM International Conference on Multimedia Retrieval (ICMR), Audio Technologies

for Music and Media (ATMM), International Society of Music Information Retrieval

(ISMIR) and many more have worked on the advancement of music information retrieval

(MIR). Although a large number of research projects and literature addressed the music

information retrieval (MIR) over the past three decades, this topic is still highly popular

among researchers [9–11].

However, most of the cultures around the world have their own way to classify music;

how music is perceived varies from one culture to another. Each culture and race has its

own history of music development over time. The history of Western music is primarily

rooted in Greek and Roman antiquity, though music existed in virtually every culture

long before this.

Western music refers to the traditions and melodic structures related to European culture.

Therefore, music created in Europe, societies established by Europeans and the United

States majorly contribute to western music. This results in very rich and diversified

genres of music like jazz, country-western, hip-hop, blues, etc. [12]. Similar frameworks

exist in Indian classical music. Music in Indian culture has existed for centuries. It is

thought of as the first musical culture but the works on MIR in case of Indian classical

music is rather limited.

Each genre in Indian classical music is considered to have its own well-defined structure

and boundaries. Due to the enormous musical types and freedom of variations in them,

the task of MIR and specifically, music classification is a challenging problem in this case.

The difficulty is more amplified due to the fact that it is harder to differentiate if two

singers are performing the same raga.

The raga is a remarkable and central feature of Indian classical music. Each raga is an

array of melodic structures with musical motifs called the pakad or catch phase. This

catch phrase is composed of at least five notes, and each raga has a distinct catch phrase.

The musician can ofcause improvise while using the catch phrase in a melody based on

particular raga. For instance, the motif or catch phrase for raga Yaman is [13]:

C D E F# G A B C

The definition of notes in Indian music requires the interpretations to be made based

on the pattern of notes rather than individual notes [14]. The key difference between

western and Indian musical system is that the western system is defined by twelve tones

at equal intervals [15]. In Indian classical music, each class, traditionally known as raga,

is based on pre-defined set of rules. Due to the large number of available variations in
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ragas and their types, automatic raga classification a tedious task. The reason behind

this is that in Indian classical music, a lot of freedom is available with the artist. Due

to this, large variations arise in performances of same music piece sung by different

performers. Another key challenge is the fact that notes in Indian classical music are

defined relatively. This motivated us to move away from directly trying to identify notes

as features and conceptualize various features based on notes and their structural form.

Typically the following features of musical signal are most commonly used in Music

Information Retrieval.

1.2 Features of musical signals

Different features of musical signals are as follows [16]:

� Pitch: Pitch is a perceptual feature related to the frequency of a signal. The higher

frequencies lead to the perception of a higher pitch [17].

� Timbre: It is the quality of the music signal that results in the differentiation of

voices or musical instruments sounds from each other.

� Rhythm: Defines the repeating events in a musical piece. These events can be

predicted by using energy, pitch and spectrum of data.

� Tempo induction: It measures the beats/minute and the interval between the beats.

� Energy: Energy defines the amount of signal present in a musical piece at a given

time. It is calculated by taking a particular window of the signal (depending on

the time of observation) and averaging the square of amplitude of the signal in that

period. It is a very useful measure to distinguish between speech and music.

� Beat tracking: Beat is extracted from a musical piece using beat tracking. The

beat histogram is generally used for this task.

� Fundamental frequency: It is defined as the minimum frequency at which the signal

repeats itself. The periodicity of signal can be determined by using the fundamental

frequency of signal.

� Spectral features: Fourier transform is commonly used to calculate the spectral

features of a signal. a more efficient transform is Short Time Fourier Transform

(STFT). It gives information about both frequency as well as time.
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1.3 Music information retrieval (MIR)

Michael Kassler et.al [18] in the mid of 1960s gave the concept of MIR. Kassler and his

co-authors were well ahead of the time in accessing the potential and promise of this field

[18]. The researchers and societies have contributed towards summarizing, classifying,

tagging/indexing musical piece and development of computational techniques. The work

done by Bainbridge et.al. [19] in 1999 won the best paper award by Digital Libraries.

The first high grants project was funded for MIR in 1999 to Wisman, Rusbridge and

Griffin. The aim of this program was to ease the access to music collections [19]. In 2000,

a project named OMRAS was granted to work in the fields of audio transcription, and

document retrieval [20].

In 2000 the ISMIR organized their first conference. The conference included papers

on: music classification using Competitive HMMs [21] and Mel Frequency Cepstral Co-

efficients for Music Modeling [22]; techniques for Automatic Music Transcription [23];

finding Motifs with Gaps; need and applications of Music Information Retrieval [24, 25].

MIR has emerged as one of the prominent research areas in music industry due to the

advancements in signal processing techniques. Music pieces are annotated using several

different meaningful text called tags. These tags can be used to identify the different

classes of music like style, instrument used and genre etc. Therefore, music annotation

is usually considered as a precursor to classification. The task of musical key detection

in western music has similarities with raga identification in Indian music. A pitch profile

based feature extraction method is utilized in [26] for key detection of musical data. In

[27], a method for estimating diatonic scale and corresponding key from acoustic signals

is explored.

Music classification refers to assigning a particular label to a given musical piece. This

classification is generally based on the artist, year, genre, mood or cultural context.

Music classification enables a user to search for the music of his choice without having

a perfect knowledge about the technicalities of music [28]. This also results in effective

management and the categorization of music data.

This task used to be predominately done by human experts in the past but recently, music

classification by machines has become popular among research fraternity. To support and

promote the task of MIR, Music Information Retrieval Evaluation eXchange (MIREX)

is organized since 2004. This event contains competitions based on tasks in MIR. Most

of these tasks in MIREX competitions are based on music classification [29]. Some of the

tasks in MIRTEX based on music classification are as follows:
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� Artist Identification [30]

� Genre Classification [13]

� Instrument Recognition [31]

� Mood Classification [29]

� Music Annotation [32]

1.4 Need of Music classification

Collection, management and retrieval of huge amount of music signals available online

is becoming difficult each day. The information like artist, type, temp, genre etc. is

required for this task [33].

The importance of automatic music classification can be enlisted as follows:

� Each music genres/class is composed/generated in a different way.

� Classification of music is helpful in MIR.

� Music classification has applications in different fields like archive management and

entertainment.

1.5 Advantages of automatic music classification

Various advantages of automatic music classification are as follows [34, 35]:

� The task of music classification is done very effectively and in a fast manner using

computers. On the other hand, a human expert requires the availability of real-time

musical data.

� Another advantage of automatic classification systems is that they work on ex-

tracted features. These features can be extracted and stored efficiently by comput-

ers much faster than humans.

� Classification using computers is also more economical than manual classification

by humans.

� Classification by humans requires more than one human experts while a single

computer can classify thousands of songs.
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1.6 Complementary approaches for analyzing music

Automatic music classification requires a contribution from fields like music theory, digital

signal processing (DSP) and artificial intelligence [36].

The first and most important task in music classification is feature extraction. Based

on the features extracted from a test signal (musical piece), a particular class can be

assigned to it. Due to the increased use of digital media, the generic information in audio

is usually represented by bits. This allows a perfect and direct reconstruction into an

analog waveform. Another method to represent a melody is by using a high level model

based representations like MIDI or MusicXML [37].

The conventional symbolic representation in the form of notes is seldom available. In-

stead, the digital audio file representation as a result of sampling the sound waveform

is more popular. These samples cannot be directly used by the system for automatic

classification because the amount of data present in these files is very large whereas the

information contained in each sample is very small to be used independently for the task

of music classification. Therefore, to make the system practical and reduce the processing

required, features are extracted from the audio data. These features can be related to

any property of music which is discussed in Section 1.2. After feature extraction, these

features can be used further by a classifier. The most commonly used properties of mu-

sic used in feature extraction are Timbre, Temporal features, Spectral shape features,

Texture Window and High-level content-based features [31, 38, 39]. The most commonly

used features used for timbre characterization are given in [34].

1.7 System for music classification

A workflow of the automatic music classification system is depicted in fig. 1.1. Given

a particular music signal, the first step in an automatic music classification system is

to collect ground truth data. This data includes audio recordings, symbolic recordings

and cultural information related to a given signal. The next step involves the extraction

of relevant features from the collected data. The choice of these features depends upon

which class type one has to classify the musical data. These features are unique or

distinguishable for every given class. Machine learning-based supervised or unsupervised

learning can also be applied to the features for class labeling. Prior to that dimensionality

reduction is also applied if required. Finally, the classifier is trained and a given musical

piece is classified [40].

The work of Pachet and Cazaly [41] provide a deep analysis of various measure for quan-
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Figure 1.1: The steps performed for the task of automatic music classification.

tifying music similarity. The study provided an in-depth analysis of challenges involved

in automatic music classification using an expert system. An expert system works on

a set of rules that characterize a given class [42]. Even though expert systems are very

efficient in the task of classification, yet with the increasing number of ruleset, their im-

plementation becomes difficult. In the last decade; with the advancements in advance

signal processing techniques, neural networks, fuzzy logic and pattern recognition algo-

rithms; expert systems have emerged as the promising candidate for automatic music

classification [43–45]. The expert systems can be implemented using either supervised

or unsupervised approaches depending on if preliminary information about the classifi-

cation task is available or not [46]. Similarity measures used in these approaches include

calculating the distance between two feature vectors. Most commonly used distances are

Euclidean distance, Kullback-Leibler divergence or relative entropy. In order to calculate

these similarity measures, several well known models like Gaussian and Gaussian mix-

tures (GMMs) [19], asymptotic likelihood approximation [47, 48], hidden Markov models

(HMMs) [49] are utilized.
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Different types of clustering algorithms are also a part of expert systems. One of the most

popular and simplest clustering algorithm is the K-means clustering algorithm. Agglom-

erative hierarchical clustering is another popular clustering algorithm [49]. An optimized

k-means clustering technique using bat algorithm was given in [50]. A framework for

EEG and MEG source localization was given in [51]. The self-organizing map (SOM) is

unsupervised artificial neural network used in clustering algorithms. The growing hierar-

chical SOM (GHSOM) is an advancement in SOM which works on multiple layers. The

steady-state security analysis was performed in [52] using ANN. Several notable works

on supervised learning approach are [13, 53–56].

For large datasets, deep neural network (DNN) has been used as a powerful tool. The

effects of noisy labels on the performance of music tagging system using DNN is discussed

in [57]. The use of DNN in automatic music recommendation has been studied in [58].

The results are compared with the traditional bag-of-words representation approach. In

[59], an automatic feature extraction system based on Deep Belief Network (DBN) and

Discrete Fourier Transforms (DFTs) have been introduced with which the problem of

genre recognition has been solved. It was observed that the learned features perform

significantly better than MFCCs. A music genre classification system based on DNN

is discussed in [11] in which the potential dependency on the tuning frequency has been

discussed. The classification accuracy was studied based on the pitch shifting of the audio

data. The linear discriminant analysis (LDA) is one of the popular supervised learning

technique. LDA with adaptive boosting (Adaboost) has been used in [60]. In [60], a

Fishers criterion multiclass LDA is used to reduce the dimensionality of the classification

problem before modeling with a Gaussian distribution. Support vector machines (SVMs)

are another type of supervised learning algorithms [61]. In [61], SVMs are used for genre

classification with a Kullback Leiber divergence.

1.8 Applications of automatic music classification

Some of the notable applications of automatic music classification are as follows [62]:

� To create personal collections

� Generating playlist according to user specifications

� Audio fingerprinting, monitoring and automatic labeling in radio-stations

� Music Recommendation

� Multiple relationships in music stores and library databases
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The most basic approach of audio classification is the separation of the audio signal

into the parts where speech, music or environmental sounds exist [63]. What the latest

MIR work tries to add is the separation of music itself, into several other classes. The

classification can be applied, based on any of the dimensions of the items such as their

orchestration. However, the most usual classification task is the genre and melody clas-

sification. Pieces are separated into the various genres and sub-genres, which are the

way that most users tend to, understand and classify music. The size of the audio data

that are necessary to have good classification results is the main concern, regarding this

task.

1.9 Literature survey

This section describes the work done by various researchers so far in the field of music

analysis. The goal of music analysis is generally to characterize a given musical signal

based on the motive and theme of music. Changsheng et al. [64] presented an approach

for music structure analysis based on note onset and time tempo. Yuting Qi et al. [65]

have developed a discrete HMM model in a Bayesian setting using Dirichlet process (DP)

priors, which has the advantage of avoiding the need to select the number of mixture

components, through the encouragement of parameter sharing. Meinard et al. [66] pro-

vides an overview of some signal analysis techniques that specifically address musical

dimensions such as melody, harmony, rhythm, and timbre. Lu Ren et al. [67] proposed

a Bayesian dynamic mixture model for music analysis. Tsukasa et al. [68] proposed a

method in which they consider the music genre as a base for music analysis. SVM based

classifiers were used in this task.

The music style is one of the features that people used to classify music. Lippens et al.

[69] worked on the problem of automatic musical genre classification. The results obtained

in [69] were compared with results from human experts. Changsheng Xu et al. [70] gave

an SVM based automatic music classification system. In this task, they separated pure

music and vocal music using training data. Zhouyu Fu et al. [71] discussed the use of

naive Bayes (NB) classifiers for music classification and retrieval. They proposed two

NB classifiers, namely Naive Bayes Nearest Neighbor (NBNN) and NB Support Vector

Machine (NBSVM). Jing Lu et al. [72] proposed a method for music classification based

on multi-class SVM and MFCC. Simone et al. [73] worked on the use of Extreme Learning

Machine (ELM) in problems related to music classification. In [74], a software system

for automatic classification of MIDI files is discussed. This hybrid classification is based

on hierarchically organized taxonomies of musical genres that use hierarchical, flat and

round-robin classification. McKay and Fujinaga [75] developed a library of 160 high-level
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features for automatic music classification or to evaluate musical similarity. A software

package named jSymbolic is also proposed in this paper.

Ulas and Engin [76] used the dynamic timbral texture features for musical genre classifi-

cation. Two new classifiers are utilized to improve genre classification. Chathuranga and

Jayaratne [77] proposed an approach using the SVM classifier. Authors in [39] proposed

an automatic music genre classification system by using three different feature sets for

representing timbral texture, rhythmic content and pitch content. A classification of 61%

for ten musical genres is reported in [39]. Li and Ogihara [15] worked on hierarchical

taxonomy music classification. Aryafar et al. [78] used short time representations of

audio signals for genre classification using SVM classifier.

Kuo and Shan [79] presented a music filtering system by learning the users preference

on melody style. Wang et al. [80] proposed an adaptive round semitones algorithm

to convert pitch contour into music notes. Ryynanen et al. [81] propose an automatic

melody transcription system. This system was used in karaoke application. Through this

method, user singing can be converted into the original melody. Pollastri and Simoncelli

[82] use HMMs for detecting and recognizing the style of a particular composer. Downie

in his work in 2003 [83] explained the use and importance of MIR in the music industry.

Heittola [84] worked on the problem of genre classification for large datasets. Futrelle

and Downie in [85] summarized the work done in the last few decades on MIR techniques

of music. Fabbri [22] stated following rules for music genre classification:

� Formal and technical: Content based practices

� Semiotics: Abstract concepts that are communicated

� Behavior: How composers and performers behave

� Social and Ideological: Links between genres and demographics (age, race...)

� Economical: Economic systems that support specific genres.

Cook [67] described the features which are used by humans to describe music. In [68],

features used by humans for music genre classification are described [68].

String matching techniques for musical genre classification have been used in the past by

various researchers [86, 87]. String methods like edit distance, normalized compression

distance (NCD) and string subsequence kernel method (SSK) were used in [88] for the

classification of folk tunes into genres of the dance types of the tunes. The task of

polyphonic music classification was studied in [89] and [90]. A global feature model with

standard machine learning classifiers is compared with a monophonic n-Gram model for

the task of composer recognition. A dataset of 207 Haydn and Mozart strings were used
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to form the database. An extension of the multiple viewpoint method for music prediction

and generation was proposed in [91] to predict the genres of unlabelled Basque folk tunes.

The algorithm was evaluated on four folk tune datasets for the task of genre and region

classification. n-Gram matching is a standard string matching technique widely applied

in the field of computational linguistics and forms the basis of ubiquitous plagiarism

detection software [92–94] and structured prediction [95].

Methods other than string matching are being reported for genre classification. Lee et

al. in 2009 [96] reported an information fusion approach using feature level fusion and

decision level combination to improve the genre classification accuracy. Rao et al. in 2014

used Dynamic time warping and Hidden Markov Model (HMM) for the classification of

raga music [97]. However, when we talk about the existence of a standard template for

a class of music, there is enormous subjectivity involved interpreting such melodic struc-

tures. In other words, the template matching scores are rather not infallible indicators

of a particular class. The degree of belongingness of a piece of rendition to a particular

class is open to the interpretation of a trained listener.

It is thus obvious that soft decision models are a better candidate for obtaining the clas-

sification of such structures [97]. Several rule-based systems are often reported in the

literature to solve complex classification problems where crisp modeling of the system is

not essentially productive [98]. These systems can be categorized into expert systems and

fuzzy systems. Fuzzy logic based classifiers have been extensively used in the literature

due to their high performance and robustness in dealing with real-world complex classifi-

cation problems [98–101]. Classifiers based on fuzzy logic utilize linguistic variables and

fuzzy sets to create a complex nonlinear relationship between input and output variables.

An efficient fuzzy classifier with feature selection based on fuzzy entropy for pattern clas-

sification is given by Lee et al. [98]. The performance of a hybrid fuzzy genetic machine

learning method is examined for multidimensional pattern classification by Ishibuchi et

al. [102].

The problems of pattern induction and matching for melodies were discussed by Klapuri

in [103]. Liu and Liao [104] provided a brief study on bibliometric analysis of fuzzy de-

cision research. This study was focused on finding underlying patterns, hesitant fuzzy

set and fuzzy environment. Pollastri and Simoncelli [105] present a model for identifying

the composer using a Hidden Markov Model (HMM) based classifier. The authors have

extracted relevant themes from musical pieces of each composer using rhythmic contour

based motif extraction. Motif based clustering is used in [105] and [106] for music clas-

sification tasks. Dynamic Time Warping (DTW) has been used in [107] for similarity

matching in order to tolerate more variability. Apart from these techniques, n-Gram
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matching has also been extensively used for speech processing [108–111].

In [111] authors studied the importance of using higher order variable length n-Gram

models and addressed the issues related with it. Bimbot et al. [112] proposed a variable

length sequence model as multigram model and compared it with conventional n-Gram

model. Siu and Ostendorf [113] investigated a variable n-Gram algorithm and extending

the algorithm to handle conversational speech characteristics like repetitions and other

disfluencies. Chen et al. [114] report an experimental study on variable length n-Gram

model and demonstrate that their model extracts essential information of a sequential

database.

There are several studies describing the use of weighted average of variable length phrase

matchings against the reference translations [115, 116]. The n-Gram model requires a

predefined pattern which is matched with the test string. In order to calculate this pat-

tern, several pattern discovery algorithms are used by researchers. A pattern induction

algorithm was proposed by Crow and Smith [117] which computed all the maximal re-

peated factors in a string. Later on, Cambouropoulos [118] introduced Sequential Pattern

Induction Algorithm (SPIA). SPIA was more efficient algorithm based on a partitioning

technique. Hsu et al. [119] gave an algorithm to find repeating factors in strings rep-

resenting monophonic melodies using a dynamic programming technique. Rolland et al.

used an extended toolbox of editing operations for discovering repetitions [120].

Several algorithms like Structure Induction Algorithm (SIA) [121], SIARCT [122], Struc-

ture Induction Algorithm for r superdiagonals and Compactness Trawler categorization

fingerprinting (SIARCT-CFP) [123] etc have been developed to discover the repeated

motifs, themes and sections in music. SIA is basically a geometric approach to pattern

discovery which involves converting each note to a point in pitch-time space. This ap-

proach has been found to be quite effective in discovering repeated patterns inside a piece

of music especially polyphonic music. Subsequent evolution of SIA into SIARCT-CFP has

helped overcome many limitations of the original SIA one of them being a high proportion

of false positives. Motivated by the efficacy of SIARCT, we have used this algorithm in

this work for extracting intra opus relevant motifs. Coming back to the pattern matching

part, fuzzy logic has been incorporated to improve n-Gram based techniques [124, 125]

though not for musical analysis. Alzahrani et al. [125] gave taxonomy of plagiarism de-

tection methods including: character n-Gram based, vector-based, fuzzy based structural

based, semantic based and cross-lingual based techniques. Chen and Rosenfeld [126] gave

the comparison of maximum entropy smoothing technique with conventional techniques

for smoothing n-Gram language model. They demonstrated that the fuzzy maximum

entropy method used to smooth maximum entropy gives better performance. Lerch in
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[17] has explored the topic of audio content analysis in detail. Different features such as

statistical properties, spectral shape, technical/signal properties, and intensity properties

are also studied in [17].

However, most of the works employing fuzzy models have been confined to similarity

matching in plagiarism detection software. It is thus natural to envisage extension of fuzzy

logic based models to classification of melodic structures. In this regard multiple criteria

decision models (MCDM) making use of fuzzy logic require special mention. MCDMs

have emerged as robust paradigms which evaluate alternatives with respect to a multitude

of criteria. To deal with fuzziness and uncertainty in multiple criteria decision making the

fuzzy analytic hierarchy process (AHP) has found remarkable applications [127, 128]. Ren

et al. [129] present a new intuitionistic multiplicative group AHP for managing complex

multicriteria group decision making problems with individual intuitionistic multiplicative

preference relations. The issues of uncertainty and rank reversal paradox in MCDM

are studied in [130]. AHP basically works on a hierarchical model which derives the

weights for each criteria from pairwise comparison matrices. The authors have recently

employed a fuzzy AHP model for identification of a small set of Indian Ragas and obtained

encouraging results [131]. The present work seeks to substantially improve the model

reported in [131] to make it more general purpose and analytically justified.

The music classification systems based on content are utilized to cover the gaps by taking

labels from low level features. Table 1.1 shows the summary of low-level features which

are used by various researchers in music classification.

The K-nearest neighbor SVM, and GMM classifier are the two most popular classifiers

used in music analysis. Apart from these, several other classifiers are also used such

as logistic regression [143], linear discriminant analysis (LDA), nearest centroid (NC),

artificial neural networks (ANN) [85] and sparse representation based classifier. Table

1.2 gives a comprehensive survey of different features used in music classification.
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Table 1.1: Summary of common low-level features used in music classification

Feature Type Features-Level Class Used in
ZCR

Low-Level Feature

Timber

[2, 132, 132, 133]
MFCC [132–135]
Spectral Centroid (SC) [2, 132, 132, 133, 136]
Spectral Flux (SF) [2, 132, 136]
Spectral Rolloff (SR) [2, 132, 132, 133, 136]
Spectral Bandwidth (SB) [132, 133, 136]
LPCC [135]
DWCH [2, 137]
SFM [138–140]
ASE [135]
FCC [133]
SCF [138–140]
SPSF [141]
OSC [136]
ARM

Temporal
[134]

SM [2, 133]
Amplitude Modulation (AM) [134]
PCP

Mid-Level Feature Pitch
[132]

Spectral modelling synthesis (SMS) [138, 142]
HPCP [36, 40, 45]
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Table 1.2: Summary of features used in music classification

Reference Features Algorithm Classification
Dannenberg et al., 1997 [144] MIDI key number Naive Bayes 90
Cruz-Alcazar 1998 [145] melodic intervals + duration Grammatical Inference 95
Chai 2001 [146] pitch contours HMM 59
Shan 2002 [79] chord degrees progression Associative rules 84.2
Basili et al., 2004 [147] changes in meter/time Naive Bayes 41
Cruz-Alcazar et al., 2003 [148] melodic intervals + duration Grammatical Inference 92.3
Li, 2004 [149] statistics from pitch, duration SVM + hierarchical 75.7
Changsheng et al., 2005 [70] LPCC SVM method, traditional good
Bergstra, 2006 [133] STFT, FFT, MFCC, LPC AdaBoost.DT 82
Lee et al., 2009 [31] MFCC,ASE,OSCFP,LDA NC 91
Panagakis, 2010 [150] CR, NTF SVM 78
Fu et al., 2010 [151] MFCC,ASE,OSC,Beat, chord SVM (MKL)(SG) 91
Emiru et al., 2011 [9] Timber, Rhtytm, Bass-line k-means 76
Simone et al., 2013 [73] MFCC Neural Net, ELM 76
Huang et al., 2014 [152] Intensity, pitch, timbre etc. SVM 97
Jia-Min, 2015 [153] SSD, MFCC, OSC SVM 57
Loris et al., 2015 [154] SVM and ADABOOST SVM 85
Yandre et al., 2017 [155] Binary Patterns CNN, SVM classifiers 92
Farrokhmanesh, 2018 [156] MFCC, Chromogram KNN 95
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Figure 1.2: Block diagram of proposed framework: (a) Dataset collection, (b) Feature
extraction, (c) Machine learning algorithm (d) Evaluation.

1.10 Gaps in study

Based on the literature review several gaps in the present state of the art were identi-

fied. Some major limitation of popular classifiers and pre-processing can be stated as

follow:

� In HMM it is not possible to predict the prior probability of seeing an arbitrary ob-

servation. And this claim is only valid if the probability of a residue is independent

of the probabilities of its adjacent state.

� Using the MFCC feature while building a vocal region model STFT is used to

analyses the music domain coefficients which provide a single resolution to the

entire signal which in turn results in the loss of time resolution.

� Although SVM is an efficient analytical technique for classification. However, it

works better as a binary classifier. To perform a multi-class classification, one

against many classification scheme can be used. This method is computationally

expensive and runs slow.

� In K-mean clustering it is difficult to guess the initial value of K. It also does not

work well with non-globular clusters.

17



� Back propagation trained ANN being very popular for classification purpose, it was

quite surprising to see a lesser number of papers on music classification. This has

served as a motivation for the author to try investigating the efficacy of ANN’s

apart from other soft computational techniques.

In a nutshell, the author identified a pertinent research gap in terms of the lack of a

general-purpose classifier which could extract relevant motif from musical pieces across

genre, composition and melodic frameworks (ragas).

1.11 Objectives and Methodology

Traditional data processing technique uses statistical information for specialized process-

ing music signals it is natural that we would like to have distinct musical features at our

disposal. However, many of the prominent music features not being well defined, it is

desirable that we make use of statistical features alone for identifying generic signatures.

In light of the research gap identified and the above discussion the following objectives

can be defined for our problem.

� Identification of statistically relevant features from a wide variety of raga signals.

� Development of novel clustering techniques based on the above features.

� Estimation of the underlying probability distribution of raga signals in time and

frequency domain.

� Construction of an appropriate mixture model for obtaining unsupervised genre

classification and its comparison with ANN model [157].

As the first step, representative pieces of music were collected from online repositories

as reported in section 1.13 of the thesis. Both western and raga data were obtained in

the form of MIDI files. The selection of music files was completely random to rule out

any confirmation bias. However, in the case of raga data, the help of a human expert

was taken to confirm the purity of the raga rendition (a condition which is ought to

be fulfilled in Indian musical tradition). During the course of research basically, three

types of classification strategies were adopted by the author. The first approach consisted

of training an ANN-based classifier with pre-processed features of raw audio signals ex-

tracted from MIDI files. In the course of this work, the author has found a supervised

clustering technique to work particularly well with ANN classifiers. The second strategy

was pattern matching which required extraction of a representative feature from each

raga/genre/composer.
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For this, the author made use of already reported Structure Induction Algorithm to find

a representative motif for every MIDI set of notes fed to it. The real contribution of

the author lies in developing a weighted pattern matching technique which was further

improved upon fuzzification. In order to attempt unsupervised genre classification, the

author estimates the probability distribution of music belonging to different genres in

time and frequency domain. This work makes use of MATLAB 2017 for simulation.

In particular, the ANN Toolbox, Fuzzy logic tool-box and signal processing toolbox of

MATLAB were used.

1.12 Novel Aspects

A lot of work has been done in literature in this regard but the efficiency of the presented

algorithms is not considerably good especially for unsupervised algorithms. Secondly,

most of these algorithms focus on only melodies from the same background like classical

western music, Chinese music, Indian music etc. So the development of an algorithm that

can handle melodies from different backgrounds is also of prime interest. An emphasis

has been put on the flawless classification of Indian ragas; however, the present work also

addresses composer by composer classification of western melodies.

The contributions made by this work are enlisted as follow:

� Several classifiers and preprocessing techniques have been tried out to clarify pieces

of musical rendition (vocal) in terms of genre, composer and ragas.

� We report a novel pattern matching based classifier that can label music across

genre (chapter 4).

� Both time and frequency domain features of music have been needed for obtaining

a classification.

� Soft decision models (specially fuzzified one) have been successfully implemented

for raga and composer classification.

The body of work reported in this thesis and the results obtained could serve as an

exemplar for more specific future work in this area of music classification.

1.13 Proposed Framework

Fig. 1.2 shows a block diagram of the proposed framework used in this study. The

block diagram consists of four major blocks. The first block consists of dataset creation
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and management. The dataset is divided into training and testing datasets. The second

block is the feature extraction block which calculates related features that are used for

further processing. Thereafter, in the classifier block, machine learning is used. Further,

based on the results provided by machine learning, labeling of a song is achieved in the

evaluation block.

1.14 Data Acquisition

The experiments have been performed on different datasets collected from a wide spec-

trum of published musical work. Chapter 2 on Mean Centered Clustering (MCC) uses

audio as an input format. Two datasets are used for the purpose of validating the results

of MCC given in Chapter 2. These datasets are the Raga dataset containing audio files

of classical Indian music based on Raga class and MIDI dataset containing MIDI ISMIR

database music audio benchmark data set containing western music audio files.

The first data set named Raga dataset consists of 50 songs from 5 classes from different

Ragas Asa, Basant, Malhar, Shiri and Gauri which belong to classical Indian music. Ten

songs from each class were taken into consideration. Three clippings are extracted from

each song. The raga samples have been obtained from www.searchgurbani.com whose

excerpts are taken from Guru Granth Sahib: An Advanced Study [158], a book considered

a scholarly source of authentic information on Indian religious music and poetry.

The second dataset called as MIDI dataset contains MIDI ISMIR database music audio

benchmark data set [81]. This dataset contains fifty western music audio songs of twenty-

second each, ten from each genre pop, folk, country, electronic and blues. This is done

in order to validate the performance of the proposed technique on musical pieces other

than ragas.

Chapter 3 and 4 related to n-Gram techniques use symbolic MIDI input data formats.

Notes from these MIDI files have been used for the task of n-Gram based classification.

Along with this, the onset time in tatums and the chromatic pitch corresponding to MIDI

notes are also used to extract the catch phrase. Two datasets have been taken for this

purpose. The first dataset called Dataset-1 contains melodies from different composers

related to western music. Melodies created as a result of the skillful work of a specific

composer hold the essence of that composer in themselves. Hence, it is assumed here in

this work that renditions by one composer belong to one class. Melodies from Saarland

Music Data (SMD) [73] are used to construct Dataset-1.

The second dataset for this task is called Dataset-2 contains melodies from Indian clas-
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Table 1.3: Dataset-1 containing classes belonging to famous composers of western
classical music.

Composer Name Class

Achille-Claude
Debussy

W1

Franz Peter Schubert W2
Joseph Haydn W3
Johannes Brahms W4
Franz Liszt W5
Wolfgang Amadeus Mozart W6
Maurice Ravel W7
Camille Saint-Saens W8
Sergey Vasilyevich
Rachmaninov

W9

Frederic Chopin W10

sical music which is based on ragas. The melodies belonging to a particular raga are

assumed to be a unique class here. The data samples of melodies are taken from

http://www.anunaadacademy.com/ (Anunaad Music Academy, 2015) for Dataset-2 which

hosts a repository of Raga based music files [159].

These datasets consist of notes from 100 different songs; 5 from each class of ten different

composers (Dataset- 1) and Ragas (Dataset-2). The note sequences have been verified by

matching them with the annotations by human experts. A window of 50 notes from each

song is extracted. All the results shown in this work have been validated by subjecting

the data to fivefold cross-validation scheme. The extraction of a 50 note window for the

test string has been done five times from the entire length of the song. Hence, a dictionary

of a total of 500 strings of notes was used. We have designated a set of 500 test strings in

five folds as DW 1, DW 2, DW 3, DW 4, and DW 5 for Dataset-1 and DR1, DR2, DR3,

DR4, and DR5 for Dataset-2 respectively. The classes of Dataset-1 were annotated with

W1,W2, · · · ,W10 and of Dataset-2 were annotated with R1, R2, · · · , R10 respectively

for distinguishing results of both datasets. The details of both datasets are given in Table

3 for western and Table 4 for Indian classical music.

The details of both datasets are given in Table 1.3 for western and Table 1.4 for Indian

classical music. Apart from these two datasets, different other datasets were also used

whose explanation is as follows.

In Chapter 5, audio signals are used as input. The results in Chapter 5 are calculated
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Table 1.4: Dataset-2 containing classes belonging to Raga from classical Indian music.

Raga Name Class

Bhairavi R1
Basant R2
Malhar R3
Yaman R4
Todi R5
Peelu R6
Bahar R7
Gaud R8
Behag R9
Asa R10

on four different standard datasets named ballroom dataset [160], SLAC dataset [161],

Codaich dataset [162], and Bodhidharma dataset [163]. The ten genres in these datasets

are Blues, Classical, Country, Disco, Hiphop, Jazz, Metal, Pop, Reggae, and Rock. The

excerpts of the dataset were taken from [69]. From each music track, the sound signals

over a period of 30 seconds after the initial 30 seconds were extracted in MP3. All the

melodies in the dataset are converted to 22050Hz, 16-bit, mono audio files. The complete

dataset was partitioned randomly into subsets, i.e. training set consist of roughly 80%

samples, and 20% for validation and test sets each. Further fivefold cross-validation is

employed in these datasets to remove the problem of overfitting.

1.15 Organization of the thesis

In the subsequent chapter, we describe a simple preprocessing technique for clustering of

melodies into their generic classes. The technique described in chapter 2 as MCC was

found worth well with low complexity. However, it required a large number of labeled

samples and a subsequent classifier whose performance affected the overall classification

results.

Chapter 3 gives a brief study of the n-Gram technique for pattern-based algorithm for

effective melody classification. The extraction of catch phrase with Structure Induction

Algorithm (SIA) based algorithm is given in the chapter for pattern-based matching

classification.

In Chapter 4 the traditional n-Gram algorithm is improved by developing a new n-Gram
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based approach named weighted n-Gram in this thesis. The weighted n-Gram, when

used with traditional n-Gram, is used for melodic classification. This algorithm works

well for both classical Indian music as well as classical western music which are the two

very popular music forms. The requirement of predefined catch phrase by the n-Gram

algorithm is also removed by using the previously reported (SIA) based algorithm.

Thereafter, the weighted n-Gram and traditional n-Gram are clubbed together and the

input to is different classifiers that result in a system that can classify a given melody file

from both classical Indian as well as classical western music background into their generic

classes. Extensive simulation results using MATLAB are provided to verify the efficiency

of the presented algorithms. Chapter 5 reports unsupervised classification strategy using

Gaussian Mixture Model (GMM) for identification of musical genres. This chapter is

appended in the form of a record of a GMM classifier trained with different temporal and

spectral features of individual musical genre. It should be mentioned here that GMM

models seem to perform rather poorly for Raga classification task. Secondly, the last

section of chapter 5 reports probability Density Estimation of musical signal from several

genre in order to give future work as a background. Chapter 6 gives the conclusion and

future work of the dissertation.
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Chapter 2

Mean Centered Clustering

In this chapter, we introduce a new approach for the classification of audio music col-

lections of both western as well as Indian music and its application to both raga and

genre classification. A simple yet effective new classification technique Mean Centered

Clustering (MCC) is discussed. The proposed technique maximizes the distance between

different clusters and reduces the spread of data in individual clusters. The use of MCC

as a preprocessing technique for conventional classifiers like Artificial Neural Network

(ANN) and Support Vector Machine (SVM) is also demonstrated. It is observed that

the MCC based classifier outperforms the classifiers based on conventional techniques

such as Principal Component Analysis (PCA) and Discrete Cosine Transform (DCT).

Extensive simulation results obtained on different datasets of western genre (ISMIR) and

classical Indian ragas are used to validate the efficiency of the proposed MCC based clus-

tering algorithm and ANN/SVM classifiers based on MCC. As an additional endeavor,

the performance of MCC on preprocessed data from PCA and DCT is studied. Based

on simulation results, it is concluded that the application of MCC on DCT coefficients

resulted in the highest overall classification success rate over different architectures of the

classifiers.

2.1 Motivation

Classification of melodic structures poses a plethora of computational challenges due to

poor separability of musical data in the pattern space. It is a well known fact that the

performance of any classifier depends greatly on the type of data given as input. There-

fore, it is quintessential to apply preprocessing to the data before applying classification.

This results in the linear separability of the data in pattern space. This has served as a

motivation for the author to apply centering and scaling method on raw data generated

from the musical signal in time and frequency domains. The data preprocessed this way

was subject to processed data that the overall classification percentage improves when

MCC is applied to raw data. But in some cases, the classification percentage is low. To

improve this performance, MCC is applied to DCT processed data. For example, in the

case of ANN classifier, when the number of hidden layers is increased, the classification
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percentage improves for the case when MCC is applied on DCT processed data. Experi-

ments were done on other combinations like PCA on MCC but the results were rejected

due to poor classification performance of such combinations. Conventional techniques

like PCA and DCT lack in creating linear separability which introduces improper and

overlapped decision boundaries.

2.2 Related work

There has been many work reported in the literature for music classification by using

different clustering techniques. There are many variants of clustering algorithms, which

fall into one of two groups: hierarchical [164] and non-hierarchical [165]. The resulting

vectors corresponding to the various files are then classified or clustered using existing

classification software, based on various standard statistical pattern recognition clas-

sifiers, k-prototypes algorithm [166], Bayesian classifiers [167], hidden Markov models

[168], ensembles of nearest neighbor classifiers, or neural networks. Purohit et. al. [169]

introduced a new efficient approach towards the K-means clustering algorithm. They

proposed a new method for generating the cluster center by reducing the mean square

error of the final cluster without a large increment in the execution time. It reduced the

means square error without sacrificing the execution time.

Authors in [170] proposed brain tumor segmentation using K-means clustering and fuzzy

c-means algorithm. Yedla et. al. [171] proposed Enhancing K-means clustering algorithm

with the improved initial center. A new method for finding the initial centroid is intro-

duced and it provides an effective way of assigning the data points to suitable clusters

with reduced time complexity. They proved their proposed algorithm has more accuracy

with less computational time comparatively original k-means clustering algorithm. Au-

thors in [172] have indicated the ability of clustering to group documents with respect to

topic relevance; such findings are the basis for the clustering hypothesis. To group a set

of documents into clusters of documents relevant to dierent instances of a topic requires

clustering with respect to instance relevance.

Authors in [173] use Self Organized Map (SOM) technique and preprocessed the data of

raw music raga files from that they utilized the frequency domain sampling by FFT which

shows highly co-related with the clusters they predicted to belong to. In [76], Kirthika

and Chattamvelli proposed a general system architecture for clustering and classification

purpose of ragas.

In [174], a method of music segmentation is proposed which is based on the hierarchical

labeling of spectral features. A method based on strong changes of timbre to indicate
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possible section boundaries of music was given in [175] and the method proposed in [176]

is based on calculating the reoccurrence of sections of a particular type for clustering

melodies.

2.3 Novel Aspects

The novel contribution of this chapter is the introduction of a clustering technique. This

technique centers the training samples of the musical piece about its cluster mean called

Mean Center Clustering (MCC) turns improving the class separability of the samples

in pattern space. This clustering technique has been applied both on the time domain

and frequency domain samples. The idea behind the proposed technique is derived from

the context of image de-blurring in which it is observed that a clustered pattern space

improves the performance of the neural network. A clustered pattern space contains

different distribution characteristics for different classes of data which makes the neural

network search for common ground while approximating the underlying function. A

network trained this way is less likely to suffer from overfitting and more likely to yield

good performance with unlabeled samples [177].

Finally, the use of MCC as a preprocessing technique for conventional classifiers like Arti-

ficial Neural Network (ANN) and Support Vector Machine (SVM) is also demonstrated.

It is observed that the MCC based classifier outperforms the classifiers based on con-

ventional techniques such as Principal Component Analysis (PCA) and Discrete Cosine

Transform (DCT). The efficiency of the proposed clustering technique is validated using

extensive simulation results.

2.4 Challenges in melody clustering and classifica-

tion

Clustering and classification of melodic structures pose a plethora of computational chal-

lenges due to poor separability of musical data in the pattern space. It often becomes

necessary to make the data linearly separable in the pattern space before subjecting it to

a classifier.

� Very high dimensionality of the data samples in a single melody file

� Very large size of the databases

� Overlapping boundaries of cluster classes
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It has also been observed from the results provided in the next section that conven-

tional techniques like PCA and DCT lack in creating linear separability which introduces

improper and overlapped decision boundaries. This has served as a motivation for the

authors to envisage a technique that could improve the class separability of the data in

the pattern space.

2.4.1 Principal Component Analysis (PCA)

PCA is a standard statistical technique that can be used to reduce the dimensionality of

a data set of different classifiers on different musical feature sets to determine the genre of

a given music piece, without much loss of information. PCA is an unsupervised method,

which makes no use of information embodied within the class variable [178]. A data

matrix (D) is constructed by taking songs of different classes as column vectors. Then,

the covariance matrix R for matrix D is calculated as [179]

R = E[DDT ] (2.1)

Further, (2.1) can be written in terms of eigen values λ1 > λ2 > · · ·λj > · · ·λm and the

associated eigen vectors q1, q2, · · · qj · · · qm as

Rqj = λjqj; j = 1, 2, · · · ,m (2.2)

Equation (2.2) can be re-written as

RQ = QΛ (2.3)

Where Λ = Diagonal [λ1, λ2, · · · , λj, · · · , λm] and Q = [q1, q2, · · · qj · · · qm]. The projection

of the sample value x of the random vector X onto the respective eigen vector is given

as

aj = qTj x = xT qj (2.4)

Where aj are called principal components. PCA seems to be an essential pre-processing

stage since our data is multidimensional. Though the application of PCA mitigates the

curse of dimensionality to a great extent in practical cases with high dimensional data set,

it is not always possible to perform clustering onto distinctive clusters using PCA.

2.4.2 Discrete Cosine Transform (DCT)

DCT is a useful approach used in signal and image processing. It transforms the signal,

from the spatial domain into the frequency domain. The two-dimensional DCT is cal-
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Figure 2.1: Flow chart to implement the proposed classification system.

culated by matrix multiplication to reduce the computational complexity by row-column

decomposition. The mathematical model of DCT is described in [180]. The discrete

cosine transform can be generalized to the unified form as follows

y(k) = w(k)
N∑
n=1

x(n)cos(π/2N(2n− 1)(k − 1)); k = 1, 2, · · · , N, (2.5)

Where w(k) = 1
N

for k = 1 and = 2
N

for 2 ≤ k ≤ N ; N is the length of equal-sized vectors

x and y.

2.5 Mean Center Clustering

In this subsection, the algorithm of mean center clustering is explained. MCC is a

clustering technique based on the first level (mean) and second level (variance) statistics

of data. These statistics are very easy to calculate which makes MCC a highly efficient

clustering technique. The proposed technique to center the cluster on its respective

mean is described by a flow chart given in Fig. 2.1. The melody to be clustered is first

represented as a data vector consisting of the samples of melody. Then the mean and

variance of this data vector are calculated. Mathematically, for a data vector d containing
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n samples d1, d2, · · · dn, the mean Sd is calculated as

Sd =
1

n

n∑
i=1

di (2.6)

Now, the variance Vd is calculated as

Vd =
1

n

n∑
i=1

(di − Sd)2 (2.7)

Finally, the clustering is made based on the value of the variance Vd calculated in

(2.7).

In order to cluster the data using MCC, the data vector d needs to be transformed into

a new data vector t. Mathematically, the transformed value is calculated as

t =
(di − sd)2

Vd
+ Sd, for Vd ≥ 1;

= (di − sd)2 ∗ Vd + Sd, for Vd < 1 (2.8)

Since each sample needs to be uniquely centered about the class mean; means of samples

from each class are computed for every individual data vector. Similarly, variances are

computed as an average deviation of each sample of a particular row from its class mean.

The transformed values are nothing but variance normalized deviation of samples from

their class mean represented about the mean itself. As a result of this transformation,

data is clustered in the pattern space.

2.5.1 MCC on DCT

As a result of any preprocessing technique should be independent of the choice of training

and test sets the authors were motivated to employ DCT prior to the application of

MCC. It is well known that cosine transforms map the raw data in the time domain to

transformed spaces in the frequency domain where the natural clusters in the data become

more distinguishable. Therefore, subsequent application of MCC on DCT coefficients is

likely to ensure better generalization by final classifiers. DCT coefficients obtained are

clustered using MCC.

The musical data present in the audio clips consist of ordered sets of temporally vary-

ing pitch levels. Music aesthetics reduces these pitch levels into notes which forms a

discernible syntax for musical compositions. In other words, some sort of clustering pre-

cedes the identification of notes and comprehension of melodic structures. This natural
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clustering step should be replicated in artificial classifiers for efficient classification.

In contrast, the proposed technique (MCC) clusters the data around the statistical mean

of the training samples making the properties of the clusters dependent upon the choice

of training and test subsets. Since the result of any preprocessing technique should be

independent of the choice of training and test sets the authors were motivated to employ

DCT prior to the application of MCC. It is well known that cosine transforms map

the raw data in the time domain to transformed spaces in the frequency domain where

the natural clusters in the data become more distinguishable. Therefore, subsequent

application of MCC on DCT coefficients is likely to ensure better generalization by final

classifiers. DCT coefficients obtained are clustered using MCC.

2.6 Genre Classification via MCC

Two popular classifiers: backpropagation trained Artificial Neural Network (ANN) and

Support Vector Machine (SVM)are employed for the task of classification of melodic

structures in this work. It is observed from the literature that the application of ANNs in

music analysis in general and melody classification, in particular, has been rather limited.

Nevertheless, ANNs find huge applications in the field of identification, decision making,

pattern recognition, and clustering.

Neural nets are widely used in pattern recognition because of their ability to generalize

and to respond to unexpected inputs/patterns. The network can be trained to perceive

the criteria used to classify, and it can do so in a generalized manner allowing successful

classification of new inputs that are not used during training [181]. It can work with

large numbers of qualitative variables such as behaviors, provided that it can be coded,

and able to use non-linear linked variables [182]. On the other hand, SVM is a popular

statistically robust learning method based on risk minimization. SVM trains a classifier

by finding an optimal separating hyperplane which maximizes the margin between two

classes of data in the kernel induced feature space [183]. From the available literature

it is observed that supervised clustering as a pre-processing step results in significant

improvement in the training phase performance of ANN/SVM which may further lead to

good generalization in the testing phase [184, 185]. Thus, this method essentially works

for new data points with unknown labels after properly training the classifier.

To address the problem of genre classification, we utilize the proposed clustering technique

followed by conventional classifiers like SVM and ANN to automatically classify music

genre.
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2.7 Data acquisition and description

Two different datasets are used in this work to check the validity of proposed technique.

A brief description of these two datasets is given in Chapter 1, Section 1.12 (data acqui-

sition). In the context of Indian classical music, raga is the primary melodic mode. A

raga is a tonal framework for composition and characterization. Music historians have

found that mediaeval European church modes bear significant similarity to ragas in In-

dian musical tradition [186]. A raga uses a series of melodic notes upon which a melody

is built. Compared to the classification of individual melodies, automatic identification of

a raga is a bit more challenging task. This is because the way the notes are approached

and rendered is more important in defining a raga than the note itself. Furthermore,

no two performances of the same raga need to be identical even by the same artist.

Nevertheless, automatic raga identification can provide a basis for searching for similar

songs and generating automated playlists that are suited for a certain aesthetic theme

[76, 187].

2.8 Results and discussion

2.8.1 Results from scatter plots

The raw music files of Raga data belonging to Data set 1 are shown as a scatter plot

in Fig. 2.2. Raw data here means the original unprocessed data which are music pieces

belonging to different classes. The legend shows the generic name of the raga classes.

For the sake of brevity, scatter plots for only the raga data set are shown. However, final

classification results will be furnished both for raga and MIDI datasets.

The raw data scatter plot depicts time-domain samples obtained from the imported files.

Here, D1, D2, and D3 represent dimensions with the largest, second largest and third

largest variance respectively. Similar scatter plots can be drawn with other combinations

of dimensions. However, for the sake of convenience, we have chosen to reproduce only

Fig. 2.2 as a representative plot of raw data in the pattern space. The jumbled nature

of raw data is evident from Fig. 2.2 and it is necessary to apply an appropriate pre-

processing technique before subjecting it to the final classifier.

We compare the proposed clustering algorithm with some other techniques available in

literature like PCA and DCT. PCA is a standard statistical technique that can be used to

reduce the dimensionality of a data set of different classifiers on different musical feature

sets to determine the genre of a given music piece, without much loss of information. PCA
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Figure 2.2: Raw data scatter plot.

Figure 2.3: PCA scatter plot.
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Figure 2.4: DCT scatter plot.

is an unsupervised method, which makes no use of information embodied within the class

variable. Whereas, DCT is a useful approach used in signal and image processing. It

transforms the signal, from the spatial domain into the frequency domain. The two-

dimensional DCT is calculated by matrix multiplication to reduce the computational

complexity by row-column decomposition.

The scatter plot along the first three principal component axes obtained from PCA is

shown in Fig. 2.3. The scatter plot of DCT processed data is shown in Fig. 2.4. DCT

and PCA produce overlapped clusters. Hence clustering efficiency is poor. The scatter

plot created as a result of MCC on Raw data is shown in Fig. 2.5. It is evident from

Fig. 2.5 that the application of MCC has resulted in the improved class separability in

a three-dimensional pattern space. To compare the clustering results of MCC with other

techniques available in literature like PCA and DCT, we utilize both scatter plots and

DB index.

It is not always possible to visually analyze the class separability of the data especially

when it is high dimensional. Therefore, we have employed a cluster validity measure.

In this work, the DaviesBouldin (DB) index has been employed as the validity measure.

This index is a function of the ratio of the sum of within-cluster scatter to between-cluster
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Figure 2.5: MCC on raw data scatter plot.

Figure 2.6: MCC on DCT scatter plot.
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Table 2.1: DB indices of clusters formed with training data.

S.No. Type of Data
DB Index

(Raga data set)
DB Index

(MIDI data set)
E.D. M.D. E.D. M.D.

1 Raw data 1.29 1.06 0.98 0.76

2
PCA

processed data
1.22 1.03 0.98 0.76

3 DCT coefficients 1.05 1.01 0.87 0.66

4
MCC on
raw data

0.85 0.99 0.65 0.79

5
MCC on

DCT coefficients
0.45 0.85 0.44 0.25

separation. A lower DB index is indicative of compact and well-separated clusters and is

a measure of the effectiveness of underlying clustering technique [188].

Let σi be the average distance of each sample in the ith cluster from its mean. If there

are k clusters in the data, the DB index is given by

DB =
1

k

k∑
i=1

max

[
σi + σj
d(Ci, Cj)

]
; i 6= j (2.9)

Where, d(Ci, Cj) is the inter-cluster distance between any two cluster centroids Ci and

Cj. DB index has been calculated for both for the raw and the pre-processed data using

Euclidean distance (E.D.) and Mahalanobis distance (M.D.)as metrics.

The index was computed employing both Euclidean distance and Mahalanobis distance.

DB indices of clusters formed with data pre-processed using different techniques and

different distance metrics have been enlisted in Table 2.1. It can be observed that MCC

applied on DCT coefficients yields the best cluster validity and hence it is expected to be

reflected in the final classification success rate. The MCC on DCT scatter plot is shown

in Fig. 2.6. Furthermore, the raga data set has poor cluster validity as compared to MIDI

data even after pre-processing. We have compared the results given in [189] in which an

MFCC based classifier is used. The work is based on Carnatic Music. We have taken the

cases of only the parent ragas for comparison. As given in Table 2.1 of [189], an overall

accuracy of about 20 to 30% is obtained by using the Mel-frequency cepstral coefficients

(MFCC) based algorithm. While the use of our proposed MCC based classifier results in

50% accuracy. Moreover, an additional 5% i.e. 55% accuracy is obtained in classification

by using DCT based MCC.
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Figure 2.7: Block diagram of classification system.

It is to be noted that MCC gives unique non-overlapping clusters. DCT on MCC gives

even better results. In order to prove this fact, two classifiers have been used and their

performance for each case i.e. with and without MCC processed data is evaluated in the

next subsection.

2.8.2 ANN and SVM Classifiers

The present work employs backpropagation algorithm trained ANN and SVM as final

classifiers. Backpropagation algorithm, recognized all over the world as a powerful tool

to train multilayer perceptrons, uses gradient descent technique to update the network

weights [190]. PCA, DCT and MCC are used as pre-processing techniques followed by

ANN/SVM as a classifier. The block diagram of classification process is shown in Fig.

2.7. It may be worth mentioning that the complexity of neural network implementing

the global approximation strategy is less as compared to SVM because NN employs very

small number of hidden neurons [191, 192]. On the other side the SVM is based on the

local approximation strategy and uses large number of hidden units. For N number of

samples, the computational cost of NN implemented by multi-layer perceptron has been

found to be of the order of N2 where for SVM it approaches to N3 [193, 194].

For both SVM and ANN, 10-fold cross validation was used in this work which divides

the data into a set of K subset of the same size. One of the subset is used as a validation

data set in turn to test the model and remaining k-1 subsets are combined together for

training data set. The cross-validation process repeats k times [195]. The classifier was

trained to 500 epochs with training function trainlm being used. The number of neurons

in the hidden layer was varied experimentally and a particular architecture was trained

with input data a number of times. All the architectures were then simulated with the

test data and actual classification performance for unlabeled samples was noted.

We have trained the network 20 times each with a particular architecture. The architec-

ture was changed by changing the number of neurons in the hidden layer from two to
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Table 2.2: ANN classification results (Raga Data).

No. of
Neurons
in the

hidden layer

Percentage classification
Pre-processing

Raw
data

PCA DCT
MCC on
raw data

MCC
on DCT

2 27.50% 31.90% 40% 53% 32%
3 35.80% 41.60% 52% 39.80% 58.90%
4 47.80% 27.50% 40% 63.50% 58.20%
5 35% 48% 47% 42.70% 67.40%
6 42% 36.60% 48.60% 42% 51.30%
7 35.50% 33.90% 39% 51% 57.50%
8 36.60% 43% 46% 47.80% 38%

Table 2.3: ANN classification results (MIDI Data).

No. of
Neurons
in the

hidden layer

Percentage Classification
Pre-processing

Raw
data

PCA DCT
MCC on
raw data

MCC on
DCT

2 33.50% 43.50% 38.20% 62.00% 53.90%
3 40.10% 40.80% 40.40% 73.80% 56.40%
4 42.70% 47.70% 53.30% 79.50% 81.30%
5 43.60% 39.90% 38.30% 74.90% 83.10%
6 49.60% 44.60% 37.60% 82.20% 78.90%
7 46.90% 46.50% 39.00% 77.10% 79.50%
8 47.00% 47.00% 39.80% 76.10% 80.60%

Table 2.4: SVM binary classification (Raga data)

Classes

Percentage Classification
Pre-processing

Rawdata PCA
MCC on
raw data

DCT
MCC

on DCT

Asa 66% 66% 99% 63% 74%
Basant 81% 81% 99% 60% 67%
Malhar 54% 58% 72% 52% 88%
Shiri 59% 61% 79% 74% 97%
Gauri 62% 54% 87% 63% 69%
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Table 2.5: Confusion Matrix of Raga data (Multi SVM)

Classes
Overall percentage classification: 24.16%

of test samples
Asa Basant Malhar Shiri Gauri

Asa 61 39 32 59 83
Basant 49 13 64 75 74
Malhar 56 14 77 54 74
Shiri 58 31 63 57 66
Gauri 76 26 23 26 124

Table 2.6: Confusion Matrix of MCC processed Raga Data (Multi SVM)

Classes
Overall percentage classification: 92.43%

of test samples
Asa Basant Malhar Shiri Gauri

Asa 270 1 2 0 1
Basant 0 239 36 0 0
Malhar 4 48 223 0 0
Shiri 6 2 3 264 0
Gauri 0 1 0 0 274

Table 2.7: SVM binary classification (MIDI data)

Classes
Percentage classification

Pre-processing

Raw data PCA DCT
MCC on
raw data

MCC
on DCT

Pop 69% 69% 38% 97% 76%
Folk Country 47% 50% 37% 90% 92%

Electrics 51% 53% 51% 89% 50%
Blues 55% 64% 59% 79% 76%

Alternative 41% 48% 53% 99% 94%

Table 2.8: Confusion Matrix of Multi SVM on MIDI Raw data

Classes
Overall percentage classification: 29.39 %

of test samples
Pop Folk Country Electrics Blues Alternative

Pop 45 18 25 22 109
Folk Country 7 40 57 8 108

Electrics 6 56 49 19 90
Blues 13 44 42 25 96

Alternative 27 14 8 7 164
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Figure 2.8: Performance comparison of preprocessing techniques on raga data (ANN
classifier).
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Figure 2.9: Performance comparison of preprocessing techniques on MIDI data (ANN
classifier).

Table 2.9: Confusion Matrix of Multi SVM on MIDI MCC processed data

Classes
Overall percentage classification: 93.27%

of test samples
Pop Folk Country Electrics Blues Alternative

Pop 218 0 0 1 0
Folk Country 0 194 26 0 1

Electrics 2 30 188 0 0
Blues 7 0 8 205 0

Alternative 0 0 0 0 220
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eight. Since initial weights for each experiment have been saved, testing was performed

for each architecture using the weight set that resulted in minimum training error. Tables

2.2 and 2.3, report testing phase performance for the ANN classifier. The melodies were

taken from Raga ASA in the results given in 2.2 and 2.3 the MIDI data was taken from

the western dataset of class POP. It is evident that the application of MCC on raw data

has resulted in significantly better classification results for almost all the architectures.

However, the best classifications were obtained when ANN was trained with MCC pro-

cessed DCT coefficients. With five neurons in the hidden layer, 67.4% success rate has

been obtained for the raga data.

Employing MCC on DCT has given better results with the MIDI data set where we

obtained 83% success rate in the testing phase. This may be attributed to a simpler

structure of features of songs in the MIDI data set. Nevertheless, the efficacy of MCC as

a pre-processing stage may be deemed established. Tables 2.4 to 2.9 represent results of

SVM classification both in binary and multiclass modes. Tables 2.4 and 2.6 show results

in terms of percentage classification of test samples when the training samples were

processed using different techniques. While tables 2.5 and 2.7 are confusion matrices

showing a number of test samples correctly assigned to their respective classes. A close

inspection of Tables 2.8 and 2.9 reveals that MCC processed data dramatically improves

the multi-class generalization performance of the SVM classifier. The comparison of

traditional techniques viz. PCA and DCT with the proposed MCC are provided in Fig.

2.8 and 2.8 for different ANN architectures. It is evident that MCC on DCT on raga

data yields the best classification result with 67.4% and on MIDI data 83.1% unlabeled

samples correctly assigned to their parent class. It is observed that in the case of the SVM

classifier, applying DCT before MCC does not improve the performance. The reason for

such results may be that DCT, in this case, is not able to provide linear separability of

the data in pattern space. Instead, it makes the process more complex which results in

deterioration of the results.

2.9 Conclusion

The work presented in this chapter demonstrates the efficacy of supervised clustering

on the final classification of musical signals. The application of MCC on both raw data

and DCT coefficients has served to improve the classification success rate substantially.

Furthermore, the performance of the ANN classifier has been more consistent with the

MCC processed data than with raw data, PCA processed data or with DCT coefficients.

The proposed technique has given even better results with the SVM classifier. The

correlation between a lower DB index of the preprocessed clusters and the percentage
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classification obtained using ANN/SVM classifiers underscores the necessity of cluster

validity measures in the selection of an appropriate pre-processing technique. Future

work may be directed towards making the pre-processing stage unsupervised so that

we dont have to rely on a large pool of data for training. It is also hoped that the

identification/extraction of other appropriate features from musical samples may further

enhance the success rate of the final classifier.
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Chapter 3

n-Gram based Template Matching for Melody

Classification

This chapter reports the application of n-Gram based template matching for raga and

composer based classification. In the fields of computational linguistics and probability,

an n-Gram is a contiguous sequence of n items from a given sequence of text or speech. n-

Gram is a very popular technique among fraternity researching in the fields of linguistics

and probability which is defined as the neighboring sequence of n items obtained from a

given sequence of speech, music or textual data. The type of information used in n-Gram

usually depends on the application. In music analysis, n-Gram is used to calculate the

similarity of a given string of text or speech corpus with data. Depending on the value

of n used in an n-Gram, it is referred to as unigram, bigram, trigram or more commonly

by the value of n like two-gram, three-gram, four-gram etc.

Traditionally, n-Gram is used in the problems of word prediction. The upcoming word

can be predicted from the previous (N-1) words by using n-Gram. These models are also

called language models or LMs. These LMs can be used to assign a probability of the

next word. Estimators like the n-Gram that assign a conditional probability to possible

next words can be used to assign a joint probability to an entire sentence. n-Grams

models are one of the most important tools in speech and language processing. n-Gram

is essential in any task in which the words must be identified from ambiguous and noisy

inputs.

3.1 Applications of n-Gram

Due to its various advantageous features, the n-Gram model finds its applications in music

analysis, language processing, biology (biological sequence analysis), data encryption and

compression, wireless communication, probability theory, Statistical Machine Translation

(SMT) and many more. Some of these advantageous features are the simplicity of the

implementation of the n-Gram algorithm and the ability to be scaled up to any order

from small experiments. Augmentative communication [196] is another application of

the n-Gram algorithm in which people who are unable to use speech or sign language to
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communicate are helped by using simple body movements to select words from a menu

that are spoken by the system. Using n-Gram models, word prediction can be used to

suggest likely words for the menu.

Some of the other areas where n-Gram is used are as follow:

� Part of speech tagging [197]

� Natural Language Generation [113]

� Word Similarity

� Authorship identification

� Sentiment Extraction

� Predictive Text Input (Cell phones)

3.2 Advantages/drawbacks

Practical systems often use n-Gram algorithms due to its low latency and robust nature

to handle spontaneous speech effects such as hesitation and lapses. Due to this, n-Gram

algorithms become extremely efficient and perform well. An n-Gram language model is

essentially a look-up table: no probability needs to be computed at test time, except

when the model backs off and then the computation is easy. Moreover, n-Grams can

be converted to FSTs which means that they can be easily integrated into the efficient

FST-based search engine which uses Viterbi decoding.

However, when we target large models with lots of training data and large vocabularies, it

has been shown that n-Grams are not the best choice with regards to modeling accuracy.

Williams et al. [25] showed that n-Gram performance quickly saturates with increased

n and that an n-Gram model is unable to exploit an increase in data beyond a certain

point. Essentially this means that n-Gram models can only take us so far. If we want to

increase the accuracy of our speech recognizer we have to look for other models.

3.3 Challenges in melody classification

From the perspective of pattern discovery, composer classification and raga classification

are quite different tasks. The former involves the extraction of composer-specific motifs

through pattern discovery and the latter requires extraction of raga-specific motifs by

identifying inter-opus recurrence. Once the motifs are extracted, they can be used as a
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query for the subsequent pattern matching stage. As will be seen later, the implemen-

tation of a pattern matching stage has its own set of challenges. Nevertheless, the final

classification can be significantly improved by making pattern matching more efficient.

This work is an attempt to implement a general-purpose pattern matching paradigm

which extracts class information from the motifs. The technique proposed here can ac-

complish both composer classification and raga classification using motifs obtained via a

preceding pattern discovery stage. The performance of the pattern matching technique for

raga classification has also been evaluated with catch phrases (traditional motifs).

3.4 Motivation and contribution

Musical creations and performances are often complex and sophisticated and so is its

processing and analysis. Recent innovations in information technologies and especially

digital signal processing have brought about tremendous changes in the way music con-

tent is used and accessed. Thus, computational musicology is a vibrant field aiming to

surmount innumerable challenges. Identification of individual melodic structures poses

a plethora of challenges since there is inherent subjectivity in the way humans classify

musical signals. Every musical phrase possesses some unique features which help humans

distinguish one piece from another. These features hold in them the complete essence of

both behavioral as well as signal-based properties of music [109].

However, most of the cultures around the world have their own way to classify music;

how music is perceived varies from one culture to another. Nevertheless, most of the

cultures around the world possess some loose templates which are invoked when listening

to a rendition. The templates (called as catch phrase in this work) may or may not be

predefined for a class of music but their existence cannot be ignored. In classical Indian

music, these templates are termed as Pakad (catch phrase) which represents a particular

class of Indian classical music. Raga is termed as a class in Indian classical music to which

melodic structures may belong based on their properties. The pakad or catch phrase of

a Raga can be used as an input to n-Gram algorithm to check whether a given melody

belongs to that Raga or not. The melody in itself can be constructed from any number

of individual notes. However, the melody can be related to its particular class with the

help of catch phrase of that class.

More emphasis is given to the way notes are approached and rendered rather than the

notes themselves in raga based compositions and hence any two performances of a raga

are never identical even if done by the same performer. It is very difficult to identify the

class of a given melody for a listener who is not from a music background. Moreover,
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performances are graded in terms of their degree of match with the standard template

and this attribute is a rather subjective one. On the other hand, in western classical

music, this makes the scope of n-Gram based matching technique rather limited. In a

nutshell, this work seeks to answer the following questions related to the classification of

melodic structures in general and Indian ragas in particular.

� How to impart the ability of automatic music classification to a machine?

� Is it easier to classify those structures for which unique templates exist?

� How to efficiently utilize n-Gram matching for those melodic structures which do

not possess a template?

The above questions have been answered in the backdrop of the current state of the art

which makes extensive use of n-Gram techniques for melodic analysis.

3.5 n-Gram Algorithm

In n-Gram model, the matching score for k different data strings can be calculated as

Φn−Gram (wk) = wk−n+1, wk−n+2, · · · , wk−1 (3.1)

where the value of n is kept between the numbers 2 and 5. The n-Gram probabilities can

be estimated by means of relative frequencies as

P
(
wk | wk−1k−n+1

)
=
C
(
wkk−n+1

)
C
(
wk−1k−n+1

) (3.2)

where C(·) indicates the count or number of times a word sequence occurs in the training

data. The problem with this maximum likelihood estimate, however, is that it does

not take into account data sparsity. Since (3.2) factorizes the probability of a word

sequence P (wN−1) into a product of conditional probabilities P (wk | wk1kn+1), this means

that a single zero or undefined conditional probability P (wk | wk1kn+1) leads to a zero

or undefined probability P (wN−1) of the entire word sequence. For decades researchers

tried to overcome these sparsity issues with well-known smoothing techniques such as

discounting, back-off and interpolation [198]. We will not dwell on this multitude of

smoothing techniques, but rather refer the interested reader to Chen and Goodman [199],

who made an excellent overview in addition to proposing modified Kneser-Ney smoothing,

which is commonly accepted as the best n-Gram smoothing technique. Even today, some

40 years after they were introduced, n-Grams continue to be apopular, if not the most

popular, choice of language models in automatic speech recognition and other fields. This
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success can be mostly explained by the ease with which they can be trained and evaluated

and by the fact that they can be readily integrated into speech recognition systems.

Although n-Gram features reduce the parameter space of P (wk | wk1) and consequently

to some extent also the data sparsity, they completely fail to capture language phenomena

that span longer distances. Moreover, even with reduced contexts, data sparsity is still

an issue. For an n-Gram language model to make a reliable probability estimate of a

word sequence, this sequence has to occur exactly in the training data. That is, n-Grams

cannot generalize to similar words, which hamper their ability to share contexts and make

full use of the available training data. Fig. 3.1 shows the catch phrase, test string and

windows for calculating exact 2-Gram matching for a given illustration.

Figure 3.1: Catch Phrase, Test string and windows for calculating Exact 2-Gram
matching.

3.6 n-Grams Extraction

n-Gram is simply n consecutive letters or words. There are word and character n-Grams.

They overlap, i.e. each token belongs to n n-Grams. For instance, in text Music we

have 3 character 3-grams: Mus, usi and sic. n-Grams are very useful in natural lan-

guage processing (NLP) in the situations, where not only words are significant, e.g. in

authorship attribution, language recognition or where it is hard to separate the words.

A good example is Thai, where there are no whitespaces. In this aspect, Thai is espe-

cially similar to music for us it is just a flow of characters without order or semantics;

however it still remains a natural language for Thais. If the NLP tools may also be ap-

plied to this language, why they cannot be applied to music as well (treated as a natural

language).

The first step of n-Gram extraction after simplifying the data from MIDI files (i.e. making

linear order of notes in each track), is to find what could represent unigrams. The simplest
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approach would be just getting the duration or pitch as the basic feature, but this does

not bring good results. The pieces can be played at different speeds and can be transposed

to any key. The features one needs have to be key independent so that not the absolute

note pitch is important, but the relative pitch to other notes. It is crucial because the key

does not tell us anything about a certain work, e.g. J. S. Bach wrote two sets of preludes

and fugues, each fugue in each existing key in well-tempered scale, thus if one does the

pitch distribution analysis, we will obtain one flat, normalized. The second important

feature of musical n-Grams is that they should be tempo-independent. In MIDI files the

duration is not given symbolically as quarters, eights, half-notes, but in a direct way,

that can be mapped to milliseconds. Every MIDI file representing the same piece, but

sequenced by different people (or programs) will look a little bit different. The following

steps were applied:

� Calculate the similarity scores (n-Gram scores) for each composer.

� Sum up all the similarity scores of each individual composer.

� Sort the sum of scores for different composers in descending order.

� Take the composer with the highest sum as a result (classified class).

Fig. 3.2 shows a string of 12 notes which has been obtained by annotating the first

clipping from the set of song samples. Equal sized overlapping windows with 4 notes

have been shown. Similarly, Fig. 3.3 depicts a string of 8 notes corresponding to a catch

phrase. The string of the catch phrase has four consecutive 2-grams as shown in Fig. 3.3.

For n-Gram matching, each of the consecutive n-Grams of the catch phrase is searched

in all overlapping windows of size 2n in the test string. Thus, initially the first 2-gram

(E,D#) will be searched in the first window of the test string (A,B,C#, D) followed by

a search in the 2nd, 3rd, and 4th window and so on. Any exact match yields scores a 1

and individual scores are cumulatively added for all the 2-grams. The catch phrase of a

melody class, the test string to identify the corresponding class of music piece and the

windows of test string for n-Gram for finding a match is shown in Fig. 3.4.

Figure 3.2: Test string with 12 notes.
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Table 3.1: 2-Gram Matching Scores

Test String
Catch Phrase

C 1 C 2 C 3 C 4
S1 5 6 2 3
S2 11 8 2 3
S3 5 5 3 3
S4 9 6 2 4
S5 5 9 6 5
S6 5 6 7 6
S7 5 6 8 4
S8 7 8 9 5
S9 4 12 9 6
S10 5 9 8 8
S11 7 8 7 10
S12 5 12 5 3
S13 5 8 9 8
S14 6 8 6 6
S15 6 8 9 8
S16 6 6 7 5

Table 3.2: 3-Gram Matching Scores

Test String
Catch Phrase

C 1 C 2 C 3 C 4
S1 1 0 0 0
S2 1 0 0 0
S3 0 0 0 1
S4 2 3 0 0
S5 0 0 2 1
S6 1 1 2 1
S7 1 0 1 1
S8 0 2 0 0
S9 0 0 2 0
S10 0 1 1 0
S11 1 0 0 2
S12 1 0 0 1
S13 2 2 2 0
S14 2 0 1 0
S15 2 1 0 1
S16 1 0 2 2
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Figure 3.3: Catch phrase with 8 notes.

Figure 3.4: Figure shows (a) catch phrase of a melody class (b) test string to identify
the corresponding class of music piece and (c) windows of test string for n-Gram for

finding a match.

As the first step n-Gram matching has been implemented for 2, 3, and 4-gram of the catch

phrase. Final scores for 2, 3, and 4-gram matching have complied in the form of Tables

3.1, 3.2, and 3.3 respectively. In this work, the test string S1, S2, · · ·S16 are the strings

selected from Dataset-1. These results are calculated by using the datasets explained in

Chapter 1. The two datasets are the classical western dataset called as Dataset 1 and

classical Indian dataset called as Dataset 2.

It is evident from Tables 3.2 and 3.3 that as the length of the gram increases there are

fewer occurrences of matching of the catch phrases with the test strings. This is expected

since the possibility of exactly matching a longer string of the catch phrase is less than

that for a shorter string of the same catch phrase. However, it was felt that during the

matching of higher grams, non-exact matching should also be reflected in the final scores.

Intuitively, if an exact match gives a perfect impression to a listener, an almost exact

match often gives a flavor of the intended class. Therefore, we have identified matching

instances of 2 and 3 notes in 3-gram and 4-gram matching respectively and modified the

scores of Tables 3.2 and 3.3 adding a value of 0.33 and 0.167 for three and two note non

exact matching obtained respectively while looking for a four gram match.
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Table 3.3: 4-Gram Matching Scores

Test String
Catch Phrase

C 1 C 2 C 3 C 4
S1 0 0 0 1
S2 1 0 0 0
S3 0 0 1 0
S4 1 0 0 0
S5 0 0 0 0
S6 0 0 1 0
S7 1 0 0 1
S8 2 0 1 0
S9 0 1 0 1
S10 0 0 1 0
S11 1 0 0 0
S12 0 1 1 0
S13 0 0 1 0
S14 0 1 0 1
S15 0 0 1 0
S16 0 1 1 0

3.7 Catch phrase for string matching

Cultures around the world have their own distinct melodic structures and definition of

rules to compose music. Yet they all are similar in the sense that most of them contain

discernible patterns that enables a listener to classify the musical piece by composer,

style, genre, geographic region, etc. However, subsequent processing of this information

for the recognition and classification of melodic structures is a rather complex process.

Melodic structures are identified by humans based on the arrangement of frequencies

in them as well as other parameters such as tone, pitch, rhythm and tempo. Melodic

structures are usually identified by matching a distinctive motif fixed in the memory to

the piece of melody being played [126].

In some musical traditions, stylistic motifs are traditionally available as strings of in-

dividual notes. For instance, Indian classical music makes use of the raga framework

quite extensively. The nature of raga lies between a modal scale and a tune. It consists

of five to nine musical notes based on which melody is constructed [200]. Traditionally

available motifs known as Pakads are associated with many ragas. The term Pakad can

be roughly translated to catch phrase. The catch phrase holds the essence of a particular

raga, and its presence in a recital enables the listener to identify it. Henceforth, the

term catch phrase is used to describe traditionally available raga-specific motifs. Melodic
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frameworks similar to ragas have also been identified in other musical traditions [201].

One particular genre of traditional Chinese music consists of a repository of traditional

melodies, together known as Qupai in which embellishments and variations in tempo are

permissible to a great extent. The catch phrases play similar role in classification of ragas

as do stylistic motifs in composer classification.

3.8 Patten Discovery Algorithm

In western classical music, no catch phrase is available for a given class of melodies. So,

in order to classify the western classical music by n-Gram algorithm, a pattern discovery

technique based on Structure Induction Algorithm (SIA) is used. The catch phrase is

extracted from a given melody by SIA algorithm and is further used by n-Gram algorithm

to calculate matching scores. The input to our melody classification algorithm is a MIDI

file containing notes. For Indian classical music, the catch phrases of all the possible

classes to which the given test song may belong are available. Hence, n-Gram matching

algorithm can directly be applied on a test string using the given catch phrase in this case.

But, in the case of western classical music, no such predefined catch phrases are available

in the literature based on which classification decision could be made. Hence, a pattern

discovery technique called Structure Induction Algorithm (SIA) is used to calculate the

catch phrase for a test string in this work.

SIA was originally introduced by Meredith et al. [202] from which the details of this tech-

nique can be found. An advance SIA based algorithm called SIARCT [123] is used here

which computes the maximal repeated patterns (MTP) by SIA (sorted into lexicograph-

ical order) and trawling inside this MTP from beginning to end, returning subsets that

have compactness greater than some predefined threshold. This pattern discovery algo-

rithm acts as a preprocessing technique to the n-Gram matching algorithm to calculate

the catch phrase of a given test string. Even though the catch phrase for some melodic

classes (like ragas) is available but for the sake of uniformity, all the catch phrases used

in this work are generated by the pattern discovery algorithm SIARCT.

3.9 Music classification using n-Gram

Music retrieval is often treated as a string matching problem [203]. One such popular

technique is the exact n-Gram matching technique which is used in this work to extract

similarity between a catch phrase and test string [196]. n-Gram is created by taking a

non-overlapping frame of N notes from the catch phrase and overlapping 2N notes from

the test string. These frames can take any length depending on the value of N and
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contains adjoining notes. For n-Gram matching, each of the consecutive n-Grams of the

catch phrase is searched in all windows of size 2N in the test string. Any exact match

produces a score 1 and individual scores are cumulatively added to get the total n-Gram

matching score.

An example is given in Fig. 3.4 for a better understanding of how the test string and

catch phrase are divided into windows for n-Gram calculation. Fig. 3.4(a) represents a

catch phrase and 3.4(b) represents a test string of 10 notes from our database. Windows

of length twice the n- Gram for 2, 3, 4 and 5-Gram are shown in 3.4(c). It is to be noted

that the windows of test string for a particular n-Gram are shifted without overlapping

while in the case of catch phrase, these windows of length n are shifted by overlapping

the last n1 notes of the previous window. Table 3.4 shows the confusion matrix of exact

n-Gram showing the number of melodies classified against different classes for Dataset-1.

The confusion matrices for exact n-Gram are shown in Tables 3.4 and 3.6 for Datasets-1

and 2, respectively.

Table 3.4: Confusion matrix of exact n-Gram showing number of melodies classified
against different classes for Dataset-1.

Predicted Class
C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

A
ct

u
al

C
la

ss

C1 4 1 0 2 0 1 0 1 1 0
C2 1 5 1 0 1 1 0 0 1 0
C3 0 1 6 0 1 1 0 0 0 1
C4 2 0 0 6 0 0 1 0 0 1
C5 1 1 0 1 5 0 2 0 0 0
C6 0 0 1 0 0 7 0 0 1 1
C7 1 0 1 0 2 0 4 0 1 1
C8 1 0 2 0 3 0 1 3 0 0
C9 1 1 0 1 0 2 0 0 4 1
C10 2 0 1 1 0 1 0 1 0 4

Precision rate 49.08%
Recall rate 48%
True negative rate 50.73%

3.10 Fuzzy Inference System

Fuzzy Inference System is employed in this work which utilizes fuzzy set theory to map

features of input to output classes. This mapping includes fuzzifying the inputs using

appropriate membership functions and determining a set of fuzzy rules to combine the

fuzzified inputs. Finally the output is defuzzified to get the classification results. The FIS
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is implemented using Mamdani type fuzzy model. Mamdani method is widely accepted

and famous among researchers for capturing expert knowledge and allows describing

the expertise in more intuitive and practical manner [198]. Let us take n MIDI files

S1, S2, S3, · · ·Sn. The catch phrase calculated form these MIDI files is C1, C2, C3, · · ·Cn.

Let M1 is the overall matching score for a given MIDI and Mp,q is the matching score

of pth MIDI with qth catch phrase. The priority score for a particular catch phrase with

a melody is p(Cq). The algorithm for the proposed classification system using exact n-

Gram matching is as follows:

Algorithm:

INPUT: Set of MIDI files; S = S1, S2, S3, · · ·Sn

1. Apply SIARCT on given test string to calculate catch phrase Ci

for i = 1 to n

Ci = SIARCT(Si)

end for

C← C1, C2, C3, · · ·Cn

2. M1 ← 0

for n = 2 to 5

3. Divide Cq into non overlapping subsets of length n

Cq ← Cq(n, j); j = 1 to (length (Cq/n).

4. Divide Si into windows of length 2n

Si← Sp(2n, k); k = 1 to (length (Sp)/2n).

5. Score = Cq − Sp

6. if sum(Score)=0

7. Mp,q = Mp,q + 1

8. M1 = {Mp,q}
end for

9. Calculate Priority Score, p(Cq) for Exact Fuzzy score

10. Output score =
∑

iTotal Priority score(i) ; i=catch phrase

11. Matched string = index of max(Output score)
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3.11 Membership Function and rule construction

After determining the feature vector for all possible pairs of test phrase and catch strings

of database by n-Gram matching, FIS is constructed by designing membership functions

and rules. Different membership functions are available to fuzzify the input feature vector

like Triangular, Trapezoidal, Gaussian, Two-Side Gaussian, Bell-Shape, Product of Two

Sigmoid, Differences between Two Sigmoid and Pi-Shape. Based on the best performance,

Triangular, Trapezoidal and Gaussian type membership functions have been chosen and

their performance is analyzed. Input score of each n-Gram is characterized using four

membership functions denoted by weak (W), moderate (M), good (G) and excellent (E)

match. Similar membership functions are taken for output variable. In Fig. 3.5, the

chosen Membership functions used in FIS are given. The defuzzification, implication and

inference settings used for the system are listed below.
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Figure 3.5: Membership functions used in fuzzy inference system.

� Centroid method is used for defuzzification and min for implication.

� Max operator is used to aggregate all the results to form the output.

� And and Or logics are implemented using Min and Max operators respectively.

The eight rules in the FIS are listed in Table 3.5. In the testing phase, when a query

MIDI file (test string) is used to check the accuracy of designed FIS, the n-Gram score
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Table 3.5: Rules used in the Fuzzy Inference System.

Rule No 2-Gram 3-Gram 4-Gram 5-Gram Output Weight

1 E E E E E 1
2 G G G G G 1
3 M M M M M 1
4 W W W W W 1
5 E E x x E 0.17
6 G G x x E 0.35
7 M M x x E 0.7
8 W W x x W 0

is calculated for given test string and is represented as feature vectors just like other test

strings and catch phrases stored in database. A measure of the similarity between the

feature vector of test string and a stored feature vector is evaluated and result is provided

in output as a value between (0-100) indicating the similarity of test string with different

catch phrases in the database. The test string is assigned to the catch phrase giving the

highest matching score.

Table 3.6: Confusion matrix of fuzzy n-Gram showing number of melodies classified
against different classes for Dataset-1.

Predicted Class
C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

A
ct

u
al

C
la

ss

C1 8 0 0 0 1 0 0 1 0 0
C2 0 9 0 0 0 0 0 0 0 1
C3 2 0 7 0 0 0 0 0 1 0
C4 1 1 0 7 0 0 0 1 0 0
C5 0 0 0 0 7 1 0 2 0 0
C6 1 0 0 0 0 9 0 0 0 0
C7 0 0 1 0 0 0 9 0 0 0
C8 1 1 1 0 0 0 0 6 1 0
C9 0 0 0 1 1 0 0 0 7 1
C10 0 0 2 0 2 0 1 0 0 5

Precision rate 74.73%
Recall rate 74%
True negative rate 50.40%

The results given by n-Gram algorithm are further improved by using n-Gram based FIS.

Confusion matrices of proposed n-Gram based FIS employing triangular, trapezoidal and

Gaussian membership functions are shown in Table 3.4 to Table 3.10 for melodies from
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Table 3.7: Confusion matrix of exact n-Gram showing number of melodies classified
against different classes for Dataset-2.

Predicted Class
C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

A
ct

u
al

C
la

ss
C1 5 1 0 0 0 0 3 0 1 0
C2 1 3 0 2 0 0 0 3 1 0
C3 0 0 6 0 2 0 0 2 0 0
C4 0 3 0 4 0 0 2 0 1 0
C5 0 2 1 0 3 0 1 0 2 1
C6 1 0 1 1 0 5 0 1 0 1
C7 0 1 0 1 0 1 3 2 0 2
C8 0 0 0 0 2 0 3 4 1 0
C9 2 0 1 0 0 2 0 0 4 1
C10 1 1 0 1 1 1 0 0 0 5

Precision rate 42.97%
Recall rate 42%
True negative rate 50.88%

Table 3.8: Confusion matrix of fuzzy n-Gram showing number of melodies classified
against different classes for Dataset-2.

Predicted Class
C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

A
ct

u
al

C
la

ss

C1 7 0 1 0 0 0 0 1 0 1
C2 1 7 0 0 0 0 1 0 0 1
C3 0 1 6 0 0 2 0 1 0 0
C4 0 1 0 8 0 0 1 0 0 0
C5 1 0 1 0 6 1 1 0 0 0
C6 0 0 0 0 1 7 0 0 1 1
C7 0 0 1 0 0 0 8 0 0 1
C8 0 1 0 0 1 1 0 7 0 0
C9 0 0 1 1 1 0 0 0 7 0
C10 1 0 0 0 0 0 0 0 1 8

Precision rate 71.41%
Recall rate 71%
True negative rate 51.00%

Dataset-1 and Dataset-2. The confusion matrix of exact n-Gram showing number of

melodies classified against different classes for Dataset-1 is given in Table 3.4. Table

3.6 shows the confusion matrix of fuzzy n-Gram showing number of melodies classified

against different classes for Dataset-1. Table 3.7 to 3.10 show corresponding results for

Dataset-2.
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Table 3.9: Confusion matrix of exact n-Gram for traditional motifs phrase showing
number of melodies classified against different classes for Dataset-2.

Predicted Class
C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

A
ct

u
al

C
la

ss
C1 5 0 1 0 1 0 1 0 0 2
C2 1 6 0 1 0 0 0 1 0 1
C3 0 0 5 0 1 0 0 2 0 2
C4 0 1 0 5 0 0 3 0 0 1
C5 2 0 1 0 3 0 2 0 1 1
C6 1 0 2 0 1 4 0 0 2 0
C7 2 1 0 1 0 0 6 0 0 0
C8 0 1 1 1 0 2 0 4 1 0
C9 0 0 0 0 1 2 0 0 6 1
C10 0 0 0 1 1 0 1 0 1 6

Precision rate 50.58%
Recall rate 50%
True negative rate 50.72%

Table 3.10: Confusion matrix of fuzzy n-Gram for traditional motifs showing number of
melodies classified against different classes for Dataset-2.

Predicted Class
C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

A
ct

u
al

C
la

ss

C1 7 1 0 0 1 0 0 0 0 1
C2 1 7 0 1 1 0 0 0 0 0
C3 0 1 8 0 0 1 0 0 0 0
C4 0 1 0 7 0 0 0 1 1 0
C5 0 0 0 0 8 2 0 0 0 0
C6 1 0 0 0 0 9 0 0 0 0
C7 0 1 1 0 0 0 8 0 0 0
C8 0 0 0 2 1 0 0 7 0 0
C9 0 0 0 0 1 0 0 1 7 1
C10 1 0 0 0 0 0 0 0 0 9

Precision rate 78.12%
Recall rate 77%
True negative rate 53.61%

3.12 Conclusion

The n-Gram matching algorithm which is conventionally used for the purpose of string

matching has been utilized for music classification purpose. However, as is evident from

the results simple matching based classification doesnt go beyond 50 % in terms of accu-

racy due to improvisations, embellishments and inherent variability in the composer style

or the style of rendition. We also know that motifs do not come across as a whole in any
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rendition but appear in fragments from time to time without compromising its essence.

An adept listener of vocal or instrumental music seldom misses the occurrence of the

motifs even in fragmented form. This enables human listeners to identify the class of a

musical piece even from the highly fragmented motifs. To train a machine to achieve the

same level of sophication it is necessary to present it with exact but fragmented motifs

during the training phase. The next chapter reports a similar methodology where even

non- exact matches are also given scores based upon the degree of similarity of the frag-

mented motifs to the traditionally available motifs or the motif extracted using SIARCT.
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Chapter 4

Weighted n-Gram and AHP based n-Gram

pattern matching

This chapter introduces the problem of classifying a given melody into its corresponding

class by using a weighted n-Gram and analytic hierarchy process (AHP) with the n-Gram

technique. A weighted n-Gram based template matching algorithm is proposed to classify

the classical melodies into its corresponding classes. The n-Gram matching technique is

used to calculate the matching scores of a given melody. These scores are then fuzzified

and a set of eight rules are formulated for constructing an AHP consisting of both exact

and weighted n-Gram. The extent of matching obtained between the standard template

and the test string is taken as the basis for the proposed AHP. Simulation results are

provided based on the dataset explained in Chapter 1 (classical western and classical

Indian). It is observed from results that the proposed method achieves better recognition

accuracy than the classical n-Gram and fuzzified n-Gram based approaches explained in

Chapter 3.

This chapter reports an improved pattern matching technique for composer and raga

classification using a fuzzy analytical hierarchy process-based approach. The technique

makes use of class-specific patterns extracted from a pattern discovery technique known

as Structure Induction Algorithm for r super diagonals and compactness trawler. Further,

to represent inexact matches a modified matching technique is proposed to assign weights

to the exact matching scores in a probabilistic manner. Subsequently, the weighted scores

are fuzzified to quantify the extent of match. Finally, the fuzzy scores are aggregated and

classified on the basis of minimum Euclidean distance from an ideal solution in the pat-

tern space. Experiments conducted on datasets containing a wide range of melodies from

classical western and classical Indian background show that the proposed technique ex-

hibits a consistently better classification success rate compared to the exact n-Gram-based

approach and a widely used matching algorithm based on Levenshtein distance.
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4.1 Music Classification System using AHP based n-

Gram system

The Block diagram of the proposed classification system is shown in Fig. 4.1. This system

consists of several blocks explained in the subsections below.

Figure 4.1: Block diagram of the systems four main blocks: Preprocessing, Pattern
discovery algorithm, n-Gram algorithm and Classification.

4.1.1 Methodology

Our approach is comprised of four main blocks, as depicted in Fig. 4.1. The whole pro-

cess starts with taking a test string that can belong to any one of the possible classes.

No information about that test string is assumed to be known. In the first stage, pre-

processing is applied to this test string. In this stage, the input files are clipped to the

first thousand notes which are cross-checked by human experts. Thereafter, pattern dis-

covery algorithm SIARCT extracts the relevant patterns from the test string which acts
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as the catch phrase. Finally, the AHP based n-Gram algorithm is applied to classify

the given test string into its class according to its matching score. The famous n-Gram

matching algorithm is utilized initially which is then improved to form a weighted n-

Gram matching algorithm. Thereafter, it was observed that fuzzification of the n-Gram

matching scores results in further improvement of percentage classification. Therefore,

the AHP-based n-Gram algorithm includes conventional n-Gram, weighted n-Gram and

fuzzification process to achieve optimum performance. Now, we present the different

steps involved in this algorithm in detail in the following subsections.

4.1.2 Preprocessing

The preprocessing step is divided into two stages: synchronization of MIDI files and

extraction of relevant attributes. A melody to be classified is fed as MIDI file to the

algorithm. As an initial step, the MIDI file is synchronized in order to compensate

offset in the global note onset time created due to error in decoding and MIDI parser.

The offset in note onset time is provided with a database and cross-checked by human

experts. This helps achieve tempo invariance. To maintain uniformity, each input test

file was clipped to extract the first thousand note samples. This step is just a mere

attempt to standardization and not compulsory. In the next step, relevant attributes are

extracted from MIDI file. These attributes act as input to the pattern discovery algorithm

explained in the next subsection. A standard MIDI file contains seven different attributes.

These attributes of MIDI file are represented in the form of a multidimensional point set

called dataset in this work. The pattern discovery algorithm works with datasets of

any dimensionality. However, it will be assumed here that each dataset is a set of two-

dimensional points, < t, p >, where t and p are, respectively, the onset time in tatums and

the chromatic pitch corresponding to MIDI notes (this standard two-dimensional dataset

is used in related studies) Meredith et al. [204] and Louboutin and Meredith [205]. MIDI

note number is undoubtedly one of the most important attributes since it holds the core

information of note. The pitch vector is directly extracted from MIDI note numbers. The

information in a particular melody is represented as a series of instructions corresponding

to notes that are played at specific times [206].

4.1.3 n-Gram Matching

In this section, a modified matching technique called weighted matching is explained

which is employed to calculate matching score of given test string with the catch phrase.

In weighted n-Gram matching technique, the methodology of creating n-Grams from

catch phrase is same as exact matching as discussed in Section 3.9 but the test string (Ti)
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is divided into overlapping subsets of (Nz) grams, where z = 0, 1, · · · , N2. For weighted

n-Gram matching, the consecutive n-Grams of the catch phrase are matched with in all

windows created by (Nz) grams of test string and score is calculated like exact n-Gram

case.

Weights are assigned to different n-Gram matching scores according to their importance

with more weightage given to higher grams. These weights are divided linearly in the

range of 0 to 1 with 1 given to the highest gram.

Using the same nomenclature for variables as defined in Section 3.10, the algorithm for

the proposed classification system using exact n-Gram matching and weighted n-Gram

matching in AHP is as follows:

Algorithm:

INPUT: Set of MIDI files; S = S1, S2, S3, · · ·Sn

1. Apply SIARCT on given test string

for n = 1 to n

Ci = SIARCT(Si)

end for

C← C1, C2, C3, · · ·Cn
Exact N-Gram

2. M1 ← 0

for n = 2 to 5

3. Divide Cq into non overlapping subsets of length n

Cq ← Cq(n, j); j = 1 to (length (Cq/n).

4. Divide Si into windows of length 2n

Si← Sp(2n, k); k = 1 to (length (Sp)/2n).

5. Score = Cq − Sp

6. if sum(Score)=0

7. Mp,q = Mp,q + 1

8. M1 = {Mp,q}
end for

Weighted N-Gram

9. M2 ← 0

for n = 3 to 5

for z = 0 to n− 2
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10. Divide Cq into non overlapping subsets of (n− z) grams

11. Repeat steps 7 to 10.

12. Weighted matching score

Mfinal =

1 ∗Mp,q z = 0

0.5 ∗Mp,q z = 1
; for n=3

Mfinal =


1 ∗Mp,q z = 0

0.66 ∗Mp,q z = 1

0.33 ∗Mp,q z = 2

; for n=4

Mfinal =



1 ∗Mp,q z = 0

0.75 ∗Mp,q z = 1

0.50 ∗Mp,q z = 2

0.25 ∗Mp,q z = 3

; for n=5

end for

end for

13. M2 = {Mfinal}

14. Exact Fuzzy score = Trimf(M1)

15. Weighted Fuzzy score = Trimf(M2)

16. Aggregate Weighted fuzzy score =
∑n−2

z=0
Weighted Fuzzy score

(n−1)

17. Calculate Priority Score, p(Cq) for Exact Fuzzy score and Aggregate weighted fuzzy

score

18. Total Priority score= FM2(p(Cq))

19. Output score =
∑

iTotal Priority score(i) ; i=catch phrase

20. Matched string = index of max(Output score)

The flow chart of algorithm for melody classification is shown in Fig. 4.2. The exact

N-Gram in step 1 of algorithm is the n-Gram score without taking the weighted N-

Gram score into consideration. Cq is the catch phrase extracted from qth melody. The

score in step 5 is calculated by using N-Gram algorithm by comparing the test string

with the catch phrase which is extracted by SIARCT. The score generated by the N-

Gram algorithm will be a positive integer ≥ 0. Mp,q is a number which will give the

overall exact N-Gram score for all N-Grams (2,3,4 and 5 grams in this case). Step 12

calculates the weighted matching score for each N-Gram. In order to calculate that, we
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have to calculate all the subsequent n-Gram scores for that n-Gram. For example, to

calculate weighted matching score for 5-Gram, the n-Gram score of 2, 3, 4 and 5 gram

are calculated. Similarly, for 4 gram, the n-Gram score of 2, 3 and 4 are calculated.

The fuzzification is achieved by using Trimf function given in step 14 over the calculated

score.

Figure 4.2: Flow chart of Algorithm for Melody Classification.

The case for n=2 is not considered in weighted n-Gram because the subsequent n-Gram

does not exist in this case. Therefore, the score calculated from weighted 2-gram is equal

to exact 2-gram matching score which is already taken into consideration while calculating

the exact n-Gram. Therefore, n=2 case was not considered. Step 18 is used to aggregate

the two matching scores i.e. exact matching and weighted matching scores using n-Gram

algorithm. The motivation behind this step is that the conventional n-Gram matching is

not always successful to calculate the actual matching scores. Especially in the cases when

only a subpart of the string matches the catch phrase. In this case, all the subsequent

n-Grams are calculated and then aggregated to give weighted n-Gram score. Both these

scores give information on the extent of matching between the test string and catch

phrase. Experiments were done using only one of these scores but it was observed that

the collective classification percentage (exact+weighted n-Gram) was found to be much

better than using either one of them. Therefore, both exact and weighted n-Grams were
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used in this work.

4.1.4 Fuzzified n-Gram matching

Fuzzy multiattribute decision model (MADM) is employed to classify individual strings

into classes using weighted nGram matching scores as the primary metric. Initially we

consider matching score for each individual gram as an independent attribute. Multiat-

tribute decision model works well in a fuzzy framework since often there are no sharp

boundaries separating one criteria from another. A particular matching score can pro-

vide much information about the extent of match. For example consistently high matching

scores almost always correspond to a near-perfect match.

This motivates us to map numerical values (read matching scores) to linguistic labels

(representing extent of match). In the proposed model, set of matching scores for an

individual gram has been considered as an attribute with four possible linguistic labels

represented by fuzzy sets. Thus, each value of n-Gram score is mapped to four fuzzy

sets, i.e., Excellent Match (EM), Moderate Match (MM), Good Match (GM), and Weak

Match (WM). Fuzzy memberships have been assigned to each entry employ in appropriate

membership functions with relevant parameters.

Figure 4.3: Linguistic labels of weighted 5-Gram fuzzy sets.

In the proposed model, set of matching scores for an individual gram has been considered

as an attribute with four possible linguistic labels represented by fuzzy sets as shown in

Fig. 4.3. Thus, each value of n-Gram score is mapped to four fuzzy sets, i.e., Excellent

Match (EM), Moderate Match (MM), Good Match (GM), Weak Match (WM). Fuzzy

memberships have been assigned to each entry employing appropriate membership func-

tions with relevant parameters. The choice of membership functions and their parameters

is based upon the following considerations:
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Figure 4.4: Fuzzification of a particular score of weighted 5-Gram.

� The fuzzy membership functions for individual linguistic hedges used in MADM are

illustrated in Fig. 4.4. The peaks of all the four membership functions have been

chosen so as to assign the highest membership value to an element on the x-axis

which is quantitatively nearest to its linguistic description. For example, the highest

matching score should be assigned to the linguistic set Excellent Match with a degree

1. Similarly, only those elements belong to the linguistic set Moderate Match with

a high degree which lies somewhere between the maximum and minimum scores.

� The composite membership function exhibits substantial overlap between individual

functions which in turn ensures that almost all the elements of the universe of

discourse belong simultaneously to all the linguistic hedges with varying degrees of

memberships. Similar composite functions have been constructed for other criteria

as well with varying spans of the X-axis.

4.2 Aggregation of criteria

After calculating the fuzzy memberships for matching scores across all criteria in a hierar-

chy, the obtained values are aggregated. Thus, the final membership value of an element

to the set EM is the aggregated value of the membership to the set EM across all the

criteria. Similarly, the final membership values of all the elements to the remaining sets

GM, MM and WM can be calculated. The aggregation operation returns a set of four

elements (final memberships to the sets EM, GM, WM and MM) after the merger of

the hierarchies. In this work, we have made use of FM2 fuzzy aggregation operator (an
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averaging type operator chosen to best fit our problem) [149]. By definition, for n values

a1, a2, a3, · · · an, FM2 is calculated as:

FM2(a1, a2, a3) =



min(a1, a2, a3, · · · an) ∆ > Ω

max(a1, a2, a3, · · · an) ∆ < Ω

0.5(min(a1, a2, a3, · · · an)+

max(a1, a2, a3, · · · an)) ∆ = Ω

(4.1)

where ∆ = min((1a1), (1a2), (1a3), · · · (1 − an)), Ω = min(a1, a2, a3, · · · an), while max

and min are the maximum and minimum value of (a1, a2, a3, · · · an), respectively.

Let us take an example to explain the working of FM2 given in (4.1). Suppose we have

to calculate the N-Gram score for the weighted 5-gram case. So the first step will be to

calculate the 5, 4, 3 and 2-gram matching scores for this case. Let the calculated scores in

the case be S5, S4, S3 and S2 respectively for 5, 4, 3 and 2-gram matching. Thereafter,

these scores are to be aggregated into a single weighted score. So FM2 is used in this

case as

FM2(S2, S3, S4, S5) =



min(S2, S3, S4, S5) ∆ > Ω

max(S2, S3, S4, S5) ∆ < Ω

0.5(min(S2, S3, S4, S5)+

max(S2, S3, S4, S5)) ∆ = Ω

(4.2)

The formula holds true for any number of inputs. In the present work, arguments a1,

a2 and a3 are membership values of an element to an individual linguistic set (say EM)

across any three criteria (say 2-Gram, 3-Gram and 4-Gram). The following example

illustrates a remarkable property of the FM2 operator which has served as a motivation

for us to employ it for aggregation.

Let 2-Gram, 3-Gram and 4-Gram matching scores be fuzzified and assigned to the set EM

with the following membership values. (EM54, EM53, EM52) = (a1, a2, a3) = (0.2, 0.2,

0.8). It is evident that the degree of match between the motif and the string is inconsistent

across criteria. For consistently high memberships, the aggregated value as returned by

FM2 is closer to the maximum value, and for consistently low memberships, it is closer to

the minimum value. However, any inconsistency in the degree of memberships across the

criteria yields an aggregated value closer to the arithmetic mean of the arguments. A high

matching score returns a higher value of membership for the linguistic set EM. It must be

evident from the composite membership function depicted that a perfect matching score

will return a membership value 1 to the set EM and 0 to all other sets. This leads to the
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identification of an ideal solution to the classification problem.

Let any random string from the datasets be matched to any three catch phrases/motifs

and aggregated fuzzy membership values are calculated. A four-dimensional pattern

space can be constructed in which fuzzified matching scores can be located. A three-

dimensional version of such a space is depicted in Fig. 4.5. The ideal solution is identified

as a point in the pattern space which has membership value of 1 to the linguistic set EM

and membership value of 0 to the rest. Since final membership values are obtained after

aggregation of several criteria/subcriteria, the ideal solution can only be obtained if the

matching score of the test string with a particular motif/catch phrase is a maximum in all

the criteria/subcriteria of the AHP model. Such a solution is crisp and no longer remains

a fuzzy set. Out of all the available alternatives, the one having a minimum Euclidean

distance from the ideal solution must be chosen.

From Fig. 4.5, Euclidean distances of solutions C1, C2, and C3 from the ideal solution

can be calculated as follows:
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Figure 4.5: Pattern space representation of different classes C1, C2 and C3.

||I − Cq|| =
√

((1− x1)2 + (0− x2)2 + (0− x3)2 + (0− x4)2) (4.3)

Where I and Cq are four-dimensional ideal solution vector and membership vector of the

qth alternative respectively, x1, x2, x3, and x4 are aggregated membership values to the

sets EM, GM, MM and WM respectively. In Fig. 4.5, three alternatives are located

on the three-dimensional plane comprising of EM, GM and WM. The set MM has been

omitted to enable visualization. After the calculation of aggregated memberships, the

priority score p(Cq) of each alternative across all criteria is calculated by the formula.

68



p(Cq) = E(Cq)−G(Cq)−M(Cq)−W (Cq) (4.4)

where E(Cq), G(Cq), M(Cq) and W (Cq) are aggregated values of linguistic labels EM,

GM, MM and WM corresponding to catch phrase of class Cq.

It can be observed that the highest priority score always corresponds to the smallest Eu-

clidean distance between the candidate solution and the ideal one. Moreover, calculation

of priority using Eq. (11) is computationally less complex. Although alternative C3 has

the smallest membership to the set EM, its Euclidean distance to the ideal solution is

minimum. Thus, there is a maximum likelihood of C3 being the best alternative with

the highest priority score. As discussed above, the motive behind assigning linguistic

labels is to quantify any inconsistency in the magnitude of matching scores across closely

related criteria. This inconsistency pulls an alternative away from the ideal solution.

Therefore, a high membership to the set EM does not guarantee proximity to the ideal

solution.

4.2.1 Justification for employing AHP based model

The need to employ a hierarchical model for ranking of alternatives can be understood

from the following example

The catch phrase (traditional motif) for raga Yaman is:

C D E F# G A B C

Case 1: Let the first 5-Gram (C D E F# G) of the catch phrase be searched for in a

test string. There is only one way to find an exact match (i.e. C D E F# G exists as a

continuous sequence in the test string at least once). However, there are 3 ways to find a

3-note fragment of this particular 5-Gram (C D E: D E F#: E F# G) in the test string.

Case 2: Instead of searching for the first 5-Gram, we now search for the first 4-Gram

(C D E F#) in the test string. Here also there is only one way to find an exact match

(i.e. C D E F# existing as a continuous sequence in the test string). However, there are

2 ways to find a 3-note fragment of this particular 4-Gram (C D E: D E F#) in the test

string.

The above cases demonstrate that matching scores for a particular criterion are dependent

upon the distribution of the fragments of the motif along with the recital.

In a given test string, the probability of getting a match with a particular catch phrase/motif

is inversely proportional to the length of the catch phrase/motif. On the other hand, the

importance of matching a test string with a higher gram of a catch phrase is intuitively

higher as compared to the matching of smaller grams since smaller fragments are more
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likely to be embellishments and improvisations rather than specific motifs. This con-

tradiction can only be resolved by appropriately assigning weights to the matching of

varying lengths. We propose to assign weights in a probabilistic manner with an aim

to reflect the information content of a particular match. In information-theoretic terms

entropy of a system is a measure of its information content and is given as

H(x) = −
X∑
i=1

P (xi)log(P (xi)) (4.5)

In the context of our problem let us assume x to be the random variable representing a

particular match and P (x) be its probability mass function of x. The function P (x) for

an n-Gram is calculated as the probability of getting an exact match of all the notes in the

motif with the notes of test string. For example, in the case of 5-Gram weighted matching,

the number of notes in test string are 10. The motif is supposed to be divided into strings

of 5 notes each. However, the algorithm run might yield weighted matches of 4, 3 or 2

notes which are subsets of the original 5-Gram. These notes are chosen from 128 different

MIDI notes. There are six ways to exactly match a 5-note fragment of the motif in a 10

note window of the test string. Hence, for 5-Gram weighted matching, P (x) for 5-Gram

is 6/1285 for 4-Gram is 7/1284, for 3-Gram is 8/1283 and for 2-Gram is 9/1282. By using

the values of these P(x) in (3) and after normalization, the weights for weighted 5-Gram

matching are calculated as w1 = 1.0, w2 = 0.7617, w3 = 0.5322 and w4 = 0.3226. The

term normalization used here is defined as normalization(x) = (abs(log(x)))/(max(x));

where abs(·) and max(·) are absolute and maximum operators respectively. Similarly, the

weights for other weighted n-Grams can be calculated. An important point to note here is

that larger weights are assigned to a higher gram catch phrase. Thus their importance is

reflected in the overall weighted n-Gram matching algorithm. The weights thus generated

are nothing but constituents of the entropy or overall information content of the matching

scheme.

The matrix showing relative importance (priority matrix) of n-Gram weights is given as

C =



5-Gram 4-Gram 3-Gram 2-Gram

5-Gram 1 0.7617 0.5322 0.3226

4-Gram 1/0.7617 1 0.7011 0.4274

3-Gram 1/0.5322 1/0.7011 1 0.6133

2-Gram 1/0.3226 1/0.4274 1/0.6133 1

 (4.6)

The priority matrix represents the relative importance of a particular criterion over an-

other. The rows represent the length of the queries in terms of n-Grams of the motifs.
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The columns represent the length of the fragment of the query which was actually found

to be matching with the test string. Individual elements of the matrix are multiplying

factors or weights. The matching score is multiplied with the corresponding weights to

obtain the final score for a particular n-Gram. A class is assigned to a melody based on

this final score as the melody is likely to belong to the class with the highest matching

score. However, a possible limitation of this method becomes evident if we ponder over

the following questions.

To what extent the numerical value of a matching score is a true representative of the

class? Since traditional AHP evaluates several criteria which represent decisions of various

experts how feasible it is to represent matching scores of individual grams as a replacement

for experts knowledge? The limitations of conventional AHP become apparent when we

compare weighted matching scores for two motifs/catch phrases C1 and C2. If we look at

the 5-Gram criterion the test string has a higher likelihood of belonging to C2. However,

according to the 4-Gram criterion, the string should be assigned to C1. It must be

remembered that we have already weighted one criterion with respect to another (using

the priority matrix) to obtain the scores. The most obvious method for reaching a

decision is to calculate and compare cumulative scores for C1 and C2. This involves

a possible loss of qualitative information. From an expert listeners point of view, the

degree of “goodness” of an inexact match determines whether the motif (or its fragment)

is good enough to convey the essence of its parent class (composer or raga). Since the

Figure 4.6: Score of different classes C1 and C2 for weighted 5-Gram.

expert’s decision often comes in the form of linguistic labels, there is clearly a need to

appropriately modify our model so that quantitative values are mapped to a qualitative

difference. Hence, in order to further improve the classification success rate, fuzzification

of the weighted n-Gram matching scores is envisaged. Fig. 4.6 shows the scores of

different classes C1 and C2 for weighted 5-Gram.
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4.3 Results and Discussion

The proposed algorithm was evaluated in terms of four standard metrics i.e. Precision

rate, Recall rate, True negative rate, F-measure and Percentage classification as defined

below

Precision rate =
SD

SD +DD

× 100 (4.7)

Recall rate =
SD

SD + SND
× 100 (4.8)

True negative rate =
DND

DND +DD

× 100 (4.9)

F-score = 2× Precision rate× Recall rate

Precision rate + Recall rate
(4.10)

where SD, DD, SND and DND are the number of similar songs detected, the number

of dissimilar songs detected, and the number of similar songs that are not detected and

the number of dissimilar songs correctly rejected respectively. Percentage Classification

is defined as the ratio of a number of songs correctly detected in a class by the total

number of songs in class × 100. All these matrices can be calculated from the confusion

matrix of actual class v/s predicted class for a given set of melodies from Dataset-1 and

Dataset-2. In this work, for Dataset-2, two different versions are available, one with the

predefined catch phrase and one without using the predefined catch phrase in which the

catch phrase is calculated using SIARCT. Since our dataset consists of 10 melodies per

class, each confusion matrix row must sum to 10. For the ideal case of 100% correct

classification, we have a diagonal confusion matrix (all zeros, except for the diagonal

elements, which should all be 10). Class names (C1 to C10) are shown for both actual

classes and predicted class.

The data was first partitioned equally into training and test sets. Motifs were extracted

from the training sets through the pattern discovery stage. Subsequently, n-Grams of

the extracted motifs were matched with the note strings of the songs in the testing set.

Five-fold cross-validation was performed to rule out overfitting. The scheme to choose

the training set and testing set from given melodies is depicted in Fig. 4.7. A block of 50

songs (starting from song no. 1-50) is taken as the training set and the remaining 50 are

assigned to the testing set. Subsequently, another block of 50 songs (starting from song

no. 10-60) is assigned to the training in the second fold. Data is similarly partitioned in

the remaining folds as well.

Table 4.10 shows the F-score for different datasets. The classification results have been
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Figure 4.7: Scheme for fragmentation of data into testing and training data sets.

Table 4.1: Confusion matrix of exact n-Gram showing number of melodies classified
against different classes for Dataset-1.

Predicted Class
C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

A
ct

u
al

C
la

ss

C1 4 1 0 2 0 1 0 1 1 0
C2 1 5 1 0 1 1 0 0 1 0
C3 0 1 6 0 1 1 0 0 0 1
C4 2 0 0 6 0 0 1 0 0 1
C5 1 1 0 1 5 0 2 0 0 0
C6 0 0 1 0 0 7 0 0 1 1
C7 1 0 1 0 2 0 4 0 1 1
C8 1 0 2 0 3 0 1 3 0 0
C9 1 1 0 1 0 2 0 0 4 1
C10 2 0 1 1 0 1 0 1 0 4

Precision rate 49.08%
Recall rate 48%
True negative rate 50.73%
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Figure 4.8: Percentage classification results v/s number of classes for Dataset-1.

shown in Tables 4.1 to 4.9 in the form of confusion matrices. Number of songs correctly

classified as shown in the tables is rounded off value of arithmetic average of the number
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Table 4.2: Confusion matrix of weighted n-Gram showing number of melodies classified
against different classes for Dataset-1.

Predicted Class
C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

A
ct

u
al

C
la

ss
C1 6 0 2 0 1 0 0 0 0 1
C2 0 6 1 1 0 0 0 0 1 1
C3 1 0 7 0 0 1 0 0 1 0
C4 1 0 1 5 0 1 0 2 0 0
C5 0 1 0 0 7 0 1 0 0 1
C6 2 0 1 0 0 7 0 0 0 0
C7 0 0 3 0 0 2 5 0 0 0
C8 0 2 0 0 1 0 0 5 1 1
C9 0 0 0 0 0 1 0 0 7 2
C10 1 1 0 0 0 0 0 0 2 6

Precision rate 64.37%
Recall rate 61%
True negative rate 53.48%

Table 4.3: Confusion matrix of fuzzy n-Gram showing number of melodies classified
against different classes for Dataset-1.

Predicted Class
C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

A
ct

u
al

C
la

ss

C1 8 0 0 0 1 0 0 1 0 0
C2 0 9 0 0 0 0 0 0 0 1
C3 2 0 7 0 0 0 0 0 1 0
C4 1 1 0 7 0 0 0 1 0 0
C5 0 0 0 0 7 1 0 2 0 0
C6 1 0 0 0 0 9 0 0 0 0
C7 0 0 1 0 0 0 9 0 0 0
C8 1 1 1 0 0 0 0 6 1 0
C9 0 0 0 1 1 0 0 0 7 1
C10 0 0 2 0 2 0 1 0 0 5

Precision rate 74.73%
Recall rate 74%
True negative rate 50.40%

of correct classification over five folds. The confusion matrices containing number of

melodies classified with exact n-Gram matching algorithm are given in Tables 4.2 and

4.5 for Datasets-1 and 2 respectively. The confusion matrices for weighted n-Gram are

shown in Tables 4.3 and Tables 4.6 for Datasets-1 and 2 respectively.

The confusion matrices for exact n-Gram have been shown in Tables 4.4 and 4.7 for

Datasets-1 and 2 respectively. The advantage of fuzzification is evident from these ta-
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Table 4.4: Confusion matrix of exact n-Gram showing number of melodies classified
against different classes for Dataset-2.

Predicted Class
C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

A
ct

u
al

C
la

ss
C1 5 1 0 0 0 0 3 0 1 0
C2 1 3 0 2 0 0 0 3 1 0
C3 0 0 6 0 2 0 0 2 0 0
C4 0 3 0 4 0 0 2 0 1 0
C5 0 2 1 0 3 0 1 0 2 1
C6 1 0 1 1 0 5 0 1 0 1
C7 0 1 0 1 0 1 3 2 0 2
C8 0 0 0 0 2 0 3 4 1 0
C9 2 0 1 0 0 2 0 0 4 1
C10 1 1 0 1 1 1 0 0 0 5

Precision rate 42.97%
Recall rate 42%
True negative rate 50.88%

Table 4.5: Confusion matrix of weighted n-Gram showing number of melodies classified
against different classes for Dataset-2.

Predicted Class
C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

A
ct

u
al

C
la

ss

C1 4 1 0 0 2 0 0 1 0 2
C2 2 3 1 0 1 0 3 0 0 0
C3 0 1 5 1 0 1 0 0 1 1
C4 1 0 1 3 1 0 1 2 0 1
C5 0 1 2 0 4 0 1 0 1 1
C6 1 0 1 0 0 6 0 0 0 2
C7 0 0 0 0 0 0 7 1 0 2
C8 0 0 0 1 0 2 0 6 0 1
C9 2 0 1 0 0 0 0 0 7 0
C10 0 1 0 0 1 1 1 0 0 6

Precision rate 52.18%
Recall rate 51%
True negative rate 51.33%

bles. Using fuzzy n-Gram in Dataset-1, 74% of the samples were correctly identified as

compared to 61% when weighted n-Gram was employed. A significant increase of 10.36%

in precision rate and 13 % in recall rate was observed for Dataset-1 while comparing the

performance of weighted n-Gram and fuzzified n-Gram algorithms.

It is also observed that fuzzification improved the results using Dataset-2 where 71%

samples have been correctly classified as compared to 51% when weighted n-Gram was

75



Table 4.6: Confusion matrix of fuzzy n-Gram showing number of melodies classified
against different classes for Dataset-2.

Predicted Class
C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

A
ct

u
al

C
la

ss
C1 7 0 1 0 0 0 0 1 0 1
C2 1 7 0 0 0 0 1 0 0 1
C3 0 1 6 0 0 2 0 1 0 0
C4 0 1 0 8 0 0 1 0 0 0
C5 1 0 1 0 6 1 1 0 0 0
C6 0 0 0 0 1 7 0 0 1 1
C7 0 0 1 0 0 0 8 0 0 1
C8 0 1 0 0 1 1 0 7 0 0
C9 0 0 1 1 1 0 0 0 7 0
C10 1 0 0 0 0 0 0 0 1 8

Precision rate 71.41%
Recall rate 71%
True negative rate 51.00%

Table 4.7: Confusion matrix of exact n-Gram for traditional motifs phrase showing
number of melodies classified against different classes for Dataset-2.

Predicted Class
C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

A
ct

u
al

C
la

ss

C1 5 0 1 0 1 0 1 0 0 2
C2 1 6 0 1 0 0 0 1 0 1
C3 0 0 5 0 1 0 0 2 0 2
C4 0 1 0 5 0 0 3 0 0 1
C5 2 0 1 0 3 0 2 0 1 1
C6 1 0 2 0 1 4 0 0 2 0
C7 2 1 0 1 0 0 6 0 0 0
C8 0 1 1 1 0 2 0 4 1 0
C9 0 0 0 0 1 2 0 0 6 1
C10 0 0 0 1 1 0 1 0 1 6

Precision rate 50.58%
Recall rate 50%
True negative rate 50.72%

employed. The gain in precision rate has been 19 % and that in recall rate has been

20%. Traditional motifs are available in literature for Dataset-2. We have applied the

proposed technique using traditional motifs and the obtained results have been compared

with those obtained when motifs were extracted through SIARCT. Confusion matrices for

exact, weighted and fuzzy n-Gram using Dataset-2 and traditional motifs have been shown

in Tables 4.7, 4.8 and 4.9 respectively. It is evident that the proposed weighting scheme

and subsequent Fuzzification has significantly improved the classification performance,
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Table 4.8: Confusion matrix of weighted n-Gram for traditional motifs phrase showing
number of melodies classified against different classes for Dataset-2.

Predicted Class
C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

A
ct

u
al

C
la

ss
C1 7 1 0 0 0 0 0 1 0 1
C2 0 8 0 0 0 0 0 0 1 1
C3 0 0 7 0 0 0 0 1 1 1
C4 1 0 0 6 1 1 1 0 0 0
C5 1 0 0 0 8 0 0 0 1 0
C6 0 0 0 0 1 7 1 0 0 1
C7 0 0 0 0 1 0 8 0 0 1
C8 1 1 0 0 0 0 1 6 1 0
C9 1 0 1 0 0 0 0 0 8 0
C10 0 1 0 0 0 0 1 1 0 7

Precision rate 74.24%
Recall rate 72%
True negative rate 53.41%

Table 4.9: Confusion matrix of fuzzy n-Gram for traditional motifs showing number of
melodies classified against different classes for Dataset-2.

Predicted Class
C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

A
ct

u
al

C
la

ss

C1 7 1 0 0 1 0 0 0 0 1
C2 1 7 0 1 1 0 0 0 0 0
C3 0 1 8 0 0 1 0 0 0 0
C4 0 1 0 7 0 0 0 1 1 0
C5 0 0 0 0 8 2 0 0 0 0
C6 1 0 0 0 0 9 0 0 0 0
C7 0 1 1 0 0 0 8 0 0 0
C8 0 0 0 2 1 0 0 7 0 0
C9 0 0 0 0 1 0 0 1 7 1
C10 1 0 0 0 0 0 0 0 0 9

Precision rate 78.12%
Recall rate 77%
True negative rate 53.61%

which is 77% for fuzzy n-Gram as compared to 72% and 50% for weighted and exact

n-Gram techniques respectively. However, judging the performance of a technique only

through recall rate can often be misleading.

Hence, in order to provide a more balanced interpretation of the confusion matrices F-

scores have been calculated and shown in Table 4.10 for Exact n-Gram, Weighted n-Gram

and Fuzzy n-Gram. Significantly higher values of F-score for weighted and fuzzy n-Gram

77



Table 4.10: F-score for different datasets

Exact n-Gram Weighted n-Gram Fuzzy n-Gram
Dataset-1 48.53 62.63 74.36
Dataset-2 42.47 51.58 71.20
Dataset-2 with
Predefined catch
phrase

50.28 73.10 77.55

Number of classes

2 4 6 8 10

P
e

rc
e

n
ta

g
e

 c
la

s
s
if
ic

a
ti
o

n

40

50

60

70

80

90

100

Exact n-Gram 

Weighted n-Gram 

Fuzzy n-Gram 

Levenshtein Score

Figure 4.9: Percentage classification results v/s number of classes for Dataset-2.
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Figure 4.10: Percentage classification results v/s number of classes for Dataset-2 with
traditional motifs.

proves the efficacy of entropy based weight assignment and Fuzzification as crucial stages

of the proposed technique. The proposed technique performs best in terms of F-score

and percentage classification for Dataset-2 with traditional motifs. However, the largest

improvement compared to non-fuzzy scheme has been obtained for Dataset-2 with motifs

extracted using SIARCT.

In order to visualize the effect of change in total number of classes, we conducted sev-
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Figure 4.11: Bar graph showing percentage classification for different datasets.

eral experiments by changing the total number of classes and calculating the percentage

classification (ratio of total correctly classified melodies to the total number of melodies)

for every case. The classes chosen for this experiment were random and any n number

of classes were chosen at a time (n = 2, 4, 6, 8 or 10). Five random draws were done for

selecting a particular set of class and any identically recurring set was discarded. The

final results are an average of classification success rate over the five randomly drawn

sets. This experiment was done to check the accuracy of algorithm for varying number

of classes. The maximum number of melodies in a certain class is 10.

For the sake comparison with a popular string matching algorithm we have included

results obtained using Levenshtein distance based approximate string matching. Leven-

shtein distance or edit distance [207] is a well-known measure to compare sequential data.

It has been applied in fields such as: automated spell checking [208], DNA analysis and

also for music analysis. Application of Levenshtein distance for music includes melodic

similarity analysis as described in [209]. Smith et al. [197] used levenshtein distance to

plain sequences of notes for melodic similarity detection. In 2004 it has been applied to

sequences of pitch intervals and contours [124, 210]. Levenshtein distance metric based

algorithm as reported in [211] was applied to our database. The algorithm gives bet-

ter results than exact n-Gram and comparable results with weighted n-Gram which are

shown in figure 4.8, 4.9 for Dataset-1, 2 respectively and figure 4.10 for Dataset-2 with

traditional motifs/catch phrases.

It can be observed that percentage classification decreases as the number of classes are

increased from 2 to 10. This may be due to the reason that pair wise similarity among

motifs/catch phrases of different classes increases with an increase in total number of

possible classes in a given dataset. The percentage classification results v/s number of
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classes for Dataset-2 with traditional motifs is shown in Fig. 4.10 where similar trend is

observed. Bar graph showing percentage classification for different datasets containing

10 classes with 10 songs in each class is shown in Fig. 4.11 where the results for exact

n-Gram, weighted n-Gram and fuzzified n-Gram are presented. It is observed that ob-

tained percentage classification is consistently higher for fuzzified n-Gram as compared

to that obtained with exact and weighted n-Gram and Levenshtein distance based algo-

rithm.

Now we summarise the research findings from this paper based on the results. The consis-

tently superior performance of the proposed technique can be attributed to combination

of entropy based weight assignment and fuzzification. In entropy based weight assignment

we are probabilistically quantifying “importance of match” and then deriving qualitative

inferences from those quantified values at different hierarchies. As the final step, transfor-

mation of the solution into a high dimensional fuzzy pattern space gives a true estimate

of its distance from the ideal solution. Since this technique makes use of variable length

pattern matching at several levels of hierarchy any inconsistency in scores manifests itself

in the form of some other fuzzy attribute becoming prominent which alters the Euclidean

distance of the actual solution from the ideal one.

From the obtained results a couple of observations are worth mentioning:

� Classification results for Indian ragas are better when we use traditional motifs

instead of extracted ones.

� Improvement in classification accuracy due to weighting and fuzzification is more

when we use motifs extracted using SIARCT.

For Indian ragas, in particular, there is a strong need to identify generic improvisations

from characteristic patterns (motifs). This would result in the discovery of more relevant

patterns leading to better classification. The concept of an “ideal solution in the pattern

space” can be extended to the pattern discovery stage in order to identify a particular

fragment of the rendition as either generic modulation or characteristic feature.

Although the present work establishes the efficacy of the probabilistic weighting scheme

and subsequent fuzzification, there is scope for further improvement in the pre-processing

block.

4.4 Conclusion

n-Gram based template matching is a popular technique used extensively in computa-

tional linguistics and plagiarism detection software. The present work essentially validates
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the efficacy of n-Gram matching in computational musicology. However, the inherent

fuzziness in the definition of melodic structures necessitates improvisations in the tradi-

tional n-Gram matching. It can be concluded that the calculation of weighted matching

scores and construction of the proposed FIS have served as successive stepping stones

towards better classification. In our opinion, the proposed technique is not limited by

the non-availability of a template for a melodic structure, since we can construct catch

phrases based upon the frequency of individual notes for the structures which do not pos-

sess a catch phrase traditionally. Therefore, apart from Ragas, the same technique can

be applied in the future to other melodic structures available around the world.
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Chapter 5

Classification of music structures by using

statistical features and distribution estimates

Motifs specific to a Raga or a composer are most of the time more subtle and ephemeral

than those belonging to a genre. The author attempted unsupervised identification of

Raga pieces using unsupervised techniques without much of a success. However, the

same unsupervised models worked for identification of different genres of western music.

Therefore in the present chapter, the author reports western music genre classification.

The contents of this chapter may provide a background for future workers attempting un-

supervised classification of Ragas (any other frameworks involving subtle musical motifs).

Classification of music signals based on its genre is a topic studied in great detail over the

past few years [24, 31, 39, 40, 157, 212]. Several algorithms and approaches have been

implemented for the task of successfully assigning the particular genre for a musical piece.

Soft computation algorithms [213], statistical inference [31], machine learning [77], and

information theory-based approaches [214] are utilized for genre classification. Pattern

matching is one of the popular ways to classify musical pieces. However, the success of

the pattern matching stage can only be ensured if the class-specific motifs at our disposal

are true representatives of the underlying class. Also, maximum information about the

class should be extracted through pattern matching by appropriately quantifying inexact

matches [215].

On the other hand, some researchers have used Probability Density Functions (PDF)

estimation based classifiers for the music genre. The precise estimation of PDF of a

signal is an important step in a lot of signal processing algorithms [216]. The PDF

estimation techniques and their resulting models have varying success rates but most of

them make the assumption that the PDF to be estimated from samples are Independent

and Identically Distributed (IID) [211]. In this Chapter, the author has extracted several

temporal, spectral and statistical features from the music dataset. These features were

subsequently used to train two classifiers viz. ANN and Gaussian Mixture Model (GMM).

These set of features were evaluated with both supervised and unsupervised training

paradigms. The GMM classifier was trained to estimate the PDF of observed data. More

specifically, a probability distribution estimation based algorithm is developed for genre
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classification. A Gaussian Mixture Model (GMM) based classifier is used for this task.

Instead of directly using original raw data, statistical features like skewness and kurtosis

are calculated from data. These features are calculated in time, FFT and Mel Frequency

Cepstrum Coefficients (MFCC) domains. Finally, the GMM classifier makes use of these

extracted features for classification task. The results calculated from these methods are

compared with original raw data and other state of art published literature and are found

satisfactory.

5.1 Data acquisition and classification methodology

Music piece is given as input to the preprocessing module in which each music piece is

clipped to a length of 30 seconds at 44.1 kHz sampling rate. Further, feature extraction

is applied on it. This step includes calculation of Kurtosis and skewness after which FFT

and MFCC are calculated. These features are used to extract class specific attributes

from the musical piece. The performance of proposed classification systems is evaluated

on four different datasets named ballroom dataset [160], SLAC dataset [161], Codaich

dataset [162], and Bodhidharma dataset [163]. A general purpose block diagram of the

classification methodology has been given in Fig. 5.1. In this chapter the classifier block

of Fig. 5.1 will be implemented using two methodologies.

In the next three sections, various features used for analysis in this chapter are described.

The features have been broadly grouped into three categories viz. statistical, spectral

and temporal feature. All three type of features contain different types of information.

Spectral features are more likely to reveal information arising out of musical source (eg.

vocal track) whereas statistical feature can be used to distinguish distribution of one

musical piece from that of another [217].

Figure 5.1: Block diagram of the classification system.
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5.1.1 Statistical Features

Kurtosis:

Kurtosis is a measure of the combined weight of a distribution’s tails relative to the rest

of the distribution. Kurtosis is a measure that describes the shape of a distribution’s tails

in relation to its overall shape. Mathematically, kurtosis for a random variable X is the

fourth moment, defined as

Kurtosis[X] =
E [(X − µ)4]

E [(X − µ)2]2
(5.1)

where µ is the mean value of X and E[·] represents the expectation operator.

Skewness:

On the other hand, Skewness is a term in statistics used to describes asymmetry from

the normal distribution in a set of statistical data. Mathematically, skewness is defined

as

Skewness[X] =
E [(X − µ)3]

E [(X − µ)2]3 /2
(5.2)

We used MATLAB for extracting the features Kurtosis, skewness, FFT Coefficients and

MFCC [166]. The next step includes probability distribution estimation. For this task,

we have taken 5 different distributions namely Gaussian, Cauchy, Gamma, exponential

distribution and chi distribution as null hypotheses. Thereafter, Kolmogorov-Smirnov

Test is applied on the datasets containing melodies. The Kolmogorov-Smirnov test de-

veloped by Chakravart et al. [218] is used to decide if a sample comes from a population

with a specific distribution. This test is based on the empirical distribution function

(ECDF) which is defined as

ECDF =
n(i)

N
(5.3)

where, it is assumed that there are N ordered data points Y1, Y2, · · · , YN and n(i) is the

number of points less than Yi and Yi are ordered from smallest to largest value. One

major advantage of this test is that the distribution of the Kolmogorov-Smirnov test

statistic does not depend on the CDF being tested. Also, it is an exact test but can

only be applied to continuous distributions and tends to be more sensitive near center of

distribution.

5.1.2 Spectral Features

Mel-frequency Cepstral coefficients (MFCCs):

MFCCs are considered as a set of dominant feature in speech recognition and are mostly

used in music signal processing. The flow chart for calculating MFCCs is shown in Fig.
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Figure 5.2: The flow chart of calculating MFCCs.

5.2. The features based on short term spectrum are captured by MFCC. MFCC are ex-

tensively used in past for the purpose of music and speech analysis. MFCC are generated

by the result of decorrelating the mel spectral vectors. Discrete cosine transform (DCT)

technique is used for this purpose. Based on short time Fourier transform for each frame

the logarithm of amplitude spectrum is taken, according to mel-frequency scaling the

frequency bins are grouped and smoothed as given by the relation:

fmel = 2595log10

(
1 +

f

700

)
(5.4)

The inversion from mel scale to cent can be calculated as

fcent = 700
(
exp

( m

1125
− 1
))

(5.5)

Spectral Roll-off:

It is the measures which represents the spectral shape of a signal. Mathematically, it is
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Figure 5.3: Beat histogram of different genres, the horizontal axis is beat per minute
(BPM), and the vertical axis is the beat strength [39].

calculated by taking the frequencies below 85% of magnitude as

Rt∑
n=1

St[n] = 0.85
M∑
n=1

St[n] (5.6)

where St[n] is defined as the magnitude of the Fourier transform at frequency bin n and

frame t.

Beat Histogram:

Beat Histogram is the histogram showing the strength of different rhythmic periodicities

in a signal. This is calculated by taking the RMS of 256 windows and then taking the

FFT of the result. It is an aggregated histogram of time distances between successive

feature local maxima. The histograms maximum position is used to estimate the BPM

rate. Fig. 5.3 shows the Beat histogram of different genres, the horizontal axis is beat

per minute (BPM), and the vertical axis is the beat strength.

Flux:

Flux is often used to represent the spectral rate of change in a musical piece. Mathemat-

ically, it is computed by the formula

Fj =
1

M − 1

√√√√M/2∑
i=1

[| Xj(i) | − | Xj−1(i) |]2 (5.7)

86



Bispectrum:

The bispectrum is a useful tool for identifying a process that is either non-Gaussian or is

generated by nonlinear mechanisms. Bispectrum, is also known as third-order spectrum,

has been shown to have the ability to detect second order nonlinear phase coupling

information of the nonlinear system [95].The bispectrum is defined as

B(f1, f2) = E [X(f1)X(f1)X∗(f1 + f2)] (5.8)

Where X(f) is the Fourier transform of the random signal x(nT ), E[·] denotes the ex-

pectation operation, and ∗ represents complex conjugate. The bispectrum is a complex-

valued function of two frequencies (f1, f2) . The frequency is normalized by the Nyquist

frequency to be between 0 and 1. If higher order cumulants is absolutely summable

∞∑
τ=−∞

· · ·
∞∑

τk−1=−∞

|Ckx (τ1, · · · , τk−1) | <∞ (5.9)

The k-order cumulants spectrum can be defined as (k− 1)-D Fourier transform of korder

cumulants as

Skx(ω1, · · · , ωk−1) =
∞∑

τ1=−∞

· · ·
∞∑

τk−1=−∞

Ckx (τ1, · · · , τk−1) exp

(
−j

k−1∑
i=1

ωiτi

)
(5.10)

The third-order spectrum (also known as the bispectrum) can be expressed as

Bx(ω1, ω2) =
∞∑

τ1=−∞

∞∑
τ2=−∞

C3x (τ1, τ2) exp (−j(ω1τ1 + ω2τ2)) (5.11)

5.1.3 Temporal Feature

Time Domain Zero Crossings:

Time domain zero crossing represents the noisiness of the signal. Is is calculated by using

the sign function 0 for negative arguments while a positive argument is given for 1 in

the signal. Let us take a signal x[n] in time domain. The time domain zero crossings is

calculated for the frame t as

TDZCt =
1

2

M∑
n=1

| sign[x[n]]− sign[x[n− 1]] | (5.12)
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Figure 5.4: Test musical piece 1 and its extracted features.

Figure 5.5: Test musical piece 2 and its extracted features.

Figure 5.6: Test musical piece 3 and its extracted features.
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The extracted features from three random test signals from database are shown in Fig.

5.4, 5.5 and 5.6. Fig. 5.4(a), 5.5(a) and 5.6(a) shows the test musical piece and their

corresponding MFCC data is shown in Fig. 5.4(b), 5.5(b) and 5.6(b). Time Domain Zero

Crossings are shown in Fig. 5.4(c), 5.5(c) and 5.6(c). Rest of the features like spectral

rolloff, flux features are shown in the legend of Fig. 5.4(b), 5.5(b) and 5.6(b).

5.2 Probability Density Function Estimation

Probability density function (PDF)estimation can be used as an effective precursor to

classification. The estimation generally involves two phases, the learning of a distribution

and subsequently inference of probabilities of certain configurations within the learned

model. According to Vapnik [219], it is certainly better to learn the quantity you are

interested in rather than go sample by sample through a harder problem. This section

describes PDF estimation based approach for drawing inferences about the genre of the

test samples. Three distributions viz. Normal, Cauchy, and Generalized Gamma were

chosen as null hypotheses.

This test checks whether a set of observations belongs to a continuous distribution or not.

This test can be applied on data sets with small size and proves to be a more powerful

test as compared to chi-square test [220]. It gives the cumulative distribution function

Pr(K ≤ x) of the hypothesized distribution and the empirical distribution function

Fdata(x) of the observed data. For n iid random variables, the distribution of the random

variables is given as [221]

Fn(x) =
1

n

n∑
i=1

I(Xi) (5.13)

where I(Xi) is the indicator function which is equal to 1 if Xi ≤ x else 0. Let us assume

the variables to be the Kolmogorov distribution. The CDF is given by [220]

Pr(K ≤ x) = 1− 2
∞∑
k=1

(−1)k−1e−2k
2x2 (5.14)

The goodness-of-fit test can be constructed by using the critical values of the

Kolmogorov distribution. This test is asymptotically valid when n → ∞. It rejects the

null hypothesis at level α if
√
nDn > Kα where Kα is found from Pr(K ≤ Kα) = 1− α

[221]. The steps of probability density function estimation are shown using a flow chart

in Fig. 5.7. The histogram of five different songs from ten different genres is shown in

Fig. 5.8 to 5.17. Data on x-axis of the Fig. 5.8 to 5.17 is the instantaneous normalized

amplitude values of a musical file chosen from a particular class whereas y-axis shows the
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Figure 5.7: Steps of probability density function estimation.

-3 -2 -1 0 1 2 3 4
0

0.1

0.2

0.3

0.4

0.5
Blues

Normal Distribution

Figure 5.8: Histogram of Blues.
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Figure 5.9: Histogram of Classical.
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Figure 5.10: Histogram of Country.
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Figure 5.11: Histogram of Disco.
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Figure 5.12: Histogram of Hiphop.
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Figure 5.13: Histogram of Jazz.
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Figure 5.14: Histogram of Metal.
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Figure 5.15: Histogram of Pop.
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Figure 5.16: Histogram of Reggae.
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Figure 5.17: Histogram of Rock.
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corresponding density function.

It can be visualized from Fig. 5.8 to 5.17 that the shape of histogram for each musical

file is different. This difference in shape of histogram can be further seen when compared

with the Gaussian PDF in each plot. This gives an inspiration for using PDF of a musical

file as a unique feature to classify them based on genre.

5.3 The Classifiers

After obtaining the above mentioned features, the classification was done employing two

popular classifiers viz. Gaussian Mixture Model (GMM) and Artificial Neural Network

(ANN). The purpose of choosing these classifiers was to compare the performance of one

supervised paradigm (ANN) with an unsupervised one (GMM). Our ultimate goal was to

made unsupervised classification better the supervised one. This would ensure suitability

of the reported classifier for real time deployment.

5.3.1 GMM

A lot of classifiers are used in literature for the task of music genre classification. These

include Linear Discriminant Analysis (LDA) [222], Gaussian Mixture Models (GMM)

[223], Support vector machines (SVMs) [61] and K Nearest Neighbor (KNN) [224]. Out

of these classifiers, GMM has gained a lot of attention specially in the task of genre

classification.

The pdf of each genre class is assumed to be multidimensional gaussian distribution in

GMM. The parameters of these distributions are calculated by using the training data

set [82]. In order to estimate the parameters for each Gaussian component and the

mixture weight, an iterative expectation maximization (EM) algorithm is used. Musical

piece is given as an input to the genre classification system. Initially, features from the

input musical piece are extracted. Based on these features, the classifier (GMM) takes a

decision of the class to which the given input music piece belongs to.

In order to define a GMM, K Gaussians are superimposed together as:

p(x) =
K∑
k=1

πkN (x|µk,Σk) (5.15)

Where, N is a given Gaussian with mean µk and variance
∑

k. The aggregation of these

Gaussians is done by using mixing weights given as πk ∈ [0, 1] and
∑
k = 1Kπk = 1.

The values of µk,Σk and πk are initialized by the EM algorithm. After replacing old
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parameters by new ones we calculate log-likelihood

lnP (X1, X2, · · · , Xn) =
N∑
n=1

ln
K∑
k=1

πkN (xn|µk,Σn) (5.16)

and check for stopping criteria.

Inspired by the work of Glodek et al. [225], the author has also employed the same

technique to obtain the model for PDF estimation of individual features of musical piece.

Since the observation data consists of different statistical, temporal and spectral features

of the musical piece, a single GMM model for genre classification is more likely to get stuck

in local minima. In this scenario, the use of an ensemble of individual mixture models

may create a more stable and accurate final model. Previous work [225] has reported

better performance of the ensemble model in estimating non-Gaussian distributions than

a single GMM.

The GMM ensembling is done through the following steps:

1. Let L be the number of potential ensemble members.

2. Generate initial L GMMMs, g1, · · · , gL

3. Compute initial means and covariance for each gi

4. Compute all GMM g1, · · · , gL with maximal log-likelyhood.

5. Compute weights w1, · · · , wm by using wi = 1
M

6. Get GMM ensemble g =
∑M

i=1wigi.

5.3.2 ANN

Artificial neural networks have known to be very successful in the field of pattern recogni-

tion [57]. The success of ANN for musical data classification is also presented and verified

in Chapter 3. ANN can be trained to classify the new inputs not used for training [36].

Features extracted from musical piece can be used to train an ANN in order to establish

a genre based classifier [185]. In order to create a genre classifier system based on ANN,

following steps are used [190]:

� Create a dataset of musical pieces (explained in Section 1.14)

� Normalize the data

In normalization, the values in dataset are set to lie in the range from 0 to 1 by
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using the relation:

Xn =
X −Xmin

Xmax −Xmin

(5.17)

Where X is the value (musical piece) that should be normalized, Xn is the normal-

ized value, Xmin and Xmax are the minimum and maximum values of X respectively.

� Extract features from the musical pieces of dataset. For this purpose, FFT and

MFCC are applied on each musical piece of the dataset.

� Divide the dataset into training and testing datasets. For this purpose, the complete

dataset was partitioned randomly into subsets, i.e. training set consist of roughly

80% samples, and 20% for validation and test sets each. Further fivefold cross-

validation is employed in these datasets to remove the problem of overfitting.

� Create a neural network

MATLAB provides a very user friendly environment to implement an ANN. There

are three layers in an ANN: input layer, hidden layer and output layer. The con-

figuration of the input layer is dependent on the shape of the training data. The

number of neurons in input layer is same as number of dimensions in the dataset.

The number of neurons in output layer is chosen equal to the number of genre

classes which are present in the dataset. There are a lot of rules to choose number

of hidden layers and the number of neurons in each hidden layer. For the task of

genre classification in this dissertation, one hidden layer is taken and the number

of neurons in the hidden layer is taken as the mean of neurons in input and output

layers.

� Train the ANN

We have trained the network 20 times each with different architecture. The architec-

ture was changed by changing the number of neurons in the hidden layer from two to

eight. Then simulate the best performance observed from 20 trained results, to get the

percentage classification.

5.4 Simulation Results and Discussion

Table 5.1-5.4 shows the average kurtosis and skewness results of different genres for ball-

room, SLAC, Codaich and Bodhidharma datasets respectively. An interesting observation

from Table 5.1-5.4 can be made that the numerical values of kurtosis and skewness are

distinct for almost each genre. Some overlap is observed in time domain analysis but a

clear distinction is seen in the case of FFT domain.
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Table 5.1: The average kurtosis and skewness results of different genres for ballroom
dataset.

Time domain FFT MFCC
K-S Test (Time) K-S Test (FFT) K-S Test (MFCC)

Kurtosis Skew Kurtosis Skew Kurtosis Skew
Blues 12.35 -10.6 27.77 -22.78 21.56 10.61 -4.174 -0.244 -3.3514

Classical 3.05 -12.7 18.47 -29.68 28.16 41.51 -3.898 0.398 -2.7304
Country 21.65 -1.9 7.07 3.62 16.76 -11.59 -3.991 0.056 -3.6064

Disco 6.95 -1 25.37 43.52 17.66 -21.49 -3.955 0.653 -3.8104
Hiphop 23.75 1.1 24.17 53.12 38.96 11.51 -4.006 1.592 -4.4674

Jazz 4.55 -15.4 27.47 -30.58 -14.44 2.81 -2.956 -0.244 -3.3544
Metal 9.65 -10 112.07 51.62 -7.54 13.01 -3.949 0.053 -2.1514
Pop 2.45 -10.9 77.87 -50.98 32.66 -2.59 -4.087 0.689 -3.9094

Reggae 8.15 3.5 149.57 -19.18 67.76 40.61 -3.874 0.446 -3.2524
Rock 3.05 -18.7 67.97 -10.78 28.76 75.41 -3.982 1.031 -2.5594

Table 5.2: The average kurtosis and skewness results of different genres for SLAC
dataset.

Time domain FFT MFCC
K-S Test (Time) K-S Test (FFT) K-S Test (MFCC)

Kurtosis Skew Kurtosis Skew Kurtosis Skew
Blues 14.515 -6.14 28.393 -17.102 22.804 12.949 -0.3566 3.1804 0.38374
Classical 6.145 -8.03 20.023 -23.312 28.744 40.759 -0.1082 3.7582 0.94264
Country 22.885 1.69 9.763 6.658 18.484 -7.031 -0.1919 3.4504 0.15424
Disco 9.655 2.5 26.233 42.568 19.294 -15.941 -0.1595 3.9877 -0.02936
Hiphop 24.775 4.39 25.153 51.208 38.464 13.759 -0.2054 4.8328 -0.62066
Jazz 7.495 -10.46 28.123 -24.122 -9.596 5.929 0.7396 3.1804 0.38104
Metal 12.085 -5.6 104.263 49.858 -3.386 15.109 -0.1541 3.4477 1.46374
Pop 5.605 -6.41 73.483 -42.482 32.794 1.069 -0.2783 4.0201 -0.11846
Reggae 10.735 6.55 138.013 -13.862 64.384 39.949 -0.0866 3.8014 0.47284
Rock 6.145 -13.43 64.573 -6.302 29.284 71.269 -0.1838 4.3279 1.09654

Similarly, the values from MFCC based coefficients also show distinct features for each

genre. Apart from this, the results based on KolmogorovSmirnov test for all three cases

are also given in Table 5.1-5.4. The values of K test signify the similarity of given PDF

with normal PDF. These distinct values of K test are used to classify a given melody

into the genre class. The data pre-processed by FFT and MFCC on raw data were fed

to the artificial neural network (ANN) classifier. The classifier was trained to 500 epochs

with training function train LM being used. The number of neurons in the hidden layer

was varied experimentally and a particular architecture was trained with input data a

number of times.

The ANN classification results of different techniques like raw data, Bispectrum and

MCC is shown in Table 5.5 for ballroom, SLAC, Codaich and Bodhidharma datasets.

The confusion matrix of ballroom, SLAC, Codaich and Bodhidharma datasets are shown

in Table 5.6-5.9. The architecture, at which minimum error training was obtained, was

then simulated with the test data and actual classification performance was noted.

The confusion matrices shown in Table 5.6-5.9 gives the information about number of cor-

rect predicted and number of wrong predicted class by the classifier for the four datasets

which performed best in terms of classification percentage from all the four different
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Table 5.3: The average kurtosis and skewness results of different genres for Codaich
dataset.

Time domain FFT MFCC
K-S Test (Time) K-S Test (FFT) K-S Test (MFCC)

Kurtosis Skew Kurtosis Skew Kurtosis Skew
Blues 10.945 -9.4556 43.72522 -26.33708 35.11816 19.94146 -0.549164 4.897816 0.5909596

Classical 2.575 -12.3662 30.83542 -35.90048 44.26576 62.76886 -0.166628 5.787628 1.4516656
Country 19.315 2.6026 15.03502 10.25332 28.46536 -10.82774 -0.295526 5.313616 0.2375296

Disco 6.085 3.85 40.39882 65.55472 29.71276 -24.54914 -0.24563 6.141058 -0.0452144
Hiphop 21.205 6.7606 38.73562 78.86032 59.23456 21.18886 -0.316316 7.442512 -0.9558164

Jazz 3.925 -16.1084 43.30942 -37.14788 -14.77784 9.13066 1.138984 4.897816 0.5868016
Metal 8.515 -8.624 160.56502 76.78132 -5.21444 23.26786 -0.237314 5.309458 2.2541596
Pop 2.035 -9.8714 113.16382 -65.42228 50.50276 1.64626 -0.428582 6.190954 -0.1824284

Reggae 7.165 10.087 212.54002 -21.34748 99.15136 61.52146 -0.133364 5.854156 0.7281736
Rock 2.575 -20.6822 99.44242 -9.70508 45.09736 109.75426 -0.283052 6.664966 1.6886716

Table 5.4: The average kurtosis and skewness results of different genres for
Bodhidharma dataset.

Time domain FFT MFCC
K-S Test (Time) K-S Test (FFT) K-S Test (MFCC)

Kurtosis Skew Kurtosis Skew Kurtosis Skew
Blues 2.73625 -4.822356 13.117566 -0.7901124 1.0535448 0.5982438 -0.01647492 0.14693448 0.017728788

Classical 0.64375 -6.306762 9.250626 -1.0770144 1.3279728 1.8830658 -0.00499884 0.17362884 0.043549968
Country 4.82875 1.327326 4.510506 0.3075996 0.8539608 -0.3248322 -0.00886578 0.15940848 0.007125888

Disco 1.52125 1.9635 12.119646 1.9666416 0.8913828 -0.7364742 -0.0073689 0.18423174 -0.001356432
Hiphop 5.30125 3.447906 11.620686 2.3658096 1.7770368 0.6356658 -0.00948948 0.22327536 -0.028674492

Jazz 0.98125 -8.215284 12.992826 -1.1144364 -0.4433352 0.2739198 0.03416952 0.14693448 0.017604048
Metal 2.12875 -4.39824 48.169506 2.3034396 -0.1564332 0.6980358 -0.00711942 0.15928374 0.067624788
Pop 0.50875 -5.034414 33.949146 -1.9626684 1.5150828 0.0493878 -0.01285746 0.18572862 -0.005472852

Reggae 1.79125 5.14437 63.762006 -0.6404244 2.9745408 1.8456438 -0.00400092 0.17562468 0.021845208
Rock 0.64375 -10.547922 29.832726 -0.2911524 1.3529208 3.2926278 -0.00849156 0.19994898 0.050660148

Table 5.5: Percentage classification of ANN results of different techniques.

Ballroom dataset SLAC dataset Codaich dataset Bodhidharma dataset
S.No Neurons Rawdata Bispectrum MCC Rawdata Bispectrum MCC Rawdata Bispectrum MCC Rawdata Bispectrum MCC

1 2 51 32 63 59 37 67 56 30 47 31 61 53
2 3 42 37 58 54 62 62 43 55 52 35 64 58
3 4 34 52 59 55 32 63 47 25 55 32 57 73
4 5 56 51 67 63 70 71 44 63 61 37 68 72
5 6 62 64 69 65 59 73 44 52 64 34 71 75
6 7 57 59 56 52 68 60 56 58 58 41 69 78
7 8 52 66 52 48 47 56 56 40 51 43 65 67

Table 5.6: Confusion matrix of Ballroom dataset

Predicted Class
Blues Classical Country Disco Hiphop Jazz Metal Pop Reggae Rock

A
ct

u
al

C
la

ss

Blues 72 4 5 3 1 4 3 2 2 4
Classical 5 82 1 2 0 3 1 2 2 2
Country 4 7 71 5 2 4 1 1 2 3

Disco 2 3 3 77 1 4 3 2 1 4
Hiphop 2 1 1 2 81 1 2 7 1 2

Jazz 3 2 0 5 2 79 4 2 2 1
Metal 1 2 3 4 5 2 74 4 3 2
Pop 2 3 2 2 4 3 6 69 5 4

Reggae 2 3 5 3 3 4 3 4 69 4
Rock 6 4 5 6 2 5 3 2 3 64
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Table 5.7: Confusion matrix of SLAC dataset

Predicted Class
Blues Classical Country Disco Hiphop Jazz Metal Pop Reggae Rock

A
ct

u
al

C
la

ss

Blues 62 5 2 4 2 6 6 3 4 6
Classical 1 74 4 7 3 1 5 1 0 4
Country 1 3 68 2 6 7 3 5 1 4

Disco 5 1 2 64 4 6 7 3 2 6
Hiphop 4 3 7 2 69 3 5 3 4 0

Jazz 2 0 3 2 7 70 5 6 3 2
Metal 0 3 5 6 2 1 62 6 7 8
Pop 7 6 3 4 7 6 0 59 2 6

Reggae 4 1 7 5 4 5 6 0 65 3
Rock 8 5 2 7 0 8 6 0 7 57

Table 5.8: Confusion matrix of Codaich dataset

Predicted Class
Blues Classical Country Disco Hiphop Jazz Metal Pop Reggae Rock

Actual Class

Blues 58 4 6 5 4 5 7 3 4 4
Classical 7 70 3 4 0 3 5 0 3 5
Country 0 3 64 3 1 7 4 7 5 6

Disco 2 7 6 60 2 4 5 2 4 8
Hiphop 1 4 0 5 65 7 6 4 3 5

Jazz 6 5 4 5 2 66 7 2 3 0
Metal 6 6 4 2 3 3 58 3 6 9
Pop 6 3 2 7 4 5 7 55 5 6

Reggae 5 6 4 5 7 0 4 7 61 1
Rock 7 2 7 0 5 9 4 6 7 53

Table 5.9: Confusion matrix of Bodhidharma dataset

Predicted Class
Blues Classical Country Disco Hiphop Jazz Metal Pop Reggae Rock

Actual Class

Blues 56 8 6 5 5 7 1 3 5 4
Classical 7 68 3 4 3 5 6 1 3 0
Country 0 5 62 3 6 5 6 5 3 5

Disco 4 0 5 58 3 4 5 7 5 9
Hiphop 1 0 1 4 63 2 6 9 8 6

Jazz 4 6 5 6 4 64 4 5 2 0
Metal 3 6 2 0 4 6 56 8 6 9
Pop 1 4 7 5 6 3 5 53 6 10

Reggae 0 6 3 4 8 5 6 7 58 3
Rock 4 5 6 6 7 4 3 6 5 54
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Figure 5.18: Percentage classification of Ballroom dataset using GMM.
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Figure 5.19: Percentage classification of SLAC dataset using GMM.
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Figure 5.20: Percentage classification of Codaich dataset using GMM.
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Figure 5.21: Percentage classification of Bodhidharma dataset using GMM.
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Figure 5.22: Percentage classification results of ANN classifier on Ballroom dataset with
statistical features.

datasets. The columns represents the predicted musical piece genre by the classifier and

the rows represents the actual musical piece genre predefined by human experts. The

diagonal values of confusion matrix represents the correct percentage classification of a

particular class.

The bar graph in Fig. 5.18-5.21 show the percentage classification of the four datasets

using GMM. The classification rate is found to be between 70-80 % from the GMM

based classifier which is superior when compared with the approaches from Jensen [226]

giving 48% classification, Holzapfel [227] with 66.48% and Marchand [228] with 75.52%

classification on Ballroom dataset. A similar classification percentage as reported in

this work is achieved in [229] using 111 features at the cost of increased complexity as

compared to our algorithm which uses less number of features. Authors in [133] report

a 60-70% classification rate FFT and MFCC on same datasets as used in this work.

The bar graph of Fig. 5.22 shows the percentage classification v/s number of neurons

for Ballroom dataset when the raw data and data obtained from statistical features i.e.

Bispectrum and MFCC were fed to ANN classifier. It can be observed from Fig. 5.22 that

the percentage classification of raw data is minimum as it improves for Bispectrum and

MFCC. Another important observation is that ANN gives slightly better classification

results when compared with GMM for same dataset.
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5.5 Conclusion

In this chapter, the GMM has been described for genre classification. It was observed

that the performance of classifier can be improved by feeding extracted features from

original data. Another important observation is that the system works differently in dif-

ferent domains. Therefore, the classification system is implemented in time, FFT and

MFCC domains with the help of statistical features of musical piece. Experimental re-

sults obtained from four different standard datasets named ballroom dataset [160], SLAC

dataset [161], Codaich dataset [162], and Bodhidharma dataset [163] show promising re-

sults. The simplicity and ease of implementation of this classifier (due to less number of

features used as compared to existing techniques) makes it a suitable candidate in the

construction of online music libraries and maintaining digital music collections based on

genre.
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Chapter 6

Conclusions and Future Scope

6.1 Conclusions

This thesis embodies efforts towards the automatic classification of music structures across

some popular frameworks. Initially motivated by the need of a Raga identification sys-

tem, the author has developed and applied several classification techniques for genre and

composer classification as well. Since Raga is known to have some sort of a representa-

tive pattern, most of the efforts of the author were directed towards the development of

pattern matching based techniques which are reported in chapters 3 and 4 of the thesis.

The author’s motivation for developing and improving n-Gram based pattern matching

comes from the suboptimal and non-reliable performance of ANN based classifiers which

also required a large training set with pre-defined labels. Promising results obtained

from the improved n-Gram matching technique underscores the usefulness of a robust

pattern-matching paradigm.

No doubt, modeling of the classification problem as an Analytic Hierarchy Process and

identification of positive and negative ideal solutions proved to be decisive factors in

ensuring the success of the technique. The efficacy of the techniques reported in Chapter

3 and 4 was validated by its good performance in composer classification also where the

musical pieces were drawn from western classical music. Fig. 6.1 depicts the results of

PCA, DCT, MCC on raw data and MCC on DCT on the Raga dataset and MIDI dataset

for ANN classifier. Fig. 6.2 shows the results of composer dataset, raga dataset and raga

dataset with the predefined catch phrase for exact, weighted and fuzzy n-Gram for the

sake of comparison and analysis by the reader.

Best classification results obtained from each scheme suggest that pattern matching

scheme (improved using weighting and fuzzification) works better for ragas. Interest-

ingly, ragas are such frameworks that support a “representative pattern”. This finding

based on an average of 5 fold cross-validation cannot just be a coincidence.
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Figure 6.1: Results of PCA, DCT, MCC on raw data and MCC on DCT on Raga
dataset and MIDI dataset for ANN classifier.

Exact n-Gram               Weighted n-Gram                      Fuzzy n-Gram

1 2 3

B
e

s
t 

P
e

rc
e

n
ta

g
e

 C
la

s
s
if
ic

a
ti
o

n

0

10

20

30

40

50

60

70

80
Composer Dataset

Raga Dataset

Raga Dataset with predefined

catch phrase

Figure 6.2: Results of composer dataset, raga dataset and raga dataset with the
predefined catch phrase for exact, weighted and fuzzy n-Gram.
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6.2 Future Scope

Although the machine learning and pattern matching based classifiers seem to work

well with a small number of classes (up to 10), the performance falls drastically with

an increasing number of classes which calls for more investigation into the techniques

reported in this dissertation.

As a future step, the author envisages the development of efficient mixture models for un-

supervised classification of different melodies structures. For this purpose, the statistical

parameters and features reported in chapter 5 could prove to be useful for the research

community. Furthermore, the performance of deep learning can be evaluated for music

classification in the future.

In the n-gram method, more sophisticated aggregation techniques and complex classifiers

can be utilized to achieve better classification results. In the current study, raga, genre

and composers are taken to be as the generic classes for the given melodic datasets.

In future studies, other classes based on different attributes of melodies can be chosen.
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can mimic human piano performance: The deep blues of music. Journal of New

Music Research, 46(2):175–186, 2017.

[182] Sovan Lek, Marc Delacoste, Philippe Baran, Ioannis Dimopoulos, Jacques Lauga,
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