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Abstract— Automatic recognition of musical patterns plays a ie, a continual pitch that sounds throughout the concert, which
crucial part in Musicological and Ethno musicological research js a tonic. This acts as a point of reference for everything

and can become an indispensable tool for the search andhat foliows, a home base that the musician returns to after
comparison of music extracts within a large multimedia database. flight of i isati Th It lodic struct
This paper finds an efficient method for recognizing isolated a Tight ot iImprovisaton. e result IS a melodic structure

musical patterns in a monophonic environment, using Hidden that is easily recognizable, yet infinitely variabk.Raga is

Markov Model. Each pattern, to be recognized, is converted popularly defined as a specified combination, decorated with
into a sequence of frequency jumps by means of a fundamental empellishments and graceful consonances of notes within a
frequency tracking algorithm, followed by a quantizer. The q4e which has the power of evoking a unique feeling distinct

resulting sequence of frequency jumps is presented to the input . . .
of the recognizer which use Hidden Markov Model. The main from all other joys and sorrows and which possesses something

characteristic of Hidden Markov Model is that it utilizes the Of @ transcendental elemefg]. In other words, a Raga is a
stochastic information from the musical frame to recognize the characteristic arrangement or progression of notes whose full
pattern. The methodology is tested in the context of South Indian potential and complexity can only be realised in exposition.
Classical Music, which exhibits certain characteristics that make This makes it different from the concept of a scale in Western
the classification task harder, when compared with Western . . . . . .
musical tradition. Recognition of 100% has been obtained for the MUSIC: A Raga 1S characterised by several attributes, _I|ke Its
six typical music pattern used in practise. South Indian classical Vaadi-Samvaadi, Aarohana-Avrohana and Pakad, besides the
instrument, flute is used for the whole experiment. sequence of notes which denote it. It is important to note
here that no two performances of the same Raga, even two
performances by the same artist, will be identical.
. INTRODUCTION The recognition scheme that we propose consists of three
Digital sound processing tools offer new possibilities to thetages. In the first stage, tempo-tracking stage, the onset of
analysis of musical structures, the modeling of the acous#iach pitch is detected and its duration calculated. The musical
characteristics of an instrument and the musical pattern copiece to be analyzed is segmented with the duration taken
parison and recognition. The earliest and most well known s@s the window width. In the second stage lies a fundamental
vey of digital signal processing techniques for the productidrequency tracking algorithm, which generates fundamental
and processing of musical sounds was authored by [1] in 19f&quency from unknown musical pattern. Each extracted
Today, the computational efficiency of computers permits tliendamental frequency is quantized using the pitch values of
research community to deal with tasks that were unrealisfouth Indian music [3]. Several time-domain and frequency
to face before. Such an important task of great interest to tdemain algorithm were considered [4]-[7]. In addition a new
musicologist is the semi-automated search of specific souggorithm is developed which is similar to period histogram
patterns within a large number of stored sound files. ThelgH. In the third stage the output from the second stage is given
musical patterns have been shaped and categorized throt@h pre-trained hidden markov models(one for each musical
practice and experience in many musical traditions. pattern).

This paper proposes a scheme for the recognition of such

. . . . . : Il. FEATURE GENERATION
predefined musical patterns in a monophonic environment in ) _ )
the context of south Indian classical music. Indian classicalM@ny methods (both frequency-domain and time-domain)

music instrument Flute is used for the whole experimerﬂf’“’e been proposed in the literature.Those methods are

From a large number of types of transistory musical patternsFrequency-domain approaches: Schroeder’s histogram [4],
encountered in practice in different instrumental style, we hagehroeder's Harmonic Product Spectrum [4], Piszscalski's
selected the six typical cases. method [5] and Brown'’s pattern recognition method based on

Indian classical music is defined by two basic elemenl@e properties of a constant-transform [6].

They are Raga (classical mode) and Taal(rhythm). In anyTime-domain methods: Cooper and Kia’s method [8] and
Indian classical composition, the music is based on a drogrpwn’s narrowed autocorrelation method [7]. Also Tolonen’s



difference of adjacent Short Time Fourier Transform (STFT)
of the audio signal. If this difference is above a predefined
threshold, then the frequency transition has occurred in the
final block of audio signal. To get precise information of the
onset of a particular frequency STFT with 75 percent overlap
update is used. Thus, the positions of onset of different frequencies
are calculated. These calculations are converted into Beats per
cotrect minute (Bpm) and the average of these values give the exact
tempo in Beats per minute.

predict

Mathematically, a dynamical system is characterized by a
set of state variables and a set of state transition equations
that describe how the system model evolves with time. For
example, a perfect metronome can be described as a dynamical
method was used [9]. system with two state variables: a beat and a period

) ) ) .7 Where 7 is the time at which the frequency onset or

We propose a new method, in which first tempo tracking {5aquency transition occurs andl is the duration for which

done to find the transition points of each of the pitches in thga o rresponding frequency persist. Given the values of state
music piece, is used to find the window length adaptively. TRe iaples at(j — 1)™step as7;_; and A._, and next beat
fundamental frequency in each of these windows is calculatgd. .« o — = H A ! !

J - J—i

using the method suggested in Schroeder’s histogram [4], but : _
with a slight modification that the fundamental frequency The period of a perfect metronome is constant/sp =
is tracked using Greatest Common Divisor method in th&;-1-By using vector notation we can write a linear state
specified window.This method can be used for perfect fuffansition model as
damental frequency tracking where the fundamental frequecy ~ R

A - S; =75, 4] 1)
component is missing in the fast fourier transform.

Fig. 1. Discrete kalman filter flow diagram

when the initial stateS, = [?—0,80] is given ,the system is
fully specified. Since the metronome is perfect the period
. o ] ) stays constant. Such a deterministic model is not realistic for
The tempo tracking system is divided into two sections. IRatyral music performance and can not be used for tracking the
the first section, Short Time Fourier Transform of the audu@mpo in presence of tempo fluctuations and expressive timing
signal with appropriate time-frequency resolution is calculatggyiations. Tempo fluctuations may be modeled by introducing

and used to obtain a rough estimate of the Tempo of thengise termy. that corrupts the state vector
musical Signal[13]. This data is given to a Kalman filter to !

generate short term predictions of future beats in the audio
signal and there by reducing the error adaptively occurred S. — AS. ;1 + v @)
. . . . J j—1 7
during the observation. The algorithm is evaluated over a range
of musical styles by comparing the predicted output to knownwherev is a gaussian random vector with mean zero and
tempo tracks.The tempo tracking process used in this papégonal covariance matrix Q.The tempo will drift from the
can be subdivided into i)Onset Analysis and ii)Estimatiomitial tempo quickly if the variance af is large. On the other
using Kalman filter. hand when Q-0, we have the constant tempo case. In a music
1) Onset Analysis:The aim of the onset analysis stage igerformance, the actual beatand the periodA cannot be
not to explicitly detect the locations of note onsets, rathebserved directly. For example, suppose, an expert drummer
to generate a midlevel representation of the input whidh tapping along a performance at the beat level. If the task
emphasizes the onset locations. To reflect this need we chowselld be repeated on the same piece, we would observe
an onset detection function a continuous signal with peakech time a slightly different tempo track. As an alternative,
at onset positions, as the input to the tempo analysis stageppose we would know the score of the performance and
Each onset detection function is generated from frame bagdentify onsets that coincide with the beat. However, due to
analysis using a window size of 1024 samples and a stemall scale expressive timing deviations, these onsets will
increment of 1024 samples, from audio sampled at 2206@ also noisy, i.e. we can at best observe noisy versions of
Hz, giving a temporal resolution of 46.4 ms. The detectioactual beats. We will denote this noisy beat byn contrast
algorithm portrays the complex spectral difference between titethe actual but unobservable beaMathematically we have
discrete Fourier transform (DFT) of the current fradig|[n|
and a predicted target frani&, 1 [n]. Onset detection function
peaks are the result of transitions in frequency or pitch changes
of the musical signal enabling the approach to detect onsets
in a wider range of signals. The Kalman filter is essentially a set of mathematical
2) Estimation using Kalman filterThe detection of the on- equations that implement a predictor-corrector type estimator
set of a particular tone or frequency is determined by taking thieat is optimal in the sense that it minimizes the estimated

A. Tempo tracking

Tj:’il'}+wj (3)



: of RSN D. Mapping frequencies to states of Hidden Markov Model

L - P Noe o HOMM —L The twelve quantized frequencies so obtained are mapped to
Frewned M2 | v orae fWEIVE States of the hidden markov model which are 1,2,3,...12.
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s gecatin— ywhich will be discussed in detail in the next section.

Decision)

req
Tracking,

l Ill. HIDDEN MARKOV MODEL
Pre-trained HMM &

= o Hidden Markov models (HMMs) are mathematical models

of stochastic processes, i.e. processes which generate random
sequences of outcomes according to certain probabilities. A
simple example of such a process is a sequence of coin tosses.
More concretely, an HMM is a finite set of states, each of
error covariance, when some presumed conditions are met. ..Ch is. as;ocjated W“h."’.‘ (generally multidimensional) prob-
Kalman filter estimates a process by using a form of feedb %E' ity distribution. 'I'_r_a_n3|t|0ns among _the states a_re_governed
control: the filter estimates the process state at some timea@( a set of probabilities called transition probabilities. In a
then obtains feedback in the form of (noisy) measurements. R rucu!ar state, an out(_:ome or obsg.rvatl_on can be ge_‘nerated,
such, the equations for the Kalman fiter fal into o groupge S8 2 8 PR Bt e L S0 e e
time update equations and measurement update equatlonsso states are hidden and hence the name hidden Markov
model.

Fig. 2. Raga identification block diagram

B. Fundamental frequency tracking algorithm In order to define an HMM completely, the following

Fundamental frequency and pitch are often used int@tements are needed
changeably, although their values do not always coincidEhe number of states of the model, N
The perception of pitch is a psychoacoustical phenomendihe number of observation symbols in the alphabet, M.
whereas the fundamental frequency is a quantity that cArset of state transition probabilities
be calculated algorithmically for periodic or quasi-periodic A= {ai;}
signals.The Tempo extracted is utilized to separate the musical L
signal into several segments each having a single pitch.The . . .
fundamental frequency of each of these segments is calculated 9 — Plarn =g/ =ih1<i,j <N
using a frequency-domain algorithm developed that can tanereq; denotes the current state.
considered as a modification of Schroeder’s histogram [4]. Theprobability distribution in each of the states,
algorithm used in [10] is similar to that used in [4] but
the drawback of both of these algorithms is that it fails to
cope with the problem of missing fundamentals.To compensate
this we have used an algorithm in which greatest common . . .
divisor of the frequencies is taken, which helps in findin(é"'k > Ploy =ve/qp =jh1<j<Nj<N1<k<M
the fundamental frequency, even if it is missing.In the new
algorithm derived first the FFT values of indices 513 to 1024herew,, denotes thek,;, observation symbol in the alphabet
are made zero as they are symmetrical.The remaining 512 gfgj t the current parameter vector.
arranged in descending order of their amplitude.Ten of thefhe injtial state distribution,
are selected and Greatest Common Divisor(GCD) of each of
each and every pairs of them are taken.Mode of this is taken
to obtain the most recurring value.This gives the fundamental m = {m}
frequency.

B = {bji}

C. Quantization of extracted frequencies

The fundamental frequency so obtained is passed to a ni
uniform quantizer having twelve levels,which are similar t
pitch values derived in [3].The actual quantization steps a
given by

24 x log(JI) 4

where JI is Just Intonation ratio given in [3].

Just Intonation is the ratio of fundamental frequerfgyto
the frequency of C note, called "sruthi”,in South Indian musidiig. 3. model of the HMM used



wherer; = p(¢1 =14),1 <i <N - called the Viterbi path - that result in a sequence of observed
Thus, an HMM can be compactly represented as events, especially in the context of hidden Markov models. The
forward algorithm is a closely related algorithm for computing

A= {A, B, the probability of a sequence of observed events.

The algorithm makes a number of assumptions. First, both

the observed events and hidden events must be in a sequence.
Hidden Markov models and their derivatives have been widethis sequence often corresponds to time. Second, these two
applied to speech recognition and other pattern recognitisequences need to be aligned, and an observed event needs
problems [12]. Most of these applications have been inspir@sl correspond to exactly one hidden event. Third, computing
by the strength of HMMs, ie the possibility to derive unthe most likely hidden sequence up to a certain pointust
derstandable rules, with highly accurate predictive power fdepend only on the observed event at pdginand the most
detecting instances of the system studied, from the generaiigdly sequence at point — 1. These assumptions are all
models. This also makes HMMs the ideal method for solvirgatisfied in a first-order hidden Markov model.

Raga identification problems. The Viterbi algorithm operates on a state machine assump-

tion. That is, at any time the system we are modeling is in

A. Selection of Hidden Markov Model some state. There are a finite number of states, however large,

The HMM used in our solution is significantly differentthat can be listed. Each state is represented as a node. Multiple
from that used in, say word recognition. This HMM, whicksequences of states (paths) can lead to a given state, but one
we call from now on, can be specified by considering eaétthe most likely path to that state, called the "survivor path”.
of its elements separately.Each note in each octave represéihis is a fundamental assumption of the algorithm because the
one state in\ . Thus, the number of states actually requiredlgorithm will examine all possible paths leading to a state and
is N=12x3=36 (Here, we are considering the three octavesmfly keep the one most likely. This way the algorithm does
Indian classical music, namely the Mandra, Madhya and Taot have to keep track of multiple paths, only one per state.
Saptak, each of which consist of 12 notes) as used in [6].
Instead we have first mapped the frequencies in the Mangfa Features extracted from HMM
and Tar Saptak into the corresponding frequencies in theT

. The feature used for the recognition process is the sum-
Madhya.Hence the total number of states for the HMM Hation of the probability emitted by the HMM.The model

N=12. Pattern recognition in [10] is based on the frequenc . . ) .
difference, where the total number of states needed for tgfeoducmg the highest value is recognized to be the pattern of

HMM is very high compared to the HMM whose states are € wavefile given as input.

taken on the basis of absolute frequencies.So we have adopttle\(; A
absolute frequency as the basis for HMM. . APPLICATION OF THE METHOD IN THE CONTEXT OF

N N SOUTH INDIAN CLASSICAL MUSIC
__The transmgn probgbmtyA - {aij.}. represents the proba- One model for each of the eight musical pattern selected
bility of note j appearing after note in a note sequence of .

the Raga represented by is Con_struct_ed and the _musical clip whose patt_ern to be
recognized is given as input to each of these six models.
The initial state probabilityr = {m;} represents the proba-The parameter emitted by these models is the summation
bility of note ¢ being the first note in a note sequence of thef the transition probabilities through which the musical
Raga represented by . clip given as input passes through. The Six typical music
The outcome probability3 = {b;;} is set according to the p_atterns_that we selected f_rom Sq_L_Jth Indian glgssical mu-
following formula sic are |)__Sa_mkarak_Jaranam i)Nata iii)Natakurunji iv)Kalyani
Bij = 0,Yi # j, v)Sivaranjini and vi)Abogi. . . .
By = 1,Vi=j. If the notes present, (as in 12 note representation [3] in
* ’ the South Indian music) in each of these musical patterns
The last condition takes the hidden character away from, lafe represented by 1 and those notes which are absent are

it can be argued that this setup suffices for the representatigiresented by 0. It can be represented as in the table.
of Ragas, as our solution distinguishes between performances

of distinct raga on the basis of the exact order of notes sung

in them and not on the basis of the embellishments used.Thus, TABLE I
at each statex in )\, the only possible outcome is note PATTERN OF RAGAS
Raga pattern
. o ) Sankarabaranam 101011010101
There are several algorithms for training a Hidden Markov Sivaranijini 101100010100
Model. Main among them are Viterbi algorithm,Baum-Welch Abogi. 101101000100
| ith 12 h d Viterbi al ithm for the traini Kalyani 101010110101
algorithm [12]. we have used Viterbi algorithm for the training Natakurunji | 101011010110

purpose. The Viterbi algorithm is a dynamic programming
algorithm for finding the most likely sequence of hidden states



TABLE |
FEATURES EXTRACTED FOR DIFFERENTRAGAS

Raga Nata | S.abaranam | Abogi | sivaranjini | Kalayani | N.kurunji | R/NR
Nata 0.2017 0.1846 0.1804 0.1704 0.1789 0.1497 R
sankarabaranam 0.1977 0.2107 0.1932 0.1855 0.2071 0.1877 R
Abogi 0.2055 0.2088 0.2180 0.2063 0.2117 0.2052 R
sivaraniini 0.2030 0.1953 0.2073 0.2195 0.2108 0.2011 R
Kalayani 0.1958 0.1919 0.1876 0.1853 0.2139 0.1791 R
Natakurunji | 0.1982 0.1940 0.1845 0.1958 0.2024 0.2181 R

V. RESULTS The required musical clip to be recognized is given as input to

all the eight Hidden Markov Models. The parameters emitted
) ) i by each of these models are given in the table.The extracted
The periodsA; obtained are applied to the Kalman filterya ameter is the summation of the emitted probabilities in each
to track the tempo variations from period measuremeniss the state. The model giving the highest value is recognized
Errors in the measurement and calculation is compensafgdye the pattern of the wavefile given as input.For example, in
in the estimation process by the kalman filter. The trackinge case of Abogi, The horizontal row for Abogi represent the
performance is shown in fig. The tempo obtained after Kalmag,res extracted from different models for the music clip in
filtering resembled the_ exact tempo of the audio input filg,g Raga Abogi. In the horizontal row the maximum value is
To evaluate the effectiveness of the above modeled ©mMp91g0 which corresponds to the column Abogi. So the given

tracking system, The system is thus shown to be followingsical clip is recognized to be of Raga Abogi.
the tempo variations of the audio effectively. wavefiles with

dlffere_nt tempo(BPM) are given as input tq the tempo_traCkEf&'cknowledgments
The pitch time periodAs for these wavefiles are estimated . o ]

with and without using kalman filter and are plotted in figs. The First Author Sinith thanks all his friends who have given
output of the kalman filter had the tracked tempo most clogétluable information relating to the work.we also thank

to the actual tempo of the music clip given for tempo trackind/r-Thor, University of Sussex, England and Arvindh Krish-
naswamy, Stanford University for the valuable insight given

by them during the work.
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B. Raga ldentification
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