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Abstract: In this paper, our key aspect is the design of a deep learning architecture for the classification of Hindustani (classical
North Indian music) ragas (music modes). In an attempt to address this task, we propose a modular deep learning architecture
designed to process data from two modalities, comprising audio recordings and metadata. Our bipolar classifier utilizes
convolutional and feed forward neural networks and incorporates spectral information of audio data and metadata descriptors
tailored to the peculiar melodic characteristics of Hindustani music. In specific, audio recordings as well as manually annotated
and automatically extracted metadata were utilized for audio samples of both Hindustani improvisations and compositions
available in the Saraga open dataset of Indian art music. Experiments are conducted on two Hindustani ragas, namely Yaman
and Bhairavi. Results indicate that the integration of multimodal data increases the classification accuracy of the classifier in
comparison to simply using audio features. Additionally, for the specific task of raga classification the use of the swaragram
feature, which is customized for Hindustani music, outperforms the effectiveness of audio features that are commonly used in
Eurocentric music genres.
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1. Introduction

This work focuses on machine listening
identification of ragas in Hindustani music, which is
the north Indian style of classical Indian music.
Tzanetakis was the one to highlight the importance in
expanding data-driven research to cover non-
Eurocentric music traditions too [1], aiming—among
other things—at improving the current state of the art
in MIR (Music Information Retrieval).

Hindustani music is a so-called oral music
tradition, which means that it is based on the
transmission of knowledge from teacher to student
through direct imitation rather than written
instructions of music notation. It relies heavily on
improvisation, which is rule-based and conforms to
the so-called raga system. Raga refers to a concept of
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melodic mode lying between scale and tune [2], and it
provides a tonal framework for composition and
improvisation. A mode is a collection of musical notes
(the degrees of a scale) coupled with rules about how
to treat them. In other words, in contrast to the way a
scale is performed and perceived in Eurocentric music
genres, a raga cannot be merely understood based on
the set of used notes; given the same set, a different
raga could be performed, the differentiation of which
relies on other musical features.

For a concrete explanation of the term, following
readings are suggested: [3-5]. However, defining what
exactly constitutes a raga is not a straightforward task
[6]. Loosely, one can say that a raga refers to a group
of important features, including the scale (discrete
pitches), the notes’ sequence, their hierarchy, relative
duration, importance, micro-tonal intonation and
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ornamentation, types of melodic movement, specific
phrases, mood, etc. To further perplex matters, there
are other attributes that extend beyond purely musical
features and contribute to the rendering of different
ragas by performers—and their identification by
listeners—that would ideally also need to be taken into
account. These may include elements of mood and
aesthetics, such as distinct mental images that adhere
to specific ragas as depicted in the so-called Ragamala
miniature paintings, but have not been considered in
our work.

For these reasons, mode classification tasks, such
as those of Hindustani ragas, fundamentally differ to
those applied to scale or genre identification tasks in
Eurocentric music genres. The following offers a short
introduction to Hindustani music, which highlights the
peculiar characteristics of the music genre and justifies
the selection of extracted features in our
implementation.

Hindustani music follows a movable tonic system,
which means that the tonic (Do) is defined by the most
comfortable pitch area of the singer; therefore, the
pitches of scale-degrees (swaras) need to be
computationally deduced based on the (either
manually or automatically) extracted tonic frequency.
The soloist is invariably accompanied by a constantly
sounding drone instrument (called tanpura), which is
used to create a sonic canvas as a tonal reference, from
which the pitch of the tonic can be both perceived and
computationally extracted. Manual annotations for the
tonic frequency provided by the used corpus have been
considered in this paper.

Three registers (octaves) are commonly used in
performance, the low, the middle and the high. There
are seven basic scale degrees, from which the first
(tonic) and 5™ are never altered. The 2™, 3%, 6™ and 7%
degrees can be lowered by a semitone and the 4th
degree can be raised by a semitone. All degrees of a
raga scale need to be computed relative to the tonic
frequency. There is a great sense of pitch accuracy by
Hindustani musicians. However, notes are not
considered exactly fixed in pitch and—in contrast to
Western styles of music—the exact position of the
semitones, excluding the natural 4", natural 5% and
octave, can vary slightly according to the specific raga
[3]. Another peculiar characteristic of ragas is the
intricate micro-tonal embellishment (shrutis) of scale-
degrees as well as the abundance of smooth melodic
glides by which musicians often connect discrete
notes; the space between notes is often considered
more important than the discrete notes themselves [7].
It is for this reason, that pitch identification in
Hindustani music is an especially challenging task [8],
and a fundamental aspect that differentiates
computational approaches of note extraction in
Hindustani music from those used for Eurocentric
music genres.

A raga can be further characterized by its overall
melodic outline in terms of ascent and descent,
whereby different degrees of the scale may be used or
omitted in ascending versus descending order
according to the raga. In most cases, the tonic and the
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5% function as strong anchor points, while two notes,
unique to individual ragas, gain attention and special
treatment and contribute to the special mood of each
raga. Pitch distribution plots of a Hindustani
improvisation reflect the tonal hierarchy of a raga.

Characteristic motifs, key phrases and ornaments
constitute prominent aspects of a raga, and therefore
also strong cues (the ‘signature’) for raga
identification. It is for this reason, that we take
advantage of the manual annotations of raga key
phrases in the used corpus, which are described as a
sequence of notes. However, one needs to emphasize
here that, while the problem of automatic melodic
phrase detection has been attempted for Western
music, Hindustani music presents additional
challenges due to the conception and treatment of
notes in a pitch continuum [9]. In specific, phrases and
motifs cannot be simply recognized in terms of
discrete note sequences, as is the case in Western
styles of music, but would rather need to be considered
as melodic shapes as represented by computed pitch
contours [10]. For a more extensive contribution to the
discussion of pertinent features and proposed
computational methods of feature extraction the reader
can refer to [11] and [12].

To address the complexity of raga identification, in
this paper we formulate a methodology for machine
listening raga classification, which is based on
customized features for the specific task utilizing deep
learning architectures. The current paper extends our
previous work [13] by relying on an audio feature that
is tailor-made for Hindustani music—called
swaragram—which have been recently introduced in
research literature.

Raga identification methods are expected to find
application in music education, aiding the oral
tradition of music training, as well as in Music
Information Retrieval tasks, such as the automatic
labelling of unknown audio material and hence the
development of automatically annotated repositories
of Hindustani music.

In this study we focus on two ragas of Hindustani
music, namely Yaman and Bhairavi, with each having
the tone material that is illustrated in Table 1.

Table 1. Basic information for Yaman and Bhairavi. Upper
case letters denote the higher (sharper) pitch alternative,
while lower case letters denote the lower pitch (flatter)
alternative of the note.

Characteristic

Tone material
phrases

Raga

MDNR\DS
NRGMP\RG—-
RGM\RMG
GMDNDP

Yaman SRGMPDN

Sg-mPmgmrS
gmPdP
mg-SrS

Bhairavi SrgmPdn
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What follows in this paper is organized in five
sections. The next section offers an overview and
discussion of related work. The third section describes
the data corpus where experiments were conducted,
and details the proposed methodology, mostly
focusing on the feature extraction stage and the
network architecture. All experiments and results are
reported in the fourth section, leading to the
concluding part of the work.

2. Related Work

Automatic raga identification is a challenging task
in music information retrieval research due to
complexity and diversity of Indian music. The lack of
a standardized notation system and the variability in
performance by different musicians between different
ragas increases the complexity of their accurate
identification. However, recent studies report progress
in developing architectures for automatic raga
identification with the usage of machine learning and
deep learning techniques. Most studies in this field
focus on Carnatic (south Indian classical) music
([14-22]) and less are reported on Hindustani
([23-29]), while some papers refer to both genres ([30
-34, 8, 35-37]). There is still significant room for
improvement in this field, mainly in the Hindustani
genre and further research is needed to develop robust
algorithms; this is where the current paper targets.
Conventional classifiers have been used in Carnatic
and Hindustani music for this task and have reported
promising results. In [8] k-Nearest Neighborhood and
Support vector machine classifiers have been used.
Gaussian Mixture Model based Hidden Markov
Models (HMMs), discrete HMMs and classification
trees have been also utilized in [38].

Recent studies incorporate machine learning
techniques and involve various neural network
architectures. Convolutional neural networks are
reported as well-suited architectures for raga
identification tasks in ([23, 15, 24, 22]). Recurrent
neural networks and Long-short-term neural networks
were utilized in [14] and [26] respectively. Transfer
learning aggregated methods [39] and supervised
learning techniques ([40, 22]) have also reported good
results.

The aforementioned architectures have been tested
in conjunction with the development of effective
feature extraction techniques to improve accuracy and
robustness. Several features have been defined,
conveying information about the identity, mood, and
characteristics of a raga. Patterns of melodic phrases
were utilized in [10] using vector space modeling.

Audio features conveying temporal and spectral
information are considered to be the most important
and provide good results. Various features extracted
from audio recordings have been tested, mainly Mel-
spectrogram, Mel-frequency Cepstrum Coefficients
(MFCC), chromagram, modgdgram, pitch and timbre
features ([32, 26,41, 16, 34]). The specific features are
aimed at Eurocentric music genres, and in a way don’t

successfully capture the melodic structure of Indian
classical music. In a recently study [17], an alternative
audio feature (swaragram) that is tailored to the
distinct characteristics of Hindustani music was
utilized by a residual neural network (ResNets) for
raga identification tasks, and it has reported an
accuracy of 79.9 % for the Carnatic and 90.4 % for the
Hindustani music genre.

In this work, we define a two-class raga
classification task on recordings of Hindustani music,
namely Yaman and Bhairavi. The specific problem
has been addressed in [25], where experiments were
carried out on 341 web-extracted audio clips, 60sec-
long each, for both instrumental and vocal music, 194
of which in Yaman and 147 in Bhairavi. In the
proposed method conventional classifiers, K-Nearest
Neighbor (KNN) and Support vector machine (SVM)
classifiers were used, achieving a 92 % classification
accuracy.

In our method, a deep learning architecture
consisting of convolutional and fully connected
networks is utilized to process data of two modalities;
audio-based features and metadata. The proposed
performance optimization scheme processes audio
signals as an image representation of the swaragram
Indian music-specific audio feature. The proposed
classifier achieves a classification accuracy of
98.22%, thus outperforming the state-of-the-art score
in the specific classification task.

3. Material and M ethod

3.1. Data Corpus

The most widely used databases of classical Indian
music are the CompMusic Art Indian music dataset—
and its subset, Dunya Corpora, for Music Information
Research in Indian Art Music [33]—and the Saraga
music research corpus of Indian Art Music [42].
Notwithstanding the mp3-quality of the Saraga music
research corpus, it was preferred, as it served the scope
of this paper in raising the raga classification accuracy
by incorporating metadata, which was possible
because it includes additional information other than
audio.

A Hindustani performance involves a number of
sections, which can be different according to the
specific sub-genre, and may include a non-metrical
melodic improvisational introduction, rhythmic
improvising sections and one or more compositions.
All sections of a single performance adhere to the
same raga and were included in our implementation.

Hindustani music is monophonic, which means
that a performance will typically entail the melodic
development by a single performer or the
accompaniment by another melodic instrument in
unison with the soloist (e.g. by a harmonium, which
will repeat or imitate phrases of the soloist’s melodic
line with a slight delay). It can be performed either
vocally or by an instrument, and in the former case a
vocalist can employ either lyrics or non-lexical
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syllables. The chosen includes all
abovementioned cases.

In specific, the corpus comprises 107 multitrack
(rarely available in Music Information Retrieval)
audio recordings of 68 different ragas by 11 singers of
Hindustani music. The recordings are accompanied by
editorial metadata and time-aligned structural,
melodic, and rhythmic (the latter not used for our
purposes) annotations, which are either extracted
automatically or created manually by expert listeners.

The editorial metadata includes foremost the raga
name extracted from the cover-art, manual annotations
by Classical Indian Music experts (such as start/end
time-stamps of individual sections, section name and
melodic transitions, with time-stamped melodic
phrase annotations being flagged according to raga-
importance as characteristic of the raga or not), and
automatically extracted annotations (such as the tonic
and the sequence of time-stamped pitches for the lead
musician). From the multi-track recordings, the track
corresponding to the lead vocalist was only used for
the purposes of this work 44100 Hz sampling rate,
16 bit PCM.

For our experiments, we use a subset of the entire
corpus, specifically targeting two ragas of interest,
namely Yaman and Bhairavi. The subset includes all
three predominant classical forms of Hindustani
music, namely Dhrupad, Khayal, as well as the rather
semi-classical form of Thumri. That results in an
unbalanced dataset with Bhairavi being the minority
class. Table 2 provides an overview of information
concerning the data structure of the Saraga subset
which was used for our experiments.

corpus

Table 2. Dataset description.

Saraga music research corpus of Indian Art Music

107 multitrack audio recordings of 68 different ragas
by 11 singers of Hindustani vocal music

Editorial metadata
and time-aligned
structural, melodic
and rhythmic
annotations

Mp3 multi-track
recordings only the
track corresponding to
the lead vocalist

Yaman
361 samples

Bhairavi
202 samples

3.2. Feature Extraction

At the feature extraction stage, we construct a
complex input vector with audio-based features and
metadata descriptors (automatically extracted as well
as manually annotated in the Saraga music research
corpus), which is fed into the classifier.

Given that raga identification is predominantly
substantiated upon the melodic structure, as opposed
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to the strongly harmony-based structure of Eurocentric
music genres, the information that was considered to
be most relevant to the task of raga classification
among all available meta-data were the c-tonic
(automatic extraction), pitch values (automatic
extraction) and characteristic melodic phrases (manual
annotations). Metadata-drawn descriptors are part of
the input vector. All numerical parameters are
represented as a number and all categorical features
are transformed to numerical by mapping the state
“presence” to the 0 numerical value and ‘“non
presence” to 1.

To optimize our system’s performance, we
improve upon our previous study by exploiting the
swaragram audio feature, which is tailored to the needs
of classical Indian music. Mel-scale based features and
swaragram have showed high robustness across
datasets of various deep learning models for music
genre classification tasks [35, 43] and have been
favored in this paper for the raga classification
task too.

In music information retrieval, the analysis of the
chromagram is often selected. A chromagram is a
visual representation of energies in the 12 semitones
(or chromas) of the musical octave. However,
chromagram lacks information about the pitch of the
tonic, which is fundamental for music genres that are
based on a movable tonic system. Hence, it also lacks
information about the pitch class distribution (the
relative pitch information of all scale-degrees in
relation to the tonic), as well as the micro-tonal
embellishment of scale-degrees in Hindustani music.
For this reason, the swaragram (SGram), which is a
shruti-based chromagram, is considered as better
suited for Hindustani music and raga classification
tasks [43].

To serve one of the key aspects of our research—
that is the comparison on the processing of MFCC and
swaragram features—we also calculate MFFC
coefficients from the raw audio signal. The extraction
process for Mel frequency cepstrum coefficients and
the swaragram is illustrated in Fig. 1.

At the first step, all audio recordings are pre-
processed. The audio file format is converted from
mp3 to wav and all signals are normalized and re-
sampled to 44100 Hz. The initial recordings are
segmented into clips of 3 seconds. Recordings for both
classes (Yaman and Bhairavi) vary heavily in
duration, ranging between 1081.678 sec and
718.915 sec and as a result, 361 and 202 audio clips
are produced for each class respectively.

To calculate MFCC features, all audio clips are
parsed with a 40 ms long moving window with a hop
size of 20 ms. A standard zero padding procedure is
applied. At each frame, the Discrete Fourier
Transform (DFT) is computed and it is given as input
to a mel-filter-bank, with each mel-filter performing a
weighted sum of the magnitude of the DFT
coefficients that lie inside its frequency range. The
logarithm of each filterbank output and the discrete
cosine transform of the logarithms is calculated. From
the set of Mel frequency cepstrum coefficients
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(MFCCs), the first coefficient is discarded (as
recommended in bibliography), while the following
12 MFCCs are included and the rest are discarded too.

In order to extract the swaragram, the pitch of the
tonic—for each specific audio clip from the corpus—
is first computed, from which all remaining scale-
degree pitches are also extracted. Then, a logarithmic
pooling is performed followed by a 12 note (swara)
binning. In parallel, a Short-Term Fourier Transform
(STFT) and the log-scale frequency Spectrogram are
also calculated.

;I::%waragram

Swara binning

Frequency pooling

Relative Swara
frequency

Tonic

Spectrogram computation
P identification

(Audio snmplg . |

To calculate the swaragram, we follow the
algorithmic implementation that is described in [44],
with reference pitch set to 69, reference frequency
value set to 440 Hz, sample rate set to 22050 Hz and
with the number of fft points set to 2048. This results
in a 2-D one channel image representation of the audio
sample with dimensions [198, 130, 1]. Two
representative images of swaragrams for Yaman (a,b)
and Bhairavi (c,d) respectively are displayed in
contrast in the following images of Fig. 2.

Metadata
Discrete Fourier
transform
s

Log Filter
outputs
-

Mel-scale filters

by

FFT

Window framing

Fig.1. Tllustration of the input feature vector composition with swaragram or MFCC feature extraction process.

(b)

Fig. 2. Illustration of swaragram images for melodic movements in raga Yaman and Bhairavi.

(d)
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3.3. Network Architecture

The proposed classifier is a deep neural network
architecture designed to address the problem of raga
identification. The architecture is based on the idea of
multimodal learning, which allows the network to
learn with reference to two modalities, rather than
processing audio signal only. This is achieved by
adding two separate branches that process audio and
metadata.

As displayed in Fig. 3, the overall system
architecture consists of three modules. The basic
building blocks are convolutional and fully connected
sub-networks. A convolutional (CNN) neural sub-
network processes swaragrams, a fully connected
(FCN) neural sub-network processes metadata, and a
final fully connected sub-network merges information
and yields the final classification decision.

The structure of the CNN sub-network involves a
series of convolutional layers with different filter sizes
and numbers of filters, followed by batch
normalization and activation functions. At the end, a
max pooling layer is added to reduce the spatial
dimension of the feature maps of the last four
subsequently convolutional layers, where rectified

______________________________ L

linear unit is used as an activation function. The initial
convolutional layer consists of 64 filters of size 3x3
and stride 2, followed by a batch normalization layer.
Subsequently, three convolutional layers follow with
64, 32 and 32 filters of size 3x3, 5x5, 5x5 respectively
and stride size 2. Each convolutional layer is followed
by a batch normalization layer, which is used to
normalize the contributions to each convolutional
layer for every mini-batch. At the end, a max-pooling
layer with a pool shape of 2x2 is used to average the
size of the feature maps. The output of the final layer
is flattened into a 1D vector and passed through the
final fully connected layer to produce the final
prediction.

The second sub-network processes information
from metadata utilizing two sequentially fully
connected layers with 16 and 12 nodes each.

The embeddings produced by the modules are fed
to a final fully connected layer of 1024 nodes and are
followed by a two output softmax layer in order for the
classification decision to be drawn. Table 3
summarizes the dimensions of the architecture and
displays the output of each layer when swaragram is
processed.

______________ S—

Softmax Layer

t

Fully connected Layer

Fully connected Layer

T

Fully connected Layer

Meladata

K

T

Maxpooling Layer

1

Batch normalization

I
Convolutional Layer

I

Batch normalization

Convolutional Layer

t

Batch normalization

?

Convolutional Layer

i

Batch normalization

T‘

Convolutional Layer

‘ Swaragram

Fig. 3. Block diagram of the overall network architecture consisting of three sub-networks. A convolutional branch that
processes audio features, a feed forward branch for metadata descriptors and a final feed forward stage that yields the
classification decision.
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Table 3. Network dimensionality.

Layer NuFrir::oeirsof K;rzr;el Stride Output
Input - - - [198, 130, 1]
Conv2D 64 3x3 1x1 [198, 130, 64]
Batch normalization - - - [198, 130, 64]
Conv2D 64 3x3 1x1 [198, 130, 64]
Batch _normalization - - - [198, 130, 64]
Conv2D 32 5%5 1x1 [198, 130, 32]
Batch normalization - - - [198, 130, 32]
Conv2D 32 5%5 1x1 [198, 130, 32]
Batch normalization - - - [198, 130, 32]
MaxPooling2D - - - [ 99, 65, 32]
Densel - - 16
Dense2 - - 12
Dense3 - - - 1024

4. Experiments and Results

4.1. Ablation Study

The ablation study of the proposed architecture
involved several key components on model
architecture and training procedure, with systematic
experimentations on the role of sub-networks, the
number of layers, the trade-off between depth and
performance and any other design choices. In addition,
ablation experiments were conducted on the effect of
the dimensionality of the feature maps, the stride and
zero padding values.

To support the training and testing of the network,
backpropagation method was applied. To fine tune the
model and define the model hyperparameters, training
was performed for 300 epochs with the Adam gradient
descent algorithm and a learning rate of 0.0001.
Categorical cross entropy loss was optimized towards
validation accuracy. To prevent network overfitting,
we applied an early-stopping criterion of 10 epochs
and dropout regularization, with a dropout value set to
0.2 for the fully connected layers and 0.4 for the
convolutional layers. The network was evaluated
using a 5-fold cross-validation scheme. The training-
testing subsets of the entire dataset are defined by
90 % -10 % splitting percentages.

Training is performed on the subset of the Saraga
dataset described in subsection 3.1, which is an
unbalanced dataset.  Training with an unbalanced
dataset is challenging, as it can lead to poor
performance of the model on the minority class. To
address the class imbalance problem, the minority
class was oversampled by replicating its audio samples
with the usage of the random oversampling algorithm.

Experiments were designed to thoroughly evaluate
the performance of the architecture and compare it
with the state-of-the-art model. We conducted
extensive experiments with different variations of the
architecture, for three alternative system setups. The
experimental setups were designed to serve the main
directions of our study; in specific, the comparison of
MFCC coefficients versus the swaragram audio
feature, as well as the comparison between the

combined used of audio features and metadata versus
using only audio-extracted features. To evaluate the
contribution of each modality on the classification
task, we experimented with bimodal and unimodal
models. A unimodal classifier, where the CNN sub-
network processes image representations of the audio
signal, compares the performance of MFCC and
swaragrams. The overall model configuration, where
all sub-networks are present, evaluates whether the
integration of metadata descriptors can improve the
classification accuracy and generalization capability.

Our previous work [13] reported that information
obtained from Mel frequency Cepstrum coefficients
analysis  effectively serves Hindustani raga
discrimination tasks. Their performance is now
compared with swaragram audio representations, and
we rely on the single CNN network configuration to
figure out which feature set is more effective for raga
identification. The bimodal configurations experiment
on the relative emphases to be placed on the two
modalities.

4.2. Experimental Results

Overall, the experimental results of all model
variations demonstrate that the bipolar architecture is
highly effective for raga identification tasks and
achieves state-of-the-art performance on the specific
task.

To gain insight on the modalities and features
impact we study the results presented in Table 4. All
results, reported in the table, are expressed in terms of
testing accuracy, in order to compare with the best
reported result in the specified task. When a unimodal
classifier, where MFCCs feature vectors are processed
is used, classification accuracy for all five folds in
terms of % scores [94.44, 96.29, 88.88, 96.29, 95.37],
with an average value of 94.25. The unimodal
classifier, where swaragrams are processed, reports a
higher classification accuracy of 96.24, [96.45, 96.27,
95.72, 96.41, 96.36], which is a significant
improvement over the previous performance.
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Table 4. Experimental results in terms of accuracy for all folds.

Classifier I nput vector Accuracy (%) Average (%)
Unimodal MFCC [94.44, 96.29, 88.88, 96.29, 95.37] 994.25
Unimodal Swaragram [96.45,96.27,95.72, 96.41, 96.36] 996.24
Bimodal MFCC + metadata [97.14, 98.07, 99.19, 97.31, 95.37] 997.41
Bimodal Swaragram + metadata [97.74, 98.27, 99.38, 97.36, 98.48] 998.22

The classification accuracy values (%) for the
bimodal classifier when MFCC coefficients are
processed raises at [97.14, 98.07, 99.19, 97.31, 95.37]
with an average score of 97.41. A combination of the
swaragram feature and metadata, further increases the
performance up to 98.22 (%), [97.74, 98.27, 99.38,
97.36, 98.48].

Experimental evaluation shows that fusion of
audio features and metadata achieve the best
classification performance. The classification
accuracy results clarify the statement that representing
Indian music with swaragrams, offers more
information to a deep learning architecture for raga
identification. The proposed method consistently
outperforms the existing method of the reference paper
[25], by 6.22% units, even though results are reported
on a smaller dataset.

Hence, we further investigation should be made to
the limitations that poor network interpretability
imply, since it hinders the robustness evaluation of
each network layer, as well as the models adaptability
and transferability to alternative tasks on different data
collections.

5. Conclusions

This work challenges machine driven raga
identification with the application of a deep learning
architectures. Our architecture utilizes convolutional
and fully connected neural networks, for the
classification task of two Hindustani ragas, namely
Yaman and Bhairavi. The research focuses on more
sophisticated audio features that are better suited to
Hinstuani music rather than generic audio features
typically used in Eurocentric types of music. Our
experimental results reported that the swaragram
audio feature can serve as a 2-D image representation
of the audio signal, which—processed by a
convolutional network—achieves high classification
accuracy for Hindustani ragas. The classification
capability of such an architecture increases with the
integration of metadata, providing evidence that
fusion of data from multiple modalities into deep
learning architectures increases the accuracy of
machine listening techniques in raga identification
tasks. It has been shown, that integration of swaragram
representations of the audio signals and metadata has
increased the ability of discriminating between Yaman
and Bairavi ragas of Hindustani music, achieving a
classification accuracy of 98.22%.
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The classification capability of the proposed
methodology should be further tested on several
Indian datasets, with collections of various artists and
types of instruments. We plan to expand the
classifiers’ performance on extended multiclass
classification tasks, with the inclusion of different raga
classes, on both Carnatic and Hindustani genres.
Integration of more modalities, where face
expressions, motion or emotional situation of the
musician can be assessed, expresses the main direction
of our future research, where the final scope is the
formulation of a robust, multiclass classifier for raga
identification.
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