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Indian Art Music: Carnatic music




Raga: melodic framework
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Automatic Raga Recognition

Yaman

Shankarabharnam

Training corpus

- Tod1

- Darbari

W ~ Kalyan

W - Bagesri

| W Kambhojt

| M Hamsadhwani

| ™ __.Des

| M Harikambhoji

. - | ™ Kirvani

Raga recognition | | ™ _Atana
System | =M - Behag

| ™ _ Kani
M ¢

1" l ‘Bﬁgada | |

Raga label




Raga Characterization: Svaras
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Raga Characterization: Svaras
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Raga Characterization: Svaras
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Raga Characterization: Intonation
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Raga Characterization: Intonation
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Raga Characterization: Aroh-Avroh
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Raga Characterization: Aroh-Avroh
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Raga Characterization: Melodic motifs
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Raga Characterization: Melodic motifs
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Block Diagram: Pattern Clustering
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Block Diagram: Feature Extraction
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Block Diagram: Pattern Discovery

S. Gulati, J. Serra, V. Ishwar, and X. Serra, “Mining melodic patterns in large
audio collections of Indian art music,” in Int. Conf. on Signal Image
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Proposed Approach: Pattern Discovery
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Proposed Approach: Pattern Discovery
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Proposed Approach: Pattern Discovery
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Block Diagram: Pattern Clustering

Carnatic music collection

Melodic Pattern Discovery \L

______________________________________

_______________

[
1
1
|
1
\

Processing . : Pattern Dlscovery- :Pattern Detect10n

_____________________________________________________

___________________________________________________

' Pattern Network | ' Similarity | ¢ Community

. Generation | i Thresholding | |  Detection
Feature Extraction »L

:{ Vocabulary : Term-frequency i_»: Feature

. Extraction | | Feature Extraction | . Normalization |

___________________________________________________

Feature Matrix

Music
upf Technology
Grou




Proposed Approach: Pattern Clustering
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Proposed Approach: Pattern Clustering
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Proposed Approach: Pattern Clustering
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Proposed Approach: Pattern Clustering
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Block Diagram: Feature Extraction
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Proposed Approach: Feature Extraction
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Proposed Approach: Feature Extraction
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Proposed Approach: Feature Extraction
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Proposed Approach: Feature Extraction
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Proposed Approach: Feature Extraction
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Proposed Approach: Feature Extraction
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Proposed Approach: Feature Extraction
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Proposed Approach: Feature Extraction
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Proposed Approach: Feature Extraction
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Evaluation: Music Collection
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Evaluation: Music Collection

0 Corpus: CompMusic Carnatic music 2N

= Commercial released music (~325) CDs  compmusic

= Metadata available in Musicbrainz Eg
A |

MusicBrainz
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Evaluation: Music Collection

a Corpus: CompMusic Carnatic music
= Commercial released music (~325) CDs

= Metadata available in Musicbrainz

0 Datasets: subsets of corpus
= DB40raga

0 480 audio recordings, 124 hours of music

0 40 diverse set of ragas

0 310 compositions, 62 unique artists

*= DB10raga
0 10 raga subset of DB40raga
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Evaluation: Music Collection

a Corpus: CompMusic Carnatic music \\;////\
= Commercial released music (~325) CDs  compmusic

= Metadata available in Musicbrainz

0 Datasets: subsets of corpus
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0 480 audio recordings, 124 hours of music
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0 310 compositions, 62 unique artists
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Evaluation: Classification methodology

0 Experimental setup
= Stratified 12-fold cross validation (balanced)
= Repeat experiment 20 times

= Evaluation measure: mean classification accuracy
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Evaluation: Classification methodology

0 Experimental setup
= Stratified 12-fold cross validation (balanced)
= Repeat experiment 20 times

= Evaluation measure: mean classification accuracy

a Classifiers

* Multinomial, Gaussian and Bernoulli naive Bayes
(NBM, NBG and NBB)

= SVM with a linear and RBF-kernel, and with a
SGD learning (SVML, SVMR and SGD)

® logistic regression (LR) and random forest (RF)
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Evaluation: Classification methodology

0 Statistical significance
* Mann-Whitney U test (p < 0.01)
= Multiple comparisons: Holm Bonferroni method

o H.B. Mann and D. R. Whitney, “On a test of whether one of two random variables is stochastically larger
than the other,” The annals of mathematical statistics, vol. 18, no. 1, pp. 50-60, 1947.

o S. Holm, “A simple sequentially rejective multiple test procedure,” Scandinavian journal of statistics, vol. 6,
no. 2, pp. 65-70, 1979.
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Evaluation: Classification methodology

0 Statistical significance
* Mann-Whitney U test (p < 0.01)

= Multiple comparisons: Holm Bonferroni method

0 Comparison with the state-of-the-art

= S.: Pitch-class-distribution (PCD)-based method
(PCD120> PCDfull)

= S,: Parameterized (PCD)-based method (PCD

pamm)

o H.B. Mann and D. R. Whitney, “On a test of whether one of two random variables is stochastically larger
than the other,” The annals of mathematical statistics, vol. 18, no. 1, pp. 50-60, 1947.

o S. Holm, “A simple sequentially rejective multiple test procedure,” Scandinavian journal of statistics, vol. 6,
no. 2, pp. 65-70, 1979.

o P Chordia and S. Sentiirk, “Joint recognition of raag and tonic in North Indian music,” Computer Music
Journal, vol. 37, no. 3, pp. 82-98, 2013.

o  G.K.Koduri,V.Ishwar,].Serra,andX.Serra,“Intonation analysis of ragas in Carnatic music,” Journal of New

Music Research, vol. 43, no. 1, pp. 72-93, 2014. UpF. reciot




Results
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Results
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Summary

0 Phrase-based raga recognition using VSM is a
successful strategy

0 Mere presence/absence of melodic phrases
enough to recognize raga

0 Multinomial Naive Bayes classifier outperforms
the rest

0 Topological properties of network - similarity

threshold

a Complementary errors in prediction compared
to PCD-based methods (Future Work)
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Resources

0 Raga dataset:
= http://compmusic.upf.edu/node/278

a Demo:
= http://dunya.compmusic.upf.edu/pattern_network/

a CompMusic:
= http://compmusic.upf.edu/

0 Related datasets:
= http://compmusic.upf.edu/datasets
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0 Raga dataset:
= http://compmusic.upf.edu/node/278

a Demo:
= http://dunya.compmusic.upf.edu/pattern_network/

a CompMusic (Project):
= http://compmusic.upf.edu/

0 Related datasets:
= http://compmusic.upf.edu/datasets
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