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Table 4. Results of the ensemble classi cation on different datasets (Standard deviations are given in parentheses). The
lower section of the table shows the results of the segmentation approach.

ISMIR ISMIR Latin Africa Africa Africa Africa
Rule 9GDB GTZAN genre rhythm Music country ethnic group| function instrument
Single best| 78.15¢.25) | 72.603.92) | 81.283.13) | 87.974.28) | 89.46(162) | 86.29%230) | 81.102.41) | 51.066.63) | 69.90w4.69)
MAJ 79.56(a.78) | 72.60@331) | 77.7812.15) | 88.255.08) | 89.33155) | 85.31(4.04) | 71.863.41) | 37.37(7.36) | 59.63(5.79)
MAX 60.056.67) | 44.006.60) | 60.97@6.71) | 54.878.95) | 50.64(2.06) | 77.6709.16) | 73.16(6.40) | 40.387.10) | 61.32(5.88)
MED 74.30.32) | 55.90@3.84) | 72.0202.74) | 77.7%4.27) | 73.64(2.37) | 83.84@3.77) | 70.71362) | 39.495.22) | 60.344.67)
AVG 81.66(3.96) | 68.402.37) | 79.70@3.35) | 86.82(4.29) | 86.85(1.96) | 87.66(2.28) | 78.21(350) | 53.735.35) | 70.60(3.82)
SWV 81.31(332) | 77.10@3.98) | 78.33(2.48) | 88.97(5.39) | 92.001.34) | 86.972.98) | 75.47(362) | 46.834.44) | 67.093.99)
RSWV 80.9633.26) | 77.4014.22) | 79.22(2.38) | 88.97a.94) | 92.251.16) | 87.17@277) | 75.47362) | 48.395.63) | 68.354.22)
BWWV 81.54(317) | 77.404.22) | 82.031.83) | 89.11462) | 92.251.16) | 88.342.22) | 79.37@3.95) | 52.6155.76) | 72.71(3.47)
QBWWV 80.96(2.04) | 77.501.30) | 84.02(1.50) | 88.973.86) | 92.710.99) | 89.03(1.63) | 82.683.18) | 54.84(6.29) | 72.86(3.52)
WMV 80.84(2.00) | 76.104.20) | 84.022.02) | 87.97(3.92) | 92.591.29) | 88.931.76) | 82.97(3.30) | 51.286.93) | 73.004.25)
QBWWV 81.312.78) | 76.803.33) | 76.953.28) | 88.251.39) | 91.66(1.17) | 88.44(2.75) | 78.354.08) | 50.956.62) | 71.033.99)
WMV 80.492.40) | 74.504.53) | 81.483.01) | 87.683.74) | 91.56(1.29) | 88.052.12) | 80.23@3.35) | 44.834.54) | 72.294.45)

6. REFERENCES the suitability of state-of-the-art music information re-
trieval methods for analyzing, categorizing, structur-
ing and accessing non-western and ethnic music col-

lections.Signal Processing, 90(4):1032 — 1048, 2010.

[1] J.-J. Aucouturier and F. Pachet. Improving timbre sim-
ilarity: How high is the sky?Journal of Negative Re-
sults in Speech and Audio Sciences, 1(1), 2004.

T. Lidy and A. Rauber. Evaluation of feature extractors

and psycho-acoustic transformations for music genre

classi cation. InProc. ISMIR, London, UK, 2005.

[2] J. Bergstra, N. Casagrande, D. Erhan, D. Eck, ant[:ill]
B. Kegl. Aggregate features and Adaboost for music
classi cation.Machine Learning, 65:473-484, 2006.

[12] T. Lidy, A. Rauber, A. Pertusa, and J.Midsta. Im-

(3]

P. Cano, E. ®Bmez, F. Gouyon, P. Herrera, M. Koppen-
berger, B. Ong, X. Serra, S. Streich, and N. Wack. IS-
MIR 2004 audio description contest. Technical Report

proving genre classi cation by combination of audio
and symbolic descriptors using a transcription system.
In Proc. ISMIR, Vienna, Austria, 2007.

MTG-TR-2006-02, Pompeu Fabra University, 2006.
[13] C. McKay, R. Fiebrink, D. McEnnis, B. Li, and I. Fu-
jinaga. Ace: A framework for optimizing music classi-

cation. In Proc. ISMIR, London, UK, 2005.

[4] O. Cornelis, R. De Caluwe, G. De dr A. Hallez,
M. Leman, T. Mattle, D. Moelants, and J. Ganse-
mans. Digitisation of the ethnomusicological sound
archive of the royal museum for central africa (bel-[14]
gium). International Association of Sound and Audio-
visual Archives Journal, 26:35-43, 2005.

B. Pardo and W. P. Birmingham. Algorithms for
chordal analysisComput. Music J., 26:27—-49, 2002.

[15] C. Perez-Sancho, D. Rizo, and J. Ketta. Genre clas-
si cation using chords and stochastic language models.

[5] P.J. Ponce de lam and J. M. | nesta. A pattern recog- ) )
Connection Science, 21(2 & 3):145-159, May 2009.

nition approach for music style identi cation using
shallow statistical descriptorlEEE Trans. on Systems [16]

. A. Pertusa and J. M.filesta. Multiple fundamental
Man and Cybernetics C, 37(2):248-257, 2007.

frequency estimation using Gaussian smoothness. In
Proc. IEEE Int. Conf. on Acoustics, Speech, and Sig-

6] F. M -Seco; J. M.festa; P. P de bm; .
[6] Oreno->eco esta once e nal Processing (ICASSP), Las Vegas, USA, 2008.

L. Micd. Comparison of classier fusion methods
for classi cation in pattern recognition taskikecture
Notes in Computer Science, 4109:705-713, 2006.

[17] D. Rizo, P.J. Ponce de be, C. Rerez-Sancho, A. Per-
tusa, and J.M.festa. A pattern recognition approach
for melody track selection in midi les. IfProc. IS-

[7] M. Grimaldi, P. Cunningham, and A. Kokaram. An MIR, Victoria, Canada, 2006.

evaluation of alternative feature selection strategies and
ensemble techniques for classifying music.Rroc.  [18]
Workshop on Multimedia Discovery and Mining, 2003.

C. N. Silla Jr., A. L. Koerich, and C. A. A. Kaestner.
The latin music database. Iroc. ISMIR, Philadel-

hia, USA, 2008.
[8] J. Kittler, M. Hatef, R. P.W. Duin, and J. Matas. On P

combining classi erslEEE Trans. on Pattern Analysis [19]
and Machine Intelligence, 20(3):226-239, 1998.

G. TzanetakisManipulation, Analysis and Retrieval
Systems for Audio SignalBhD thesis, Computer Sci-

o ) ence Department, Princeton University, 2002.
[9] L. I. Kuncheva.Combining Pattern Classi ers: Meth-

ods and Algorithms. Wiley-Interscience, 2004. [20] 1.H. Witten and E. FrankData Mining: Practical ma-
chine learning tools and techniques. Morgan Kauf-

[10] T. Lidy, C. N. Silla Jr., O. Cornelis, F. Gouyon, mann, San Francisco, 2nd edition, 2005.

A. Rauber, C. A. A. Kaestner, and A. L. Koerich. On

284





