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Music Genre Classification based on Deep Neural Network using Spikegram
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Table 1. The genre classification accuracy(%) using spikegram

cd co d hi ja 1o bl re po me|Ave
cl | 96 1 0 0 1 1 0 0 0 1
co 1 78 6 1 3 5 1 3 2 0
di 2 2 70 7 0 6 0 6 5 2
hi 0 1 6 67 0 1 0 5 6 4
ja 1 2 2 0 91 1 2 0 0 1
0 0 6 2 6 3 69 1 4 6 3 809
bl 0 4 0 1 1 1 93 0 0 0
re 0 3 3 5 3 4 2 1 8 1
p | 0 5 5 4 0 1 0 3 8 0
me | 0 1 0 2 1 4 0 0 0 92
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Table 2. The genre classification accuracy(%) of various methods
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Fig 1. Frequency response for time domain of country (a) Spectrogram (b)
Spikegram (25,000 spikes)
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Classifier Feature (# of feature) Acc.
Linear SVM Learned using PSD on octave? (512) 834
DNN Spikegram (129) 80.9
CNN+BI+RNN | Spectrogram® (1024) V6
AdaBoost Sparse code feature™ (257) 63
GMM MFCC+other”™ (30) 61

4, A&

B eRe Anjol219le o8 A% A4 vl gt 42
B 716 Attt A U R d o2 A= MFCCU
2AER o] o 2soladg o8 MR 4 WEE A
3 A7%E Spah AZe 54 WEE sxelange] Add &
2 9%, 7199 2719 3 SNRE ajo] 28 ek, Ak e
2 7% ol EIA SHL R, 1 43 o} 42 BR
oA AL 4o BEA WHEZ o WyR 9438 A5 AT

e 2

o] =2 2016WE AR (wSH)9 APoR AT AT

o] A& wol F3qHE AGJ(NRF-2016R1D1A1B03930923).

EanA|

[1] E. Smith and M. Lewicki, "Efficient Auditory Coding,”
Nature, vol. 439, pp. 978-982, Feb. 2006.

[2] P. Manzagol, T. Bertin-Mahieux and D. Eck, "On The Use
of Sparse Time-Relative Auditory Codes for Music,” Proc.
of Int. Soc. Music Inf. Retrieval Conf. (ISMIR), Sep. 2008.

[3] S. H Kim, D. S. Kim and B. W. Suh, "Music Genre
Classification Using Multimodal Deep Learning,” Proc. of
Human Computer Interaction(HCI) Korea 2016 Conf., pp.
389-395, Jan. 2016.

[4] M. Henaff, K. Jarrett, K. Kavukcuoglu and Y. LeCun,
"Unsupervised Learning of Sparse Features for Scalable
Audio Classification,” Proc. of Int. Soc. Music Inf.
Retrieval Conf. (ISMIR), pp. 681-686, Sep. 2011.





