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(a) Spectral changes in the time-frequency domain
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Fig. 1 Comparison of spectral changes with time
and pitch shifts. Each image represents a spectro-
gram in (a) or a mel map in (b) of a base melody
(middle), a time-shifted melody (right) or a trans-
posed melody (left). The circles in an image indicate

spatial relationship of the musical tones.
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*Local-feature-map integration using convolutional neural networks for music genre classification.
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Fig. 2 The proposed ConvNets architecture.
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and CPX9 represent convolutional operations

pXq
Smﬂn

with convolution kernels of size p X q. and
SPX4 are subsampling operations with p x g kernels.

cPXa or SPX

The layers corresponding to CEX9. bra.

are
fully connected; otherwise connected 1 by 1. ix j®k
above each layer means that the layer has k maps of

size © X J.
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Table 1 Parameters of each method and their clas-

sification accuracies.

Methods M d 0 Acc. MSE
i-GLCM 4 - - | 72.00 0.246584
GLCM(a) 1 1 0° | 43.00 0.292312
GLCM(b) 1 1 45° | 36.00 0.313291
GLCM(c) 1 1 90° | 59.00 0.286872
GLCM(d) 1 1 135° | 38.00 0.313272
s-GLCM(a) 1 1 0° | 37.00 0.296918
MFCCM 1 - | 60.20  0.277792
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