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Fig. 1. Spikegram based 172-th order features extraction structure.
(top) 19-th order SNR features (mid) 128-th order frequency based
features (bottom) 25-th order temporal based features
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Table 1. Confusion matrix of classification result using proposed features

Aujo| EEH

True Est cl co di hi ja ro bl re po me|recall(%)
classic 9 1 0 0 0 0 0 0 0 0] 90
country 1 8 4 0 4 2 2 3 1 1 82.0
disco 2 2 78 3 3 3 0 3 4 1 78.0
hiphop 0 2 3 7 0 2 1 7 4 4| 70

jazz 21 0 0 8 2 4 0 1 1 89.0
rock 1 4 2 3 2 74 4 4 2 4] 740
blues 04 0 0 2 1.9 0 0 3| 900
reggae 0o 3 2 5 1 2 1. 7M1 7 2 71.0
pop 1 3 2 2 1 3 0 0 8 0| 880
metal 0 0 2 0 2 3 0 0 0793 930
precision(%) [93.4 80.4 83.9 84.6 85.6 80.4 88.2 81.9 82.2 85.3] 84.7

2% Ak S5 71 P Ee 32 BF 48 v

S Bkt ARk B4l the 54 2 B8 ASE P
Ao fo) BHoR $5E BR 4SS ATTE FAT 5 Ak

FE 2. Metste BMI 7|E WS 2 2F ek H|I

Table 2. Genre classification accuracy comparison among the proposed
features and other conventional methods

Features Classifier Dim. | Acc.(%)
Proposed features DNN 172 84.7
Learned using PSD on octave[4] SVM 512 834
Spikegram based features[3] DNN 147 82.5
Spectrogram(1] CNN+Bi-RNN | 1024 | 75.0

A =
B ogis 0I79E AR (RS9 Adoez skt Al
o] AYPE wol =35 dFU(NRF-2016R1D1A1B03930923).
a3
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