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Phoneme Recognition using Temporal and Spectral Features based on Spikegram
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Fig. 2. Features extraction based on spikegram. Top: 32 channel features of gain
sum, Bottom: 10 sub-frame features of gain sum.
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Table 1. Phoneme recognition accuracy for MFCC and proposed features

Features Dimension Accuracy (%)
MFCC 120 67.74
Proposed features 126 65.06
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Table 2. Recognition accuracy of each phoneme class for MFCC and proposed

features
Features
Phoneme class
MFCC Proposed features

Affricate 40.71 1.1
Fricative 70.14 70.05
Nasals 64.14 58.99
Semi-vowels and Glides 56.68 56.50
Vowels 55.49 52.80
Stops 56.65 57.50
Others 92.77 92.42

4. A3

rt

g =RdME 20|20 A% A4 79 $4 94 1
W Astg. Anelanglel ) Fu BT AR BAE F5
SR 1} AIZE PR 23 AlRE RIS Hdte] A% A7Ee 9

2 AHSESI), B RS Avtoland Auk ARS AZ-Fur &
’*é F% 7as Adtaln, it dol7t e &4l
MFCC 541t} £& 458 ATse A& U
ALY 2
o] =& 018dE A(EKT)Y AYoR
o] A4S whol aEl 54-(NRF-2016R1D1A1B03930923).

ghaho] LA vk

=0

1AL

[1] O. Abdel-Hamid, A. Mohamed, H. Jiang, L. Deng, G. Penn and D. Yu,
"Convolutional Neural Networks for Speech Recognition,” IEEE/ACM
Transactions on Audio, Speech, and Language Processing, vol. 22, no.
10, pp. 15331545, Oct. 2014,

[2] S.-H. Shin, H.-W. Yun, W.-]. Jang and H. Park, “Extraction of acoustic
features hased on auditory spike code and its '1|)piicalinn to music genre
classification,” IET Signal Processing, vol. 13, no. 2, pp. 230-234, Apr.
2019.

[3] E. Smith and M. Lewicki, "Efficient Auditory Coding,” Nature, vol 439,
no. 7079, pp. 978-9682, Feb. 2006.

[4] K. F. Lee and H. W. Hon, “Speaker-independent phone recognition using

hidden markov models,” IEEE Trans. Audio, Speech, Lang. Process.,
vol. 37, no. 11, pp. 1641 - 1648, Nov. 1989,

[5] I. Goodfellow, Y. Bengio, A. Courville, Deep Learning, The MIT
Press, Cambridge and London, 2016,

[6] N. Faraji, S. M. Ahadi and H. Sheikhzadeh, "Sequential method for
speech segmentation based on Random Matrix Theory,” IET Signal
Processing, vol. 7, no. 7, pp. 625-633, Sept. 2013,





