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Table 1. Accuracy of emotion recognition for MFCC and proposed method

Feature Band Dimension Accuracy (%)
MFCC_1 32 64 T8
MFCC_2 64 128 T82
MFCC_3 9% 1592 T46
Proposed method 32 192 81.1
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Table 2. Confusion matrix of proposed method

e B D Fe M Ne  Sa |Recalld)
True
Anger X6 - - - 6.3 - - 9.6
Boredom - .0 - - - 136 6.2 9.0
Disgust - - 848 6.5 - - - 4.3
Fear 43 - - 739 10.1 - 43 739
Happiness 169 - - 56 704 42 - 704
Neutral - 139 - - - TS 51 85
Sadness - 32 - - - 32 90.3 9203
Precision(%)| 810 792 81 88 70 7O 86 811
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