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<Abstract>

Speech Emotion Recognition on a Simulated Intelligent
Robot

Kwang-Dong Jang, Nam Kim, Oh-Wook Kwon

We propose a speech emotion recognition method for affective human-robot interface.
In the proposed method, emotion is classified into 6 classes: Angry, bored, happy, neutral,
sad and surprised. Features for an input utterance are extracted from statistics of phonetic
and prosodic information. Phonetic information includes log energy, shimmer, formant
frequencies, and Teager energy; prosodic information includes pitch, jitter, duration, and
rate of speech. Finally a pattern classifier based on Gaussian support vector machines
decides the emotion class of the utterance. We record speech commands and dialogs
uttered at 2m away from microphones in 5 different directions. Experimental results show

that the proposed method yields 48% classification accuracy while human classifiers  give
71% accuracy.

*Keywords: Emotion recognition, Support vector machine, Speech interface.
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S4e olgF PAANNAE BRAHE AW B(happy), EF(sad), =%
(surprised), A F&H(bored), 3}'F(angry), A o] e AEl(neutral)e} 7o) 67122 4
HE 2239t SHo2RE /2 EYSL 253 5 /B EQJogny B
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AbEE R, 7B EAEEZRE HF(mean), X F WX} (standard deviation), Z T
(maximum), 3 Z(minimum), ¥ ELY (percentile), W HMAX-MIN), X33 AA S
(linear regression coefficient), ™ 7]& 7](maximum gradient) SA < FA A %S
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<¥ 3> SVMol 2%t 74212 confusion matrix (%)
(BT BEE: 47.6%)

angry bored happy neutral sad surprised
angry 48.5 24 7.6 17.1 1.6 22.8
bored 1.2 71.4 19 12.1 13.5 0.0
happy 122 7.8 39.0 26.6 2.0 124
neutral 9.1 12.1 17.5 50.1 55 5.6
sad 04 61.9 52 11.6 20.5 0.4
surprised 275 1.2 13.1 4.9 0.08 52.4
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<E 4> Alg #AYo) 9% 7 £F9 confusion matrix (%)
(BT ZEE: 70.6%)

angry bored happy neutral sad surprised
angry 77.6 1.4 2.8 84 0.9 84
bored 14 554 2.8 55 354 0.2
happy 4.0 29 77.7 5.8 2.8 6.3
neutral 8.3 24 8.9 74.8 4.6 21
sad 1.0 374 23 2.9 55.5 04
surprised 7.8 0.6 54 26 0.8 82.6
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