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Emotion recognition modeling in considering physical and cognitive factors

S. H. Song (HYU), H. H. Park (HYU), Y. K. Ji (HYU), J.H. Park(KIST), J.H. Park(HYU)

ABSTRACT

The technology of emotion recognition is a crucial factor in day of ubiquitous that it provides various intelligent services
for human. This paper intends to make the system which recognizes the human emotions based on 2-dimensional model ‘with
two bio signals, GSR and HRV. Since it is too difficult to make model the human’s bio system analytically, as a statistical
method. Hidden Markov Model(HMM) is used, which uses the transition probability among various states and measurable
observation variance. As a result of experiments for each emotion, we can get average recognition rates of 64% for first
HMM results and 55% for second HMM results
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Fig.2-4 Basic structure of HMM
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