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Interactive Feature selection Algorithm for Emotion recognition
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Abstract

This paper presents the novel feature selection method for Emotion Recognition, which may include a lot of original
features. Specially, the emotion recognition in this paper treated speech signal with emotion. The feature selection has
some benefits on the pattern recognition performance and ’the curse of dimension’. Thus, We implemented a
simulator called 'IFS’ and those result was applied to a emotion recognition system(ERS), which was also
implemented for this research. Our novel feature selection method was basically affected by Reinforcement Learning
and since it needs responses from human user, it is called 'Interactive Feature Selection’. From performing the IFS,
we could get 3 best features and applied to ERS. Comparing those results with randomly selected feature set, The 3
best features were better than the randomly selected feature set.
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