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Abstract

Emotion affects many parts of human life such as learning ability, behavior and judgment. It is important to
understand human nature. Emotion can only be inferred from facial expressions or gestures, what it actually is. In
particular, emotion is difficult to classify not only because individuals feel differently about emotion but also
because visually induced emotion does not sustain during whole testing period. To solve the problem, we acquired
bio-signals and extracted features from those signals, which offer objective information about emotion stimulus. The
emotion pattern classifier was composed of unsupervised learning algorithm with hidden nodes and feature vectors.
Restricted Boltzmann machine (RBM) based on probability estimation was used in the unsupervised learning and
maps emotion features to transformed dimensions. The emotion was characterized by non-linear classifiers with
hidden nodes of a multi layer neural network, named deep belief network (DBN). The accuracy of DBN (about

94 %) was better than that of back-propagation neural network (about 40 %). The DBN showed good performance
as the emotion pattern classifier.

Key words: Emotion, Biological Signal, Restricted Boltzmann Machine (RBM), Multilayer Neural Network
(MNN), Deep Belief Network (DBN)
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Fig. 1. Design diagram of emotion patterns classifier
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