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Abstract

In this paper, we proposed the method of emotion recognition using staged classification model and Fisher's linear
discriminant. By organizing the staged classification model, the proposed method improves the classification rate on the
Fisher’s feature space with high complexity. The staged classification model is achieved by the successive combining of
binary classification model which has simple structure and high performance. On each stage, it forms Fisher’s linear
discriminant according to the two groups which contain each emotion class, and generates the binary classification model
by using Adaboost method on the Fisher’s space. Whole learning process is repeatedly performed until all the separations
of emotion classes are finished. In experimental results, the proposed method provides about 72% classification rate on 8

classes of emotion and about 93% classification rate on specific 3 classes of emotion.
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Fig. 1. Bio-signal profiles of angry emotion.
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Fig. 3. The distribution of 8 emotion samples in 2-D
space of Fisher's linear discriminant.
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