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Emotion Recognition and Expression System of User using
Multi-Modal Sensor Fusion Algorithm
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Abstract
As they have more and more intelligence robots or computers these days. so the interaction between intelligence
robot(computer) - human is getting more and more important also the emotion recognition and expression are

indispensable for interaction between intelligence robot{computer) - human. In this paper, firstly we extract emotional
features at speech signal and facial image. Secondly we apply both BL(Bayesian Learning) and PCA(Principal
Component Analysis). lastly we classify five emotions patterns(normal, happy, anger, surprise and sad) also, we
experiment with decision fusion and feature fusion to enhance emotion recognition rate. The decision fusion method
experiment on emotion recognition that result values of each recognition system apply Fuzzy membership function and
the feature fusion method selects superior features through SFS(Sequential Forward Selection) method and superior
features are applied to Neural Networks based on MLP(Multi Layer Perceptron) for classifying five emotions patterns.
and recognized result apply to 2D facial shape for express emotion.

Key Words : Emotion Recognition and Expression, Speech Signal. Facial Image. Feature Fusion, Decision Fusion
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Table 2. The computer programming for emotion
expression

- CAvatar avt;
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Table 4. The emotion recognition rate of speech signal
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Table 5. The emotion recognition rate of facial image
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method
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Table 7. The emotion recognition rate of feature fusion

method.
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