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A Multimodal Emotion Recognition Method Based on Decision Level Fusion
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Abstract: This paper designs a multimodal emotion recognition system that combines software and hardware. The system
uses Mel-Frequency Cepstrum Coefficient and convolutional neural networks to recognize and classify emotions on speech
and facial expressions. At the same time,emotion recognition of speech is transferred to neural network computing sticks
to reduce the environmental load. In modal fusion,the method of decision-level fusion is used to improve the recognition
accuracy. Experimental results show that the system has high recognition accuracy and can maintain running speed in the
environment with poor performance.
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Fig.2 Network structure of video model
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Fig. 3 Module structure of the multimodal emotion recognition system
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Fig. 4 The basic process of decision-level fusion
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