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Multi-modal emotion feature fusion method
based on genetic algorithm
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Abstract; To improve the accuracy of the emotion recognition, aiming at the low accuracy of the single-
modal emotion recognition and the shortcomings of conventional feature fusion methods, this paper propo-
ses a multi-modal emotion feature fusion method based on a genetic algorithm. The features from multiple
emotion modalities are selected, crossed and recombined by using the genetic algorithm. The emotion rec-
ognition tests are carried out in eNTRAFACE’ 05 audio-visual emotion database. The performance of the
single-modal emotion recognition based on the facial expression or speech and various bimodal emotion
recognitions based on the feature level or the decision level fusion are compared. Experimental results
show that the performance of the bimodal emotion recognition is better than that of the single-modal emo-
tion recognition , and the proposed method based on genetic algorithm is superior to other conventional fea-
ture fusion methods,thus demonstrating the feasibility and the effectiveness of the proposed method.
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