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Abstract : Facial expression recognition is an important way for machines to understand emotional changes of human
beings. However, accurate hand-crafted features are hard to extract due to the fact that emotion recognition may be
severely influenced by individual differences and emotional intensity differences. A facial expression recognition approach
based on binary-channel convolutional neural network (BC-CNN) is proposed in this paper. Initially, the sampled facial
images are pre-processed for region limitation of further analysis. Global and detailed features are both considered by
studying facial gray-scale images and corresponding LBP images simultaneously. For binary-channel input data, two
CNNs with different parameters are employed to extract facial features automatically and further, a weighted merge
classify network( WMCN) is used for feature fusion and the softmax is finally used to recognize different facial expres-
sions. Experimental results indicate that our algorithm can recognize six fundamental facial expressions (happy,sadness,
angry , disgust , fear and surprise ) with high accuracy. Its performance is better than that of those methods based on hand-
crafted features or single channel CNN. Compared with other binary-channel CNN approach, our approach is easier to
implement with similar recognition accuracy.
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Fig. 1 Pipeline of the facial expression recognition method proposed in this paper
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Fig. 2 Illustration of LBP coding
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