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Expression Recognition Algorithm Based on Binary Dense

Convolution Neural Network

Wen Guangzhao, Xu Shinan, Ma Yunhe, Wang Xiaobo
(School of Computer Science and Engineering , Nanjing University of Science and Technology,
Nanjing 210094, China)

Abstract: The research of facial expression recognition has become an important topic in the field of artificial
intelligence. However, the requirement for huge computing resources has limited the application of traditional
convolutional neural networks. Since the binary neural network replaces the floating point multiplication arithmetic
by fast AND OR arithmetic, the need of computing resources can be greatly reduced. In this paper, we propose a
facial expression recognition algorithm based on data enhancement and binary convolutional neural network, and
66.15% expression recognition accuracy is obtained on the dataset FER2013. The algorithm has surpassed some
convolutional neural network algorithms based on floating point multiplication arithmetic, which makes it possible
to transplant expression recognition algorithms into small devices.
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Fig.2 Five crop of face images
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Tab.1 Binary Dense Neural Network structure

Layers Output Size BDNN2 BDNN3 BDNN4
Dense Block 42x42 (3x3 conv,64)x2
Transition Layer 21x21 2x2 max pool
Dense Block 21x21 (3x3 conv,128)x2
Transition Layer 10x10 2x2 max pool
Dense Block 10x10 (3x3 conv,256)x2
Transition Layer 5x5 2x2 max pool
Dense Block 5x5 (3x3 conv,512)x2
Transition Layer 2x2 2x2 max pool
Full Connect Layer (1024 fully-connected)x2
Classifiction Layer 7 fully-connected
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Tab.3 Comparative experiment of different neural

network structures on FER2013
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Tab.4 Comparison experiment of five figure validation
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Tab.5 Accuracy of FER2013 in domestic papers
published in recent years
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