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Negative facial expression recognition based on

improved convolutional neural networks
Tang Hao' Huang Weipeng® Li Zheyuan' Liu Hong'
(1 Shenzhen Graduate School, Peking University, Shenzhen 518055, Guangdong China; 2 School of
Electronic and Information Engineering, South China University of Technology. Guangzhou 510641, China)

Abstract The traditional negative facial expression recognition methods based on manual feature per-
form well on frontal face without facial occlusion, but their performance gets worse in complex condi-
tion. To solve this problem, we propose an improved method based on convolutional neural networks
(CNN). Firstly, two different architectures of CNN were pre-trained as feature extractors due to
CNN'’s capability of unsupervised feature learning. The feature CNN extracted was then used to train a
more powerful classifier: support vector machine. This improved CNN algorithm has better robust
ness and generalization, achieving recognition accuracy of 86. 2% on the training set ICMI-fer2013,
and 81.6%,87. 0%, 80.8% on the testing sets CK+, GENKI, JAFFE respectively.
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