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A facial expression recognition method based on rough set and integrated pruning
TANG Yumei, LI Danyang, WU Yating, HUANG Shisong, CHEN Xing, WU Yiqing

(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] Facial expression recognition is widely used in fatigue driving monitoring and other scenes. Aiming at the disadvantages
of difficult face expression recognition and weak generalization ability of single classifier, a face expression recognition method
based on rough set and integrated pruning is proposed based on ensemble learning theory. Firstly, the convolutional neural network
parameters are changed to obtain some base classifiers. Secondly, combined with rough set theory, an information decision table is
constructed according to the prediction results of base classifier, and classifier selection is transformed into a knowledge reduction
process. Weak or redundant classifiers are removed from the system, and classifier subsets are selected. Finally, the subsets of
selected classifiers are combined using majority voting methods. Compared with multiple integrated pruning algorithms, the
integrated pruning algorithm in this paper has higher recognition accuracy in facial expression data sets.
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Fig. 1 Facial expression recognition model based on rough set and

integrated pruning
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Fig. 2 Convolutional neural network model
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Tab. 1 Based on the base classifier, an information decision table

is constructed for the predicted results of validation set
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Tab. 3 The accuracy of different pruning algorithms on each data
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