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Facial emotion recognition based on CLBP and geometric salient features
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[ Abstract] Aiming at the problems of local binary pattern (LBP) being sensitive to non—uniform illumination and random noise
instability, this paper proposes an emotion recognition algorithm that combines complete local binary pattern ( CLBP) with
geometrically significant features. Firstly, 68 feature points of the face were extracted using the Dlib library, and the feature vector
was calculated by selecting salient feature points to calculate the Euclidean distance at the neutral and peak times. Then use CLBP to
extract facial fine—grained texture features, and then fuse the feature histograms in series to use random forest for facial expression
classification. Experiments show that the algorithm has a recognition accuracy of 92.8% on the CK + dataset, which is better than the

traditional expression recognition algorithm.
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Fig. 1 Recognition algorithm flowchart
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Fig. 2 68 feature points on the face
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Tab. 1 Constructed 8 feature vectors
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Fig. 3 CLBP operator
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Tab. 2 Confusion matrix for geometric salient feature extraction
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Tab. 3 CLBP texture feature extraction confusion matrix
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Tab. 4 Confusion matrix for feature extraction
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Tab. 5 Performance comparison of different algorithms on CK +
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