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Multi-scale Facial Expression Recognition Method
Based on Extended Local Binary Pattern
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Abstract: Aiming at the problem of poor pose and lighting robustness in complex environments, we
proposed a facial expression recognition method that integrated an extended local binary pattern and
multi-scale network structure. The method expanded the receptive field of the traditional local binary
pattern and enhanced spatial correlations between pixels, reducing noise interference of lighting on
facial expression recognition. By evenly dividing the feature maps into several subsets in the channel
dimension, and multi-scale features of the feature map were extracted by using different numbers of
identical convolutional blocks, it effectively processed facial pose variations. Experimental results on
the Fer2013 and RAF-DB datasets show that the proposed method can effectively improve the accuracy
and robustness of facial expression recognition, offering an effective solution for facial expression
recognition in complex environments.
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Fig.1 Schematic diagram of LBP algorithm
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Fig. 5 Structure of fusion extended LBP multi-scale network
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Table 2 Recognition accuracy of different network models on RAF-DB dataset
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Table 3 Experimental results of single-branching structure
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Table 4 Experimental results of double-branching structure
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Fig. 11 Recognition accuracy of E-LBP-MSNet model at different 2 values
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