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Fast Face Recognition Algorithm Based on Local Fusion Feature and Hierarchical Incremental Tree
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Abstract The off-line training and the high dimension of facial features in face recognition lead to the difficulty of
achieving real-time processing performance. To solve this problem. the local fusion features and the hierarchical incre-
mental tree were applied to construct a fast face recognition algorithm. Firstly, the supervised descent method(SDM) is
used to locate the facial feature points. The feature of multi block-center symmetric local binary patterns(MB-CSLBP)
in the neighborhood of each facial feature point is extracted and fused in series, which constitutes the proposed facial
feature of local fusion feature of MB-CSLBP(LFP-MB-CSLBP). Then the above facial feature is sent into hierarchical
incremental tree( HI-tree). Because the hierarchical clustering algorithm is used in the HI-tree to achieve incremental
learning,it can train the recognition model online. Finally, the recognition rate and consuming time of the proposed algo-
rithm are tested on three face databases and real application of video-based face recognition. The experimental results show

that the proposed algorithm has better real-time computation and accuracy compared with other current approaches.

Keywords MB-CSLBP feature,lLocal fusion feature of MB-CSLLBP, Hierarchical incremental tree,Incremental learning
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Fig. 1 Calculation method of MB-CSLBP
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Fig. 2 Facial feature extraction region
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Fig. 3 Construction of hierarchical incremental tree
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Fig. 4 Retrieval of hierarchical incremental tree
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