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Face Recognition of partial faces using LDA
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Abstract : In this paper, we propose a technique of the recognition of partial face. Most of the

research is concentrated on the recognition of whole face. Since part of the face area in an

image can be damaged or overlapped, face recognition bascd on partial face is required. PCA
and LDA technique is applied to the recognition of partial face. Also, a new method to combine

the results of the recognition of parts of the face.
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