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[ Abstract] In order to improve the detection precision of Traditional Support Vector Machine (SVM) unconstrained face
detection algorithms, based on the thought of deformable parts model which combines global and local feature in a
cascaded way,a new face detection method is proposed. In the first layer, sparse global face features are designed to
obtain the precision candidate face regions quickly. In the second layer, face alignment is implemented to capture the
unconstraint face topology shape. Robust features are extracted from the surrounding of face landmarks to obtain a
discriminative classifier which verifies the candidate regions. Experimental results shows that the proposed algorithm runs
fast in VGA video,improves the unconstraint face detection accuracy and reduces the false detection rate effectively.
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