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Eye Pattern Detection Using SVD and HMM Technique from CCD

Camera Face Image
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Abstract

We proposed a method of eye pattern detection in the 2-D image which was obtained by CCD
video camera. To detect face region and eye pattern, we proposed pattern search network and batch
SVD algorithm which had the statistical equivalence of PCA. We also used HMM to improve the
accuracy of detection. As a result, we acknowledged that the proposed algorithm was superior to PCA
pattern detection algorithm in computational cost and accuracy of detection. Furthermore, we evaluated
that the proposed algorithm was possible in real-time face pattern detection with 2 frame images per
second.
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Fig. 1. Flowchart of face region and eye detection.
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Fig. 2. (a) 5-state face model, (b) obersevation
sequence and, (c) top-bottom model.
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Fig. 5. Pattern search network.
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Fig. 6. (a) Face database and (b) eigenface
implemented by batch SVD algorithm.
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Fig. 9. (a) 8-person eye database, (b} recognized
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