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(Sliding Active Camera-based Face Pose Compensation for Enhanced
Face Recognition)
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Abstract

Recently, we have remarkable developments in intelligent robot systems. The remarkable features of intelligent robot are
that it can track user and is able to doface recognition, which is vital for many surveillance-based systems. The
advantage of face recognition compared with other biometrics recognition is that coerciveness and contact that usually
exist when we acquire characteristics do not exist in face recognition. However, the accuracy of face recognition is lower
than other biometric recognition due to the decreasing in dimension from image acquisition step and various changes
associated with face pose and background. There are many factors that deteriorate performance of face recognition such as
thedistance from camera to the face, changes in lighting, pose change, and change of facial expression. In this paper, we
implement a new sliding active camera system to prevent various pose variation that influence face recognition
performance andacquired frontal face images using PCA and HMM method to improve the face recognition. This proposed
face recognition algorithm can be used for intelligent surveillance system and mobile robot system.
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Fig. 1. Pose variation of face : (a) Frontal Image (b)
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Table 3. Comparative evaluation of different pose varia
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