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Compensation for Fast Head Movements on Non-intrusive Eye Gaze Tracking
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Abstract - We propose an eye gaze tracking system under natural head movements. The system consists of one
CCD camera and two front-surface mirrors. The mirrors rotate to follow head movements in order to keep the eye
within the view of the camera. However, the mirror controller cannot guarantee the fast head movements, because the
frame rate is generally 30Hz. To overcome this problem, we applied Kalman predictor to estimate next eye position from
the current eye image. In the results, our system allows the subjects head to move 50cm horizontally and 40cm
vertically, with the speed about 10cm/sec and 6cm/sec, respectively. And spatial gaze resolutions are about 4.5 degree
and 4.5 degree, respectively, and the gaze estimation accuracy is 92% under natural head movements.
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