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Research on eye localization methw) ed on fatigue driving
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Abstract: Eye positioning is the key of fatigue (drivigg“research. In this paper, from rough to fine, face detection and
pupil positioning were carried out successive e the problem of poor generalization ability of existing face detec-
tion algorithms based on histogram of directi radient, this paper proposes a HOG feature extraction algorithm based
on information entropy weighting. Thi
form a new HOG feature, and th
pupil positioning is not high, this

alg013hm can calculate the threshold weight of face features to be classified to
ify it by support vector machine. Aiming at the problem that the accuracy of
proposes a method of pupil positioning that works in collaboration with multiple
algorithms, searches for bina éMtation points based on the self—quotient chart, realizes the illumination invariance of
the eye region, and reali accurate pupil positioning based on the gray integral projection. Experimental results
show that the face detection orithm proposed in this paper can achieve 98.26% accuracy in CelebA validation data
set, which is higher than the traditional recognition method. The pupil positioning algorithm can also achieve satisfactory
accuracy, and improve the accuracy of pupil positioning.
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