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Fatigue Driving Detection Method Based on Multi-Characteristic Factors
TIAN Yao, LI Jianliang, GUO Qiurui, LIU Xiaojing

(College of Electronic Information and Automation, Tianjin University of Science & Technology,
Tianjin 300222, China)

Abstract: Fatigue driving is one of the main causes of traffic accidents. In order to reduce the harm traffic accidents to peo-
ple’s lives and properties, in this article we use pyramid histogram of oriented gradients (PHOG) algorithm for face recogni-
tion and key point detection, and propose a fatigue driving detection method based on multi-characteristic factors. In our
proposed method, combined with OpenCV , the coordinate points of human eyes, mouth and head posture are first located,
and then the eye, mouth and head posture are detected according to PERCLOS criterion to determine fatigue. Finally, the
Naive Bayes algorithm is used to integrate the above fatigue characteristic factors for fatigue prediction. Our experimental
data show that the accuracy of PHOG algorithm in various complex environments is more than 95% , which suggests that
PHOG algorithm has good stability and anti-interference ability.
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