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Research on Fatigue Driving State Recognition

Method Based on Multi—feature Fusion

HU Fengsong”, CHENG Zhekun, XU Qingyun, PENG Qingzhou, QUAN Xiajie
(College of Computer Science and Electronic Engineering, Hunan University, Changsha 410082, China)

Abstract: Aiming at the problem of fatigue driving state recognition in traffic safety, the recognition rate of using
a single fatigue driving feature is low. This paper studies and proposes a fatigue recognition method based on the
weighted sum of facial multi—features. The eye fatigue parameters, such as continuous eye closing time, eye closing
frame ratio and blink frequency, are extracted by human eye state detection algorithm. The number and duration of
yawning are obtained through yawning state detection, the nodding frequency is obtained through head motion state
analysis, and a driving fatigue state detection model integrating the above six characteristics is established to evaluate
the driver’s fatigue level and give the corresponding early warning. The experimental test data are selected from part
of the NTHU driver fatigue detection video data set. After experimental adjustment, it is found that this method has
high recognition accuracy and provide a good recognition effect.
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Tab.1 Binary images of human eyes

under different conditions
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Tab. 2 Test results of open state and shut—down state
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Tab. 3 Identified results comparison of different algorithms
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Fig. 7 The optimization results under different

EAR threshold and frame number K values
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Fig.11 Head motion analysis diagram
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Tab.4 The weight of each fatigue

characteristic parameter values
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Tab .6 Fatigue identification results under different environment
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Tab .7 Fatigue recognition results with glasses in the daytime
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