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Fig. 1 The flow chart of human face fatigue detection
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Fig. 2 Face detection based on Hog feature
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Fig. 3 The results of feature point positioning
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Fig. 4 The architecture of neural network model
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Fig. 5 The results of model training
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Fig. 8 The flow chart of multi—feature fusion
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Table 1 Comparison of fatigue driving detection methods based on eye features
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Fatigue State Detection Method Based on Multi—feature
Fusion under Different Postures

WANG Zheng, WANG Jun
(School of Computer and Information, Anhui Polytechnic University , Anhui Wuhu 241000, China)

Abstract; Aiming at solving the problems of high false detection rate and low reliability of traditional single
feature—based fatigue detection methods, which cannot adapt to the complex and changing driving environment, a
fatigue driving detection method that fuses drivers multiple facial features such as driver’s eyes and mouth is
proposed. Compared with the existing face detection models, the gradient—based learning framework proposed here
is more effective for side face detection and can better meet the detection time requirements. Meanwhile, the
improved LeNet-5 neural network model is used to classify the smiles in videos, which excludes the interference of
expression changes on fatigue driving detection. Finally, in order to reduce the influence of head posture deflection
on fatigue feature extraction, the Euler angle —based feature correction algorithm was introduced. The detection
results of the YawDD fatigue driving dataset show that the fatigue driving detection based on multi—feature fusion in
different postures can not only effectively reduce the influence of head deflection on fatigue driving detection, but
also has higher robusiness than the traditional fatigue detection methods.
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