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Yawning Detection Algorithm Based on Convolutional Neural Network
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Abstract Yawning detection can be used to warn drivers of fatigue driving behavior, thereby reducing traffic accidents.
A yawning detection algorithm based on convolutional neural network was proposed. The driver’s facial image can be
directly used as input for neural network,so as to avoid the complex explicit feature extraction of the facial image. The
Softmax classifier is used to classify the features extracted from the neural network to determine whether the behavior is

yawning or not. This algorithm achieves 92. 4% accuracy in the YawDD dataset. Compared with other existing algo-
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rithms, the proposed method has the advantages of high detection accuracy and simple implementation.
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