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Driver Abnormal Emotion Recognition Based on Improved RepVGG
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Abstract; To ensure traffic safety and avoid negative emotions affecting the driver’s state leading to traffic accidents,
this paper proposes an improved residual network combined with attention algorithms to monitor the abnormal emotions of
drivers in vehicle driving scenarios. Firstly, a series of techniques such as adaptive histograms are used to preprocess the im-
age and highlight facial features; then, using ECA blocks to self-optimize the weight values of channels, achieving local cross
channel interaction, improving accuracy, and enhancing channel characteristics; finally, the attention mechanism is integrat-
ed with the feature extraction algorithm to achieve expression recognition. The results show that compared with the pre im-
proved network. this expression recognition method has fewer parameters, faster speed, and better classification perform-
ance. The accuracy on the CK-+, FER2013, and RAF-DB datasets is 96. 38%, 72.25% ., and 87. 97 %, respectively. This
algorithm can more effectively identify abnormal emotions of drivers, which has a positive significance for preventing traffic
accidents and ensuring driving safety.
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