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[ Abstract]In order to enhance accuracy of driving fatigue detection, this paper takes drivers’ physiological signal pulse
wave as the data source, introduces hemodynamic—based blood pressure waveform features based on the extraction of Heart
Rate Variability (HRV) features. Moreover, a feature indicator set that can effectively characterize driving fatigue is constructed,
and a three—classification model of driver fatigue is constructed based on ensemble learning. Then, a resampling method is
introduced in the data preprocessing stage, and the effects of different sampling methods on the detection performance of the
model are contrasted. Test results show that multidimensional feature fusion of pulse signals can significantly improve the
detection accuracy of driver fatigue by 24.68 percentage points on average in all scenarios compared with the method of using
only HRV features; resampling can further enhance the detection performance of the ensemble learning model, and the model
achieves the best detection performance in a scenario with a sampling window width of 2 min, a sampling window overlap of
80%, and a fusion of HRV features with pulse waveform features.
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