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Abstract:
detection, this paper develops a deep HM-LSTM network

To address the issue of driver fatigue

to achieve fatigue recognition based on facial features.
The LOTR model is used to extract facial spatial features.
Considering that driver fatigue is a gradual process, it
defines eight temporal fatigue features and uses stacked
HM-LSTM to capture fatigue semantic features over both
short and long time series, in order to accurately identify
signs of driver fatigue at an early stage. This approach
provides reliable monitoring of abnormal driver behavior
through low-cost visual-based methods. Model training
and system integration are conducted by using publicly

available datasets and self-constructed D1-DBB datasets.
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Tab.1 Comparison of accuracy of six models
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PIPNet MobileNetV2 4.48 7.98 4.51 4.35 4.27 5.65 5.19
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Fig. 3 Comparison of accuracy of six models in eye

and mouth prediction
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Tab. 2 Comparison of parameter number and inference speed of six models
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LOTR 25.2 92.3 7.9 53.2
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four different input features
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Fig. 10 Regression training results of the model

with combined feature inputs
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Fig. 11 Confusion matrix of optimal regression mode
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Fig. 12 Confusion matrix of optimal classification

model
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Tab. 4 Comparison of other fatigue detection models

ik R E/ Y0 St/ 10°
PERCLOSE 80.6 19.8
Haar— cascade 93.8 56.8
AL 90.3 26.7
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Fig. 13 Detection results of alert temporal segments
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Fig. 14 Detection results of mild fatigue temporal

segments
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Fig.15 Detection results of fatigue temporal segments
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