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Fatigue Detection Method for Multi-feature Fusion Guided by Temporal Vectors
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Abstract ; Fatigue driving detection is vital for reducing traffic accidents and improving road safety. Existing methods primarily rely on
facial feature extraction,but complex traffic conditions, such as lighting and angles , hinder accurate detection. Therefore , this paper pro-
poses a Temporal Vector-Guided Multi-Feature Fusion Method for Driver Fatigue Detection in Video Streams. First, the method ex-
tracts fatigue feature patches via local image and graph feature modules to mitigate the impact of low-quality regions ; Second,a tempo-
ral vector adjacency matrix is then constructed using landmark variation vectors, encoding fatigue state information ; Finally,a Trans-
former-based fusion module uses the temporal vector to guide a dual-branch model , enhancing dynamic fatigue detection. The experi-
mental results on the public datasets YAWDD and NTHU-DDD demonstrate that the accuracy of the proposed method is improved by
2.8% and 3.2% ,respectively.

Keywords : driver fatigue detection ;temporal vector ; Transformer fusion ;cross-attention
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Table 1 Comparison results on YAWDD dataset

Jth HERR(%) RR (%) MR (%) FLE
RRBISE  72.6 71.8 73.1  0.715
Yolov8 70.4 69.5 70.1 0.716
2s5-STGCN 92.3 92.5 94.0 0. 895
VBFLLFA 91.6 90.2 91.8 0. 909
SMGA-Net 83.6 83.0 84.0 0. 821
FF-CNN 86.2 85.6 85.3 0.873
JHPFA-Net 86.7 91.0 87.5 0. 888
TV-MFFN 95.1 94.5 95.5 0. 948

2 1 NTHU-DDD $UE4E b X H ST g R
Table 2 Comparison results on the NTHU-DDD dataset

Jitk (%) FEHE(%) AER(%) F{i

Be IR bR B 68.3 70.6 69.2 0. 687
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VBFLLFA 90.1 89.3 90. 6 0. 895
SMGA-Net 78. 4 77.1 78.0 0. 798
FF-CNN 82.8 83.9 83.4 0.823
JHPFA-Net 81.4 82.2 80. 6 0.815
TV-MFEN 94.2 93.1 93.4 0.927
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Fig.7 Dataset examples containing complex

driving conditions
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Table 3 Comparison results on datasets containing

complex driving conditions

Fk HHE(%) HEFE(%)
25-STGCNU7! 78.6 79.3
VBFLLFA[?] 80.3 81.2
SMGA-Net!" 64.3 65.0
FF-CNN[¢] 66.5 65. 4
JHPFA-Net[*"] 65.7 67.6
TV-MFFN 91.9 91.5
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Fig.8 ROC curve of ablation
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Fig.9 Comparison of training loss of fusion network
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