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Abstract

To address the limitations of Vision Transformer (ViT) in local feature capture and computational
efficiency, this study proposes an integrated approach that fuses object detection technology with
visual neural network classification models. Specifically, we introduce a phased attention compu-
tation strategy tailored for sparse feature point scenarios in driving behavior analysis. By recon-
structing ViT’s encoder layers, we replace the global visual feature sequences in the last five lay-
ers with target-detected feature point sequences, making them more suitable for feature-driven
models. Additionally, we substitute standard ViT positional encoding with a combined relative
position-angle encoding of the steering wheel to enhance spatial-temporal context understanding.
Furthermore, to compensate for suboptimal facial feature capture, a multimodal subsystem is in-
troduced through multitask learning to detect driver head orientation. The proposed Feature-
Driven Vision Transformer Multitask Learning (FViT-MTL) achieves 93.85% classification accu-
racy on the SFDDD dataset, demonstrating a 5.71% improvement over conventional visual neural
networks and a 1.28% gain compared to state-of-the-art methods. The results validate our ap-
proach’s effectiveness in achieving both computational efficiency and precise driving behavior
analysis.
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Figure 1. FViT-MTL model architecture
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Figure 2. Image sequence
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Figure 3. Input form of the facial orientation deviation judgment model
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Figure 4. Encoder layer architecture
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Figure 7. Confusion matrix of FViT-MTL and FVIT classification results
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