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Background and Motivation EyeCue Framework
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latent and dfficult to detgc. =~~~ —_——y components, road scenes, times of day, and weather conditions.
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Heatmap masks outperform raw

CogDrive Dataset video, dot overlays, and cropping.

Key Insights and Challenges

We integrate four public gaze-aligned 16-frame clips perform better than 8-
Cognitive distraction is reflected in how the driver’s gaze interacts driving datasets, segment videos into clips, and annotate | _____ frame clips. i
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