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Introduction — Gaze Estimation
B Definition M Eye Gaze B Application
Infer subject’s gaze direction or Important indicator of human Mental condition diagnose and
gaze location from the subject’s attention and cognition. hum-an intention prediction.
frontal facial images. Reveals how people interact w- Newly-developing human com-
ith their surroundings. puter interaction method.
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Four stream inputs:
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GNG) wo eyes are almost identical. ention weights and conv layers.
recalibrate
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- : Face image contains rich info. Indi- Adaptive eye feature recalibrat-
......................................................... Heeale [T AdaGN S cates how eyes would look like. ion according to facial features.
Experimental Results
B Performance on Public Datasets B Result Analysis
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AFF-Net outperforms state-of-the-art methods on widely |Zw/ose Conclusion

used GazeCapture and MPIllIGaze dataset. AFF-Net performs better o-

n hard cases: remote locat-
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B Ablation Study 4 ions and small faces.
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Ablation study shows the effectiveness of each module. X (cm) X (cm) X (cm) X (cm)

BMRABALIZ AT TERIT

*/ STATE KEY LABORATORY OF VIRTUAL REALITY TECHNOLOGY AND SYSTEMS




