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» We consider the problem of robust eye gaze estimation in natural > 17 subjects with over 100.000 training images (RGB-D from » Semantic inpainting leads to increased face detection rate, and decreased
environments with large camera-to-subject distances and high Kinect v2). There are high pose and appearance variations. landmark error. No statistical difference between the inpainted images
variations in head pose and eye gaze angles. UTMV gaze M;[gize RT-GENE gaze and natural images (no eyetracking glasses).
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» Recording of novel dataset of varied gaze and head pose images in o N > of .. ol il method Original ~ Uniformly filled ~ Inpainted ~ Original ~Uniformly filled ~Inpainted
. . . CLNF in-the-wild [3] 54.6+24.7 75.4420.9 87.7£15.6 5.8+2.3 5.3x1.8 5.21+1.6
capture system and eéye gaze using mobile eyetraCklng glasses. _40—40—20 0 20 40 _40—40—20 0 20 40 _40—40—20 0 20 40 ERT [25] 36.7+£25.3 59.7+23.0 84.1+17.9 6.6=2.3 5.8x1.7 5.1+1.3
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(eight cameras) tra(i:lsirel;};asses » o — 2 > Evaluation on MPIl Gaze [60], UT Multi-view [53], and our newly proposed
i o 20 20 % 20 RT-GENE dataset. Our method outperforms the state-of-the-art in all
0 0 , 0 experiments by 10.4-13.6%.
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» The camera-subject distances are considerably larger

compared to previous eye gaze datasets. e MPIl Gaze

e UT MultiView
B RT-GENE

Proposed: 4 model ensemble

Single eye [60]

Spatial weights CNN [61] with
Spatial weights CNN (ensemble) Inpainting
Proposed: 4 model ensemble

Rays tracing motion ’_/
capture markers

RGB-D camera

Subject in distance of Proposed: 2 model ensemble

0.5-2.9m to camera

aNERUESC
dINZENRT

Proposed: 4 model ensemble

» Removing the obtrusiveness of the eyetracking glasses using f'% ; a 15 I\ =
GAN-based semantic image inpainting [58]. S - < N
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(2) Xinpainted =M’ O X+ MO G(2) > This leads to challeng-

ing, low-resolution face
images.

» Cross dataset evaluation (train on RT-GENE dataset, test on MPIl dataset)

» New real-time appearance based CNNs with increased capacity to leads to 22.4% improvement over state-of-the-art [55].

cope with diverse images in the dataset. Using VGG-16 for feature
extraction and ensemble scheme for increased robustness.
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