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Abstract

In this paper, we propose a gaze estimation network in which eye landmark position detection and gaze direction vector
estimation are integrated into one deep learning network. The proposed network uses the Stacked Hourglass Network as a
backbone structure and is largely composed of three parts: a landmark detector, a feature map extractor, and a gaze direction
estimator. The landmark detector estimates the coordinates of 50 eye landmarks, and the feature map extractor generates a feature
map of the eye image for estimating the gaze direction. And the gaze direction estimator estimates the final gaze direction vector
by combining each output result. The proposed network was trained using virtual synthetic eye images and landmark coordinate
data generated through the UnityEyes dataset, and the MPIIGaze dataset consisting of real human eye images was used for
performance evaluation. Through the experiment, the gaze estimation error showed a performance of 3.9, and the estimation speed
of the network was 42 FPS (Frames per second).
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Table 4. The result of the performance of the proposed network

The value of Mean Gaze Estimation Error
Model
(degrees)
S. Park et al. [14] 4.6
S. Park et al. [22] 4.5
GazeNet [18] 5.5
Ours 3.9

T 5. Motsks &AIEHo| Ablation study Z1}
Table 5. The result of the Ablation study on our proposed Loss fundc-
tion

The value of Mean
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L
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Fig. 8. Examples of the gaze estimation result based on proposed
method
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Fig. 10. Among the estimation results of the MPIIGaze data set, an
example where the estimation error is more than 10°
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