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Machine learning-based free-head gaze tracking method
and its application on the electric sickbed

Hu Jiahui' ,Lu Yonghua',Zhang Jinhai’, Yang Haozheng' ,Liu Tao'

(1. College of Mechanical and Electrical Engineering, Nanjing University of Aeronautics and Astronautics ,

Nanjing 210016, China; 2. Chengdu Aircraft Industry Co. , Lid. ,Chengdu 610073, China)

Abstract: The free-head 3D gaze tracking is of great significance. The traditional eye tracking methods have problems of low accuracy,
complex equipment and limited wearing. To address these issues, a monocular head free 3D eye tracking technology based on machine
learning is proposed. Two lightweight, high-precision and real-time eye tracking models are formulated, which can estimate the gaze
point and gaze direction, respectively. For the gaze point estimation model, DIib is used to locate the facial feature points to get the eye
image. Then, PNP is used to get the head pose. Two kinds of information and part of the feature point coordinates are taken as the input
into the multi-channel convolutional neural network. Finally, the gaze point is estimated. The gaze direction estimation network is a
simplified version of gaze point estimation network. The proposed eye tracking technology is combined with the electric sickbed to
establish a set of electric sickbed system based on eyeball drive, which allows patients to use their eyes to control the operation of the
electric sickbed. Experimental results show that the error of the proposed gaze point estimate model on MPIlGaze dataset is 4. 1 em. The
error of gaze direction estimation network in ColumbiaGazedata set is 7.2°, and the accuracy of the two models is 6. 8% and 2. 7%
higher than those of iTracker and UlinFT, respectively. The system of eye driven electric sickbed can improve the living standard of
patients and meet the needs of patients.
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Fig. 1 Ilustration of the gaze direction model
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Fig.2 The eye tracking model based on machine learning
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Fig. 3 Illustration of the point estimation network
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Fig. 4 Ilustration of the gaze direction estimation network
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Fig. 5 3D structure of the electric sickbed
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Fig. 6 Illustration of adjustment action
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Fig. 7  Control flow chart based on gaze
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