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Correcting the gaze depth by using DNN
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Abstract if we know what we're looking at, we can get a lot of information. Due to the
development of eye tracking, Information on gaze point can be obtained through software
provided by various eye tracking equipments. However, it is difficult to estimate accurate
information such as the actual gaze depth. If it is possible to calibrate the eye tracker with
the actual gaze depth, it will enable the derivation of realistic and accurate results with
reliable validity in various fields such as simulation, digital twin, VR, and more. Therefore, in
this paper, we experiment with acquiring and calibrating raw gaze depth using an eye tracker
and software. The experiment involves designing a Deep Neural Network (DNN) model and
then acquiring gaze depth values provided by the software for specified distances from 300mm
to 10,000mm. The acquired data is trained through the designed DNN model and calibrated to
correspond to the actual gaze depth. In our experiments with the calibrated model, we were
able to achieve actual gaze depth values of 297mm, 904mm, 1,485mm, 2,005mm, 3,011mm,
4,021mm, 4,972mm, 6,027mm, 7,026mm, 8,043mm, 9,021mm, and 10,076mm for the specified
distances from 300mm to 10,000mm.
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Fig. 1. Eye tracker
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Fig. 3. Flowchart for 3D gaze
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Fig. 6. 3D gaze estimation results
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Fig. 10. The result for model training
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Fig. 11. The result for model validation
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