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Fig.1 The architecture of the proposed coarse-to-fine network
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Table 3 Comparison of detection rate between proposed
method and traditional methods on LPW dataset
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Table 4 Comparison of detection rate between proposed
method and the best-advanced method on
the hybrid dataset
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Pupil Center Detection Inspired by Multi-task Auxiliary Learning Characteristic

Jia Jing', Fu Gaobo', Zhao Xinbo'?, Zou Xiaochun'?, Zhao Baoshang®
1. Northwestern Polytechnical University, Xi’an 710072, China

2. Science and Technology on Electro-optic Control Laboratory, Luoyan 471009, China

Abstract: Eye tracking technology has great potential in the aviation field. As a key means of information acquisition and
human-computer interaction, it can be used for accurate target aiming and pilot condition monitoring, which is of great
significance to flight safety and combat accuracy. As the core technology, pupil center detection determines the
robustness and accuracy of the eye tracking system. This paper proposes a pupil center detection algorithm based on
multi-task assisted learning features, simulates the multi-task assisted learning characteristics of the human visual
system, and introduces a multi-task module to achieve pupil center detection from coarse to fine. Experiments have
verified the effectiveness and advanced nature of the proposed method. In turn, it improves the precision and accuracy of
eye tracking, providing a more accurate, efficient and safe means for various tasks and operations in the aviation field.

Key Words: pupile center detection; deep learning; auxiliary characteristic; multi-task learning; multiscale
classification
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