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Introduction

Problem: How can we estimate gaze directions for

unknown people in unknown scenes?

Scenes have different combinations of viewpoints and lighting conditions
and people have different skin and hair styles and colours combined with
accessories such as hats and sunglasses. It would be infeasible to
collect and label a training dataset representing all possible appearances.

Solution: Automatically learn a classifier using only the

output from a head tracking system.
An automatic tracking system provides large (~500,000) datasets of
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