Hybrid eye center localization using cascaded
regression and robust circle fitting
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The need for iris detection

Gaze tracking

Virtual contact lenses try-on




INn-the-wild iris detection

Most methods use specialized devices

NIR images Head mounts ris scanners

Our focus: real-time detection on mobile devices using a standard camera
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Hand-crafted methods
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More robust but not accurate

Powerful regressors
Simple features

Simple regressors
Powerful features



Qur contributions

1. Learning-based method using powerful regressors and powerful features

2. Increased accuracy by combining #1 with robust circle fitting



Method Overview

Image + Facial landmarks

Accurate eye center and iris radii
estimates after circle fitting

Cascade of regression forests

Rough eye center estimates



Rough eye center detection

Image + Facial landmarks Cascade of regression forests

Accurate eye center and iris radii Rough eye center estimates
estimates after circle fitting



(Cascade of gradient boosted regression forests
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(Cascade of gradient boosted regression forests
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(Cascade of gradient boosted regression forests
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Beyond raw pixels in 74 (1,S)

1. Use powerful features, instead of raw pixels

2. Anchor the features to current eye center estimates



Normalized HoG features for iris detection

Initial pose
5°=1(p)- ()

-eatures:
Pairwise differences of HoG




ris pose refinement by circle fitting

Image + Facial landmarks Cascade of regression forests

Accurate eye center and iris radii Rough eye center estimates
estimates after circle fitting
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Robust circle fitting
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it iris using circle refinement
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Robust circle fitting
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Robust circle fitting
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Robust circle fitting

Robust to outliers
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Results
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Within the R@SU ‘tS
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Results

Talking Face
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Increased fine-level accuracy due to circle refinement

Majority of methods are not even evaluated at e < 0.025



summary

1. Real-time iris detection system from standard images

2. Eye center localization using cascades of boosted regression trees with
HoG features

3. Accurate iris localization using robust circle fitting

4. State-of-the-art performance on multiple datasets
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