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A New Confidence Measure for Eye Detection Using Pixel Selection
Yonggeol Lee" - Sang-1l Choi”

ABSTRACT

In this paper, we propose a new confidence measure using pixel selection for eye detection and design a hybrid eye detector. For
this, we produce sub-images by applying a pixel selection method to the eye patches and construct the BDA(Biased Discriminant
Analysis) feature space for measuring the confidence of the eye detection results. For a hybrid eye detector, we select
HFED(Haar-like Feature based Eye Detector) and MFED(MCT Feature based Eye Detector), which are complementary to each other,
as basic detectors. For a given image, each basic detector conducts eye detection and the confidence of each result is estimated in the
BDA feature space by calculating the distances between the produced eye patches and the mean of positive samples in the training
set. Then, the result with higher confidence is adopted as the final eye detection result and is used to the face alignment process for
face recognition. The experimental results for various face databases show that the proposed method performs more accurate eye
detection and consequently results in better face recognition performance compared with other methods.
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Fig. 1. Schematic Diagram of the Proposed Hybrid Eye Detector
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Fig. 2. Mask for Different Numbers of Selected Pixels Using
BDA (a) 80pixels(20%), (b) 160pixels(40%),
(c) 240 pixels(60%), (d) 320pixels(80%)
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Fig. 3. Conceptual Diagram of BDA
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Fig. 4. Detection Performance for the Number of Selected Pixels
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