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Semi-automatic Eyebrow Segmentation Based on
Watershed and K-means Algorithm

LI Yu-ian BAI Jie
( College of Computer Science Beijing University of Technology Beijing 100124 China)

Abstract: To extract a pure eyebrow image from an original image rapidly and steadily an eyebrow
segmentation method based on watershed and K-means algorithm was presented which was called WX
algorithm. First a number of eyebrow pixels and non-eyebrow pixels by manually scratching several
simple lines on an original eyebrow image were labeled; Second the watershed algorithm was used to
produce catchment basins and them were clustered by K-means algorithm; Finally a pure eyebrow
image was extracted by eyebrow pixel filtering. Experiment results show that it can segment pure eyebrow
images in high speed and good performance for preprocessing to improve eyebrow recognition accuracy.
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Fig.3 Image of catchment basins after flooding
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Fig.4 Eyebrow region covered by catchment basins sets
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Fig.9 Segmentation results by semi-supervised filling
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Table 1 Comparison between different segmentation and

recognition methods
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