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Abstract - Active contour models(called
Snakes) are methods for the image
segmentation. Many reseachers have developed
snake algorithms and then published such as
GVF, GGF snake.

In this paper, we present a pre-process for
GGF snake algorithm. This process removes
noise so that snakes can flow smoothly. In
experiment. we compared a image removed
noise with a image corrupted by noise. In
result, the pre-process produced a good image
for GGF Snake and is necessary.
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where, a(s): tension
A(s): rigidity

A (18] Eu(x(Ne 859 dquxlax, F4dA
Azl oAz, g go] Fejgd.
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2.1.2 GGF Snake
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2.3 Pre-Process
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