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A fast polygonal variant of the Geodesic Active Contours (GAC) method for image segmentation is 1) Aninitial line is created at the upper boundary of the image (for the Horizon edge function to
developed and implementation strategies are explored. Rapid image segmentation is needed for myriad example problem) obtain this.
applications such as real-time image tracking, analyzing large 2d datasets, gesture recognition, and human 2) The line iteratively descends across the image.
body detection (like for the xbox Kinect). GAC implementations use an iterative scheme to evolve i) The movement is affected by gradients, corners or second derivatives.
oftentimes complicated curves to conform to a contour that best segments the image. One such model is ii) Should the line ‘hit” a boundary, we have a term that is analogous to the R e S u I t S
called the "snakes" model and it relies on computationally intensive quantities such as image curvature. twisted moment, so we obtain a ‘torque-like’ force along the line.
The quality of the segmentation is quantifiable by a functional and the evolution by an objective function. iii) If the sum of the forces over a given segment of the line are big enough
Methods which rapidly approximate this process by restricting evolution to a low vertice-count polygon (relative to the size of the line segment), then a ‘break point’ is found and the line
form a set of options which are studied. Starting from the functional formulation, a basic physics-based splits into two lines, with a break-point or vertex placed there. At the end of my time in Haifa, | had a rough but working version of the horizon segmentation. | still had
heuristic is studied and implemented for a basic case of horizontal image segmentation. 3) The process is repeated with each line segment. trouble in some cases and that was due to me being unfamiliar with the recursive solution | attempted to
implement. | was unable to finish the true polygonal implementation, mostly due to programming
The ‘Horizon’ problem allows how 2-class segmentation could be approached but this difficulties. | also attempted a modified version of Vadim’s approach since | came up with my own
simplistic heuristic neglects many issues that come up in the implementation of this, approach on how to undertake the polygonal version. This approach had differences in both the data
including storage and representation. In a general segmentation, with many classes structure, starting conditions, and physical analogies.
being identified, we initialized triangles in areas of the image that were ‘dense’ with
T e O ry information (above a threshold of 15t and 2"? derivative information). From there, the F u t u re W O r k
edges were treated as line segments and the algorithm precedes as before, but with
added conditions specifying when to create a new polygon for a new region, since the
A variational formulation for the active contour is given and the the first variation is obtained. From there a number of regions is not always known a priori.
minimization procedure is established via curvature evolution and equivalently, level-set evolution. While this project explores a simple heuristic for approaching image segmentation, its utility and
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The Chan-Vese Functional gives a minimal-variance criterion. It compares the median intensities for the
inner-region and outer-region area for a given curve C which segments an image.

the algorithm applied to a still interest/applications for an approximate but fast segmentation program.

horizontal segmentation.

widespread use is unlikely, given that increases in computational power have made the standard

implementation of GACs and/or Snakes feasible in real-time, and that there are multiple GPU
Visualization of the Q implementations of image segmentation that will scale better. | entered this project unaware of these
proposed algorithm. The developments and my research made me much more aware. During my time in Haifa, | had a chance to
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, , | attempted a recursive implementation of this algorithm and had difficulty with this
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; approach. | also had difficulty establishing suitable ranges for my parameters. When |
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) , , implemented it, | tried to immediately generalize my approach which left me with too
idealized continuous surface
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attempting to incorporate them from the beginning complicated my program to the extent
that | scrapped the development and restarted in my last one and a half weeks.

equivalents play a role in
the evolution.




