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Abstract— Segmentation of images by utilizing fast level set and active contour is proposed. The level set method is a numerical technique for tracking interfaces and shapes. A fast level set method is introduced to decrease the computational labor of the standard level set method for propagating interfaces. The fast approach uses only points close to the curve at every time step. This method utilizes region information to guide the evolution of initial curves. Gaussian smoothing is applied to regularize the evolving curves. This algorithm is able to efficiently segment the objects in complicated images. Natural large images are segmented accurately in very short time using a fast level set implementation.

 
Active contour is a framework of various methods for image and video segmentation. The contour coincides with the real boundary of the segmented object. Contour Initialization is started by the user, by selecting a few pixels in each object to be segmented and a circular contour is generated around each selected pixel. Evolving the contour is done using the fast level set algorithm. 
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I.   INTRODUCTION
The objective of my paper is to segment the natural images accurately in very short time using a fast level set implementation. Object boundary is represented as a parametric curve. As the parameters are reduced, the implementation is simplified but the computation is accelerated. By minimizing the associated energies, obtain active contours that can segment objects that have largely overlapping global probability densities. Image features may refer to the strength of edges, yielding region based active contours. Features may be chosen from intensity, color and quantities. The goal of a region descriptor is to formalize and measure the variation.
     A region descriptor [5] is defined by choosing or computing features that quantify the visual characteristics of a region and by choosing a probability model to express the variation of those features within the region. Local region descriptors are region descriptors with probability distributions computed from feature samples within regions that lie inside windows centered on an active contour.   

    Active contours [4], or snakes, are computer-generated curves that move within images to find object boundaries. They are often used in computer vision and image analysis to detect and locate objects, and to describe their shape. The evolving curves can arrive at the desired direction without the requirement for the initial curve to be strictly inside or outside the object.                        
II.    Literature review

      In [3] the convergence speed is slower when decisions are more localized because the contour is making decisions based on less information. The contour is initialized with a grid of small squares. Contours can be drawn in different places if there are anamolies in the data set. Many objects in realistic tracking scenarios are heterogeneous which makes frame to frame segmentation very difficult. The edge based active contour is the small range of capture, which requires the initial contour to be placed in the close vicinity of objects to be segmented. Problems associated with initialization and poor convergence to boundary concavities, however have limited their utility. First, the initial contour is close to the true boundary or else it will likely converge to the wrong result. The second is that the active contours have difficulties progressing into boundary concavities.  
III.    PROPOSED SYSTEM
     Edges characterize the small neighborhood of pixels, region descriptors characterize the image regions by local region descriptors. Here the image regions are characterized   locally by defining Local region descriptors (LRD). The pixels are located within windows centered on the evolving contour and they may reduce the overlap between distributions. Inorder to reduce the number of local minima of such energies, two novel functions are introduced for constructing the energy functional which are based on the assumptions that local densities are approximately Gaussian. The first uses a similarity measure between features of pixel that involves confidence intervals. The second employs a local markov random field model. The markov random field models [6] based on the idea that the intensity of a pixel depending on the intensities of neighborhood pixels. 
A.  Novel segmenter Functions

 
The method to avoid local minima leads to a novel segmenter function as shown in the following. Assume that the LRD has a normal distribution and define the segmenter function g is the confidence that a sample was drawn from this distribution. For a 1-D feature cα is the interval of length, mW is the mean and sW is the standard deviation. Chosen a confidence level α, the function g will be written as
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LRDs which describe the inside of the object are computed, and letting all the variables describe the object only, the energy to be minimized is changed to
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The energy is minimal when gsim(x)>0 for each x with H(ø(x))=1, that is each pixel in the segmented object must be similar to its neighbours in the object, with similarity measured by gsim.
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B. Fast level set implementation using Local region descriptors for active contours

     In this paper, the following method is used. Local region descriptors are region descriptors with probability distributions computed from feature samples within regions that lie inside windows centered on an active contour. Contour is initialized by the user, by selecting a few pixels in each object to be segmented and a circular contour is generated around each selected pixel. For each pixel on contour, the mean and standard deviation of the local region descriptors for each neighbouring region is computed. According to the fast level set algorithm, contour C is evolved. In fast level set, the level set, gsim, and lists Lin and Lout are initialized.  The level set Lin and Lout are updated by scanning through the lists. If convergence is zero, then the optimality condition is satisfied at that point, and can stop evolving it. If convergence is one, then the optimality condition is not satisfied and can move the boundary inward or outward according to the sign of the speed. For each iteration, the non-convergence condition is sequentially tested at each point of Lin and Lout.  The smoothing evolution is combined with the evolution corresponding to the external speed function.  For each overall cycle, the Na evolution iterations corresponding to the external speed gsim is first computed, and Ng evolution steps of the smoothing cycle is applied. The parameter Ng is the size of the Gaussian filter and controls the elimination of small holes in the final result. If convergence or maximum number of iterations reached, stop the process.
  C. Markov Random Field
      The similarity based function gsim has difficult to segment objects that are very noisy. A robust segmenter function is obtained by using Markov random field. A Markov random field models the intuitive idea that the intensity of a pixel depends on the intensities of neighborhood of pixels. Let the current segmentation of image I be C, that is C is the characteristic function of the current local segmentation.
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     Cl(x) is the set of pairwise cliques that include pixel x, and Vcl(c) is the potential of a clique cl of two eight-connected pixels x and y. Z is the normalizing constant. T is a parameter considered here constant. The original image is assumed to be

a noisy version of the segmented image.
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                  Parameter 
[image: image6.wmf]n

 controls the influence of the regularization term. The purpose of this regularization is to ensure a smooth segmentation
IV.   IMPLEMENTATION METHODOLOGY

A. Region based active contours detection
    Region-based active contour derive a contour representation from the segmentation of the image into well-defined regions.  A pixel belongs to the boundary if it is in the object region and has neighbors in the background. This segmentation is then to produce an image force field, which aligns the active contour with object of interest. The Region based active contours detection is as follows,

1. Contour C, level set  ø, W (Window) and select g such that g = logpN is the segmenter function are initialized.
2. For each pixel on contour C:

· The mean and standard deviation θiw , the LRD (Local Region Descriptors) for each neighbouring region i are computed;
· [image: image1.wmf](
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For each y    Ns(x) such that N is the neighbourhood, the sign of g(y, θiw) is computed.
3. According to the fast level set algorithm, the curve is evolved.

4. If convergence or maximum number of iterations reached, then the process is  stopped.
[image: image7.png]Ble Edt Vew Inert Took Deskiop Window Hep >

Dedg RQANS L 0H | =0




  [image: image8.png]Ble Edt Vew Inert Took Deskiop Window Hep

Dedg kRO L 0





[image: image17.emf]Î






[image: image18.png]Figure 1
Ble Edt Vew Insert Toos Desktop Window telp >

Dedg RQANS L 0H | =0




                                                   
[image: image9.png]Ble Edt Vew Inert Took Deskiop Window Hep

Dedg RQANS L 0H | =0

fast levelset output





[image: image10.png]Figure 1
Ble Edt Vew Insert Toos Desktop Window telp >

Deds kA2 |# 0H =8

Input




      [image: image11.png]Figure 3
Ble Edt Vew Insert Toos Desktop Window telp >

Dedg RQANS L 0H | =0

500 Iterations




                                                       
[image: image12.png]re 1

Ble Edt Vew Inert Took Deskiop Window Hep

Dedg RQANS L 0H | =0

fastlevelset output




                               
B. Fast level set algorithm:

     Fast level set method [2] is used to minimize the number of computations. The fast level set algorithm is as follows,
1. The arrays ø, g, and lists Lin (lists inside boundaries)  and Lout (Lists outside boundaries) are initialized.
2.  According to the external speed function, the curve C is evolved
3. For each iteration, the non-convergence condition is sequentially tested at each point of Lin and Lout. If it is true, then the boundary inward or outward is moved, according to the sign of gsim (similarity based functions).
4. If gsim>0 at a point in Lout, then check_in(x) procedure (switches a point x from the set Lout to Lin) is applied to this point to move the boundary outward.
5. If gsim<0 at a point in Lin, then check_out(x) procedure (switches a point x from the set Lin to Lout) is applied to this point to move the boundary inward.
6.  A seperate stage of curve evolution is performed based on Gaussian filtering of discrete valued level set function ø(x).

7. The algorithm is stopped.
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C. Finding gsim :
1. An image and an input circle is taken.
2. For all the pixels x in image,

· If x is inside the circle, then ø(x) as -1is assigned.
· If x is inside the circle, then ø(x) as 1is assigned.

3.  For all the pixel x in image,
· If ø(x) is less than zero and eight Neighbourhood of pixels is greater than                     zero,  then x is added to  Lin.
·  If ø(x) is greater than zero and eight Neighbourhood of pixels is less than zero,   then x is added to  Lout
         4.     For all the pixels x in image, 

· If ø(x) is less than zero and x is not equal to .  Lin ,  then  ø(x) as -3 is assigned.

· If ø(x) is greater than zero and x is not equal to . Lin  , then  ø(x) as 3 is assigned.
5. For each x in Lout and L in  , gsim is calculated.
Where,   
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    D. Markov Random Field
              A robust segmenter function is obtained by using Markov random field. The Steps in Markov random field is as follows. 
1. Random  image is read.
2. For each pixel in image, another pixel is chosen randomly.

3. If the energy of new configuration is lower than that of the original image, then the position is exchange.

4. If the number of exchange in image is larger than a specified threshold go to step 2. 


             The gmrf computations are reduced comparing with the similarity based functions.
V.   CONCLUSION
    The segmented results could be obtained very fast by reducing calculations to integer arithmetics and choosing a fast level set algorithm. The Segmentation results proved to be accurate in situations where the global distributions of foreground and background overlap. 
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Fig1b. Result after       applying   contour            





Fig1c.  Segmented image using contour








 Fig2a. Input Image                





Fig2b. Result after 


           applying  contour                    


                                                                   Applying Contour








Fig2c. Segmented Image using contour





Fig3a. Input Image





Fig3b. Segmented Image                   


            Using fastlevelset








 Fig4a. InputImage  





Fig4b. Segmented image


           Using fastlevelset
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