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Abstract- This paper focuses on the method of Fourier Descriptors, Structure-Adaptive B-Snake, and Object Tracking Image Sequence.  Fourier Descriptors has been extended to produce a set of normalized coefficients which are invariant under any affine transformation (translation, rotation, scaling, and shearing). This method is based on a parameterized boundary description which is transformed to the Fourier domain and then normalized to eliminate dependencies on the affine transformation. Structure Adaptive B-Snake model is studied which describes a method for segmenting the complex structures in medical images. In this paper a strategy of automatic control point insertion technique is used, which is adaptive to the structure of the object. Furthermore, the method of minimum mean square energy (MMSE) method is analyzed iteratively to estimate the position of the control points in the B-Snake model. Object tracking Image sequence technique is studied which is based on the Bayesian Multiple Hypothesis Tracking (MHT) approach. The first MHT algorithm is employed for contour segmentation (based on edge map). The second MHT algorithm is used in the temporal tracking of a selected object from the initial frame.
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1. INTRODUCTION
Fourier descriptors are a powerful way to describe and recognize shapes of all kinds. The basic idea is a closed Curve which may be represented by a periodic function of a continuous parameter, or alternatively, by a set of Fourier coefficients . The collection of coefficients is referred to as Fourier descriptors (FD’s). To use this descriptor for pattern classification applications, the curve representation should be normalized with respect to a desired transformation. If the normalization is exact, it will result in a set of FD’s which are invariant with respect to the specified class. Similarity-invariant FD’s [1] are widely used for recognition of 3-D objects .
In structure adaptive B-Snake model boundary mapping is a basic step for many active research areas in image analysis, computer vision, and medical imaging. However, it is difficult to map the complex object boundaries from images because of the variation of objects and the diversities of image types. For example, in the segmentation of ventricles from brain images the shape and sizes of the ventricles vary with all ages usually this makes the segmentation procedure to be difficult. Therefore the B-Snake was deformed by the external and internal forces. From the original philosophy of Snake, an alternative approach for B-Snake is using a parametric B-Spline representation of the curve. Such formulation of a deformable model allows for the local control and a compact representation. Moreover, this formulation [2] has only a less number of parameters to control and the smoothness requirement has been implicitly built in to the model. The primary purpose of this paper Object tracking image sequence is to track a selected object [3] (as opposed to a single point feature) from the initial frame through the image sequence. The process is an effort to extend the point feature. In this case, the key points from the object are chosen using a curvature scale space technique to represent the object. The key points are temporally tracked and are validated against the object contour (obtained by grouping edge segments) in each frame. The tracking techniques concern with the MHT algorithm in two stages. The first stage is for contour grouping (object detection based on segmented edges) and the second stage is for temporal tracking of key features (from the object of interest). Consistent image contours are necessary to identify an object with certainty, which in turn is necessary for tracking the object over a period of time in sequence of images. We use the term ‘object’ for a group of edge segments that form a recognizable object (identified as belonging to the same object). The object will be identified by an enclosed (or near-enclosed) contour.

2. DATA REPRESENTATION FOR FOURIER DESCRIPTORS
The class of affine transform includes the similarity transforms, but in addition allows “shear”. Under shear, the outline of the object boundary will no longer be conserved, as illustrated in fig. 1.
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We will consider only boundaries of silhouettes. Therefore, it will be implied, where not stated, that all curves and representation are in viewing plane of the camera. Any plane curve can be described in the real space R or in the complex plane C.
Using these two representation s, an affine transform may be written as

                     X=Ax0+b            (2.1)
For x, x0ε R, A is a 2*2 matrix, b is a 2-vector, and x is the affine-transformed version of x0.

3. PARAMETERIZATION OF FOURIER DESCRIPTORS
The familiar arc length parameterization transform linearly under any linear transformation up to the similarity transform. Translation and rotation do not affect the arc length, scaling scales the parameter by the same amount, and choice of a starting point introduces only a shift in the parameter. However the arc length is nonlinearly transformed under an affine transformation. Thus it introduces a new parameterization and requires that such a parameterization have the following two properties:

1) It must be linear under an affine transformation.

2) The parameterizing function must yield the same parameterization independent of the initial representation of the contour.

The parameterization may be interpreted geometrically as an area, as shown in Fig .2 
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4. FOURIER TRANSFORM
 We encode the boundary as a function of the parameter, and take the Fourier transform of the resulting function. Since we are using a vector representation for the boundary, we describe a point on the boundary by a vector function

              X= u (t)
                          V (t)
The Fourier transform is then applied to the functions u (t) and v (t), resulting in a matrix of coefficients.

               … U0, U1 …             

                     V0, V1

Although these coefficients are complex, the functions u (t) and v (t) are real.

5. STRUCTURE-FLEXIBLE B-SNAKE
  Close cubic B-Splines

In this section, we deal with the close curves that are C continues, and are modeled by cubic B-Splines. A closed cubic B-Spline has n+1 control points {Qi=[xi,yi]T,i=0,1,2},and n+1 connected curve segments {gi(s)=(ui(s),vi(s)),i=1,2,….,n+1}. Each curve segments is a linear combination of four cubic polynomial by the parameter s, where s is normalized between 0 and 1(0≤s≤1).
5.1 A strategy of inserting knots
Suppose that a knot Pt is expected to place in between Pi and Pi+1 at s. The new set of control points are

     Q =(Q0,Q1,…..Qn) .Qj is determined by
Qj=(1-αj) Qj-1+αjQj

5.2 Object Contour Extraction Algorithm
The steps contained in this iterative minimization process are as follows:

1) Compute the edge image of original image by using canny edge detector.

2) Analyze GVF (Gradient Vector Flow) of the edge image as the external forces of the B-Snake.

3) Initialize the control point parameters.

4) Compute the MMSE for obtaining ΔQ(t).

5) If || ΔQ(t) ||> threshold. Then update Q(t) and go to step 4; otherwise , go to step 6.
6) If max(||Fext||)>threshold, a new knot is inserted into location that has maximal external force fext(r(s)), and go to step 4; otherwise, the deformation procedure has been finished.

5.3 Object Contour Extraction Result
This B-Snake approach algorithm has been simulated by MATLAB codes and tested on medical images fig 4 shows the initial location and deformation result of the B-Snake using 4 control points.
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(e) External force among B-snake
Fig 4-B-snake using 4 control points 

6. Multiple Hypothesis Framework for Contour Grouping
This sector briefly describes the multiple hypothesis approach in relation to contour segmentation [3]. The basic operation of the MHT algorithm for contour grouping . At each iteration, there are a set of hypotheses (initially null), each one representing a different interpretation of the edge points. Each hypothesis is a collection of contour s, and at each iteration each contour predicts the position of the next edge as the algorithm follows the contour in unit increments of arc length. An adaptive search region is increments of arc length. An adaptive search region is created about each of this predicted location. Measurements are extracted from these surveillance regions are matched to predictions based on the statistical distance. This matching process reveals ambiguities in the assignment of measurements to contours. This procedure provides [3] an associated uncertainty matrix (Ω) for each global hypothesis from which it is necessary to generate a set of legal assignments. As a result, the hypothesis tree grow another level in depth, a parent hypothesis generating a series of hypotheses each being a possible explanation of the measurements. The probability of each new hypothesis is calculated. Finally, a pruning stage is invoked to constrain the exponentially growing hypothesis tree. This completes one iteration of the algorithm.
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Fig 5 UMASS lab sequence result
[image: image12.emf][image: image13.emf]
             (a)                          (b)

[image: image14.emf][image: image15.emf]
                (a)                         (b)    
Fig 6: PUMA lab result
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Fig 7:Outdoor cone sequence result

Figures 5-7 (color figures): (a) contours grouped by applying the contour segmentation algorithm based on edge map obtained. Each segmented contour (grouped edges) is shown. (b) Result after the application of segment merging algorithm. (c) The trajectory of the key points by applying the MHT-IMM algorithm. (d) The identified object trajectory. The white contour is superimposed on the first frame of the sequence to show the motion of the object. 
7. CONCLUSION AND FUTUREWORK 
Object matching is the ultimate purpose of many image processing and computer vision applications. Since an object may undergo various affine transformations, the matching methods should possess the capability of handling such cases. A number of shape representations have been proposed for matching under an affine transformation. These include the affine invariant Fourier descriptors (FDs) [1], Structure adaptive B-snake[2], Object tracking image sequence[3]. In these methods, they emphasis on using a parameterization that is robust with respect to affine transformation.  However, the performance of such methods degrades in the presence of local noise and distortion. Moreover, in those methods that are based on moment the affine transform must be estimated. This is not an explicit shape representation. However, all the methods mentioned above suffer from inaccuracy and inefficiency due to higher order derivatives for affine length and affine curvature computation on the digital contour. Hence we are working on B-spline for curve representation. B-Spline curve is one of the most efficient curve representations and possesses very attractive properties, such as compactness and continuity. This method first smoothes the B-Spline curve by increasing the degree of the curve. It is followed by a reduction of the curve degree using the Least Square Error (LSE) approach to construct the Curvature Scale Space (CSS) image. CSS matching is then carried out. Our method combines the advantages of B-Spline that are continuous curve representation and the robustness of CSS matching with respect to noise and affine transformation.
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