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 Abstract 

Skeleton extraction is essential for general shape representation.. Skeletonization is a process that 

transforms shapes into skeleton graphs while preserving both the topology and geometry information of the original 

shape. typical Skeletonization algorithm should obtain the ability to preserve original object's topological and 

hierarchical properties. There are different approaches for extraction of skeleton but these methods have several 

drawbacks. In this paperwe implemented a method based on discrete curve evolution to overcome the drawbacks in 

previous methods.. The main idea is that the skeleton points are always the center of the maximal disks, and the end 

points of the skeleton are those contour points with high global curvature which is stable to noise and shape 

variations. The experimental results clearly demonstrate that the proposed method significantly outperforms other 

well-known methods for skeleton computation. 

   In our work histogram of oriented gradients method used for human detection and to extract the object from 

image we used graph cut method. Finally we implemented the contour partitioning on object with discrete curve 

evolution. In this method we remove skeleton branches with smallest relevance for shape representation . This yields 

accurate results than existing methods and overcome the instability of skeleton representation. Skeletonization can 

be used in Visual surveillance in dynamic scenes, especially for human and some objects is one of the most active 

research areas. 

Keywords: Skeleton, skeleton pruning, HOG, Graph-cut, contour partition, discrete curve evolution, image 
processing. 
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1. INTRODUCTION 

 

 The skeleton is important for object representation and recognition in different areas, such as computer 
graphics, character recognition, and the analysis of biomedical images [1]. Skeleton is the abstraction of objects, 
which contain both topological structures of original objects and features of shape. Thealgorithms havedeveloped to 
represent different shapes. Many researchers have made great efforts to recognize the shapes by matching skeleton 
structures represented by graphs or trees [2]. Unfortunately, these approaches have only demonstrated applicability 
to objects with simple  shapes, and therefore, cannot be applied to more complex shapes. Noise or a variation of the 
boundary often generates redundant skeleton branches that may disturb the topology of the skeleton’s graph. The 
most common approaches to overcome skeleton instability are based on skeleton pruning. The skeleton of a single 
connected shape that is useful for skeleton-based recognition should have the following properties: (1) it should 
preserve the topological information of the original object; (2) the position of the skeleton should be accurate; (3) it 
should be stable under small deformations; (4) it should contain the centers of maximal disks, which can be used for 
as rotations and translations, and (6) it should represent significant visual parts of objects.The main goal of this 
paper is to present a method that extracts the exact skeleton with a new skeleton-pruning method. Existing methods 
can’t provide a skeleton with all properties. Our proposed method is easy to implement, and can be computed 
efficiently. 

 

Different skeletonization algorithms types: 

1. Thinning algorithms 
2. Discrete domain algorithms 
3. Chain code algorithm 
4. Mathematical morphology 

 
These methods have several drawbacks: 
Many of them are not guaranteed to preserve the topology of a complexly connected shape (e.g., a shape with holes). 
This is illustrated in Fig. 1.1 where the skeleton in (d) violates the topology of the input skeleton in (c). This 
skeleton was obtained by the method in [3]. 

 

(a) (b)(c)(d)(e) Figure 1.1 (a) Theinput. (b) Binary mask. (c) The initial skeleton. (d) A pruned skeleton 
obtained by the method in [3]. (e) A pruned skeleton obtained by the proposed method. While the 
skeleton in (d) violates the topology. 

 The second drawback of the methods described above is that short skeleton branches are not removed 
completely and main skeleton branches are shortened. This leads to lose important shape information and the 
structure of the skeletons. These effects are illustrated in Figure 1. 2. 



N.NaveenKumar, IJRIT  107 

 

 

(a) (b) Figure 1.2 Comparison on between the result in [3] (a) and our result in (b). 
 
 We propose an approach that completely removes noise without displacing the boundary points. The 
redundant branches are completely removed while the main branches are not shortened. The proposed method also 
does not have the other three drawbacks listed above. The new method is that it is possible to perform a topology 
preserving skeleton pruning based on a contour partition into curve segments. Every skeleton point is linked to 
boundary points that are tangential to its maximal disks. The skeleton points on contour are called generating points. 
The method is to remove all skeleton points whose generating points all lie on the same contour segment of object. 
Different partitions yield differentresults than other. Fig. 3 illustrated three different pruned skeletons in (b, c, d) 
obtained for the same input skeleton in (a). The pruned skeletons are based on different partitions of contour 
segments whose endpoints are marked with dots. Removing all skeleton points all of whose generating points lie on 
the contour segment CD in (c) leads to the removal of the entire lower part of the skeleton. Clearly the contour 
partition in (d) leads to a significantly better pruning result than the partitions in (b) and (c). Thus, in our framework, 
the question of skeleton pruning is reduced to finding a good partition of the contour into segments. We obtain such 
partitions with the process of Discrete Curve Evolution (DCE) [4], [5], [6], which we briefly introduce as follows. 

 

(a) (b) 

 

(c)       (d)                                                         

Figure 1.3 Pruning the input skeleton (a) with respect to contour partition induced by five random points on the 
boundary in (b) and (c). The five points in (d) are selected with DCE. 
 

 

2. Overview of the Method 
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This section gives an overview of our method, which is extraction human skeleton from videos. The basic idea is 
shown in below block diagram Fig. 2.1. 

 

Figure 2.1 Diagram for the detection of skeleton of a human body. 

For human silhouette detection our system employs Histograms of Oriented Gradients (HOG) method and 
Foreground Extraction by Graph-Cuts method. By combining these two methods Human silhouette can only be 
found accurately. The silhouette of human is extracted by skeleton pruning algorithm with Discrete Curve Evolution 
(DCE) to analyze the images in skeleton model. 

 
3. Histograms of Oriented Gradients 
 
 The method is based on evaluating well-normalized local histograms of image gradient orientations [7],[8]. 
The basic idea is that local object appearance and shape can often be characterized rather well by the distribution 
ofedge directions or local intensity gradients, even without precise knowledge of the corresponding edge positions 
or gradient. In practice this is implemented by dividing the image window into small spatial regions (“cells”), for 
each cell accumulating a local 1-D histogram of gradient directions or edge orientations over the pixels of the cell. 
The combined histogram enters from the descriptor representation. For better invariance to shadowing,illumination, 
etc., it is useful to contrast-normalize the local responses before using these descriptors. Normalization can done by 
accumulating a measure of local histogram “energy” over somewhat larger spatial regions (“blocks”) and using the 
results to normalize all of the cells in the larger spatial regions (“blocks”). The normalized descriptor blocks referred 
asHistogram of Oriented Gradient (HOG) descriptors. This process is shown in figure . Tiling the detection window 
with a dense (in fact, overlapping) grid of HOG descriptors and using the combined feature vector in a conventional 
SVM based window classifier gives our human detection chain. 
 

 

 
Figure 3.1 Basic idea for Human Detection 

 Feature extraction is a method of extracting discriminative features from raw image. Then, Classifier is 
required to classify between human and non-human (learned from training data).   
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Figure 3.2 Block diagram of HOG 

The general way of computing HOG descriptor is as follows. The gradient of the image is computed and 
the phase is quantized according to a predefined number of orientation intervals or bins in the histogram. Thereafter 
the image is divided in small regions called cells from which the orientation histogram is built by votes of the 
quantized orientation of each pixel. These votes are weighted by the magnitude of the gradient for each pixel. 
Subsequently cells are grouped in blockswhich are the normalization units of the algorithm. This normalization 
constitutes an important part of the method, because it represents object/background contrast, limits the effect of the 
variations of the gradient in local areas due to illumination, and a smoothing factor. Finally the descriptor is created 
by the concatenation of the block-normalized histograms of all the cells. This mechanism has been shown in below 
Figure 3.3. 

 

 

Figure 3.3 Feature Extractions by HOG 

 

 Support Vector Machines (SVM) is a powerful machine learning technique for classifying text, images and 
other data into groups. This machine starts with human-classified data that demonstrates a series of categories of 
image data. Once the algorithm is trained on this data, it can classify the humans and non-humans based on their 
resemblance to the training data across a number of factors. By using SVM the HOG system categorizes the content 
in the unknown video as Human and Non- Human.  

4. Foreground Extraction through Graph Cuts 

A segmentation algorithm Graph-cut[9] is used to separate the foreground from those backgrounds. This 
algorithm constructs a graph incorporating all the differences measured between the current frame and the 
background model. Links in this graph reflect the connectivity of the pixels in the image. Segmenting the graph 
using a standard graph-cut algorithm produces a foreground-background segmentation that can correct local errors 
without introducing larger global distortions. 

 

Figure 4.1 Block Diagram of Foreground Segmentation by Graph Cuts 
One of the most common applications of graph cut segmentation is extracting an object of its background. 

To prepare a video for background subtraction, Let G = (V,E) be a graph with vertices V and edges E. Each edge e ∈ 
E has a non-negative cost or weight we. The weights of the links between the pixel vertices and the source s and sink 
t derive directly from the difference between the current frame and the background at the corresponding pixel. There 
are two special vertices called terminals: the source, s and the sink, t. A cut C ⊂ E is a subset of edges, such that if C 
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is removed from G, then V is partitioned into two disjoint sets S and T = V − S such that s ∈ S and t ∈ T . The cost 
of the cut C is the sum its edge weights:  

 
 

The Graph cut technique is shown in below Fig. 4.2. The max-flow/min-cut algorithm can be used to find 
the minimum cut in polynomial time. 

 

 

 

Figure 4.2 Graph cut technique for a cut 

 Using graph-cuts method for foreground segmentation produces cleaner and accurate results than the 
approaches based upon morphological operations. The graph based technique appears better at overcoming the 
effects of noise by aggregating information from a local neighborhood around each pixel, while remaining true to 
the underlying data.The human silhouette detection based on the histogram of oriented gradients detection approach 
and the foreground extraction by graph-cuts approach gives very accurate results. Combination of the above two 
methods captures humans and their locations accurately to make the skeletonization easy to detect human pose and 
for further video analysis. 

 

5. Skeleton pruning with Discrete Curve Evolution 
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First, observe that, due to finite image resolution every object boundary in a digital image can be 
represented without the loss of information as a finite polygon. Let us assume that the vertices of this polygon result 
from sampling the boundary of the underlying continuous object with some sampling error. By sampling the 
boundary it results a subset of the sample points that lie on the boundary of the underlying continuous object. The 
number of such points depends on the standard deviation of the sampling error. The smaller the sampling error, the 
larger the number of points and larger the sampling error, the smaller the number of points will lie on the boundary 
of the continuous object. If there is large number of points , the less accurately we can recover from the original 
boundary [4]. DCE process eliminates such points by recursively removing polygon vertices with the smallest shape 
contribution. As a result of DCE, we obtain a subset of vertices that best represents the shape of a given contour of 
object. This subset can also be viewed as a partitioning of the original contour polygon into contour segments 
defined by consecutive vertices of the simplified polygon. The skeleton hierarchical structure obtained by the 
proposed approach is illustrated in Fig. 5.1, where the (red) bounding polygons represent the contours simplified by 
DCE. This DCE method can reduce the boundary noise without displacing the remaining boundary points, and 
guarantees the accuracy of the skeleton position. The continuity is stability in the presence of noise and variations. 
The proposed pruning method follows from the continuity of the DCE. 

 

Figure 5.1 Hierarchical skeleton of leaf obtained by pruning the input skeleton (left) with respect to contour 
segments obtained by the Discrete Curve Evolution (DCE). The outer (red) polylines show the corresponding DCE 
simplified contours 

Let [x, y] be a contour segment that belongs to some contour partition Γ. In particular, [x, y] is a sub-
segment of one of the contour curves C of ∂D. For a skeleton point s whose all generating points Tan(s) lie in [x, y], 
let arc(s, [x, y]) be the smallest sub-arc of [x, y] that contains Tan(s). Observe that arc(s, [x, y]) is a contour segment 
of C, (i.e., arc(s, [x, y]) = [a, b] for some a),b∈C, since arc(s, [x, y]) is an arc connected subset of [x, y]. As a 
consequence of Theorem 5.1 in [32], we also obtain that S(a)=S(b)=s. 

Let CS([x, y]) ={ z ∈[x, y] : S −1(S(z)) ⊂[x, y]} be the set of all points z in [x, y] such all generating points of S(z) are 
contained in [x, y]. For example, in Figure 5.2, CS([x, y]) = [a, b]. Similarly, we can define CS((x, y)) for an open 

segment (x, y).  

Figure 5.2 The initial contour segment [x, y] is marked with thick continuous line.  CS([x,y]) = [a,b] = arc(s,[x,y]), 
where S(a)=S(b)=s. The corresponding skeleton part S([a, b]) is marked thick dashed line. 

Contours of objects in digital images are distorted by digitization noise and segmentation errors; it is 
desirable to eliminate the distortions while at the same time preserving the perceptual appearances sufficient for 
object recognition. This goal is achievedby simplifying the shape. The DCE simplify the shape for every evolution 
step. For example, a few stages of DCE are illustrated in Figure 5.1 for the outer (red) polylines. The shape of the 
leaf becomes more  simplified by DCE, while preserving the main visual parts of leaf.  

Since any digital curve can be regarded as a polygon without the loss of information, it is sufficient to study 
evolutions of polygonal shapes. Theproposed evolution of polygons is simple: 

 



N.NaveenKumar, IJRIT  112 

 

 In the basic evolutional step, two consecutive line segments s1, s2   is replaced by a single line segment 
joining the endpoints of s1 U s2 . 

The key property of evolution is the order of the substitution. This substitution is achieved according to a 
relevance measure K given by: Whereline segments s1,s2 are the polygon sides incident to a vertex v, ß(s1, s2) is the 
turn angle at the common vertex of segments s1, s2, l is the length function normalized with respect to the total 
length of a polygonal curve C. The higher value of relevance measure K, the larger is the contribution of the arc s1 
U s2 to the shape of object. 

 

A very important property of DCE induced contour partition. Every partition is restricted to vertices of the 
boundary polygon of object, that there is a skeleton branch ending at every partition point. If  a partition point that is 
also a polygon vertex ui is deleted in a DCE evolution step, (i.e., ui ∈ Pn-k– Pn-(k+1) )or becomes concave (due to the 
deletion of one of its neighbors), then the arc [ui-1,ui+1] replaces arcs [ui-1,ui], [ui,ui+1] in the contour partition. 
Thewhole skeleton branch that ends at vertex ui is eliminated with skeleton pruning.  

6. Experimental Results 

Skeleton pruning by discrete curve evolution method applied to given input images. This method eliminates 
unwanted skeleton branches (noise) and generates accurate skeletons of input images.The Fig.6.1,Fig 6.2 and Fig 
6.3shows the input and output image.The input is silhouette of a human and skeleton of this image obtained by 
discrete curve evolution. 

 

(a)                                           (b) 
Figure 6.1  (a) input image of a batsman and (b) corresponding skeleton of a batsman. 
 
 The above figures shows stability of the skeletons by DCE .The skeleton represents an image into 
something more meaningful and easier to analyze.The process of converting an image in to edges and lines called 
segmentation.The redundant branches increase with number of objects. The noise increases in the silhouette images 
leads to redundant branches in respective skeleton. 

 
 

(a)                                              (b) 
Figure 6.2(a) input imageof a blower and (b) corresponding skeleton of a blower. 
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(a) (b) 
Figure 6.3 (a)input image of two objects and (b) corresponding skeleton of objects. 

The above figure shows two objects in the input image with more noise. The noise increase in the silhouette images 
leads to redundant branches in respective skeleton. 
 
7. Conclusions And Future Scope 

Since contours of objects in images are distorted due to noise and segmentation errors, it is desirable to 
neglect the distortions while at the same time preserving the perceptual appearance of object. These errors generate 
redundant branches in object skeleton. Our proposed method establishes a unique correspondence between skeleton 
branches and sub-arcs of object contours.  A skeleton is pruned by removing skeleton branches whose generating 
points are on the same contour sub-arc. This has an effect of removing redundant skeleton branches and retaining all 
the necessary visual branches of object. We prove that this approach is does not shift the skeleton, does not shrink 
the remaining branches and guaranteed to preserve skeleton topology. We use a discrete curve evolution to obtain a 
hierarchical partitioning of an object contour into sub-arcs that yields a hierarchical skeleton structure of different 
steps. We provide experimental results that demonstrate the high stability of the obtained skeletons even for objects 
with different shapes. The stability of skeletons is the key property required to measure the shape similarity of 
objects using their skeletons.  

The proposed definition of the skeleton pruning easily extends to higher dimensions, (e.g., in 3D it only 
requires a surface partition into patches), but further research on surface partitions is needed. 
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