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Abstract:  

Segmentation is generally the first stage to image analysis. Segmentation divides an image into number of regions or objects. 

Object Identification process is related to image segmentation process. Object identification process recognizes an object in an 

image or in a video sequence. To segment the image into some related segments formed by some similar pixels, many methods 

are proposed in the area of image processing. Graph-based image segmentation is also one of the segmentation methods. In this 

research, we take a graph based approach to segmentation. The proposed technique obtains the object extracted from the image by 

using an Iterative Graph-cut Algorithm and recognizes the object efficiently using object Identification system. With already 

existing methods of segmentation such as Region based segmentation techniques, gives multiple regions of analyses which makes 

it difficult to identify and locate certain object of interest. A better segmentation method could be to find the object of interest and 

then perform a Graph based segmentation to extract the object on its outline. We make use of Graph-cuts as a segmentation 

technique to separate the object from an image preserving its outline, giving us a better segmentation result. The segmented object 

is then recognized by mapping the feature descriptors of the images. This method can be used efficiently used in application areas 

such as in Object recognition, image database lookup, fault detection and image editing. 
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I. INTRODUCTION 

 

Image segmentation is an important part in image analysis. 

The purpose of segmentation is to change the representation of 

the image into something meaningful and easier to analyse. 

There are numerous segmentation techniques available. The      

region based segmentation techniques involve watershed 

segmentation, mean shift segmentation and many more. These 

segmentation techniques usually divide an image into multiple 

distinct regions. In many cases we would only be interested in 

a specific object in an image and not the entire segmented 

region. Segmentation based on Graph Theory is a new and 

quite general approach for segmenting and extracting an object 

from the image. In this approach the entire image is viewed as 

a weighted graph G, with the pixels in the image as nodes and 

the similarity defined between them based on the intensity of 

each pixel.  

 

Pixels having a strong similarity between them are represented 

with stronger weight edge.  In Graph Theory, Object 

extraction could be done with a graph cut approach which 

includes minimum cut algorithm, max cut algorithm and a 

combination of both as Max-Flow technique. A cut in a graph 

G is the removal of dissimilar weight edges that disconnects 

G. The min-cut technique forms a cut in the graph G of 

minimum cost. We need to check every possible cut and take 

the minimum. Max-Flow technique defines the maximum 

flow from the two additional node as source node and sink 

node. A flow in a graph G is a directed graph where each edge 

between two nodes has a capacity and it receives flow. The 

sum of the weight edges from the source to sink, if removed 

would totally disconnect the source and the sink 

 

The research includes, combination of object segmentation 

with object identification. Iterative graph cut is used as a 

segmentation method which includes a combination of a 

GMM model and a Max-Flow graph cut technique for 

extracting object of interest. Segmentation part is implemented 

using an iterative Graph cut algorithm that identifies the 

foreground and background of the image giving a clear 

separation of object from its background. The segmented 

object is used as a training image to the object identification 

system. The object identification system implements a SURF 

(speeded up robust features) object identification method for 

identifying a new input object. The system makes use of three 

steps to the matching process of objects. The three main steps 

include Detection step. Descriptor step and Matching step. We 

detect features points on the image which are some corner 

points or T-junctions. The feature points are matched to 

recognize and identify the objects.  

 

II. PROPOSED METHOD 

 

The proposed method extracts an object from an image based 

on Graph-cut segmentation and then the extracted object is 

passed to object recognition system that efficiently identifies 

and recognizes the object. Figure 1 shows the block diagram 

of the proposed method.  

 

Here given an input image we draw a rectangle around the 

object of interest and segment it using an iterative Graph-cut 

algorithm that extracts the object on its outline giving a clear 

separation of the foreground and background. Next, the 

segmented object has to be identified. There are 3 steps to the 

process of object identification.  
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In the First step is Feature Detection step, in this step the 

feature points are selected in distinct location on the input 

image and the trained image. Second step is Description step, 

in this step each feature point holds a descriptor which 

uniquely identifies them and does not depend on features scale 

and rotation. Third step, matching step, we match the feature 

descriptors of the object image and the scene image. Refer to 

Figure 1. 

 
Figure.1. Data flow diagram of the proposed system 

 

2.1. Graph-cut Segmentation 

 

Graph Theory is the study of graphs. The image may consist 

of set of objects, where several pairs of the objects are 

connected by links. In Image processing we can view the 

entire image having a set of pixels as a nodes and the 

similarity and dissimilarity between the pixels is given by the 

weight edge between them. A weight edge has a numerical 

value computed by analyzing the distance between the two 

nodes. If the weight associated with an edge between two 

nodes is more and are closer, they are said to have a strong 

similarity. But if the weight edge evaluated gives a lesser 

value it is said to have low similarity i.e. they are said to be 

dissimilar. 

To give a more mathematical description of a graph, we 

introduce some definitions: 

Consider a graph representation of an image where weighted 

graph G= (V, E), V denote the set vertices and E denote a set 

of edges between the vertices. A weighted Graph associates a 

positive label (weight) with every edge in the graph. An s-t 

graph is a weighted directed graph and has a number of nodes 

associated with the two identified nodes, the source s and the 

sink t. A cut in a graph removes all the dissimilar edges so that 

it disconnects G. An s-t cut c(s, t), splits the two identified 

nodes, the source s and sink t. The set of edges Ecut is 

removed in such a way that there is no path from source to 

sink when Ecut is removed from G. The cost of a cut Ecut is 

the sum of the edge weights in Ecut. 

 

 
 

Figure.2. Example of a graph to segment foreground and 

background 

 

The graph consist of node ni and the edges having the weight 

wij. The weights in the graph define how strong or weak 

similarity the two pixels have and how they are related to eah 

other. We cluster the pixels using a GMM model into two 

separate clusters to get the foreground and the background 

which are referred to as source node and sink node in graph 

theory. The min-cut between the two nodes source and the 

sink is a good way to separate the graph into two ditinct parts 

with minimal cost. We use a maxflow min-cut graph based 

segmentation technique that firstly determines the flow in the 

graph from the two additional nodes and then uses a min-cut 

algorithm and seperates and removes the dissimilar edges 

between the source and the sink node. which  In the example 

figure n1 and n5 are classified as foreground and all the other 

nodes as background. 

 

2.1.1. Modeling the Foreground and Background 

 

The initial information given about the foreground and the 

background are given by the user as a rectangular selection 

around the object of interest. Pixels outside this selection are 

treated as known background and the pixels inside are marked 

as unknown. With these unknown pixels we begin the 

clustering process.  Use of Statistical models such as a 

Gaussian Mixture Model is used for the process of modelling 

the foreground and the background. We need two clusters to 

be formed which gives a clear difference between the object 

and its background. So, we create two GMM models known as 

FgdGMM and BgdGMM respectively. Each of these model 

has 5 components assigned to them, forming a total of 2K 

components. The value of K=5. We determine the intensity of 

each of the pixel from the input image and reassign it to a 

component cluster depending on whether the sample pixel is a 

background or a foreground pixel. As we get two GMM 

models with the sample pixels assigned to them we have to 

separate them with a good segmentation technique [2.1.2]. For 

each of the Gaussian components we need to determine and 

compute the mean, the inverse and determinant of covariance 

matrix. With the determined pixel color, the mean and the 

covariance matrix can be easily computed. The determinant is 

calculated from the covariance matrix. Next, compute the 

cofactor matrix and divide it by the determinant to get the 

inverse of the covariance matrix. As we get the two clusters 

with the foreground and background, they are not clearly 

separated and needs an efficient segmentation technique 

[2.1.2] that gives an extracted object from the image. 

  

2.1.2. Iterative Graph Cut 

The proposed method makes use combination of graph-cuts 

and statistical models.  
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Algorithm summary: 

Step1) user inputs the rectangle around the object of interest 

and creates an initial trimap. 

 

Step2) computer does an initial labeling depending on the data 

we gave. It labels the foreground cluster and background 

cluster. 

 

Step3) Now a Gaussian Mixture Model is used to model the 

foreground and background 

 

Step4) GMM learns and creates a new pixel distribution. That 

is, the unknown pixels are labelled either probable foreground 

or probable background depending on its relation with other 

hard labelled pixels in terms of color statistics  

 

Step5) Next, we build a graph from this pixel distribution. 

Each pixel in the graph is treated as a node. Additional two 

nodes are added, source node and sink node. 

 

Step6) the weight of edges connecting pixels to sink node/ 

source node are defined by the probability of the pixel being 

foreground/background 

 

Step7) we use a Min-cut segmentation that cuts the graph into 

two separating the source node and sink node with minimum 

cost function. 

 

Step8) the process is continued until classification converges. 
 

 
 

Figure.3.A) Seperation of foreground and background 

terminal 
 

In step 1, the user initializes the trimap by selecting a 

rectangular region around the object of interest. The pixels 

inside the rectangle are marked as unknown and those outside 

the rectangle are marked as sure background. This is a hard 

labelling process which means they won’t change in the 

process. This is the initial information given to the algorithm. 

In step 2, computer labels the foreground and the background 

pixels. In the next step we create the K components of the 

Gaussian Mixture Models (GMM) for the Foreground and 

Background regions. This means that we need to create a total 

of 2K components. We first divide both regions into K pixel 

clusters. The Gaussian components are then initialized from 

the colours in each cluster. For good separation between 

foreground and background, it is necessary that we generate 

low variance Gaussian components. Thus, we seek to find 

tight, well-separated clusters. Using these initial clusters, we 

build the Gaussian components as described in Section 2.1.1 
 

2.2. Object identification 

 

The object identification system is divided into three main 

steps:  
 

2.2.1. Feature point Detection 

 

First step is the “Feature Detection” step; in this step we detect 

the feature points on the segmented object image as well as on 

the new input image. The feature points in an image are the 

corner points, blobs or points at the T-junction. These feature 

points ae detected at distinctive locations in the image. The 

interest point detection makes use of Hessian matrix to select 

the interest points on the image. The input image is passed 

through a Haar wavelet filter and integral image is calculated. 

An integral image has sum of all values in the rectangle 

defined by the origin and (x, y). The method is very fast 

because of use of integral images. To detect the features the 

Hessian matrix (H) is assembled, where Lxx is the convolution 

result of Gaussian second order derivative and the image at a 

point (x, y) and similarly for Lxy and Lyy.  

 
 

σ represents the scale. To reduce the computation time 9x9 

box filter is used for approximation of Gaussian second order 

derivative with σ=1.2 and this value represents the lowest 

scale The scale space is divided into number of octaves, where 

each octave is divided into number of layers. After we get the 

approximation of hessian matrix determinant in each layer 

each of it is compared to 26 other neighbors in above and 

below scales to select the best possible feature point.  

 

2.2.2. Descriptor Computation 

Once we get the Feature points on the image the next step is to 

compute the descriptors. The identification algorithm is 

rotation invariant. We find the direction of the feature and 

rotating the sampling window to align it with that angle. 

Construct a square region centered on the feature point. The 

size of the square window is 20X20. Once the rotated 

neighborhood is obtained it is divided into 16 sub squares. 

Each sub square is again divided into 4 squares. 

 

 
 

Figure.4.A) Feature Descriptor computation  

 

Figure 2.2.A) shows the descriptor computation for a feature 

point. Derivatives in the x and y directions are taken in these 

final squares. The descriptor for the sub square is the sum of 

the x derivatives over its four quadrants, and similarly for y 

derivative. The total descriptor has 4 values. These values 

form the feature descriptor. The feature descriptor is 

represented as vector V and has 64 dimensions. Lower the 

dimension higher the speed of computation and matching.  
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2.2.3. Matching Step 

 

In this step the object image descriptors are compared to the 

scene image descriptors and a matching score is calculated 

between them. The score is calculated using Euclidean 

distance based on the distance between the vectors. The 

feature descriptors of the scene image are matched with every 

other feature descriptors of the object image. As we, Find the 

distances between the two descriptors, we need to find the 

descriptor that gives a best match. To select the descriptors 

that best matches, a variance is found between the top two 

distances that are found. Based on the experiments conducted 

w have found the variance value=0.7 gives the best results. 

 

III. EXPERIMENTAL RESULTS 

 

The method is implemented on an Image Net database.  Figure 

3.1 and figure 3.2 shows the results of the iterative 

segmentation algorithm on two natural images. The flower 

images are successfully segmented due to a large color 

difference between the foreground and the background 

 

     
Figure 3.1):Input Image           3.1) Segmented image 

 

         
Figure.3.2): Input image      3.2) Segmented image 

 

Figure 3.3 shows the interest points for object image. We 

select the strongest feature points for object image and scene 

image by attending a certain threshold. The green circles 

drawn on the image represent the feature point with the feature 

descriptors. A feature descriptor is calculated around the 

feature point. The feature descriptors of the object image and 

scene image are compared to determine if the system 

recognizes the object in the image. The lines are drawn 

between the descriptors that are matched.  

 

 
Figure. 3.3):Feature Points Detection   

  
 

Figure. 3.4) Object Matching 

 

 
 

Figure. 3.5) Feature Point Detection   

  

 
 

Figure. 3.6) Object matching 

 

In Figure 3.4 and 3.6 evaluates the matching features. some of 

these features in the object image might match features in the 

scene image which does not belong to the object. We 

eliminate the error matched features by determining the RGB 

value of each feature points that are matched. If R=0, G=0, 

B=0 then we elinate the point as an outlier. The refined image 

of object matching after outlier elimination is given below: 

 

 
  

Figure. 3.7: Refined image with outlier elimination 

 

We have calculated the best matches with five variance values 

(0.5, 0.6, 0.7, 0.8, and 0.9). The best value as a variance is 

kept as 0.7 after a study is conducted on image net database. 

Figure is the tabular representation showing result of the 

matching process at different variance values. The threshold to 

calculate a good match list is given as 7. If there are 7 and 

above good matched descriptors we say that the object is 

found else if a matched feature descriptors are less than the 

given threshold then we say that the object is not identified.  
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Table.1.Analysis results of matched objects with different variance values 

 

Object Image Scene image Variance Feature 

Descriptors 

Matched 

Features>=7 

Object Recognized 

(Y/N) 

  

0.5 263 0 N 

0.6 263 0 N 

0.7 263 8 Y 

0.8 263 25 Y 

0.9 263 83 Y 

  

0.5 270 0 N 

0.6 270 3 N 

0.7 270 12 Y 

0.8 270 34 Y 

0.9 270 69 Y 

  

0.5 263 0 N 

0.6 263 31 N 

0.7 263 24 Y 

0.8 263 81 Y 

0,9 263 0 N 

  

0.5 475 0 N 

0.6 475 0 N 

0.7 475 2 N 

0.8 475 14 Y 

0.9 475 88 Y 

 

Table 3.7 gives analysis results of the segmented object 

(object image) with the new input image (scene image). We 

have calculated the object matching with different variance 

values. The variance value for matching the object image with 

the scene image is taken as 0.7.  

 

IV. CONCLUSION 

 

The proposed method to detect an object gives a combination 

of segmentation for object extraction and object recognition 

which at first segments and extracts the object on its outline 

giving a clear separation of the object and its background. The 

method used for segmentation is an iterative graph cut 

segmentation method which is an effective and robust object 

extraction technique that segments and extracts an object from 

an image given only the rectangular region as the input. This 

method can be efficiently used under application areas such 

object detection, fault detection and image editing. Further, the 

extracted object image is efficiently used for object 

identification, by computing and matching the feature 

descriptors on a new input image. The method works for 

images that are rotation and scale invariant since the 

descriptors are computed with rotation of window to the 

direction of feature point so all the aspects of rotation  and 

scale are considered. We have also improvised the method to 

eliminate the error matched features by extracting the RGB 

value of the feature points in the matched list. The method 

segments and detects the object efficiently. 
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