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Abstract 
 

One of the most complex and prominent problems 

in the field of image processing is the image 

segmentation. Image segmentations are mainly of 

two types, namely fully automatic and interactive 

segmentation. Using fully automatic technique it is 

not always possible to produce a prominent and 

visually distinguishable output. As a result 

interactive segmentation gained popularity in recent 

years. GrowCut is a well known interactive image 

segmentation technique, which can localize the 

marked objects. In this present work, we have 

modified the GrowCut method so that all similar 

colored objects are segmented with respect to the 

marked objects. The proposed method is also faster 

than the GrowCut method. 
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1. Introduction 
 

Segmentation of image into different regions is one 

of the most studied problems in image processing. 

Exact segmentation of the interested objects is a hard 

problem in the field of computer graphics and 

computer vision. There are two types of segmentation 

namely fully automatic and semi-automatic 

(interactive segmentation). Many works had been 

carried out on designing fully automatic algorithms 

[1], [2], [3], [4], [5], [6]. Fully automation is not 

possible unless knowledge of the world is modeled in 

the algorithm. Analyzing pixel values alone is not 

enough to accurately determine those segmentation 

curves (boundaries). Semi-automatic (or interactive 

image segmentation) [7], [8], [9], [10], [11], [12] 

involves minimal user interaction (marked some 

pixels of the foreground and some pixels of the 

background) to incorporate user intention into the 

segmentation process. 
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For a good interactive image segmentation algorithm, 

there are two basic requirements: (1) given a certain 

user input, the algorithm should produce intuitive 

segmentation that reflects the user intent; (2) the 

algorithm must be efficient so that it can provide 

instant visual feedback. 

 

The present work is based on GrowCut [13] 

technique. In GrowCut, pixels are marked for both 

object and background. GrowCut method only 

segments the marked objects and disconnected 

similar colored unmarked objects are considered as 

background. In this work, GrowCut method is 

modified so that all the similar colored objects can be 

segmented, where some objects are marked as object. 

The proposed method is also faster than the original 

GrowCut method. The organization of the rest of the 

paper is as follows. The survey of the related works is 

given in section 2. The GrowCut method is described 

in section 3. The proposed method is presented in 

section 4. Experimental result is reported in section 5. 

Finally, conclusion is drawn in section 6. 

 

2. Related Works 
 

Interactive segmentation allows user to select some 

pixels as seeds and then some computations are 

involved to segment out the region of interest. 

Normally, interactive image segmentation techniques 

can be grouped into two classes: hard segmentation 

and soft segmentation. In hard segmentation [14], 

[15], [16], a pixel belongs to either foreground or 

background. While in soft segmentation [10], [17] a 

fuzzy matte is extracted. Interactive segmentation 

techniques can be region based, boundary based or 

hybrid concept of the both. 

 

A typical example of the region based technique is 

magic wand [18], which is a common tool for many 

image editors. Another region based technique is 

intelligent paint [19], which is based on connect-and-

collect strategy. This strategy handles the human-

computer interaction to extract the region of interest. 

Recently, a region based interactive image 

segmentation method, MSRM, has been proposed in 

[16], [20]. The MSRM method is based on the result 

of the initial segmentation given by mean shift [21], 

[22]. Here, the user marks the foreground region and 

background region. Then, similarities between 
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different regions (given by mean shift method) are 

computed and adjacent regions are merged using 

maximal similarity rule.  

 

Active contour (Snakes) [7], [23] is the most popular 

and well studied method among the boundary based 

techniques. Active contours are initialized manually 

with a rough approximation of the boundary of 

interest and then the energy minimization function 

locks the contour to the boundary. The energy 

function is a combination of internal force, such as 

boundary curvature, and external force, like image 

gradient magnitude. This minimization function 

computes within a loop and it is hard to control the 

shape of the boundary.  

 

Intelligent scissors [9], [12], [24] is also well studied 

boundary based interactive segmentation method. 

Here, user specifies the starting point and end point 

of the boundary curve. In this method, each pixel is 

consider as a graph node and connected with its eight 

neighboring nodes. The boundary curve between the 

points is obtained by searching the shortest path. 

Another well-known boundary based technique is 

live-wire [25], [26] and its extension live-lane [25]. 

In these approaches, an image is considered as a 

directed graph where pixels are assumed as the graph 

nodes and oriented pixel edges are considered as arcs. 

A set of features are assigned to the arc and these 

values characterizes the boundaries of the oriented 

edge. In live-wire, user first selects an initial point on 

the boundary and for subsequent point is indicated by 

the cursor; an optimal path from the initial point to 

the current point is found and displayed in real time. 

If the live-wire segment describes boundary 

appropriately, user deposits the cursor which 

becomes new starting point and the process is 

continued. In live-lane approach user involvement is 

more than live-wire. First, user selects the initial 

point and subsequent points are selected 

automatically as the cursor is moved in the vicinity of 

the boundary within a lane of certain width. Then, 

live-wire segments between successive selected 

points are computed and displayed in real time. 

 

Algorithms like graph cut based methods [14], [27], 

[28] have used both regional and boundary 

properties. In graph cut, an image is modeled as a 

graph where each pixel is consider as the graph node 

and two neighboring nodes are connected with a 

weighted edge. A combinatorial optimization 

technique has been used in graph cut method. For 

two labels problem (foreground/background 

identification) seeds are specified by the user and 

then optimal pixel labeling is done by using max-

flow/min-cut algorithm. Grabcut [28] is an extended 

version of the graph-cut method. This is an iterative 

approach where graph-cut is used as the intermediate 

step. Grabcut method supports various types of user 

inputs including a bounding box to enclose the object 

of interest, foreground and background strokes for 

local editing, etc. In Grabcut, color statistics is 

computed and then image graph is re-weighted and 

graph cut is applied for refined segmentation. 

 

Recently, random walks and its extensions [15], [29] 

have been adopted in various image processing tasks. 

In this approach, an image is modeled as a graph. 

Each edge is assigned a weight corresponding to the 

likelihood that a random walker will cross that edge. 

Random algorithm requires the input of foreground 

and background seeds. Random walks algorithm can 

achieve better segmentation performance than graph 

cut [15]. Random walks algorithm is sensitive to the 

position and quantities of the foreground and 

background seeds. 

 

Another popular interactive segmentation approach is 

SIOX method [30], [31]. This method uses the color 

signature of the selected foreground and background 

area.  

 

3. GrowCut method 
 

GrowCut [13] is a cellular automaton based 

technique where the user specifies certain pixels as 

seeds for the object of interest and background. Here, 

the task is to assign label to all other pixels. The 

labeling process is an iterative technique. During the 

iteration, this method gives the feedback to the user 

and allows correcting the segmentation with user 

input where the segmentation is difficult to compute. 

The GrowCut method has some interesting properties 

like capable to solve moderately hard segmentation 

tasks, works with images of any dimensions N ≥ 1, 

performs multi-label image segmentation, is 

extensible (i.e. allowing construction of new families 

of segmentation algorithms with specific properties), 

interactively (i.e. segmentation is refined with each 

iteration user can observe the evolution and refine the 

segmentation “on the fly”), algorithm is simple in 

both understanding and implementation, allows fast 

parallel implementation. 

  

3.1 Basics of GrowCut 

The A cellular automata is an algorithm discrete in 

both space and time, that operates on a lattice of sites 

p  P   Z
n
. A cellular automaton is a 
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triplet ),,( gNSA  , where S is a non-empty set 

of states, Ng is neighborhood system, and 

SS gN
: is the local transition function. The 

transition function  defines the state at t+1 time 

step with help of the states of the neighbor cells at 

time step t. For the image, a cell (p) state 

),,( ppp ClS


  where pl is the label of the 

current cell, ]1,0[p is the strength of the cell and 



pC is the cell feature vector. 

For an image of size k × m, the cellular space (P) is 

defined by an array of size k × m.  So, there is one-to-

one correspondence between a pixel of the image and 

a cell of the automata and hence p is used to represent 

a pixel or a cell. The initial states for p  P is lp=0, 

p=0, 


pC = (R, G, B)p is the intensity profile of the 

pixel p. For the image, different neighboring system 

(Ng) can be used like 4-neighbors, 8-neighbors etc. 

 

Before starting the segmentation, user specified the 

seeds and accordingly the label and strength of the 

seed pixels are determined. The seed strength can be 

controlled by the initial strength which is set by the 

user's stroke. For hard segmentation, strength is set to 

1 and for soft segmentation initial strength is < 1. The 

label and strength of p at step t is denoted as 
t

pl and
t

p , respectively. The labels and strength of 

the cells are updated, at step t+1, using Algorithm: 

Automata evolution rule given below. 

____________________________________ 
Algorithm: Automata evolution rule 

___________________________________________ 

1 for all p  P   // for each cell... 

2 ;1 t

p

t

p ll 
  ;1 t

p

t

p  
  // copy previous 

state 

3        for all q  Ng(p) 

4  if  
t

p

t

qqp CCg  


).||(|| 2  

5            ;1 t

p

t

p ll 
 

6           
t

qqp

t

p CCg  ).||(|| 2

1


   

7  end if 

8           end for 

9 end for 

 

Where g is a function bounded to [0, 1] and 

considered as

2||||max

1)(




C

x
xg . 

This method starts from the seed pixels and try to 

label the all other pixels of the image. When the 

strength of the current cell (p) is less than the 

attacking force of the neighbor cell (q), then the 

attacking force and label of q are set as the strength 

and label of p. Attacking force of q depends on the 

strength q  and the distance between feature vectors 


pC and 


qC . In this local operation, the strongest 

attacker occupies the cell p and its label and 

corresponding attack force is set as the label and 

strength of p. This computation continues until 

automata converge to stable configuration (i.e. no 

change in state of any cell).  
 

4. Proposed method 
 

The GrowCut method is an iterative method, where 

in each of the iterations the strength and label of the 

cells are updated considering the label, strength and 

attacking force of the neighboring cells. It may be 

noted that unlabeled cell (where strength =0) has no 

impact in the labeling process (see line 4 of the 

Algorithm: Automata evolution rule). The 

strongest attacker occupies the current cell p and 

corresponding attacking force and label is set as the 

strength and label of p. This is not reflected in the 

given code. To reflect this line 4 of the Algorithm: 

Automata evolution rule needs to be modified. The 

correct statement would 

be
1

2 ).||(|| 


 t

q

t

qqp CCg  . In GrowCut, the 

labeling starts from the seed pixels and executed in a 

loop, for all pixels. This labeling step is iterated if 

there is change in the cells state of the automata. 

 

We have some observations on GrowCut method: i) 

the pixel labeling method is time consuming. Within 

loop of the iteration, pixels are labeled layer-by-layer 

(as unlabeled pixels have no influence to change the 

state of any pixel); ii) the state of an unknown pixel is 

influenced by the closest seed pixel. So, it is not 

always possible to get the desired output, i.e., some 

foreground part of the image may be covered by the 

background and conversely (see Fig.1 (b)); iii) if 

there are multiple, disconnected and similar colored 

objects and some pixels of the one object are marked 

as the foreground seeds, then it may not be possible 

to segment out all the objects from the background. 
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The major problem of the GrowCut method is to 

determine the correct label of the pixels. To resolve 

the above stated problems, we do the following in 

this experiment: i) from the seeded pixels we 

compute the color statistics; ii) using the color 

statistics some of the unlabeled pixels are temporarily 

labeled as foreground or background. Still, some 

pixels would remain unlabeled. Then automata 

evolution algorithm is executed to fix-up the label of 

the pixels. Before staring the evolution algorithm, 

using the above pre-processing steps, number of 

unlabeled pixels is reduced heavily. So, the evolution 

algorithm converges very fast. This pre-processing 

also helps to assign same label (temporarily) to the 

pixels having similar color profile and hence the 

distinct similar colored objects are labeled by same 

label, which helps to find all the similar color objects. 

The modified segmentation algorithm is as given 

below. 

 

5. Experimental Results 
 

In this work, we have modified the GrowCut method 

to locate multiple similar colored objects. The 

proposed method is faster than original GrowCut 

method. The performance of the present method is 

evaluated with some images, each of which contains 

multiple similar objects (see Fig. 1(a)). For GrowCut 

method, we have used the source code available at 

[32] and the proposed extension is also implemented 

on the same platform. In the proposed method, the 

Algorithm: Automata evolution rule is executed 

with some modifications. The modifications are: i) 

the line 4 of the Algorithm: Automata evolution 

rule is modified as
1

2 ).||(|| 


 t

q

t

qqp CCg  ; ii) 

the function „g‟ (<1) (used to determine the attacking 

force) is modified as 

distdiff
CCg qp

*

1
)||(|| 2 



, where diff is the 

weighted sum of the RGB difference between the 

current pixel p and neighboring pixel q and dist is the 

Euclidean distance between p and q; iii) the 

neighboring system (Ng) is defined within 5 × 5 

window.  

 

The stability of the cell label is highly dependent on 

the neighbor of the cell. If neighbor size is small, 

then it takes more iteration to reach to stable 

configuration. At the same time, if the size of the 

neighbor is larger then the execution time of a 

particular iteration will be more. The total execution 

time of the evolution algorithm depends on both 

number of iteration and execution time per iteration. 

Experimentally we have decided that 5 × 5 

neighboring system is the best option compared to 3 

× 3 and 7 × 7 neighboring system. These 

modifications and the proposed pre-processing steps 

help to converge the evolution the cellular array very 

fast. The proposed method not only extracts multiple 

similar colored objects but also it is much faster than 

the GrowCut method. The comparison of the 

execution time and number of iterations between the 

GrowCut and proposed method is given in Table 1.  

 

The comparative output of the GrowCut method and 

the proposed method is given in Fig 1. Here, green 

line is used to mark the foreground and background is 

marked by blue line. Fig. 1(b) shows the output of the 

GrowCut method and that of proposed method is 

shown in Fig. 1(c). The GrowCut method is not 

always good enough to extract all the desired objects. 

Most of the cases, the GrowCut method gives part of 

both foreground and background objects in the 

output. Most of the times, the output of the proposed 

method is satisfactory. However, the performance of 

the proposed method is not good enough for 

„Image2‟ and „Image9‟ where some unwanted objects 

are also included in the output.  

 

 

 

 

 

 

 

Modified GrowCut method 

1 Input foreground and background seeds 

2 Compute the color statistics for the 

foreground and background 

2.1 mean and std. dev of the foreground is mf 

and f 

2.2 mean and std. dev of the background is 

mb and b 

3 Compute temporary label of the unlabeled 

pixels p 

3.1 if (R, G, B)p  (mf – 2.f, mf – 2.f) 

3.1.a              consider p as the part of foreground 

3.1.b end if 

3.2 if (R, G, B)p  (mb – 2.b, mb – 2.b)  
3.2.a                consider p as the part of background 

3.2.b end if 

4 Execute automata evolution rule 
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Table 1: Comparative study in terms of execution 

time (in second) and number of iterations 

 

 

6. Conclusion 
 

In this work, we have modified the GrowCut method 

to segment out all similar colored objects from the 

image. The performance of the proposed method is 

quite good and the method is faster than GrowCut. 

The proposed method is not giving exact result for all 

the images; there are some unwanted objects in the 

output. Our next target is to include the noisy images 

and also to improve the result.  

 

   
 Image 1  

  
 

 Image 2  

   
 Image 3  

   
 Image 4  

 

   
 Image 5  

 
  

 Image 6  

   
 Image 7  

   
 Image 8  

   
 Image 9  

(a) Marked 

images 

(b) GrowCut (c) Proposed 

method 

Fig. 1: Comparative results of GrowCut and 

Proposed method 
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