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Abstract: This paper proposes a Novel color image segmentation 

using Graph cut method by minimizing the weighted energy 

function. This method is applying a pair of optimal constraints 

namely: color constraint and gradient constraint. In the 

state-of-the-art methods, the background and foreground details 

are manually initialized and used for verifying the smoothness of 

the region. But in this proposed method, they are dynamically 

calculated from the input image. This feature of the proposed 

method can be used in color image segmentation where more 

number of unique segments exists in a single image. The genetic 

algorithm is applied to the graph obtained from the graph cut 

method. The crossover and mutation operators are applied on 

various subgraphs to populate the different segments. 

 

Keywords: Graph cut, segmentation, genetic algorithm. 

I. INTRODUCTION 

 Graph cut based segmentation [5] of a color image [8] 

needs labeling of foreground and background pixels 

manually. But, in recent applications like medical image 

processing, automatic labeling and segmentation are needed. 

The genetic algorithm achieves this with an objective of 

minimizing the energy function. In this method, two 

constraints namely color constraint and gradient constraints 

are used. These two constraints [7] are common parameters 

used for calculating smoothness of image segments. The 

color constraint determines with which group the pixel to be 

clustered. This constraint will automatically differentiate the 

foreground objects from the background. The gradient 

constraint defines smoothness of the boundary of the 

segment. The weight value of the energy function is used to 

maximize the clarity of the segment. 

II. THE PROPOSED METHOD 

 The image to be segmented is considered as a graph G=(V, 

E) where V is the set of vertices that represent the pixels of 

the image and the edge, E is the set of edges that represents 

whether the two ends of the edge are clustered into the same 

segment.  

2.1 Preprocessing 
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 Initially, all the foreground and background details are 

labeled by background subtraction using local kernel color 

histogram [1]. Then the boundary details of the foreground 

elements are used to calculate the objective and the 

constraints. From the identified segments, the graph G with a 

number of subgraphs are mapped using graph cut method. 

2.2 Segmentation using Genetic Algorithm (SEG-GA) 

 Given the graph G, which has N sub-graphs where N is the 

number of foreground objects identified in the 

pre-processing. The genetic operators called selection, 

crossover and mutation are applied to these sub-graphs with 

the objective of minimal energy function as given in Eq.(1). 

min 𝐸(𝑋) =
∑ 𝐸1(𝑥𝑎) +𝑎∈𝐼1∪𝐼2

𝑤 ∑ 𝐸2(𝑥𝑎) +𝑎∈𝐼3
∑ 𝐸3(𝑥𝑎 , 𝑥𝑏)𝑎∈∅        

(1) 

𝐸1(𝑥𝑎) is the constraint to label pixels in foreground and 

background. 𝐼1 and 𝐼2 are the set of pixels in foreground and 

background respectively. 𝐼3 is the set of unclassified pixels. 

 

{
𝐸1(𝑥𝑎 = 1) = 0 𝐸1(𝑥𝑎 = 0) = ∞ ∀𝑎 ∈ 𝐼1

𝐸1(𝑥𝑎 = 1) = ∞ 𝐸1(𝑥𝑎 = 0) = 0 ∀𝑎 ∈ 𝐼2
             (2) 

 

𝐸2(𝑥𝑎)  is the color constraint that measures the cost for 

labelling the background and foreground pixels into the set 

𝐼3. 𝑤 is the weight that balances 𝐼1 and 𝐼2. This weight value 

is dynamically fixed in the proposed method. 𝐸3(𝑥𝑎 , 𝑥𝑏) is 

the gradient term between two adjacent pixels a and b. 

 

a. Automatic constraints 

 There are two constraints in the proposed method are color 

constraint and gradient constraint. The color constraint term 

is given in Eq.(3). 

{
𝐸2(𝑥𝑎 = 1) = 𝛼(𝑑𝑎

𝐼1 , 𝑑𝑎
𝐼2)

𝐸2(𝑥𝑎 = 0) = 𝛽(𝑑𝑎
𝐼1 , 𝑑𝑎

𝐼2)
∀𝑎 ∈ 𝐼3 

where 

𝛼(𝑑𝑎
𝐼1 , 𝑑𝑎

𝐼2) =
𝑑𝑎

𝐼1

𝑑𝑎
𝐼1 + 𝑑𝑎

𝐼2
 

                       𝛽(𝑑𝑎
𝐼1 , 𝑑𝑎

𝐼2) =
𝑑𝑎

𝐼2

𝑑𝑎
𝐼1+𝑑𝑎

𝐼2
                               (3) 

 

 

 

 

𝑑𝑎
𝐼1 and 𝑑𝑎

𝐼2 represent the distance 

between a and the background 

distribution. The foreground and 
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background distributions, 𝐷𝐼1 and 𝐷𝐼2 are already identified 

segments using graph cut method. Let 𝐶𝑘
𝐼1  and 𝐶𝑘

𝐼2  be the 

RGB values of centre points of the segment and 𝐶𝑎
𝐼1 and 𝐶𝑎

𝐼2 

be the RGB values of pixel a, then the distance 𝑑𝑎
𝐼1 and 𝑑𝑎

𝐼2 

are calculated as given in Eq.(4) and Eq.(5). 

                                                                

      𝑑𝑎
𝐼1 = 𝑚𝑖𝑛𝑎=1,2..𝑠𝑖𝑧𝑒(𝐼1)‖𝐶𝑎

𝐼1 − 𝐶𝑘
𝐼1‖                        (4) 

      𝑑𝑎
𝐼2 = 𝑚𝑖𝑛𝑎=1,2..𝑠𝑖𝑧𝑒(𝐼2)‖𝐶𝑎

𝐼2 − 𝐶𝑘
𝐼2‖                        (5) 

 The color constraint improves labeling the pixels having a 

similar color to the foreground or background distributions. It 

works well on images having different foreground and 

background colors. But, the pictures with similar foreground 

and background intensity values need gradient constraint. 

 As gradient gives the directional change in intensity, it is 

used to map the foreground and background data with 

overlapped color distributions. The gradient constraint 

𝐸3(𝑥𝑎 , 𝑥𝑏) is given in Eq.(6). 

                 𝐸3(𝑥𝑎, 𝑥𝑏) =
𝜆 |𝑥𝑎−𝑥𝑏|

1+𝐷𝑎𝑏
2                                      (6) 

𝜆  is a constant, in this work 1000 is taken. 𝐷𝑎𝑏  is the 

difference between the RGB values of the pixels a and b.  

 The genetic algorithm [6] is applied to map the weight w. 

The different subgraphs are the initial population for 

optimization. From the above analyses, we know that the 

color and gradient constraints play decisive roles in different 

situations. In fact, in natural or medical images, a single 

image is a composition of fading, and overlapped foreground 

and background color distributions. Therefore, different parts 

in a single image have different demands for the proportion 

of the color and gradient constraints, which is controlled by 

the weight w in Eq.(1). The weight is chosen automatically as 

follows. Every time that user adds a foreground/background 

stroke, the foreground/background distributions are 

remodeled by using the graph cut method. The fitness of the 

proposed genetic algorithm is given in Eq.(7). 

                    𝑓 =
1

𝐸(𝑥)
                                              (7) 

 The root of G is the first pixel in the image. The subgraphs 

represent the foreground or background segments identified 

earlier. Two adjacent subgraphs are selected for genetic 

algorithm. The objective of mapping the overlapped color 

segments can be outlined clearly. The random points from 

both subgraphs belonging to 𝐼3  are selected for crossover. 

The selected pixels are exchanged and a new subgraph is 

obtained. Random point mutation is applied on the leaf nodes 

of the subgraphs to enhance the edges between two segments.  

The stopping criterion for genetic algorithm is getting the 

weight value continuously as zero for more than ten 

generations. 

III. RESULT ANALYSIS 

 The proposed method is implemented using Matlab 2013b 

and tested for the Berkley color image segmentation data set. 

Figure.1 shows the sample images from the data set and the 

improvement obtained by the image segmentation through 

different generations. The first two images have a single 

foreground and a common background. The airplane image 

reaches convergence at the generation of 38 and there is no 

significant improvement in the objective. The figure Eagle 

has similar image contents that reach convergence at 

generation 46. But, the figure Elephant has one foreground 

object and two different backgrounds say the floor and sky. 

The genetic algorithm converged at generation 93 and the 

result is shown in Figure.2. The proposed method is 

compared with the graph cut methods using different color 

models [4] like RGB, YUV, XYZ, CMY and HSV in terms of 

error rate and overlapping score rate. Error rate [9] is the ratio 

between number of pixels wrongly segmented and the total 

number of pixels as given in Eq.(8). 

                                                                                        

𝑆𝑒𝑔𝑒𝑟𝑟 =
𝑁𝑤

𝑁
                                                            (8) 

where N is the total number of pixels of the image     and Nw 

is the number of pixels wrongly segmented. 
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              Original image Generation 10    Generation 20     Generation 30     Generation 40    Generation 50 

Fig.1. Segmentation obtained through generations 50 for Berkley color image segmentation data set [3] 
 

 The results show that the images with different foreground 

and background shades are segmented without overlapping. 

For example the figures aero plane, eagle, elephant, bush, 

wolf, pyramid, yacht, laying Kangaroo, stone statues and the 

jar has different foreground and background colors that can 

be easily segmented by the optimization. In particular, the 

wolf and yacht has three segments and all are in different 

intensity that leads to clear segmentation without 

overlapping. The remaining images like snake, the 

background and foreground colors are similar. In this case, 

the OGcut algorithm identified the segments with 

overlapping. 
 

Table 1: Comparison of Error rate for different Color 

models and OGcut 

Image RGB YUV XYZ CMY HSV OGCut 

1 19.53 20.6 5.56 37.27 5.85 4.87 

2 6.59 2.94 3.3 2.97 19.25 2.89 

3 7.57 6.31 4.68 4.2 5.54 3.4 

4 3.57 3.84 19.3 3.11 13.19 3.01 

5 4.17 3.86 4.82 43.13 74.71 3.13 

6 1.31 1.17 1.75 31.74 29.96 1.15 

7 3.19 3.33 3.19 1.86 37.05 1.69 

8 1.21 7.8 1.48 2.79 3.55 0.98 

9 2.77 3.13 2.65 31.74 29.36 2.08 

10 3.16 5.17 4.68 5.12 5.93 2.53 

11 2.28 2.18 2.29 15.16 16.28 1.49 

12 5.09 5.5 5.15 5.42 8.58 4.56 

13 2.9 3.04 2.83 43.11 28.24 2.8 

14 3.21 2.98 3.23 5.08 5.12 2.01 

15 4.33 4.3 4.26 6.26 13.56 3.42 

16 3.73 3.8 3.31 9.43 50.28 2.94 

17 2.34 2.72 2.35 36.84 6.44 1.71 

18 4.35 7.58 7.25 36.76 80.5 3.79 

19 3.29 37.34 45.95 5.6 6.5 2.7 

20 2.05 1.86 1.7 9.44 28.3 1.42 

21 1.5 1.92 1.12 1.67 22.8 0.18 

22 3.34 3.8 3.42 5.56 6.04 3.09 

23 3.34 3.99 3.95 3.95 3.99 3.04 

 

 

Fig.2. Convergence of Elephant at generation 

 Table 1. Summarizes the error rate for the images available 

in the Berkeley image segmentation set using the graph cut 

method for segmentation with different color models. The 

result shows that the OGcut method achieves minimum error 

rate than the other methods. Table 2. Compares the 

overlapping score rate for different images in Berkeley data 

set using the proposed method and the graphcut methods with 

different color models. The results show that the proposed 

method achieves a better image segmentation than other 

graphcut color image segmentation methods. The average 

accuracy measures of the graph cut segmentation with 

different color models and the proposed method are given in 

Figure.3 for all the images in Berkeley data set. It shows that 

the proposed method can be used for the color image which 

has more number of significant objects and multiple 

backgrounds. 

 

Table 2: Comparison of Overlapping score 

Image RGB YUV XYZ CMY HSV OGCut 

1 58.57 92.99 98.47 98.05 99.24 56.57 

2 75.69 98.85 98.63 97.95 98.86 73.69 

3 85.48 95.38 99.21 99.31 98.22 82.48 

4 97.02 99.19 88.13 99.11 100 84.13 

5 85.18 89.33 85.7 99.19 96.56 83.18 

6 97.17 99.51 99.56 74.05 98.2 71.05 

7 69.01 99.85 99.76 93.21 98.43 68.01 

8 90.81 44.91 97.27 88.69 88.74 43.91 
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9 97.31 99.22 99.24 82.93 85.93 80.93 

10 96.35 99.9 99.92 97.39 100 94.35 

11 97.04 99.91 99.59 63.79 61.16 58.16 

12 89.32 92.48 93.3 96.81 81.42 78.42 

13 95.64 98.73 99.03 99.91 97.09 92.64 

14 96.41 98.37 97.97 94.79 94.55 92.55 

15 91.98 99.28 99.28 99.22 88.4 85.4 

16 93.8 98.89 98.94 99.56 99.79 91.8 

17 95.11 99.07 99 99.65 81.17 79.17 

18 91.06 98.95 98.71 96.36 100 90.06 

19 93.3 99.88 64.12 90.29 99.84 62.12 

20 96.43 98.95 99.1 98.04 98.82 95.43 

21 94.64 99.7 98.99 98.18 99.92 91.64 

22 93.73 94.65 94.36 89.97 89.85 85.85 

23 93.74 95.13 94.91 94.95 95.58 91.74 

  

 

Fig. 3. Segmentation methods vs Accuracy measures 

(Error rate and overlap rate) 

IV. CONCLUSION 

 The OGcut method is an iterative optimization process that 

segments the color image with the two constraints that satisfy 

the smoothness as well as the boundary of the segments with 

high accuracy. The two given constraints can identify a 

maximum of three non-overlapping segments and to identify 

more segments, more constraints can be added that can 

improve the overlapping score. 
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