








76 

5 5 

10 10 

15 15 

5 10 15 5 10 15 

5 5 

10 10 

15 15 

5 10 15 5 10 15 

Figure 4.38: Results for 16 X 16 image: Q = 10 
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These two form the parents and a random crossover point is selected and the two 

parents produce two offsprings just as in a conventional crossover. The population 

size is fixed as 200. In each crossover, the number of times the reproduction operator 

is applied is chosen randomly. 

For example, if the random number generated is 23 (the random number is set 

to be between 1 and size of the population), then a pair of parents is selected for 

reproduction 23 times (a different pair every time ) to produce 46 offsprings. 

The images used here are similar to previous images, wherein Ro = 150, Rb=50 

SNR = 1.58 and the stopping criteria used is the convergence of fitness function as 

shown in equation 4.1. a is chosen to be 0.2 in these experiments. The Figures 4.39, 

4.40, and 4.41 show the results obtained with the random crossover operator. 

Mutation 

If the object is very small, the mutation operator has the effect of deleting very 

small objects that are treated as noise. Hence the mutation operator using an 8-pixel 

neighborhood, will not be successful in detecting it. However, a 4-pixel neighbor­

hood mutation operator applied with the crossover mentioned above is successful in 

detection objects of size as small as 3 X 3. 

These results are presented in Figures 4.42 and 4.43. The images have RO = 

150, Rb = 50, SNR = 1.58, a = 0.2 and the population size is chosen as 200. The 

initial population is generated randomly. As can be seen, this mutation operator 

performs well only in case of presence of small objects. In images with continuous 

objects, 8-neighborhood mutation operator performs better. 
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Figure 4.39: Results for 16 X 16 image with jagged edges: new crossover technique 
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Figure 4.40: Results for 16 X 16 image with sharp edges: new crossover technique 
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Figure 4.41: Results for 16 X 16 image with multiple objects: new crossover tech­
mque 
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Figure 4.42: Results for 16 X 16 image with small object: 4-pixel neighborhood 
mutation 



82 

Original Image Raw Image: SNR = 1.58 

5 5 

10 10 

15 15 

5 10 15 5 10 15 

One Candidate of Initial Population Segmented Image 

5 5 

10 10 

15 15 

5 10 15 5 10 15 

Figure 4.43: Results for 16 X 16 image with sharp edges: 4-pixel neighborhood 
mutation 
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Application to Bigger Images 

As has been explained before in the proposed algorithm, the image is subdivided 

into subimages and the segmentation algorithm is performed independently on each 

subimage. The resulting segmented images are combined to give the final image. 

Figures 4.44 and 4.45 show experiments carried out with images of size 64 X 64. 

If the image size is not a factor of 16 it can be padded with zeroes so that the 

image dimensions are then a factor of 16. In Figure 4.44 the specifications are Ro 

= 150, Rb = 50, SNR = 1.58, size of the initial population = 100, Q = 0.2, initial 

population is generated randomly, crossover used is with randomly selected parents 

and the mutation operator uses the 8-pixel neighborhood. In Figure 4.45 the Ro is 

125, Rb = 75 and SNR = 1, while the other specifications are the same as above. The 

results show that the algorithm is successful in detecting multiple objects of different 

sizes and shapes in low contrast images with signal to noise ratio as low as 1.0. 

Application to X-ray Images 

The results presented so far were obtained using simulated images. The algo­

rithm was implemented on experimental X-ray images and the results obtained are 

presented in Figure 4.46. The 128 X 256 size image that was input to the algorithm 

has various features as indicated by the varying gray levels. At the center of the 

image, there is a circular flaw which is to be identified. The object intensity and the 

background intensity found using histogram analysis were 184 and 63 respectively. 
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Figure 4.44: Results for 64 X 64 image: SNR = 1.58 
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Figure 4.46: Flaw detection in an X-ray image 
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However, 184 corresponds to the brightest region in the image while 63 corre­

sponds to the dark background. The flaw to be identified however is in the center, 

embedded in a very low contrast background and is barely visible to the human eye. 

The GA was executed with population size maintained at 100 while Q' was chosen to 

be 0.2. The initial population was generated randomly and the alternative method 

of crossover, in which a pair of parents are selected randomly from the mating pool 

to generate offsprings, was applied. The 8-pixel neighborhood mutation operator 

was employed. The segmented image obtained is a binary image with Ro = 184 

and Rb = 63. The results, clearly demonstrate that the algorithm is successful in 

detecting the flaw, inspite of the low contrast. 
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CHAPTER 5. CONCLUSION AND FUTURE WORK 

Summary 

The goal of this thesis was to develop a novel Image Segmentation procedure 

using the genetic algorithm approach. Image Segmentation is first formulated as an 

optimization problem and the optimization is carried out using genetic algorithms. 

Genetic algorithms are based on the evolution theory which advocates the "survival 

of the fittest" principle. In the genetic algorithm approach, an initial population of 

individuals is required along with a measure of fitness to evaluate each individual. 

Only the fitter candidates survive and are able to produce offsprings. The offsprings 

so created tend to inherit the "better" features of their parents. The over all fitness of 

the entire population shows improvement over the generations until a point is reached 

when anyone individual in the population is as good as another. 

This approach has been successfully applied to the Image Segmentation appli­

cation where the typical input images are noisy and the pixel intensity varies from 

o to 255. There is no restriction on the size of the image since the image is divided 

into subimages and each subimage is processed independently. Each subimage is 

represented as a string and the range of values are (0 - 255). 

Two methods of generating the initial population of size N are discussed. Each 

candidate in the population is a string of the same size as the subimage, however it 
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is a binary string having either object intensity Ro or background intensity Rb. In 

the first method, the individuals (strings) are made up of Ro and Rb randomly. The 

second approach uses a heuristic method based on the knowledge of noise variance in 

the image to generate the initial population. There are tradeoffs associated in using 

one method over another as discussed in chapter 3. In most of the literature, ran­

dom methods of generating initial population is recommended and the experiments 

performed assert the same. 

The fitness function describe in equation 3.2 is used to evaluate the merit of 

each candidate. It is composed of a similarity measure and a transition count. This 

kind of a fitness, weights a candidate with a homogeneous object that has a lower 

hamming distance with the subimage under consideration, over a candidate with a 

discontinuous object. 

A criteria for selecting eligible individuals capable of reproduction needs to be 

defined. All candidates with fitness greater than the threshold (), given by equa­

tion 3.5, are put together in a mating pool. The most critical step in the GA is the 

reproduction because it is responsible for evolution. Two methods of crossover are 

presented in this thesis. In one of the methods every individual is forced to mate 

with all the remaining individuals in the pool. In the other method a pair of parents 

is selected randomly to produce offsprings. The number of pairs of parents selected 

is again random and this method of reproduction resembles the way individuals find 

. their partners in nature. In order to add some diversity to the population, the mu-

tation operator is applied. A neighborhood is defined and the value of the pixel is 

flipped depending on the neighborhood. Mutation operators with 4-pixel and 8-pixel 

neighborhood are presented. 
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The next generation comprises of the best N candidates from the previous gen­

erations and their offsprings. In this way evolution takes place from one generation 

to another. The algorithm is terminated after a certain fixed number of generations 

or is made to run until convergence of the average fitness function is achieved. 

Conclusion 

An exhaustive study of the Image Segmentation procedure using genetic algo­

rithm was performed. A number of parameters affect the performance of the al­

gorithm, and a detailed study of these parameters was conducted. The following 

observations were concluded: 

1. The algorithm proved to be successful for a subimage size of 8 X 8, but a 

subimage size of 16 X 16 subimage was optimal in terms of computational 

efficiency and accuracy of the results. 

2. The random method of generating initial population performed well, and no 

substantial improvement was obtained either in terms of accuracy or conver­

gence speed by using the heuristic approach. 

3. The algorithm was terminated after a varying number of generations and the 

results show that the algorithm did not show significant improvement after 200 

generations. 

4. The algorithm performs more efficiently if the the algorithm is terminated on 

convergence rather than after a fixed number of generations. 
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5. The value of the weighting factor a in the fitness function given by equation 3.2 

must be 0.2 or 0.3 typically, so that the solution is based more on the image 

data. 

6. The optimal population size in each generation was found to be 100. 

7. The method of crossover in which a pair of parents is selected randomly for 

reproduction has more appeal than the one in which every individual in the 

mating pool is made to reproduce with every other individual in the pool. 

8. The mutation operator can be used with either 4-pixel or 8-pixel neighborhood. 

If images under consideration have very small objects to be identified, a 4-pixel 

neighborhood mutation operator gives better results. 

9. The algorithm performs extremely well with a low signal to noise ratio of 1. 

10. The performance of the algorithm on low contrast images is exceptionally good. 

In short, the results have shown that the performance of the algorithm compare 

favorably with related techniques. 

Future Work 

Future work comprises of experimenting with: 

1. different methods to generate initial population. 

2. other fitness functions. 

3. different selection criteria to select eligible individuals for the mating pool. 
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Figure 5.1: Results for multiple objects with different intensities 
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4. different crossover operations (e.g. multi-point crossover). 

5. different neighborhoods for mutation operators. 

6. different kinds of mutation operator. 

7. a varying population size instead of a fixed one. 

Future work in this area would be to apply the algorithm to practical images. 

As seen in chapter 4, the results of the X-ray image (Figure 4.46) show that the 

segmented image is binary. The original image has different features which cannot 

be seen in the output image. The reason for this is that the histogram of the entire 

image is considered to obtain the object intensity and the background intensity. The 

image can be interpreted as having multiple objects with different intensities. For 

every subimage, the histogram can be used to calculate the object and the background 

intensity. The Ro and Rb will be different for each subimage. The genetic algorithm is 

then applied to each subimage and the resulting segmented subimages are combined 

to get the entire image. Preliminary work for detecting multiple objects with different 

intensities has been performed. Figure 5.1 illustrates the results. As can be observed 

the algorithm does extremely well in detecting the various features of the specimen 

under inspection. 

The automation of the entire procedure is of interest to many industries. The 

current implementation requires the user to provide the parameters like Ro and Rb. 

Methods of automatic estimation of these parameter have been studied [7]. The 

image segmentation procedure based on genetic algorithm can be linked with this 

method to make it fully automatic. 
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Finally, the intrinsic parallelism of the algorithm can be explored to make the 

implementation more effective. A parallel implementation of this algorithm can be 

done to increase the efficiency. Results obtained to date are very promising and 

further work studying the various aspects of the algorithm must be done. 



95 

BmLIOGRAPHY 

[1] Holland, J.H. (1975). Adaptation in Natural and Artificial Systems. Ann Arbor, 
MI: University of Michigan Press. 

[2] Goldberg, D.E. (1989). Genetic Algorithms in Search, Optimization and Machine 
Learning. Reading, MA: Addison Wesley. 

[3] Daviss, 1. (1991). Handbook of Genetic Algorithms. New York: Van Nostrand 
Reinhold Publications. 

[4] Buckles, B.P. and Petry, F.E. (1994). Genetic Algorithms Los Alamitos, CA: 
IEEE Computer Society Press. 

[5] Grefenstette, J.J. (1987). Genetic Algorithms and their Applications. Proceed­
ings of the Second Internation Conference on Genetic Algorithms: 89-92. Mas­
sachusetts Institute of Technology, Cambridge, MA. 

[6] Forrest, S. (1993). Genetic Algorithms: Principles of Natural Selection Applied 
to Computation. Science, vol. 261: 104-108. 

[7] Vyas, R.J. (1993). A Fully Unsupervised Boundary Estimation Algorithm for 
Noisy Multiple Object Images M.S. Thesis: Iowa State University, Ames, IA. 


