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Abstract— The selection of system software component is an important decision of design stage, and has a significant
impact on various system quality attributes. To determine system software component based on architectural style
selection, the software functionalities have to be distributed among the components of software component. In this
paper, a method based on the Genetic Algorithm of use cases the concept and design procedure of Genetic Algorithm
as techniques is proposed to identify software components and their responsibilities. To select a proper Genetic
Algorithm method, first the proposed method is performed on a number of software systems using different Genetic
Algorithm methods, and the results are verified by expert opinion, and the best method is recommended. By sensitivity
analysis, the effect of features on accuracy of Genetic Algorithm is evaluated. Finally, to determine the appropriate
number of Genetic Algorithm (i.e. the number of software components), metrics of the interior cohesion of Genetic
Algorithm and the coupling among them are used.
Keywords— Software components identification, Genetic Algorithms, selection, crossover and mutation
I. INTRODUCTION
Software architecture is a fundamental artifact in the software life cycle with an essential role in supporting quality
attributes of the final software product. Making use of architecture styles is one of the ways to design software systems
and guarantee the satisfaction of their quality attributes [1]. After architectural style selection, only type of software
architecture organization is specified. Then software components and their responsibilities need to be identified. On the
other hand, component-based development (CBD) is nowadays an effective solution for the subject of development and
maintenance of information systems [2]. A component is a basic block that can be designed and if necessary be combined
with other components [3]. Partitioning software system to components, while effective on later software development
stages, has a central role in defining the system architecture. Component identification is one of the most difficult tasks in
the software development process [4]. Indeed a few systematic components identification methods have been presented,
and there are no automatic tools to help experts for identifying the components, and components identification is usually
made based on expert experience.
Starting with a randomly generated population of chromosomes, a GA carries out a process of fitness based selection
and recombination to produce a successor population, the next generation. During recombination, parent chromosomes
are selected and their genetic material is recombined to produce child chromosomes. These then pass into the successor
population. As this process is iterated, a sequence of successive generations evolves and the average fitness of the
chromosomes tends to increase until some stopping criterion is reached. In this way, a GA “evolves” a best solution to a
given problem. GAs was first proposed by John Holland [7] as a means to find good solutions to problems that were
otherwise computationally intractable. Holland’s Schema Theorem [7], and the related building block hypothesis [5],
provided a theoretical and conceptual basis for the design of efficient GAs. It also proved straightforward to implement
GAs due to their highly modular nature. As a consequence, the field grew quickly and the technique was successfully
applied to a wide range of practical problems in science, engineering and industry. GA theory is an active and growing
area, with a range of approaches being used to describe and explain phenomena not anticipated by earlier theory [8]. In
tandem with this, more sophisticated approaches to directing the evolution of a GA population are aimed at improving
performance on classes of problem known to be difficult for GAs [9, 6, 10].
II. A GENETIC ALGORITHM
Genetic algorithms are adaptive heuristic search algorithm premised on the Darwin’s evolutionary ideas of natural
selection and genetic. The basic concept of genetic algorithms is designed to simulate processes in natural system
necessary for evolution. As such they represent an intelligent exploitation of a random search within a defined search
space to solve a problem. First pioneered by John Holland in the 60’s, GAs has been widely studied, experimented and
applied in many fields in engineering world. Not only does genetic algorithm provide an alternative method to solving
problem, it consistently outperforms other traditional methods in most of the problems link. Many of the real world
problems which involve finding optimal parameters might prove difficult for traditional methods but are ideal for genetic
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algorithms. This paper starts with the description of various GA operators in section 2. Section 3 gives the outline of the
genetic algorithm. In section 4, we introduce global optimization and discuss how genetic algorithm can be used to
achieve global optimization and illustrate the concept with the help of Rastrigin’s function. In section 5, we explore the
reasons why GA is a good optimization tool. The discussion ends with a conclusion and future trend.
A. Optimization problems
In a genetic algorithm, a population of candidate solutions (called individuals, creatures, or phenotypes) to an
optimization problem is evolved toward better solutions. Each candidate solution has a set of properties (its
chromosomes or genotype) which can be mutated and altered; traditionally, solutions are represented in binary as strings
of 0s and 1s, but other encodings are also possible. [11]
The evolution usually starts from a population of randomly generated individuals, and is an iterative process, with the
population in each iteration called a generation. In each generation, the fitness of every individual in the population is
evaluated; the fitness is usually the value of the objective function in the optimization problem being solved. The more fit
individuals are stochastically selected from the current population, and each individual’s genome is modified
(recombined and possibly randomly mutated) to form a new generation. The new generation of candidate solutions is
then used in the next iteration of the algorithm. Commonly, the algorithm terminates when either a maximum number of
generations has been produced, or a satisfactory fitness level has been reached for the population.
A typical genetic algorithm requires:
1. A genetic representation of the solution domain,
2. A fitness function to evaluate the solution domain.
A standard representation of each candidate solution is as an array of bits.[11] Arrays of other types and structures can
be used in essentially the same way. The main property that makes these genetic representations convenient is that their
parts are easily aligned due to their fixed size, which facilitates simple crossover operations. Variable length
representations may also be used, but crossover implementation is more complex in this case. Tree-like representations
are explored in genetic programming and graph-form representations are explored in evolutionary programming; a mix
of both linear chromosomes and trees is explored in gene expression programming.
Initialization
The population size depends on the nature of the problem, but typically contains several hundreds or thousands of
possible solutions. Often, the initial population is generated randomly, allowing the entire range of possible solutions (the
search space). Occasionally, the solutions may be “seeded” in areas where optimal solutions are likely to be found.
Selection
During each successive generation, a proportion of the existing population is selected to breed a new generation.
Individual solutions are selected through a fitness-based process, where fitter solutions (as measured by a fitness
function) are typically more likely to be selected. Certain selection methods rate the fitness of each solution and
preferentially select the best solutions. Other methods rate only a random sample of the population, as the former process
may be very time-consuming.
The fitness function is defined over the genetic representation and measures the quality of the represented solution.
The fitness function is always problem dependent. For instance, in the knapsack problem one wants to maximize the total
value of objects that can be put in a knapsack of some fixed capacity. A representation of a solution might be an array of
bits, where each bit represents a different object, and the value of the bit (0 or 1) represents whether or not the object is in
the knapsack. Not every such representation is valid, as the size of objects may exceed the capacity of the knapsack. The
fitness of the solution is the sum of values of all objects in the knapsack if the representation is valid or 0 otherwise.
In some problems, it is hard or even impossible to define the fitness expression; in these cases, a simulation may be
used to determine the fitness function value of a phenotype (e.g. computational fluid dynamics is used to determine the
air resistance of a vehicle whose shape is encoded as the phenotype), or even interactive genetic algorithms are used.
Genetic operators
The next step is to generate a second generation population of solutions from those selected through a combination of
genetic operators: crossover (also called recombination), and mutation. For each new solution to be produced, a pair of
“parent” solutions is selected for breeding from the pool selected previously. By producing a “child” solution using the
above methods of crossover and mutation, a new solution is created which typically shares many of the characteristics of
its “parents”. New parents are selected for each new child, and the process continues until a new population of solutions
of appropriate size is generated. Although reproduction methods that are based on the use of two parents are more some
research [12] [13] suggests that more than two “parents” generate higher quality chromosomes.
These processes ultimately result in the next generation population of chromosomes that is different from the initial
generation. Generally the average fitness will have increased by this procedure for the population, since only the best
organisms from the first generation are selected for breeding, along with a small proportion of less fit solutions. These
less fit solutions ensure genetic diversity within the genetic pool of the parents and therefore ensure the genetic diversity
of the subsequent generation of children.
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Termination
This generational process is repeated until a termination condition has been reached. Common terminating conditions
are:
 A solution is found that satisfies minimum criteria
 Fixed number of generations reached
 Allocated budget (computation time/money) reached
 The highest ranking solution’s fitness is reaching or has reached a plateau such that successive iterations no
longer produce better results
 Manual inspection
 Combinations of the above
B. Genetic algorithm Limitations
There are limitations of the use of a genetic algorithm compared to alternative optimization algorithms:
 Repeated fitness function evaluation for complex problems are often the most prohibitive and limiting segment
of artificial evolutionary algorithms. Finding the optimal solution to complex high dimensional, multimodal
problems often requires very expensive fitness function evaluations
 Genetic algorithms do not scale well with complexity. That is, where the number of elements which are exposed
to mutation is large there is often an exponential increase in search space size. This makes it extremely difficult
to use the technique on problems such as designing an engine, a house or plane.
 The “better” solution is only in comparison to other solutions. As a result, the stop criterion is not clear in every
problem.
 In many problems, GAs may have a tendency to converge towards local optima or even arbitrary points rather
than the global optimum of the problem. This means that it does not “know how” to sacrifice short term fitness
to gain longer-term fitness. The likelihood of this occurring depends on the shape of the fitness landscape:
certain problems may provide an easy ascent towards a global optimum; others may make it easier for the
function to find the local optima. This problem may be alleviated by using a different fitness function,
increasing the rate of mutation, or by using selection techniques that maintain a diverse population of solutions,
[14] although the No Free Lunch theorem [15] proves that there is no general solution to this problem.
 Operating on dynamic data sets is difficult, as genomes begin to converge early on towards solutions which may
no longer be valid for later data. Several methods have been proposed to remedy this by increasing genetic
diversity somehow and preventing early convergence, either by increasing the probability of mutation when the
solution quality drops (called triggered hypermutation), or by occasionally introducing entirely new, randomly
generated elements into the gene pool (called random immigrants).
 For specific optimization problems and problem instances, other optimization algorithms may be more efficient
than genetic algorithms in terms of speed of convergence.
III. WORKING PRINCIPLE OF GENETIC ALGORITHMS (GAS)
Genetic algorithms (GAs) may contain a chromosome, a gene, set of population, fitness, fitness function, breeding,
mutation and selection. Genetic algorithms (GAs) begin with a set of solutions represented by chromosomes, called
population. Solutions from one population are taken and used to form a new population, which is motivated by the
possibility that the new population will be better than the old one. Further, solutions are selected according to their fitness
to form new solutions, that is, off springs. The above process is repeated until some condition is satisfied.
Algorithmically, the basic genetic algorithm (GAs) is outlined as below:
 Step 1: Represent the problem variable domain as a chromosome of a fixed length; choose the size of a
chromosome population N, the crossover probability pc and the mutation probability pm.
 Step 2: Define a fitness function to measure the performance, or fitness, of an individual chromosome in the
problem domain. The fitness function establishes the basis for selecting chromosomes that will be mated during
reproduction.
 Step 3: Randomly generate an initial population of chromosomes of size N: x1, x2 , . . . , xN
 Step 4: Calculate the fitness of each individual chromosome: f (x1), f (x2), . . . , f (xN)
 Step 5: Select a pair of chromosomes for mating from the current population. Parent chromosomes are selected
with a probability related to their fitness.
 Step 6: Create a pair of offspring chromosomes by applying the genetic operators - crossover and mutation.
 Step 7: Place the created offspring chromosomes in the new population.
 Step 8: Repeat Step 5 until the size of the new chromosome population becomes equal to the size of the initial
population, N.
 Step 9: Replace the initial (parent) chromosome population with the new (offspring) population.
 Step 10: Go to Step 4, and repeat the process until the termination criterion is satisfied.
 The genetic algorithms performance is largely influenced by crossover and mutation operators. The block
diagram representation of genetic algorithms (GAs) is shown in Fig.1
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Figure.1 Representation of genetic algorithms (GAs)
A. Evaluation of the Fitness
Each string in initial population or subsequent population is assigned a fitness value which is related to the objective
function. For maximizing a function the fitness can be equal to string’s objective function value. To find the optimal
minimum the fitness will be equal to 1/(1+f(x)). The beauty of the binary coding is shielding between actual problem and
the working of GA. The GA processes only the strings of bits which may represent any number of variables depending
on the problem. We have to change only the definition of the coding.
B. Reproduction and Selection
Reproduction selects good strings from the population and puts them in mating pool. There are number of
reproduction operators. The idea is to pick up the strings with above average fitness from current population and apply
genetic operators to new strings for the successive population. One of the important techniques is the fitness
proportionate selection. The chances of a string Si being selected to participate in reproduction are proportional to its
fitness. This is performed by roulette wheel selection .Here; all the chromosomes are placed on an imaginary roulette
wheel where each chromosome in the population gets a place big on the wheel proportionate to its fitness. A roulette
wheel for five chromosomes is shown in fig below:

IV. SELECTION TECHNIQUES IN GENETIC ALGORITHMS (GAS)
Selection is an important function in genetic algorithms (GAs), based on an evaluation criterion that returns a
measurement of worth for any chromosome in the context of the problem. It is the stage of genetic algorithm in which
individual genomes are chosen from the string of chromosomes. The commonly used techniques for selection of
chromosomes are Roulette wheel, rank selection and steady state selection.
A. Roulette wheel selection
In this method the parents are selected according to their fitness. Better chromosomes, are having more chances to be
selected as parents. It is the most common method for implementing fitness proportionate selection. Each individual is
assigned a slice of circular Roulette wheel, and the size of slice is proportional to the individual fitness of chromosomes,
that is, bigger the value, larger the size of slice is. The functioning of Roulette wheel algorithm is described below:
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Step 1[Sum] Find the sum of all chromosomes fitness in the population.
Step 2[Select] Generate random number from the given population interval
Step 3[Loop] Go through the entire population and sum the fitness. When this sum is more than a fitness criteria value,
stop and return this chromosome figure 3 (a) shows Roulette wheel for six individuals having different fitness values.
The Sixth individual has a higher fitness than any other, it is expected that the Roulette wheel selection will choose the
sixth individual more than any other individual.

Figure 3 (a) Roulette wheel method
B. Rank selection method
The application of Roulette wheel selection method is not satisfactory in genetic algorithms (GAs), when the fitness
value of chromosomes differs very much. It is a slower convergence technique, which ranks the population by certain
criteria and then every chromosome receives fitness value determined by this ranking. This method prevents quick
convergence and the individuals in a population are ranked according to the fitness and the expected value of each
individual depends on its rank rather than its absolute fitness.
The rank selection method is shown in Figure 3 (b). For example, if the best chromosome fitness is 80 percent, its
circumference occupies 80 percent of the roulette wheel and then other chromosomes will have minimum chances to be
selected. On the other hand, the rank selection first ranks the population according to their fitness and then every
chromosome receives ranking. The worst will have fitness 1, the second worst will have a fitness of 2, and the best one
will have a fitness value n, where n is the number of chromosomes in the population.

Figure 3(b). Rank selection methods
C. Steady-state selection
This method replaces few individuals in each generation, and is not a particular method for selecting the parents. Only
a small number of newly created off springs are put in place of least fit individual. The main idea of steady-state selection
is that bigger part of chromosome should retain to successive population.
V. CONCLUSIONS
In this paper, a method was proposed to automatically determine system software components based on genetic
algorithm of use cases features. First, the system use cases features were extracted and the components were determined
based on the proposed method using different genetic algorithms methods. Then, the appropriate genetic algorithm
method was selected by comparison of genetic algorithm techniques results with expert opinion. To determine the
appropriate number of GA’s of the analysis, the effect of each feature on accuracy of genetic algorithm was determined
and finally the closest to optimum set of features providing the required accuracy in genetic algorithm. Genetic
algorithms are very effective techniques of quickly finding a reasonable solution to a complex problem which shows the
superiority of Genetic Algorithm than standalone soft computing controllers and conventional controllers. In future work,
these techniques may be implemented for other process controllers.
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