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ABSTRACT

Software testing is a critical phase in software development, making sure the product is reliable correct,
and has good overall quality. Still, with big software systems, you can end up with a substantial number of
test cases, which then ramps up execution time, computational cost, and yes the maintenance effort too.
The whole idea of test case optimization is to shrink the test suite size, but still keep strong fault detection
ability and solid code coverage. In this paper we present an Evolutionary Software Test Case Optimization
framework, built around a Real-Coded Genetic Algorithm, RCGA, to pick an optimal subset of test cases
from a large repository, in an efficient way. Compared with the usual binary genetic approaches, the
proposed RCGA uses real-valued chromosomes to represent candidate solutions, so the search space gets
explored more smoothly, and the method converges faster toward better solutions. The optimization
process starts by creating an initial population of test case subsets, then it runs fitness evaluation using
multiple criteria, including code coverage, fault detection effectiveness, execution cost, and also
redundancy reduction. A composite fitness function is meant to maximize the effectiveness of tests and to
minimize the number of test cases selected. High-quality offspring and the diversity of the population
throughout the evolution are created using the real coded crossover and mutation operators. The
experimental results were obtained using the benchmark software testing dataset of test cases with 500 to
2,000 problems. Results show that the proposed RCGA can reduce the size of test suite significantly: only
35-45% of the original test set is kept, and fault detection capability and coverage is kept over 95%. The
average number of test cases was decreased from 1500 to about 620 optimized test cases. Moreover, the
fitness value gradually increased in the generations from 0.62 to 0.96, which is an excellent convergence
toward a high fitness solution. The results of Comparative analysis with the conventional methods of
Genetic Algorithms and random selection methods reveal that RCGA outperforms the conventional
methods in terms of fitness values, convergence and test suite reduction. The above results validate the
proposed evolutionary optimization method for reduction of number of test cases whilst achieving
maximum fitness and quality of the overall software testing environment.

Keywords: RCGA, Optimization, Testing, Fitness, Quality.

1. INTRODUCTION larger and more functional a modern software

application is, the more test cases are created. It is
Software testing is one of the key phases of the common in large software projects to have
Software Development Life Cycle (SDLC) which  thousands of test cases to test various functional
aims at the reliability, correctness, security and and non-functional requirements. Large tests suites
quality of software systems. The more complex, require a great deal of computational resources,
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testing time, and human testing resources to
execute and maintain, but they take the risk of
being incomplete and so reducing software quality.
Therefore, the reduction of testing costs while
preserving high fault detection efficiency is of great
interest to researchers, and an important research
direction is test suite optimization.

The main goal of Software testing is to detect
software defects before software deployment. Most
of the time, however, exhaustive testing is not
practical for time and resource limitations. Often,
test engineers find that there are multiple test cases
that are covering the same testing points, hence the
test suite is redundant. The more test cases that are
redundant, the longer the test execution will take,
but they will not add much to fault detection
capability. So, finding an "optimal" subset of test
cases which maximizes coverage and fault
detection capability has emerged as a significant
problem in software quality assurance.

Common test case optimization methods are:
Greedy algorithms, Heuristic algorithms, Coverage-
based selection algorithms and Prioritization
algorithms. These approaches can somewhat
decrease the number of test cases to be considered,
but may not be able to provide an optimal solution
for the global problem because of the large number
of test cases in large test repositories. The selection
of a test case subset is known as a problem of NP-
hard optimization due to the exponential growth in
the number of possible subsets of test cases as the
number of test cases grows. As a result,
evolutionary computation methods have been
increasingly studied to deal with this challenge in
an effective way.

Evolutionary algorithms are based on natural
selection and natural evolution processes. One of
these techniques, called Genetic Algorithms (GAs),
is one of the most effective optimization techniques
that has found its way into solving complex search
and optimization problems. The genetic algorithms
are based on the iterative evolution process with the
following steps: initialization of the population,
appraisal of the fitness, selection, cross-over and
mutation. Over multiple generations, the solutions
(candidates) are improved by an evolutionary
algorithm based on a predetermined fitness
function. The Genetic Algorithms have been
extensively used in the software engineering
domain such as software testing, software fault
localization, software requirement prioritization and
software resource allocation, as it can successfully
search a large and complex search space.

The usual way that candidate solutions are encoded
in conventional Genetic Algorithms is binary. For

test case optimization, binary chromosomes
encoded whether a test case is included or excluded
in the optimized test suite. Although binary
encoding offers a simple way to represent data, it
may have disadvantages for large scale applications
including premature convergence and limited
search  diversity, and slow  optimization
performance. In addition, a binary representation
might not be sufficient to model subtle relationships
between test cases and optimization goals.

To overcome these limitations, an effective Real-
Coded Genetic Algorithms (RCGAs) have been
introduced as an effective alternative. RCGAs have
real valued genes instead of a binary one in the
binary GA, which means that they can be used for a
more flexible and expressive search mechanism.
Using real valued representation removes the need
for converting the binary code to decimal code and
makes it easier for the genetic operators to search
the solution space. The real-coded crossover and
mutation operators produce smoother transitions
between candidate solutions, which improves
convergence speed and quality of the optimization
results. Consequently, RCGAs have shown to be
the best in many domains of optimization including
in engineering design, machine learning, scheduling
and software testing.

The primary objective when optimizing the
software test cases is to select the minimum number
of test cases while maximizing the effectiveness of
the test cases. The measure of the effectiveness of
the tests is commonly measured by the criteria of
code coverage, fault detection rate, execution cost,
and redundancy elimination. The objectives are
frequently in contradiction with each other. For
example, an excessive reduction in number of test
cases can reduce the fault detection capability, on
the other hand, excessive increase in the number of
test cases can increase execution cost. Hence, an
optimal solution strategy is needed to ensure a
balance between these conflicting objectives.

The optimization process is a key part of fitness
assessment. The fitness function determines the
fitness of every candidate solution and directs the
evolutionary search to reach a better test suite
configuration. In this work the fitness function is
developed to optimize high coverage, high fault
detection efficacy and minimize the number of test
cases and redundancy. These factors are put
together in a single optimization objective to
identify test case subsets that yield maximum
testing value, while consuming the least resources.
The fitness value is a numerical measure of the
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quality of the optimization and evolves better and
better from one generation to the next.
The proposed Evolutionary Software Test Case
Optimization framework uses a Real-Coded
Genetic Algorithm to select high efficiency test
suites from large numbers of available test cases. A
first set of candidate test suites is generated and is
tested with the proposed fitness function.
Individuals with better fitness values are more
likely to be selected, and so to pass on their genetic
information to future generations. Real-coded
crossover operators mix good portions of good
parental solutions, and mutation operators add
variety to avoid early convergence. The algorithm
continuously evolves until it finds optimized sets of
tests that deliver better performance than traditional
testing methods.
Reduction in the number of test cases is an
important performance indicator in this research.
The proposed approach considerably reduces the
size of the test suite without sacrificing software
quality by removing the redundant and low-
contribution test cases from the test suite.
Experimental results show that significant test case
reductions can be obtained without sacrificing high
fault detection and code coverage. At the same
time, the evolutionary process yields increasingly
better fitness values, which shows that it is able to
find near-optimal solutions and to optimize
successfully from the start.

This work is important because it is able to

provide solutions to the practical problems
encountered in software testing in industrial
environments. With agile software systems,

continuous integration and deployment necessitate
frequent software testing. Optimized test suites can
lead to quicker regression testing, lower execution
expenses, and higher efficiency of the
computational resources. Moreover, the higher the
fitness, the more effective the testing method is,
which means that even less testing effort is required
to find the important software defects.

To wrap things up, Real-Coded Genetic Algorithms
for Evolutionary Software Test Case Optimization
is an intelligent and scalable solution for software
test suite management of large software test suites.
The proposed approach increases software quality
while reducing the number of test cases, improving
the efficiency of the tests. The application of real
valued genetic representation, adaptive
evolutionary operators and multi-criteria fitness
evaluation has been shown to be a promising way
forward in further development of automated
software testing and optimization research.

2. RELATED WORKS

Software testing is an important activity which
helps in ensuring software reliability, quality and
correctness. With the complexity of software, more
and more test cases are generated, which brings
problems to the execution time, maintenance cost
and utilization of resources. To overcome these
challenges, several test suite optimization methods
have been proposed such as test case selection,
minimization, prioritization and evolutionary
optimization methods. The use of multi-objective
optimization techniques has gained greater
significance in software testing research. Deb et al.
presented a new hybrid version of the NSGA that is
known as the Non-Dominated Sorting Genetic
Algorithm II (NSGA-II) and is widely used in test
suite optimization problems. NSGA-II allows for
optimization of multiple and conflicting objectives,
notably coverage, fault detection, execution cost
and test case count. There are several studies that
have validated it to be effective in creating pareto-
optimal test suites [1]. Harman states that the
introduction of metaheuristic algorithms for solving
NP-hard problems by Search-Based Software
Engineering has changed the way software
engineering optimization is approached. Harman
has highlighted the need for evolutionary
computation techniques like Genetic Algorithms in
software testing applications like test data
generation, test case prioritization, regression
testing etc.[2].0One of the earliest works in test suite
minimization was by Harrold et al., who suggested
a minimization approach based on coverage that
eliminated redundant test cases while maintaining
requirements for code coverage. Their study
showed that substantial reduction in the size of test
suites can be accomplished without compromising
the coverage. The main drawback of the approach
was that it considered only structural coverage and
not explicitly the effectiveness of fault detection.

(3]
With the advent of Search-Based Software
Engineering (SBSE), the software testing

optimization gained new opportunities. Because
they are able to effectively search large and
complex search spaces, Genetic Algorithms (GAs)
have become one of the most widely used
evolutionary techniques. However, because of the
restrictions of binary coding, Real-Coded Genetic
Algorithms (RCGAs) were developed. Herrera et
al. showed that the representation of chromosomes
as real numbers was very useful in terms of
increased convergence speed and solution quality in
optimization problems. They developed the
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theoretical groundwork for using RCGAs for
complex engineering and software optimization
problems [4]. Genetic Algorithms have been used
by Jones and Harrold to generate test suites and
optimize them. They found that evolutionary search
methods were able to find near-optimal test suites,
yet retaining the desired amount of coverage [5]. Li
et al. (2007) continued on the ideas of Genetic
Algorithm (GA) optimization and added additional
goals to their algorithm, including code coverage,
fault detection capability, and execution cost. The
results of their study pointed to the effectiveness of
multi-objective optimization for a good balanced
test suite reduction. But, the binary representation
of the chromosome in traditional GAs has often
lowered convergence rate and decreased the
diversity of search [6].

Later, Rothermel et al. proposed test case
prioritization methods that seek to arrange test
cases into a priority order that will discover as
many faults as possible as early as possible. Their
work set the groundwork for prioritization in
regression testing environment and proved that
optimized execution sequences can enhance the
efficiency of the testing. Prioritization improved
fault detection, but not directly the problem of the
small size of the test suite[7].

Another optimization technique based on PSO is
investigated for optimization of software test case.
Wang et al. used PSO for the regression test suite
reduction and showed that it has a better
optimization efficiency than the traditional
methods. Researchers found that PSO was prone to
premature convergence and local optimum in
highly complex search spaces, though it showed
rapid convergence.

Ant Colony Optimization (ACO) for Software Test
Case Selection. examined Their results indicated
that ACO was able to distinguish high quality test
suites without compromising high fault detection
rates. The algorithm, however, was very time
consuming and had longer convergences than the
Genetic Algorithms.

The Real-Coded Genetic Algorithm (RCGA)
framework) is employed to optimize software test
suite. Their method involved a single fitness
function that included coverage, fault detection
efficiency and execution cost. Experimental results
showed that the RCGA obtained higher fitness
values and size reduction of test suite than
conventional Binary Genetic Algorithms.

In the same way, an adaptive RCGA model where
the crossover and mutation rates were adjusted
dynamically throughout the evolution. Their
research showed that they were able to prevent

premature convergence and enhance the diversity of
the population by adaptive mechanisms. Their
model-generated test suites achieved better fault

detection performance than the traditional
evolutionary test suites, and were also less
redundant.

More recently, hybrid optimization techniques have
been the focus of interest and used Real-Coded
Genetic Algorithms coupled with local search
techniques to  improve the  optimization
performance. Their hybrid system exploited the
promising regions within the search space better
and was still able to explore it globally. The results
demonstrated that fitness values were improved,
while the computational overhead was reduced.
There have been recent improvements that have
incorporated machine learning and evolutionary
optimization methods. Reinforcement learning,
deep learning, and ensemble learning techniques
have been used to predict effectiveness of test
cases, to steer the evolutionary search process.
These hybrid methods have demonstrated to be
effective but can be expensive in terms of time and
data needed for training.

Using an Elitist Genetic Algorithm, generating
optimal test cases means basically using
evolutionary optimization to automatically craft
rather good test cases. The elitist line of thought
keeps the best-performing test cases from one
generation to the next, so the population keeps
improving over time, even when things get messy.
In practice, this style helps software testing run
more efficiently by pushing for stronger coverage,
finding faults in a more reliable way, cutting down
repeated test cases, and also lowering both the total
time and the cost of testing [8]. M2H? optimization
kind of pushes the test cases toward priority, it does
this by maximizing fault detection, coverage and
execution efficiency. So it helps to find the critical
defects faster, while it also cuts down the testing
effort a bit, in a way that feels more streamlined
than the usual [9]. AGA- based directed random
testing kind of dynamically tunes how test cases are
made, you know, so it gets more fault detection
efficiency, and it also helps cut down those
interactive faults, through adaptive evolutionary
search strategies that are adjusted on the fly. [10].
Genetic algorithm based testing sort of reduces
interactive fault sensitivity by generating and then
iterating optimized test cases in a clever way, so
defect detection gets better software reliability
improves, and the whole application quality looks
more solid overall [11-12]. RANDOM-DELPHI
kind of mixes random testing with an expert driven
look, to spot the illegal plus the equivalent sort of
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test cases. This way it boosts the test suite
effectiveness a lot, helps with fault detection
capability, and generally improves software quality,
though it can feel a bit slow at first [13]. This study
looks into random testing variants, kind of checks
how effective they are and what limits show up,
plus what this really means for catching software
faults and overall testing efficiency. It is not just
about the results, also about how the approach
behaves in practice, and where it might get a bit
awkward, in a realistic sense. [14]

In general, the literature shows that EA can be a
powerful solution in software test case
optimization. Traditional methods like coverage-
based reduction and prioritization enhance the
efficiency of testing but might not optimally meet
several optimization goals. While BGA is
significant improvement, the convergence and lack
of diversity of these algorithms has led to the use of
Real-Coded Genetic Algorithms. The advantages of
RCGAs, such as enhanced search ability, quicker
convergence and fitness performance, make it an
excellent choice for large-scale software testing
environments. With this in mind, the current study
extends those results to suggest that Evolutionary
Software Test Case Optimization framework based
on Real-Coded Genetic Algorithms can be used to
reduce the number of test cases while maximizing
fitness value and testing effectiveness.

This work reviews existing approaches and
proposes a directed random testing methodology to
minimize interactive faults and improve reliability.
[15]. This research looks at software development
work using Lines of Code LOC and Function Point
Analysis FPA, and it helps out with project
planning that’s more accurate—cost estimation,
resource allocation, and schedule management too.
[16]

Research Gaps: In software testing, Real Coded
Genetic Algorithms have been the subject of
research due to an ability to adaptively tune the
genetic operators (crossover and mutation rate).
Though they are becoming increasingly used, there
are several important research issues yet to be
resolved that are preventing RGA-based approaches
from being fully realized in real software testing
environments.

A lack of standardized benchmarking and
comparability. No standardized benchmarking & no
comparability.

A key identified gap is the absence of common
benchmarks and evaluation frameworks to compare
RGA-based test case generation methods.
Numerous studies evaluate their models with small

programs or restricted case studies: triangle
classifiers, simple sorting algorithms. It is hard to
draw a general conclusion when it comes to the
effectiveness of RGA approaches in a real large-
scale software system. More work is needed in
developing standardized test environments and
datasets to enable consistent comparison between
techniques.

The lack of attention to complex software
structures. The lack of attention to complex
software structures (2).

Often, the current RGA applications use simplified
CFGs or basic functional paths. Rarely discussed is
software construction that is complex (e.g.,
concurrent, multi-threaded, GUI based systems or
embedded systems). The challenges for these areas
are special with respect to path coverage and input
space explosion. More work is required to
adaptively deal with such structural complexity
effectively, perhaps incorporating domain specific
knowledge in the fitness function.

Adaptation in Multi-Objective Contexts is limited.
Multiobjective optimization is currently under-
explored area of research, although RGAs can be
dynamically fine-tuned in order to optimize for a
single objective (such as maximizing code
coverage). In reality, testers are required to consider
different objectives including coverage, execution
time, fault detection rate or test suite size etc. In
real-life, the testers have to take care of different
goals like coverage, execution time, fault detection
rate etc., and test suite size etc. RGA techniques
should be made more adaptive with the objective of
finding a multi-objective optimum, perhaps
incorporating aspects of Pareto optimality and
trade-off management to ensure that suites of tests
are not only balanced, but economically sound as
well.

4. Limited
integration
More recently, hybrid approaches (e.g., neural
network-based GAs) have been studied, but
systematic incorporation of machine learning in the
AGA is still limited. Machine learning may be used
to better predict regions of the input space which
may be promising or work to model the fitness
landscape. However, this integration is not always
well grounded in theory and generalizable. There is
room for further research on more principled
combinations of RGA with learning methods,
including reinforcement-learning based mutation
strategies and meta-learning to tune operators.

5. Bad scalability and execution efficiency

Another interesting area of the gaps is related to the
scalability of the RGA-based approaches. The

Machine Learning techniques
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larger the number of individuals, the more costly
software systems are to maintain and assess fitness.
There are a number of existing implementations
that are not scalable and are not optimized for high
performance execution. Other methods like parallel
genetic algorithms, cloud-based evaluation, and
surrogate fitness model may be explored further to
improve efficiency.

6.1. No industrial adoption & validation

Last but not least, there is a gap between theory and
practice in the industry. Numerous RGA
approaches are only tested experimentally, with no
real world testing pipelines that validate them in a
rigorous way. Issues like integration with
continuous integration/continuous delivery (CI/CD)
pipelines, testability and return on investment
(ROI) are rarely taken into account. This is only
possible in collaboration with industry partners, and
paying attention to practical co-constraints and
feedback loops.

3.METHODOLOGY AND SOLUTION
A. 1. Proposed Methodology

The proposed work in this thesis is Evolutionary
Software Test Case Optimization using Real-Coded
Genetic Algorithms (RCGA) to optimize the fitness
function to minimize the total number of test cases,
but increase the testing efficacy. A methodology
that is able to select the most effective subset of test
cases from a large repository without sacrificing
software quality, code coverage and capability of
detecting faults. The proposed approach uses real
valued chromosome representation to enhance the
search efficiency, convergence speed and the

optimization quality as compared to the
conventional binary GA.

There are six major stages to the overall
framework:

1Generate test cases from the repository.

2The work of feature extraction and evaluation.
3.Population Initialization

4 Fitness Function Computation
6.Genetic  Algorithm  and
Algorithms

Simplex  Search

B. 2. System Architecture
1) Block Diagram

Architecture of Evolutionary Software Test Case Optimization

Using Real-Coded Genetic Algorithms (RCGA)
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Figurel. Block diagram of the proposed method

3. TEST CASE REPOSITORY GENERATION

The optimization process begins with the creation
of a comprehensive test suite generated from
software requirements, use cases, source code, and
testing specifications.
Assume a software project produces:
T={T 1,T 2,T 3,..T n}
where:

e (T i) represents a test case

e (n) denotes total test cases

Example:

Test Cases Count
Functional 800
Integration 400
Regression 300
Security 200
Performance 300
Total 2000

Executing all 2000 test cases repeatedly becomes
expensive. Therefore, optimization is required.

4. FEATURE EXTRACTION

Each test case is evaluated using multiple quality
metrics.

C. A. Code Coverage

Coverage indicates the percentage of program
components exercised by a test case.
Coverage=\frac{Covered\ Components} {Total\
Components }\times100
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Higher coverage contributes positively to fitness.
D. B. Fault Detection Capability
Measures the number of defects detected by a test

case.

FD_i=\frac{Detected\ Faults_i} {Total\ Faults}

Higher fault detection improves optimization

quality.
E. C. Execution Cost

Execution cost includes:

Parameter Value

Crossover Rate 0.85

Example
C1=[0.8,
C2=[0.6,
C3=[0.9,

Mutation Rate 0.10

0.4,0.9,0.7,0.2]

0.3,0.5,0.8,0.9]
0.7,0.2,0.6,0.4]

Each chromosome represents a candidate test suite.
7. FITNESS FUNCTION DESIGN
Fitness evaluation is the core component of

CPU utilization
Memory consumption
Execution time

Cost_i=Time i+ Resource i

Lower execution cost is preferred.

F. D. Redundancy Score
Many test cases validate identical functionalities.
R_i=\frac{DuplicateCoverage i} {TotalCoverage}
Lower redundancy is desirable.
5. REAL-CODED CHROMOSOME REPRESENTATION
Traditional Genetic Algorithms use binary strings:

optimization.

The proposed fitness function combines:

e Coverage

e  Fault Detection

e  Test Suite Reduction

e  Cost Minimization

e Redundancy Elimination

The objective is:
Maximize:
A.

101101001010

Such encoding may lose information and slow

convergence.

Fitness

Where:

The proposed RCGA uses real-valued genes.

Example chromosome:
[0.85,0.72,0.91, 0.34, 0.67]

where:

e (.85 = Selection weight for Test Case 1
e (.72 = Selection weight for Test Case 2
e 0.91 = Selection weight for Test Case 3

Selection Rule:
Gene 1>0.5

Then test case (T i) is selected.

Otherwise rejected.
Advantages:

e Faster convergence
e  Better diversity
e Continuous search capability
e Reduced encoding complexity
II. 6. POPULATION INITIALIZATION
An initial population of candidate solutions is

randomly generated.
Let:

P={C_1,C_2,C 3,...C_m}

where:

e (C_i) represents chromosome
e (m) represents population size

Typical parameters:
Parameter Value
Population Size 100
Generations 200

Weights:

Cov = Coverage Score

=w_I1(Cov)+w_2(FD)+w_3(TR)w_4(Cost)w_5(Red)

FD = Fault Detection Score
TR = Test Reduction Score

Cost = Execution Cost
Red = Redundancy

w_1+w 2+w 3+w 4+w 5=1

Example

Parameter Weight

Coverage 0.30
Fault Detection 0.30
Reduction 0.20

Cost

0.10

Redundancy  0.10
8. PARENT SELECTION

Procedure:
Randomly choose K chromosomes.

1.

2.

3.
Example

Chromo
C1
C2
C3

216

Compare fitness.

After fitness evaluation, high-quality chromosomes
are selected.
Tournament Selection is adopted.

Select chromosome with highest fitness.

some Fitness
0.72
0.91
0.85
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SelectedParent:C 2
This mechanism promotes survival of stronger
solutions.
9. REAL-CODED CROSSOVER
Crossover combines information from two parents.
Assume:
P_1=[0.8,0.4,0.9]
P_2=[0.6,0.7,0.5]
Arithmetic crossover:
Offspring=\alpha
Then:
O 1=[0.74,0.49,0.78]
Advantages:
Smooth solution generation
Faster convergence
Better exploration
10. REAL-CODED MUTATION
Mutation prevents premature convergence.
Mutation
Gene {new}+Gene_ {old}+\delta
Example:
Before mutation:
0.74
After mutation:
0.81
Benefits:
Maintains diversity
Escapes local optima
Improves search quality
11. GENERATION OF NEW POPULATION
The newly created offspring replace weaker
chromosomes.
Elitism strategy is used.
Top 5% of chromosomes are preserved.
Benefits:
Prevents loss of best solutions
Improves convergence stability
Maintains optimization quality
Population evolution continues iteratively.
12. TERMINATION CRITERIA
Optimization stops when:
1) Condition 1
Maximum generations reached
G=200
2) Condition 2
Fitness improvement becomes negligible
|[Fitness {new}-Fitness {old}|<0.001
Condition 3
Desired fitness achieved
13. OPTIMIZED TEST SUITE SELECTION

P 1 +(1-\alpha)P_2

formula:

After convergence, the best chromosome is
selected.
Example: Original Test Cases:2000
Optimized Test Cases:720
Reduction:

Reduction=\frac{2000-720} {2000 }\times100=64%
Thus, only the most valuable test cases remain.

14. PROPOSED SOLUTION

The proposed RCGA based solution really tackles
the test suite explosion issue, by picking out those
high value test cases in an almost adroit way. At the
same time, it is juggling several goals, like better
fault detection ability, stronger code coverage,
lower execution cost, and less redundancy, all
together, which is kind of what you want.

In experimental runs, the implementation shows big
gains compared with older, more traditional

strategies:

Tbalel: Optimization metrics

Metric Before After
Optimization | RCGA

Test Cases 2000 720

Coverage 88% 97%

Fault o o

Detection 84% 96%

Execution 444 1min 65 min

Time

Fitness

Value 0.62 0.96

The fitness value goes up quite steadily from one
generation to the next, so it looks like the
evolutionary learning is working and things are sort
of converging toward better, best-ish solutions.
Using real valued chromosomes gives more
flexibility than going with plain binary encoding,
and that helps a lot when the search space gets
huge, you can move around it more efficiently.
Overall the proposed RCGA then reaches higher
quality solutions in fewer iterations too, with less
computational overhead, and it just feels smoother
overall.

The suggested Evolutionary Software Test Case
Optimization, using Real Coded Genetic
Algorithms kind of introduces an intelligent
optimization framework, which is able to minimize
the test suite size while at the same time
maximizing testing effectiveness a bit. With the
real-coded chromosome representation in place,
plus adaptive fitness evaluation, tournament
selection, arithmetic crossover, and mutation
operations, the process manages to evolve very
optimized test suites. In the experimental outcomes
we see about 60-65% reduction in the test case
count, and fitness values that go near 0.96, also
coverage that exceeds 95%. Beyond that, there are
major improvements in fault detection capability,
which is pretty important. So overall, the proposed
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methodology offers a scalable solution that is

Table 3. Fitness Value Improvement Across Generations

efficient and robust, for modern software testing

settings, where lowering testing cost and improving

software quality remain key objectives

5. RESULT AND DISCUSSION

The suggested Evolutionary Software Test

Case Optimization, using real coded genetic

algorithms (RCGA) was tested on benchmark

software testing datasets with lots of test cases. The

main aim was kind of double, reduce the total test

case count while also pushing up the fitness value,

fault detection strength and code coverage at the

same time, you know. For the trials, we used a
population of 100 chromosomes, a crossover rate of
0.85, mutation rate of 0.10, and ran it for 200
generations. The results for RCGA were measured
against the Original Test Suite, Random Selection
and also a conventional genetic algorithm (GA).
Table 2 Reduction in Test Case Count

Initial ]
Method Test Selected Reduction
Test Cases | (%)
Cases
Original
Test Suite 2000 2000 0
Randqm 2000 1940 180
Selection
Binary GA | 2000 910 54.5
64.0
Proposed
rRCGA | 2000 720

The proposed RCGA actually managed to
get the largest reduction in the test suite size,
selecting only 720 test cases from what was 2000
originally but still preserving the testing
effectiveness, so yes it keeps working as expected,
mostly.

Generation Average Fitness
0 0.62
20 0.69
40 0.75
60 0.81
80 0.86
100 0.89
120 0.91
140 0.93
160 0.94
180 0.95
200 0.96
The fitness value increased steadily

throughout the evolutionary process. Starting from
an initial fitness of 0.62, the algorithm converged to
a fitness value of 0.96 after 200 generations,
indicating successful optimization and effective
exploration of the search space.

3) Graph 2. Fitness Value Convergence

¥

il
0 Fires e 080

Figure3: Fitness Value Convergence

Table 4. Coverage and Fault Detection Performance

Test Case Count After Optimization

Comparison of selectsd test cases across different optimization mef

Fault

0,
Method Coverage (%) Detection (%)
Or¥g1na1 Test 88 84
Suite
Random
Selection 89 i
Binary GA 94 92
Proposed
RCGA o7 0

Figure2: Test case Afier Optimization

The RCGA maintained superior software
quality despite reducing the number of test cases
significantly. Coverage improved to 97%, while
fault detection capability reached 96%.

Table 5. Execution Time Comparison
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Execution Time
Method (Minutes)
Original Test Suite 180
Random Selection 120
Binary GA 82
Proposed RCGA 65

The optimized test suite reduced execution
time from 180 minutes to 65 minutes, representing
approximately 63.9% savings in testing effort

4) Graph 3. Execution Time Comparison
Execution Time Reduction

Table 5. Overall Performance Comparison

Rando Propose
. Origin | m Binar P

Metric al Suite | Selectio GA d

. y RCGA
Test 2000 | 1240 910 | 720
Cases
Reductio
n (%) 0 38.0 54.5 64.0
Coverag
e (%) 88 89 94 97
Fault
Detectio | 84 85 92 96
n (%)
Executio
n Time | 180 120 82 65
(min)
Fitess 1 6565 | 0.71 0.88 | 0.96
Value
The experimental results clearly show, the

effectiveness of the proposed Real-Coded Genetic
Algorithm for optimizing software test suites. It
managed to cut the number of test cases from 2000
to 720, so that is about a 64% reduction, and at the
same time it improved several software quality
metrics. Also, the steady rise in the fitness value,
from 0.62 to 0.96, suggests an efficient
evolutionary learning process and a smooth
convergence toward a better solution.

When you compare it with conventional binary
Genetic Algorithms, the RCGA produced a smaller
test suite, higher code coverage, stronger fault
detection capability, and lower execution time. This
better behavior is mostly due to the real-valued
chromosome representation, because that kind of

coding supports gentler navigation across the
search space, and it helps avoid premature
convergence. In addition, the multi-objective fitness
function balances, test suite reduction, fault
detection, coverage enhancement, execution cost
minimization, and redundancy elimination, in a
coordinated way.

In summary the proposed RCGA framework
reached,

64% reduction in test case count

fitness value growth from 0.62 to 0.96

97% code coverage

96% fault detection rate

63.9% reduction in execution time

Overall these outcomes confirm that the proposed
Evolutionary Software Test Case Optimization
framework is an effective and scalable approach for
cutting testing costs while still maximizing
software quality, plus fitness-related performance.

6 CONCLUSION

This study presented a, sort of effective approach
for Evolutionary Software Test Case Optimization
using Real-Coded Genetic Algorithms (RCGA) to
deal with the usual problems of managing very
large test suites in software testing. The proposed
approach used real-valued chromosome coding,
fitness based selection, arithmetic crossover, and
then mutation operations to find a, near optimal
subset of test cases while still keeping the testing
effectiveness in place. The fitness function included
several aims at once, like code coverage, fault
detection ability, running or execution cost, and
also redundancy reduction, so the optimization
stays balanced instead of drifting away.

The experimental outcomes showed the RCGA, in
a clear way, cut down the number of test cases from
2000 to 720. That is a 64% reduction, while the
method still preserved 97% code coverage and 96%
fault detection capability. Also, the fitness value
moved from 0.62 up to 0.96, which suggests a
quick convergence toward better, higher quality
solutions. When it was compared with conventional
approaches, RCGA delivered better optimization
results, lowered the execution time, and boosted
overall testing efficiency. so overall, the proposed
framework becomes a scalable, reliable, and cost-
effective solution for modern software testing
environments.

7. FUTURE WORK:
As Adaptive Genetic Algorithms (AGA) keep
showing promise for optimizing test case
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generation, i t seems like there are several future
directions we could poke at, in order to make them
work better, scale, and actually fit industrial use, a
bit more smoothly than they do now.

First, multi-objective optimization with RGA
should be a big deal. A lot of current methods
basically chase just one target, like code coverage
or path coverage. But in real testing you usually
end up juggling multiple goals at the same time, for
instance reducing execution time, increasing fault
detection, and also lowering redundancy. So in the
future, research could push multi-objective AGA
set ups that rely on Pareto-based fitness evaluation,
or blend evolutionary strategies, so the produced
test suites are more balanced and efficient not just
“good enough” on one score.

Second, there is room for mixing machine learning
with RGA. Like, reinforcement learning could steer
the choice of genetic operators while you run, and
predictive models might spotlight which parts of
the input space look worth exploring. This kind of
hybrid approach can make AGA feel more
adaptive, and more responsive, to how the software
actually behaves while the tests are being
generated.

Third, if we want scalability, future work should
really target parallel or distributed RGA
frameworks, especially when the software gets
large. This could mean using cloud computing,
GPU processing, or even splitting the population
across a swarm style process, so execution time
drops, and the computational overhead is less
annoying overall.

Fourth, domain-specific tweaks of RGA for
complicated software situations—like embedded
systems, mobile apps, and concurrent programs—
still feel underexplored. By customizing fitness
functions and encoding schemes to match the
domain needs, AGAs can become more practical in
different industry settings, instead of staying kind
of generic. Lastly, there’s a need for real life
validation and tool craft. Future work should try to
plug AGA based test generation utilities into CI/CD
pipelines and then check how well they actually
work in real software settings. Usability studies,
with testers AND developers involved, can also
help steer the whole interface design toward
solutions that are more approachable, usable, and
well impactful, even if the workflow feels a bit
unusual at first.
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