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I INTRODUCTION Metaheuristic algorithms, inspired by natural and
evolutionary processes, offer efficient solutions for complex

Software testing is essential to software development
because it makes sure that programs fulfil both functional and
non-functional requirements while maintaining reliability and
security [1]. However, traditional manual test case generation is
often time-consuming, error-prone, and lacks scalability [2]. To
overcome these challenges, researchers have developed
automated test case generation (ATCG) techniques that
leverage search-based software testing (SBST) and
metaheuristic optimization [3].
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optimization problems [4]. Among these, Genetic Algorithms
(GA) and Particle Swarm Optimization (PSO) are widely
adopted due to their ability to explore the extensive search
spaces effectively [5]. However, these methods often suffer
from slow convergence and suboptimal performance in large-
scale software systems [3].
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As software systems grow in complexity, traditional
manual testing methods become increasingly inefficient,
requiring significant time and effort while failing to provide
comprehensive coverage [7]. In response, automated test case
generation (ATCG) has emerged as a more efficient alternative,
utilizing optimization techniques to enhance accuracy and
scalability [8]. SBST is a widely used ATCG approach that
applies metaheuristic optimization algorithms to generate high-
quality test cases. GA and PSO, in particular, have
demonstrated effectiveness in navigating large search spaces
[9]. However, both techniques encounter limitations such as
slow convergence and inefficiencies in handling complex
software systems [10].

To mitigate these issues, researchers have developed
hybrid optimization approaches that combine multiple
algorithms to enhance performance [11]. One such approach is
the Hybrid Harmony Search and Particle Swarm Optimization
(HSPSO) framework, which integrates Harmony Search (HS)
and PSO to improve test case generation. HS, inspired by
musical improvisation, efficiently explores large solution
spaces, while PSO, modeled after swarm intelligence, optimizes
test cases through collaboration and information sharing. By
combining these strengths, HSPSO enhances test case quality
and reduces execution time, making it a promising solution for
large-scale software testing.

This paper explores the role of metaheuristic algorithms in
automated test case generation, analyzing their strengths and
limitations while emphasizing the advantages of hybrid models
like HSPSO in addressing modern software testing challenges..

1. SOFTWARE TESTING AND TEST CASES

Software testing is vital across various fields, vulnerable
to human errors that could lead to operational failures or even
fatalities [1]. Detecting errors early is crucial, as it helps reduce
escalating development costs, pinpoint flaws, improve overall
quality, and shorten execution time[2]. Prior studies identified
two methodologies in software testing literature, such as static
and dynamic testing, possess unique approaches [4], [5],
[6]argued that static testing verifies without execution,
concentrating on early defect identification, whereas dynamic
testing assesses application behavior, ensuring expected
functionality and performance.  While, dynamic testing,
particularly in the context of white-box testing, enhances code
quality by validating expected behavior and exploring various
execution paths, as observed by [7]. However, test case is a
critical concept that aligns closely with above testing
methodologies.

In the context of test case, the process is integral to both
these testing methodologies. For instance, [3], the static testing,
the test cases are generated to systematically check code for
potential issues like syntax errors, coding standard violations,
and possible vulnerabilities. This ensures that many defects are
caught early in the development process, aligning with [8]
emphasis on early defect identification. Similarly, [9] found that
fault localization, and efficient debugging processes contributes
to code coverage analysis, reducing defects. In addition, [10]
argued that automation, especially in white-box testing,
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minimizes manual effort, as highlighted by Improving system
execution time assures enhanced performance and efficiency,
while adaptable solutions drive innovation and competitiveness.
Exploring dynamic testing and execution duration enhances
software system quality, efficiency, and dependability, as
discussed by [11].

In real-time system settings, often operate in critical
environments, that must be highly reliable and available. They
need to function correctly and be accessible when require [12].
Therefore, testing such a system involves rigorous and
comprehensive methodologies to ensure they meet their strict
performance and reliability requirements. Priors’ studies have
identified both functional and non-functional testing activities
essential for real-time systems [13], [14]. For example, [15]
emphasized the importance of unit testing in real-time systems
to validate individual components before integration. They
found that early detection of errors through unit testing
significantly reduces the cost of fixing defects later in the
development cycle. Similarly,[16] highlighted integration
testing, where components are combined and tested as a group.
While functional testing is essential to ensure that a system
behaves as expected in terms of specific operations and
functionalities, non-functional testing is more crucial for
ensuring that the system performs well under various conditions
and meets the broader quality attributes that affect user
satisfaction [17].

In the context of non-functional testing which
concentrates ensuring reliability, efficiency, and performance
within stringent time limits as described by [18]. Similarly, [19]
reported that verifying deadline adherence, maintaining stable
performance, optimizing resource usage, and managing tasks
promptly. Confirming adherence to standards ensures legal
compliance[20], while evaluating responsiveness and user-
friendliness guarantees a satisfactory user experience [21].
Despite the benefits of non-functional testing in real time
environment, the testing process can be labour-intensive and
expensive, often surpassing 60% of project expenses as
highlighted by [14]. However, automation of testing through a
test case generation can ultimately offers cost reduction,
efficiency and improvement through streamlined processes for
faster test execution [22] . In essence, such a process of
creating specific test cases based on various criteria such as
requirements, specifications, or user scenarios that are essential
for meeting reliability, efficiency, performance, safety,
compliance, and user experience standards in critical
applications. Therefore, a review of test case generation will be
found in the next section.

. CHALLENGES IN TEST CASE GENERATION

Metaheuristic algorithms have improved test case
generation, but challenges remain, including scalability issues,
parameter tuning difficulties, and the high computational cost
of hybrid approaches [23]. In the early stages of software
testing automation, many test case generators relied on meta-
heuristic gradient descent algorithms [24], [25]. This approach
outlined test case generation as a computationally challenging
optimization problem [26]. According to [27], [28], [29],
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highlighted the critical and time-consuming nature of producing
test cases.

Similarly, [1] suggested generating test cases from various
sources such as requirements, specifications, source code, or
design documentation, particularly for mass-level testing.
However, the above method can introduce complexities, such
as the need to manage and integrate information from diverse
sources, which can be time-consuming and require significant
effort to ensure consistency and completeness. Also, [30]
improved test planning by using design-based testing to
evaluate the application's performance based on requirement
specifications and design documentation. However, design-
based testing faces challenges such as dependency on accurate
and complete design documentation, as errors or omissions can
lead to inadequate test cases. Establishing a robust framework
also requires significant initial effort and resources, involving
time-consuming tasks like creating detailed design documents
and aligning them with test cases.

[31] aargued the challenges with test cases in software
testing that make generation essential due to insufficient code
coverage, which can lead to undetected bugs. [32] report poor
design or thoroughness may result in unnoticed defects, and
redundant tests could provide no additional value. [33] argued
that the under-testing of complex code paths and ignoring
performance and scalability issues are also common challenges.
Similarly, [34], Software testing metrics encounter challenges
in execution time accuracy (system load, asynchronous
operations), uncertain cost estimation (fluctuating budgets),
requirement coverage complexities (ambiguous needs),
dependency management (integration testing issues), and
limitations of performance metrics (BCET, the shortest
execution time, and WCET, the longest execution time, to
explore test scenarios and determine the minimum and
maximum execution times of tasks in real-world prediction).

[35] emphasize the importance of coverage and execution
time in software testing, particularly for code testing and quality
control. Coverage measures how extensively a software product
is tested, assessing the proportion of code, requirements, or
functionalities exercised by a test suite [36]. Higher coverage
generally indicates a lower probability of undetected software
defects [12].

Coverage criteria include Statement coverage which
calculates the percentage of executable statements that have
been tested. Branch coverage measures the percentage of
decision points that have been executed. Path coverage
determines the percentage of unique code paths that have been
traversed. Function coverage assesses the percentage of
functions or methods that have been called during testing[37].

Achieving high coverage ensures thorough testing of
various parts of the code, thereby reducing the risk of
undetected bugs [38]. However, high coverage does not
guarantee the absence of defects, as some test cases or scenarios
might still be missed [39].

High coverage is important because it indicates that more
of the codebase has been tested, potentially uncovering more
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defects. It provides confidence that the code has been
thoroughly tested, contributing to higher software quality. High
coverage helps maintain quality over time by ensuring new
changes are tested [40]. However, achieving 100% coverage is
often impractical due to complex code paths and conditions.
High coverage does not necessarily mean tests are effective; test
quality is crucial. Instrumenting code for coverage analysis can
introduce performance overhead, affecting execution time [41].

Execution time, referring to the duration needed to run
code or a test suite, is crucial in software testing for various
reasons[42]. It is utilized in performance testing to evaluate
software responsiveness, throughput, and efficiency under
diverse loads and conditions [14]. Additionally, it serves as a
benchmarking tool to compare the performance of different
algorithms, implementations, or software versions. Analyzing
execution time aids in identifying performance bottlenecks and
optimization opportunities within the codebase, which is
essential for efficient resource allocation, including determining
hardware requirements[42].

However, execution time issues can adversely affect user
experience and efficiency. Longer execution times can result in
slower convergence, increased time consumption, and higher
costs[43]. Optimizing execution time is complex due to
dependencies and the need to balance factors like memory usage
and computational power. Moreover, hoth coverage and
execution time are indispensable for high-quality software while
comprehensive coverage ensures robustness and correctness,
efficient execution time ensures performance and scalability,
often involving automated testing and optimization techniques
[44].

(AVA MANUAL TEST CASE GENERATION

Prior studies [45], [46] argue that manual test case
generation have extensively explored various methodologies
and approaches within software testing, highlighting its
foundational role in the field. However, while manual test case
generation has historically been crucial, it is increasingly seen
as labour-intensive and potentially error-prone compared to
automated methods. For example, [47] highlighted the
challenges and complexities involved in manual test case
generation, advocating structured approaches to maintain
effectiveness, while [48] emphasized the importance of
thoroughness and precision in manual test case generation,
particularly in early software development practices.

Critically, scalability issues in large-scale projects have
been identified as a significant limitation of manual test case
generation, as noted by [49], who argued for automated testing
frameworks to enhance efficiency and coverage, highlighting
those manual processes may introduce biases and
inconsistencies due to human error, which automated testing
can mitigate.

Despite these challenges, several studies [24], [25], [31]
also have highlighted some drawbacks of manual testing, such
as time-consuming, proneness to errors, which complicates
defect detection. For instance, [50] emphasized the significant
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time and effort required for manual test case generation, leading
to a growing interest in semi-automated or fully automated
methods based on specified requirements and design documents
[51].

Moreover, [52]highlighted that automated test case
generation not only reduces defects and errors but also saves
time and effort compared to manual testing. While manual
testing provides a perspective from an end-user standpoint,
assessing software performance and uncovering bugs, it
requires substantial resources. However, full automation
remains impractical in some contexts, underscoring the
continued necessity of manual testing as a crucial preliminary
step before automation implementation [53].

In real-time systems, manual testing often falls short
because it cannot consistently replicate precise timing and
performance requirements, making automated testing essential
for simulating and measuring exact timings and responses. The
Instrument PUT, referring to the program or system undergoing
testing, is classified as a real-time system based on specific
requirements such as strict timing constraints, deterministic
behavior, immediate processing needs, and priority task
scheduling, using predefined inputs or test cases as benchmarks
for expected performance across various conditions. Hence,
automated test case generation is discussed in the following
section to address these specific requirements.

V. AUTOMATED TEST CASES GENERATION

Automatic test cases are essential in software
development, aiding in fault assessment and resolution, as
highlighted by [54]. While generating test cases can be time-
consuming, various tools streamline the process, enhancing its
efficiency. Factors such as execution time and path coverage
significantly influence testing efficiency and effectiveness, as
noted by[55].

Further studies [56], [57] highlight the importance of
optimizing execution time to improve fault detection rates and
enhance overall thoroughness of the test suite, considering
resource constraints and minimizing computational overhead.
Additionally, [58] emphasizes that lengthy test cases can
impede thorough testing, potentially leaving some software
areas inadequately tested. Optimizing execution time not only
improves path coverage but also enhances fault detection rates
and overall test suite thoroughness, as observed by [24], [59].

[60] discuss how automated testing aims to generate test
cases that meet specific coverage criteria, ensuring efficiency,
effectiveness, and comprehensive fault detection, while also
enhancing software quality and optimizing testing processes
through considerations of execution time and path coverage.

This study focuses on automatic test case generation to
simultaneously minimize BCET, ACET, and WCET. The
research will employ a proposed HSPSO framework,
incorporating a fitness function and its algorithms as part of the
theoretical development and implementation. Recent studies
will serve as references to validate and compare results,
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specifically addressing problems related to test case generation
in execution time.

VI. TECHNIQUE FOR AUTOMATED TEST CASE
GENERATION

Automated test case generation aims to maximize
coverage of test goals in the SUT based on selected adequacy
criteria such as branch coverage[61]To achieve comprehensive
coverage, test cases need to be designed with the maximum
potential for detecting errors or bugs [62], ensuring their
effectiveness is measured by the number of reported defects or
errors.

[63] identify test cases generation that meet specific
criteria, aiding in the identification of potential issues.
Automated test case generation streamlines the process,
reducing the time and cost associated with developing test
cases. [64] utilize automated heuristics for generating test cases
or data. Among these methods, SBST stands out, offering a
versatile approach for various test case creation objectives,
testing levels, and other features. SBST entails generating new
test cases from initially random ones to minimize and eliminate
their distance from undiscovered targets. Meta-heuristics like
GA play a crucial role in this process.

According to [65] , SBST is useful for identifying inputs
causing long or short software execution times. It can generate
test data, prioritize test cases, reduce test suites, optimize test
oracles, lower the cost of using human oracles, test service-
oriented architectures, build test suites for interaction testing,
and validate real-time properties [66].

Due to their heuristic nature, SBST procedures require
empirical examination to assess their effectiveness and
scalability in achieving test goals. However, there's considerable
heterogeneity in the literature regarding methods used to
empirically study SBST strategies[2]. In terms of test case
execution time, the literature offers a thorough description of
several evolutionary and swarm intelligence approaches like
GA, ABC, HS, ACO, PSO, FA, and CS[61], [67], [68], [69],
[70].

A. Single Techniques

Metaheuristics have been found to be the most efficient
way for tackling many difficult optimization problems [71].
According to [72] metaheuristics is a computational technique
where the problem is iteratively optimized to improve the
proposed solution. Because they may achieve good outcomes
depending on execution times, many metaheuristic algorithms
have been created to help logistics planners carry out their daily
operations in a realistic manner [73]. When using single-based
algorithms, it ends the search after just one starting point. In
order to enhance their solution, it will investigate the areas
around it [71]. Thus, Optimization algorithms are discussed in
details.

> Genetic Algorithm (GA):

Fraser and Bremermann are credited with conceptualizing
the Genetic Algorithm (GA), a meta-heuristic method devised
by Holland in 1975 [74]. GA finds applications in search and
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optimization problems. Initially, populations are randomly
created, and then GA evolves them using genetic operators like
mutation and crossover. Fitness assessment selects the fittest
members of the evolving population, crucially relying on a well-
defined fitness function to validate GA's efficacy and
efficiency.

Population diversity, crossover probability, and mutation
probabilities significantly impact the quality of the best answer.
Several studies, including those by [75], [76], have employed
this fitness function. The process continues until halting
conditions are met. In software testing, GA is utilized for test
data generation, mutant optimization, and test data
minimization [77]. Despite its diverse applications in SBMT,
research on GA has been conducted in various approaches

In the early 1990s, GA was utilized for test case
generation,[78] applied mutation analysis to improve test cases
for integration testing with GA. (Khari & Kumar, 2019)
optimized C# parser test cases using GA. [76], [80] have
proposed a GA model to reveal flaws by breaking the target
program into small parts, effectively reducing the cost and
execution time of test cases.

[81] employed GA to reduce mutants, improving WS-
BPEL compositions' initial test cases' quality. Additionally,
[82] optimized test cases using mutation analysis and assessed
them across 10 open-source libraries. [83] introduced a better
grouping technique to cover various paths efficiently using GA,
reducing search space for test data.

[84] have proposed test case generation to attain maximum
path coverage, it can be challenging to emphasise covering a
crucial path in a test resource. [85], used GA for automated test
data generation, satisfying decision and condition coverage
criteria. [86] combined local and global test data optimization
using GA for test data generation. In this study by [87] have
proposed GA for data flow test case generation, reducing test
cases but with no effect on coverage percentage.

According to [59], designed a global search method using
GA for search-based optimization techniques, demonstrating its
effectiveness since 1992 in structural software testing. [88]
prioritized fault-based regression test cases using GA,
achieving total fault coverage with minimal execution time.
[29] employed GA to cover branches, proposing a branch
distance fitness function based on similarity. [89] compared
fitness functions with GA for path coverage, effectively
creating test cases for the goal path while determining branch
distance fitness.

According to [90] have developed test sequences covering
transitions and classes using GA. [86] combined GA & PSO to
generate fewer but distinct test scenarios. [91] proposed a GA-
based Whole Suite (WS) generation approach, generating all
test cases at once. [92] suggested combining scatter search with
GA for path prediction in NLP programs.

Overall, genetic algorithms prove useful for automating

software testing [93], outperforming local and thorough search
methods, despite challenges such as excessive iterations and
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early convergence [94]. However, determining when to halt the
search remains a random choice.

» Ant Colony Optimization (ACO):

Ant behavior was first studied in the early 1970s. The
behavior was then refined into an optimization technique by
[95]. After then, Dorigo published more studies on ant colony
optimization, including [95]. ACO is a metaheuristic method
that can be used for a variety of issues. The idea behind it is to
find the quickest path between food sources and colonies.

ACO is a metaheuristic technique inspired by the
stigmaria behavior of ants in finding the quickest path between
food sources and colonies [96]. Since its introduction, ACO has
become one of the most commonly used metaheuristics for
solving combinatorial problems. Many researchers have
explored basic versions of ACO and introduced updates to
achieve better results.

Studies [97], [98] have applied ACO to maximize code
coverage among test cases by mimicking ants' foraging
behavior. The experimental findings have demonstrated that
this approach can outperform other cutting-edge approaches in
terms of solution quality and search effectiveness. [99] have
developed ACO to prioritize test cases based on identified
defects, execution time, and fault severity, efficiently
optimizing test case orderings. According to [100] ACO has
been proposed for various testing tasks, including test case
selection to minimize execution time and maximize fault
coverage and automatic test data generation in mutation testing.

[101] suggested ACO for test case prioritization and
selection, yielding solutions close to optimum. Enhanced ACO
algorithms have also been introduced to address limitations and
improve search effectiveness [102].

[103] have suggested new methods built on ACO. The
results demonstrate that this method's test vectors outperform
other simulated-based ATPGs in terms of highest fault coverage
in the shortest amount of time for a number of benchmark
circuits. While ACO has shown promise, it has some
drawbacks, such as slower convergence performance for local
minimums due to the lack of operators like crossover found in
GA [104]. Comparatively, ACO has demonstrated better
effectiveness and capability in locating optimal solutions than
GA [105]. However, further research is needed to explore
ACO's performance in test case generation, filling a gap in the
literature

» Harmony Search Optimization (HS):

HS algorithm was developed by Geem et al. (2001) to
tackle practical optimization problems, drawing inspiration
from the process of seeking better musical harmony. It operates
on the principle of musician seeking pleasing harmony, the
algorithm continually adjusts parameters to achieve optimal
solutions. The HS algorithm is versatile, capable of solving both
discrete and continuous problems, and comprises two optional
and three mandatory control settings [106].

[107] have further explored the HS algorithm's potential,
emphasizing its adaptability to various problem types. The
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algorithm retains its original principles while incorporating
dynamic parameter adjustments based on previous values,
enhancing its effectiveness. Additionally, alternative iterations
of the HS method, such as the global-best harmony search
(GHS) proposed by [108], offer simplified pitch adjustment
processes to improve efficiency.

[109] have proposed variations of the HS algorithm, such
as the novel global harmony search (NGHS) and the dynamic
control parameters harmony search (NDHS), introduce
innovative features like genetic mutation operations and
dynamic parameter adaptation systems. [110] propose an
improve variations of the algorithm's performance and
versatility in solving optimization problems.

The original HS algorithm's memory consideration, pitch
adjustment, and random selection, while dynamically updating
the PAR and BW parameter values is shown in egn (1)

PAR,, — PAR

maxNI

PAR() = PARpy, + mn ¢ (1)

Where is the pitch adjustment rate in generation t, are the
maximum and minimum adjustment rate respectively.
Following, the generation number dynamically modifies the
first parameter PAR is shown in egn (2)

PAR ()= PARniny + ( PARmax) — PAR(min)) -©
- kt(maxN) (2)

Furthermore, the learning automata-based harmony search
(LAHS) proposed by [111], [112] introduces a learning
mechanism that adjusts parameters based on feedback signals,
enhancing adaptability and efficiency.

Despite these advancements, theoretical analyses of HS
variations remain limited [113] compared to other population-
based algorithms like GA and ACO. Moreover, research on the
effectiveness of HS in test case generation is scarce [114],
indicating a gap in the literature that warrants further
exploration. Future studies should focus on examining the
probabilistic convergence qualities of HS and providing
comprehensive population convergence proofs to enhance its
theoretical foundation.

» Firefly Algorithm (FA):

[115] first proposed FA, a metaheuristic algorithm based
on swarms inspired by fireflies. These insects possess the ability
to produce light through a biological mechanism called
bioluminescence [112], [116]. However, its precise intended
application remains unknown [115] . The two primary
functions of fireflies are the attraction of potential prey and the
search for mates. Additionally, the flashing light serves to shield
them from other predators [106], [117]

When developing the firefly algorithm, three fundamental
assumptions or rules were idealized [118]. Firstly, all fireflies
are assumed to be unisex. Secondly, the attractiveness of a
firefly is inversely correlated with the brightness of its flash.
Thirdly, brightness diminishes as distance increases [119].

According to[116]has propose FA for generating and
optimizing random test cases. The results demonstrate that this
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algorithm is capable of efficiently and effectively generating
suitable automated test cases and test data. [120] have propose
a test case minimization method performed on UML state charts
to produce optimal test cases while considering higher coverage
criteria. The results show successful coverage of various types
of test coverage, including all states, all transitions, all transition
pairs, and all-one-loop paths, while minimizing the number of
test cases.

[121] also propose FA to solve high-dimensional
problems, with results showing accuracy in finding optimal
solutions and fast convergence speeds. Similarly, [122] have
propose noisy non-linear continuous mathematical models to
find optimal solutions, with FA showing better performance for
higher levels of noise. [123] have developed a new version of
FA that uses a Gaussian distribution to speed up convergence,
resulting in more accurate and promising experimental results
compared to traditional FA.

Likewise, [124] have develop a framework for analysing
the inefficiency and convergence studies of meta-heuristics,
examining the effects of Levy flight and Gaussian random walk
on meta-heuristic outcomes. Similarly, [125], uses Levy flight
movement strategy as inspiration, develop a new meta-heuristic
firefly algorithm that will outperform PSO and GA in terms of
efficacy and success rates [115] analysed the convergence and
effectiveness for various meta-heuristics, including cuckoo
search, FA, swarm intelligence, Levy flight, and random walk.

[126] have proposed the combination of chaotic maps with
the firefly algorithm to improve convergence, enabling
effective escape from local optima. In [127], a parallelized
firefly algorithm is tested using common benchmark functions,
resulting in a quick and less time-consuming algorithm.
However, it is only applicable when considering more than one
population generation. FA has undergone numerous changes
and advancements in the past.

FA is useful for synchronizing and successfully locating
both global and local solutions, as well as for simultaneous
implementation due to the independence of the fireflies.
However, it is essential to adjust parameters such as
randomization, attractiveness, and absorption coefficient [128].
Hence, no research done on the performance of FA in test case
generation, this research will fill the gap.

» Cuckoo Search (CS):

[129] highlighted the swarm-based metaheuristic search
algorithm CS for global optimization that mimics cuckoo
behavior. The bird removes the host bird's eggs in addition to
laying its own eggs in the nest of another species. The egg will
be well-cared for if it resembles the host bird's egg and the latter
is unable to tell the difference between the two [23]. The host
bird, however, will either abandon the nest or push the eggs
outside if it learns they are not its own.

According to [130], the chances of being found by the host
bird are between 0 and 1. [131] investigated the spring and
welded bean designs and contrasted the outcomes with CS and
its derivatives have been effectively investigated and
implemented by numerous researchers in a variety of test case
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generation. [54] have develop the cuckoo search approach for
selecting the best test cases for software testing. This approach
has been compared to the hill climbing algorithm, the higher
performance. The method's computational complexity must be
improved.

[132] have suggested using the Cuckoo algorithm in software
testing to make the process less complicated. The results
outperformed the Firefly algorithm in terms of time and cost.
The method's efficacy has to be increased. [133] have
suggested using the cuckoo search algorithm to identify the best
software testing test case. The performance of this approach is
better than that of the hill climbing algorithm. The method's
computational complexity must be decreased.

The Pairwise Cuckoo Search strategy (PairCS), a new pairwise
approach based on Cuckoo Search, has been developed by
[133]. The outcomes using PairCS have been encouraging as
they were able to obtain good test sizes for the majority of the
configurations taken into consideration and exceed the current
nature-inspired-based as well as other computational-based
tactics.

[134] has developed CS to reduce test case quantity in
configuration-aware  structural testing, showcasing its
effectiveness in both combinatorial optimization and software
testing. In [129] a heuristic method combining CS, Lévy flight,
and TS have been proposed for test data generation. This
method demonstrates superior performance compared to other
meta-heuristic techniques in terms of node coverage, iterations,
and parameter counts. CS stands out among search algorithms
like GA, PSO, ACO, and ABC due to its efficiency and global
convergence, making it a prominent choice for researchers in
the testing industry. However, further research on Cuckoo
Search's performance in test case generation is needed to
address existing gaps in the field.

» Particle Swarm Optimization (PSO):

[135], develop PSO, a swarm intelligence-based
optimization method inspired by bird flocking behavior.
Several studies [136], [137], [138], highlight PSO operations
with a population of potential solutions, each assigned a
randomly generated velocity, these solutions referred to as
particles, move in hyperspace to find the optimal answer
through social and individual behavior. [139], presented the
movement of particles, the best solution guides others towards
better positions, facilitating quick convergence.  [140],
introduce a PSO simpler initialization compared to genetic
algorithms GAs and demonstrates efficiency in finding the ideal
solution when termination requirements are met.

Further studies [141], [142] have proposed various
modifications to PSO, addressing parameter adjustment,
neighbourhood topology, and sub-swarm topology. [143],
[144] have propose a PSO method paired with metamorphic
relations to reduce the cost of test data generation. [145]
introduces PSAPF, combining PSO and APF to handle high
dimensionality, albeit with a high evaluation cost. ( [146]
demonstrate PSQO's superiority in covering critical paths
compared to branch distance fitness functions. [147] have
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propsed prioritization of test cases efficiently using PSO for
regression testing.

Similarly, [83], [148]have applied PSO's effectiveness in
generating test data compared to GA. [136], [137], [138] have
introduce APSO and GPSCA, respectively to improve test data
production efficiency. [149] have proposed RAPSO, which
outperforms APSO and GPSCA in convergence speed. [150],
[151] has developed PSO to create test cases while fully
covering program codes. Despite improvements, PSO's
performance in high-dimensional search spaces remains
limited. Hence, no research done on the performance of PSO in
test case generation, this research will fill the gap.

> Artificial Bee Colony (ABC):

A swarm-based optimization method called Artificial Bee
Colony (ABC), proposed by [152], mimics the behaviour of
bees to solve optimization problems. The colony includes
worker, employed, and scout bees, simulating the foraging
process. ABC has been applied in software testing, offering
efficiency in terms of time and cost [153].

(Lakshminarayana & Sureshkumar, 2020), introduced
ABC to minimize execution time and optimize clusters for
datasets, showing improved efficiency compared to PSO. [154]
proposed ABC for software test suite management and
automatic pathway development, accelerating test suite
optimization.

[155] utilized an ABC-based strategy with symbolic
execution, yielding satisfactory results, despite drawbacks such
as slow convergence due to the lack of crossover operators like
GA. Additionally, ABC has not been applied to the test case
execution time problem, highlighting a research gap that needs
to be addressed.

» Hill Climbing Algorithm (HC):

One meta-heuristic search method that attempts to
enhance the current solution by investigating all of its neighbors
in the search space is hill climbing [156]. The HC algorithm is
applied to functional and non-functional empirical values;
sometimes, these empirical values can be missing. It produces
quick results and is a straightforward procedure that starts with
the selection of the first candidate solution at random in the
initialization stage. After that, all of its neighbors are searched
and assessed until no better answer can be located.

[81] highlighted the major drawback of this technique as
local convergence, the search includes only the neighborhood
space. (Gutjahr & Montemanni, 2019) has developed
requirements for three properties of convergence: convergence
to a global optimum, convergence in the distribution of the
generated solutions, and asymptotic independence of the initial
conditions; they also describe the pace of convergence.

[157] have proposed the use of HC with GA to handle the
influx of numerous higher-order mutants produced from lower-
order mutants. In another study, (R. A. Silva et al., 2017) have
employed the Alternating Variable Method, a HC version, to
provide test data for mutation testing with a better fitness
function. (Jana et al., 2018; Pizzoleto et al., 2019) have
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proposed a local convergence as the main flaw of this technique
because the search only covers the neighbourhood space.
Hence, further studies are needed as no research has been done
on the performance of HC in test case generation; this research
will fill the gap.

» Simulated Annealing (SA):

Simulated annealing (SA) is a simple and reliable method
that, with a significant reduction in calculation time, offers
effective solutions to single- and multiple-objective
optimisation problems. Itis a way to get a Pareto set of solutions
for multi-objective optimisation issues as well as an optimal
solution to a single-objective optimisation problem [158].

Previous studies [9], [159]have demonstrated that a
simulating annealing model could be utilized to solve
optimization problems where the energy of the metal's states is
the goal function to be minimized. Nowadays, SA is one of
many heuristic methods that aim to provide a good, but not
always ideal, solution. It can easily handle mixed discrete and
continuous problems and is easy to formulate.

Prior research [160], [161] highlighted the application of
SA algorithm in solving optimization problems. For example,
[162] have employed SA to address the issue of machine
loading in the Flexible Manufacturing System (FMS) in an
effort to reduce system imbalance. Another study by [163] has
establish the routes of vehicles and delivery quantities for each
retailer in a one-warehouse multi-retailer distribution system,
the multi-period multi-stop transportation planning problem has
been taken into consideration.

[164] have suggested lowering the overall product
delivery transportation distance over the planning horizon in
order to meet retailer requests. [151] defined a priority list as
any permutation of a set of symbols in which the symbol of each
job appears exactly as many times as its operations. They have
also suggested a two-stage heuristic algorithm based on SA as
an alternative for large problems that cannot be solved by the
column generation algorithm in a reasonable amount of time.
Every potential plan evolves in the same manner, and every
workable schedule may be inherently connected to a list of
priorities.

As a result, priority lists serve as an example of timetables
that are realistic and prevent the issues that arise from
unrealistic schedules. [165] has introduced a priority list-based
Monte Carlo SA implementation that competes with the top
schedule-based SA and tabu search strategies at the time. The
modified insertion scheme (MIS), a proposed perturbation
method, has been used to create new task sequences that have
been used in the proposed SA algorithm to get a close to global
optimal result.

The SA algorithm with the suggested MIS significantly
reduced system imbalance. The FMS machine loading issue has
presented its other applications [166], part classification [167],
resource constrained project scheduling [168], etc. In another
study [96] proposed a two stage SA algorithm to generate water
distribution pump schedules quickly enough for everyday use.
The model was created based on autonomous interaction with a
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hydraulic simulator, which addresses nonlinear impacts from
changing reservoir levels.

Similar study by [169] have employed it to cluster
database tuples. They have tried to apply SA in circuit board
layout design, and their experience suggests that doing so could
be helpful for clustering tuples in a database to improve query
response time. It has recently been used for pattern recognition,
object categorization, and optimization in addition to
optimization [170].

[171] have suggested a hybrid approach to pattern
recognition that uses evolutionary algorithms and quick SA to
identify patterns that have been transformed by rotation,
scaling, or translation alone or in combination. The object
recognition issue has been defined as the matching of a global
model graph with an input scene graph that either represents a
single object or numerous overlapping objects.

[172] Analyse simulated annealing at a fixed temperature.
[173] demonstrates how employing random restarts can
increase convergence rates and talks about broad acceptance
probabilities. For thorough analyses of the convergence
findings of simulated annealing. [174]. Another study by [175]
has proposed a fresh technique for altering the parameters of
multi-objective optimization algorithms online.

The SA-based method has been used to optimize the
parameters. Measure C and generalization distance have been
taken into consideration as objective functions. They have
undergone optimization to achieve the best algorithmic
parameter values. Any multi-objective optimization algorithm
can be used to apply the described technique. When SA is
compared against other methods, the computational results in
the aforementioned literature have mixed findings.

[40] proposed SA to resolve the path testing issue. In order
to cover the goal path and shorten execution time, their work
has made use of the GA, SA, and PSO algorithms. Because SA
can swiftly produce test data that covers the target path,
experimental results demonstrate that SA is the ideal
evolutionary algorithm for path testing.

Similarly, [176] presents GA and SA, compare the
effectiveness of each algorithm based on how many generations
are needed to obtain the desired result and how long it takes to
create the test cases. The findings show that GA is preferable to
SA since more work needs to be done on SA's test case
development than on other coverage criteria like branch
coverage and data flow testing.

Therefore, it is too soon to evaluate SA's performance. By
utilising an optimal annealing schedule, other algorithmic
parameters, and combining SA with another algorithm, multi-
objective multi-objective algorithms can perform better.
Consequently, utilising SA is limited in the domain of
optimising testing of non-functional software system properties.
Hence, there is need for further studies.
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Table 1 shows the summary of the strength and
weaknesses based on evolutionary computations and Swarm
intelligence-based algorithms include genetic algorithm (GA),
ant colony optimization (ACO), harmony search (HS), firefly
algorithm (FA), cuckoo search (CS), particle swarm
optimization (PSO), artificial bee colony (ABC), Hill
Climbing Algorithm (HC), Simulating Annealing (SA).

The majority of algorithms have benefits and drawbacks.
One of the earliest Evolutionary Algorithms (EASs) that has
been effectively used in the development of test cases, for
instance, is GA. It can provide numerous solutions to a
problem and resolve any optimisation issue that can be
specified through chromosomal encoding.

Nonetheless, it requires algorithm-specific factors such
as mutation, crossover, and reproduction for optimal tuning.
Moreover, there is no assurance that a genetic algorithm will
identify a global optimum, and comprehending the intricacies
of simulation-optimization linkages requires considerable
work. ACO has a high convergence speed and is robust enough
to deal with complex, non-linear, and non-uniform situations.
Nevertheless, the computation of a problem is affected when
it is of the explicit or implicit stochastic type. Additionally, it
requires tweaking factors like evaporation, metaheuristic data,
and relative pheromone trails [177]
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HS has fewer mathematical requirements and does not
require the initial value to set the decision variables, although
having more factors like memory size and pitch adjustment. In
addition, the speed at which the memory and nearby values are
selected matters [178].

FA is helpful in synchronizing and successfully locating
both global and local solutions. Because separate fireflies can
operate independently, FA is helpful for parallel
implementation. According to [121], the randomization
parameter, attraction, and absorption coefficient all need to be
tuned.

Levy flights, a technique used by CS, improve the
exploration of the search space. An effective and universal
convergence solution is offered by CS.

PSO is easy to code, offers quick convergence, has a
memory-like quality, and has a low computational cost.
However, it is necessary to fine-tune variables like inertia
weight, social, and cognitive characteristics. The method can
produce a global solution if the parameters are properly
adjusted [179].

ABC is adaptable, straightforward, durable, simple to
use, and capable of conducting a global search. However, it
involves modifying parameters like scout, onlooker, and
employed bees and is rather slow in sequential processing
[180].

Table 1 Summary of Strength and Weaknesses of Single Algorith

Authors Algorithms Strengths Weaknesses
[181] Genetic algorithm It is capable of solving any optimisation Algorithm-specific characteristics like
(GA) problem that can be represented using mutation, crossover, and reproduction
chromosomal encoding. It can provide must be correctly tuned. The discovery
numerous solutions for resolving a of a global optimum using a genetic
problem. algorithm is not guaranteed.
[182] Ant Colony It has the strength to handle challenging, When a situation is stochastic either
Optimization (ACO) non-uniform, non-linear problems. It can | explicitly or implicitly, its computation is
converge in a short time. altered. Evaporation, heuristic data, and
relative pheromone trails are a few
tuning parameters that are required.
[180] Artificial Bee Colony It is adaptable, straightforward, durable, | Sequential processing is quite sluggish. It
(ABC) modest to use, and capable of doing a needs to be tuned using factors like
global search. It can investigate local scout, onlooker, and employed bees.
search.
[183] Particle Swarm It needs minimal computational effort It is necessary to tune variables like
Optimization (PSO) and provides fast convergence. Its quality inertia weight, social, and cognitive
is depending on memory. characteristics. The population is not
spread out widely enough.
[58] Harmony Search (HS) | HS has fewer mathematical requirements Pitch adjustment and memory size are
and does not require the starting value to among the many variables required.
set the decision variables. Furthermore, the rate at which the
memory and surrounding is important.
[115] Firefly Algorithm (FA) It is helpful in synchronising and It needs the randomization parameter to
successfully identifying both global and be tuned, as well as attraction and
local solutions. Because separate fireflies absorption coefficient.
can function independently, FA is helpful
for parallel implementation.
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[129] Cuckoo Search (CS) It utilises Levy flights, a technique that The findings are not particularly
facilitates exploration of the search sensitive to these settings, and it only
space. CS provides an efficient global needs a few tuning parameters, such the
convergence solution. probability factor.
[184] Hill Climbing (HC) It requires much less conditions than Due to the possibility of becoming stuck
other search algorithms, it is good for at the local maximum, it is unable to
finding local minima/maxima efficiently | locate the global optimal (best possible)
and its good option in optimizing solution and never moves in the direction
problems when limited to computational of a lower value that is definitely
power. incomplete.
[185] Simulating Annealling it accepts solutions that are poor It can be a time-consuming procedure,
(SA) compared to the best candidate, it is depending on which materials are being
simple to implement and has the annealed. Since it is metaheuristic and
potential to find a global optimal even always possible to get stuck at local
after a local minimum has been achieved. minima, several parameters need to be
adjusted.

B. Hybrid Metaheuristic Techniques

A crucial component of software testing, which aims to
ensure the quality and dependability of software systems, is the
creation of software test cases for testing a system's non-
functional qualities [186]. In order to automate the process of
creating test cases and, consequently, provide solutions for a
more efficient testing procedure, metaheuristic search
techniques have become widely used. A metaheuristic is an
advanced approach or heuristic that looks for, creates, or selects
a heuristic that might offer a good enough solution to an
optimisation problem [128].

The main objective is to illustrate the most advanced
search-based metaheuristic optimisation methods used to
evaluate test case execution time[128]. Employing search-based
approaches or meta-heuristics with a particular fitness function
to direct the search towards a possibly viable solution inside a
search space, test data production can be automated [64].

Combinations of two or more algorithms that cooperate
and enhance one another to produce a beneficial synergy are
known as hybrid algorithms[187]. These algorithms are often
referred to as hybrid metaheuristics [188].

Prior literature examines the existing research on hybrid
algorithms in the context of software test case generation. PSO
is a common example of a hybrid algorithm [189] and
combining it with other auxiliary search methods appears to
significantly enhance its performance [190]. Genetic algorithm
hybrids, which combine genetic operators with other
techniques, are the most extensively researched. PSO has used
genetic operators including crossover, mutation, and selection
to generate better candidates [191].

One prominent hybrid algorithm that has been widely
studied is the Genetic Algorithm-Particle Swarm Optimization
(GA-PSO) approach [192] combining GA and PSO to generate
test cases for object-oriented software. Their results
demonstrated that the hybrid approach outperformed traditional
methods in terms of achieving higher coverage and detecting
more faults.
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Although, [192] did not only requires the selection and
fine-tuning of several parameters, such as population size,
mutation rate, crossover rate, swarm size, inertia weight, and
acceleration coefficients. But finding of this approach shows the
optimal values for the above mention parameters can be a
challenging task and might require significant experimentation
and expertise.

In [193], the Hybrid Genetic Particle Swarm Technique
Algorithm (HGPSTA) was presented, which combines the
strengths of PSO and GA with a novel multi-objective fitness
function to produce test cases that are effective in terms of the
number of generations. Experimental results show HGPSTA
compared with GA and PSO performs better and achieves 100%
coverage in a smaller number of generations. However, the
search functions are iterated for sufficient number of
generations.

Hybrid Ant Colony Genetic Algorithm (HACGA) has
been proposed in similar studies [194] to maximise test case
effectiveness and prevent the issue of becoming trapped in local
optima. The result reduces the total time needed to execute a
test case and outperforms conventional methods.

In [195] have proposed Cuckoo Search and Bee Colony
Algorithm (CSBCA) to provide path coverage and optimise test
cases in the shortest amount of execution time. The results
demonstrate that, in comparison to PSO, CS, FA, and BCA, test
cases and test data are maximised with the least amount of time
and iterations, and have a higher fitness function value and path
coverage generation.

According to [196] have proposed a hybrid BCA to
optimize the test cases and generation of path coverage within
the minimal execution time. This gave better result in
comparison with particle swarm and Bee colony algorithm.
HBCA system took less time to choose the best test path and it
is more capable, reliable for the development of software. The
method was unable to enhance the test case or test data
generation for large programs. The approach consumed large
amount of time.
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Another hybrid algorithm, Genetic Algorithm-Ant Colony
Optimization (GA-ACO) has also been investigated by [197]
for generating test cases in the context of service-oriented
systems. The hybrid algorithm utilized the global search
capability of GA and the local search capability of ACO to
enhance the diversity and effectiveness of generated test cases.
The experimental results indicated that the GA-ACO approach
yielded higher coverage and fault detection rates compared to
traditional methods. Although, this hybrid approach can be
computationally expensive, especially for large-scale software
systems with a high number of test cases and complex search
spaces. The execution time and resource requirements can
increase significantly, impacting the overall efficiency of the
testing process. In addition, Faust et al. did not show the
complexity of search space. Moreover, they did not explore the
execution time and resource requirements.

Similarly, [198] has propose the utilization of ant colony
optimization (ACO) and genetic algorithm (GA) to improve the
fault detection rate. Previous research has focused on single
objective solutions, but this work combines ACO and GA to
offer a multi-objective solution. Experimental evaluations
considering test case quantity, iterations, and ant traversal path
demonstrate that the proposed model outperforms existing
methods, achieving high fault detection rates.

Overall, the study presents an effective approach for test
case prioritization in regression testing, yielding superior results
compared to current approaches. The adoption of a real-time
TCP dataset, and evaluation was not considered in this
approach. Hence the need for more research to investigated
other hybrid such as HSPSO.

Table 2 shows the summary of strength and weaknesses
based on evolutionary computations and Swarm intelligence-
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Additionally, a hybrid algorithm combining GA and Tabu
Search (GA-TS) has been explored. For example, [199] have
presented a GA-TS-based approach for test case generation in
software product lines. The hybrid algorithm aimed to
effectively explore the large search space and improve the
efficiency of test case generation. The experimental analysis
showed that the GA-TS strategy was superior in terms of
coverage and fault detection rates. This approach has limit as
difficulty in handling constraints such as resource constraints,
and dependencies among test cases. This limitation can impact
its ability to generate test cases that adequately cover the
specific non-functional properties of the software under test.
Moreover, in order to minimize this limitation another hybrid
such as HSPSO should be utilized in test case generation of
execution time of software system.

The aim of this study is to propose a hybrid algorithm that
will be assisted in resolving the issue of time consumption for
generating test cases in software testing especially when
associated with poor requirement gathering. However, further
study is required to determine the performance and structure of
the presented algorithms to outperform the HGPSTA and
PSABC especially when involving more complex programs.
However, this study proposes the combination of HS and PSO
named HSPSO which has strengths of both the algorithms. The
proposed HSPSO algorithm will have advantages of both the
algorithms which will enable the algorithm to optimized test
case with a less execution time, demonstrate fast convergence
and avoid local optima problem.

based algorithms include HGPSTA, PSABC, HACGA,
CSBCA, GA-PSO, GA-ACO and GA-TS respectively.

Table 2 Summary of Strength and Weaknesses of Hybrid Algorithms

Authors Algorithms Strengths Weaknesses
[200] Hybrid Genetic Particle Swarm It Coverage in less number of the search functions are iterated
Technique Algorithm (HGPSTA) generations. for sufficient number of
generations
[201] Particle Swarm Atrtificial Bee This approach workable, broad time to convergence is uncertain.
Colony (PSABC) applicable, very flexible, robust
against initiation and permits
modification and knowledge
introduction.
[202] Hybrid Ant Colony Genetic It has the ability to shorten the total It gets stuck in the local optima
Algorithm (HACGA) time needed to execute test cases.
[203] Cuckoo Search and Bee Colony It has a higher fitness function value | It took a lot of time to implement.
Algorithm (CSBCA) and generation of path coverage
[204] Genetic Algorithm-Particle Swarm It can produce an effective, high- It requires the selection and fine-
Optimization (GA-PSO) quality solution with more consistent | tuning of several parameters as
convergence in a shorter amount of well as significant
computational time. experimentation and expertise.
[205] Genetic Algorithm-Ant Colony It can search the subspace, locate The approach is computationally
Optimization (GA-ACO) feasible solutions before departing expensive, especially for large-
from local optima, and avoid scale software systems with a
premature convergence. high number of test cases and
complex search spaces.
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[206] GA and Tabu Search (GA-TS)

It has a superiority approach in terms
of coverage and fault detection rates.

This approach has limit in
handling resource constraints, and
dependencies among test cases

FUTURE DIRECTIONS

Despite significant progress in both single and hybrid
algorithms such as GA, ABC, HS, PSO, HGPSTA, PSABC,
HACGA, CSBCA, GA-PSO, GA-ACO, and GA-TS software
testing remains a challenging, time-consuming, and
expensive process that often fails to achieve optimal results.
Addressing issues related to test case execution time and path
coverage is crucial. This study introduces a hybrid approach
aimed at improving these aspects in software systems. Future
research should focus on adaptive metaheuristic techniques
that dynamically adjust algorithm parameters based on
software complexity [207]. Moreover, integrating machine
learning into metaheuristic optimization could further
enhance both efficiency and accuracy [208].

VII. CONCLUSION

The literature emphasizes the importance of leveraging
computing advancements to address practical challenges.
Metaheuristic algorithms, known for their broad applications,
play a key role in simplifying test case generation by utilizing
search populations to explore solution spaces in parallel.

Hybrid algorithms such as HGPSTA, PSABC,
HACGA, CSBCA, GA-PSO, GA-ACO, and GA-TS combine
different optimization strategies to enhance software test case
generation, particularly in reducing execution time. These
methods outperform traditional approaches by achieving
better test coverage, higher fault detection rates, and overall
improved efficiency.

Despite substantial empirical support for hybrid
algorithms, research on optimizing software test case
execution time using these techniques remains limited.
Addressing this gap requires further exploration of hybrid
algorithms like HSPSO to refine and improve test case
execution efficiency.

Automating test case generation with metaheuristic
algorithms has significantly enhanced the speed and
effectiveness of software testing. While GA and PSO are
widely used, hybrid models like HSPSO demonstrate superior
performance. Future advancements, incorporating adaptive
techniques and machine learning, will further strengthen
automated testing, making it more scalable, reliable, and
efficient.
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