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Automated test case generation is essential for improving software quality;
however, many-objective search-based testing approaches often experience
scalability issues when the number of test objectives increases. This
condition leads to slower convergence, higher computational effort, and
reduced ability to cover complex program structures. To address this gap,
this study proposes an enhanced version of the aDynaMOSA algorithm by
incorporating principal component analysis (PCA) to reduce redundant
objectives during the search process. The proposed method preserves
essential objective information while eliminating dependency noise that
typically slows the evolutionary search. Experiments were conducted using
the SF110 benchmark dataset through EvoSuite, and the approach was
compared with standard many-objective search strategies. The findings
demonstrate that PCA-based objective reduction can improve performance,
achieving up to 3.87%, 5.50%, and 3.75% for coverage of line, branch, and

mutation respectively. These results indicate that dimensionality reduction
can significantly enhance scalability and efficiency in automated
evolutionary test generation, providing a foundation for future adaptive and
hybrid optimization strategies.
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1. INTRODUCTION

Conventional approaches to software testing predominantly depend on human involvement [1], [2].
In this setting, testers are responsible for supplying various input scenarios to represent system functionality
and subsequently validating the produced outputs, despite having no visibility into the internal
implementation logic of the software. Consequently, such testing is highly subjective and innacurate, and
stable. This kind of software testing has a long cycle and incurs high costs, accounting for a large proportion
of the investment in software reseach and development [3], [4] search-based software testing (SBST) has
emerged as an effective approach for automating test case generation by formulating testing tasks as
optimization problems and solving them using meta-heuristic techniques such as genetic algorithms
(GAs) [5]. Within this paradigm, many-objective algorithms such as the many-objective sorting algorithm
(MOSA) and the dynamic version, DynaMOSA, have shown strong effectiveness in generating test suites
that optimize multiple coverage criteria simultaneously. To further improve scalability, aDynaMOSA
introduces adaptive mechanisms that dynamically prioritize objectives based on control dependencies and
search feedback, enabling more efficient exploration of large and complex search spaces [6].
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Despite these advances, many-objective test generation still faces scalability challenges when the
number of objectives becomes excessively large, as commonly observed in real-world software systems.
High-dimensional objective spaces reduce selection pressure and slow convergence, limiting the
effectiveness of both static and adaptive many-objective algorithms. To address this issue, dimensionality
reduction techniques have been introduced. In particular, PCA-DynaMOSA integrates principal component
analysis (PCA) with DynaMOSA to reduce redundancy among correlated objectives, improving search
efficiency while maintaining competitive coverage results.

However, existing PCA-based approaches are limited to non-adaptive many-objective settings.
PCA-DynaMOSA applies dimensionality reduction independently of adaptive objective management and
does not leverage the dynamic prioritization mechanisms that characterize aDynaMOSA. As a result, current
solutions either focus on reducing the dimensionality of the objective space without adaptivity or apply
adaptive optimization without explicitly addressing objective redundancy. The integration of dimensionality
reduction with adaptive many-objective search therefore remains underexplored.

To fill this gap, this study proposes PCA-aDynaMOSA, a novel approach that combines PCA-based
dimensionality reduction with the adaptive many-objective optimization framework of aDynaMOSA. By
embedding PCA into the adaptive search process, the proposed approach aims to simultaneously mitigate
objective explosion and exploit dynamic objective prioritization. This integration is expected to enhance
scalability and search efficiency while preserving the effectiveness of test case generation in large-scale,
many-objective testing scenarios.

2. RELATED WORKS

Heuristic search techniques have progressively ben adopted in various research domains, including
automated test case generation. One notable approach is the whole test suite (WTS) strategy implemented
within the EvoSuite framework. In this approach, Fraser et al. [7] reformulated the generation of test case
task as an optimization with a many-objective-based problem. They applied a weighted-sum strategy in
which the overall fitness score is computed by aggregating the fitness values associated with multiple
coverage targets.

Zhang and Li [8] introduced a many-objective test generation approach based on the longicorn
beetle search algorithm. Their method incorporated a total path similarity metric that evaluates multiple
execution paths in a relation to a target path set within the program. Similarly, Sahin et al. [9] developed a
full test suite generation technique utilizing an archive-based multi-criteria into a unified fitness evaluation
scheme, enabling simultaneous optimization of several objectives. The archive mechanism was further
employed to enhance search efficiency. In addressing many-objective optimization, they also adopted a
weighted-sum mechanism similar to that used in the whole suite strategy to optimize coverage targets
concurrently.

Despite the advantages of weighted-sum approaches, including the whole suite method in handling
multiple objectives more efficiently than single-objective search, they encounter difficulties when navigating
non-convex spaces, often leading to suboptimal convergence in test case generation task [10]. To overcome
this limitations, Panichella et al. [11] Introduced MOSA, a preference-based GA derived from the whole
suite concept. Unlike traditional evolutionary algorithms that emphasize popularity diversity, MOSA
prioritizes individuals whose fitness values approach zero, as the ultimate objective in test generation is to
satisfy coverage targets completely.

A significant challenge in many-objective search-based testing lies in the explosion of coverage
objectives, which can degrade search efficeincy and hinder the generation of high-coverage test cases. To
address this issue, Panichella et al. [12] Proposed DynaMOSA, an extension of MOSA that enhances
performance through dynamic target selection. In practice, coverage targets within a class are often
interdependent. For instance, in a single method, certain branches cannot be executed unless precending
branches have already been tranversed, folowing the top-down execution order of the code. Furthermore,
some objectives are hierarchially dependent on dominant branches. DynaMOSA manages these dependencies
by exploring coverage targets within a control dependency graph, where only dominant or currently
reachable objectives are considered. Targets are removed from the graph once they have been successfully
covered.

By dynamically limiting the set of achieve objectives, DynaMOSA reduced the dimensionality of
the optimization problem, thereby improving search effectiveness. Building upon this framework,
Panichella, et al. [13] later introduced a multi-criteria extension that allows simultaneous optimization of
multiple coverage metrics, such as branch coverage and line coverage within a unified search process. More
recently, research has extended search-based test case generation to incorporate non-functional properties.
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For example, Grano, et al. [6] Proposed aDynaMOSA which augments the objective space by including
execution time and memory consumption as additional optimization criteria.

3. METHOD

In this study, the aDynaMOSA is adopted as the base algorithm for generating an automatic test
case. While aDynaMOSA effectively mitigates the scalability issue of many-objective optimization by
dynamically managing target objectives, its performance may still degrade when the number of objectives
grows excessively, as commonly observed in complex software systems with dense control flow and
numerous coverage targets. To address this limitation, this research introduces a dimensionality-reduction-
based objective aggregation technique using PCA that is inspired from previous study by Li et al. [14]. PCA
has been successfully applied in prior work to reduce redundancy and correlation among coverage objectives
while preserving essential optimization information. This research proposes some problem formulations:

3.1. Single-objective optimization

The optimization process begins by generating candidate test suites composed with flexible number
of individual test cases. Each test case consists of a sequence of method invocations that may vary in
structural composition. The fitness evaluation assesses the extent to which a candidate suites satisfies the
predefined coverage objectives. Therefore, identifying an appropriate test suite T requires fulfilling all
specified testing targets, which are defined as follows:

min £,(T) = ¥y ey d(w,T) )

d(u,T): The minimum value of the distance measure associated with target u under the defined distance
function.

The function is designed to reduce the distance metric d such that d(u, T) = 0 indicates complete
coverage of target u by the execution of test suite T. Variations in coverage criteria lead to different
definitions of the distance function, which measures the degree to which the execution trace approaches
fulfillment of the objective u.

When considering branch coverage, each conditional branch in the class under test (CUT) represents
a distinct coverage objective. Thus, the problem can be moduled as identifying a test suite capable of
coverigng all such branches. The coverage status of each branch is quantified using the distance function d,
defined as follows:

min f, (T) = |M| = |My | + Xpepd (b, T) )

|M|: Total number of methods. |M;|: Number of executed methoused to search for the unexecuted method by
T.d(b,T): Normalized branch distance for branch b € B.

Terminology of |[M| — |My | describes the number of method minus by number executed methods
that used to find the unexecuted methods by T. The minimum normalized branch distance for each branch
b € B is defined as follows:

0
d(b,t) = | LmnCET D) .

Dpmin (LET, b)+1

1

(t € T, b): Represents the unnormalized branch distance over all test cases t € T. The function represents
the raw branch distance computed according to the selected distance evaluation scheme, quantifying how
close the predicate controlling branch b is to being satisfied during execution.

In strong mutation coverage, each testing target corrsponds to a modified version of the original
class, obtained by introducing an artificial change that simulates a potential fault. The objective is to
construct a test suite capable of detecting all such mutants, i.e., killing every injected mutation. A mutant is
considered killed by a test case if executing the original and mutated versions under the same input produces
different observable behaviors, either in terms of returned values or externally visible object states. In
practice, this distinction is verified through automated assertions that compare the observable oputputs of the
original implementation. If the assertion holds for the original program, but fails for the mutant, the mutation
is regarded as detected.

The effectiveness of strong mutation testing relies on the concepts of infection and propagation. Let
S, and S,,, denote the execution states of the original and mutated programs respectively. A mutant is said to
cause infection if S, # S,, immediately after the mutated statement is executed, indicating that the injected
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fault has altered the internal program state. Propagation occurs when this infected satte influences subsequent
computations. Ultimately, such of an event is leading to a discrepancy in observable outputs. Only when both
infection and propagation occur can a mutant be successfully detected by the test case.

Problem 2.1. Given a set of mutants M = {My, ..., M} contained in a class, determine a test suite T
= {t, ..., t} that can eliminate the mutants according to the following formulation:

min fin(T) = f5,,(T) + Xmem(di(m,T) + dp(m,T)) (4)

f5,,(T): Overall fitness function for every branch in T that directly controls the dependency of mutant m.
d;: Estimation of distance to the infection state. d,,: Propagation distance.

3.2. Many-objective optimization

In this research, coverage criteria for test case generation are modeled as a many-objective
optimization problem, where each objective represents the distance to a particular testing target in the class
under examination [7]. The optimization process therefore seeks to minimize these distances collectively.
Accordingly, the following formulation is adopted as follows:

Problem 2.2. Assume that U = {us, ..., u} denotes the set of coverage objectives. The goal is to
construct a set of Pareto-optimal test cases T = {t1, ..., tn} such that the fitness values associated with all
targets ug, ..., ux i.e., are minimized. Thus, the problem can be expressed as a many-objectiive problem with k
objectives:

min f; (¢) = d(uy, t)
' (5)
\min £, (6) = d(u, £)

d(uy, t): Distance of test case t from covering the test target u;. {f1, ..., fi.}: Corresponding fitness vector.
Using the generalized reformulation approach, multiple coverage criteria including branch coverage,
statement coverage, and strong mutation coverage can be defined according to the following formulation:

Problem 2.3. Let B ={b, ..., bk} which is set of branches of a class. Find the number of sets of non-
dominant test cases T = {ti, ..., t} that minimize the fitness function for all test case ui, ..., ux including
minimizing objective k as follows:

min f;(t) = al(by, t) + d(by, t)

6)
minf(t) = al(by, £) + d(by, ©)

d(by,t): Normalized branch distance for each executed branch closest to t in relation to branch in relation
to branch b;(i.e., those with the minimum control-dependency depth). al(b,,t): Respective degree of
approximation (i.e., the number of control dependencies between the closest executed branch and b;).

Problem 2.4. There is S = {Sy, ..., S} as a set of statements in the class. Find the number of sets of
non-dominant test cases T = {ty, ..., zn} that minimize the fitness function for all test cases uj, ..., ux including
minimizing objective k as follows:

min f; (t) = al(sy,t) + d(b(s1),t)
' @
min f, (£) = al(s, £) + d(b(s,), )

d(b(s;),t): Normalized branch distance between test case t and the branch closest to b(s;). i.e., the branch
controlling the execution of statement s;. al(sj, t): Represents the corresponding approximation level.

Problem 2.5. There is M = {m,, ..., m;} as a set of mutant of the class. Find a set of non-dominated
test case from T = {ty, ..., t,} which minimize fitness function for all every mutant m, ..., mxas follows:
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_ f1(®) = al(my, t) + d(b(my),t)
(mm +dy(my, ) + dy(my, t)

(®)

F®) = al(my ) + d(b(my), )
T 4 dym, ©) + dy(my, £)

d(b(m,),t): Normalized branch distance and approxination level of test case t for mutant m,. d;(my, t):
Infection distance. d,, (my, t): Propagation distance.

3.3. PCA algorithm

PCA is a multivariate statistical method designed to analyze tabular data in which observation is
characterized by multiple correlated quantitative variables [15]. The primary objective of PCA is to extract
the most informative structure from the dataset by transforming the original correlated variables into a new
set of mutually orthogonak variables, known as principal components. These components capture dominant
variance patterns and reveal similarity structures among observations.

In this study, PCA is applied to examine and reduce the number of coverage objectives involved in
the optimization process. By analyzing the relationships among the objective fitness values, redundant or less
informative objectives in the high-dimensional objective space can be identified and removed. This
dimensionality reduction process aims to simplify the many-objective test case generation problem while
preserving the most relevant information [14]. The main advantages of applying PCA in this context
includes:

— Eliminating redundant feature characteristics within the objective space;
— Reducing computational complexity and enhancing the efficiency of the seach process; and
— Preserving the most critical coverage objectives.

From a mathematical standpoint, PCA performs dimensionality reduction by projecting the original
objective space into a new set of orthogonal coordinates. Each dimension represents an objective, and the
transformation is guided by variance maximization. Components associated with larger variance values are
considered to contain more significant information. Therefore, the principal components are selected
according to the descending order of their variance.

The first principal component is defined as the direction that maximizes data variance. Subsequent
components are selected such that they are orthogonal to previously chosen components and maximize the
remaining variance. This iterative process continues until a reduced coordinate space is constructed.
Dimensions associated with zero variance are discarded, as they do not contribute meaningful information to
the transformed space.

3.4. Many-objective search

Over the past decade, considerable attention has been devoted to the problem of automated test data
generation [5], [16], particularly with the objective of achieving high levels of code coverage under different
coverage metrics such as branch [17], statement [16], and method coverage [18]. Among the proposed
techniques, search-based approaches especially GAs [19] have demonstrated strong potential in automating
this process [5]. Existing methods generally fall into two main categories: single-target and multi-target
formulations. In single-target approaches, evolutionary algorithms attempt to optimize one coverage goal at a
time. Each target, such as a specific branch, is translated into a fitness function that evaluates how close a
generated test case or test suite is to satisfying that target [16]. This proximity is typically measured using
two white-box heuristics, namely the approach level and the normalized branch distance.

To overcome the limitations of optimizing individual target sequentially, Fraser and Arcuri [20]
introduced a multi-target strategy that simultaneously optimizes multiple coverage objectives. Their
approach, known as WTS generation, evolves entire test suites instead of individual test cases. The search
process is guided by a suite-level fitness function that aggregates coverage heuristics across all branches of
the CUT. Subsequent improvements led to the archive-based whole suite approach (WSA), which narrows
the search to uncovered branches and maintains an archive to store promising test cases that reach those
targets [21]. Building upon the concept of simultaneous optimization, Panichella et al. [11] later proposed
MOSA, a many-objective GA for test case generation. Unlike WTS and WSA, MOSA evolves individual test
cases while evaluating them against multiple branch objectives using branch distance and approach level
metrics.

The goal of test case generation is to construct a test suite consisting of unit tests that exercise the
program under examination. The outputs prodiced by executing these tests are normally evaluated by a test
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oracle to determine correctness. However, in automated white-box testing scenarios, such oracles are
typically unavailable, making it difficult to automatically verify whether the observed output matches the
intended behavior without additional manual intervention by developers [22].

Each test case consists of an ordered sequence of test statements designed to interact with the
program. Two important considerations arise in the context. First, test cases should remain concise, as
excessively long or complex sequences increase the effort required for manual maintenance and may prolong
the testing cycle. Therefore, generating compact test cases contributes to improved practicality and
maintainability of the resulting test suite. Second, the generated tests should aim to maximize coverage of the
defined testing objectives. Higher coverage indicates that the test suite exercises a broader portion of the
program’s behavior, thereby improving the effectiveness and robustness of the testing process. Several
fundamental concepts related to automated test case generation are discussed in the following section.

3.5. Control flow graph (CFG)

The CFG models the running process behavior of a program by representing the potential paths that
may be traversed during runtime. Based on this representation, different coverage objectives can be formally
derived and evaluated.

3.6. Test suites and test cases

A test suite represents a collection of test cases designed to assess the behavior of a program. Each
test case is composed of a sequence of method calls with variable lengths. In single-objective search
techniques, a separate test case is produced for each testing objective. The resulting test cases are
subsequently combined to construct a comprehensive test suite for testing the whole program.

3.7. Objectives to be covered

The objectives involved in program evaluation can be assessed using various coverage metrics,
including different coverage measures, namely line, branch, mutation, and method coverage metrics. In this
study, the evaluation is limited to three specific criteria: line, branch, and mutation coverage. The
performance indicators utilized in the aDynaMOSA approach are summarized in Table 1.

Table 1. Performance indicator

ID Performance indicator Description

11 Executed loop count Indicates the total number of the loop iterations that were performed during the
execution of the test cases.

12 Method coverage count Represents the number of distinct methods that were involved by the generated test

cases.
13 Total method calls in tests Reflects the pverall number of method invocations occuring accross all executed test
cases.

14 Object instantiation count Shows how may objects were created during the execution of the test suite.
15 Covered statements Represents how many statements in the code were actually covered.

16 Test case statements Total number of executable statements within all generated test cases.

17 Test length Average length of test cases in terms of method call sequences.

The proposed performance indicators enable the evaluation of how effectively the PCA-
aDynaMOSA algorithm performs compared with the baseline aDynaMOSA method. For example, higher
values of covered method (12) and covered statements (15) generally reflect stronger coverage capabilities,
whereas lower numbers of test case statements (16) and shorter test lengths (17) indicate more concise and
efficient tests. By applying these indicators during experimental analysis, the study is able to examine the
balance between testing thoroughness and efficiency, thereby providing insights into the scalability and
practical applicability of the proposed approach.

3.8. Branch coverage

Branch coverage refers to decision points in this profram, such as if, while, or similar conditional
constructs. Whitin the CFG, these decision points are represented as nodes that typically contain at least tow
outgoing edged. Each outgoing edge corresponds to a possible branch of execution, meaning that single node
may lead to multiple alternative paths. The degree to which a test case t covers a branch b can be quantified
using the following fitnesss formulation:

f(t) = al(b;, t) + d(b;, t) ©9)
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al(b;, t): The structural distance between the branch executed by test case t and the target branch that must
be covered. The distance d(b;,t) corresponds to the total count of control dependencies or edged separating
decision nodes in the CFG. Furthermore, the branch distance can be determined using the following
formulation: It is equal to the number of control dependencies or edges between branch nodes in the CFG.
Moreover, d(b;, t) is the branch distance, which can be calculated by the following formula:

Dmin(t €T, b)
1 Dpmin (LET, b)+1

d(b,t) = (10)

D,in(t € T, b): Represents the minimized non-normalized distance. Since a decision statement normally
has two possible outcomes, the predicate may be executed multiple times during testing, and the smallest
computed distance value is selected during execution.

3.9. Line coverage
In a CFG representation, each node corresponds to a specific line or block of program code. The line
coverage achieved by a test case t can therefore be formulated using the following fitness function:

fi(®) = al(s;, t) +d(b(sy), t) (11)

al(s;, t): Indicates the structural distance between program statements, and (b(s;),t): Represents the
distance from the branch executed by test case t to the nearest branch relative to the target mutation.

3.10. Mutation coverage

Mutation testing is performed by introducing small artificial modifications into the source code
through set of mutation operators. These changes simulate potential faults that may occur in real programs.
The mutated versions of the program are generated by applying mutation operators to selected locations in
the CFG of the original source code.

In this study, several mutation operators are employed, including bariable replacement, unary
operator insertion, constant substitution, and arithmetic operator replacement. By executing the same test
cases on both original and mutated programs, differences in the resulting outputs can be observed. If the
behavior of the mutated program differs from the original program, the mutant is considered detected (or
killed). The mutation coverage of test case t is then evaluated using the following fitness formulation:

FM(t) = al(ml-, t) + d(b(ml), t) + di(mi, t) + dp(ml-, t) (12)

al(m;, t): Denotes the structural distance between the program statement executed by test case t and the
location of the mutated statement. d(b(m;), t): Indicates the normalized branch distance associated with the
mutated branch. d;(m;, t): Represents the infection distance. d,,(m;, t): Refers to the propagation distance.

3.11. Test case generation under multiple optimization objectives

In automated test case generation, two primary considerations are typically addressed: minimizing
the number of statements within each test case while simultaneously maximizing the coverage achieved by
the generated tests. Different coverage criteria can be used to evaluate the adequacy of a test suite. Each
criterion can be treated as a separate optimization objective, allowing the test generation problem to be
modeled as a many-objective optimization task.

Assume that the tested program contains m coverage tests, which consists of S objectives related to
branch coverage, S, objectives associated with line coverage, and S,, objectives representing mutation
coverage. Hence the total number of objectives is given by m = Sz + S, + Sy. For a test suite T=
{t., t,, ..., t,}, the goal of the optimization process is to minimize the fitness value associated with all
objectives:

min fz(t)(i =1,2,...,55)
minf; ()G =1,2,...,5;) (13)
min f,, () (k=1,2,...,5y)

3.12. PCA algorithm
To generate effective test cases, PCA is applied to reduce the dimensionality of the objective space
by removing redundant information while preserving the most significant components. The resulting reduced
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objective set is then utilized during the many-objective sorting process of candidate solutions within the
population, guiding the evolutionary search. By applying this dimensionality reduction stragethy, the
degradation in search performance often observed in aDynaMOSA when dealing with a large number of
optimization objectives can be mitigated.

Figure 1 presents the sequential workflow of the PCA process used in this study to reduce the
dimensionality of the objective space prior to guiding the many-objective evolutionary search, The procedure
begins by acquiring the initial population along with the complete set of raw objectives generated from the
test case optimization process. Once obtained, the algorithm extracts the fitness matrix f, which represents the
evaluation scores of each iindividual in relation to all defined objectives.

[ Obtain some sets of objectives and a population before ]

reduction
v
[ Obtain fitness matrix 7 of the Objective ]
v
[ Obtain the Matrix s through normalization of £ ]
v
[ Obtain the Covariance matrix v of 5 ]
v
[ Obtain the Covariance matrix v of 5 ]
v
[ Obtain the Correlation matrix r of v ]
v
[ Calculate the Eigen Value ev of r ]
v
Generate the Impact value af of the principal component
based on r
v
[ Produce the Final Result using af, r, and ev ]

v
Return the Reduced Set of Objective after Dimensionality
Reduction

Figure 1. Overview of the PCA procedure

The fitness matrix is then normalized to produce matrix s, ensuring that all objectives share a
comparable numerical scale and preventing any objective with a disproportionately large value range from
dominating the transformation process. Based on normalized values, the covariance matrix v is computed to
capture the relationships and variability between the objectives. From this covariance matrix, the correlation
matrix r is derived to analyze the strength of linear relationships across objectives.
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Using the correlation matrix, the eigenvalues and eigenvectors are calculated, forming the
foundation of the PCA transformation. The eigenvalues indicate the relative contribution of each principal
component, whereas the eigenvectors define the new orthogonal axes representing uncorrelated objective
dimensions. Subsequently, the algorithm generates a component impact score to determine which principal
components retain the highest variance and thus carry the most meaningful information. Only principal
components with significant contribution are retained and used to construct the reduced objective set after the
dimensionality-reduction step.

Finally, the algorithm returns the reduced set of objectives, which replaces the original full objective
set during the evolutionary search phase. By eliminating redundant and highly correlated objectives while
preserving the most informative variance, PCA contributes to reducing algorithmic complexitym improving
search efficiency, and enhancing scalability when dealing with large many-objective optimization spaces.

Since automated test case generation often involves a large number of objectives, applying
dimensionality reduction indiscriminately may introduce issues such as missed coverage targets, increased
computational cost, or degraded outcomes from the reduction process. To address this limitation, the
proposed method groups objctives into several subsets. The dimensionality of each subset is then adaptively
reduced accorfing to the number of objectives within that group. The funal objective set used to guide the
optimization process is obtained by aggregating the reduced objectives from all groups. The specific
grouping strategy employed in the algorithm was determined through experimental evaluation. The
performance of the algorithm was evaluated by series of experiments. The experimental outcomes were
subsequently analyzed and compared with the result produced by the aDynaMOSA approach.

3.13. Experimental design

The experimental study was mainly carried out to investigate the following research questions
(RQs) concerning multi-critera adaptive many-objective test case generation. RQ1. To what extent does the
size of objective groups influence the search performance of the PCA-aDynaMOSA algorithm? Moreover,
how can the optimal number of groups for the algorithm be determined?

Figure 2 illustrates the procedural workflow of the proposed PCA-based approach for many-
objective test case generation. The process begins by initializing a set of objectives U* alongside a candidate
population P. Once initialized, the algorithm proceeds by grouping the objectives into multiple clusters based
on similarity or structural relationships.

Each objective group U*[i] is then independently processed through a dimensionality-reduction
phase using PCA. This step transforms each group of objectives into a reduced objective set Upc,li],
retaining only the most informative features while eliminating redundant correlations. The reduced objective
groups are subsequently aggregated to construct a global reduced representation denoted as Up¢,.

Following this aggregation, the reduced objective space undergoes preference ordering to prioritize
candidate solutions according to their performance across the transformed objective dimensions. The ordered
population is then subjected to non-dominated sorting to identify Pareto-optimal individuals and assign
dominance ranks. Finally, the sorted population P°"t¢djs returned as the output of the process, concluding
the workflow. The workflow of the proposed PCA-based many-objective test case generation approach is
described in Algorithm 1.

Algorithm 1 PCA-based many-objective test case generation
Input: Population P, Population Number S, Target set M
Output: Generated test suite T

1 Initialize population S randomly
2 Initialize archive A
3 Identify uncovered targets U

4 While search budget no exhausted, do

5 Group objectives in U

6 Apply PCA to each group

7 Generate reduced objective set

8 Perform performance-based sorting

9 Update archive with new covered targets
10 end while

11 return A as a final test suite T

RQ2. How does PCA-aDynaMOSA compare with aDynaMOSA in achieving line, branch, and
mutation coverage for the generated test cases? RQ3. How does PCA-aDynaMOSA compare with
aDynaMOSA regarding overall multi-criteria coverage and search efficiency? Moreover, what relationship
exists between search efficiency and the multi-criteria obtained from the generated test cases?
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Figure 2. Flowchart of PCA for many-objective test case generation
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3.14. Evaluation metrics
The following evaluation metrics were selected to test and compare the test case search capabilities
of both the original and the improved algorithm.

3.14.1. Testing coverage

This metric reflects the sufficiency of the final test suite in assessing the program. It is composed of
several sub-metrics, namely line coverage, branch coverage, mutation coverage, and multi-criteria coverage.
Multi-criteria coverage represents the overall coverage of all testing objectives, obtained by aggregating the
coverage of all branches, lines, and mutants involved in the test case generation process. The formulas used
to compute these coverage metrics are defined as follows:

Number of covered statements

statement = x 1009
COVETageé — rotal number of statements to be covered %
Number of covered branches
branch;operage = ! X 100%
Total number of branches to be covered 14
mutation _ Number of killed mutants x 100% ( )
coverage ™ rotal number of mutants to be killed 0

Number of covered objectives

multicriteria.operage = X 100%

Total number of objectives to be covered

3.14.2. Search efficiency
By utilizing the coverage percentage recorded at one-second intervals during the test case generation
process, the search efficiency of the algorithm can be computed using the following equation:

[covi+ coviy1]* ATime
AUC = Y2y —t— (15)
2xTotalTime

cov;: Coverage percentage measured at time i. cov;, ;: Coverage percentage measured at time i + 1.
ATime: The time interval between two consecutive coverage measurements. TotalTime: The total execution
time of the algorithm.

The improvement in testing coverage between the original algorithm and the enhanced algorithm
can be calculated using the following equation:

Valuegrrer—Valuepesore

x 100% (16)

IncreaseRate =
Valuepefore

3.14.3. Experiment environment

The proposed algorithm was integrated into the EvoSuite framework and experimentally compared
with aDynaMOSA. The experiments were carried out on a Windows-based platform. The details of the
experimental environment are summarized in Table 2.

Table 2. Experiment environment setup
12"-Gen Intel(R) Core (TM) i7-12700H @ 2.3GHz

Hardware RAM 16GB
Windows 11
Software Java 18

3.14.4. Datasets

First, the CKJM tool was used to analyze the complexity of all projects in the SF110 dataset [23].
Subsequently, projects with relatively high complexity were selected to evaluate the performance of the
proposed algorithm. The SF110 data consists of 110 statistically representative open-source Java projects
collected from SourceForge. SourceForge is a well-known open-source repository that hosts more than
300,000 projects and over two million registered users, covering a wide variety of software domains.
Therefore, the SF110 dataset is considered suitable for evaluating the performance of test case generation
algorithms and frameworks.

However, due to the large number of projects and classes contained in the dataset, conducting
experiments on all classes would require a considerable amount of time and computational resources. In
addition, more than 50% of the classes in the SF110 dataset exhibit low program complexity, meaning that
relatively simple methods can already achieve high coverage for most testing objectives.
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To address this issue, CKIM [24], [25] a tool that calculates various object-oriented metrics by
analyzing the bytecode of compiled Java programs was used to assess the complexity of all classes in the
dataset. The metrics include weighted methods per class (WMC), depth of inheritance tree (DIT), coupling
between object classes (CBO), lack of cohesion in methods (LCOM), response for a class (RFC), and number
of children (NOC).

The experimentail dataset was constructed using the following procedure. Initially, the complexity
of all classes in the SF110 dataset was analyzed using the CKJM tool, and the number of testing objectives
for each class was identified using the EvoSuite framework. The classes under test were then ordered based
on their complexity and the number of objectives. Projects containing more complex classes with a larger
number of testing objectives were subsequently selected and incorporated into the experimental dataset.

Considering that a small number of projects or classes exhibited abnormal behavior during the
experiments, those projects or classes were excluded from the study. The selected projects and the number of
classes chosen from each project are presented in Table 3. As shown in Table 3, 49 out of the 110 projects in
the SF110 dataset were selected. In total, 110 classes were used as the primary test data for the experiments.
To compare the performance of PCA-aDynaMOSA with aDynaMOSA, each experiment was repeated 10
times for every test class in the selected dataset. The results obtained from these runs were then averaged to
support comparison and analysis.

Table 3. List of software projects used as experimental dataset

Project Number of classes Project Number of classes
94 1 biff 1
sfmis 1 lavalamp 2
imsmart 2 jhandballmoves 3
jdbacl 1 hft-bomberman 2
omjstate 1 dom4j 5
beanbin 1 openjms 2
inspirento 3 gae-app-manager 1
jsecurity 5 biblestudy 1
nekomud 1 Ihamacaw 5
geo-google 3 ext4j 1
jni-inchi 1 fiml 2
gangup 4 fixsuite 1
apbsmem 7 twfbplayer 2
bpmail 1 wheelwebtool 7
xisemele 1 javathena 1
corina 5 xbus 2
schemaspy 3 ifx-framework 1
petsoar 1 classviewer 2
diffi 2 quickserver 1
glengineer 6 feudalismgame 3
follow 2 liferay 1
lilith 3 pdfsam 2
lotus 1 firebird 3
resourcesdj 1 heal 3

diebierse 1 -

3.14.5. Parameter settings

The experimental configuration follows the default parameter settings provided by EvoSuite for the
aDynaMOSA algorithm, which has previously demonstrated stable performance. To maintain experimental
consistency and ensure fair comparison, the proposed method employs the same parameter configuration
summarized in Table 4. Note: The search duration corresponds to approximately two minutes of execution
time. The coverage include line, brahc, and mutation coverage metrics.

Table 4. Configuration of parameters used in the many-objective optimization algorithm

Algorithm settings Assigned value

Population size 100 individuals

Maximum search duration 120000 (=2 minutes)
Covering objectives Line, branch, and mutation
Crossover probability 75%
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4. RESULTS AND DISCUSSION

To identify the optimal grouping strategy for PCA-aDynaMOSA, a set of group settings was
evaluated, as listed in Table 5. The experiments were conducted with seven different numbers of groups,
ranging from 5 to 60, to investigate the effect of grouping granularity on the algorithm's performance. This
configuration enables a comprehensive comparison to identify the group size that provides the best balance
between search efficiency and optimization effectiveness.

Table 5. Experimental group configurations for PCA-aDynaMOSA
Group ID  Number of groups

PCA 5 5

PCA 10 10
PCA 20 20
PCA 30 30
PCA 40 40
PCA 50 50
PCA 60 60

4.1. Performance of PCA-aDynaMOSA under different group settings

To identify the PCA-aDynaMOSA group configuration that yields the best performance in terms of
multi-criteria coverage. 18 classes were randomly selected from the test dataset. The average coverage of
these classes was then calculated and analyzed to evaluate the effectiveness of the different group settings.

To identify the most effective grouping for PCA-aDynaMOSA, several group size settings were
evaluated based on their ability to improve multi-coverage performance. Table 6 illustrates that total
objectives assigned to PCA groups significantly affected the effectiveness of the test case generation process.
Both excessively large and excessively small group sizes can negatively impact the effectiveness of the
algorithm.

For instance, the PCA configurations for group 5 and 60 do not demonstrate notable improvements
compared to the baseline aDynaMOSA algorithm. When total objectives within each group are too small, the
resulting objective set used to guide the search process remains nearly unchanged, while additional
computational effort is still required to perform dimensionality reduction. Conversely, when total objectives
in a group become too large, the dimensionality reduction process becomes more difficult to converge, which
can considerably increase the computational time of the algorithm. Nevertheless, with appropriate parameter
configurations, the application of PCA can enhance the performance of aDynaMOSA by improving search
efficiency and increasing overall test coverage.

Table 6. Statistics of different numbers of PCA groups

Group ID Number of groups  Average of multi-criteria coverage  Average of AUC
PCA 5 5 82.37% 79.81%
PCA_10 10 83.87% 80.47%
PCA_20 20 83.61% 80.86%
PCA_30 30 82.89% 80.24%
PCA_40 40 82.34% 77.96%
PCA_50 50 83.71% 80.15%
PCA_60 60 81.38% 78.711%
aDynaMOSA - 82.07% 79.44%

4.2. Project-level coverage analysis (RQs 2 And 3)

Tables 7-9 omits projects for which the compared algorithms achieved identical coverage values.
Performance differences of less than or equal to 0.5% are marked with the symbol “-”. Additionally, values
highlighted in blue denote statistically significant improvements, while values shown in red indicate
statistically significant reductions.

4.2.1. Line coverage for each project

Table 7 presents the average line (statement) coverage achieved by PCA-aDynaMOSA and the
baseline aDynaMOSA across the selected benchmark projects. The comparison highlights project-level
differences in coverage performance, allowing the effectiveness of the proposed dimensionality reduction
strategy to be evaluated under various software characteristics.
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4.2.2. Branch coverage for each project

Table 8 summarizes the average branch coverage obtained by both PCA-aDynaMOSA and
aDynaMOSA for each benchmark project. The project-level comparison provides insights into the capability
of the proposed approach to improve decision-path exploration and branch coverage consistency across
software system with different levels of complexity.

Table 7. Average statement coverage across benchmark projects

Benchmark Project PCA-aDynaMOSA aDynaMOSA Statement PCA-aDynaMOSA
Statement Coverage (%) Coverage (%) vs aDynaMOSA (%)
imsmart 90.67 84.14 7.75
inspirento 92.61 91.18 1.57
jsecurity 92.58 92.12 0.50
apbsmem 90.18 89.60 0.65
corina 77.82 78.04 -
diffi 92.98 92.07 0.99
follow 94.01 81.11 1591
resources4j 77.94 75.76 2.18
diebierse 97.06 100.00 -2.94
dom4;j 85.62 85.04 0.69
openjms 87.98 85.78 2.56
lhamacaw 64.77 63.02 2.78
twfbplayer 98.14 97.33 0.83
wheelwebtool 59.30 57.46 3.19
xbus 85.21 83.04 2.62
quickserver 96.53 95.83 0.72
heal 72.68 72.49 -
liferay 75.79 74.91 1.18
firebird 94.05% 91.52% 2.76%
Mean over all projects 86.42% 83.71% 3.87%

Table 8. Average branch coverage across benchmark projects
Benchmark projects PCA-aDynaMOSA aDynaMOSA branch PCA-aDynaMOSA

branch coverage (%) coverage (%) vs aDynaMOSA (%)
imsmart 86.11 76.11 13.14
inspirento 96.45 94.86 1.67
jsecurity 90.64 89.72 1.02
apbsmem 90.89 90.62 -
xisemele 80.00 77.14 3.70
corina 70.83 69.79 1.48
diffi 92.86 88.80 4.57
follow 91.98 66.98 37.32
resource4j 91.89 70.27 30.77
diebierse 80.00 90.00 -11.11
hft-bomberman 98.53 97.06 1.52
dom4;j 82.59 82.20 -
openjms 77.42 76.04 1.81
Ihamacaw 79.04 77.32 2.22
twfbplayer 91.41 88.65 3.1
wheelwebtool 69.25 67.75 2.22
xbus 83.89 81.32 3.15
classviewer 86.37 87.14 -0.89
quickserver 95.00 93.33 1.79
heal 79.51 79.32 -
liferay 70.26 68.84 2.06
firebird 85.88 81.80 4.98
Mean over all projects 85.04 81.59 5.50

4.2.3. Mutation coverage for each project

Table 9 reports the average mutation coverage achieved by PCA-aDynaMOSA and the baseline
aDynaMOSA for each benchmark project. Mutation coverage provides a stronger assessment of test
effectiveness because it evaluates the ability of generated test cases to detect injected faults. The project-level
comparison therefore complements the previous line and branch coverage analyses by demonstrating the
fault-detection capability of the proposed approach across different software projects.
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Table 9. Average mutation coverage across benchmark projects

Name PCA-aDynaMOSA aDynaMOSA branch PCA-aDynaMOSA
branch coverage (%) coverage (%) vs aDynaMOSA (%)
imsmart 86.60 73.33 18.09
inspirento 93.42 91.16 2.48
jsecurity 89.34 88.93 -
apbsmem 95.12 95.04 -
xisemele 83.82 82.35 1.79
corina 77.71 76.78 1.21
schemaspy 69.74 68.62 1.64
diffi 89.65 86.48 3.67
glengineer 89.42 89.29 -
follow 87.17 71.14 22.54
lilith 76.77 75.98 1.05
diebierse 98.42 100.00 -1.58
jhandballmoves 99.10 98.75 -
dom4;j 80.48 79.73 0.94
openjms 83.21 82.48 0.88
biblestudy 96.15 96.15 -
lhamacaw 63.08 60.20 4.78
ext4j 100.00 97.87 2.17
fim1 94.69 95.58 -0.93
twibplayer 92.48 91.61 0.95
wheelwebtool 63.98 61.49 4.05
xbus 82.61 79.25 4.24
quickserver 88.30 87.47 0.96
heal 81.44 80.11 1.65
liferay 72.97 69.93 4.35
Mean over all projects 85.43 83.19 3.75

5. CONCLUSION

This research proposed an enhanced test case generation method by integrating PCA into the
aDynaMOSA evolutionary algorithm to address the challenges of many-objective optimization in automated
unit testing. The PCA technique was applied to reduce the dimensionality of the objective space, thereby
eliminating redundant objectives while preserving critical coverage goals. The results of the experiments
conducted of 110 selected classes from 49 projects in the SF110 dataset demonstrated that PCA-
aDynaMOSA consistently outperformed the baseline aDynaMOSA from the perspective of line, branch, and
mutation coverage. Specifically, PCA-aDynaMOSA achieved mean improvements of 3.87%, 5.50%, and
3.75% for line, branch, and mutation coverage, respectively. Furthermore, it exhibited improved search
efficiency and more concise test cases without sacrificing thoroughness. These findings confirm that
dimensionality reduction via PCA can enhance the scalability and effectiveness of evolutionary algorithms in
software testing and show that dimensionality reduction can significantly enhance many-objective search in
automated test case generation. Future work may explore alternative dimensionality reduction techniques,
such as t-SNE and UMAP, to evaluate their comparative impact on automated evolutionary test generation.
Additionally, integrating the proposed PCA-aDynaMOSA approach into continuous integration/continuous
deployment (CI/CD) environments would enable assessment of its practical usefulness in modern
development workflows. To improve external validity, future studies should also expand experimentation to
software projects beyond the SF110 benchmark to examine cross-domain generalization.

Further investigation into runtime performance, particularly execution time and memory
consumption in real-world settings, is necessary to evaluate scalability and industrial applicability. Finally,
the development of an interactive visualization or user interface for test suite outputs and PCA results is
recommended to enhance interpretability and usability for software engineering practitioners.
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