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ABSTRACT: Traditional heuristic algorithms often fall into local optima and converge slowly when test case pri-
oritization is addressed in regression testing, making them inadequate for complex real-world scenarios. The Aquila
optimizer, a novel metaheuristic algorithm, demonstrates strong global exploration capability but still faces limitations,
including insufficient exploitation capability and slow convergence. To overcome these challenges, a multi-strategy
improved chaotic Cauchy inverse cumulative distribution Aquila optimizer for test case prioritization is proposed. First,
a logistic–sine–cosine composite chaotic mapping is introduced during the initialization phase of the Aquila optimizer
to increase population diversity. Second, the mutated random walk strategy is used to improve global exploration,
further enhancing the global search ability of the Aquila optimizer. Moreover, during the narrowed exploration and
narrowed exploitation phases, the Cauchy inverse cumulative distribution flight replaces the Lévy flight strategy
to reallocate individual positions, strengthening individuals’ optimization capability and preventing the algorithm
from becoming trapped in local optima. Finally, in the later iteration stage, the specular reflection learning strategy
is used to perturb the optimal individual positions and improve the Aquila optimizer’s convergence accuracy and
comprehensive optimization performance. Five Java projects were selected from the Defects4J benchmark datasets to
conduct comparative experiments with the Aquila optimizer and seven other metaheuristic algorithms. The results
demonstrate the effectiveness and superiority of the improved algorithm in test case prioritization. It achieves average
improvements of approximately 4.96% in the average percentage of fault detection, 3.82% in the average percentage of
block coverage, and 5.64% in the average percentage of decision coverage, enabling faster coverage of code blocks and
branches. The results provide an efficient priority sorting solution for complex regression testing scenarios.

KEYWORDS: Heuristic algorithm; search-based software engineering (SBSE); Aquila optimizer (AO); test case
prioritization (TCP); average percentage of fault detection (APFD); average percentage of block coverage (APBC);
average percentage of decision coverage (APDC)

1 Introduction
In software engineering, regression testing serves as a critical phase in which it is ensured that newly

added features and code modifications do not introduce unexpected errors [1]. It is a vital tool for software
quality control and assurance and plays a pivotal role in software development. With the rapid advancement
of the software industry, agile development and continuous integration have become mainstream paradigms.
The rapid iteration of agile methodologies and the fast feedback loop of continuous integration have resulted
in frequent changes to software requirements [2,3]. The high frequency of changes and integrations has led to
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exponential growth in the scale of regression testing, with both execution frequency and costs skyrocketing,
which has made fully executing all the test cases within limited timeframes increasingly difficult, thus
creating a sharp contradiction between testing sufficiency and execution efficiency [4]. Maximizing the value
of regression testing within limited time constraints has become a significant challenge in the field.

TCP [5] is a method that involves rearranging test case execution sequences without compromising
defect detection capabilities. It maximizes testing activity benefits within limited time windows, which makes
it a research hotspot that is currently attracting attention from both academia and industry [6].

In recent years, under the search-based software engineering (SBSE) paradigm, various heuristic and
metaheuristic algorithms have been widely adopted to solve TCP problems [7]. From the early genetic
algorithm (GA) [8], ant colony optimization (ACO) [9], and particle swarm optimization (PSO) [10] to recent
novel biomimetic optimization algorithms, these approaches model TCP as a combinatorial optimization
problem. By emulating natural evolution or swarm intelligence (SI), they optimize fitness functions to
identify near-optimal solutions within vast test case sequences, thereby achieving a search performance that
significantly surpasses that of traditional random sorting methods [11].

Although these studies have achieved certain results, the increasing complexity of application scenarios
and deeper research have revealed the limitations of existing heuristic-based TCP methods in practice.
First, traditional algorithms often involve blind search processes that lack targeted guidance, which can
easily lead to local optima and slow convergence. Second, algorithm performance typically depends on
key parameter sets, and finding optimal parameter combinations for specific projects is inherently a time-
consuming process [12]. Third, most existing metaheuristic algorithms employ fixed search patterns that
cannot adaptively balance exploration and exploitation across different optimization phases, limiting their
effectiveness when applied to the diverse and complex nature of real-world software projects. Therefore,
exploring and introducing newer and more efficient metaheuristic algorithms for TCP problems, along with
targeted improvements, has become a research direction of significant theoretical and practical value [7].

The AO is a metaheuristic inspired by the hunting behavior of aquila birds [13] and has demonstrated
competitive performance in multiple optimization domains, including oil production forecasting [14], image
classification [15], and power system load frequency control [16], owing to its robust global exploration
capability, simple parameter structure, and rapid convergence. This motivates its potential for addressing
the limitations of existing metaheuristic-based TCP techniques. However, when directly applied to TCP,
the original AO exhibits four key limitations: (1) the inherent mismatch between its continuous search
space and the discrete permutation space of TCP; (2) low initialization diversity due to random population
generation; (3) premature convergence during the narrowed exploration and exploitation phases, caused by
the limitations of Lévy flight; and (4) insufficient convergence accuracy in later iterations due to the lack of
effective local refinement mechanisms.

These shortcomings motivate the proposed MCIAO_TCP framework, which tailors AO for TCP
through a multi-strategy enhancement. The main contributions of this study are threefold:

(1) We propose a multi-strategy improved chaotic Cauchy inverse cumulative distribution aquila
optimizer (MCIAO) for TCP. The framework integrates four complementary strategies: logistic–sine–
cosine composite chaotic mapping to increase initialization diversity; a mutated random walk strategy
to enhance global exploration; Cauchy inverse cumulative distribution flight to replace Lévy flight for
adaptive position updates; and a specular reflection learning strategy to perturb optimal individuals in
later iterations for local refinement.
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(2) By integrating these strategies into the optimization process, this work offers a practical and effective
approach to maintaining search balance and preventing premature stagnation in TCP, a persistent
challenge in SBSE, thereby advancing the application of metaheuristics in real-world testing scenarios.

(3) Comprehensive experiments on five Java projects from the Defects4J benchmark demonstrate that
MCIAO achieves faster fault detection, providing an effective and reliable solution for TCP in complex
regression testing scenarios.

The key innovation of MCIAO_TCP lies in the phase-aware integration of four enhancement strategies,
each specifically tailored to address the limitations of the original AO at different optimization stages. While
these individual strategies are established techniques, their synergistic combination creates a complementary
framework where each component targets a distinct weakness of the base algorithm.

The remainder of this paper is organized as follows: Section 2 reviews related literature and criti-
cally discusses the challenges inherent in existing methods. Section 3 details the proposed MCIAO_TCP
framework. Section 4 describes the experimental configuration and benchmark datasets. Section 5 presents
a comprehensive analysis of the experimental results. Finally, Section 6 concludes the paper and outlines
directions for future work.

2 Related Work

2.1 Definition of TCP
TCP is a methodology that reorders test cases on the basis of predefined testing objectives and specific

criteria and optimizes their execution sequence to increase testing efficiency and reduce workload. This
approach aims to refine the test case set in regression testing, thereby improving its effectiveness. TCP has
emerged as a key research focus in software testing [7].

The TCP problem is defined as follows: Given a test suite T, its complete permutation set PT, and a
sorting objective function f: PT→R, the goal is to find T′ ∈ PT such that ∀T′′ ∈ PT(T′′ ≠ T′) and f(T′′) ≤
f(T′) [5]. This indicates that the objective function f takes an execution sequence of test cases as input and
outputs a numerical value between 0 and 100. The sorting performance is determined by this value, with
higher values indicating better results.

Compared with random-order testing, TCP demonstrates superior error detection speed. To evaluate
the effectiveness of TCP, the sequencing results need to be assessed. In this study, three evaluation metrics for
the objective function f are adopted: the average percentage of fault detection (APFD), the average percentage
of block coverage (APBC), and the average percentage of decision coverage (APDC).

APFD [5] is a weighted average of the failure percentages detected throughout the test cycle and is
calculated as follows:

APFD = 1 − TF1 + TF2 + . . . + TFm

n ∗m
+ 1

2n
(1)

where n represents the total number of test cases in the test suite T and m represents the number of defects.
When a specific test case execution sequence is given, TFi denotes the position number of the first test case
that can detect the i-th defect in this execution sequence. The value of APFD ranges from 0 to 100, with
higher values indicating faster defect detection.

APBC [17] measures the proportion of code blocks covered by priority test cases and has the following
formula:

APBC = 1 − TB1 + TB2 + . . . + TBm

n ∗m
+ 1

2n
(2)
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where n represents the number of test cases in the test suite T, which are used to verify the set B composed
of m blocks, and TBi represents the first test case in the prioritized order of T, which is used to detect
the i-th block. APBC ranges from 0 to 100, with higher values indicating faster coverage speed and better
coverage effectiveness.

APDC [17] is a metric that measures the proportion of priority test cases that cover various decision
branches; it has the following calculation formula:

APDC = 1 − TD1 + TD2 + . . . + TDm

n ∗m
+ 1

2n
(3)

where n similarly denotes the number of test cases in the test suite T, which are used to verify the set D
consisting of m branches, and TDi represents the first test case in the prioritized order of T, which is used to
detect the i-th branch. APDC ranges from 0 to 100, where higher values indicate faster coverage speed and
better coverage effectiveness.

2.2 Research Status of TCP Technology
In the field of metaheuristics, the research methods for TCP technology have evolved from simple

greedy strategies to sophisticated metaheuristic algorithms. In this section, the research status of TCP
technology is reviewed from three perspectives: classical metaheuristic algorithms, novel metaheuristic
algorithms, and other technologies.

2.2.1 Research Status of TCP Technology Based on Classical Metaheuristic Algorithms
Classical metaheuristic algorithms such as the GA, PSO, and ACO have laid the foundation for

TCP studies. A genetic algorithm-based method for time-constrained TCP in which APFD is used as the
evaluation metric was proposed [8]. A search-based TCP method that uses the GA, a greedy algorithm, and
the hill-climbing algorithm was introduced. The experimental results demonstrated that the GA performed
optimally [17]. Two value-based TCP techniques were proposed; both techniques involve the use of the GA.
The results showed that the GA outperformed existing state-of-the-art TCP technologies [18]. PSO was used
to automatically prioritize test cases on the basis of modified software units. Empirical results demonstrated
that the PSO effectively and efficiently ranked the test cases within test suites and placed them in new optimal
positions [10]. In [19], a three-stage method was proposed to address TCP by using a multiobjective PSO
(MOPSO) algorithm to optimize both fault coverage and execution time. In [20], an improved TCP method
based on quantum PSO was introduced, which outperformed the bat algorithm, grey wolf optimizer, and
PSO in experimental evaluations. By reordering test suites under time constraints, ACO was applied to
TCP as a method for solving time-constrained prioritization issues [9]. In [21], a hybrid of ACO and GA
was proposed, which generates test cases on the basis of priority assigned by test factors and then uses
ACO to compute the optimal sequence with the shortest execution time and highest fault rate. For solving
requirement-based TCP, an ACO-based solution was introduced in [22], and two implementation methods
were presented. The experimental results show that this solution has a strong global optimization ability.

The aforementioned methods typically involve the use of a single algorithmic framework for TCP. As
the non-free-lunch theorem [23] demonstrates, standalone heuristic algorithms have inherent limitations
when optimization challenges are addressed.
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2.2.2 Research Status of TCP Technology Based on Novel Metaheuristic Algorithms
In recent years, a series of novel metaheuristic algorithms have been introduced into TCP and

have demonstrated significant potential to address increasingly complex testing environments. In [24],
an approach for optimal test case prioritization based on the firefly algorithm was proposed. The overall
APFD results indicate that the firefly algorithm is a promising competitor in TCP applications. In [25],
an asexual reproduction repair mechanism for discretizing the continuous cuckoo search algorithm was
introduced. In [26], a TCP method that is based on an improved Harris hawks optimization algorithm
with two optimization targets, namely, the average defect detection rate and the overall execution time,
was proposed. In [27], the gray wolf optimization algorithm (GWO) was improved by using cyclic chaotic
functions for TCP. In [28], a TCP method based on an improved whale optimization algorithm (WOA)
was developed, and a multidimensional directed search space was established to better apply the WOA
to TCP. Single heuristic algorithms have inherent limitations in solving optimization problems. In [29], a
novel hybrid metaheuristic method for prioritizing and optimizing test cases was introduced. The proposed
hybrid algorithm comprehensively considers factors such as the code coverage, fault discovery rate, and
execution time, thereby effectively addressing the challenges posed by large-scale test cases and dynamically
evolving systems.

Fusion algorithms demonstrate advantages in increasing TCP efficiency. However, their reliance on
disparate single-algorithm principles significantly increases method complexity after integration, which
consequently increases the computational overhead.

2.2.3 Research Status of Other TCP Technologies
In addition to classical and novel metaheuristic algorithms, numerous studies have applied machine

learning, reinforcement learning, and deep learning techniques to TCP in recent years. In [30], a systematic
review of machine learning applications in test case selection and prioritization was conducted. In [31],
the scalability and accuracy of TCP technology in continuous integration environments were highlighted,
and the use of machine learning algorithms to adapt to evolving test data and execution patterns by many
contemporary approaches was reported. In [32], a semantic-aware two-stage TCP framework that uses
information retrieval techniques for initial sorting and filtering of test cases, followed by fine-grained sorting
on the basis of semantic similarity using pretrained Siamese language models, was proposed. Most of the
aforementioned approaches use machine learning to mitigate issues in various scenarios.

However, these approaches often require sustained feedback mechanisms and involve computationally
intensive operations such as model training and parameter tuning, thereby leading to high training costs and
complex implementation.

2.3 Motivation
Despite substantial progress in TCP, a critical dichotomy persists between testing sufficiency and

execution efficiency within continuous integration pipelines. Conventional metaheuristics are often con-
strained by rigid search dynamics and premature convergence, yielding suboptimal prioritization due to
insufficient population diversity and weak escape mechanisms. Conversely, while hybrid and machine
learning-enhanced approaches mitigate these performance bottlenecks, they introduce high training costs
and complex implementation.

The AO presents a promising yet unexplored paradigm for TCP. However, its direct application is
impeded by two fundamental barriers: (1) Structural Discontinuity: The intrinsic mismatch between AO’s
continuous search space and TCP’s discrete permutation domain traditionally necessitates complex repair
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operators to rectify invalid solutions, thereby eroding computational efficiency. (2) Algorithmic Stagnation:
Even with valid encoding, standard AO suffers from low initialization diversity and a fixed exploration-
exploitation transition, leading to premature convergence in the rugged landscape of test case sequences.

To bridge these gaps, we propose the MCIAO_TCP framework, which systematically addresses both
aforementioned challenges. First, we employ the Smallest Position Value (SPV) [33] rule to convert con-
tinuous vectors into valid test case permutations. This approach inherently guarantees solution legality,
obviating the need for computationally expensive repair operators. Second, we integrate four phase-aware
strategies to dynamically enhance diversity, escape local optima, and refine solution precision. The synergistic
combination of these strategies ensures that MCIAO_TCP not only adapts AO to the discrete TCP domain
but also significantly outperforms existing metaheuristic-based methods.

3 MCIAO_TCP

3.1 Original AO Algorithm
The AO algorithm draws inspiration from the hunting behavior of aquila birds. The algorithm divides

the optimization process into exploration and exploitation phases according to the number of iterations.
Specifically, when the condition t <= (2/3)T holds (where t represents the current iteration number and T
represents the maximum number of iterations), the AO performs global exploration; otherwise, it switches
to local exploitation. The four distinct hunting stages, along with their corresponding mathematical models,
are sequentially described below [13].

3.1.1 Expanded Exploration
During this stage, the aquila hovers at high altitude and uses its acute vision to observe and identify

potential prey zones. It then dives vertically to select the optimal hunting zone. The mathematical model is
expressed as follows:

Xi (t + 1) = Xbest (t) × (1 −
t
T
) + (XM (t) − Xbest (t) × rand1) (4)

where Xi(t + 1) represents the position of the i-th individual at iteration t + 1; Xbest(t) represents the best
solution found by iteration t (the elite individual), which indicates the approximate prey location; and XM(t)
indicates the mean position of all the individuals at the t-th iteration, which can be calculated by Eq. (5).

XM (t) =
1
n∑

N
i=1 Xi (t) (5)

In Eq. (5), Xi(t) denotes the position of the i-th individual at the t-th iteration.

3.1.2 Narrowed Exploration
During this stage, the aquila hovers above the target prey and meticulously searches the designated

hunting area while preparing to strike. The mathematical model that characterizes this behavior is formulated
as follows:

Xi (t + 1) = Xbest (t) × Lev y (Dim) + XR (t) + (y − x) × rand2 (6)
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where Xi(t + 1) and Xbest(t) are defined as in Eq. (4); Levy(Dim) denotes the Lévy flight distribution function,
which can be calculated using Eq. (7).

Lev y (Dim) = (s × u × σ) /∣v∣1/β (7)

In Eq. (7), s and β are constants with values of 0.01 and 1.5, respectively; u and v denote normally
distributed random numbers within the interval [0, 1]; and σ can be determined via Eq. (8).

σ = τ (1 + β) × sin (πβ/2)
τ (1 + β) × β × 2(β−1)/2 (8)

In Eq. (8), τ represents the gamma function.
XR(t) represents a randomly selected individual from the current iteration, and y and x describe the

spiral flight trajectory of the aquila during exploration, which can be computed using Eqs. (9) and (10),
respectively.

y = (r1 +U × D1) × cos (θ) (9)
x = (r1 +U × D1) × sin (θ) (10)
θ = 3π/2 − ω × D1 (11)

where r1 has a value range of [1, 20], which indicates the predetermined number of search cycles; U and ω are
constant parameters set to 0.0056 and 0.005, respectively; and D1 denotes an integer value within the range
[1, Dim].

3.1.3 Expanded Exploitation
During this stage, upon precise prey localization, the aquila executes a rapid vertical descent to conduct

a preliminary attack while monitoring the response of the target. The mathematical model for this behavior
is formulated as follows:

Xi (t + 1) = (Xbest (t) − XM (t)) × α − rand3 + ((UB − LB) × rand4 + LB) × δ (12)

where Xi(t + 1), Xbest(t), and XM(t) are defined as in Eq. (4); both α and δ in the AO are assigned values
of 0.1 and function as exploitation tuning parameters; and LB and UB denote the lower and upper bounds,
respectively, of the defined search space of the given problem.

3.1.4 Narrowed Exploitation
During this stage, the aquila accurately hunts the prey according to its stochastic ground movements,

which is modeled mathematically as follows:

Xi (t + 1) = QF (t) × Xbest (t) − (G1 × Xi (t) × rand5) −G2 × Lev y (Dim) +G1 × rand6 (13)

where Xi(t + 1) and Xbest(t) are defined as in Eq. (4), Xi(t) and Levy(Dim) are defined as in Eq. (5), and QF(t)
represents the search-strategy-balancing quality function defined in Eq. (14).

QF (t) = t
2×rand7−1
(1−T)2 (14)

The parameter G1 = 2 × rand 8 − 1, characterizes the tracking trajectory of the aquila during the aerial
pursuit of escaping prey and decreases linearly from 1 to −1 during iterative optimization. The parameter
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G2 = 2 × (1 − t/T), represents the flight slope of the aquila during the aerial pursuit of escaping prey and
decreases linearly from 2 to 0 during iterative optimization.

Parameters rand1 through rand8 in the aforementioned equations denote uniformly distributed random
variables sampled from the closed interval [0, 1].

3.2 Improved MCIAO Algorithm
3.2.1 Adaptation of MCIAO for TCP

Since the original AO operates in a continuous space while TCP is a combinatorial permutation
problem, we adapt MCIAO using the SPV rule to bridge this gap: (1) Solution Representation: Each individual
is maintained as a D-dimensional real-valued vector

→

X = [x1, x2,..., xD], where D is the number of test
cases. (2) Decoding Mechanism: A valid execution sequence is generated by sorting the components of

→

X
in an ascending order, the indices of the sorted values determine the test case order. For example, given
→

X = [1.5, 0.8, 2.3, 0.4] corresponding to {TC1, TC2, TC3, TC4}, sorting yields the index sequence [4, 2, 1,
3] (since 0.4 < 0.8 < 1.5 < 2.3), producing the test order [TC4, TC2, TC1, TC3]. (3) Fitness Evaluation: The
decoded permutation is evaluated using APFD, APBC, or APDC metrics, and the resulting fitness value
guides the continuous position updates in the subsequent AO iterations. (4) Constraint Handling: The SPV
rule inherently guarantees solution legality—ensuring each test case appears exactly once without duplicates
or omissions—thus eliminating the need for explicit constraint handling.

These adaptations ensure that MCIAO effectively operates in the discrete combinatorial search space of
TCP while maintaining the optimization capabilities of the original metaheuristic framework.

3.2.2 Chaotic Mapping Initialization
Like most SI algorithms, the original AO initializes the population using randomly generated data,

which leads to an uneven distribution of initial individuals and compromised population diversity. This
makes the algorithm prone to premature convergence in later iterations, thus ultimately degrading its search
efficiency and optimization capabilities. In light of this, we build upon the cosine transform method by
integrating logistic mapping and sine mapping to generate a novel logistic–sine–cosine [34] composite
chaotic mapping as an improvement strategy. The mathematical formulation is expressed as follows:

xi+1 = cos (π (4rxi (1 − xi) + (1 − r) sin (πxi) − 0.5)) , r ∈ [0, 1] (15)

To further demonstrate the advantages of this composite chaotic mapping, Fig. 1 shows a comparison
of the distributions of the three individual mappings and random initialization in the [0, 1] interval. The
results conclusively show that the logistic–sine–cosine mapping has a more uniform distribution than logistic
mapping, sine mapping, and random initialization do and can better cover the search space to obtain a well-
distributed initial solution position. The flat frequency distribution observed in Fig. 1 provides quantitative
evidence that the proposed strategy prevents initial clustering, thereby ensuring a diverse population from
the outset.

3.2.3 Cauchy Inverse Cumulative Distribution Flight
In both the narrowed exploration and narrowed exploitation phases of the AO, the Lévy flight strategy

was introduced for random searching because of its fixed step size. However, this approach fails to consider
the dynamic environmental adaptation of aquila during predation, which makes balancing large-scale
coarse-grained exploration with small-scale fine-grained exploitation challenging. Consequently, the search
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process lacks directional guidance and hierarchical coordination, which potentially causes the algorithm to
overlook regions that contain optimal solutions.

Figure 1: Distribution analysis of initialization strategies.

The Cauchy distribution is a continuous probability distribution. Under the condition that its cumu-
lative distribution function can be calculated as an inverse function, the inverse transform method can be
used to generate random numbers that follow a uniform distribution [35]. The inverse function is defined as
follows:

step = a + b ∗ tan (pi ∗ (p − 1/2) (16)
p = Randn (1, Dim) (17)

During the narrowed exploration and narrowed exploitation phases, the random walk behavior is
regulated by the location parameter a and the scale parameter b. The location parameter is set to a = 0 to
center the perturbation around the current solution. The scale parameter b = 0.01 is empirically chosen to
balance the heavy-tailed nature of the Cauchy distribution—which enables occasional large jumps for global
exploration—with sufficiently small step sizes to support local refinement. This configuration leverages
the exploratory strength of Cauchy-based perturbations while maintaining effective local search capability,
thereby facilitating stable and effective convergence toward high-quality solutions. Improved equations,
namely, Eqs. (18) and (19), are obtained by substituting these values into Eqs. (6) and (13).

Xi (t + 1) = Xbest (t) × (0.01 × tan ((pi × (p − 1/2)))) + XR (t) + (y − x) × rand2 (18)
Xi (t + 1) = QF (t) × Xbest (t) − (G1 × Xi (t) × rand5) −G2 × (0.01 × tan ((pi × (p − 1/2))))

+G1 × rand6 (19)
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3.2.4 Mutated Random Walk
In the exploration phase of AO, a fixed-step uniform random search is conducted, which demonstrates

inadequate responsiveness to the dynamic characteristics of the solution space. As a result, the search range
cannot be dynamically adjusted according to the complexity of the solution space, which ultimately causes
either extensive regional omissions or redundant searches.

The random walk strategy is a commonly used approach in search and optimization algorithms. During
its execution, the system randomly selects a candidate solution from the search space according to predefined
rules to participate in individual updates, thereby improving the comprehensive exploration of the solution
space while preventing the population from becoming stuck in local optima [36]. Drawing inspiration
from mutation mechanisms, in this study, a random walk approach, namely, the mutated random walk
approach, which extends conventional random walk strategies, is introduced. This approach dynamically
modulates individual movement characteristics by adjusting the step size, direction parameters, and path
constraints while incorporating a mutation mechanism to generate new solutions, thereby increasing the
adaptability and diversity of the population and significantly improving the global exploration performance
of the algorithm.

The new individuals generated after mutation are calculated using Eq. (20):

Xi (t + 1) = Xi (t) + rand ∗ (X (n (1) , ∶ ) − X (n (2))) (20)

where: n = rand i([1 Dim], 2). Introducing the mutated random walk into Eq. (4) yields:

Xi (t + 1) = Mutation (Xbest (t) × (1 −
t
T
) + (XM (t) − Xbest (t) × rand1)) (21)

The modified random walk strategy is introduced into Eq. (18):

Xi (t + 1) = Mutation (Xbest (t) × Distribution (Dim, Index_ f l y) + XR (t) + (y − x) × rand2) (22)

The mutated random walk operates entirely in the continuous domain. After updating the continuous
position vector using Eqs. (21) or (22), the SPV rule described in Section 3.2.1 is applied to convert the
continuous vector into a valid permutation of test cases. This two-step mechanism guarantees that any
movement in the continuous space—regardless of its magnitude or direction—always yields a legitimate test
case sequence without requiring additional repair operators or constraint handling.

3.2.5 Specular Reflection Learning
The inspiration for specular reflection learning stems from the reflection of light, and its model is

illustrated in Fig. 2 [37]. This method involves leveraging the principle of symmetry to generate boundary-
constrained opposite solutions along multiple mirror directions. By replacing original individual positions
with these opposite solutions, it effectively guides individuals to migrate toward high-resource regions.

The AO predominantly uses the current optimal individual to guide the search process during late
iterations, which tends to decrease the population diversity and may lead to premature convergence to a
local optimum. To overcome this limitation, the specular reflection learning strategy can be used to perturb
the position of the best individual in the later stages. This mechanism not only enriches the diversity of the
population but also better emulates the natural habitat selection behavior of aquila birds, thereby enabling
broader solution space exploration while robustly preventing entrapment in local optima and increasing
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convergence accuracy. According to the principle of symmetry in specular reflection learning, the opposite
point

⌣
x of x can be calculated using Eq. (23).

⌣
x = (0.5λ + 0.5) × (ZL + ZU) − λx (23)

Figure 2: Schematic diagram of specular reflection learning.

By integrating specular reflection learning with AO, Eq. (23) can be transformed into Eq. (24).

Xi (t + 1) = (0.5 × rand + 0.5) × (UB + LB) − rand × Xi (t) (24)

In the context of TCP, specular reflection learning operates in the continuous domain. The opposite
solution generated by Eq. (24), which is computed as a symmetric point with respect to the current best
solution, is mapped to a test case permutation via the SPV rule (Section 3.2.1), yielding a sequence that is
structurally distinct from the existing candidates. This mechanism introduces targeted diversity during later
iterations when the population tends to concentrate around local optima.

3.2.6 Implementation Procedure
A schematic diagram of the MCIAO_TCP is shown in Fig. 3. The process begins by extracting relevant

software programs from the datasets for testing. A test suite is then developed to generate test cases.
TCP sequencing is performed using a search-based optimization approach, where the proposed improved
algorithm MCIAO is used to formulate strategies while incorporating evaluation metrics such as APFD,
APBC, and APDC. The final step yields prioritized test cases.

The MCIAO algorithm is developed by applying the improvement strategies described in Sections 3.2.2–
3.2.5 to the AO; its workflow is illustrated in detail in Algorithm 1.

3.3 Time Complexity Analysis of the MCIAO
We let N represent the population size, D represent the problem dimension, and MT represent the

maximum number of iterations. The time complexity of the AO consists of three parts: the initialization
phase O(N×D), position updating O(N×MT×D), and fitness function calculation O(N×MT). The overall
complexity is f(T1) = O(N × D) + O(N ×MT × D) + O(N ×MT) = O(N ×MT × D).
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Figure 3: Overall architecture of the proposed MCIAO_TCP.

Algorithm 1: MCIAO algorithm
1: Initialize the parameters of the AO (N, T, α, δ, etc.)
2: Initialize the population using logistic–sine–cosine chaotic mapping
3: While (t < T)
4: Calculate the fitness values
5: Determine the optimal aquila individual Xbest
6: For each individual i do
7: If t < 2/3T
8: If rand < 0.5
9: Expanded exploration using Eq. (21)
10: Else
11: Narrowed exploration using Eq. (22)
12: End If
13: Else
14: If rand < 0.5
15: Expanded exploitation using Eq. (12)
16: Else
17: Narrowed exploitation using Eq. (19)
18: End If
19: End If
20: End For
21: Generate the opposite solution

⌣
x of Xbest using Eq. (24)

22: Evaluate fitness of ⌣x
23: If ⌣x < Xbest Then
24: Xbest ←

⌣
x

25: End If
(Continued)
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Algorithm 1 (continued)
26: t = t + 1
27: End While
28: Return the best solution Xbest

For the MCIAO, we let t1 represent the time required to introduce the chaotic mapping. Afterward, the
time complexity of the initialization phase after the chaotic mapping is introduced becomes f(T1) =O(N ×D
+ t1). We let t2 represent the time required to generate new solutions through a mutated random walk and t3
represent the time required to generate new solutions using Cauchy inverse cumulative distribution flight.
Then, the time complexity of the search phase for incorporating the improved strategies for position update
and fitness function evaluation is f(T2) = O(N ×MT × D + t2) + O(N ×MT) + O(N ×MT × D + t3). We let
t4 represent the time required to generate opposite solutions using the specular reflection learning strategy.
The time complexity of generating opposite solutions with specular reflection learning is f(T3) = O(N × D
+ t4). Therefore, the overall time complexity of the MCIAO is f(T2) = f(T1) + f(T2) + f(T3) = O(N × D + t1)
+ (O(N ×MT × D + t2) + O(N ×MT) + O(N ×MT × D + t3)) + O(N × D + t4) = O(N ×MT × D), which
remains consistent with f(T1).

While a formal proof of global convergence is beyond the scope of this applied study, the design of
MCIAO is grounded in well-established principles of stochastic optimization. Specifically: logistic–sine–
cosine chaotic mapping enhances population diversity; mutated random walk and the Cauchy inverse
cumulative distribution flight jointly enable adaptive, long-range jumps that improve global exploration; and
specular reflection learning perturbs the best solution in later stages to help escape local optima. Together,
these components promote a sustained balance between exploration and exploitation—a key factor for
effective metaheuristic performance.

The O(N × MT × D) complexity accounts only for algorithmic operations. The evaluation cost
(APFD/APBC/APDC) is identical per iteration across methods and based on precomputed matrices.
MCIAO’s faster convergence reduces the number of such evaluations, resulting in lower effective runtime.
Metaheuristic overhead remains negligible compared to test execution time.

4 Experimental Design and Datasets Selection

4.1 Research Questions
In this study, the CEC2017 and CEC2020 benchmark test functions are used for numerical simulation

experiments, with five real datasets selected for analysis. The primary objective is to address three research
questions to validate the effectiveness of the proposed algorithm.

RQ1: How does the improved algorithm perform in terms of convergence speed and stability?
To address this issue, we conduct performance analysis experiments for MCIAO on the CEC2017 and

CEC2020 benchmark functions to evaluate the convergence speed, stability, and accuracy of the algorithms,
and the results are presented in Section 5.1.

RQ2: How do the four proposed improvement strategies individually affect the performance of the
algorithm?

To address this issue, as reported in Section 5.2, an ablation experiment is conducted to compare the
performance of the MCIAO, original AO, and each AO algorithm using a single improved strategy to validate
the effectiveness of the hybrid improved algorithm.

RQ3: Does the improved algorithm significantly outperform the baseline algorithm in terms of the
APFD, APBC, and APDC metrics?
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To address this issue, as reported in Section 5.3, comparative experiments are conducted to evaluate the
MCIAO algorithm against eight other SI optimization algorithms across various metrics to demonstrate the
superiority of the improved algorithm.

4.2 Experimental Setup and Datasets
The simulation experiment is conducted in MATLAB 2024a on a Windows 11 OS system with an 11th

Gen Intel
R©

Core™ i7-11390H processor (3.40 GHz) and 16 GB of RAM.
The Defects4J database has been widely used to evaluate TCP-related technologies. To validate the

effectiveness and reliability of MCIAO, we select five Java projects from the Defects4J datasets that contain
Java code defect data for testing. To ensure fair comparison, we prioritize datasets with comparable evaluation
metrics. Detailed information on these five open-source datasets is presented in Table 1.

Table 1: Statistical information about the five projects.

Project Name Identifier Number of Defects Number of Tests
Jfreechart Chart 26 2233

Closure-compiler Closure 174 9372
Commons-lang Lang 61 4355
Commons-math Math 106 8629

Joda-time Time 26 4055

4.3 Comparison Algorithms and Parameter Settings
In this study, comparative experiments are conducted using AO, GOOSE [38], BKA [39], SSA [40],

HHO [41], WOA [42], GWO [43], PSO [44] along with LSHADE [45] and iCSPM [46] on the numerical
benchmark functions, while only the first eight algorithms (AO to PSO) are used on the real-world TCP prob-
lem, to validate the effectiveness of MCIAO. To ensure simulation fairness, all the comparison algorithms are
conducted under uniform parameter settings, namely, maximum iteration count T = 500, population size
N = 50, and dimensional sizes Dim = 10 and 100, with each algorithm performing 30 independent runs. The
specific parameter configurations for each comparison algorithm are detailed in Table 2.

Table 2: Algorithm parameter settings.

Algorithm Parameter Settings
MCIAO C = 10

AO C = 10
GOOSE C = 1

BKA p = 0.9
SSA C1 = [1, 0] and a = [2, 0]

HHO J = [0, 2]
WOA l = [−1, 1] and b = 1
GWO a = [2 0]
PSO C1 = 2 and C2 = 2

LSHAD NP_init = N and NP_min = 4
iCSPM pm_eta = 20
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The experimental results and detailed analysis demonstrating the effectiveness of the proposed algo-
rithm are presented in Section 5.

5 Experimental Results and Analysis
In this section, we conduct comprehensive experiments to evaluate the performance of MCAIO.

Specifically, we first validate its theoretical search mechanisms using numerical benchmark functions, and
then empirically assess its practical effectiveness in real-world TCP.

5.1 RQ1: MCIAO Performance Analysis on Numerical Benchmark Functions
5.1.1 Convergence Accuracy Analysis

The performance of the MCIAO is evaluated on the CEC2017 and CEC2020 benchmark functions.
Four metrics are defined as follows: Mean (average fitness) reflects convergence accuracy and optimization
capability; Std (standard deviation) indicates robustness and stability; Min (best achieved fitness) represents
the potential to reach near-global optima; and Epoch (number of iterations to convergence) measures
convergence speed and computational efficiency. Table 3 reports the complete numerical results. To improve
readability, only the summarized winning counts are discussed here, while the full results are provided
in Appendix A.1, Table A1, and Appendix A.2, Table A2.

Table 3: Summary of best-performing counts on CEC2017 and CEC 2020.

Benchmark Best Mean Best Min Best Std. Fastest Epoch
CEC2017 22/29 20/29 16/29 7/29
CEC2020 7/10 5/10 2/10 7/10

The results from Table 3 show that on CEC2017, MCIAO achieves the best (lowest) Mean on 22 out of 29
functions (75.9%), the best Min on 20 out of 29 functions (69.0%), and the lowest Std on 16 out of 29 functions
(55.2%), indicating consistently high solution quality and robustness across independent runs. In terms of
convergence speed, MCIAO attains the fastest Epoch on 7 out of 29 functions (24.1%); on the remaining
functions, its Epoch values remain competitive (mostly well below the maximum iteration limit of 500). On
CEC2020, MCIAO achieves the best (lowest) Mean on 7 out of 10 functions (70%), including F1, F3, F5, F6,
F7, F9, and F10, and the best Min on 5 functions (50%), notably on F1, F3, F6, F7, and F9, indicating its strong
capability to locate high-quality solutions. In terms of convergence speed, MCIAO attains the fastest Epoch
on 9 out of 10 functions (90%), with only F6 where GWO converges slightly faster. Regarding stability, MCIAO
achieves the lowest Std on F1 and F9; on the remaining functions, its Std values are generally comparable
to the best competitors. Overall, MCIAO exhibits a strong balance between solution accuracy, stability, and
convergence efficiency on both test suites.

5.1.2 Convergence Analysis
To visually compare the MCIAO with the reference algorithms, we plot partial convergence curves, as

shown in Figs. 4 and 5, using simulation data from Appendix A.1, Table A1, and Appendix A.2, Table A2.
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(a) (b)

(c) (d)

(e) (f)

Figure 4: Partial convergence performance comparison on CEC2017 functions. (a) F4; (b) F5; (c) F6; (d) F7; (e) F16;
(f) F20.
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(a) (b)

(c) (d)

Figure 5: Partial convergence performance comparison on CEC2020 functions. (a) F2; (b) F3; (c) F6; (d) F9.

As shown in Fig. 4, MCIAO achieves the fastest convergence speed and highest solution accuracy
among all the tested functions F4–F7, F16, and F20. PSO exhibits rapid initial convergence but premature
stagnation, often trapped in local optima. BKA and SSA show moderate performance with somewhat lower
final precision. WOA and GWO demonstrate average convergence behavior, with visible degradation on
complex landscapes like F16 and F20. LSHADE stagnates prematurely on F7 and F20, while iCSPM converges
slowly across all test cases. GOOSE performs poorly, failing completely on F7. Overall, MCIAO demonstrates
superior exploration–exploitation balance, leading to robust optimization performance.

As shown in Fig. 5, which presents results on selected functions including multimodal functions F2 and
F3, hybrid function F6, and composition function F9, MCIAO consistently achieves the fastest convergence
and lowest final fitness among all algorithms. While PSO exhibits rapid initial convergence on F2 and F6,
it suffers from premature stagnation on F3 and F9, demonstrating inconsistent performance. WOA, GWO,
and SSA show moderate convergence but significantly lower final accuracy. LSHADE and iCSPM, despite
occasional competitiveness, generally converge slower or stagnate earlier than MCIAO. GOOSE performs
poorest, failing to converge on F9. MCIAO’s robust exploration–exploitation balance ensures its adaptability
across diverse landscapes.

5.1.3 Wilcoxon Rank-Sum Test
The Wilcoxon rank-sum test was employed to investigate whether the observed differences between

MCIAO and the competing algorithms are statistically reliable. In this study, the significance level was fixed at
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0.05. When the calculated p-value is smaller than 0.05, the corresponding difference is regarded as statistically
significant; otherwise, the two methods are considered to exhibit comparable performance from a statistical
perspective. Tables 4 and 5 summarize the statistical comparison results obtained from the Wilcoxon rank-
sum test on CEC2017 and CEC2020 benchmark suites. For clarity, only the numbers of statistically significant
and non-significant cases are reported in the main manuscript, while the detailed p-values are provided
in Appendix B.1 Table A3, and Appendix B.2 Table A4.

Table 4: Summary of Wilcoxon rank-sum test results on CEC2017.

Algorithm Significant Difference (p < 0.05) Non-Significant Difference (p ≥ 0.05)
AO 26 3

GOOSE 23 6
BKA 27 2
SSA 26 3

HHO 21 8
WOA 19 10
GWO 28 1
PSO 29 0

LSHADE 29 0
iCSPM 25 4

Table 5: Summary of Wilcoxon rank-sum test results on CEC2020.

Algorithm Significant Difference (p < 0.05) Non-Significant Difference (p ≥ 0.05)
AO 9 1

GOOSE 9 1
BKA 8 2
SSA 7 3

HHO 7 3
WOA 5 5
GWO 9 1
PSO 9 1

LSHADE 10 0
iCSPM 10 0

The results confirm that MCIAO exhibits statistically significant superiority over the majority of
competitors. Specifically, MCIAO significantly outperforms PSO and LSHADE on all 29 functions (100%),
GWO on 28 functions (96.6%), BKA on 27 functions (93.1%), AO and SSA on 26 functions (89.7%), iCSPM
on 25 functions (86.2%), GOOSE on 23 functions (79.3%), HHO on 21 functions (72.4%), and WOA on 19
functions (65.5%). These results demonstrate that MCIAO achieves consistently better solution quality with
high statistical confidence across the majority of test functions.

The results demonstrate that MCIAO exhibits statistically significant superiority over the majority of
competing algorithms. Specifically, MCIAO achieved significantly better results (p < 0.05) in 10 out of 10
functions against LSHADE and iCSPM, indicating complete dominance over these advanced continuous
optimizers. It also outperformed PSO, GWO, AO, and GOOSE on 9 out of 10 functions (90%), and BKA
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on 8 functions (80%). Strong statistical differences were also observed against SSA and HHO (7 out
of 10 functions each). In comparison with WOA, which emerged as the most competitive counterpart,
MCIAO showed significant superiority in 5 out of 10 functions, while the remaining cases (p ≥ 0.05)
suggest comparable performance in specific complex landscapes. Notably, there were no instances where any
competitor significantly outperformed MCIAO. These results confirm the consistent statistical advantage
and robustness of MCIAO on the CEC2020 benchmark suite.

5.1.4 Execution Time Comparison
To evaluate the actual computational efficiency, we measured the average wall-clock execution time

(in seconds) over 30 independent runs on four representative CEC2020 functions: F2 (multimodal), F3
(multimodal), F6 (hybrid), and F9 (composition). All experiments were conducted under identical hardware
and software conditions. Table 6 reports the results.

Table 6: Average execution time (seconds) on four CEC2020 functions.

MCIAO AO GOOSE BKA SSA HHO WOA GWO PSO LSHADE iCSPM
F2 1.24E−01 1.18E−01 9.06E−02 1.09E−01 1.51E−01 1.94E−01 1.09E−01 1.05E−01 7.24E−02 1.01E−01 1.90E−01
F3 8.67E−02 6.14E−02 5.83E−02 9.52E−02 1.49E−01 1.20E−01 9.94E−02 7.81E−02 7.48E−02 7.09E−02 1.84E−01
F6 3.49E−02 3.62E−02 6.94E−02 7.90E−02 7.38E−02 9.47E−02 5.42E−02 6.90E−02 4.48E−02 7.63E−02 1.24E−01
F9 1.68E−01 1.41E−01 1.03E−01 1.71E−01 1.38E−01 2.12E−01 1.10E−01 1.19E−01 8.96E−02 1.08E−01 2.09E−01

Average 1.04E−01 8.91E−02 8.03E−02 1.14E−01 1.28E−01 1.55E−01 9.29E−02 9.29E−02 7.04E−02 8.92E−02 1.77E−01

Note: The best results are highlighted in bold.

As shown, MCIAO achieves the fastest execution time on the hybrid function F6 (0.035 s) and maintains
competitive overall efficiency. Although it is slightly slower than PSO and GOOSE on some functions, this
trade-off is compensated by its better solution quality and faster convergence (Sections 5.1.1–5.1.3). Moreover,
MCIAO outperforms BKA, SSA, HHO, and iCSPM in execution time by 9%–72%. These results confirm
that MCIAO offers superior optimization performance without compromising practical efficiency, making
it suitable for real-world applications requiring both accuracy and speed.

5.2 RQ2: Ablation Experiment
5.2.1 Ablation Experiment

To evaluate the effects of different improvement strategies, in this study, comparative experiments
involving the MCIAO, the AO, and the following four variants are conducted: AO-1 (improved solely with the
logistic–sine–cosine chaotic mapping strategy), AO-2 (improved only with the Cauchy inverse cumulative
distribution flight strategy), AO-3 (modified exclusively using the mutated random walk strategy), and
AO-4 (optimized only with the specular reflection learning strategy). Table 7 summarizes the number of
benchmark functions on which each variant achieves the best Mean and Std values. The detailed numerical
results of the ablation experiments are provided in Appendix C.1, Table A5.

Table 7: Summary of ablation result on CEC2020.

Metrics MCIAO AO-1 AO-2 AO-3 AO-4 AO
Best Mean 9/10 0 0 0 0 1
Best Std. 8/10 0 1 0 0 1
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As shown in Table 7, the MCIAO achieves the highest convergence accuracy, with the best average
performance on 9 of the 10 functions. In contrast, AO-3 performs the worst on multiple functions (e.g.,
F1, F5, and F7), which indicates its tendency to fall into local optima; AO-1, AO-2, AO-4, and AO perform
similarly on some functions but are outperformed overall by the MCIAO. In terms of stability, the MCIAO
demonstrates the smallest Std for most functions, which remains within a reasonable range without abnormal
fluctuations, thus indicating its superior stability and reduced likelihood of extreme deviations. The Stds of
AO-3 on F1, F5, and F7 are extremely large, thus indicating highly unstable performance. The stability of
AO-1, AO-2, AO-4, and the AO varies with the function, but overall, it is inferior to that of the MCIAO.

In summary, the ablation results in Table 7 show that each component of MCIAO addresses a specific
aspect of the blind-search limitation: AO-1 mitigates initial blindness by ensuring diverse starting points;
AO-2 and AO-3 jointly mitigate exploratory blindness through adaptive, long-range jumps that replace
undirected movements; and AO-4 prevents convergence blindness in later stages by perturbing solutions
near local optima. The full MCIAO algorithm, which integrates all four strategies, achieves the best
performance, confirming the synergistic effect of these components.

To more intuitively compare the performance of the hybrid strategy–improved algorithm and
single strategy–improved algorithms, we plot partial convergence curves using simulation data
from Appendix C.1, Table A5, as shown in Fig. 6.

(a) (b)

(c) (d)

Figure 6: Partial convergence performance comparison on CEC2020 functions. (a) F2; (b) F3; (c) F6; (d) F9.

As shown in Fig. 6, for the multimodal function and hybrid functions tested (F2, F3, F6, F9,), the MCIAO
achieves the fastest convergence and the lowest final fitness value, significantly outperforming all others. The
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AO-3 and AO-4 are the closest competitors but still fall short, especially in later convergence stages. The
AO and AO-1 algorithms consistently show the slowest convergence and poorest accuracy. Furthermore,
the AO generally has slower convergence and lower accuracy and often becomes trapped in local optima
or has suboptimal search efficiency. Both the individual and hybrid improvement approaches demonstrate
measurable performance improvements over the original algorithm.

5.2.2 Convergence Driver Score Analysis
To provide deeper insights into the search behavior of MCIAO, we adopted the Convergence Driver

Score (CDS) from the EvoMapX framework [47]. CDS quantifies the contribution of each search operator
to the overall convergence by tracking fitness improvements during optimization. Four representative
operators were evaluated on two CEC2020 functions (F3 and F9). Table 8 reports the average CDS and
normalized contributions.

Table 8: Convergence driver score of MCIAO on CEC2020 benchmark functions F3 and F9.

Search Phase Operator(s) CDS
(F3)

CDS
(F9)

Average
CDS

Relative
Contribution

(%)
Expanded Exploration Mutated Random Walk 0.220 0.170 0.195 25.5%

Narrowed Exploration
Cauchy Inverse Cumulative

Distribution Flight combined with
Mutated Random Walk

0.121 0.259 0.190 24.8%

Narrowed Exploitation Cauchy Inverse Cumulative
Distribution Flight 0.143 0.248 0.195 25.5%

Later iteration stage Specular Reflection Learning 0.259 0.109 0.184 24.1%

Total 0.743 0.786 0.764 100%

As shown in Table 8, all four operators contribute almost equally (about 24%–26%), indicating a well-
balanced exploration-exploitation strategy. The Cauchy-based operators together account for approximately
50% of the convergence events, confirming their central role in search guidance. Mutated random walk
ensures global exploration, while specular reflection learning provides non-negligible local refinement in
later iterations. This balanced operator attribution explains the robust optimization performance of MCIAO
across diverse function landscapes.

5.3 RQ3: Comparative Experiment on Test Case Prioritization
This section evaluates the performance of MCIAO on real-world test case prioritization tasks. To

verify whether the improved algorithm significantly outperforms the baseline algorithm in terms of various
metrics, comparative experiments are conducted. The MCIAO is evaluated against eight other algorithms
across APFD, APBC, and APDC, and the superiority of the improved approach is demonstrated.

5.3.1 APFD
In the boxplots in Fig. 7, the performance of the five open-source datasets selected in Section 4.2 are

compared across several evaluation metrics, with APFD as the key metric.
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(c)

(e)

(d)

Figure 7: Performance evaluation of various algorithms in terms of APFD. (a) Chart; (b) closure; (c) lang; (d) math;
(e) time.

As shown in Fig. 7, the MCIAO consistently demonstrates superior performance across all five projects.
In each case, it achieves the highest median APFD values–reaching up to 98.5% in Chart and 99% in Time–
accompanied by compact data distributions, minimal outliers, and exceptional stability. Specifically, the
median APFD of MCIAO substantially exceeds the overall average of all algorithms in every project: by
approximately 2.5% in Chart (96% average), 7% in Closure (83.5% average), 5% in Lang (90% average), 8%
in Math (83% average), and 2.3% in Time (96.7% average). These results underscore the robustness and
consistent leading performance of MCIAO in comparison to the other methods evaluated.

5.3.2 APBC
In the boxplots in Fig. 8, the performance of all the algorithms on the five open-source datasets selected

in Section 4.2 is compared in terms of the APBC evaluation metric.
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(a) (b)

(c)

(e)
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Figure 8: Performance evaluation of various algorithms in terms of APBC. (a) Chart; (b) closure; (c) lang; (d) math;
(e) time.

As shown in Fig. 8, the MCIAO consistently achieves the best overall performance across all projects in
terms of APBC metrics, leading in both median value and stability. It is followed closely by GWO and WOA
in most projects, which also exhibit stable and high performance. Notably, in the Closure project, MCIAO
performs comparably to BKA and GWO, though BKA shows greater fluctuation and lower stability. In all
cases, HHO consistently yields the poorest results. Furthermore, the APBC value of MCIAO exceeds the
overall average of all algorithms in each project: by approximately 3% in Chart (95% average), 2.4% in Closure
(87.6% average), 5.2% in Lang (89.8% average), 6.3% in Math (83.7% average), and 2.2% in Time (95.8%
average), underscoring its robust and superior effectiveness compared to the other evaluated algorithms.

5.3.3 APDC
In the boxplots in Fig. 9, the performance on the five open-source datasets selected in Section 4.2 is

compared across several evaluation metrics, with the APDC score as the key performance indicator.
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Figure 9: Performance evaluation of various algorithms in terms of APDC. (a) Chart; (b) closure; (c) lang; (d) math;
(e) time.

As shown in Fig. 9, the MCIAO demonstrates the best overall APDC performance across all projects,
consistently achieving the highest median values and superior stability. It is followed by GWO and WOA in
the Chart project, while HHO consistently yields the lowest results. The APDC value of MCIAO exceeds the
overall algorithm average in each project: by approximately 2.9% in Chart (94.6% average), 7.8% in Closure
(82.2% average), 5.9% in Lang (88.1% average), 6.5% in Math (83.9% average), and 5.1% in Time (92.9%
average), further confirming its robust and leading effectiveness.

Although code structure and complexity may affect algorithm performance across projects, the MCIAO
consistently outperforms the other algorithms, which demonstrates its robustness and adaptability to
software projects with diverse characteristics.
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5.3.4 Convergence and Correlation Analysis on TCP
To further evaluate MCIAO on discrete optimization, we conducted TCP experiments using APFD,

APBC, and APDC. Fig. 10 presents the convergence curves of all compared algorithms on the Chart and
Time instances for each metric.

(a) (b)

(c)

(e) (f)

(d)

Figure 10: Convergence performance comparison on TCP. (a) APFD on chart; (b) APDC on chart; (c) APBC on chart;
(d) APFD on time; (e) APDC on time; (f) APBC on time.

As shown in Fig. 10, MCIAO consistently achieves the fastest convergence and the highest final values
across all three metrics and both projects. On Chart, MCIAO reaches APFD above 0.95 within 200 iterations,
significantly outperforming PSO, GWO, and others. On Time, MCIAO converges to APDC ≈ 0.98 after only
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150 iterations. PSO shows rapid early progress but premature stagnation; BKA and SSA exhibit moderate
convergence but lower final accuracy; GOOSE and HHO perform poorly, often staying below 0.85.

The convergence curves in Fig. 10 reveal a strong practical correlation among APFD, APBC, and APDC
across all studied TCP instances. The relative rankings of all algorithms remain highly consistent across the
three metrics, and test sequences achieving higher structural coverage (APBC and APDC) consistently yield
superior fault detection (APFD), demonstrating that coverage improvements serve as a reliable proxy for
fault detection effectiveness. This strong empirical correlation validates the practical efficacy of MCIAO and
confirms that optimizing for coverage metrics directly translates to improved fault detection performance.

Overall, the TCP experiments confirm that MCIAO maintains its convergence speed and solution
quality on discrete optimization tasks.

5.4 Sensitivity Analysis of Cauchy Scale Parameter B
To justify the choice of b = 0.01 in the Cauchy inverse cumulative distribution flight, we conducted a

sensitivity analysis on six representative CEC2017 functions (F4–F7, F16, F20) and four CEC2020 functions
(F2, F3, F6, F9), comparing b = 0.01 (default), b = 0.1, and b = 0.001. Table 9 reports the Mean and Std of the
final fitness values over 30 independent runs.

Table 9: Sensitivity analysis of the Cauchy scale parameter b.

Functions Metrics b = 0.01 b = 0.1 b = 0.001

CEC2017

F4
Mean 6.218E+02 7.807E+02 8.376E+02

Std 2.713E+01 4.742E+01 8.263E+01

F5
Mean 6.124E+02 7.695E+02 6.242E+02

Std 4.556E+00 2.011E+01 6.102E+01

F6
Mean 9.020E+02 1.054E+03 1.153E+03

Std 5.048E+01 8.114E+01 9.017E+01

F7
Mean 9.005E+02 9.571E+02 1.160E+03

Std 2.305E+01 5.429E+01 5.062E+01

F16
Mean 2.071E+03 2.068E+03 2.320E+03

Std 1.970E+02 2.432E+02 2.467E+02

F20
Mean 2.405E+03 2.525E+03 2.605E+03

Std 3.057E+01 6.631E+01 2.950E+01

CEC2020

F2
Mean 2.197E+03 2.275E+03 2.238E+03

Std 3.127E+02 3.299E+02 3.045E+02

F3
Mean 7.513E+02 7.926E+02 8.168E+02

Std 1.239E+01 5.262E+01 2.693E+01

F6
Mean 1.862E+03 1.910E+03 1.900E+03

Std 1.463E+02 1.601E+02 1.582E+02

F9
Mean 2.824E+03 2.890E+03 2.818E+03

Std 2.044E+01 2.868E+01 3.198E+01

Note: The best results are highlighted in bold.
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As shown in Table 9, b = 0.01 yields the best Mean values on 5 out of 6 CEC2017 functions and 3 out of
4 CEC2020 functions. The only exceptions are F16 (where b = 0.1 gives a marginally lower Mean by 0.14%)
and F9 (where b = 0.001 gives a marginally lower Mean by 0.22%). In terms of Std, b = 0.01 also demonstrates
superior stability across most test cases. These results empirically justify b = 0.01 as the optimal default scale
parameter, providing the best trade-off between exploration capability and convergence accuracy for the
proposed algorithm.

6 Conclusions and Future Work
In this study, we proposed MCIAO_TCP, a multi-strategy improved aquila optimizer for TCP.

By integrating logistic–sine–cosine chaotic mapping, mutated random walk, Cauchy inverse cumula-
tive distribution flight, and specular reflection learning, the algorithm enhances population diversity,
global exploration, and local refinement precision. Experiments on five Defects4J Java projects show that
MCIAO_TCP achieves statistically significant, albeit modest, average improvements of 4.96%, 3.82%, and
5.64% in APFD, APBC, and APDC, respectively.

However, this work has several limitations. First, the evaluation is confined to five medium-sized Java
projects, which may not fully represent the diversity and scale of real-world software systems. Second,
our evaluation does not include comparisons with the most recent TCP approaches, which limits the
contextualization of our results. Third, the study focuses on single-objective TCP, whereas real-world
regression testing often involves multiple conflicting criteria (e.g., execution time, fault severity). Finally,
the current implementation assumes precomputed coverage/fault matrices, which may not be feasible for
dependency-heavy or non-Java test suites.

Despite these limitations, MCIAO retains the same asymptotic complexity as the original AO, with
only constant-factor overhead. The marginal increase in algorithmic complexity is justified by the consistent
and statistically significant gains. Its faster convergence reduces the number of fitness evaluations, making
it suitable for CI/CD pipelines where test execution time dominates. The modest but consistent gains in
APFD/APBC/APDC are practically valuable, as even small gains can accelerate feedback cycles.

Future work will address these gaps through four concrete directions: First, we will conduct comparative
studies with state-of-the-art TCP approaches. Second, we will extend the evaluation to larger and more
diverse projects, including C/C++ and Python systems, and explicitly address the challenges of dependency-
heavy test suites through enhanced static and dynamic dependency modeling. Third, we will develop
a multi-objective framework that jointly optimizes fault detection rate, execution time, and resource
consumption for more balanced and practical test scheduling.

Through these efforts, we aim to bridge the gap between theoretical optimization and industrial practice,
contributing robust, scalable, and cost-effective solutions for test case prioritization in modern continuous
integration and delivery pipelines.
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Appendix A Detailed Numerical Results on CEC2017 and CEC2020 Benchmark Suites in Manuscript

Appendix A.1 Test Results on the CEC2017 Benchmark Functions

Table A1: Test results on the CEC2017 benchmark functions.

Metrics MCIAO AO GOOSE BKA SSA HHO WOA GWO PSO LSHADE iCSPM

F1

Mean 9.25E+04 4.47E+09 1.06E+09 1.29E+10 2.60E+09 4.05E+08 4.88E+09 2.54E+10 9.33E+08 2.84E+08 2.93E+09
Std. 9.08E+04 1.46E+09 1.36E+09 1.15E+10 1.51E+09 2.26E+08 1.60E+09 4.68E+09 1.48E+09 2.36E+08 1.02E+09
Min 6.25E+04 2.87E+09 7.02E+04 2.15E+09 8.50E+08 1.53E+08 2.78E+09 1.85E+10 4.15E+05 1.38E+07 1.71E+09

Epoch 4.94E+02 4.97E+02 5.00E+02 5.00E+02 4.98E+02 5.00E+02 4.98E+02 5.00E+02 5.00E+02 5.00E+02 4.97E+02

F2

Mean 3.20E+04 6.68E+04 1.37E+05 6.12E+04 5.82E+04 5.54E+04 2.78E+05 8.67E+04 5.83E+04 9.86E+04 1.41E+05
Std. 6.01E+03 7.40E+03 3.89E+04 1.50E+04 7.02E+03 1.16E+04 7.53E+04 9.04E+03 2.52E+04 1.80E+04 2.02E+04
Min 2.12E+04 5.45E+04 8.54E+04 3.95E+04 4.65E+04 3.35E+04 1.58E+05 7.25E+04 2.82E+04 6.72E+04 9.64E+04

Epoch 4.77E+02 4.88E+02 5.00E+02 5.00E+02 4.97E+02 5.00E+02 5.00E+02 5.00E+02 4.99E+02 4.88E+02 4.70E+02

F3

Mean 5.12E+02 9.96E+02 8.52E+02 1.92E+03 6.17E+02 7.08E+02 1.36E+03 3.89E+03 6.31E+02 5.94E+02 8.94E+02
Std. 2.65E+01 1.97E+02 3.73E+02 3.63E+03 9.85E+01 7.87E+01 3.23E+02 9.16E+02 1.41E+02 4.71E+01 9.65E+01
Min 4.62E+02 6.25E+02 5.01E+02 5.21E+02 4.68E+02 5.62E+02 7.52E+02 2.15E+03 4.72E+02 5.28E+02 7.77E+02

Epoch 4.96E+02 4.96E+02 5.00E+02 5.00E+02 4.98E+02 5.00E+02 4.99E+02 5.00E+02 5.00E+02 5.00E+02 4.95E+02

F4

Mean 6.22E+02 7.34E+02 8.84E+02 7.52E+02 7.77E+02 7.68E+02 8.72E+02 8.49E+02 6.68E+02 6.96E+02 8.83E+02
Std. 2.71E+01 3.24E+01 8.48E+01 4.32E+01 4.31E+01 3.85E+01 6.90E+01 3.21E+01 3.62E+01 1.36E+01 3.85E+01
Min 5.72E+02 6.73E+02 7.21E+02 6.71E+02 6.92E+02 6.95E+02 7.42E+02 7.88E+02 5.98E+02 6.72E+02 8.03E+02

Epoch 4.90E+02 4.94E+02 5.00E+02 4.99E+02 4.97E+02 5.00E+02 4.95E+02 4.92E+02 5.00E+02 4.58E+02 4.79E+02

F5

Mean 6.12E+02 6.59E+02 6.76E+02 6.62E+02 6.58E+02 6.68E+02 6.77E+02 6.76E+02 6.41E+02 6.17E+02 6.68E+02
Std. 4.56E+00 7.23E+00 9.45E+00 9.84E+00 7.82E+00 6.90E+00 1.38E+01 5.42E+00 1.27E+01 5.25E−01 7.44E+00
Min 6.03E+02 6.44E+02 6.57E+02 6.43E+02 6.43E+02 6.54E+02 6.50E+02 6.66E+02 6.16E+02 6.00E+02 6.50E+02

Epoch 4.89E+02 4.82E+02 5.00E+02 4.99E+02 4.97E+02 4.99E+02 4.97E+02 5.00E+02 5.00E+02 4.99E+02 4.78E+02

F6

Mean 9.02E+02 1.15E+03 2.51E+03 1.21E+03 1.28E+03 1.32E+03 1.33E+03 1.35E+03 9.49E+02 9.40E+02 1.35E+03
Std. 5.05E+01 6.93E+01 7.71E+02 6.81E+01 7.15E+01 7.88E+01 8.97E+01 4.65E+01 8.08E+01 2.23E+01 5.61E+01
Min 8.01E+02 1.02E+03 9.66E+02 1.07E+03 1.14E+03 1.16E+03 1.15E+03 1.26E+03 8.11E+02 8.90E+02 1.22E+03

Epoch 4.85E+02 4.91E+02 5.00E+02 5.00E+02 4.98E+02 4.97E+02 4.93E+02 4.66E+02 5.00E+02 4.97E+02 4.89E+02

F7

Mean 9.00E+02 9.86E+02 1.09E+03 1.01E+03 9.83E+02 9.83E+02 1.07E+03 1.08E+03 9.39E+02 9.86E+02 1.13E+03
Std. 2.31E+01 2.75E+01 6.70E+01 7.04E+01 2.84E+01 2.44E+01 6.52E+01 2.89E+01 3.14E+01 2.06E+01 3.38E+01
Min 8.54E+02 9.31E+02 9.58E+02 8.65E+02 9.26E+02 9.34E+02 9.42E+02 1.02E+03 8.76E+02 9.39E+02 1.06E+03

Epoch 4.90E+02 4.93E+02 5.00E+02 5.00E+02 4.96E+02 5.00E+02 4.95E+02 5.00E+02 5.00E+02 4.19E+02 4.78E+02

F8

Mean 2.94E+03 8.00E+03 7.85E+03 6.16E+03 5.43E+03 8.89E+03 1.27E+04 7.88E+03 4.30E+03 9.88E+02 1.43E+04
Std. 1.18E+02 1.13E+03 2.50E+03 1.65E+03 1.51E+03 1.01E+03 4.20E+03 8.92E+02 1.49E+03 1.30E+02 2.35E+03
Min 2.70E+03 5.82E+03 2.84E+03 3.12E+03 2.81E+03 6.89E+03 4.27E+03 6.12E+03 2.78E+03 9.04E+02 1.04E+04

Epoch 4.85E+02 4.86E+02 5.00E+02 5.00E+02 4.99E+02 4.93E+02 4.93E+02 4.55E+02 5.00E+02 4.89E+02 4.58E+02

F9

Mean 4.96E+03 6.33E+03 5.91E+03 5.29E+03 5.43E+03 6.19E+03 7.70E+03 7.29E+03 5.02E+03 8.59E+03 5.59E+03
Std. 1.28E+03 7.45E+02 8.14E+02 7.08E+02 5.91E+02 7.75E+02 6.27E+02 4.66E+02 7.56E+02 3.70E+02 3.81E+02
Min 2.41E+03 4.84E+03 4.27E+03 3.87E+03 4.25E+03 4.64E+03 6.44E+03 6.36E+03 3.51E+03 7.36E+03 4.88E+03

Epoch 4.81E+02 4.91E+02 5.00E+02 4.99E+02 4.96E+02 4.99E+02 4.92E+02 4.68E+02 5.00E+02 3.67E+02 4.77E+02

(Continued)
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Table A1 (continued)

Metrics MCIAO AO GOOSE BKA SSA HHO WOA GWO PSO LSHADE iCSPM

F10

Mean 1.30E+03 4.51E+03 1.92E+03 1.75E+03 2.48E+03 1.59E+03 1.05E+04 8.22E+03 1.36E+03 1.37E+03 3.09E+03
Std. 6.73E+01 1.82E+03 8.90E+02 1.65E+03 1.22E+03 2.01E+02 3.57E+03 2.97E+03 1.70E+02 7.92E+01 7.10E+02
Min 1.17E+03 1.42E+03 1.24E+03 1.19E+03 1.24E+03 1.19E+03 3.37E+03 2.28E+03 1.17E+03 1.17E+03 1.93E+03

Epoch 4.86E+02 4.94E+02 5.00E+02 5.00E+02 5.00E+02 5.00E+02 4.99E+02 5.00E+02 5.00E+02 4.76E+02 4.97E+02

F11

Mean 2.57E+06 3.07E+08 3.25E+07 3.57E+08 1.92E+08 6.50E+07 5.90E+08 2.45E+09 2.19E+08 2.67E+06 1.03E+08
Std. 2.01E+06 2.30E+08 5.40E+07 1.17E+09 3.81E+08 4.52E+07 3.31E+08 8.82E+08 4.84E+08 2.55E+06 4.00E+07
Min 3.52E+05 5.45E+06 6.25E+05 6.45E+06 7.42E+06 8.25E+06 1.45E+07 6.85E+08 3.43E+05 3.70E+05 4.25E+07

Epoch 4.94E+02 4.96E+02 5.00E+02 5.00E+02 4.98E+02 5.00E+02 4.98E+02 5.00E+02 5.00E+02 4.99E+02 4.96E+02

F12

Mean 2.33E+04 2.38E+07 1.17E+05 1.07E+08 4.99E+07 1.08E+06 8.56E+06 5.53E+08 9.45E+05 7.32E+04 1.64E+07
Std. 1.62E+04 6.62E+07 6.15E+04 3.38E+08 9.74E+07 5.59E+05 6.17E+06 4.14E+08 1.81E+06 3.99E+04 1.18E+07
Min 1.50E+04 1.25E+06 3.52E+04 4.25E+06 2.51E+06 3.52E+05 1.43E+06 1.85E+07 1.43E+05 1.70E+04 1.85E+06

Epoch 4.92E+02 4.90E+02 5.00E+02 5.00E+02 4.97E+02 5.00E+02 4.94E+02 5.00E+02 5.00E+02 4.81E+02 4.98E+02

F13

Mean 6.63E+05 1.26E+06 9.72E+04 4.38E+04 1.10E+05 1.06E+06 2.87E+06 1.58E+06 6.04E+04 1.29E+04 2.16E+05
Std. 7.81E+05 1.05E+06 1.15E+05 1.50E+05 9.78E+04 1.11E+06 5.05E+06 1.28E+06 7.81E+04 1.98E+04 1.22E+05
Min 5.12E+02 1.43E+05 8.51E+03 1.25E+03 1.25E+04 8.52E+04 2.15E+05 1.25E+05 8.55E+02 1.77E+03 3.45E+04

Epoch 4.51E+02 4.75E+02 5.00E+02 4.99E+02 4.97E+02 5.00E+02 4.98E+02 4.99E+02 5.00E+02 4.66E+02 4.92E+02

F14

Mean 8.64E+03 1.98E+05 7.24E+04 2.86E+06 2.53E+06 1.33E+05 1.23E+07 1.22E+08 1.45E+04 1.66E+04 2.56E+05
Std. 7.75E+03 1.19E+05 6.68E+04 1.52E+07 6.46E+06 7.82E+04 3.01E+07 9.98E+07 1.15E+04 1.04E+04 1.41E+05
Min 3.01E+03 4.52E+04 1.25E+04 1.43E+05 8.54E+04 3.52E+04 1.43E+06 8.54E+06 5.25E+03 3.53E+03 2.44E+04

Epoch 4.92E+02 4.78E+02 5.00E+02 4.99E+02 4.97E+02 4.97E+02 4.97E+02 5.00E+02 5.00E+02 4.73E+02 4.98E+02

F15

Mean 2.68E+03 3.53E+03 3.71E+03 3.12E+03 3.08E+03 3.72E+03 4.30E+03 3.97E+03 2.68E+03 3.15E+03 3.00E+03
Std. 3.42E+02 3.04E+02 6.15E+02 3.71E+02 3.65E+02 5.79E+02 5.02E+02 4.05E+02 3.15E+02 3.48E+02 1.97E+02
Min 1.85E+03 2.95E+03 2.54E+03 2.45E+03 2.39E+03 2.65E+03 3.25E+03 3.13E+03 2.01E+03 2.59E+03 2.49E+03

Epoch 4.82E+02 4.83E+02 5.00E+02 4.99E+02 4.93E+02 5.00E+02 4.88E+02 4.92E+02 4.99E+02 3.75E+02 4.94E+02

F16

Mean 2.07E+03 2.46E+03 2.83E+03 2.45E+03 2.59E+03 2.68E+03 2.71E+03 2.74E+03 2.38E+03 2.15E+03 2.30E+03
Std. 1.97E+02 2.95E+02 3.73E+02 2.85E+02 3.16E+02 3.25E+02 2.97E+02 3.99E+02 2.53E+02 2.51E+02 2.14E+02
Min 1.75E+03 2.02E+03 2.35E+03 2.12E+03 2.20E+03 2.29E+03 2.34E+03 2.25E+03 1.99E+03 1.90E+03 2.11E+03

Epoch 4.72E+02 4.80E+02 5.00E+02 4.94E+02 4.96E+02 4.99E+02 4.86E+02 4.83E+02 5.00E+02 4.08E+02 4.88E+02

F17

Mean 1.83E+06 7.08E+06 1.01E+06 2.39E+05 9.76E+05 3.07E+06 1.09E+07 1.07E+07 2.15E+05 1.15E+06 9.29E+05
Std. 1.56E+06 8.45E+06 7.44E+05 4.95E+05 9.39E+05 3.77E+06 1.48E+07 8.72E+06 1.87E+05 7.07E+05 6.00E+05
Min 5.64E+03 1.25E+04 6.52E+03 8.51E+03 4.52E+03 1.25E+04 3.25E+04 4.25E+04 4.68E+03 2.46E+05 1.52E+05

Epoch 4.70E+02 4.86E+02 5.00E+02 4.99E+02 4.97E+02 5.00E+02 4.97E+02 4.99E+02 4.99E+02 4.65E+02 4.91E+02

F18

Mean 1.75E+06 5.45E+06 1.39E+06 2.42E+05 9.56E+03 3.77E+06 1.67E+07 3.02E+07 1.71E+04 7.86E+03 6.39E+05
Std. 1.51E+06 4.70E+06 8.33E+05 2.86E+05 1.27E+04 7.80E+06 1.52E+07 1.61E+07 2.64E+04 5.39E+03 3.44E+05
Min 1.55E+04 1.52E+05 6.52E+05 1.55E+05 2.45E+04 2.15E+05 5.41E+05 8.54E+05 1.41E+04 2.50E+03 9.62E+04

Epoch 4.81E+02 4.88E+02 5.00E+02 4.99E+02 4.95E+02 5.00E+02 4.93E+02 5.00E+02 5.00E+02 4.74E+02 4.96E+02

F19

Mean 2.46E+03 2.64E+03 3.04E+03 2.59E+03 2.82E+03 2.77E+03 2.91E+03 2.86E+03 2.66E+03 2.64E+03 2.75E+03
Std. 1.80E+02 1.61E+02 2.91E+02 1.90E+02 2.72E+02 2.16E+02 2.38E+02 1.99E+02 2.22E+02 1.83E+02 1.93E+02
Min 2.11E+03 2.34E+03 2.52E+03 2.25E+03 2.39E+03 2.41E+03 2.51E+03 2.50E+03 2.29E+03 2.36E+03 2.45E+03

Epoch 4.66E+02 4.86E+02 4.99E+02 4.99E+02 4.97E+02 4.99E+02 4.84E+02 4.85E+02 5.00E+02 4.68E+02 4.72E+02

F20

Mean 2.40E+03 2.51E+03 2.68E+03 2.54E+03 2.54E+03 2.60E+03 2.65E+03 2.62E+03 2.46E+03 2.48E+03 2.60E+03
Std. 3.06E+01 5.37E+01 6.48E+01 5.46E+01 5.90E+01 5.63E+01 6.80E+01 4.54E+01 4.16E+01 3.66E+01 1.09E+02
Min 2.32E+03 2.41E+03 2.51E+03 2.42E+03 2.42E+03 2.49E+03 2.51E+03 2.52E+03 2.37E+03 2.45E+03 2.32E+03

Epoch 4.85E+02 4.92E+02 5.00E+02 5.00E+02 4.98E+02 5.00E+02 4.97E+02 4.85E+02 5.00E+02 3.67E+02 4.84E+02

F21

Mean 3.67E+03 6.09E+03 7.61E+03 6.14E+03 5.92E+03 7.72E+03 8.13E+03 6.97E+03 4.95E+03 2.92E+03 6.86E+03
Std. 9.61E+02 2.47E+03 7.38E+02 1.51E+03 2.35E+03 1.01E+03 2.00E+03 1.77E+03 1.95E+03 1.84E+03 9.52E+02
Min 1.93E+03 2.85E+03 6.25E+03 3.51E+03 2.15E+03 5.84E+03 4.51E+03 3.85E+03 2.15E+03 2.33E+03 3.54E+03

Epoch 4.87E+02 4.95E+02 4.99E+02 4.99E+02 4.97E+02 5.00E+02 4.94E+02 4.15E+02 5.00E+02 4.84E+02 4.81E+02

(Continued)
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Table A1 (continued)

Metrics MCIAO AO GOOSE BKA SSA HHO WOA GWO PSO LSHADE iCSPM

F22

Mean 2.79E+03 3.03E+03 3.51E+03 3.09E+03 2.96E+03 3.23E+03 3.14E+03 3.19E+03 3.03E+03 2.84E+03 3.27E+03
Std. 6.55E+01 7.79E+01 1.76E+02 9.62E+01 1.03E+02 1.32E+02 1.03E+02 7.85E+01 1.18E+02 7.25E+01 9.14E+01
Min 2.61E+03 2.85E+03 3.12E+03 2.87E+03 2.73E+03 2.95E+03 2.89E+03 3.01E+03 2.79E+03 2.76E+03 3.12E+03

Epoch 4.70E+02 4.85E+02 5.00E+02 5.00E+02 4.96E+02 5.00E+02 4.97E+02 4.49E+02 5.00E+02 4.95E+02 4.88E+02

F23

Mean 2.98E+03 3.14E+03 3.70E+03 3.25E+03 3.16E+03 3.52E+03 3.26E+03 3.31E+03 3.17E+03 3.03E+03 3.26E+03
Std. 7.52E+01 5.61E+01 1.13E+02 9.90E+01 1.05E+02 1.73E+02 9.62E+01 7.49E+01 1.22E+02 8.14E+01 1.67E+02
Min 2.75E+03 3.01E+03 3.42E+03 3.03E+03 2.91E+03 3.15E+03 3.05E+03 3.15E+03 2.89E+03 2.97E+03 2.91E+03

Epoch 4.84E+02 4.88E+02 5.00E+02 5.00E+02 4.97E+02 5.00E+02 4.99E+02 4.19E+02 4.96E+02 4.76E+02 4.93E+02

F24

Mean 2.90E+03 3.08E+03 3.01E+03 3.10E+03 3.02E+03 3.00E+03 3.23E+03 3.60E+03 2.97E+03 2.97E+03 3.11E+03
Std. 1.80E+01 6.79E+01 7.87E+01 1.00E+02 5.19E+01 3.33E+01 9.72E+01 1.74E+02 4.41E+01 4.10E+01 3.67E+01
Min 2.90E+03 2.91E+03 2.87E+03 2.89E+03 2.91E+03 2.92E+03 3.01E+03 3.15E+03 2.88E+03 2.91E+03 3.05E+03

Epoch 4.95E+02 4.96E+02 5.00E+02 5.00E+02 4.99E+02 5.00E+02 4.97E+02 5.00E+02 5.00E+02 4.99E+02 4.96E+02

F25

Mean 5.00E+03 6.53E+03 1.14E+04 8.30E+03 6.55E+03 8.26E+03 8.53E+03 8.47E+03 5.68E+03 5.05E+03 5.98E+03
Std. 4.63E+02 1.26E+03 2.22E+03 1.26E+03 1.34E+03 1.26E+03 1.44E+03 1.05E+03 1.32E+03 8.04E+02 1.33E+03
Min 4.13E+03 4.13E+03 6.54E+03 5.41E+03 3.85E+03 5.41E+03 5.54E+03 6.25E+03 4.25E+03 2.99E+03 4.32E+03

Epoch 4.87E+02 4.93E+02 5.00E+02 5.00E+02 4.98E+02 5.00E+02 4.97E+02 4.96E+02 5.00E+02 4.43E+02 4.94E+02

F26

Mean 3.27E+03 3.43E+03 4.14E+03 3.42E+03 3.32E+03 3.56E+03 3.44E+03 3.55E+03 3.35E+03 3.23E+03 3.40E+03
Std. 3.43E+01 6.71E+01 4.60E+02 1.22E+02 7.03E+01 2.01E+02 1.20E+02 1.01E+02 6.68E+01 3.69E+01 4.08E+01
Min 3.20E+03 3.29E+03 3.21E+03 3.20E+03 3.19E+03 3.15E+03 3.19E+03 3.32E+03 3.21E+03 3.21E+03 3.32E+03

Epoch 4.76E+02 4.85E+02 4.99E+02 4.99E+02 4.94E+02 5.00E+02 4.88E+02 5.00E+02 4.94E+02 4.98E+02 4.94E+02

F27

Mean 3.26E+03 3.87E+03 3.56E+03 3.68E+03 3.49E+03 3.51E+03 3.98E+03 5.05E+03 3.39E+03 3.41E+03 3.63E+03
Std. 2.48E+01 2.27E+02 3.29E+02 5.20E+02 2.09E+02 1.03E+02 2.92E+02 2.56E+02 1.83E+02 8.07E+01 1.07E+02
Min 3.09E+03 3.41E+03 3.21E+03 3.21E+03 3.09E+03 3.29E+03 3.39E+03 4.51E+03 3.15E+03 3.28E+03 3.43E+03

Epoch 4.92E+02 4.97E+02 5.00E+02 5.00E+02 4.99E+02 5.00E+02 4.98E+02 5.00E+02 5.00E+02 4.99E+02 4.97E+02

F28

Mean 3.93E+03 4.89E+03 5.35E+03 4.85E+03 4.28E+03 4.89E+03 5.35E+03 5.27E+03 4.28E+03 3.96E+03 4.37E+03
Std. 1.73E+02 4.02E+02 5.53E+02 5.76E+02 3.15E+02 3.99E+02 5.74E+02 4.22E+02 3.52E+02 1.80E+02 1.47E+02
Min 3.58E+03 4.09E+03 4.24E+03 3.72E+03 3.65E+03 4.08E+03 4.21E+03 4.42E+03 3.61E+03 3.74E+03 4.13E+03

Epoch 4.74E+02 4.84E+02 5.00E+02 4.91E+02 4.97E+02 5.00E+02 4.87E+02 5.00E+02 5.00E+02 4.16E+02 4.89E+02

F29

Mean 2.35E+04 3.26E+07 5.86E+06 1.26E+07 1.22E+07 7.99E+06 6.86E+07 1.21E+08 2.77E+05 9.98E+04 3.60E+06
Std. 9.99E+03 2.19E+07 4.44E+06 4.08E+07 9.61E+06 8.05E+06 6.16E+07 8.89E+07 3.47E+05 7.11E+04 1.99E+06
Min 1.99E+04 1.03E+06 1.25E+05 2.15E+05 1.52E+06 3.25E+05 2.51E+06 5.12E+06 2.55E+04 1.65E+04 1.61E+06

Epoch 4.87E+02 4.89E+02 5.00E+02 4.99E+02 4.97E+02 5.00E+02 4.98E+02 5.00E+02 4.99E+02 4.79E+02 4.96E+02

Note: The best results are highlighted in bold.

Appendix A.2 Test Results on the CEC2020 Benchmark Functions

Table A2: Test results on the CEC2020 benchmark functions.

Metrics MCIAO AO GOOSE BKA SSA HHO WOA GWO PSO LSHADE iCSPM

F1

Mean 4.99E+03 3.69E+08 5.48E+07 5.93E+08 1.84E+08 4.37E+06 2.82E+08 4.60E+09 1.81E+07 9.13E+04 2.34E+07
Std. 6.85E+03 2.38E+08 1.92E+08 2.04E+09 3.65E+08 1.46E+06 2.15E+08 1.51E+09 9.93E+07 2.71E+05 5.97E+06
Min 4.03E+03 1.25E+06 6.52E+04 1.25E+06 2.45E+05 1.54E+06 1.45E+06 2.15E+09 1.25E+04 9.21E+03 1.22E+07

Epoch 4.91E+02 4.96E+02 5.00E+02 5.00E+02 4.98E+02 5.00E+02 4.97E+02 5.00E+02 5.00E+02 5.00E+02 5.00E+02

F2

Mean 2.20E+03 2.76E+03 3.38E+03 2.55E+03 2.67E+03 2.64E+03 3.28E+03 3.20E+03 2.30E+03 2.91E+03 2.07E+03
Std. 3.13E+02 4.75E+02 6.27E+02 4.55E+02 4.57E+02 5.03E+02 5.45E+02 3.87E+02 4.89E+02 4.09E+02 1.86E+02
Min 1.65E+03 1.95E+03 2.15E+03 1.75E+03 1.85E+03 1.79E+03 2.25E+03 2.51E+03 1.69E+03 2.03E+03 1.62E+03

Epoch 4.16E+02 4.85E+02 4.99E+02 4.99E+02 4.97E+02 4.99E+02 4.90E+02 4.84E+02 4.25E+02 4.84E+02 4.25E+02

(Continued)
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Table A2 (continued)

Metrics MCIAO AO GOOSE BKA SSA HHO WOA GWO PSO LSHADE iCSPM

F3

Mean 7.51E+02 8.26E+02 1.39E+03 8.56E+02 8.96E+02 8.82E+02 8.90E+02 9.13E+02 7.65E+02 7.62E+02 7.87E+02
Std. 1.24E+01 2.87E+01 2.72E+02 4.55E+01 3.88E+01 2.66E+01 5.10E+01 3.14E+01 2.02E+01 8.91E+00 1.46E+01
Min 7.32E+02 7.81E+02 8.54E+02 7.81E+02 8.25E+02 8.35E+02 8.12E+02 8.61E+02 7.35E+02 7.34E+02 7.52E+02

Epoch 4.01E+02 4.89E+02 5.00E+02 4.99E+02 4.99E+02 4.99E+02 4.90E+02 4.35E+02 4.22E+02 4.35E+02 4.02E+02

F4

Mean 1.91E+03 1.98E+03 2.01E+03 5.64E+03 1.92E+03 1.92E+03 2.38E+03 1.30E+04 1.91E+03 1.91E+03 1.91E+03
Std. 2.98E+00 7.80E+01 9.83E+01 1.42E+04 4.06E+01 7.22E+00 1.09E+03 2.36E+04 1.60E+01 3.56E+00 2.38E+00
Min 1.90E+03 1.85E+03 1.81E+03 2.45E+00 1.85E+03 1.91E+03 1.24E+03 1.25E+00 1.90E+03 1.90E+03 1.91E+03

Epoch 4.73E+02 4.78E+02 5.00E+02 5.00E+02 4.97E+02 5.00E+02 4.93E+02 4.81E+02 5.00E+02 4.81E+02 5.00E+02

F5

Mean 1.03E+04 1.63E+06 2.02E+05 5.68E+05 2.00E+05 7.29E+05 3.97E+06 4.74E+06 8.57E+04 1.38E+04 3.59E+05
Std. 2.21E+04 1.65E+06 2.31E+05 7.30E+05 1.98E+05 5.45E+05 3.23E+06 9.07E+06 1.19E+05 2.53E+03 2.07E+05
Min 5.13E+03 1.25E+04 8.54E+03 1.25E+04 1.25E+03 3.52E+04 1.25E+05 2.45E+05 7.52E+03 5.19E+03 5.02E+04

Epoch 4.53E+02 4.78E+02 5.00E+02 5.00E+02 4.98E+02 5.00E+02 4.95E+02 4.98E+02 5.00E+02 4.98E+02 5.00E+02

F6

Mean 1.86E+03 2.02E+03 2.44E+03 1.95E+03 2.07E+03 2.07E+03 2.14E+03 2.13E+03 1.92E+03 1.87E+03 1.90E+03
Std. 1.46E+02 1.89E+02 3.67E+02 1.61E+02 1.66E+02 1.88E+02 2.01E+02 1.67E+02 1.32E+02 1.95E+02 8.31E+01
Min 1.58E+03 1.65E+03 1.84E+03 1.69E+03 1.75E+03 1.72E+03 1.79E+03 1.80E+03 1.65E+03 1.68E+03 1.76E+03

Epoch 4.84E+02 4.86E+02 4.99E+02 5.00E+02 4.90E+02 5.00E+02 4.96E+02 4.79E+02 4.91E+02 4.89E+02 4.91E+02

F7

Mean 1.02E+04 2.16E+05 1.98E+05 5.79E+05 7.06E+04 7.06E+05 6.27E+06 6.54E+06 3.95E+04 1.25E+04 1.59E+05
Std. 1.50E+04 2.09E+05 5.21E+05 1.71E+06 7.84E+04 4.67E+05 6.64E+06 2.64E+06 3.03E+04 3.51E+02 1.15E+05
Min 8.71E+03 1.85E+04 1.54E+04 1.22E+05 8.92E+04 3.52E+05 3.15E+05 4.25E+05 2.54E+04 9.15E+03 3.00E+04

Epoch 4.67E+02 4.77E+02 5.00E+02 4.99E+02 4.97E+02 5.00E+02 5.00E+02 4.99E+02 5.00E+02 4.99E+02 5.00E+02

F8

Mean 2.62E+03 2.33E+03 3.56E+03 2.74E+03 2.70E+03 2.94E+03 3.24E+03 2.72E+03 2.71E+03 2.90E+03 2.33E+03
Std. 6.54E+02 2.01E+01 1.38E+03 6.91E+02 7.72E+02 9.08E+02 1.23E+03 1.86E+02 7.40E+02 1.43E+01 3.31E+01
Min 2.11E+03 2.29E+03 2.76E+03 1.91E+03 2.38E+03 2.36E+03 2.54E+03 2.39E+03 2.17E+03 2.23E+03 2.27E+03

Epoch 4.16E+02 4.92E+02 4.99E+02 4.99E+02 4.99E+02 5.00E+02 4.95E+02 4.99E+02 4.27E+02 4.99E+02 4.17E+02

F9

Mean 2.82E+03 2.87E+03 3.27E+03 2.91E+03 2.83E+03 2.98E+03 2.90E+03 2.94E+03 2.88E+03 2.88E+03 3.00E+03
Std. 2.04E+01 3.28E+01 2.60E+02 1.08E+02 9.23E+01 1.18E+02 6.57E+01 3.77E+01 7.69E+01 2.15E+01 3.64E+01
Min 2.62E+03 2.81E+03 2.75E+03 2.70E+03 2.64E+03 2.74E+03 2.77E+03 2.87E+03 2.73E+03 2.79E+03 2.74E+03

Epoch 3.98E+02 4.87E+02 5.00E+02 4.99E+02 4.98E+02 5.00E+02 4.99E+02 4.72E+02 4.17E+02 4.72E+02 4.17E+02

F10

Mean 2.96E+03 3.14E+03 3.12E+03 3.14E+03 3.12E+03 3.12E+03 3.23E+03 3.73E+03 3.06E+03 3.07E+03 3.03E+03
Std. 6.15E+01 5.81E+01 1.09E+02 1.86E+02 9.06E+01 5.93E+01 6.02E+01 4.47E+02 1.14E+02 7.06E+01 6.40E+01
Min 2.84E+03 3.02E+03 2.90E+03 2.77E+03 2.94E+03 3.00E+03 3.11E+03 2.84E+03 2.83E+03 2.92E+03 2.81E+03

Epoch 4.53E+02 4.93E+02 5.00E+02 5.00E+02 4.99E+02 5.00E+02 4.96E+02 5.00E+02 4.65E+02 5.00E+02 4.65E+02

Note: The best results are highlighted in bold.

Appendix B Detailed Numerical Results for Wilcoxon Rank-sum Test

Appendix B.1 Wilcoxon Rank-sum Test Results on the CEC2017 Benchmark Functions

Table A3: Wilcoxon rank-sum test results of MCIAO and other compared algorithms on CEC2017.

AO GOOSE BKA SSA HHO WOA GWO PSO LSHADE iCSPM
F1 1.86E−09 1.86E−09 3.90E−05 1.86E−09 1.86E−09 1.86E−09 1.86E−09 1.86E−09 1.86E−09 1.86E−09
F2 2.61E−08 2.55E−07 1.86E−09 3.73E−09 1.86E−09 1.86E−09 2.61E−08 1.22E−05 7.30E−04 1.86E−09
F3 1.86E−09 1.86E−09 1.53E−04 1.86E−09 1.86E−09 1.86E−09 1.86E−09 1.86E−09 1.86E−09 1.86E−09
F4 3.73E−09 4.05E−02 1.30E−08 2.61E−08 6.15E−08 1.58E−01 1.86E−09 1.86E−09 1.86E−09 1.34E−03
F5 1.86E−09 8.71E−01 6.91E−07 9.31E−09 2.69E−05 7.92E−01 1.86E−09 1.86E−09 1.86E−09 6.29E−05
F6 1.86E−09 1.02E−07 1.86E−09 4.41E−05 2.05E−01 3.39E−01 1.86E−09 1.86E−09 1.86E−09 9.03E−01
F7 1.86E−09 4.28E−01 2.35E−06 1.86E−09 3.73E−09 4.52E−01 1.86E−09 1.86E−09 1.86E−09 2.35E−06
F8 7.61E−01 8.08E−01 1.40E−05 1.86E−09 3.45E−04 1.19E−06 1.86E−09 2.61E−08 1.86E−09 1.86E−09

(Continued)
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Table A3 (continued)

AO GOOSE BKA SSA HHO WOA GWO PSO LSHADE iCSPM
F9 1.68E−06 3.54E−08 5.59E−09 1.86E−09 5.59E−09 5.01E−03 2.61E−08 3.73E−09 1.86E−09 1.86E−09
F10 2.61E−08 1.86E−09 1.30E−08 1.86E−09 1.86E−09 4.34E−03 3.73E−09 1.86E−09 1.86E−09 1.86E−09
F11 1.86E−09 1.86E−09 1.30E−07 1.86E−09 1.86E−09 1.86E−09 1.86E−09 5.59E−09 1.86E−09 1.86E−09
F12 1.86E−09 1.86E−09 1.22E−05 1.86E−09 1.86E−09 1.86E−09 2.61E−08 1.86E−09 1.86E−09 3.73E−09
F13 3.18E−01 1.30E−08 1.02E−07 9.31E−09 1.29E−01 3.49E−01 2.56E−04 1.86E−09 1.86E−09 8.01E−08
F14 1.86E−09 1.86E−09 1.86E−09 1.86E−09 1.86E−09 1.42E−06 1.86E−09 1.86E−09 1.86E−09 1.86E−09
F15 1.19E−06 4.73E−02 2.55E−07 1.86E−08 7.67E−02 9.93E−03 1.86E−09 1.86E−09 5.59E−09 1.86E−09
F16 2.56E−03 1.77E−01 4.66E−03 1.05E−01 6.55E−01 6.12E−01 3.54E−08 4.41E−05 8.01E−08 8.33E−07
F17 1.14E−01 1.86E−09 1.86E−09 9.31E−09 9.22E−06 5.98E−01 3.15E−07 1.86E−09 3.73E−09 1.86E−09
F18 3.73E−09 1.86E−09 1.86E−09 1.86E−09 1.86E−09 2.56E−03 8.01E−08 1.86E−09 1.86E−09 1.86E−09
F19 9.22E−06 9.93E−03 9.22E−06 7.61E−01 1.98E−01 2.99E−01 9.98E−07 9.52E−04 1.22E−05 3.74E−03
F20 1.30E−08 5.55E−04 6.91E−07 3.79E−06 4.97E−02 2.93E−02 1.86E−09 1.86E−09 1.86E−09 7.77E−01
F21 4.66E−08 6.99E−02 6.99E−02 6.36E−02 4.05E−02 2.77E−02 1.84E−01 1.46E−03 3.15E−07 7.61E−01
F22 2.55E−07 1.86E−09 6.29E−05 3.54E−08 8.41E−02 2.77E−02 1.86E−09 5.14E−06 1.86E−09 7.98E−04
F23 9.31E−09 1.86E−09 1.97E−02 9.22E−06 9.98E−07 3.64E−02 1.86E−09 1.60E−05 1.86E−09 4.65E−01
F24 1.86E−09 1.86E−09 1.86E−09 1.86E−09 1.86E−09 5.59E−09 1.86E−09 1.86E−09 1.86E−09 1.86E−09
F25 3.24E−06 1.19E−06 2.89E−01 2.35E−06 3.71E−01 6.55E−01 3.73E−09 3.73E−09 3.73E−09 6.15E−08
F26 5.97E−06 1.30E−08 7.99E−06 3.73E−09 9.19E−01 1.46E−03 1.86E−09 9.31E−09 1.86E−09 4.66E−08
F27 1.86E−09 1.86E−09 5.59E−09 1.86E−09 1.86E−09 1.86E−09 1.86E−09 1.86E−09 1.86E−09 1.86E−09
F28 2.77E−03 7.15E−01 3.45E−04 5.59E−09 2.83E−04 4.65E−01 1.86E−09 1.86E−09 1.86E−09 5.59E−09
F29 1.68E−06 1.86E−09 8.33E−07 1.86E−09 1.86E−09 6.19E−03 1.86E−09 1.86E−09 1.86E−09 1.86E−09

Note: The best results are highlighted in bold.

Appendix B.2 Wilcoxon Rank-Sum Test Results on the CEC2020 Benchmark Functions

Table A4: Wilcoxon rank-sum test results of MCIAO and other compared algorithms on CEC2020.

AO GOOSE BKA SSA HHO WOA GWO PSO LSHADE iCSPM
F1 1.86E−09 1.86E−09 1.42E−06 1.86E−09 1.86E−09 1.86E−09 1.86E−09 1.86E−09 1.86E−09 1.86E−09
F2 2.32E−04 3.28E−01 3.79E−06 4.97E−05 7.06E−05 3.28E−01 2.61E−08 1.86E−08 1.85E−02 1.86E−09
F3 1.86E−09 1.30E−08 1.82E−05 9.19E−02 3.13E−04 1.85E−02 1.86E−09 1.86E−09 1.86E−09 1.86E−09
F4 3.73E−09 3.73E−09 1.23E−04 1.86E−09 1.86E−09 4.42E−06 1.86E−09 1.86E−09 1.86E−09 1.86E−09
F5 1.28E−02 3.24E−06 1.86E−09 3.15E−07 3.13E−04 5.16E−01 1.23E−04 2.55E−07 1.86E−09 7.91E−05
F6 1.35E−01 6.67E−04 5.05E−04 2.62E−01 2.45E−01 9.03E−01 2.05E−07 6.92E−06 4.71E−07 4.71E−07
F7 3.73E−09 1.30E−08 1.86E−09 1.86E−09 3.73E−09 3.39E−01 2.05E−07 1.86E−09 1.86E−09 1.86E−09
F8 1.86E−09 4.73E−02 6.12E−01 3.28E−01 7.15E−01 3.93E−01 5.49E−02 3.49E−01 1.86E−09 1.86E−09
F9 3.86E−07 1.60E−05 2.37E−01 1.86E−09 8.79E−02 2.02E−03 1.86E−09 1.11E−04 1.86E−09 1.86E−09
F10 1.30E−08 1.86E−09 9.31E−09 3.73E−09 3.73E−09 1.02E−07 9.31E−09 1.86E−09 3.73E−09 1.86E−09

Note: The best results are highlighted in bold.
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Appendix C Detailed Numerical Results for Ablation Study

Appendix C.1 Test Results on the CEC2020 Benchmark Functions

Table A5: Comparison of the results of the ablation simulation experiments for CEC2020.

Metrics MCIAO AO-1 AO-2 AO-3 AO-4 AO

F1
Mean 1.84E+08 3.45E+08 4.25E+08 5.13E+09 3.35E+08 2.79E+08
Std. 1.32E+08 2.72E+08 3.48E+08 1.93E+09 2.56E+08 3.65E+08

F2
Mean 2.20E+03 2.58E+03 2.76E+03 2.62E+03 2.68E+03 2.71E+03
Std. 2.13E+02 4.68E+02 3.22E+02 2.50E+02 3.76E+02 3.55E+02

F3
Mean 7.65E+02 8.17E+02 8.15E+02 8.17E+02 8.21E+02 8.19E+02
Std. 2.02E+01 2.83E+01 3.29E+01 2.32E+01 2.24E+01 2.51E+01

F4
Mean 1.92E+03 1.99E+03 1.99E+03 2.07E+03 2.00E+03 1.99E+03
Std. 4.06E+01 9.65E+01 1.78E+02 2.73E+02 1.11E+02 2.47E+02

F5
Mean 5.68E+05 1.04E+06 7.97E+05 3.79E+06 1.39E+06 1.31E+06
Std. 7.30E+05 7.39E+05 4.17E+05 4.14E+06 1.11E+06 1.31E+06

F6
Mean 1.86E+03 2.08E+03 2.01E+03 2.06E+03 1.95E+03 2.00E+03
Std. 1.46E+02 2.27E+02 1.90E+02 1.58E+02 1.92E+02 1.67E+02

F7
Mean 5.79E+05 2.65E+05 2.35E+05 3.98E+06 2.84E+05 1.78E+05
Std. 1.71E+06 3.29E+05 2.67E+05 2.99E+06 3.48E+05 1.62E+05

F8
Mean 2.33E+03 2.62E+03 2.33E+03 2.34E+03 2.33E+03 2.33E+03
Std. 1.03E+01 6.54E+02 1.85E+01 1.61E+01 1.68E+01 1.73E+01

F9
Mean 2.82E+03 2.87E+03 2.87E+03 2.88E+03 2.86E+03 2.87E+03
Std. 2.04E+01 2.89E+01 2.93E+01 3.43E+01 2.64E+01 2.18E+01

F10
Mean 3.11E+03 3.12E+03 3.13E+03 3.18E+03 3.12E+03 3.19E+03
Std. 5.27E+01 6.15E+01 6.20E+01 6.36E+01 6.04E+01 5.76E+01

Note: The best results are highlighted in bold.
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