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Abstract. Ant Colony Optimization (ACO) has been 

widely applied in search-based software testing (SBST) 
for tasks such as test case generation, test suite 
optimization, and fault detection. However, the 
effectiveness of ACO in these applications is highly 
dependent on parameter tuning, which directly 
influences convergence, efficiency, and reliability. This 
study investigates the parameter settings used in ACO-
based software testing by systematically reviewing 
existing research. The analysis identifies the most used 
parameter values and examines their impact on testing 
performance. Results indicate that parameters such as 
pheromone evaporation rate, heuristic weight, and the 
number of ants significantly influence the algorithm’s 
effectiveness, with a balanced trade-off between 
pheromone influence and heuristic information being a 
prevalent approach. The findings provide insights into 
optimizing ACO parameterization for software testing 
and suggest future research directions for adaptive 
tuning mechanisms to enhance its efficiency. 

Keywords. Software testing, ant colony optimization, 

parameter settings, search-based software testing, 
literature review. 

1 Introduction 

This work extends the study presented by Castillo-
Hernández, Domínguez-Isidro, and Sánchez-
García (2024), which conducted a systematic 
literature review (SLR) on the application of Ant 
Colony Optimization (ACO) in software testing. 

That study synthesized existing research on 
ACO as a search-based approach within the field 
of software testing, highlighting its adoption, areas 
of application, and reported benefits.  

Search-Based Software Testing (SBST) 
leverages optimization techniques to automate 
and improve testing activities, such as test case 
generation, fault detection, and test suite 

optimization (McMinn, 2011). Inspired by the 
foraging behavior of ants, ACO utilizes 
pheromone-based communication to iteratively 
refine candidate solutions, making it particularly 
effective in addressing complex software testing 
challenges (Dorigo, Birattari, & Stützle, 2006). 

Building upon the findings of the previous 
systematic review, this study further investigates 
the role of ACO in software testing by addressing 
the following research questions (Castillo-
Hernández, Domínguez-Isidro, & Sánchez-
García, 2024): 

RQ1: In which software testing activities has ACO 
been reported? 

RQ2: In what types of software systems has ACO 
been applied for software testing? 

RQ3: What characteristics do the software testing 
problems solved by ACO have? 

RQ4: What are the benefits of implementing ACO 
in software testing activities? 

RQ5: What are the challenges of implementing 
ACO in software testing activities? 

In software engineering, ACO has been 
successfully adapted for test case generation, test 
suite optimization, and automated test data 
generation by leveraging its capability to explore 
large solution spaces efficiently (Castillo-
Hernández, Domínguez-Isidro, & Sánchez-García, 
2024; Jatana, Suri, & Rani, 2017; Suri & 
Singhal, 2012). 

While ACO has demonstrated its effectiveness 
as a search-based technique, its performance is 
highly dependent on parameter tuning, which 
significantly influences its convergence, efficiency, 
and reliability (Jatana, Suri, & Rani, 2017; Vats, 
Mandot, & Gosain, 2014). Therefore, this study 
expands on prior research by analyzing the 
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parameter configurations used in ACO-based 
software testing approaches. This analysis is 
grounded in the studies identified in the SLR, 
providing insights into the impact of parameter 
tuning on testing effectiveness and efficiency. In 
this context, we formulate the following additional 
research question: 

RQ6: What parameter values are used in ACO-
based software testing? 

The remainder of this paper is structured as 
follows. Section 2 provides a detailed explanation 
of the problem statement and the role of parameter 
tuning in ACO-based software testing. Section 3 
describes the research methodology, including the 
systematic literature review process and selection 
criteria. The results of the study, including the 
identified parameter configurations and their 
impact, are presented in Section 4. Finally, Section 
5 concludes the study, summarizing key findings 
and suggesting future research directions. 

2 Problem Statement 

The algorithm is particularly useful in software 
testing for finding optimal test cases that maximize 
coverage while minimizing redundancy (Castillo-
Hernández, Domínguez-Isidro, & Sánchez-García, 
2024; Jatana, Suri, & Rani, 2017; Suri & Singhal, 
2012; Vats, Mandot, & Gosain, 2014). 

 Initialize Parameters – Define the number of 

ants , pheromone evaporation rate , 

pheromone influence , heuristic influence , 
and the number of iterations. 

 Generate Ant Solutions – Each ant constructs 
a feasible solution (i.e., a test suite) by 
probabilistically selecting test cases based on 
pheromone intensity and heuristic information. 

 Evaluate Solutions – Each solution is 
assessed using a fitness function that 
considers test coverage, execution cost, and 
redundancy. 

 Update Pheromones – Pheromone levels are 
updated based on the quality of the 
generated solutions. 

 Evaporate Pheromones – Pheromones 
gradually evaporate to prevent premature 
convergence. 

 Iterate Until Convergence – Repeat the 
process until a stopping criterion is met, such 
as a maximum number of iterations or 
convergence to an optimal solution. 

2.1 Solution Construction 

Each ant incrementally constructs a solution by 

choosing a test case  from a candidate set 
based on a probabilistic rule. The probability of 

selecting test case  at step k is given by (Dorigo, 
Birattari, & Stützle, 2006): 

 , 

(1) 

where: 

  is the probability of selecting test case  

after . 

  is the pheromone intensity associated with 

the transition from  to . 

  is a heuristic function that represents the 

desirability of selecting , often based on 
coverage and fault detection capability. 

  and  control the influence of pheromone 
and heuristic information, respectively. 

 In software testing,  can be defined as: 

 , 
(2) 

where  is the code coverage provided by 

, and  is the execution time or resource 
consumption of the test case. 

2.2 Pheromone Update 

After all ants construct solutions, pheromone levels 
are updated to reinforce high-quality solutions. The 
pheromone update consists of two parts: 
evaporation and reinforcement (Dorigo, Birattari, & 
Stützle, 2006). 

Evaporation: 

 , (3) 
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where  is the pheromone evaporation rate (

). This step prevents over-
concentration of pheromones, ensuring diversity in 
the search process. 

Reinforcement: 

 , 
(4) 

where  is the pheromone deposited by ant , 
calculated as: 

 , 

(5) 

where  is a test case;  is the fitness function 

of the test suite , which can be defined in 
software testing as: 

, (6) 

where  is the total code coverage achieved 

by the test suite.  measures 

redundant test cases in the suite.  

represents execution cost.  are weights 
balancing these factors. 

2.3 Stopping Criteria 

The algorithm iterates until one of the following 
conditions is met: 

 A predefined number of iterations is reached. 

 The best solution does not improve over 
successive iterations. 

 A coverage threshold (e.g., 95% branch 
coverage) is met. 

The proper configuration of parameters in ACO 
is crucial for achieving optimal performance in 
software testing tasks. Parameters such as 
pheromone influence, heuristic weight, 
evaporation rate, and the number of ants 
significantly impact the algorithm’s efficiency and 
effectiveness. Analyzing the most used parameter 
settings in state-of-the-art proposals provides 

valuable insights into their impact on solution 
quality. By identifying trends and limitations in 
existing implementations, potential areas for 
improvement can be explored, leading to more 
efficient and adaptive ACO-based approaches in 
software testing. 

3 Research Method 

This study follows the systematic literature review 
(SLR) methodology proposed by Kitchenham, 
Budgen, and Brereton (2015). The objective is to 
analyze the use of ACO in software testing 
activities, its scope, the characteristics of the 
problems addressed, as well as the reported 
benefits and challenges of its implementation. 

3.1 Planning 

The search strategy was based on the quasi-gold 
standard approach proposed by Zhang, Babar, 
and Tell (2011). Initially, two relevant conferences, 
GECCO and ICSE, were examined, but no studies 
on the topic were found. As a result, a manual 
search was conducted in academic databases. 
IEEE Xplore was selected to evaluate the search 
string, as Zhang et al. (2011) identified it as the 
most commonly used search engine in 
related studies. 

The quasi-gold standard studies revealed two 
key terms: "Software Testing" and "Ant Colony 
Optimization". Terms unrelated to the topic, such 
as "Traveling Salesman Problem" and "Complex 
Circuits," were excluded to refine the search. 
Various search strings were generated and 
evaluated based on sensitivity (relevant studies 
retrieved ÷ total relevant studies) and precision 
(relevant studies retrieved ÷ total retrieved 
studies). A recommended sensitivity range of 70% 
to 80% was followed (Kitchenham, Budgen, & 
Brereton, 2015), and the search string that best 
balanced these factors was selected for the 
automated search. 

The search was carried out in four leading 
academic databases in software engineering and 
computational intelligence: IEEE Xplore, ACM 
Digital Library, ScienceDirect, and SpringerLink. 
The study selection process was structured into 
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four stages, applying well-defined inclusion and 
exclusion criteria: 

 First stage: Applied search engine filters, 
including time range (2013– April 2025) and 
language (English). Studies not published in 
conferences, congresses, workshops, or 
journals were excluded, along with abstracts, 
book chapters, and presentation slides. 

 Second stage: Studies without full access and 
secondary studies were excluded, while those 
whose titles suggested relevance to at least 
one research question were included. 

 Third stage: Abstracts were reviewed to 
determine whether the study addressed at 
least one research question, discarding those 
that used ACO in domains unrelated to 
software testing. 

 Fourth stage: Primary studies that provided 
answers to at least one research question 
were included, while duplicates were removed. 

3.2.1 Research Conduction 

The initial search retrieved 1,552 primary studies, 
distributed across the selected databases as 
follows: 134 from IEEE Xplore, 139 from ACM 
Digital Library, 1,031 from SpringerLink, and 248 
from ScienceDirect. After applying the selection 
criteria, 167 studies remained, of which 36 were 
ultimately selected, accounting for 21% of the 
filtered set. 

Throughout the selection process, the number 
of relevant studies was gradually refined. After the 
first stage, 592 studies remained, with 
SpringerLink contributing the largest share. By the 
second stage, this was further reduced to 58, with 
IEEE Xplore leading in the number of retained 
studies. The third stage narrowed the set down to 
42, and in the final selection, 36 studies were 
retained: 20 from IEEE Xplore, 5 from 
ScienceDirect, and 11 from SpringerLink, with no 
relevant studies identified from ACM 
Digital Library. 

A notable trend in the selected studies is that 
78% come from conference proceedings, while the 
remaining 22% originate from journal publications. 
Furthermore, IEEE Xplore contains slightly older 
studies, whereas SpringerLink includes more 
recent contributions from the past five years. 

In contrast to the original review, this extended 
study introduces an additional research question 
(RQ6) focused on parameter settings in ACO-
based software testing. To address this, a 
secondary data extraction process was conducted 
using the same 36 primary studies previously 
selected. This approach is consistent with the 
guidelines of Kitchenham et al. (2015), where the 
same corpus of primary studies can be analyzed 
from different analytical perspectives. RQ6 is 
considered transversal and complementary to the 
original questions, as it explores how parameter 
configuration, an often underreported yet critical 
aspect, influences the implementation and 
performance of ACO in the identified contexts. 

4 Results 

As described in Section 2, the first step involves 
configuring the parameters used for Ant Colony 
Optimization. These parameters are problem-
specific and context-dependent, with their 
assigned values strongly influencing the 
algorithm’s performance. 

An analysis of the literature revealed that, since 
most authors introduce modifications to the 
algorithm, each adaptation requires specific 
parameters. The parameters identified in the 
literature, along with their descriptions and the 
studies that reference them, are presented 
in Table 1. 

 
Fig. 1. Distribution of ACO Parameters in SBST 
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Table 1 provides an overview of the key 
parameters used in ACO-based software testing. 
Notably, the number of ants and parameters 
governing pheromone behavior and heuristics 
(including α and β) are the most frequently 
referenced in the literature, as they form the 
fundamental components of ACO. 

Furthermore, a trend toward integrating ACO 
with local and global search techniques has 
emerged. As noted by Dorigo et al. (2006), local 
search is optional in ACO and highly problem-
dependent; however, its integration has proven 
beneficial in the context of software testing 
problems. Figure 1 illustrates the distribution of 
ACO parameters utilized in software testing 
studies, ranking them by frequency of occurrence.  

The pheromone evaporation factor emerges as 
the most frequently mentioned parameter, 
appearing in 19 studies. This suggests its critical 
role in ACO applications for software testing. A 
higher evaporation rate leads to faster 
convergence, reducing the likelihood of exploring 
diverse solutions, while a lower evaporation rate 
helps maintain diversity for a longer duration, 
potentially avoiding premature convergence to 
suboptimal solutions. 

Following pheromone evaporation, alpha (α) 
and beta (β) are the next most frequently cited 

parameters, each appearing in 16 studies. These 
parameters control the balance between 
pheromone influence and heuristic information, 
affecting how ants select paths in the search 
space. Their high occurrence underscores their 
importance in adjusting the exploration-
exploitation trade-off. 

The initial pheromone value (τ₀) and heuristic 
factor (η) are also widely used, each appearing in 
more than 12 studies. The initial pheromone value 
influences the starting bias of the search process, 
while the heuristic factor determines how much 
problem-specific information guides the ants. 

Other parameters, such as pheromone deposit 
(Q), visited node status, and probability level, are 
moderately represented, suggesting that while 
they are relevant, their impact might be more 
problem-dependent. 

Less frequently used parameters include 
maximum neighborhood radius, predefined slope 
(T), adjustment coefficient (φ), global random 
search control, and neighbor transfer control, each 
appearing in only a few studies. These parameters 
are typically associated with ACO variants that 
integrate local and global search strategies, 
indicating their application in specialized 
problem settings. 

Table 1. ACO parameters in SBST 

Parameter Description Study 

Number of 
ants (m) 

Determines search space diversity, allowing broader exploration. A higher 
number of ants generally leads to more extensive exploration, though in 

some cases, it solely dictates search effort rather than variety. 

PS-1, PS-5, PS-10, PS-14, PS-15, PS-19, PS-
21, PS-22, PS-23, PS-32, PS-35, PS-36 

Initial 
pheromone 
value (τ₀) 

Some studies initialize all nodes and edges with a pheromone value, which 
evolves throughout the algorithm. This value influences the decision-making 

process of ants (PS-2). 

PS-1, PS-3, PS-4, PS-5, PS-6, PS-8, PS-9, 
PS-12, PS-21, PS-25, PS-28, PS-30, PS-35 

Heuristic 
value (η) 

Represents the weight assigned to a node, depending on the problem. It 
indicates the quality of the node, or the path formed if the next node is 

selected. This parameter is part of the probability selection formula for the 
next node. 

PS-3, PS-4, PS-6, PS-8, PS-25, PS-28 

Alpha (α) 
Determines the relative importance of pheromone levels (PS-1). A higher α 
value increases the influence of pheromone levels in node selection while 

reducing the effect of heuristics 

PS-1, PS-2, PS-4, PS-5, PS-6, PS-8, PS-10, 
PS-12, PS-14, PS-15, PS-23, PS-25, PS-28, 

PS-32, PS-35, PS-36 

Beta (β) 
Determines the relative importance of heuristic information (PS-1). A higher 

β value increases the influence of heuristic information during node 
selection while reducing the impact of pheromone levels. 

PS-1, PS-2, PS-4, PS-5, PS-6, PS-8, PS-10, 
PS-12, PS-14, PS-15, PS-23, PS-25, PS-28, 

PS-32, PS-35, PS-36 

Pheromone 
deposit 

factor (Q) 

A constant that regulates ant decision-making, increasing or decreasing the 
likelihood of node selection based on pheromone trails and heuristic values. 

PS-5, PS-9, PS-12, PS-14, PS-15, PS-35, PS-
36 

Pheromone 
evaporation 

factor 

Controls the rate at which pheromone traces evaporate (i.e., the decay of 
pheromone values). Higher values result in faster evaporation. 

PS-2, PS-5, PS-9, PS-10, PS-12, PS-14, PS-
15, PS-16, PS-19, PS-21, PS-22, PS-23, PS-
24, PS-25, PS-26, PS-29, PS-32, PS-34, PS-

35 
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Less frequently used parameters include 
maximum neighborhood radius, predefined slope 
(T), adjustment coefficient (φ), global random 
search control, and neighbor transfer control, each 
appearing in only a few studies. These parameters 
are typically associated with ACO variants that 
integrate local and global search strategies, 
indicating their application in specialized 
problem settings. 

4.1 ACO Parameter Values 

An analysis of the studies identified the specific 
values assigned to each ACO parameter. The 
following figures illustrate the distribution of 
parameter values across various studies. 

The number of ants varies across studies, with 10 
being the most frequently used value, followed by 
30. In two primary studies (PS-8 and PS-19), the 
number of ants is defined as equal to the number 
of test cases. 

Most authors set the initial pheromone (τ₀) 
value to 1 for all nodes. This ensures equal 
selection probability for all nodes in the early 
iterations. Concerning the heuristic value (η), only 
two distinct values have been reported for this 
parameter. The most used value is 2, appearing in 
four out of six studies that reference 
this parameter. 

Most studies opt for Alpha (α) = 1, meaning 
pheromone levels are fully considered when 
selecting the next node. Regarding Beta (β), most 
studies adopt β = 1, prioritizing heuristic values in 

node selection. This fact indicates a standardized 
approach where both pheromone information and 
heuristics contribute equally to decision-making. 
This balance ensures steady convergence without 
excessive bias, making it a widely used and robust 
configuration across optimization problems. 
The most frequently used values for pheromone 
deposit factor (Q) is 1 and 0.5. Studies that use Q 
= 0.5 likely aim to maintain more exploratory 
behavior, while those using Q = 1 prioritize rapid 
convergence towards promising solutions. 
Figure 2 shows the pheromone evaporation factor 
reported; compared to other parameters, the 
values assigned to pheromone evaporation are 
relatively low. This suggests a preference for slow 
pheromone evaporation, preventing premature 
convergence to local optima. 
For the visited status parameter, a 0-initialization 
value was reported in four studies (PS-3, PS-6, 
PS-8, PS-28), allowing ants to access all nodes 
during solution construction. Similarly, the 
probability level parameter was initialized to 0 in 
two studies (PS-6, PS-28), meaning all nodes 
initially had equal selection probability. 

In studies that incorporated ACO with local 
search (and in some cases, global search), the 
maximum neighborhood radius was explicitly 
defined in most cases. However, PS-21, and PS-
22, both assigned a value of 10. For the predefined 
slope parameter, the two studies that used it 
assigned a value of 1. A similar trend was 
observed for the adjustment coefficient (φ), where 
PS-21, used 1 and PS-24, used 0.5. 

Finally, for the global random search control 
limit and neighbor transfer control limit, both 
studies assigned values of 0.5 and 0.3, 
respectively. This implies that global search was 
prioritized over local search, as ants performed 
global searches half the time while only one in 
three instances involved movement to a 
neighboring position. 

4.2.1 Types of Software Systems Evaluated 

The analysis of the selected primary studies 
revealed that ACO-based approaches have been 
applied across various software system types. 
Identifying the types of systems under evaluation 
provides context for understanding the relevance 
and adaptability of parameter configurations. 

 
 
Fig. 2. Distribution of Pheromone Evaporation Factor 
Values 
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Although not all studies explicitly stated the nature 
of the systems being tested, a substantial portion 
offered enough information to infer the software 
domain or structural model involved. 

Many studies focused on object-oriented 
systems, where ACO was primarily applied to 
support unit test generation. In these contexts, the 
structure and behavior of software components 
were modeled through class diagrams, object 
interactions, and method invocations. Studies such 
as PS-10 and PS-14 exemplify this trend, where 
the goal was to automate the generation of test 
sequences that cover class methods or paths 
through object dependencies. The object-oriented 
paradigm offered a modular test structure, allowing 
ACO to be tailored to navigate and prioritize test 
paths effectively. 

Another group of studies applied ACO in the 
context of embedded systems, which are 
characterized by strict resource constraints, real-
time requirements, and specialized control 
mechanisms. In these systems, test optimization 
becomes critical to ensure that limited test budgets 
are effectively utilized. Study PS-23, for example, 
employed ACO to generate test cases that meet 
specific execution and resource criteria. The 
application of ACO in embedded systems 
highlights its potential in scenarios where 
functional correctness and performance 
constraints must be satisfied. 

Several studies abstracted the system under 
test using graph-based models, typically derived 
from UML diagrams such as activity or state 
machine diagrams. These models represent the 
system's dynamic behavior or control flow, 
facilitating model-based testing strategies. Studies 
PS-4 and PS-5 used ACO to traverse these 
diagrams and generate paths that satisfy coverage 
criteria. This approach is particularly practical in 
the early stages of software development, where 
behavioral specifications exist, but implementation 
details may still be evolving. 

Some studies addressed component-based 
software systems, emphasizing the need for 
interface-level testing. In these cases, ACO was 
utilized to prioritize or select test cases that verify 
the interaction among software components. For 
instance, PS-25 applied ACO to ensure quality 
assurance in systems composed of independently 
developed and integrated modules. These 

scenarios often require precise control over 
parameter configurations to balance test 
effectiveness and efficiency. 

Finally, a subset of studies focused on general-
purpose or unspecified software systems, where 
the primary concern was the testing technique 
rather than the system domain. In such studies, 
ACO was used as a general search-based method 
for structural testing, regression testing, or test 
suite minimization. Despite lacking specific domain 
characteristics, these studies contributed valuable 
insights into how ACO can be parameterized and 
adapted for broad testing goals. 

This classification provides a clearer 
understanding of the contexts in which ACO-based 
testing has been applied. It also emphasizes the 
potential influence that system type may exert on 
selecting and tuning ACO parameters, underlining 
the importance of considering the testing domain 
when designing and evaluating 
ACO configurations. 

5 Conclusions and Future Work 

This study analyzed the role of parameter settings 
in Ant Colony Optimization (ACO)-based software 
testing by systematically reviewing the existing 
literature. The investigation identified the most 
frequently used parameter values and their impact 
on test case generation, test suite optimization, 
and overall testing efficiency. The results indicate 
that key parameters, such as pheromone 
evaporation rate, heuristic influence, and the 
number of ants, play a crucial role in determining 
the algorithm’s effectiveness. 

A significant finding is that most studies adopt a 
balanced approach between pheromone influence 
and heuristic information, ensuring steady 
convergence without excessive bias. Furthermore, 
parameter tuning strategies are highly problem-
dependent, with variations in the assigned values 
reflecting the specific needs of different software 
testing tasks. 

Pheromone evaporation is the most 
configurable parameter because it controls 
convergence speed and solution diversity, making 
it fundamental to optimizing ACO-based search 

processes. Alpha ( ) and beta ( ) are essential for 
adjusting search behavior, influencing how much 
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pheromone or heuristic information guides 
decisions. The frequency of initial pheromone 

value ( ) and heuristic factor ( ) suggests that 
initialization strategies are critical in ACO 
applications. Lesser-used parameters are more 
problem-specific, often appearing in studies that 
employ ACO in combination with local and global 
search techniques. 

The insights gained from this study contribute 
to a deeper understanding of ACO 
parameterization in software testing. Future work 
may focus on developing adaptive parameter 
tuning mechanisms to further enhance the 
robustness and efficiency of ACO-based 
testing approaches. 
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