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Abstract - Combinatorial Testing (CT), also known as t-way test suite generation, results in compact test suites that ensure that 

all t-way parameter interactions are tested. In this regard, metaheuristics such as Particle Swarm Optimization (PSO), Ant 

Colony Optimization (ACO), and the Sine Cosine Algorithm (SCA) have been used to generate compact test suites. However, 

these methods often rely on fixed parameter settings, which may lead to premature convergence and poor solution quality. To 

overcome this limitation in combinatorial testing methods, fuzzy logic has been proposed as a dynamic parameter-tuning method. 

Despite the potential of fuzzy logic in combinatorial testing, there is no systematic review on this topic. This research aims to 

guide a Systematic Literature Review using the PRISMA and Barbara Kitchenham frameworks. Out of 61 studies identified 

initially, only three primary journal articles were found to meet the selection criteria after a careful process following 

identification, screening, eligibility, quality evaluation, and data extraction. The results are synthesized into four major themes: 

algorithmic categories, fuzzy-logic implementation, parameter tuning, and performance results. The results show that fuzzy logic 

has been applied to teaching-learning-based, swarm-based, and ant colony optimization algorithms using high-level and 

parameter tuning approaches. All studies show improved results in test suite reduction, convergence speedup, and coverage 

efficiency. 

Keywords - Combinatorial Testing, Fuzzy Logic, Metaheuristic Algorithms, Systematic Literature Review (SLR), T-Way Testing. 

1. Introduction 
Software testing remains a crucial aspect of ensuring the 

stability and quality of software systems, particularly as 

program complexity continues to increase. Among the many 

testing strategies established over the decades, Search-Based 

Software Testing (SBST) has emerged as a viable paradigm 

that uses metaheuristic optimization to solve a variety of test-

related problems through search. SBST, a subsection of 

Search-Based Software Engineering (SBSE), has been widely 

utilized to generate automated test data, prioritize test cases, 

minimize test suites, and optimize test oracles  [1-3]. 

Metaheuristic algorithms such as Genetic Algorithm (GA), 

Particle Swarm Optimization (PSO) [4, 5], Ant Colony 

Optimization (ACO) [6, 7], and Sine Cosine Algorithm (SCA) 

[8, 9] have shown remarkable effectiveness in exploring vast, 

complex search spaces, especially when dealing with 

problems involving numerous constraints and conditions. 

These four algorithms are frequently recognized in existing 

studies as some of the most applied and representative 

metaheuristic methods in software testing [10], which makes 

them appropriate choices for benchmarking in this research.  

Within the SBST domain, one of the most intensively 

explored areas is combinatorial testing, particularly 𝑡-way 

testing, which aims to produce compact test suites that ensure 

coverage of all 𝑡-way parameter interactions [11]. While 

conventional metaheuristic-based methods have enhanced the 

effectiveness of 𝑡-way test generation, they still face a 

recurring issue: the reliance on fixed or manually adjusted 

parameters [12], such as crossover probability [4, 13], inertia 

weight [14], and learning coefficients [15]. These static 

parameters often fail to generalize across different testing 

contexts, resulting in poor robustness in dynamic 

environments. Improper settings may lead to premature 

convergence, stagnation in local optima, or instability across 

different problem instances [16].  

Despite the maturity of combinatorial testing research, a 

critical gap exists in the systematic synthesis of adaptive 

mechanisms. While traditional reviews focus on the efficiency 

of search algorithms themselves, there is a notable lack of 

analysis regarding how these algorithms can self-adjust during 

the search process. The lack of these algorithms drives the 
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development of fuzzy-based metaheuristic strategies, 

especially fuzzy logic. For instance, by using a dynamic 

search operator, the Fuzzy Adaptive Teaching Learning-

Based Optimization (FATLBO) approach accomplished better 

test suite reduction [17]. In another work that employs fuzzy 

inference to control inertia weight and acceleration 

coefficients, the Fuzzy Adaptive PSO (FAPSO) achieved an 

effective balance between exploration and exploitation [18]. 

Nevertheless, the literature exhibits a scattered pattern. 

Contrary to other literature on search-based software testing, 

this paper's literature review fails to provide an in-depth 

overview of algorithm types, fuzzy logic systems, and 

parameter tuning techniques, and to categorize them by their 

hybridization mechanisms [19]. 

This paper proposes the first comprehensive literature 

review that emphasizes the importance of using fuzzy-based 

metaheuristic algorithms in combinatorial test suite 

generation. This paper established a benchmark for creating 

self-adaptive search-based testing tools using fuzzy control 

systems. In addition, this paper recognized the limitations of 

the ongoing process of evaluating search-based testing tools. 

While conventional research uses five key performance 

indicators, the literature review of this paper found that only 

three parameters, namely size, convergence, and coverage, are 

used in evaluating fuzzy-based metaheuristic algorithms. This 

indicates a promising direction for future research. This paper 

aims to answer five research questions, namely: (i) What types 

of fuzzy-based metaheuristic algorithms have been proposed 

for t-way testing? (ii) How do these algorithms implement 

fuzzy logic? (iii) What types of parameter tuning techniques 

can metaheuristic algorithms implement using fuzzy logic? 

(iv) How do fuzzy-based metaheuristic algorithms deal with 

test suite size and coverage in comparison with other 

algorithms? (v) What limitations and suggestions for future 

research exist for fuzzy-based metaheuristic algorithms, 

particularly in t-way testing? 

This paper aims to answer the five research questions 

through an in-depth literature review of the proposed themes, 

namely: (i) fuzzy-based metaheuristic algorithms, which 

answers RQ1; (ii) fuzzy logic implementation techniques, 

which answers RQ2; (iii) parameter tuning techniques, which 

answers RQ3; and (iv) performance analysis in the context of 

test suite generation, which answers RQ4 and RQ5. This study 

proposes the first broad, systematic literature review that 

highlights fuzzy-based metaheuristic algorithms for 

combinatorial test suite generation. By incorporating fuzzy 

control systems into search-based testing strategies, this study 

established a benchmark for the development of self-adaptive 

testing tools in future research. In addition, the findings 

acknowledge limitations in ongoing evaluation practices. 

Although standard research commonly utilizes five key 

performance indicators, fuzzy-based approaches are generally 

evaluated using only three metrics, specifically size, 

convergence, and coverage, signifying a meaningful direction 

for future research. Five research questions will be discussed: 

(i) RQ1: What types of fuzzy-based metaheuristic algorithms 

have been suggested for 𝑡-way testing? (ii) RQ2: How is fuzzy 

logic used in these algorithms? (iii) RQ3: By using fuzzy 

logic, which parameter tuning techniques are suitable for 

metaheuristic algorithms? (iv) RQ4: In relation to test suite 

size and coverage, how do fuzzy-based algorithms operate? 

(v) RQ5: What are the constraints and future research 

suggestions for fuzzy-based metaheuristic algorithms, 

particularly in 𝑡-way testing?  

By addressing these research questions, the study aims to 

(i) identify and categorize fuzzy-based metaheuristic 

algorithms, (ii) examine fuzzy logic implementation 

techniques, (iii) analyze parameter tuning strategies, (iv) 

evaluate performance outcomes in terms of test suite size, 

convergence behaviors, and computational efficiency, and (v) 

highlight research gaps with directions for future work. The 

review is also organized into four themes: fuzzy-based 

metaheuristic algorithms (addressing RQ1), fuzzy-logic 

implementation techniques (addressing RQ2), parameter-

tuning strategies (addressing RQ3), and performance analysis 

in the context of test suite generation (addressing RQ4 and 

RQ5).  

The remainder of this paper is organized as follows: 

Section 2 reviews related work on metaheuristics and fuzzy 

logic, and their applications in combinatorial testing. Section 

3 describes the research methodology, including the review 

methodology, database selection, search strategy, and 

inclusion criteria. Section 4 presents the results of the review, 

structured into four thematic categories: performance analysis, 

types of fuzzy-based algorithms, fuzzy logic implementation 

techniques, and parameter tuning strategies. Section 4 presents 

the key components of fuzzy-based metaheuristics, 

specifically in the context of combinatorial testing. Section 5 

also discusses the findings in relation to the five research 

questions, identifying prevailing trends, challenges, and 

opportunities for future research. Finally, Section 6 concludes 

the paper by summarizing the main contributions and 

outlining implications for both research and practice. 

2. Related Works  
Several Systematic Literature Reviews (SLRs) have 

already investigated the use of metaheuristic algorithms in 

Combinatorial Testing (CT). For instance, a systematic review 

of combinatorial testing strategies was presented in [20], 

robust swarm intelligence algorithms in search-based software 

engineering were examined in [21], and a review of the 

emperor penguin optimizer was conducted in [22]. These 

works demonstrate the significance of metaheuristics in 

software testing. However, the integration of fuzzy logic with 

combinatorial testing has not been discussed. Traditional 

literature reviews contribute to supplying the general 

understanding of different metaheuristics. On the contrary, 
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several methodological issues, publication bias, a narrow 

scope, and comprehensive deficiencies were discovered [23]. 

In view of this situation, a Systematic Literature Review 

(SLR) will yield precise, reproducible knowledge. The SLR 

consists of a straightforward search process, inclusion and 

exclusion criteria, and systematic data analysis [24].  

2.1. Metaheuristics in Combinatorial Testing 

Several metaheuristics have been employed in 

combinatorial testing. Genetic Algorithms (GA) utilize 

crossover and mutation to refine solutions iteratively [25]. 

Particle Swarm Optimization (PSO) and Ant Colony 

Optimization (ACO) mimic the collective behaviors of natural 

swarms to balance the exploration and exploitation process [6, 

18]. Additionally, Teaching-Learning Based Optimization 

(TLBO) interacts with the knowledge transfer between the 

teacher and learner phases during the search process [17]. The 

Sine Cosine Algorithm (SCA) also employs trigonometric 

functions to search the search space. These algorithms rely on 

manual parameter tuning. Consequently, research has 

increasingly focused on adaptive and hybrid approaches to 

achieve greater optimization efficiency and algorithmic 

robustness. 

2.2. Performance Analysis in Metaheuristics-based 

Combinatorial Testing 

Several performance indicators are employed to measure 

the effectiveness of metaheuristic algorithms. To evaluate the 

covering array, the test suite size has been used as the first 

indicator [26]. To detect how quickly an algorithm reaches 

near-optimal solutions, the second indicator, convergence 

speed, has been used [27]. The third indicator is coverage 

efficiency, which has been employed to measure the 

completeness of interaction coverage within different 

configurations [11]. At the same time, execution time has also 

been used to evaluate computational efficiency in situations 

with increasing numbers of parameters and interaction 

strengths [28].  

2.3. Limitations of Static Parameter Settings 

Static parameters, such as crossover and mutation rates in 

GA [17], inertia weight and acceleration coefficients in PSO 

[18], pheromone evaporation rates in ACO [6], and the 

teaching and learning phases in TLBO [26], cannot be 

adjusted to different conditions and situations [29]. Therefore, 

several parameter control strategies were outlined to tackle the 

limitation [12]. The first category is deterministic control. 

This strategy adjusts parameters according to a predefined 

schedule, such as linearly reducing the inertia weight as 

iterations progress [30]. The second category is adaptive 

control. This technique requires a real-time response in order 

to check population diversity or convergence rate [31]. The 

third category is self-adaptive control. This category allows 

the algorithm to accommodate its behavior dynamically. 

Within the candidate solutions, this strategy controls the 

parameters [32]. Among all these parameter control strategies, 

fuzzy logic attracts attention because of its ability to handle 

uncertainty and rigid mathematical assumptions [33].  

2.4. Fuzzy Logic as an Adaptive Mechanism in 

Metaheuristics 

Fuzzy systems operate by utilizing a collection of 

linguistic rules that convert uncertain or changing conditions 

into practical control decisions [33]. Rather than relying on 

precise numerical thresholds, a concept of low, medium, and 

high guides the system in a more flexible method. This 

situation has therefore positioned fuzzy logic as an adaptive 

component in metaheuristic optimization. Several studies 

highlight the benefits of embedding fuzzy logic into the search 

algorithms to improve their responsiveness during execution. 

The Fuzzy Adaptive Teaching Learning-Based Optimization 

(FATLBO) approach, as a variant of the traditional TLBO 

method, has been proposed as a specialized tool to overcome 

the limitations of the fixed parameterization approach for 

combinatorial testing. By representing the problem constraints 

using qualitative values such as "low" and "high" diversity, the 

proposed approach ensures robustness for different types of 

testing. This eliminates the problem of instability that arises 

when using the traditional approach, thereby ensuring the 

generation of quality results. The use of fuzzy rules to fine-

tune the inertia weight and acceleration coefficients is an 

important aspect of Fuzzy Adaptive Swarm Optimization, 

referred to as FAPSO, proposed to overcome the limitations 

of the traditional Swarm Intelligence-based approach, such as 

Particle Swarm Optimization (PSO). Variable-Strength Tuned 

Ant Colony Optimization (VS-TACO), as a variant of the 

traditional Ant Colony Optimization (ACO), has been 

proposed as a specialized tool for the generation of variable-

strength t-way test suites. Fuzzy logic, as an important aspect 

of the proposed approach, helps to overcome the limitations of 

the traditional ACO, which often makes use of fixed 

parameterization, such as pheromone evaporation rates and 

ant population. In conclusion, the transition from fixed 

mathematical models to flexible fuzzy-logic frameworks 

reduces sensitivity to initial configurations and allows 

generators to produce stable, high-quality test suites across 

various problem settings without the need for manual 

retuning. 

3. Methodology 
This section begins with the selection of a review protocol 

(Section 3.1), followed by the formulation of research 

questions (Section 3.2), the design of systematic search 

strategies (Section 3.3), and subsequent steps including 

eligibility assessment, quality appraisal, and data extraction 

(Sections 3.3.1-3.3.5).  

3.1. Review Protocol - PRISMA 

This SLR refers to the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA), first 

introduced in [34] and later enhanced in [35]. PRISMA fosters 

thorough searches, emphasizes the selection of high-quality 
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articles through a quality evaluation procedure, and provides 

explicit instructions on the approach to be used, making it 

ideal for SLR (Figure 1). Even though this SLR is unrelated to 

the medical and health domain, the methodological flexibility 

of PRISMA was emphasized in [35], making it acceptable for 

use in other fields. This SLR was conducted using four 

primary methodological procedures: the formulation of 

research questions, a systematic search, article quality 

assessment, and data extraction and analysis, in accordance 

with the PRISMA guidelines. This SLR also refers to the 

proposed methodology in [36], which was primarily aimed at 

software engineering research. The activities include 

planning, conducting, and reporting to SLR. This 

methodology has been utilized in [20-22] to present an in-

depth study of the adoption of metaheuristics in software 

engineering. Therefore, this SLR combines the PRISMA 

methodology and Kitchenham’s guidelines. 

3.2. Formulation of the Research Question 

Research questions are important in SLR. Research 

questions are one element that helps researchers accomplish 

their objectives. This SLR's research questions are based on 

the PICO mnemonic. PICO was introduced in [37], where P 

stands for population, I for interest, and CO for context. 

Metaheuristics represent P, fuzzy-based represents I, and 

combinatorial testing represents CO for this SLR. This SLR 

has generated research questions on fuzzy-based 

metaheuristic algorithms, focusing on these three keywords. 

3.3. Systematic Search Strategies 

The second step in this Systematic Literature Review 

(SLR) involves developing a systematic search strategy that 

enables researchers to conduct an exhaustive search. Three 

primary procedures underpin this SLR's systematic search 

strategies: eligibility, screening, and identification (Figure 2). 

 
Fig. 1 PRISMA 2020 flow diagram template for systematic reviews

3.3.1. Identification 

Identification is the first step in the systematic search 

process, during which they choose several appropriate 

keywords depending on the predetermined study topics. Three 

primary keywords have been chosen: combinatorial testing, 

fuzzy-based, and metaheuristics. The researchers have since 

sought synonyms, related terms, and variants to expand the 

keyword selection. ChatGPT was used alongside online 

thesauruses, expert opinions, previous research terms, and 

databases such as Scopus in the current study. Through this 

method, the author identified several other terms, including 

fuzzy logic and 𝑡-way testing. To ensure the 

comprehensiveness of the search strings, a pilot search was 

conducted using expert consultation and AI-assisted keyword 

expansion (ChatGPT). This statement pertains to the 

identification phase, the first step in the systematic search 

approach adopted for the Systematic Literature Review 

(SLR). The main aim of this phase is to go beyond the initial 
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keywords and conduct a thorough search to ensure no research 

is left behind due to different terminologies. Selecting Scopus, 

IEEE Xplore, and ScienceDirect as the main databases was a 

strategic move to ensure the identification of high-quality, 

relevant research on fuzzy-based metaheuristics for 

combinatorial testing. 

To maximize the effectiveness of these searches, 

researchers employed advanced search techniques and a 

multi-stage filtering process to refine the initial results into a 

final set of primary studies. As shown in Table 1, the search 

strings developed illustrate how these functions were applied 

to the primary keywords: combinatorial testing, fuzzy-based, 

and metaheuristics. The logical operators used in the search 

were AND and OR, where OR combined words that were 

related or synonymous, such as "t-way" OR "tway" OR 

"covering array." The operator AND was used to ensure that 

the search results included all three search components: the 

testing domain, the optimization method, and the fuzzy logic 

component. Double quotes were used to ensure precise search 

results, for example, when searching for "combinatorial 

testing" and "covering array."  

This ensures that the database does not retrieve unrelated 

results that may contain any of the search words. The 

researchers used the asterisk (*) as a wildcard to search for 

different word endings, for example, in searching for 

"meta*heuristic*," the database would retrieve results 

containing "metaheuristic," "metaheuristics," or "meta-

heuristic." Similarly, in searching for "algorithm*," the 

database would retrieve results containing either "algorithm" 

or "algorithms." The database codes, such as TITLE-ABS-

KEY in Scopus, were used to search in the title, abstract, and 

keywords of articles. This ensures that the results are centrally 

relevant to the research topic rather than just mentioning a 

term in passing within the full text.  

Within the identification phase, a total of 61 potentially 

relevant articles were captured, as compiled in Table 1. The 

identification of the 61 potentially relevant articles was the 

first stage of the systematic search strategy. This phase was 

intended to ensure that the subsequent review was built on a 

robust and exhaustive foundation of existing literature. 

Table 1. The search string 

Database Search String 

Scopus 

TITLE-ABS-KEY ((“combinatorial testing” 

OR “t-way” OR “tway” OR “covering 

array”) AND (“meta*heuristic*” OR 

“algorithm*”) AND (“fuzzy”)) 

IEEE 

Xplore 

combinatorial testing "combinatorial testing" 

OR "t way" OR tway OR "covering array" 

OR "meta * heuristic *" OR "algorithm *" 

"fuzzy." 

Science 

Direct 

“covering array” AND “metaheuristic” AND 

“fuzzy.” 

3.3.2. Screening 

The specific criteria used in this screening process are 

given in Table 2. Three major selection criteria used in this 

SLR were applied in this study: publication year (2020-2024), 

publication type (journal), and subject area (combinatorial 

testing). Forty-nine articles were removed from this screening 

process. The remaining articles were moved on to the next 

process in this research: eligibility assessment. The selection 

criteria were set to ensure a high level of quality. By limiting 

this review to journal articles from 2020 to 2024, this research 

focuses on in-depth results rather than a broader, lower-quality 

set from conference papers. This approach ensures that the 

resulting synthesis and taxonomy are built upon the most 

robust evidence available in current literature.  

Table 2. Inclusion and exclusion criteria 

Criterion Inclusion Exclusion 

Timeline 2020-2024 2019 and earlier 

Document 

Type 

Journal (with 

empirical data) 

Review articles, chapters 

in a book, book, 

conference proceedings, 

etc. 

Subject 

Area 

Combinatorial 

Testing and 

Fuzzy-based 

Engineering, feature 

selection, optimization 

problems, medical, 

image segmentation, etc. 

3.3.3. Eligibility 

Eligibility is the final process in a systematic search 

strategy, which involves determining whether the selected 

articles are truly relevant to the research questions and 

objectives of the SLR. The focus during eligibility is primarily 

on reading the titles and abstracts of the articles; if necessary, 

the researcher will also review the main content. Based on this 

process, a total of 6 articles were excluded due to their focus 

on global optimization problems rather than software testing, 

a lack of clear explanation of fuzzy-based strategies, and a 

lack of clear explanation of the context of combinatorial 

testing. The remaining articles are then carried forward to the 

next process, the quality assessment. 

3.3.4. Quality Appraisal 

A total of six articles were assessed for quality based on 

the six criteria proposed in [38]. The six criteria used are QA1. 

Is the purpose of the study clearly stated? QA2. Are the 

interest and the usefulness of the work clearly presented? 

QA3. Is the study methodology clearly established? QA4. Are 

the concepts of the approach clearly defined? QA5. Is the 

work compared and measured with other similar work? QA6.  

Are the limitations of the work clearly mentioned? The 

lead researcher conducted the quality assessment of the 

selected articles with the assistance of one co-researcher. For 

each criterion, the researchers provided three response 

options: Yes (score of 1.0), Partially Yes (score of 0.5), and 

No (no score). Articles assessed must record a minimum score 
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of 3.0 to be accepted in this SLR. Based on the assessment, 3 

articles achieved the minimum score of 3.0 and were carried 

forward to the next step: data extraction and analysis. 

3.3.5. Data Extraction and Analysis 

The next process is data extraction and analysis. The 

extracted data will then be properly sorted into a table. The 

gathered data is then evaluated thematically.  

 
Fig. 2 Three primary processes

Based on this, four themes were selected, namely 

performance analysis of fuzzy-based metaheuristic 

algorithms, types of fuzzy-based algorithms, fuzzy logic 

implementation techniques, and parameter tuning strategies. 

4. Key Components for Fuzzy-Based Adaptive 

Metaheuristics in Combinatorial Testing 
4.1. Problem Formulation 

Combinatorial testing is often closely related to the 

mathematical idea of Covering Arrays (CA). Because of this, 

combinatorial testing sometimes uses CA notation to denote 

𝑡-way tests [39]. An array of size N with v values is expressed 

by the notation. 𝐶𝐴𝜆 (𝑁;  𝑡, 𝑘, 𝑣), where 𝑘 is the number of 

components (or parameters), and every 𝑁 ×  𝑡 sub-array 

includes all ordered subsets from the 𝑣 values of size 𝑡 at least 

𝜆 times [40, 41].  

To simplify this definition, it can be said that the notation. 

𝐶𝐴𝜆 (𝑁;  𝑡, 𝑘, 𝑣) represents an array with 𝑁 rows and 𝑘 

columns, filled with 𝑣 different values. It means that in any set 

of 𝑡 columns you pick, every possible combination of 𝑡 values 

appears at least λ times in those rows. To enhance clarity, the 
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covering array is often represented as 𝐶𝐴 (𝑁;  𝑡, 𝑘, 𝑣) or 

simply as 𝐶𝐴 (𝑁;  𝑡, 𝑣𝑘). A comprehensive example to 

describe the definitions can be found in Table 3. Consider a 

scenario where a pizzeria offers a menu with 7 different pizza 

toppings, each of which can be either available (represented 

by 1) or unavailable (represented by 0) on a pizza. If the pizza 

worker creates 8 different pizzas using these toppings, they 

must ensure that every possible combination of any two 

toppings (00, 01, 10, 11) appears exactly twice in any 8 ×  2 

subarray of the pizza configurations. This scenario indicates 

that the array has an index 𝜆 =  2, meaning each pair of 

topping combinations is equally represented across the pizzas. 

Referring to the example of pizza toppings selection in Table 

3, the test suite can be expressed as 𝐶𝐴 (8;  2, 27). 

Table 3. A representation of 𝑶𝑨 (𝟖; 𝟐, 𝟕, 𝟐) 

Pizzas 
Toppings 

Pepperoni Mushroom Onion Sausage Chicken Green Peppers Olive 

1 0 0 0 0 0 0 0 

2 0 0 0 1 1 1 1 

3 0 1 1 0 0 1 1 

4 0 1 1 1 1 0 0 

5 1 0 1 0 1 0 1 

6 1 0 1 1 0 1 0 

7 1 1 0 0 1 1 0 

8 1 1 0 1 0 0 1 

The problem of generating a covering array can be 

formulated as an optimization task, as shown in Equation (1). 

In this formulation, 𝑓(𝑥) is the objective function representing 

the total number of covered interactions; 𝑥 is the set of 

decision variables; and 𝑥𝑖 is the domain of each variable, that 

is, 𝑥𝑖 = {𝑥𝑖(1), 𝑥𝑖(2), … , 𝑥𝑖(𝐾)}, where 𝐾 is the number of 

discrete values for each parameter (columns). The goal is to 

find an optimal set of configurations that maximizes 

interaction coverage. 

𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝑓(𝑥) = ∑ 𝑥𝑖
𝑁
𝑖=1  (1) 

𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑥 ∈ 𝑥𝑖 , 𝑖 = 1,2, … , 𝑁  

4.2. The Fuzzy Inference System 

A fuzzy reasoning system, also known as a Fuzzy 

Inference System (FIS), comprises four primary components: 

fuzzification, a knowledge base, inference mechanisms, and 

defuzzification [42].  

As depicted in Figure 3, fuzzification converts crisp 

numerical inputs into fuzzy values by mapping them to 

predefined membership functions. The inference engine 

processes these fuzzy rules to derive fuzzy outputs, which are 

subsequently converted back into crisp values through the 

defuzzification process [43]. A crisp value refers to a precise 

numerical result produced after a fuzzy logic system interprets 

fuzzy input into specific outputs. 

 
Fig. 3 Fuzzy inference system 

Mamdani fuzzy systems, also known as Fuzzy Inference 

Systems (FIS), are designed to handle imprecision and 

uncertainty by utilizing a framework that mirrors human-like 

reasoning through linguistic rules. Unlike traditional 

mathematical models that rely on precise numerical 

thresholds, these systems use qualitative descriptors, such as 

"low," "medium," or "high," to guide system behavior [44]. In 

search-based optimization, integrating fuzzy systems provides 

a powerful adaptive mechanism to overcome the limitations of 

traditional metaheuristic algorithms that rely on fixed or 

manually adjusted parameters. Traditionally, this transition is 

governed by static linear decay, a deterministic approach in 
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which control parameters follow a predefined schedule, such 

as linearly reducing the inertia weight as iterations progress. 

However, this method is often unreliable because it assumes a 

uniform search landscape and cannot adapt to real-time search 

conditions. Specifically, linguistic variables such as 

population diversity and iteration progress are used as fuzzy 

inputs. For instance, terms like “low diversity,” “medium 

diversity,” or “high diversity” represent the spread of solutions 

within the population.  

5. Results and Discussion 
5.1. Background of Selected Studies 

Following the systematic processes of identification, 

where potential studies were gathered using predefined 

keywords and database searches; screening, where articles 

were filtered based on inclusion and exclusion criteria; 

eligibility, where the relevance of each study was assessed 

through title, abstract, and content review; quality appraisal, 

where studies were evaluated against established 

methodological criteria; and data extraction and analysis, 

where relevant information was synthesized into thematic 

categories, a total of three primary studies were identified as 

highly relevant to the objectives of this SLR. These studies 

represent the core body of work on fuzzy-based metaheuristic 

algorithms applied to generating combinatorial test suites. The 

first study introduced the Fuzzy Adaptive Teaching Learning-

Based Optimization (FATLBO) strategy [17]. This work 

demonstrated how fuzzy inference could dynamically adjust 

the exploration and exploitation behavior of TLBO operators, 

resulting in reduced test suite size and improved performance 

in generating mixed-strength covering arrays. The second 

study proposed a fuzzy logic-based adaptive swarm 

optimization method [18]. This study employed fuzzy rules to 

dynamically adjust the inertia weight and acceleration 

coefficients in real-time. The results showed significant 

improvements in convergence rate and coverage efficiency 

when compared to conventional swarm-based techniques. The 

third study introduced the Variable-Strength Tuned Ant 

Colony Optimization (VS-TACO) algorithm [6]. This 

approach integrates fuzzy logic to dynamically adjust ant 

counts and search strategies in variable-strength combinatorial 

testing. Table 4 outlines all these studies. 

5.2. The Developed Themes 

5.2.1. Performance Analysis of Fuzzy-Based Metaheuristic 

Algorithms 

The first theme discusses the performance of fuzzy-based 

metaheuristic algorithms in generating combinatorial test 

suites. As stated in the related works, metaheuristic-based 

combinatorial testing studies evaluate performance using five 

key indicators: test suite size, convergence speed, coverage 

efficiency, execution time, and scalability. Among these, the 

three selected fuzzy-based studies consistently focused on test 

suite size, convergence speed, and coverage efficiency. The 

Fuzzy Adaptive Teaching Learning-Based Optimization 

(FATLBO) strategy consistently reduced test suite size by 15-

20% compared to the standard TLBO while ensuring complete 

interaction coverage, thereby confirming improvements in 

both test suite size and coverage efficiency [17].  

The FATLBO strategy uses a fuzzy inference system to 

dynamically balance the exploration and exploitation phases 

of the original Teaching-Learning Based Optimization 

algorithm. FATLBO also achieved more efficient search 

behavior and avoided premature convergence. Similarly, the 

fuzzy adaptive swarm optimization approach outperformed 

conventional swarm algorithms [18]. 

Their results demonstrated faster convergence and 

coverage efficiency above 98%. Additionally, the Variable-

Strength Tuned Ant Colony Optimization (VS-TACO) 

employed fuzzy logic to adapt ant counts and search strategies 

in variable-strength combinatorial testing [6]. Their study 

demonstrated a 12-18% reduction in test suite size compared 

to the baseline ACO. This suggests that these three indicators 

represent the most relevant measures for assessing the 

effectiveness of fuzzy-based metaheuristic algorithms in 

combinatorial testing. 

Table 4. Background of selected studies 

Year Algorithm Fuzzy/Adaptive Role 
Application 

Focus 
Main Outcomes 

2017 

Fuzzy Adaptive 

Teaching Learning-

Based Optimization 

(FATLBO) 

Fuzzy inference system 

dynamically adjusted 

exploration and exploitation 

in TLBO 

Mixed-strength 𝑡-

way test suite 

generation 

Reduced test suite size (15−20%), 

improved convergence, and better 

coverage 

2015 
Fuzzy Adaptive 

Swarm Optimization 

Fuzzy rules tuned swarm 

parameters (inertia weight, 

acceleration coefficients) in 

real time 

Covering array 

construction for 

software testing 

Faster convergence, higher 

coverage efficiency (above 98%), 

better balance between exploration 

and exploitation 

2022 

Variable-Strength 

Tuned Ant Colony 

Optimization  

(VS-TACO) 

Fuzzy logic dynamically 

adjusted ant counts and search 

strategies 

Variable-strength 

𝑡-way test suite 

generation 

Improved exploration-exploitation 

balance, reduced test suite size 

(12−18% reduction), and enhanced 

computational efficiency. 
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5.2.2. Types of Fuzzy-Based Metaheuristic Algorithms 

The second theme explores the variety of fuzzy-based 

metaheuristic algorithms. The Fuzzy Adaptive Teaching 

Learning-Based Optimization (FATLBO) represented fuzzy 

rules and a population-based algorithm to lead the learning 

phases [17]. A fuzzy logic-based adaptive swarm optimization 

also exhibited that swarm intelligence paradigms can benefit 

from dynamic fuzzy control of sensitive parameters [18]. The 

Variable-Strength Tuned Ant Colony Optimization (VS-

TACO) integrated fuzzy logic to dynamically adjust ant 

counts and search strategies for variable-strength 

combinatorial testing [6].  

The main components of the fuzzy inference system 

include fuzzification, rule evaluation, and defuzzification. The 

system's parameters have been defined to include three input 

parameters: quality measure (𝑄𝑚), intensification measure 

(𝐼𝑚), and diversification measure (𝐷𝑚). Additionally, the 

system includes an output parameter, namely the amplitude. 

The selection of these parameters was based on the work in 

[45], which used similar parameters to control the algorithm's 

adaptive behavior. The quality measure (𝑄𝑚) represents the 

quality of the candidate test case in terms of its coverage of 

interaction elements. However, the algorithm's intensification 

and diversification measures are derived from the Hamming 

distance results. While the quality and diversification 

measures of the algorithm ensure the generation of diverse 

candidate solutions, the intensification measure hastens 

convergence to the optimal solutions. These parameters 

represent the main dynamics of the optimization process. 

5.2.3. Fuzzy Logic Implementation Techniques 

The third theme concerns the incorporation of fuzzy logic 

into the chosen algorithms. Fuzzy logic was first introduced 

by Lotfi Zadeh in 1965. Fuzzy logic is a mathematical 

approach developed to deal with the imprecision and 

uncertainties associated with complex systems [44]. The 

degree of membership of an element 𝑥 in a fuzzy set 𝐴 is given 

by 𝜇𝐴(𝑥), where 𝜇𝐴(𝑥) varies from 0 (no membership) to 1 

(full membership) [44]. Fuzzy logic is a powerful tool for 

modeling real-world systems with associated ambiguities and 

linguistic uncertainties [46]. 

Fuzzy sets and inference rules, together with the use of 

inertia weight and acceleration coefficients, were utilized in 

the FATLBO algorithm [17, 18]. In Variable-Strength Tuned 

Ant Colony Optimization (VS-TACO), fuzzy inference was 

utilized for the adjustment of the number of ants and the use 

of edge selection strategies during the search process [6]. 

From the above, it can be concluded that the application of 

fuzzy logic can be performed at different levels of the 

optimization process, i.e., high-level search control and 

parameter-specific adjustment, as also proved by other studies 

[12, 47]. For example, the FATLBO algorithm can be 

considered a high-level search control application, where the 

use of fuzzy inference rules controls the transition between the 

exploration and exploitation search phases of the optimization 

process [17]. In another study, the application of fuzzy rules 

was utilized for the dynamic adjustment of the inertia weight 

and acceleration coefficients of the swarm optimization 

process [18]. In the Variable-Strength Tuned Ant Colony 

Optimization (VS-TACO) algorithm, the application of fuzzy 

logic was utilized for the adjustment of the number of ants and 

the use of edge selection strategies, simultaneously controlling 

the global search process of the optimization process [6]. 

5.2.4. Parameter Tuning Strategies 

The last theme deals with parameter tuning strategies 

using fuzzy logic [17]. Fuzzy logic was used in TLBO to 

balance exploration and exploitation. Fuzzy rules were also 

incorporated to tune swarm parameters in real-time [18]. 

Variable-Strength Tuned Ant Colony Optimization (VS-

TACO) used fuzzy logic to adaptively tune the number of ants 

and edge selection strategies [6].  

Table 5. Mapping of selected studies, identifying primary themes and sub-themes 

Authors Country Performance analysis 
Algorithm 

Type 

Fuzzy Logic 

Implementation 

Parameter Tuning 

Strategy 

Zamli et al., 

2017 [17] 
Malaysia 

Test suite size 

reduction, coverage 

efficiency 

Teaching-

Learning 

Based 

High-level search control 

via fuzzy inference for 

exploration-exploitation 

balance 

Adaptive adjustment of 

exploration-exploitation 

phases 

Mahmoud & 

Ahmed, 2015 

[18] 

Egypt 
Convergence speed, 

coverage efficiency 

Swarm-

Based 

Parameter-specific 

adjustment of inertia 

weight and acceleration 

coefficients 

Real-time fuzzy tuning 

of swarm parameters 

Zahir Ahmad 

et al. [6] 
Malaysia 

Test suite size 

reduction, convergence 

speed, coverage 

efficiency 

Ant Colony 

Optimization 

(ACO) 

Combined approach: 

high-level control of 

search strategies and 

parameter-specific 

adjustment of ant counts 

and edge selection 

Adaptive fuzzy 

regulation of ant 

numbers and edge 

selection 
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From studies on fuzzy logic in metaheuristics, parameter 

tuning was identified as the major aspect for incorporating 

fuzzy logic. For instance, in FATLBO, fuzzy inference was 

used to replace the necessity to set balances for exploration 

and exploitation during the learning phases [18].  

Similarly, VS-TACO avoided fixed ant population 

settings by using fuzzy logic to adaptively regulate ant counts 

and edge selection strategies during the search.  

To provide a clearer overview of how the selected studies 

addressed these themes, Table 5 presents a summary mapping 

each study to the identified sub-themes.  

5.3. Summary of Performance Metrics and Evaluated 

Parameters 

To ensure clarity in terminology across the synthesized 

literature, Table 6 summarizes the performance metrics and 

specific parameters quantified in each primary study. 

Table 6. Metrics and parameters used in primary study 

Study Performance Metrics Adaptive Parameter Evaluation Context 

FAPSO Test Suite Size Inertia Weight t-way benchmarks 

FATLBO Test Suite Size Teaching Factor Fixed-strength covering array 

VS-TACO Tuple Coverage Percentage Pheromone Evaporation Rate Variable-strength covering array 

5.4. Discussion 

This review aims to synthesize current research on fuzzy-

based metaheuristic algorithms for generating combinatorial 

test suites. In the related works, it was identified that while 

metaheuristic algorithms, such as GA, PSO, ACO, and TLBO, 

have been widely applied in combinatorial testing, their 

reliance on static parameter settings limits their adaptability 

and robustness. Fuzzy logic was highlighted as a potential 

solution, yet no prior work had systematically examined 

evidence of its application in combinatorial testing. To address 

this gap, the study employed a systematic methodology based 

on PRISMA and Kitchenham’s framework, which narrowed 

an initial pool of 61 studies to three primary journal articles 

through identification, screening, eligibility assessment, 

quality appraisal, and data extraction.  

With respect to RQ1 (types of fuzzy-based metaheuristic 

algorithms), the results presented in Section 4.2.2 show that 

fuzzy logic has been integrated into different categories of 

algorithms: a population-based teaching-learning approach 

(FATLBO), a swarm intelligence algorithm (fuzzy adaptive 

swarm optimization), and an ant colony optimization variant 

(VS-TACO). This diversity demonstrates that fuzzy logic is 

not restricted to a single algorithm but can enhance multiple 

metaheuristic paradigms, directly addressing the gap 

identified in related work, where no consolidated mapping of 

fuzzy-based CT strategies has been provided.  

For RQ2 (fuzzy logic implementation techniques), 

Section 4.2.3 highlighted how fuzzy logic was embedded at 

different levels of the optimization process. FATLBO applied 

fuzzy inference as a high-level controller of the exploration-

exploitation balance. Mahmoud and Ahmed implemented 

parameter-specific adjustments to the inertia weight and 

acceleration coefficients, while VS-TACO combined high-

level control with these adjustments by adaptively tuning the 

ant counts and search strategies. For RQ3 (parameter tuning 

strategies), Section 4.2.4 confirmed that all three studies used 

fuzzy inference rules to replace fixed parameter values. The 

exploration and exploitation phases were dynamically 

balanced in TLBO, where swarm coefficients were tuned in 

real-time, and ant counts, along with edge selection strategies, 

were regulated in VS-TACO. These findings confirm the 

validity of related work demonstrating that fuzzy-based 

parameter tuning directly enhances robustness by responding 

to dynamic search conditions.  

Regarding RQ4 (performance outcomes), Section 4.2.1 

showed consistent improvements across three performance 

indicators. The findings revealed that FATLBO achieved 

notable reductions in test suite size, fuzzy adaptive swarm 

optimization resulted in faster convergence and improved 

coverage efficiency, while VS-TACO demonstrated 

enhancements in both test suite size and convergence speed.  

In addressing RQ5 (limitations and research 

opportunities), this review found that although the three 

analyzed studies produced encouraging outcomes, their scope 

and quantity remain limited. In the broader body of research 

on metaheuristics and combinatorial testing, performance is 

typically evaluated using metrics such as test suite size, 

convergence speed, coverage efficiency, execution time, and 

scalability. However, the reviewed fuzzy-based studies 

consistently concentrated on only three of these: test suite size, 

convergence speed, and coverage efficiency, highlighting a 

gap and the need for broader performance assessment in future 

investigations. 

This SLR therefore confirms that these three indicators 

are the most relevant performance measures for evaluating 

fuzzy-based metaheuristic strategies, and they will be adopted 

in our subsequent research to ensure consistency and 

comparability with existing work. Overall, the discussion 

shows that integrating fuzzy logic into metaheuristic 

algorithms effectively addresses the limitations identified in 

the literature review, is systematically supported by the 

research methodology, and is consistently validated across all 

four key themes. As noted in Section 4.2.1, although prior 

studies on metaheuristics and combinatorial testing commonly 

used five performance indicators- test suite size, convergence 
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speed, coverage efficiency, execution time, and scalability- 

the three fuzzy-based studies reviewed here consistently 

focused on test suite size, convergence speed, and coverage 

efficiency. This consistent emphasis reinforces the importance 

of these three metrics for evaluating fuzzy-based 

metaheuristics and supports their selection as the main 

performance indicators for the subsequent phases of this 

research.  

5.4.1. Practical Implications 

The findings of this review provide several indications for 

both research and practice. For software testers, the findings 

suggest that fuzzy-based metaheuristic algorithms provide a 

practical way for generating smaller test suites while 

maintaining complete interaction coverage. Since the findings 

consistently demonstrate improvements in test suite size 

reduction, convergence speed, and coverage efficiency, these 

three aspects should be prioritized as key indicators when 

assessing future fuzzy-based or hybrid algorithms in practical 

applications. The way fuzzy logic has been utilized across 

different implementations, such as FATLBO, fuzzy adaptive 

swarm optimization, and VS-TACO, suggests promising 

opportunities for hybrid designs.  Researchers can extend 

fuzzy integration to additional algorithmic paradigms and 

investigate multi-objective optimization.  

5.4.2. Limitations of the Review 

Several limitations have been acknowledged. First, only 

a small number of studies satisfied the inclusion and quality 

assessment criteria. As a result, only three primary journal 

articles were analyzed in depth.  

Second, although all three studies consistently reported 

improvements in test suite size, convergence speed, and 

coverage efficiency, differences in their algorithm types, 

experimental settings, and evaluation metrics make it difficult 

to draw direct comparisons.  

Third, this review specifically focused on journal 

publications from 2020 to 2024 to maintain relevance and 

quality, but this may have excluded earlier foundational 

research that could offer additional context. Fourth, since the 

review relied on three major databases, Scopus, IEEE Xplore, 

and ScienceDirect, it is possible that some relevant works in 

grey literature or other indexing platforms may not have been 

captured. Lastly, this review focused on fuzzy-based 

metaheuristics applied to combinatorial testing, so the 

conclusions may not be directly applicable to other areas of 

software engineering or optimization.  

5.4.3. Comparative Technical Analysis: The Rationale for 

Fuzzy-Based Superiority 

From the primary studies considered for the review, it has 

been clearly indicated that fuzzy-based metaheuristics have 

consistently performed better than static state-of-the-art 

methods. The rationale for the development of the algorithm, 

based upon the progression of techniques, has been based on 

the move away from rigid mathematical models towards more 

adaptive linguistic control systems, allowing the search 

process to be more adaptive to the search conditions. In the 

case of traditional metaheuristics, the search parameters, such 

as weights, coefficients, or step sizes, are usually controlled 

by linear or nonlinear decreasing functions. These static 

methods are based upon the assumption of a uniform search 

landscape for the search space, which is rarely the case for 

combinatorial testing. 

Instead of these fixed functions, fuzzy-based methods use 

a Mamdani Fuzzy Inference System (FIS). This FIS evaluates 

real-time inputs and adjusts its parameters to meet the current 

requirements of the search process. This guarantees the 

algorithm provides large steps during the initial exploration 

and fine-tuned adjustments during the final exploitation phase. 

Modern-day metaheuristics are highly sensitive to their initial 

configurations. For example, an initial configuration suitable 

for 𝑡 = 2 can be completely inappropriate for 𝑡 = 6. Research 

literature has proven that fuzzy logic can greatly minimize 

such sensitivities. By employing problem-specific constraints 

in the form of linguistic rules, fuzzy-based hybrids ensure a 

very high robustness. This enables the generator to produce 

stable, high-quality test suites for different levels of 

interaction strength without requiring tedious, labor-intensive 

parameter retuning, as is typical with static methods. 

6. Conclusion 
This systematic literature review examines the role of 

fuzzy logic in generating combinatorial test suites. In this area, 

metaheuristic algorithms such as Particle Swarm Optimization 

(PSO), Ant Colony Optimization (ACO), and Sine Cosine 

Algorithm (SCA) have been utilized to build efficient 

combinatorial test suites. Conventional metaheuristic 

algorithms typically rely on fixed parameter configurations, 

limiting their ability to adapt to dynamic search conditions. 

Consequently, these algorithms are exposed to premature 

convergence within local optima. To address this issue, 

researchers have increasingly explored integrating fuzzy logic 

as an adaptive control mechanism that adjusts parameters in 

response to the developing state of the search process.  

Although individual studies have shown promising 

results, the available evidence remains scattered and has not 

yet been systematically organized into a comprehensive body 

of knowledge. To address this gap, the present study employs 

a systematic review approach guided by the PRISMA 

framework and the methodological guidelines proposed by 

Barbara Kitchenham.  

Commencing with an initial set of 61 potentially 

appropriate publications, a proper and transparent process was 

accomplished, including identification, screening, eligibility 

assessment, quality appraisal, and systematic data extraction. 
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This systematic procedure reduced the selection to three 

primary journal articles that met all inclusion criteria and 

quality standards for detailed analysis.  

The results were categorized into four themes. First, the 

review confirmed that fuzzy logic has been integrated into 

multiple categories of metaheuristics, including teaching-

learning based optimization (FATLBO), swarm-based 

optimization, and ant colony optimization (VS-TACO), 

thereby demonstrating its flexibility (RQ1). Second, the 

studies employed different fuzzy logic implementation 

techniques, ranging from high-level search control to 

parameter-specific adjustments, with VS-TACO combining 

both (RQ2). Third, fuzzy-based parameter tuning strategies 

successfully replaced static parameter values with adaptive 

rules, enabling real-time adjustments to exploration-

exploitation balance (RQ3). Fourth, the performance 

outcomes across the three studies consistently showed 

improvements in test suite size reduction, convergence speed, 

and coverage efficiency (RQ4).  

Finally, the review identifies key limitations, including 

the limited number of empirical studies, limited 

benchmarking, and the deficiency of industrial-scale 

validation. Addressing these deficiencies requires a shift 

toward more comprehensive experimental designs and the 

formulation of hybrid adaptive frameworks capable of 

satisfying the demands of complex, real-world software 

systems (RQ5).  

In conclusion, this review explains that fuzzy-based 

metaheuristic algorithms introduce an encouraging direction 

for strengthening combinatorial testing. The justification of 

test suite size, convergence speed, and coverage efficiency as 

the three most relevant performance measures provides a 

strong basis for guiding future empirical work. 
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