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Abstract 

 
In succession, the size and complexity of the program increase and the scope of testing 

expand. So, to ensure deadline delivery and reduce development testing costs, program testing 

efficiency must be improved. Therefore, to ensure that the product is delivered on the 

deadline and the cost of testing development is reduced, the efficiency of the program's testing 

must be enhanced. In this study, highlighting is placed to generate test suite automatically to 

reach increase the coverage of paths based on two algorithms Grey Wolf Optimizer algorithm 

(GWO) and Particle swarm optimization (PSO). The results of the implementation will be 

compared with each other to demonstrate the  performance and efficiency of the proposed 

methodology and the results show that the PSO algorithm has better than the GWO algorithm. 
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Introduction 

 

Software testing is a vital component of the development process, which helps in 

detecting software errors and thus ensuring the final product quality (Spinellis, 2017) 

(Atifi, et al., 2017). Most current methods of testing are manual, but recently it suggested 

automated testing to decrease human resources, time and cost and also to increase the 

quality of software (Huang, et al., 2017). Product testing costs are mostly at more than 

50% of the total costs. One way to test a program is to generate a test case, which can be 

defined as a categorization of variables and/or conditions that meet the criteria of test 

coverage (Salman & Hashim, 2017). By implementing test cases, a Software tester can 
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determine if a software system is implemented following the requirements of the system 

or following its implementation sequence (Toure, et al., 2017). Test case generation is a 

white-box testing approach that enables the designer to generate a fundamental set of 

execution routes. Test cases generated to exercise the basis set must guarantee that each 

statement in the code is executed at least once during testing (Pei, et al., 2017)                           

(Syaikhuddin, et al., 2018). 

 

Swarm intelligence (SI), a vital aspect of the area of artificial intelligence, is increasingly 

gaining popularity as more and more high-complexity issues necessitate solutions that 

may be sub-optimal but still feasible in a reasonable amount of time (Chakraborty &  Kar, 

2016) (Kar, 2016). Grey Wolf Optimizer ((GWO) is a revolutionary swarm intelligence 

method for solving issues of continuous optimization and real-world optimization and it’s 

the first algorithm that is depending on the concept of hierarchical leadership (Gupta, and 

Deep, 2018) (Faris, et al., 2018) (Faris, et al., 2018). Particle swarm optimization (PSO) is 

a swarm intelligence-based algorithm (Wang, et al., 2019). The advantages of the PSO 

algorithm has been utilised in a variety of applications, including artificial neural network 

learning, function optimization, and fuzzy control systems. The selection of parameters is 

the key effect on the efficiency and performance of the algorithm. It is a difficult problem 

that how to decide the best value of parameters for the best value of performance. There is 

no standardized method to decide the best parameters, which are determined by 

experience (He, et al., 2016). 

 

This paper proposed a tool to generate test case based on two optimization methods PSO 

and GWO (Zhou, et al., 2017), (Mirjalili, et al., 2014). Instead of implementing each test 

case of path alone, The propsed method implement all the test cases of path in the same 

time with integrates multiple fitness functions to get better results. 

 

The present paper provides the following contributions that are in addition to those from: 

 

• A tool presents a unique multiple-path test case generating technique based on two 

optimization methods, PSO and GWO. As far as we know, this is the first work 

that compares the outcomes of the PSO and GWO algorithms for generating path 

coverage test cases. The suggested technique generates test cases directly with 

corresponding pathways, saving testing time and resources. This tool will help a 

software engineer to create effective test cases by generating an initial set and then 

refining these initial sets with the help of GWO, PSO and ultimately will have test 

sets with 100% path coverage. 
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• This work integrates multiple fitness functions. The fitness function's approach 

level has been redesigned, allowing it to better lead search towards the goal. 

• Using many case studies, this research assesses the usefulness and performance of 

the suggested strategy. Experiments show that the PSO and GWO algorithms have 

improved, and certain influencing elements on the suggested method's 

performance have been evaluated and analysed.  

• A comparison of the obtained results of the proposed methodology. 

 

Sections are outlined in the paper. Section 2 describes related work, whereas Section 3 

explains the elements that influence the production of test cases. The study's algorithms 

are described in detail in Section 4. Section 5 presents an empirical validation of the 

approach by studying the effectiveness of generated test cases on three case studies, in 

terms of statement coverage. Finally, Section 6 represents the conclusion and future 

works. 

 

Related Work  

 

In this study, we generated test cases and pathways using the Grey wolf optimizer 

(GWO). The suggested model was compared to Particle Swarm Optimization (PSO), and 

the findings indicate that PSO achieves a better degree of accuracy than other 

optimization strategies. So in this section will mention a summary of the studies and their 

comparison in terms of AI technique used, fitness function, objective, finding and 

limitation. Table 1 shows the summary of the comparison. (Arcuri, 2017) introduced a 

new algorithm called Many Independent Objective and implemented an experimental 

study to compare the obtained results with other major algorithms. The results show 

improvement with path coverage of more than 80%. (Panichella, et al, 2018) suggested a 

model using a multi-objective genetic algorithm, presented an empirical study on classes 

of java belonging to four datasets using many coverage standards to measure the accuracy 

of the model and found that using the strategy of multi-objective for selecting candidate 

tests present a primary role on the accuracy of test case generation.  (Ramya & Sudha, 

2016) proposed a model applying to a program module. The authors suggest using the 

Bacterial Foraging Algorithm (BFO) to generate and prioritize test paths. Then, generate 

an appropriate test case. They obtained better results compared with the genetic algorithm 

that  is  widely used in this area. (Vivekanandan, et al, 2016) introduced an approach based 

on a clonal selection algorithm and they decreased in effort and time of path generation. 

Pandey and (Banerjee, 2019) proposed a model using algorithms of the genetic and hybrid 

firefly. Four case studies are used for evaluating the model and outcomes display that the 

performance of hybrid models is more accurate than separate models on several 
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parameters selected in the tests. (Sheoran, et al, 2020) (Alazzawi, et al., 2020) presented a 

model for extracting paths of the program under test using bee colony optimization. In 

(Sheoran et al, 2020). The authors take eight case studies for evaluating the model and the 

implementation is restricted to non-loop codes. But in (Alazzawi, et al., 2020), they used 

pairwise test generation and get good results by constructing the good test cases size and 

more accurate than other pairwise strategies by constructing final test cases of programs. 

(Sahoo & Ray, 2018) (Sahoo & Ray, 2019) The authors developed a combined fitness 

function based on branch distance and implemented it by generating test values using the 

particle swarm optimization (PSO) technique. Many Case studies were taken and applied 

with the fitness function proposed. But in (Sahoo & Ray, 2019), they used PSO and 

adaptive PSO with Improved combined fitness (ICF) to increase performance. Table 1 

highlights and compares findings from earlier research with those from a suggested new 

approach. 

 

Table 1 Shows the summary and comparison of previous studies and the proposed 

approach 
Authors (Year) AI Technique Used Fitness Function Objective Finding Limitation 

Sahoo and Ray 
2018 

particle swarm optimization 
(PSO)  

Value combined 
branch distance 

maximize path 
coverage by 

generating test 

cases 

better results in terms of the 
number of iterations and the 

total number of generated 

test cases 

Simple case 
study with if-else 

conditions only 

Sahoo and Ray 
(2019) 

Adaptive Particle Swarm 
Optimization (APSO) 

Improved 
combined fitness 

(ICF) 

maximize path 
coverage by 

generating test 

cases 

Better performance than the 
study of 2018 

Only generate 
test cases for the 

crucial path. 

Ramya and 

Sudha (2016) 

Bacterial Foraging Algorithm 

(BFO) 

Location of 

bacterium  

generate and 

prioritize test 

paths 

Improved results compared 

with the genetic algorithm 

Not generate test 

cases 

Vivekanandan 

et al   (2016) 

clonal selection algorithm Not mentioned Generate paths decreasing in effort and 

time of path generation 

Not generate test 

cases 

Arcuri (2017) Many Independent Objective 

(MIO) 

the branch distance 

as a heuristic for 
the fitness function 

test-suite 

generation 

coverage improvements 

were even in the order of 
+80%. 

Real experiments 

and results not 
mentioned 

Panichella et al 

(2018) 

Dynamic Many-Objective 

Sorting Algorithm 
(DynaMOSA) 

Various fitness 

function 

To generate test 

cases  
covering many 

uncovered 

targets 

DynaMOSA outperforms 

WSA in 28% of branch 
coverage classes and 27% 

of mutation coverage 

classes. 

No limit 

Pandey and 
Banerjee (2019) 

Firefly and Genetic 
Algorithm 

Branch coverage 
metrics 

test data 
generation  

The hybrid approach 
performs well on various 

parameters 

No limit 

Sheoran et al 

(2019) 

Bee colony algorithm proportionate to the 

food source's nectar 

content 

Find and 

prioritize paths 

Create ideal pathways, 

which results in time and 

effort savings. 

Not generate test 

cases 

 

Work with non-
loop programs 

only 

Alazzawi et al 

(2020) 

Using the Artificial Bee 

Colony (ABC) algorithm in 
conjunction with a Particle 

Swarm Optimization 
technique (PSO) 

 pairwise test 

suite generation 

Better results than other 

pairwise approaches 

No limit 

Our approach Grey wolf optimizer (GWO) Combined of  many 

fitness functions 

generate test 

cases to 

maximum path 
coverage 

Better results than other 

approaches 

No limit 
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Background 

 

1. Testing Process 

 

The testing phase is a knowledge-intensive activity, as it is a key verification and 

validation activity centred on quality tests (Dadkhah, et al, 2020). For evolved software, 

existing test suites may not be adequate to validate new test requirements. Test suite 

augmentation techniques generate new test cases using existing test information to cover 

new or modified parts of software (Kosack, et al., 2017).  

 

Two strategies are often employed in the testing process. 1) Black-Box Testing: This 

approach is used to test the performance of the responsibilities specified in the 

requirements specification while ignoring the program's underlying structure.                           

2) White-Box Testing: This type of testing focuses on the internal structure of the 

application. The primary premise behind this test is that a software crash will be 

identified. This method will aid in the analysis of the code to detect bugs that may arise 

from the operation of the various instructions in the code (Mishra, et al, 2019). White box 

testing can be classified into the path, statement, branch, loop, decision coverage, etc. 

(Sharma & Saha, 2017). 

 

To ensure that the testing process runs smoothly and efficiently, the following steps may 

be taken: 1) Testing must be performed by user requirements; 2) Testing time and 

resources are restricted; 3) Testing resources must be used efficiently. 4) Testing should 

start modest and expand to much larger scales (Kosack, et al., 2017). 5) Testing should be 

carried out by a separate team of examiners or by an outside team. 6) All testing should be 

based on the demands of the client. 7) Software testing should be allocated to the best 

available individual. 8) A summary of application test results is required in the test 

reports, which include test cases and test reports. 9) The software testing process should 

begin as early as feasible in the application development phase, with an emphasis on 

object definition. 10) Priority should be given to test planning, and 11) The first test 

strategy must be followed and updated regularly. The test's quality should not be 

underestimated; there are several criteria in implementing good quality testing, including 

having a scope of testing for all possible scenarios to operate the software, developing the 

scope of the paths as far as possible from the programmed structure, and being not too 

simple and complicated (Eckhart, et al, 2019) It is expected to obtain a holistic test suite 

with the advantages of white-box testing. 
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2. Background on Grey Wolf Optimization (GWO) 

 

This algorithm employs the Grey Wolf Optimizer (GWO), a novel metaheuristic devised 

by (Mirjalili, et al., 2014) is a cutting-edge evolutionary method that is particularly 

efficient in finding the global optimum of nonlinear functions and also quite efficient in 

training multi-layer perceptron's (Mirjalili, 2015). The GWO algorithm's optimization is 

governed by alpha, beta, delta, and omega (Masadeh, et al, 2017). 

 

Mathematically, the distance between the wolves is initially established using equation 1 

and the locations are updated using equation 1:  

 

D⃗⃗ = │ C⃗ . Xp
⃗⃗ ⃗⃗  (t) − Xw

⃗⃗ ⃗⃗  ⃗(t)│                 (1) 

Xw
⃗⃗ ⃗⃗  ⃗(t + 1) = Xp

⃗⃗ ⃗⃗  (t) − A⃗⃗ . D⃗⃗                 (2) 

 

The current iteration is denoted by t, while the coefficient vectors, A⃗⃗  and  C⃗  are denoted by 

A⃗⃗   and  C⃗ , respectively.  Xp
⃗⃗ ⃗⃗  is the position vector of the prey, and A grey wolf's location 

vector is  X⃗⃗ . The vectors A⃗⃗  and  C⃗  are computed as follows: 

 

A⃗⃗ = 2a⃗  .  r1⃗⃗  ⃗ − a                                  (3) 

C⃗ = 2 r2⃗⃗  ⃗                                            (4) 

 

Where a⃗  components are progressively lowered from 2 to 0 during iterations and  r1⃗⃗  ⃗, r2⃗⃗  ⃗ 

are random vectors in [0,1]. 

 

Using equation 5, each element of position X (t) is updated, and the best position in the 

following iteration is updated. 

 

X⃗⃗ (t + 1) =
𝑋 (t)

3
                                     (5) 

 

Fig.2 illustrates how Alpha, beta, and delta wolves estimate the position of their prey, 

whereas other wolves constantly update their locations in the vicinity of the target (prey) 

(Rezaei, et al., 2018) (Tu, et al., 2019). 

 

3. The PSO Algorithm 

 

The algorithm of Standard PSO is a population-based optimization (Zhou, et al.,2017). 

The position (x) of each particle and its velocity (v) will be updated according to the 

equations 6 and 7: 
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Vij (t + 1) = we. Vij (t)  +  f1n1 (pBij (t) − xij t +  f2n2 gBij(t) − xij(t)     (6) 

xij(t) + 1 = xij (t) +  vij (t) + 1                                                                                 (7) 

 

Where Vij(t+1) is the velocity of particle i at iteration j and xij(t+1) is the position of 

particle i at iteration j. we is inertia weight to be utilized to monitor the effect of the 

preceding values of the velocity. t represents the number of iteration, f1 is the factor of 

cognition learning, f2 is the factor of social learning, and n1 and n2 are random numbers 

in [0,1] for indicating the ability of remembrance (Kuttomparambil Abdulkhader, et al., 

2018). 

 

The advantages of the PSO Algorithm include the following: (I) The PSO is an 

intelligence-based organization. It is suitable for scientific study as well as engineering 

applications. (II)PSO does not do overlapping or mutation calculations. The particle's 

velocity can be used to search. Only the most optimistic particle is capable of transmitting 

knowledge to the other particles throughout several generations, and the rate of research is 

extremely quick. (III). In PSO, the computation is quite straightforward (Sabarish, et al., 

2017) (Nagarajan, et al., 2017). 

 

4. Test Case Generation Factors 

 

Three factors contribute to the generation of test cases. The average of these factors can 

be represented as the fitness function of the grey wolf algorithm (Singh, 2004). 

 

• Likelihood Fitness Approach 

 

Some paths must take a higher priority than others. So, the likelihood will contribute to 

the selection of test cases to be executed that are described in equation 8. 

 

Li(ti) = 1 − ((1 − Li(Pa(t1)) ∗ (1 − Li(Pa(t1)) ∗ ……)                (8) 

               

 Where Pa(ti) is the path when the test case (ti) is implemented. 

 

• Boundary Fitness Approach 

 

The test case that is close to the boundary must take a higher priority than others. So, the 

value of close to boundary represents how much the value of the test case is closer to the 

boundary described in equation 9. 

 

CB(ti) = CB(t1) ∗ CB(t2) ∗ ……                                                              (9) 

                

Where CB(ti) is Close to the boundary of the test case (ti). 
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• Branch Fitness Approach 

 

Branch fitness represents the percentage of the number of branches of the flow graph 

covered by the test case described in equation 10. 

Rr(ti) = n/e                                                                                                  (10) 

                

Where n is the number of branches covered by the test case and e is the total number of 

branches of the flow graph. 

 

Research Method 

 

1. Fitness Function 

 

After integrating the factors of the fitness function mentioned in the previous section, we 

get equation 11 which is applied in the methodology in this paper. 

 

      fitness = Li(ti) + CB(ti) + Rr(ti)                                                    (11) 

 

2. Swarm Techniques Used 

 

In this paper, swarm techniques have been used to automatically generate a test suite. In 

the training unit, the algorithms are trained to generate the values of test cases by 

analyzing the program's code to find the optimal solution for test cases through several 

iterations. Each wolf has its settings at the start of processing in the GWO algorithm's 

processing unit, which is initialised randomly. The fitness function of the digital wolf is 

determined and compared to the fitness function produced by earlier generations of 

wolves. If the current value is superior to the prior value, the old value is replaced with 

the new value; also, after repeating the preceding steps for all digital grey wolves, the 

optimal location is selected based on the alpha, beta, and delta positions. In the processing 

unit of the PSO algorithm, the population of particles is initialized randomly over search 

space and depending on the objective function assesses each particle's allocation and 

compares it with the previous best allocation. Finally, updates the particle allocation 

according to the value of the distance of pBij (t) and gBij(t) from the current allocation. 

Figure 1 describes the flowchart of the GWO and PSO algorithms. 
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Figure 3 Flowchart of the GWO and PSO algorithms 

 

Results and Discussion 

 

In this section, the proposed methodology is tested by using the programs described in 

Fig. 2 as a demonstration of the suggested algorithm's functioning. Program 1 represents 

conditional statements that are bound up with programming languages and artificial 

intelligence (Ibeling & Icard, 2018). Scripts 2,3 represent loops (for & while), which are a 

critical construct when developing programmes and contribute significantly to a 

programming language's Turing-completeness. Additionally, loops are difficult to 

eliminate or conceal, and concentrating on loops makes the analysis more resistant to 

Initialize the grey wolf population 

Initialize Parameters:  
Number of agents=30, Max 

iterations=50. 

Number of search agents 

Calculate the proposed fitness of each 
independent path 

 

Return the best path 

while (t < Max 
iterations) 

 

Update the position of each path 

Update the best, the second and the 
third independent path 

Start 

End 

Start 

Initialize Parameters: 

 Max Iterations=50, Population 
Size=30, Inertia Coefficient=0.8, 

individual Acceleration 

Coefficient=1.2, Social Acceleration 

Coefficient=0.6. 

Produce First Swarm: a set of 
independent paths 

Execute Proposed Fitness Function 
for independent paths 

 

Record Pbest for All Parameters 

Find Gbest for independent path 

 

Desired Result 

Obtained? 

End 

Renew Position of 
Each Path 

Renew Velocity of 
Each Path 

a) The GWO algorithm flowchart b) The PSO algorithm flowchart 

No 

Yes 
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evasion: A function that requires loops cannot be implemented without them (Machiry, et 

al., 2018). Because repetition is such a fundamental idea, the majority of significant 

algorithms cannot be stated without it (Celepkolu & Boyer, 2018). Fig 2 depicts the three 

case studies from our research, while Figure 3 depicts the three case studies' control flow 

graphs. 

 

 
Figure 2 The three case studies of our research 

 

 
Figure 3 The control flow graph of the three case studies 
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According to the results of table 2, the proposed model generates four paths for program 

1, three paths for program 2 and two paths for program 3 and the best test cases assigned 

to these paths of three programs. To observe whether such a circumstance exists, the 

Convergence of the objective function of PSO and GWO of the three programs is 

represented in Figures 4 and 5 respectively where table 3 represents the number of 

iterations and rate of accuracy.  

 

As one can see from Figures 4 and 5, where each data point represents the mean result 

over 20 replications for PSO and 50 replications for GWO. The rate of accuracy in GWO 

is higher than standard PSO in all programs. Additionally, it can be concluded that the 

standard PSO performs better than the GWO in terms of the number of iterations. 

 

 

 
Figure 4 Convergence of the objective function of PSO of the programs 

 

 
Figure 5 Convergence of the objective function of GWO of the programs 
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Table 2 Best test cases and paths summary of results for case studies 

 Program 1 

  PSO GWO 

No. Path Best test cases for path Best test cases for path 

1 1     2     6     7     9 0.9136    0.9584    0.8850 -1.2881   -1.2697   -1.3151 

2 1     2     3     4     9 0.2995    0.2849    0.2817 -2.9356   -2.9883   -2.9786 

3 1     2     3     5     9  1.4145    0.8030    1.9412 -0.0115   -0.0563    0.1215 

4 1     2     6     8     9 0.2842    0.3438    0.4323 -0.3867   -0.2178    0.1641 

 Program 2 

  PSO GWO 

No. Path Best test cases for path Best test cases for path 

1  1     2     3     4     6     2     7   -3.2708   -0.3197 -0.3969   -0.1005 

2 1     2     7 -6.6722    1.8750 1.8947    0.2706 

3 1     2     3     5     6     2     7 -1.5409   -2.6434 

 

-0.1299   -0.2124 

 Program 3 

  PSO GWO 

No. Path Best test cases for path Best test cases for path 

1 1     2     3     4     6     2     7    -5.6180    2.0065 

 

0.4243    5.7709 

2 1     2     3     5     6     2     7 -0.0431   -1.6410 

 

0.0098   -2.3527 

 

 

Table 3 Results in terms of the number of iterations and rate of accuracy 

 PSO GWO 

Program name P1 P2 P3 P1 P2 P3 

Number of iterations 20 20 20 50 50 50 

Rate of accuracy 0.83591 0.99935 1 0.96355 1 1 

 

Conclusion and Future Work  

 

Test suit generation is a critical component of the software life cycle (SDLC) since it 

allows for the verification of the accuracy of a software testing result. To avoid manual 

testing, which consumes too much time and effort, an automated testing procedure may be 

utilized to reduce the cost of producing software and increase its dependability. This 

article provided a way for autonomously generating test cases and compared the outcomes 

using two algorithms, GWO and PSO. After applying the suggested model to three case 

studies, the findings indicate that the PSO method is superior to the GWO approach in 

terms of iterations and test case values. In future work, the study can be enhanced by 

combining GWO and PSO algorithms or by generating the test suite of software 

applications using a new technique. Additionally, an automated testing procedure may be 

undertaken to reduce the software's manufacturing cost and increase its dependability. 
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