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Abstract: Software testing is a fundamental step in the software development lifecycle. Its purpose is to evaluate the quality of software applications. Regression
testing is an important testing methodology in software testing. The purpose of
regression testing is to validate the software after each change of its code. This
involves adding new test cases to the test suite and running the test suite as the
software changes, making the test suite larger. The cost and time of the project
are affected by the test suite size. The challenge is to run regression testing with
a smaller number of test cases and larger amount of software coverage. Minimization of the test suite with maximization of the software coverage is an NP-complete problem. Search-based software engineering is an important topic in
software engineering, which addresses software engineering optimization problems to ﬁnd the optimal/approximate solution of the given problem. This study
investigated an approach to reducing the regression testing effort and saving time.
It also solved the regression testing optimization problem by achieving the maximum test suite coverage with the minimum test suite size. Several experiments
were conducted to obtain the optimal solutions for the regression testing problem.
We propose an optimization methodology that combines a genetic algorithm and a
greedy algorithm to optimize regression testing by respectively maximizing the
software test coverage and minimizing the test suite size. The proposed methodology can conveniently deliver fault-free, fully covered, and powerful programs for
mission-critical functions. It can be applied to test a real-time system that has high
requirements for reliability, security, and safety.
Keywords: Software testing; test suite coverage; regression testing; search-based
software engineering optimization; genetic algorithm; greedy algorithm; optimization

1 Introduction
Software testing is an important aspect of the software development lifecycle. Software testing refers to
identifying the test cases that detect software errors (SUT) [1]. The set of test cases for SUT is called a test
suite. Agile methodology [2] imposes constraints and limitations on the software development lifecycle, such
as a low execution cost, low budget, and rapid deployment, which increase the test case numbers run in the
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maintenance and development stages, and thus increase the test suite size. Software maintenance [3] is an
essential element in the development lifecycle. The changes made by software engineers in response to a
new feature requested or to ﬁx a bug may affect the whole system. Regression testing [4] plays an
important role in software testing; it suppresses changes throughout the program. Regression testing is a
critical task in software testing, and it requires signiﬁcant effort. The most important element in
regression testing is the test suite [5,6]. Issues and bugs discovered by regression testing can reduce the
software budget. The reduction of the test suite is one of the most crucial techniques used to perform
regression testing. It is an NP-complete problem [7]. Large test cases cannot be completed in a reasonable
amount of time. The effort spent on testing can be optimized by selecting fewer test cases that are
expected to ﬁnd more defects. Software engineering problems can be solved by search-based software
engineering (SBSE) techniques [8]. These methods are based on meta-heuristics, and they address
software engineering problems. In 1976, the earliest study was proposed to optimize a software
engineering problem reported in the ﬁeld of software testing [9]. In the context of artiﬁcial intelligence,
search-based methodologies are mainly identiﬁed based on their ability to ﬁnd the optimal solution with
an intensiﬁcation of domain information as well as diversiﬁcation on the solution space. The more
complex the SE optimization problem, the more advanced the optimization method is required [10].
Therefore, SBSE approaches must be able to manage multiple objective/criteria constraints, uncertainty,
and dynamic optimization problems. Genetic algorithms (GAs) and greedy algorithms have been
successfully applied to different search and optimization problems. The success of those algorithms stems
from their ﬂexibility, simplicity, accuracy, and broad applicability [9]. The ease of identifying the limited
number of genetic algorithm parameters is a reason for using GA. Therefore, we employed a combination
of the GA and a greedy algorithm to optimize the regression testing problem.
We addressed two main issues: (i) How can we get the maximum coverage with the minimum number of
test cases in a test suite for regression testing? and (ii) How can we adopt optimization algorithms to solve
this problem? To answer these questions, we propose a framework that combines a genetic algorithm and a
greedy algorithm to optimize the test suite by maximizing the test case coverage and minimizing the number
of test cases in the regression testing. The proposed methodology aims to help the software tester reduce the
regression testing effort and optimize the regression test suite with the objective of maximizing the test suite
coverage and minimizing the test suite size. The major contributions of this study are summarized as follows.
 We designed a framework for optimizing regression testing to help the software tester minimize the
effort and time needed for regression testing.
 We formulated a regression testing optimization problem.
 We applied a genetic algorithm to maximize the text case coverage of regression testing.
 We proposed a greedy-based method to minimize the size of the test suite for regression testing.
The rest of this article is structured as follows. The background and related work are provided in Section 2.
Section 3 presents the proposed optimization methodology that addresses the regression testing problem.
Section 4 describes the experimental settings. The results and discussion are presented in Section 5. Section 6
provides the conclusion and suggestions for further research.
2 Background and Related Works
2.1 Meta-Heuristic Techniques
In general, optimization methods are classiﬁed into two types: classical methods and meta-heuristics
[11]. Meta-heuristic techniques are designed to obtain the optimal/near-optimal solutions of the
optimization problems using heuristic information regarding the search area [12,13]. This study focuses
on two meta-heuristics: GAs [14] and greedy algorithms [15]. GAs are global search heuristics that are
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widely applied to discrete optimization. The behavior of a GA is difﬁcult to understand but easy to implement
[14]. However, an appropriate chromosome representation is required for the solution domain. A ﬁtness
function for the given problem is needed for evaluating the domain of the solution. In a GA, solutions
can be represented as real values, binary strings of 0 s and 1 s, and other encodings types. Applications
of GAs are found in manufacturing, bioinformatics, engineering, mathematics, and other ﬁelds. A greedy
algorithm [16] is a simple intuitive heuristic that is applied to solve optimization problems. It is based on
the “next best” search philosophy. A greedy algorithm solves the problem iteratively by making the
local/sub-optimal choice at each step until it obtains the overall optimal solution for the whole problem [15].
2.2 Regression Testing
Regression testing is a component of software testing. It is necessary to ensure that the change in the
software has been validated. Discovering bugs and failures in the early stages of development is a
mandatory, ongoing activity. IEEE [17] deﬁned regression testing as, “selective retesting of a system or
component to verify that modiﬁcations have not caused unintended effects and that the system or
component still complies with its speciﬁed requirements.” The necessity for efﬁcient methods for
regression testing has increased with the growing application of iterative development processes and
systematic usage in the software industry [18]. Regression testing is the most signiﬁcant and timeconsuming stage of software testing. Studies [19] show that more than 70% of the testing cost is
regression testing, and about 55% of maintenance cost is spent for testing only. Other studies [20,21]
have addressed different issues of regression testing for object-oriented software and conventional
programs, including impact analysis and software change. The size of test suites grows whenever
software is changed, and test cases are run to verify and validate old and new functionalities. The
software code keeps changing based on the rectiﬁcation of bugs/failures during the whole testing life
cycle. To perform regression testing, we must select test cases for the SUT to perform regression testing.
Then, either manual or automation tools are chosen to perform regression testing. After that, the
regression tests are updated as required, and the reports of results are produced. One of the challenges in
regression testing is the time consumed. A test suite needed for regression testing takes a long time to be
completely executed and may involve running redundant test cases. The complexity of regression testing
grows whenever the test suite updates according to changes on the tested software. Another challenge
faced in regression testing is to validate and verify the SUT. It is necessary to decrease the size of the
original test suite in regression testing. Therefore, a subset of test cases from the original test suite that
cover the modiﬁcations are selected. This subset of test cases should have the capability to cover all the
defects with fewer test cases. Regression test optimization can help software testers select an appropriate
subset of test cases from the prime test suite.
2.3 Overview of Testing Optimization Problems
In the literature, several SBSE optimization techniques are employed to solve software problems that
occur in different stages of software testing [22]. Search-based software testing (SBST) can be traced
back to the 1970s. However, it has recently gained a renewed interest from researchers [23]. A broad
range of results pertaining to SBST has been published. The most common SBST problems are test case
selection, test data generation, non-functional testing problems, and test case prioritization. Various testing
problems have been solved by applying SBST techniques [22]. In this section, we discuss only the test
case selection problem, as the study’s objective is to optimize the test suite for regression testing by
selecting the minimum number of test cases with the maximum amount of software coverage.
One of the most substantial software selection testing problems is software testing optimization [21].
Prioritization and selection are the two main solutions for solving the testing problem. A prioritization
algorithm for the test cases can be employed as a test case selection method. The minimization of the size
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of a test suite involves the selection of a minimum number of test cases. A study [24] presented exploratory
ﬁndings from a genetic algorithm applied to breeding software testing. The guiding of ﬁtness function can
provide a focused search that produces a large number of localized test cases. It can be extended to produce
random actions based on the test scenario. A large proportion or long series testing involves the reduplicated
execution of many test cases. In [25], ﬁve algorithms for selecting test cases were compared, including a
ﬁrewall [25], simulated annealing (SA) [26], reduction [27], slicing [28], and dataﬂow [29]. Test cases
were used as a satisfaction function for the code. A study [25] compared qualitative and quantitative
analysis, including test case number, maintenance type, requirements process, timely execution,
completeness, accuracy, and testing level. The results showed that SA could obtain better solutions with
respect to the metrics of accuracy and the number of test cases. In [30], NSGA-II algorithms were used to
solve the multi-objective version of the selection test case problem. In experiments, four smaller
programs were used in the space program (9,564 lines of code) and the Siemens suite (374, 412, 570, and
726 lines of code). NSGAII obtains the best performance and found the complete Pareto optimal front.
3 The Proposed Regression Testing Optimization Methodology
In this study, we propose a new methodology that optimizes the regression testing problem. The primary
goal is to solve the regression testing problem with two objectives. The ﬁrst objective is the maximization of the
coverage by the test suite. The second objective is the minimization of the test suite. As the objectives of our
regression testing problem are independent objectives, they are not in conﬂict with one another. We decided to
solve them separately from each other [31]. The methodology framework consists of two stages, as shown in
Fig. 1. In the ﬁrst stage, the maximization coverage process deals with the ﬁrst objective. The second stage is
the minimization of the test suite process that deals with the second objective. We applied a GA in the ﬁrst stage
and a reduction greedy algorithm-based technique in the second stage.

Figure 1: The proposed framework for the regression testing optimization methodology
The pseudocode of the regression testing optimization methodology is given in Fig. 2. The proposed
framework comprises two stages: the ﬁrst stage addresses the ﬁrst objective, which is maximizing the
coverage of the test suite by applying the genetic algorithm to provide a test suite with the maximum
statement coverage (step 1). The input of the ﬁrst stage is the information of the given test suite,
including the total number of test cases, total number of statements, and total number of statements
covered by each test case. The output of the ﬁrst stage is the optimal test cases with maximum statement
coverage, which serves as the input of the second stage. The second stage addresses the second objective,
which is minimizing the size of the test suite by applying a reductive greedy-based technique to obtain
the minimum number of test cases (step 2). Eventually, the output from the second stage is the ﬁnal
optimal test suite with the minimum size of the test suite that has the maximum statement coverage.
Further details of the maximization and minimization processes are provided in Subsections 3.2 and 3.3,
respectively.
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Figure 2: Pseudocode of the regression testing optimization methodology
3.1 Problem Description and Formulation
To perform the regression testing, we ran the original test suite TS, which contains all the test cases TC that
have several statement coverage SC in the SUT. In regression testing, running the original test suite is timeconsuming and costly. To avoid this, we needed to select an optimal subset test suite TS′ from the original
test suite TS. The process is based on optimizing the original test suite TS with the objectives of maximizing
the statement coverage SC of the software function and then minimizing the size of the test suite (TS).
A test suite TS contains the number of test cases TS = {tc1 , tc2 , …, tcn }, TCi ∈ TS, where n is the size of TS;
SC represents the total statement coverage (requirement) of the SUT; and m is the total number of the statement
coverage by the test suite. Each TCj has SC j . TS’ is a subset of TS that covers SC′ of SC (see Tab. 1 for the
regression testing notations). The regression optimization problem is formulated as follows:
Xn
X
(1)
Max F1 ð xÞ ¼
i¼1 tc i
Pm
j¼1 SC j
(2)
X tci ¼
m
Min F2 ð xÞ ¼ jTS’j

(3)

3.2 Maximizing the Software Coverage Based on GA
We employ a genetic algorithm to achieve the maximization of the software coverage in the regression
testing. The genetic algorithm consists of ﬁve main phases, starting from the initial population followed by
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evaluating the ﬁtness function and applying the GA operators of crossover and mutation. In the beginning,
the initial population TSs is built up randomly with speciﬁc population size. Every chromosome (solution)
represents a test suite TS that contains n number of genes that represent a test case TC. Each test case TC
covers m number of statements SC. All solutions are encoded in binary coding in a way that represents
the characteristics of our solution. Every chromosome represents a test. The binary code for each test case
(gene) is represented by the status of the statement coverage, which is 1 if the test case is covered and
0 otherwise. Each candidate solution in the population is evaluated using Eq. (2). On the basis of the
ﬁtness function, the ﬁtter chromosome has a bigger probability of being selected. Thus, the test cases
with maximum coverage paths are selected. Then, a new population is generated by applying the GA
operators (mutation and crossover). A single point of crossover is applied to generate a new child (new
solutions). Steps 1.1–1.9 in Fig. 2 are repeated till a termination condition is met. Eventually, the optimal
test suite TS′ is obtained.
Table 1: Notations for problem formulation
Notations Descriptions
TS
TS′
TS′′
N
M
sci
SC
TC

The original test suite
The optimal test suite with the maximum statement coverage
The ﬁnal optimal test suite with the minimum test cases that have the maximum statement
coverage
The total number of test cases (size of the test suite)
The total number of the statements covered by the test suite
Statement coverage by test case i
The total statement coverage (requirement)
Test cases

3.3 Minimizing the Size of the Test Suite Based on a Greedy Algorithm
In this section, we deal with the objective of minimizing the number of test cases in the regression
testing. To reduce the size of the test suite, we propose a reduction technique based on the greedy
algorithm. The pseudocode of the reduction greedy-based technique is shown in Fig. 3.

Figure 3: Pseudocode of the proposed reduction greedy-based technique
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The optimal test suite TS′ derived from the genetic algorithm (stage 1) is used as an input for the
reduction process. The test cases TC will be minimized by removing and ﬁltering the test suite TS based
on statements covered SC by the test cases. The proposed reduction technique chooses a subset of the
original test suite that has the maximum coverage TS′. Initially, the test suite consists of TS′. The optimal
solution TS’ is mapped with test cases and the covered statements by each test case and inserted into the
covered matrix, as shown in Tab. 2. The coverage matrix shows the relationship between the statements
covered SC j by the test cases Tci .
Table 2: A sample of test case coverage matrix
Test case number TC

1

2

3

4

5

6

…

Optimal solution TS′
Total statement SC

0
0

1
4

1
7

1
3

1
4

1
8

…
…

In Fig. 3, the proposed reduction technique starts with an empty test suite TS′′, which has the
minimum test cases covering the same statements as TS′. Then, the values for Tci are selected from TS′
that have the maximum covered statements and are added to TS′′. The selected values for Tci that are all
compatible test cases with Tci from TS′ are deleted. This process is repeated until TS′ is empty. TS′′ is the
optimal test suite solution.
4 Experimental Settings
Experiments using two datasets (discussed later in subsection 4.1) were conducted to measure the
evaluation performance of our proposed regression testing framework that combines a GA with a greedy
algorithm. We implemented our framework in Java 8 using IntelliJ IDEA 2019.1.3 (Community Edition)
platform. We performed 20 independent runs on a Dual-Core Intel Core i5, 2.9 GHz, 8 GB of RAM
running MacOS 10.15.3. GA was running for 25,000 evaluation functions. The population size of the GA
was set to 100, and the number of generations was set to 250 in each run, with a random crossover point
and mutation. The mutation probability rate was set to 0.07; the crossover probability rate was set to 1.0.
All experimental parameters were set to values commonly used in the literature for similar optimization
problems [21,32–39]. Tab. 3 lists the parameter settings.
Table 3: Parameter settings
Parameters

Setting

Population size
Stopping criteria
Maximum generation
Selection type
Crossover rate
Crossover type
Mutation rate

100
Maximum generation
250
Roulette wheel selection
1.0
Random crossover
0.07
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In our experiment, we used two standalone applications from samate.nist. NIST provides a software
assurance reference dataset that is useful for researchers and testing tool developers. The programs were
originally developed by the Siemens Corporate Research Center, and are available on the Aristotle
analysis system’s webpage [40].
The ﬁrst application (Wireshark) contains a test suite with 127 test cases and a coverage of
96 statements. The second application (Coffee MUD) contains a test suite with 188 test cases and a
coverage of 368 statements. In our experiments, we ran the datasets 20 times for each application. Tab. 4
shows the summary of the regression testing datasets used in this study.
Table 4: Regression testing datasets
Dataset

Application

Total number of test cases

Total number of statements covered

1
2

Wireshark
Coffee MUD

127
188

96
368

5 Results and Discussion
Multiple experiments were conducted to obtain the optimal test suite for the regression testing. Our
primary objectives were to maximize the coverage of the test suite and minimize the test case number in the
test suite at hand. The minimum value, maximum value, average value, and standard deviation value of
the obtained results for experiments for 20 runs on each application dataset are shown in Tabs. 5 and 6. The
ﬁrst column indicates the value of the ﬁrst objective, namely maximizing the statement coverage using
the GA. The second column indicates the value of the second objective, namely minimizing the number of
test cases by applying the reduction of the greedy-based technique. The third column indicates the
percentage of the statement coverage before applying the reduction on the test suite. The last column
indicates the percentage of the statement coverage after applying the reduction on the test suite.
Table 5: Results on dataset 1

Max
Min
Avg
Sdv

Objective 1
Max SC

Objective 2
Min TC

Percentage of coverage
before TC reduction %

Percentage of coverage
after TC reduction %

5.4300
4.6312
4.8831
0.2078

0.7965
0.7661
0.7791
0.0086

542.71%
462.50%
488.28%
0.2077

110.42%
104.17%
107.71%
0.0193

Table 6: Results on dataset 2

Max
Min
Avg
Sdv

Objective 1
Max SC

Objective 2
Min TC

Percentage of coverage
before TC reduction %

Percentage of coverage
after TC reduction%

2.3500
1.9500
2.1260
0.1137

0.5716
0.4798
0.5230
0.0250

234.51%
194.84%
213.09%
0.1134

102.45 %
100%
101.11 %
0.0083
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It is obvious from the results that the GA could effectively ﬁnd the maximum statement coverage, as the
percentage of the test suite coverage was more than 100%. This means that the test suite covered some
statements in more than one test case. The redundancy of covering the statements is normal in the design of
test cases. The test suite might include some test cases that cover the same statement more than one time.
This duplication of the statement coverage needs to be prevented by reducing the test suite. Therefore, we
can demonstrate that the reduction greedy-based technique has effectively reduced the size of the test suite
by obtaining the minimum number of test cases. The percentage of test suite coverage after the reduction is
almost equal to 100%, which means that the reduction technique is able to minimize the test size without
affecting the test suite coverage obtained by the GA. Fig. 4 shows a boxplot analysis of the test suite on
application dataset 1 and application dataset 2. Fig. 4(a) shows the analysis of the test suite on application
dataset 2. From the right are the original test suite, the test suite after maximizing the coverage, and the test
suite after minimizing the size (the optimal test suite). The boxplot analysis of the test suite on application
dataset 2 is shown in Fig. 4(b). From the right are the original test suite, the test suite after maximizing the
coverage, and the test suite after minimizing the size (the optimal test suite). The redundant coverage of the
statements more than once is solved by our proposed reduction greedy-based algorithm.

Figure 4: Boxplot analysis of the obtained optimal test suite on (a) dataset 1 and (b) dataset 2
The limitation of this study is the size of the test suite. This will affect the population size of the genetic
algorithm, and a small test suite will not give the GA enough solution space to produce accurate results.
However, we proposed and applied the solution of regression testing, which always has a large test suite
size. This involves another limitation of the proposed solution that can be applied only for regression
testing, regardless of the test level. The proposed solution requires some speciﬁc data from the test suites
as inputs, like the number of test cases, number of statements covered, and number of statements covered
by each test case, which we can take as complexity.
6 Conclusions and Future Work
The optimization of regression testing is crucial in the software development life cycle. It is essential to
deliver fault-free, complete, and powerful software. In this study, a regression testing optimization
methodology was proposed based on SBSE to ﬁnd the optimal/approximate solution for the regression
testing optimization problem. The proposed methodology combines a genetic algorithm and a greedy
algorithm to optimize the regression testing by maximizing the software test coverage and minimizing the
test suite size. The proposed framework is comprised of two stages. The ﬁrst stage addresses the ﬁrst
objective, which is maximizing the coverage of the test suite by applying the genetic algorithm to provide
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a test suite with maximum statement coverage. The second stage addresses the second objective, which is
minimizing the size of the test suite by applying a reduction greedy-based technique to obtain the
minimum number of test cases. The regression testing optimization methodology can help testers and
quality engineers in regression testing of software under testing to economize their efforts and improve
software quality. The experimental results show that our proposed methodology can effectively produce
fault-free, completely functional requirement coverage and efﬁcient software in a short time and with
little effort. It can be applied to test a real-time system that has high safety, security, and reliability
requirements. The performance of the proposed methodology can be improved by hybridization of GAs
and other algorithms such as local search algorithms. The application of other SBSE approaches to the
regression testing optimization problem warrants further investigation.
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