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Abstract: Testing software is essential to ensure quality in IT systems. One of the testing methods is randomized
testing which is effective for unit testing. The effectiveness of randomized testing is influenced by certain parameters.
One such parameter is frequency of method calls. In this paper we implement a genetic algorithm for finding
parameters required by randomized testing. This will help in maximum test coverage. The problem with GA is that the
representations in GA are bulky whose size and content has to be reduced. We build a tool which will reduce the
representations of GA substantially. This will reduce a great deal of latency while achieving the results same as full
representations of GA. We built a prototype application for randomized test case generation. The empirical results are
encouraging and the tool can be used in real time applications.
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1. Introduction
Software testing is a process of testing the software for correctness. It will help the development team to know the flaws
in the system. When certain functional requirement is not met, it can be considered to be a flow. Testing helps in finding
and fixing such flaws in software systems. The more faults are discovered the good for the quality of software.
Randomization is the characteristics exhibited by randomized testing. Many prior works in the literature such as [1], [2]
revealed that the randomized testing is effective for discovering faults in software units. However, its thoroughness has
been questioned. For this reason research was carried out on the measures of thoroughness pertaining to randomized
testing. Such code coverage measures are useful in finding thoroughness of randomized testing [3]. The Thoroughness of
this testing mechanism is based on the way the randomization is applied. For instance it is based on the arguments range,
value reuse policy, method calls, returned values and so on. Finding optimal parameters is often difficult task. For unit
test data generation, Nighthawk can be used. This tool works in two levels. In the first Level it tests methods based on the
parameter values which are given in the form of genes that are part of chromosome. The other level of tool is GA which
evaluates fitness function with the help of mutation, selection and combination of chromosomes. There are many tools
for GA. One such tool is Nighthawk. Many gene types that are generated by tools like Nighthawk can be pruned. Thus it
can achieve performance that reflects in the speed of the test case generation application.
Unit testing is a process of testing a subset of an application. The subset might be a single method or a collection
of methods or even a class or module. Such methods to be tested in unit testing are known as target methods. Selecting
the methods to be tested randomly is what done by randomized testing. Randomized unit testing has been around in the
research circles for many years [3], [4], [5], [6]. Vale reuse is the important point in randomized unit testing. It does
mean that the test engine reuses arguments, return values and method calls. Earlier value reuse was limited to only
method calls that reoccur. In this paper we implemented a tool for randomized testing which makes use of GA for
parameter selection and other mechanism for pruning the parameter size and content thus making it much faster than
general GA representations. The parameter finding involves method names, arguments, return types classes and sub
classes and so on. The remainder of this paper is structured into the following sections. Section 2 reviews literature.
Section 3 descries the proposed approach for randomized test case generation and information about prototype
implementation. Section 4 presents experimental results while section 5 concludes the paper.
2.
Prior Work
Randomized testing has been around for the fast 30 years and it is effective as it can generate plenty of test cases in less
time [7], [8]. This will ensure that it can generate test cases that can uncover flaws in the software under test. To achieve
this test oracle [9] is required. For this problem can be solved in two ways. The first type are known as “high-pass”
oracles while the second class is meant for properties specific to software under test [10], [11]. No intelligence is
associated with randomized unit testing. In [5] triangle problem is used for randomized testing. They made a conclusion
that could not achieve 50% of coverage in code in spite of 1000 runs in case of triangle problem. Visser et al. [3]
performed comparison between model-checking approaches and also randomized unit testing and concluded that
randomized testing is better than the model checking approaches. Many researchers observed that the thoroughness of
randomized testing is based on the implementation. Randomized sequences of method calls are used by Doong and
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Frankl et al. [4]. By changing parameters they could find the faults in software effectively. Java Vector class was tested
by Antoy and Hamlet [12] against a formal specification for finding faults. Another fact found by Andrews and Zhang
[13] through randomized testing is that the more parameters and ranges can discover more faults in software.
Randomized breadth-first search can be used to enhance randomized testing [1]. In addition to this pruning branches
which are not required also can help improve the performance of randomized testing.
Out of all the approaches the approach followed by Pacheco et al. is very much similar to this paper. The main
difference is that in this paper long test sequences are used to achieve thoroughness while in that paper uses shorter
sequences. They focused on contracts for units while we gave importance to code coverage as it is the best measure for
thoroughness. Test data generation is important in randomized test case generation. Generating test data through
symbolic execution has been around since 1976 [14], [15]. A thorough set of test cases can be generated by these
approaches. There is one tool named TESTGEN [16] transforms each condition in the program to one of the forms such
as e<=0 or e<0 thus the condition is reduced to either true or false. Iterative relaxation of constraints is explored in [17]
on given input data. In [18] goal directed reasoning is sued to generate test sequences. Model checkers are also used
recently in Java using a tool such as Pathfinder [19]. These tools sometimes use lossy randomized search in order to find
paths in the CUTE and DART systems [20], [21]. Range of different condition is limited by some approaches such as
TESTGEN. However, it can’t be used to find paths where pointers are involved.
Genetic algorithms are also used in randomized testing. The GAs is explored in [22], [23], [24], [25] and [26].
The candidate solutions in case GAs are represented as chromosomes. Chromosome concept is used by Tonella [27] for
class testing. It also uses mutation operators that are customized for inserting new invocations. A genetic random test
generation system was proposed in [28] and named it as Nighthawk which will do its job in two steps. In the first step it
generates parameters using GA and in the second step it reduces the parameter size and content to make it much faster.
2.1 Motivation behind the work
Testing is an essential aspect of software development. Testing helps in finding and fixing bugs. Automatic testing of
software applications is important besides manual testing. Traditionally testing has been given important in which
various kinds of testing are available. They include black box testing, white box testing and so on. However, automatic
test case generation that has maximum structural coverage is a challenging problem. The existing solutions use many
techniques like Random Walk, Hill Climbing, and Genetic Algorithms and so on. However, the GA will produce
parameters that can be used to generate test case for maximal structural coverage. Nevertheless, it is essential to have the
parameters pruned in order improve performance further. This is the motivation behind this project which will prune the
parameters generated by GA. The parameter pruning is done using the logic which is similar to the functionality of FSS
tool. This will help to improve the performance of algorithm without causing the coverage problem.
2.2 problem statement
Testing has been around since the inception of software development. However, initially testing was carried out in trial
and error basis. Later on it was given much importance in software development life cycle. However, generating
automated test cases has many challenges and an open problem to be addressed. Many researchers suggested solutions
for the problem. However, in this paper we focus on the GA (Genetic Algorithm) usage for the purpose of generating test
cases. The genetic algorithm is best used to find parameters based on which test cases are generated. However, there is
possibility of pruning the parameters generated by GA so as to improve the process of test case generation. For this
reason it is essential to use a tool such as FSS or its equivalent solution in order to generate test cases efficiently without
compromising the coverage software under test. In this paper the problem of parameter pruning is made using a custom
built logic while the GA is used to find out parameters required for generating test cases.
3.
Proposed Approach to Randomized
The methodology used to generate test cases is presented here. An application is built that takes software under test as
input. First of all a Genetic Algorithm is used to extract parameters that can be used to generate test cases in such a way
that the generated test cases can cover the SUT fully. However, there is scope for pruning parameters so as to improve
the performance of test case generation without the scarifying the structural coverage of the SUT. To reiterate this, the
steps followed include:
1. Find out parameters using GA for test case generation.
2. Prune the parameters using FSS or equivalent tool.
3. Generate test cases for given SUT that have full coverage.
3.1 Test Case Generation
We use genetic algorithm for randomized testing. Andrews et al. [29] developed a tool known as Nighthawk. The
algorithms presented by them are used in our Genetic algorithm as well. They used FSS (Feature Subset Selection) tool
for pruning parameters. However, we have implemented out own logic for pruning part. The pruning is performed for
reducing size and content of representations of GA. This will reduce test cases and still achieve maximum coverage. The
schematic overview of the proposed architecture is as shown in fig. 1.
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Fig. 1 – Overview of the Architecture
As can be seen in fig. 1, the proposed architecture overview is shown. It takes .class file as input and performs operations
such as parameter generation, parameter pruning and test case generation. The parameters identified by the GA are
pruned by the custom logic built by us. After pruning with reduced parameters, the application generates test case which
will have optimal coverage of the given class.
3.2 Algorithms Used

Fig. 2 – Algorithm for Randomized Test Case Generation (excerpt from [13])
As can be seen in fig. 2 the randomized test case generation algorithm takes a set of target methods and a chromosome as
input and generates test case. In the process of generating test case it invokes algorithm presented in fig. 4 for obtaining a
method call description.

Fig. 3 – Algorithm to get Call Description (excerpt from [13])
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As can be seen in fig. 3, the algorithm is used to obtain a method call description. It takes a method and chromosome as
input and returns call description with success or exception indication.
3.3 Prototype Implementation
A prototype application is built to demonstrate the proof of concept. The application is meant for testing Java
applications. It takes a Java class as input and generates randomized test cases. The main application UI is as shown in
fig. 5.

Fig. 4 – The main UI of the application.
As can be seen in fig. 4, the application allows the user to choose a .class file for which test cases are to be generated.
First of all it generates GA representations. Then the GA representations are pruned in order to reduce the size and
content for performance improvement. Instead of using FSS tool, we have built custom logic in order to prune the
parameters. After pruning the application facilitates random test case generation.
4.
Experimental Results
The environment used for the implementing the proposed prototype for randomized test case generation is a PC with
4GB RAM, Core 2 Dual processor running Windows 7 OS. For application development Java programming language is
used. Net Beans IDE is used for rapid application development. The difference between nighthawk test case generation
and test case generation using FSS is as shown in fig. 6

Fig. 6 – Experimental results for randomized unit testing using nighthawk & FSS.
5. Conclusions and Future Work:
Randomized unit testing is one of the testing methods which is proved to be effective. However, its perfectness depends
on the parameters of the testing algorithm. In this paper we have designed a mechanism that is meant for finding best
parameter values. This mechanism works in two levels. In the first phase GA finds parameters to be focused on while the
second phase is meant for pruning the size and content of the GA representations are reduced in order to improve the
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performance of the randomized testing mechanism. We also implemented a prototype application that demonstrates the
proof of concept. The empirical results revealed that the proposed randomized testing mechanism is effective and proves
the hypothesis that the effectiveness or thoroughness of randomized testing depends on the settings of certain parameters.
In future we explore the combination of our approach and other testing techniques for maximum test coverage
effectively.
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