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ABSTRACT 

Not all bugs lead to program crashes, and not always is there a formal specification to check the 

correctness of a software test’s outcome. A common scenario in software testing is therefore that 

test data are generated, and a tester manually adds test oracles. As this is a difficult task, it is 

important to produce small yet representative test sets, and this representativeness is typically 

measured using code coverage. There is, however, a fundamental problem with the common 

approach of targeting one coverage goal at a time. Coverage goals are not independent, not 

equally difficult, and sometimes infeasible the result of test generation is therefore dependent on 

the order of coverage goals and how many of them are feasible. To overcome this problem, a 

novel paradigm is proposed in which whole test suites are evolved with the aim of covering all 

coverage goals at the same time while keeping the total size as small as possible. Genetic 

Algorithms have been successfully applied to the generation of unit tests for classes, and are well 

suited to create complex objects through sequences of method calls. However, because the 

neighborhood in the search space for method sequences is huge, even supposedly simple 

optimizations on primitive variables (e.g., numbers and strings) can be ineffective or 

unsuccessful. To overcome this problem, we extend the global search applied in the EvoSuite 

test generation tool with local search on the individual statements of method sequences. In 

contrast to previous work on local search, we also consider complex data types including strings 

and arrays. 

Keywords: EvoSuite, Search-based Software Engineering, Object-oriented, Evolutionary 

Testing, Search-based software engineering, length, branch coverage, infeasible goal, collateral 

coverage. 

  

 

1. INTRODUCTION 

SOFTWARE TESTING 

Software testing is an essential component of any successful software development process. 

A software test consists of an input that executes the program and a definition of the expected 

outcome. Many techniques to automatically produce inputs have been proposed over the years, 
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and today are able to produce test suites with high code coverage. Yet, the problem of the 

expected outcome persists and has become known as the oracle problem. Sometimes, essential 

properties of programs are formally specified or have to hold universally such that no explicit 

oracles need to be defined . However, in the general case one cannot assume the availability of 

an automated oracle. This means that if we produce test inputs, then a human tester needs to 

specify the oracle in terms of the expected outcome. To make this feasible, test generation needs 

to aim not only at high code coverage, but also at small test suites that make oracle generation as 

easy as possible. 

A common approach in the literature is to generate a test case for each coverage goal (e.g., 

branches in branch coverage), and then to combine them in a single test suite. However, the size 

of a resulting test suite is difficult to predict as a test case generated for one goal may implicitly 

also cover any number of further coverage goals. This is usually called collateral or serendipitous 

coverage 

1.1 ORACLES IN TESTING 

An oracle is a mechanism used by software testers and software engineers for determining 

whether a test has passed or failed. It is used by comparing the output(s) of the system under test, 

for a given test case input, to the outputs that the oracle determines that product should have. The 

term was first used and defined in Howden's Introduction to the Theory of Testing. Additional 

work on different kinds of oracles was explored by Weyuker. Oracles are often separate from the 

system under test. Method post conditions are commonly used as automated oracles in automated 

class testing. The oracle problem is often much harder than it seems, and involves solving 

problems related to controllability and observability. 

1.1.1 Common oracles 

 Specifications and documentation. 

 Other products (for instance, an oracle for a software program might be a second program 

that uses a different algorithm to evaluate the same mathematical expression as the 

product under test) 

 An heuristic oracle that provides approximate results or exact results for a set of a few 

test inputs. 

 A statistical oracle that uses statistical characteristics. 

 A consistency oracle that compares the results of one test execution to another for 

similarity. 

 A model-based oracle that uses the same model to generate and verify system behavior,a 

human being's judgment. 

 

1.2 COLLATERAL COVERAGE 

Additional code coverage from executing a test compared to the minimum possible code 

coverage required to validate the behavior being tested. In other words, the amount of code 

coverage where the result of exercising that code is never verified by the test. Consider a small 

program that converts an input value in kilometers to miles. The program consists of a Windows 

form application that calls a class library component that converts the value and displays it on the 
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form. Say we want to test that this sample application converts the input value 1 km correctly to 

0.62 miles we may develop a unit test that calls the class library directly with the input value and 

output values.        

 [Test Method] 

public void TestConversionOfKilometersToMiles() 

 

        { 

            Assert Are Equal(0.62,ConverterKilometersToMiles(1))  

        } 

But it’s equally common to use a UI based test framework which enters the value and 

presses the convert button and then reads the computed value from the output field (equally 

common, but extremely more complex…), which could look like. 

 [Test Method] 

         public void TestConversionOfKilometersToMiles() 

{ 

 

Form.Kilometer.SetValue(1); 

Form.ConvertButton.Click(); 

Assert.AreEqual(0.62,Form.Miles.GetValue<decimal>()); 

 

} 

The tests have the same purpose and the same level of validation, but the UI based test 

will cover considerably more code than the unit test. Since the purpose of both tests is simply to 

validate that the converted value is correct, the additional coverage from using the UI based 

approach is considered collateral. 

Collateral code coverage is common. It can come from unintentional code coverage (test 

defects causing it to execute unpredicted code branches) or coverage that is intentionally not 

verified. Very often tests cases are designed to execute a scenario and then validate a single 

outcome. The longer the scenario the more code will be covered, but the level of validation 

remains the same. In some extreme cases we see test cases that cover thousands of code lines but 

still only contain one validation. These tests obviously have high collateral code coverage. You 

may argue they are poorly designed tests (and I would agree), but the problem exists for almost 

any size scenario (maybe excluding unit tests, depending on your definition of a unit). 

In general the higher the abstraction level of the test the more collateral code coverage it 

generates. 

Collateral code coverage is unavoidable and has the unfortunate side-effect of artificially 

inflating confidence in the product, which is why code coverage is a poor metric for product 

quality. 
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2. RELATEDWORKS 

2.1Global search algorithms 

In contrast, global search algorithms try to overcome localoptima in order to find more 

globally optimal solutions.Harman and McMinn recently determined that globalsearch is more 

effective than local search, but less efficient,as it is more costly. 

With evolutionary testing, one of the most commonly applied global search algorithms is 

a Genetic Algorithm (GA). A GA tries to imitate the natural processes of evolution. An initial 

population of usually randomly produced candidate solutions is evolved using search operators 

that resemble natural processes. Selection of parents for reproduction is based on their fitness 

(survival of the fittest). Reproduction is performed using crossover and mutation with certain 

probabilities. With each iteration of the GA, the fitness of the population improves, until either 

an optimal solution has been found, or some other stopping condition has been met.  

The Genetic algorithm applied in EVOSUITE 

1.Current _population ←  generate random population 

2.repeat 

3.Z←elite of current_population 

4.while|Z|≠|current_population|do 

5.P1,P2←select two parents with rank selection 

6.if crossover probability then 

7.O1,O2←CROSSOVER P1,P2 

8.else 

9.O1,O2←P1,P2 

10.mutate O1 and O2 

11.ƒp=min(ƒitness(P1),ƒitness(P2)) 

12.ƒo=min(ƒitness(01),ƒitness(02)) 

13.Ɩp=Ɩength(P1)+Ɩength(P2) 

14.Ɩ0=Ɩength(01)+Ɩength(02)← 

15.TB=best individual of current_population 

16.ifƒo‹ƒpv(ƒo=ƒpΛ lo ≤ lp)then 

17.for 0 in{o1.o2} do 



International Journal of Emerging Trends in Engineering and Development                    Issue 4, Vol.2 (March 2014)                                                                                                    

Available online on http://www.rspublication.com/ijeted/ijeted_index.htm                                        ISSN 2249-6149 
 

R S. Publication (rspublication.com), rspublicationhouse@gmail.com Page 24 
 

18.if length(0)≤ 2 X length(Tb)then 

19.Z←Z U{0} 

20.ELSE 

21.Z←Z U{P1 OR P2} 

22.else 

23.Z←Z U{P1,P2} 

24.current_population←Z 

2.2 Local search algorithms 

With local search algorithms one only considers the neighborhood of a candidate 

solution. For example, a hill climbing search is usually started with a random solution, of which 

all neighbors are evaluated with respect to their fitness for the search objective. The search then 

continues on either the first neighbor that has improved the fitness, or the best neighbor, and 

again considers its neighborhood. The search can easily get stuck in local optima, which is 

typically overcome by restarting the search with new random values. A popular version of hill 

climbing often used in test data generation is Korel’s Alternating Variable Method. 

The Alternative Variable Method (AVM) is a local search technique similar to hill 

climbing, and was introduced by Korel. The AVM considers each input variable of an 

optimization function in isolation, and tries to optimize it locally. Initially, variables are set to 

random values. Then, AVM starts with exploratory moves on the first variable. For example, in 

the case of an integer an exploratory move consists of adding a delta of +1 or −1.  

If the exploratory move was successful (i.e., the fitness improved), then the search 

accelerates movement with pattern moves. For example, in the case of an integer, the search 

would next try +2, then +4, etc. Once the next step of the pattern search does not improve the 

fitness any further, the search goes back to exploratory moves on this variable. If successful, 

pattern search is again applied in the direction of the exploratory move. Once no further 

optimization of the variable is possible, the search moves on to the next variable.  

If no variable can be improved the search restarts at another randomly chosen location to 

overcome local optima. 

3. PROPOSED METHOD 

3.1HYBRID algorithms 

A HYBRID Algorithm (MA) hybridizes global and local search. The use of MAs for test 

generation was originally proposed by Wang and Jeng in the context of test generation for 

procedural code. Arcuri combined a GA with hill climbing to form a MA when generating unit 

tests for container classes. Harman and McMinn analyzed the effects of global and local search, 

and concluded that MAs achieve better performance than global search and local search. Baresi 

et al.also use a hybrid evolutionary search in their Test Ful test generation tool, where at the 
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global search level a single test case aims to maximize coverage, while at the local search level 

the optimization targets individual branch conditions. 

Given the ability to perform local search on the individuals of a global optimization there 

is the question of how to integrate these techniques. Often, MAs are implemented such that 

individual can perform Lamarckian or Baldwinian learning immediately after reproduction. This, 

however, raises the questions of how often to apply the individual learning, on which individuals 

it should be applied, and how long it should be done. Because local search can be very 

expensive, we would like to direct the learning towards the better individuals of the population, 

such that newly generated genetic material is more likely to directly contribute towards the 

solution. 

In EvoSuite, local search is applied at regular intervals; the rate at which it is applied is 

the first parameter of local search. When local search is applied, we iterate over the population 

ranked by their fitness, such that the first individual to be improved is the best individual of the 

search, then the second best, and so on. Thus, as a second parameter, there is a search budget for 

this local search. 

3.2APPLYING HYBRID ALGORITHMS 

 

The whole test suite generation presented in the previoussection is a global optimization 

technique, which meansthat we are trying to optimize an entire candidate solutiontowards the 

global optimum (maximum coverage). Searchoperations in global search can lead to large jumps 

in thesearch space. In contrast, local search explores the immediateneighborhood. For example, 

if we have a test suite consisting of X test cases of average length L, then the probabilityof 

mutating one particular primitive value in there is1X × 1L. However, evolving a primitive value 

to a target valuemay require many steps, and so global search can easily exceedthe search budget 

before finding a solution. This is a problem that local search can overcome. 

 

3.2.1 Local Search on Method Call Sequences 

 

The aim of the local search is to optimize the values in one particular test case of a test 

suite. When local search is applied to a test case, EvoSuite iterates over its sequence of 

statements from the last to the first, and for each statement applies a local search dependent on 

the type of the statement. Local search is performed for the following types of statements: 

primitive statements, method statements, constructor statements, field statements and array 

statements. 

 

3.2.1.1 Primitive Statements 

Booleans and Enumerations: For Boolean variables the only option is to flip the value. 

For enumerations, an exploratory move consists of replacing the enum value with any other 

value, and if the exploratory move was successful, we iterate over all enumeration values. 

Integer Datatypes: For integer variables (which includes all flavors such as byte, short, char, int, 

long) the possible exploratory moves are +1 and −1. The exploratory move decides the direction 

of the pattern move. If an exploratory move to +1 was successful, then with every iteration I of 

the pattern search we add _ = 2I to the variable. If +1 was not successful, −1 is used as 
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exploratory move, and if successful, subsequently _ is subtracted. Floating Point Datatypes: For 

floating point variables (float, double) we use the same approach as originally defined by 

Harman and McMin for handling floating point numbers with the AVM. Exploratory moves are 

performed for a range of precision values p, where the precision ranges from 0–7 for float 

variables, and from 0– 15 for double values. Exploratory moves are applied using _ = 

2I×dir×10−p. Here dir denotes either +1 or −1, and I is the number of the iteration, which is 0 

during exploratory moves. If an exploratory move was successful, then pattern moves are made 

by increasing I when calculating _. Strings: For string variables, exploratory moves are slightly 

more complicated: To determine if local search on a string variable is necessary, we first apply n 

random mutations on the string1. These mutations are the same as described in Section 3.3. If 

any of the n probing mutations changed the fitness, then we know that the string has some effect 

on it, regardless of whether the change resulted in an improvement or not. As discussed in 

Section 3.3, string values affect the fitness through a range of Boolean conditions that are used in 

branches; these conditions are transformed such that the branch distance also gives guidance on 

strings. If the probing on a string showed that it affects the fitness, then we apply a systematic 

local search on the string. The operations on the string must reflect the distance estimation 

applied on string comparisons: Deletion: First, every single character is removed and the fitness 

value is checked. If the fitness did not improve, the character is kept in the string. Change: 

Second, every single character is replaced with every possible other character; for practical 

reasons, we restrict the search to ASCII characters. If a replacement is successful, we move to 

the next character. If a character was not successfully replaced, the original character stays in 

place. Insertion: Third, we insert new characters. Because the fitness evaluation requires test 

execution, trying to insert every possible character at every possible position 1In theory, static 

analysis could also be used to determine when a string is a data dependency of one of the target 

branches; however, as the method sequences may use many different classes that are not known 

ahead of time, this is non-trivial. would be too expensive – yet this is what would be required 

when using the standard Levenshtein distance (edit distance) as distance metric. Consequently, 

we only attempt to insert characters at the front and the back, and adapt the distance function for 

strings accordingly. The distance function for two strings s1 and s2 used during the search is (c.f. 

[15]):  

 

distance(s1,s2)=|length(s1)length(s2)|+Pmin(length(s1),length(s2))i=0 Distance(s1[i],s2[i]) 

 

3.2.1.2 Array Statements 

 

Local search on arrays concerns the length and the values assigned to the slots of the array. To 

allow efficient search on the array length, the first step of the local search is to try to remove 

assignments to array slots. For an array of length n, we first try to remove the assignment at slot 

n−1. If the fitness value remains unchanged, we try to remove the assignment at slot n − 2, and 

so on, until we find the highest index n′ for which an assignment positively contributes to the 

fitness value. Then, we apply a regular integer-based local search on the length value of the 

array, making sure the length does not get smaller than n′ + 1. Once the search has found the best 

length, we expand the test case with assignments to all slots of the array which are not already 

assigned in the test case (such assignments may be deleted as part of the regular search). Then, 

on each assignment to the array we perform a local search, depending on the component type of 

the array. 
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3.2.1.3 Reference Type Statements 

Statements related to reference values (method statement, constructor statement, field 

statement) do not allow traditional local search in terms of primitive values. The neighborhood 

of a complex type in a sequence of calls is huge (e.g., all possible calls on an object with all 

possible parameter combinations, etc.), such that exhaustive search is not a viable option. 

Therefore, we apply randomized hill climbing on such statements. This local search consists of 

repeatedly applying random mutations to the statement, and it is stopped if there are R 

consecutive mutations that did not improve the fitness (in our experiments, R = 10). We use the 

following mutations for this randomized hill climbing: 

 

• Replace the statement with a random call returning the same type. 

 

• Replace a parameter (for method and constructor statements) or the receiving object (for field 

and method statements) with any other value of the same type available in the test case. 

 

• If the call creates a non-primitive object, add a random method call on the object after the 

statement. The fitness function described in Section 3 requires that every branch is executed 

twice, such that there is at least one run we can optimize towards executing the branch to one 

direction, without losing the other direction. If during local search we determine that there is a 

branch that is only executed once, as a further optimization we duplicate its test case within the 

test suite. 

 

CONCLUSION 

Whole test suite generation has been shown to be effective at producing test suites with 

high coverage for object-oriented classes. However, as mutations on any particular statement in a 

test suite of sequences of method calls have a low probability of occurring, it is not necessarily 

efficient. To overcome this problem, we have defined a set of local search operators, and 

extended the Genetic Algorithm used in the EvoSuite test generation tool to a HYBRID 

Algorithm. 
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