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 Abstract 

Extended Finite State Machines are widely used in different phases of software 

development including software testing. In this Ph.D. dissertation, we argue that test 

generation from an Extended Finite State Machine (EFSM) can be considered as a multi-

objective optimization problem. When a test engineer generates tests from an EFSM 

he/she typically considers several objectives. We propose a search-based approach to 

generate test suites from an EFSM, accounting for multiple (potentially conflicting) such 

objectives. We aim at maximizing coverage of the EFSM test model and maximizing 

feasibility of the generated test suite so that its test cases can actually execute, while 

minimizing similarity between these test cases since this has been shown to increase fault 

detection, as well as minimizing overall cost. Therefore, we have defined a multi-

objective genetic algorithm that searches for optimal test suites based on four fitness 

functions. In doing so, we create an entire test suite at once as opposed to creating a test 

suite one test case one at a time, which we argue is a suboptimal test suite generation 

procedure. Our approach is evaluated on different case studies, showing interesting 

results. We also investigate different ways of improving our solution and analyze impact 

of those improvements. 
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1 Introduction 

Model-based testing is an approach to automate black box testing [1]. 

Applications of model-based testing (MBT) to automate test generation and execution 

have increased very rapidly. According to Legard [2] there are many reasons that explain 

why MBT turned into a widely used test automation technique: 

 Software complexity is increasing continuously and user’s tolerance of 

defects is much less than before. This requires functional testing to become 

more effective at detecting bugs. 

 A large proportion of cost and time of software development is spent on 

software testing. This is a great motivation to invest in the development of 

methods like MBT, which can automate test design and execution.  

 MBT and supporting tools (commercial and open source) have become 

mature enough to be used in a wide range of application domains. There is 

empirical evidence that MBT can result in good return on investment [2]. 

A model to be used in model based testing should be as concise and as precise as 

possible. A concise model can accelerate the modeling and validation but the model 

should also be precise enough to describe the System Under Test (SUT) behavior that is 

to be tested. One of the expected benefits of MBT is increasing quality of functional 

requirements. Undefined or ambiguous behavior in the specification can be detected 

during modeling for test generation [2]. Also automatic test generation can help in 

systematic coverage of functional behavior.  

Transition based models like state machines are widely used by software 

engineers. Although finite-state machines (FSMs) can be used to describe the control 

structures of small systems, they become rapidly too large and unmanageable as the size 

of the system increases [3]. Extended finite state machines (EFSMs) reduce the size of 

the model using data variables which represent some aspects of a state. Two other 

important notions in an EFSM are actions and guard conditions. There are different types 

of actions on transitions and states (performing I/O, triggering an event, etc) but in this 
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thesis by actions we mean those operations that modify data variables. Guard conditions 

are Boolean expressions that should evaluate to True in order to enable a transition. 

Again in this thesis by guard conditions we mean the ones that depend on data variables. 

Testing a software implementation (IUT, i.e., implementation under test) against its 

specification in the form of an EFSM, and protocol testing are examples of these 

applications of EFSMs in model-based testing. It can also be of great help in the 

challenging process of software integration [4] in cases where black box components 

need to have specific state based behaviour to be integrated with the whole system. The 

latter application is becoming more and more important in the era of cloud computing 

where concepts like Software as a Service or Business Process as a Service are quite 

common [5]. Those services need to be verified before being integrated in a specific 

software application. As the number of such off the shelf components is increasing 

possibly uncontrollably an automated verification process against integration goals 

abstracted in an EFSM can facilitate and accelerate elicitation, verification and 

integration of the right component. 

In this dissertation we propose, implement and experiment with a new idea in the 

field of model (EFSM) based testing. Our thesis is that state-based testing from an EFSM 

is a multi-objective optimization problem. Indeed, when a test engineer manually 

generates tests from an EFSM he/she considers several objectives. Avoiding infeasible 

paths (first objective) caused by conflicts between actions and guard conditions is one of 

those objectives: one wants test cases that can actually be executed. Generating feasible 

test paths from an EFSM is similar to the path sensitization problem, which is to find test 

inputs to execute a path in a program (white box testing), and is known to be un-

decidable [6]. Since exhaustively testing every possible behaviour specified in the EFSM 

is typically practically unfeasible, because of too many such behaviour, the test engineer 

is looking for a mechanism to select a relatively small subset of the entire set of possible 

behaviour which is, in some sense, representative of the entire set. To that end, the test 

engineer relies on a selection criterion (or several criteria at once) to decide which 

elements of the EFSM test model need to be exercised and to decide when to stop testing. 

Typically one decides to exercise all the transitions of the EFSM, although other selection 

criteria exist [6]: transition coverage has proved to be a good minimum to aim at in test 
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generation from an EFSM [1]. A second optimization objective is therefore to ensure 

adequacy, i.e., that a test suite satisfies a selection criterion, i.e., that the test suite 

exercises the elements prescribed by the criterion (or criteria). Since a large number of 

adequate test suites can typically be devised for a selection criterion, the test engineer is 

also looking for additional guidance for selecting test cases. Two such additional 

objectives are cost and diversity. Intuitively, increasing diversity among the test cases of 

a test suite (e.g., avoiding running the same path/subpath several times) should increase 

the fault detection effectiveness of the test suite. (Note that this has also been 

experimentally confirmed [3]). Considering diversity without accounting for cost may 

result in very expensive test suites because the technique may then traverse very long 

paths to avoid having similar test paths, assuming the length of a test case is a surrogate 

measure of cost. Therefore, cost, coverage, feasibility and similarity are four objectives 

that we believe should be considered together during test generation from an EFSM.  

There might be other objectives of interest to a test engineer. We however believe 

that the four above-mentioned objectives are the most important ones.  

It is also worth noting that these objectives are competing with one another: 

increasing diversity between test cases, i.e., varying the ways the EFSM graph is 

traversed, may increase cost; ensuring feasibility may require taking detours in the EFSM 

graph instead of shortest paths, thereby increasing cost. As a result, accounting for these 

objectives when creating a test suite will require identifying tradeoffs. 

We also argue that these objectives must be considered together when creating an 

entire test suite (made of test cases) at once, rather than considered together when 

creating test cases one at a time, one after the other. The latter construction approach is a 

greedy way of constructing a test suite that satisfies the objectives and may therefore not 

be optimal with respect to one or more of these objectives. For instance, assuming a 

number of test cases have already been created and the test suite they compose is not 

adequate for a selection criterion, one needs to create at least one new test case. The 

current (inadequate) test suite is only a local optimum with respect to cost and diversity. 

A newly created test case, necessary to get closer to adequacy, may end up being very 

similar to a test case that already exists in the test suite. The one-by-one test case creation 
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procedure does not challenge decisions already made when constructing the current test 

suite. The one-by-one test case creation procedure is a greedy heuristic that makes locally 

optimal choices.  

We are instead looking for a solution that would produce a more optimal solution. 

We are therefore turning our attention to meta-heuristic search algorithms. As there is no 

single unique (optimum/tradeoff) test suite as a solution to our multi-objective 

optimization problem, single state algorithms like simulated annealing that work out a 

single solution at a time do not seem to be a good choice. Also, since exchanging test 

paths between different test suites can result in better test suites in terms of feasibility and 

similarity, methods like evolutionary algorithms, which do not allow exchanging data 

between different solutions are not a good choice either. Therefore, this thesis is "a multi-

objective genetic algorithm to generate test suites from an EFSM". 

Search-based software engineering (SBSE) [7] has emerged in the field of 

software engineering since the nature of many software engineering problems makes 

them perfect for the application of meta-heuristic search techniques [8]. Search-based 

methods can be very helpful in solving problems in which there are tradeoffs between 

different constraints. They can provide solutions in cases where finding an optimal 

solution is either theoretically impossible or practically infeasible. One of the first 

applications of search-based software engineering has been in software testing and dates 

back to 1976 [9]. In Search-Based Software Testing (SBST) a meta-heuristic search 

method such as a Genetic Algorithm (GA) is used to automate or partially automate a 

software testing task [10]. 

This Ph.D. dissertation is a novel approach to model (EFSM) based testing that 

applies search-based software testing. A multi-objective genetic algorithm is proposed 

and implemented to generate test suites from an EFSM. Four objective (fitness) functions 

are used to search for a test suite that is most likely feasible, minimizes cost, minimizes 

similarity between its test paths, and is adequate (or as adequate as possible) for a test 

selection criterion. Feasibility pertains to the capability to find inputs such that generated 

test cases can actually execute; we aim at increasing the chances of feasibility without 

actually identifying for sure whether test cases are feasible during their construction. Test 
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suite cost needs to be minimized for obvious reasons. We want to minimize the similarity 

between test cases of the same test suite since this notion has been related to effectiveness 

at finding faults [3]: the less similar test cases the more they find faults. As always in 

software testing, we aim at producing adequate test suites for known adequacy criteria 

(we use the all-transitions criterion).  

To the best of our knowledge, this is the first attempt to use those four objectives 

together in the context of state-based testing (SBT). Another important contribution of 

this work is that we attempt to build an entire test suite at once as opposed to constructing 

test cases one at a time until adequacy is reached, as has been done in the past for SBST. 

We argue that the latter is a kind of greedy search for an adequate test suite and therefore 

can only lead to a sub-optimal solution to the problem of adequate test suite construction.  

We implemented our solution as a multi-objective GA using the MATLAB global 

optimization toolbox [11]. We used empirical evaluations to verify if we have been 

successful in achieving optimization objectives mentioned above. We show that 

generating an entire test suite rather than doing so incrementally results in improvements 

in terms of cost and dissimilarity, without having negative effect on (expected) feasibility 

and adequacy; Test suites generated by our multi-objective GA were indeed feasible.  

Also by using diversity as an objective function we find test suites that are less expensive, 

without sacrificing effectiveness at detecting faults. We compared test suites generated by 

our GA with randomly generated test suites; this showed the search space is so large or 

complex that a random search is not adequate and we have to resort to a GA. We also 

investigated different ways of improving our multi-objective GA. We tried different 

methods of computing similarity within a test suite and compared different flavors of our 

GA. We also investigated the effect of the counter problem on our approach and 

proposed and implemented improvements over existing solutions. 

To summarize, the main contributions of this thesis are: 

 Defining test generation from an EFSM as a multi-objective optimization 

problem and putting diversity, feasibility, coverage and cost as four 

objectives together for the first time; 
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 Proposing and implementing a solution to the problem above as a multi-

objective genetic algorithm and evaluating the solution using different case 

studies; 

 Generating whole test suites rather than individual test cases; 

 Implementing and comparing different methods of computing diversity in 

a test suite including two methods from life sciences which to the best of 

our knowledge haven’t been used in the area of model based testing 

before; 

 Investigating the effect of the counter problem, which is a well know issue 

in the area of EFSM testing, on our multi-objective optimization approach. 

This Ph.D. dissertation is structured as follows, after discussing background and 

related work in chapter 2, we describe our approach to test generation from an EFSM in 

chapter 3. In chapter 4 we explain how we extended our GA with different similarity 

measures. Chapter 5 discusses the counter problem. We conclude this dissertation and 

propose different routes for future work in chapter 6. 
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2  Background and related work 

In this chapter we discuss basic concepts and related works, which will be used in 

subsequent chapters where we explain our approach. We start by a brief introduction to 

state based testing (section 2.1) and genetic algorithms (section 2.2). We discuss the 

related works in section 2.3. 

2.1  Background on state machines 

Model based testing is an approach that aims at increasing the quality of a test 

suite during black box testing [1]. Test generation is always based on a model of the 

expected behavior of a system under test. In classical manual testing this model is usually 

just an informal model in the test engineer’s mind. In model based testing this model is 

made explicit. Therefore, test objectives are clearly captured in a test model, which 

results in the generation of a precise test suite by generating it from an explicit test model 

rather than (only) what a test engineer may have in mind. This can also facilitate test 

automation, which reduces the cost of testing, and results in test suites that are more 

effective at detecting faults by systematically covering test models. This is due to the fact 

that automation facilitates generation of a test suite that addresses all the desired 

behaviour captured in the test model and therefore results in better detection of faults.  

Models used in model based testing can be created by a test engineer for testing 

purposes or can come from other development phases. These two approaches have some 

advantages and disadvantages. Reusing models created during (forward) development 

purposes can save time: the test model already exists. However this can have a negative 

effect on testing effectiveness as the essence of testing is finding differences between the 

behavior of a system under test and the behavior expected by tests. The lack of 

independence between the test model and a model used to develop the SUT can result in 

undetected faults. Therefore developing a separate model for testing purposes is very 

common [1], but comes with additional cost.  

In either of these two approaches, state machines are widely used [1], [12]. A state 

machine is an ideal notation to use in modeling the expected SUT behavior. In this 
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section we explain how state machines are used in model based testing, which is 

commonly known as state-based testing. 

2.1.1 Finite State Machines 

Using a Finite State Machine (FSM) is the simplest approach to model state-based 

behavior. Formally, an FSM can be defined as a tuple: M = ( I , O, S, si, Sf, δ, λ ) where, I, 

O, and S are finite and nonempty sets of input symbols, output symbols, and states, 

respectively, si is the initial state (si belongs to S), Sf is a set of one or more final states (S 

includes Sf), and δ and λ are two functions defined as follows: 

δ : S x I  S is the state transition function. If δ(si, l) = sj, si is called the source of 

the transition, sj is called the target of the transition, and l is called the trigger of the 

transition;  

λ : S x I  O is the output function. 

An FSM can be represented graphically as a graph where each node in the FSM 

graph corresponds to a distinct state of S and the arcs of the graph represent the FSM 

transitions as defined by δ and λ: there is an arc (transition) from node n1, representing 

state s1 (in S), and node n2, representing state s2 (in S), labeled with input symbol is (in I) 

and output symbol os (in O) if and only if δ(s1, is) = s2 and λ(s1, is) = os.  

A test case derived from an FSM is typically a sequence of transitions generated 

by traversing the FSM graph. In the rest of this document, we use the term FSM to refer 

to either the formal, tuple representation or the equivalent graph representation. 

In the rest of this subsection we will use the Qui-Donc (Who then?) example from 

[1] to illustrate how an FSM can be used as a test model. Qui-Donc is a phone service 

provided by France Telecom that allows clients to enter a telephone number and find the 

corresponding name and address. After a user dials Qui-Donc phone number, the system 

responds with a WELCOME message and asks the user to press the star key to continue. 

The welcome message is repeated up to three times with a time out of six seconds 

between them and if the star key is not pressed, the system plays the NOTALLOW 

message. If the system detects the star key it gives the ENTER message. This message is 
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also repeated three times with a longer time out of 20 seconds. If the system does not 

detect any number or hash or pound (#) key it terminates the call with the BYE message. 

If the system detects some digits followed by the pound key and the number is one of the 

registered emergency numbers in France (15 for ambulance, 17 for police and 18 for fire 

brigade) the explanation of that emergency number is played followed by a message that 

asks the user to press the star key to perform another search. Otherwise, if the entered 

number does not contain ten digits, the ERROR message is played. If the number entered 

by the user has ten digits, the system looks for it in the white pages. If the number is not 

in the white pages the SORRY message is played and the system resends the ENTER 

message. If the number exists in the white pages, the NAME message is given and the 

system enters the information menu where the INFO message is played. In the 

information menu if the user selects number 1, then the system spells out the name and 

returns to the information menu. If number 2 is selected, the system gives the address and 

returns to information menu. If the star key is pressed the system goes back to the 

number-entry procedure with the ENTER message. If no key is pressed the INFO 

message is repeated three times with a time out of six seconds and then the call is 

terminated with the BYE message. In addition to all of these scenarios the user can hang 

up at any moment.  

Let us now create a test model from these requirements. We will start by modeling 

the system with an FSM. The first step is to abstract out non-relevant details to keep the 

FSM small. Specifically, there are 10
10

 possible 10-digit numbers (considering only valid 

inputs of the FSM) and we cannot afford testing all of them. We plan to find logical faults 

such as playing the wrong message or entering an incorrect menu. For testing purposes 

we only consider the four keys that Qui-Donc considers as special inputs (1, 2, * and #) 

as well as four different telephone numbers [1]: 

 numEmerg (18): We selected the fire brigade number as the representative 

of emergency numbers. We assume that if the system works correctly with 

one of the emergency numbers it will work correctly with all of them. 

 Num1 (03 81 11 11 11): This number represents numbers that do not exist 

in the white pages. 
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 Num2 (03 81 22 22 22): This number represents numbers that are in white 

pages and have a corresponding name and address. 

 Bad (12 34 56 78 9): This number has nine digits and represents numbers 

with the wrong format. We assume the system will have the same behavior 

for all numbers that do not have exactly 10 digits. 

Different assumptions, leading to a different identification of such numbers could 

obviously be made. We consider these are sufficient for this section of the thesis. They 

are also a good illustration of the abstracting activity that is required when one creates a 

state model for testing purposes, as opposed to reusing a state model that was originally 

created for forward development purposes. 

These abstractions result in the FSM presented in Figure 1. Each transition in the 

figure is labeled with a single input/output pair, with the following syntax: input / output. 

The system is initially in the Start state, which is denoted by a double lined oval in the 

figure. As described earlier, the Qui-Donc system starts working, after a user has dialed 

Qui-Donc phone number, by playing the welcome message. This triggers transition from 

state Start to state Star1. In the Star1 state, the system is waiting for the user to press the 

star (*) key. If the star key is pressed the system moves to the Enter1 state; otherwise, it 

waits for a specified amount of time (six seconds) and moves to the Star2 state after 

replaying the Welcome message: the input symbol of the transition is wait and the output 

symbol of the transition is WELCOME. The waiting step is repeated at most two 

additional times, which causes the system to move to state Star3 and then state Start. 

After the third timeout period, the NotAllow message is played and the call is terminated: 

the system goes back to the Start state. At any time (before the last time out period has 

elapsed) if the user presses the star key the system moves to the Enter1 state. In this 

state, the system waits for at most three periods of timeouts and moves to the Enter2, 

Enter3 and Start states respectively. While in state Enter1, Enter2 or Enter3, the 

system is waiting for the user to dial some digits followed by the pound (#) key. If the 

user dials two digits followed by the pound key (represented by numEmerg in the current 

test model) the transition to the Emerg state is triggered and the system plays the FIRE 

message. If the number dialed by the user has a wrong format (i.e., it belongs to the bad 
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category of inputs), the ERROR message is played and the system stays in (or moves to) 

state Enter1. If the number has a correct format but is not in the white pages (i.e., it 

belongs to the num1 category of inputs), the SORRY message is displayed and the 

system stays in (or moves to) state Enter1. If the number has a correct format and it 

exists in the white pages (i.e., it belongs to the num2 category of inputs), the system 

returns the corresponding contact with the NAME message and goes to the Info1 state. In 

this state the system plays the info menu and waits for the user to dial either one or two.  

 

Figure 1 -FSM of the Qui-Donc system [1] 
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In the information state if the user selects number 1, then the system SPELLs out 

the name and returns to the Info1 state. If number 2 is selected, it gives the address with 

the ADDR message and also returns to Info1. If the star key is pressed the system goes 

back to the Enter1 state with the ENTER message. If no key is pressed the INFO 

message is repeated three times with a time out of six seconds and the system transitions 

to the Info2, Info3 and Start states respectively. After the third timeout period the BYE 

message is played and the call is terminated: the system goes back to the Start state.  

This kind of FSM is called a mealy machine [13]. A mealy state machine has a 

finite set of states connected with a set of transitions; Each transition must have exactly 

one input and one output (the output can be null); The FSM should have exactly one 

initial state and may optionally have one or more final states. When a mealy machine is 

used as a test model each transition represents one step in a test case. The input represents 

the stimulus sent to the SUT and the output represents the expected response [1].  

Having an FSM as test model in hand, test cases can be generated by simply 

traversing the graph representing the FSM. Different selection criteria can be used in state 

based testing to decide which elements of the FSM test model need to be exercised and 

identify when to stop testing. The simplest criteria are all-states (i.e., exercising each state 

in the FSM at least once), all-inputs (i.e., exercising each input symbol at least once) or 

all-outputs (i.e., exercising each output symbol at least once). These three criteria are 

easy to satisfy and in general do not provide enough confidence in whether the code 

correctly implements the FSM behaviour: e.g., satisfying any of these three criteria does 

not necessarily ensure that all the transitions, and therefore important behaviour, are 

exercised. Another criterion that is known to be a good minimum [1] to consider in test 

generation from an FSM is all-transitions: i.e., each transition of the FSM needs to be 

exercised at least once. An adequate test suite for the all-transitions criterion, i.e., a test 

suite that exercises each transition at least once, can be constructed by using well-known 

graph traversal algorithms such as the ones solving the Chinese postman problem.   
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2.1.2 Extended Finite State Machines 

The FSM in Figure 1 may be considered too complex for such a small system, 

even after all the abstractions mentioned previously. The main reason for this complexity 

is that three levels of timeout cause a lot of duplications and make the FSM graph 

cluttered. This complexity can be somewhat reduced by using an Extended Finite State 

Machine (EFSM) in which a context variable is used to count the number of timeouts.  

An Extended Finite State Machine (EFSM) facilitates modeling more complex 

state-based behaviour than an FSM because it allows abstracting a number of concrete 

states (each corresponding to one value of a state variable) into one abstract state (that 

corresponds to a set of state variable values). Like Petrenko et al [14] we define an EFSM 

as a Mealy FSM extended with input and output parameters, context variables, actions 

and guard conditions defined over context variables and input parameters. An EFSM M 

can be defined over the sets X, Y, R, V, and the associated valuation domains where X 

and Y are sets of input and output symbols, and R and V are disjoint sets of parameters 

and context variables respectively. M is represented by the pair (S, T), where S is a finite 

set of states and T is a finite set of transitions between states in S and each transition t in 

T is a tuple (s, x, G, A, y, s’) where:  

 s and s’, states in S, are the initial and final states of the transition, respectively; 

 x in X is the input symbol of the transition; 

 y in Y is the output symbol of the transition; 

 G is the guard condition of the transition; 

 A is the action of the transition. 

The semantics of a transition (s, x, G, A, y, s’) is that, assuming the current state is 

s and input symbol x is received, the transition fires only if guard condition G is true; 

when the transition fires, the output symbol is generated, action A is executed and the 

new state is s’. If guard condition G is false then the input symbol x is dropped (ignored). 
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An EFSM can be considered as a compressed format of an FSM. If all the 

parameters and context variables have finite domains it is possible to unfold an EFSM 

into an FSM. In this case test generation methods based on an FSM can be used. 

However, in most practical situations unfolding can result in state space explosion [14]. 

This is due to the fact that the size of the state space grows exponentially with the number 

of possible values a context variable can take and that a EFSM can have more than one 

state variable. 

An EFSM typically has a smaller number of states than an equivalent FSM. This 

is due to the fact that an EFSM introduces a level of abstraction using context variables 

and parameters [1]. This results in a state machine with a fewer number of (visible) 

states, which is easier to grasp. However, the addition of guard conditions and actions on 

transitions can make the EFSM more difficult to understand. Also, this can make a 

traversal of the graph representing the EFSM infeasible, i.e., a sequence of transitions 

that cannot execute because one cannot find inputs to execute it (because of some guard 

conditions being false).  

Choosing between an FSM and an EFSM as test model is a decision to be made by 

the test engineer, based on the test objectives as well as size and complexity of the 

problem at hand.  

Figure 2 presents how the Qui-Donc system can be modeled as an EFSM. 

Similarly to Figure 1, the system is initially in the Start state, which is denoted by a 

double lined oval in the figure. By introducing an internal variable which represents the 

number of elapsed time outs during different phases of the interaction with the user 

(waiting for the star key, waiting for the user the dial the phone number, waiting for the 

user to select an option from the info menu), the corresponding three states of the FSM in 

Figure 1 (e.g., Star1, Star2, Star3) are merged into a single state of the EFSM in Figure 

2 (e.g., Star). The addition of a variable counting the number of time outs results in the 

addition of guard conditions and actions. A complete code listing of those actions and 

guard conditions is available in appendix A. The number of EFSM states (five) and 

transitions (17) is smaller than in the corresponding FSM (eleven states and 37 

transitions).  
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Figure 2- EFSM of the Qui-Donc System [1] 

2.2 Background on Genetic Algorithms 

A genetic algorithm (GA) is a search algorithm based on the notion of natural 

selection and genetics. A GA supports the survival of the fittest principle. A GA has 

proved to be a valid approach to problems requiring efficient and effective search [15]. 

They are computationally simple while successful in searching for improvement in the 

solution space. 

The first step in a genetic algorithm is coding the parameters of the optimization 

problem as a finite-length string. This encoded string is called a chromosome and each 

character of the chromosome, is called a gene. Note that the structure of a gene can be 

something else than a character: it can be as simple as an integer value, or as complex as 

a structure (in the sense of the C programming language). Other steps after the encoding 

are: 

1. Generating an initial population: This is a set of randomly generated 

chromosomes and usually has a predefined size. 
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2. Evaluation: Each chromosome is evaluated based on a fitness function, which 

quantifies how good each solution is. In the rest of the thesis we will use the terms 

fitness function and objective function interchangeably. 

3. Selection: Parents for the next generation are selected from the current solutions. 

Chromosomes with a better fitness value have higher chance of being selected.  

4. Reproduction: Selected parents exchange their genetic material (genes) to produce 

offspring. Reproduction helps propagate good characteristics from one generation 

to another. 

5. Mutation: A randomly selected gene of a chromosome is altered. Mutation helps 

avoid local optima. Typically a rate of 0.01 to 0.05 is used for mutation [15]. 

6. Repeat: Steps 2 through 5 are repeated until the algorithm finds an optimum or the 

best solution does not improve in a number of consecutive generations. 

Genetic algorithms can also be used in multi-objective optimizations. It is possible 

to customize traditional GAs and use them in multi-objective optimization by defining 

specialized fitness functions and methods that promote solution diversity [16]. 

Konak et al. have defined three different categories of fitness functions that are 

used by multi-objective GAs [16] : 

 Weighted sum approaches: In this approach a multi-objective problem is 

converted into a single objective one through a weighted sum of the fitness 

functions. The biggest challenge of this method is selecting appropriate weights 

for different objective functions. 

 Altering objective functions: The oldest method that belongs to this category is 

vector evaluated GA (VEGA) [17]. To solve a multi-objective problem with N 

objective functions, VEGA randomly divides the population into N equal sized 

sub-populations (P1, P2,…, Pi,…, PN).  Each chromosome in sub-population Pi is 

evaluated based on fitness function Fi. After proportional selection (based on 
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fitness values) from each sub-population, sub-populations are merged and 

crossover and mutation operators are applied to the combined population. 

 Pareto-ranking approaches: In Pareto-ranking, the whole population is ranked 

based on the Pareto-dominance rule. The fitness of each chromosome is 

determined based on its rank in the population.  

Pareto-ranking approaches have been the privileged approaches for multi-

objective GAs for a number of years because they do not have the drawbacks of the two 

other kinds of approaches (e.g., finding weights, separate single optimizations); We will 

therefore follow this trend. 

In a Pareto Ranking multi-objective GA, it is important to keep the population as 

diverse as possible so that solutions are uniformly distributed over the Pareto front. 

Several approaches to maintain the diversity of the population in multi-objective GA 

have been proposed. One of them is fitness sharing [18] in which the fitness of 

chromosomes belonging to crowded areas of the population is reduced artificially. 

Another category is cell-based density [19]. In a multi-objective problem with N 

objective functions the phenotype space is split into N dimensional cells. The number of 

solutions in each cell is used as a fitness measure, which is used in another GA in which 

each cell is treated as a chromosome during the selection process. A cell with fewer 

individuals has a higher chance of being selected than a crowded one. When a specific 

cell is selected, solutions in that cell are randomly selected for the mutation and crossover 

operations.  

Our optimization is multi-objective [20], using a Pareto ranking approach. We 

have four different, possibly conflicting objectives, whereby a solution is characterized 

by a vector  of fitness function values (in our case, k=4). A vector (solution) 

is said to dominate another vector  (denoted by ) if and only if u is 

partially less than v: . 

The objectives being optimized will often conflict, which places a partial ordering 

on the search space. GAs are well suited to this task [21] as they rely on a population of 
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solutions: Individuals in the population can represent solutions that are close to an 

optimum and represent different tradeoffs among the various objectives. 

For a given multi-objective problem, the Pareto (optimal) front refers to optimal 

solutions whose corresponding vectors are non-dominated by any other solution vector. 

Because a GA works on a population of individual solutions it is possible to find many 

solutions in the Pareto optimal set, which thus present the many possible tradeoffs 

between the various objectives. The final decision as to which solution to finally select 

from the Pareto front is left with a decision maker, rather than the optimization algorithm. 

2.3 Related works 

The related works section first discusses the general problem of state-based testing 

(section 2.3.1). We then discuss two important pieces of work which we reuse in our 

solution: a study of test cases similarity in the context of state-based testing (section 

2.3.2); an attempt to create feasible traversals of a state machine graph without 

computing actual values that can execute these paths (section 2.3.3). Then we discuss 

related work on search-based software testing in sections 2.3.4 to 2.3.6. Last (section 

2.3.7) we outline the main differences between our work and the literature in the domain. 

2.3.1 Principles and methods for testing from (extended) finite state 

machines 

Lee and Yannakakis [13] have performed a survey on different testing techniques 

based on mealy state machines. Two types of testing problems have been discussed in the 

paper. The first one is the state identification problem in which the transition diagram of a 

Finite State Machine is given but it is not known in which state the implementation is. 

The second type is conformance testing. In conformance testing a specification finite 

state machine and a black box implementation are given. The goal is verifying whether 

the implementation conforms to the specification. The solution to this problem is a test 

sequence which is called checking sequence.  

Their survey also addresses testing of Extended Finite State Machines. As the 

general problem of testing an EFSM is not decidable they have focused on deterministic 
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EFSMs, which can be reduced into an equivalent FSM through a process called 

flattening. However, flattening an EFSM to an FSM can result in a large number of states 

and in some cases to state explosion. The authors propose a procedure for minimization 

and reachability analysis of EFSMs.  

The testing strategies put into place when testing from a state machine, or a set of 

communicating state machines, heavily depends on the kind of behavior specification the 

state model contains. When the state machine does not have actions (or activities) on 

transitions or states, or guard conditions, then many structural approaches exist to 

automatically generate feasible test cases (any traversal of the graph representing the state 

machine is feasible), such as the W-method, the Wp-method or the UIO-method [22]. A 

set of communicating state machines can under some conditions (so as to avoid a state 

space explosion) be transformed into a larger extended finite state machine from which 

the abovementioned techniques can be used [23]. Alternatively, techniques specific to 

communicating state machines exist (e.g., [24]). Other techniques involve symbolic 

execution (e.g., [25], [26]) or a meta-heuristic search (e.g., [27]). Alternatively, one can 

consider testing techniques for labeled transition systems (e.g., [28]).  

When the state machine (or a set of communicating state machines) has actions (or 

activities) and/or guards that are all linear [29], automated test case construction is also 

feasible: e.g., [1], [29], [30] , [31], [32].  

In all those cases, the testing technique is typically offline since it is possible to 

statically analyze the test model and create feasible test cases prior to executing them. 

There are exceptions, such as UPPAAL-TRON [32], which is a technique (and a tool) to 

online test a real-time embedded software from a timed automaton (or network of timed 

automata) specification.  

In those approaches, generated test cases have the form prefix-target-suffix [13], 

where target is a test objective to achieve, such as a transition to reach, prefix is a path in 

the state machine that allows the test to reach the target, and suffix is a sequence that 

allows for instance to identify the state that was reached after triggering the target. Test 

cases are therefore typically created one at a time, each test case achieving one test 
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objective (i.e., reaching and testing one target, such as a transition). Instead, in this thesis, 

we try to generate an entire adequate test suite in one optimization step. 

When actions (or activities) and guards are specified with a more complex 

language, offline testing is typically not possible since it is very difficult (or even 

impossible) to statically analyze both the state-based behavior and the pieces of code that 

specify actions and activities, which can be as complex as any piece of Java/C/C++ code, 

to create feasible test cases: e.g., Conformiq [26] uses a Java-like language for specifying 

actions; Instead, online testing is necessary to simulate state changes, and more so those 

pieces of code to identify the resulting state and therefore identify what can be the next 

event to send to the implementation/simulation of the state–based behavior (e.g., [33]). 

2.3.2 Achieving scalable model-based testing through test case diversity 

Model based testing (MBT) is widely used in academia and industry. However, 

for large industrial systems MBT results in very (too) large test suites, which are hard to 

completely execute because of limited time and budget of software development projects. 

This scalability issue is one of the main obstacles to the transfer of MBT in to industrial 

projects [34].  

Hemmati et al [3] have proposed a similarity-based selection technique for state 

machines that addresses this scalability issue. The proposed approach uses the similarity 

between test cases in a test suite as fitness measure to be used by an optimization 

algorithm that aims at minimizing similarity. Increasing diversity in the test suites 

increases fault detection rate (FDR). However, as we will see in section 3.7.4, this results 

in an increase in the cost of test suite as well. Hemmati et al experimentally show that the 

relation between test suite size and FDR is a linear relation with an elbow point, after 

which increasing test suite size (for example reaching adequacy based on a selection 

criteria) does not result in a significant increase in FDR. They propose this point as a 

good trade-off between FDR (test suite size) and cost. 

A similarity function between two test paths (tpi, tpj) is defined as “the number of 

identical transitions in tpi and tpj devided by the average length of tpi and tpj.” [3] The 
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similarity measure for a test suite Sn of size n, i.e., comprised of n test cases, is defined as 

the sum of pair-wise similarities values between the test paths in the test suite. 

𝑆𝑖𝑚𝑀𝑠𝑟 (𝑆𝑛) =  ∑ 𝑆𝑖𝑚𝐹𝑢𝑐(𝑡𝑝𝑖, 𝑡𝑝𝑗)

𝑡𝑝𝑖,𝑡𝑝𝑗 Є 𝑆𝑛 𝑎𝑛𝑑 𝑖>𝑗

 

The similarity-based test case selection procedure is composed on three steps: 

1. Encoding of test cases to compute similarity 

2. Calculating pair-wise similarities among test cases 

3. Selecting test cases with minimum pair-wise similarity 

Based on the fact that it is possible to use different methods for each one of those 

step the authors performed an experiment to compare the results of using several of 

those different techniques. Regarding the first step, they have considered four different 

encodings for a test path, i.e., the amount of information in test path that is used to 

compute similarities: 

1. State-based (SB): Each test path is a sequence of unique state identifiers. 

2. Transition-based (TB): Each test path is a sequence of unique transition 

identifiers. 

3. Trigger-guard base (TGB): Each transition is identified by its trigger and 

its guard. Therefore, two different transitions that have the same trigger 

and guard will be considered the same. Transitions without a guard or 

trigger are identified by their transition identifier. 

4. State-trigger-guard-based (STGB): This encoding has the highest level of 

details because it contains both state and trigger-guard information.  

With respect to similarity calculation, two types of similarity functions have been 

considered. Set-based functions include: hamming distance, Jaccard index, Gower-

Legendre measure, Sokal-Sneath measure and counting function. Sequence-based 

functions include: Levenshtein distance, Global alignment, Needleman-Wunsch measure, 

local alignment and Smith-Waterman similarity function. The reader interested in those 

functions is referred to [3]. 
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Different minimization algorithms have been examined for the third step, 

including greedy-based algorithms, clustering-based algorithms and search-based 

techniques like hill climbing or genetic algorithms (GA).  

The effects of those choices have been compared in a series of case studies that 

resulted in a total of 320 different similarity based selection techniques. By comparing 

the effectiveness at detecting faults and the cost of generated test cases, they conclude 

that a specific type of evolutionary algorithms ((1+1) EA), which is a simplified version 

of genetic algorithms, and the Gower-Legendre (set based) similarity measure is the best 

combination of optimization technique and similarity measure. 

2.3.3 Generating feasible test paths from extended finite state machines 

using genetic algorithms 

Kalaji et al [30] have proposed a search-based approach to (i) generate (likely) 

feasible test paths from extended finite state machines and (ii) generate input sequences 

that trigger those test paths. The notion of feasibility relates to the capability to find test 

inputs for a test path such that we can execute the test path: a test path is a traversal of the 

graph representing the state machine; this test path is feasible if we can find test inputs 

(e.g., input arguments to triggering events) such that the path can actually execute as 

specified. Any traversal of the state machine graph is not necessarily feasible because of 

guard conditions. 

To achieve the first goal, i.e., generating (likely) feasible test paths, they use a 

genetic algorithm (GA). Their objective is to satisfy the all-transitions test selection 

criterion. For each transition, the GA is used to find a (likely) feasible test path that 

executes it. The fitness function estimates the feasibility of the path based on the dataflow 

dependencies among its transitions.  

Whenever, there is a dependency between two transitions t and t’ (with t being 

before t’ in the test path) the transitions are called affecting (resp. affected-by) transitions, 

resulting in an affecting/affected-by pair, and a penalty value is assigned to this pair 

based on the type of dependency between the elements of the pair. The penalty is 

assigned considering three factors: the guard type, the guard operator, the operation type 
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of the affecting transition; and the penalty is an estimate of the impact of those factors on 

feasibility, i.e., on the capability to find test inputs to execute the path. For example the 

‘equals’ guard type (=) gets a higher penalty than the ‘greater than’ or the ‘less than’ (‘<’ 

or ‘>’) guard types. 

As mentioned earlier they have also proposed a method for generating an input 

sequence that triggers a test path: their second goal. To achieve this, they transform each 

test path into code using nested IF statements. They use another GA to find input values 

that cover this piece of code. The fitness function of this GA is an adaptation of similar 

work for finding test data for white box testing [35], and is based on the notions of branch 

distance and approach level. The branch distance represents how close an input value is 

to satisfying a specific predicate (in their case a guard condition) [36]. The approach level 

measures how close a test path is to executing a specific statement (in their case a 

transition).  

Kalaji et al report a success rate of 96.6 % when generating feasible test paths and 

a rate of 100% when finding input values that trigger those paths. 3.4% of the paths were 

not feasible because of the counter problem which we will discuss in section 5. 

Regarding input sequence generation, Lefticaru et al [37] have also proposed an 

approach that uses a GA. They employed a GA to generate actual test values that trigger 

a given feasible path in an EFSM where transition guards are described as algebraic 

predicates. Each chromosome in their GA is a list of input parameters corresponding to 

all the transition actions of a given path in the order they appear in the path. Similar to 

Kalaji et al they used a combination of approach level and branch distance as fitness 

function.  

2.3.4 Multi-Objective Search Based Testing 

According to a recent analysis of SBST research agenda by Harman et al [38], 

multi-objective search based methods are frequently used in test suite selection and 

prioritization but in case of test data generation most of the existing approaches are single 

objective. Similar to our discussion in section 1, they believe test generation is multi-
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objective and it is very improbable that practicing software testers consider only a single 

objective.  

One of the few existing multi-objective test generation techniques is the one 

proposed by Yano et al [39]. They have proposed a multi-objective approach for test case 

generation from EFSMs (MOST). Their approach considered two objectives, which are 

coverage criterion and the solution length. Like Kalaji et al [30] they create one transition 

at a time. To avoid generating infeasible paths an executable version of the EFSM model 

was used. They have used State Machine Compiler (SMC tool) to generate executable 

versions of their EFSMs. SMC accepts as input an EFSM and returns code implementing 

the EFSM behavior in a variety of programming languages. They only considered paths 

triggered during model execution as candidate solutions. Using an executable version of 

the test model they obtained transition path and the data that triggers the path at the same 

time. MOST has two objective functions, which are test purpose coverage (a transition in 

the EFSM) and minimum length of input sequence. Similar to Kalaji et al [30] the first 

objective function was defined in terms of approach level and branch distance from 

structural testing and the second one was simply the length (in terms of transitions) of the 

input sequence. 

Ferrer et.al. [40] have also worked on multi-objective test generation. Similar to 

MOST their two objectives were maximizing coverage and minimizing cost. However, 

they addressed structural testing rather than model based testing. They compared two 

different solutions for multi-objective test data generation. The first one was a direct 

multi-objective approach and the second one was a combination of a single objective 

algorithm followed by a multi-objective test case selection optimization. They have used 

branch coverage as the adequacy criterion. For the direct multi-objective solution they 

have used five different multi-objective algorithms, which are NSGA-II (Non-dominated 

Sorting Genetic Algorithm) [41], MOCell (Multi-Objective Cellular Genetic Algorithm) 

[42], SPEA2 (Strength Pareto Evolutionary Algorithm) [43], PAES (Pareto Archived 

Evolutionary Strategy) [44] and a random search (RNDMulti). The second solution 

started with a single-objective test data generator, which covered only one branch of the 

program at a time. After that they used a multi-objective formalization of the test case 
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selection problem proposed by Harman and Yoo [45]. After deleting repeated test cases 

they used NSGA-II to solve a multi-objective test case selection problem. Like most 

search-based structural testing techniques their objective function was a composition of 

branch distance and approximation-level. The single-objective algorithms they used were 

an evolutionary strategy and a genetic algorithm. To experimentally compare different 

approaches and different search-based algorithms they designed an automatic program 

generator that generates synthetic programs similar to real-world programs. They used 

800 synthetic programs with all branches reachable as well as 13 real programs in their 

experiments. GA and MOCell had the best results in terms of convergence towards the 

optimal Pareto front. MOCell had better results for programs with low nesting degree 

(one and two), which means there are at most two branching conditions nested in one 

another, while GA was more successful for programs with high nesting degree. 

Langdon and Harman [46] have modeled higher order mutation testing as a multi-

objective optimization problem. Mutation testing is a fault based software testing 

techniques. Faults are intentionally seeded in the program under test to create mutants. A 

test input that can distinguish between the original program and the mutant by generating 

different outputs for each of them is called to kill the mutant. In higher order mutation 

testing more than one change is applied to the original program to create the mutants. 

Based on the fact that ninety percent of faults that are not detected by testing are complex 

they aimed at higher order mutants. They used search based testing to generate higher 

order mutants which are both hard-to-kill and realistic. They aimed at studying the 

relationship between a mutant’s syntax and its semantics and they set search objectives 

accordingly. Their first objective was looking for mutants with similar semantics to the 

original program and that would pass most of the test cases (minimize semantic distance). 

The second objective was minimizing syntactic distance. They measured syntactic 

distance as the number of changes to create the mutant weighted by the actual changes. 

To automatically remove equivalent mutants from the population of mutants they have 

treated semantic distance of zero as a special case. (An equivalent mutant is a mutant that 

cannot be distinguished from the original program through testing, i.e., a test case that 

could distinguish the two programs does not exist.) They assigned to those mutants very 

poor fitness values. They have experimented with four different benchmark programs. 
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Based on the results reported in the paper, higher order mutation testing using genetic 

programming is able to reveal complex faults designated by higher order mutants that 

cannot be represented by first order mutants. Those higher order mutants were harder to 

kill than any first order mutant. In addition they found that although it is believed [47] 

that less than one percent of mutants are equivalent, for the four benchmark programs 

they experimented with, 16%, 14%, 34% and 49% of first order mutants were potentially 

equivalent mutants.  

The problem of test generation considering domain specific quality criteria and 

trade-offs between them was also modeled as a multi-objective optimization problem. 

The motivation for this research has been the fact that today, even non-software products 

include software as a large and important component. The quality of such products 

depends on a series of trade-offs and software quality is just one of them. Marculescu et 

al [48] proposed an Interactive Objective Re-Weighting (IORW) system where domain 

specialists can guide the search-based test generation process by interactively re-

weighting quality goals. The proposed system is composed of two main components. The 

inner component is the one that can be fully automated and deals with generating test 

cases and evaluating their fitness. The outer component is designed to be interactive. A 

set of test cases is presented to the domain specialists and, depending on those test cases, 

they decide if the current weights of objective functions are reasonable or they need to be 

changed. To reduce the number of solutions that need to be manually evaluated, human 

interaction is done every n generations rather than every generation. Their system has 

been evaluated using an industrial case study where the system under test (SUT) is 

controlling an electric motor, which is powering a mechanical arm. Because of the 

limitations of the motor and to avoid damages in what the mechanical arm is handling the 

SUT is an average filter that converts sharp changes in the input to smoother signals. 

Based on this desired functionality three domain specific objectives were defined for the 

system [48]: 

 Discontinuity: Represented the number of discontinuities in a test case and 

needs to be maximized. 
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 Upper limit: This objective was designed to measure how close a given value 

is to the upper limit for the input signal. This objective was to be maximized as 

well. 

 Length: Each input signal had to be within a predefined range. Solutions 

outside that range were assigned a positive cost. That cost had to be 

minimized.  

Using these domain specific objectives and IORW system, domain specialists 

were involved in the search based test generation process. Once every 250 optimization 

steps a domain specialist interacted with the system and adjusted the weights based on the 

importance of each objective. At different iterations different weights were assigned to 

different objectives based on the importance of each objective.  

2.3.5 SBST and structural testing 

SBST has been mostly used in structural testing [10], initially considering test data 

generation a single-objective optimization problem, focussing on one test objective (e.g., 

a branch in a control flow graph) at a time. Different avenues have been researched to 

improve such test data generation. On the one hand, Harman et al [49] proposed the first 

formulation of test data generation as a multi-objective problem. On the other hand, 

Michael et al [50] extended a single-objective search to build an adequate test suite 

achieving many test objectives at once, instead of searching for one solution for each test 

objective separately, and iterating over objectives: The authors do build an adequate test 

suite one test case at a time instead of an entire test suite in one search activity; however, 

as opposed to other approaches, which consider each new test case construction a brand 

new, from scratch, search, the GA-supported search for a new test case is guided by what 

has already been covered with already created test cases. A third avenue is to create a 

whole adequate test suite in one general multi-objective search, instead of creating a test 

case for each test objective [50] .  
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2.3.6 SBST—state of the art 

Harman presented a recent survey on SBST as a keynote at the 8
th

 IEEE 

International Conference on Software Testing, Verification and Validation (ICST 2015) 

[38].  His analysis shows an exponential growth in the cumulative number of publications 

on SBST since 1990. Based on the trend extracted from the SBSE repository [51] there 

will be more than 1,700 papers on SBST by 2020. Search based software testing is now 

sophisticated enough to be used in industry. SBST has been mostly used for structural 

testing [38]. Wherever favorable properties of test data can be modeled as one or more 

fitness functions SBST can be used as an approach that searches the system input space 

for best solutions. SBST has been used in functional testing, safety testing, security 

testing, robustness testing, integration testing, service based testing, temporal testing, 

exception testing, combinatorial interaction testing, software product line testing, state-

based testing and mutation testing [38]. According to Harman, open problems and 

challenges in SBST that need more consideration are: 

1. Testing non functional requirements; 

2. Search based test strategy identification (searching for strategies for finding 

test cases); 

3. Multi-objective test data generation: Although there has been some work on 

regression testing, there is a lot to be done in the area of multi-objective test 

data generation. 

Ali et al, have also performed a systematic literature review on the application and 

empirical investigation of search based test case generation [52]. Aiming at the 

assessment of existing evidence on cost and effectiveness of SBST they selected 122 

relevant articles published over the period of 1996-2007. After excluding papers that did 

not address automatic test case generation or did not report any empirical evaluation they 

had 64 papers to review and classify. One of the aspects they considered was the meta 

heuristic search algorithm used in SBST. The most common algorithm was genetic 

algorithm (GA) and its extensions (73 percent). They referred to a number of reasons for 

the popularity of GA in SBST which include, large volume of publications on the 
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application of GAs to different problems, different parameter settings for GAs which help 

customizing them for a specific problem, better performance compared to local search 

algorithms as well as great tool supports and lots of frameworks that implement GAs.  

The current state of the art on SBST, the need for multi-objective test generation 

techniques as well as the popularity of GAs, justify the solution proposed in this thesis: a 

multi-objective genetic algorithm that automatically generates whole state-based test 

suites.  

2.3.7 Differences with our work 

Although this will become clearer as we describe our approach in subsequent 

chapters of this document, we can outline the main differences between our work and 

previous work in the domain of search based software testing.  

Unlike most of the methods mentioned in section 2.3.1, our approach aims at test 

generation from EFSMs rather than FSMs. There is no need to flatten an EFSM in to an 

FSM in our approach; therefore, state explosion can be avoided. Also we are using a 

meta-heuristic search which has proved to be a reasonable approach to tackle undecidable 

problems [10]. 

While Kalaji et al [30] (sections 2.3.2 and 2.3.3) create one test case at a time, our 

approach generates en entire test suite in one seaerch activity. Unlike Kalaji [30] and 

Hemmati [3] which aim at single objective, feasibility and similarity, respectively, we 

aim at multiple objectives at the same time. We model test generation from an EFSM as a 

multi-objective optimization problem. The multi-objective genetic algorithm searches for 

whole test suites with maximum coverage and feasibility as well as minimum cost and 

similarity. Different solutions on the Pareto front found by a multi-objective GA provide 

trade-offs between different objectives and give the software testing specialist the 

opportunity to choose the best solution for a given EFSM testing problem. 

As mentioned in section 2.3.4, there are few multi-objective search based 

approaches that address test data generation. Yano et al [39] have also worked on test 

generation from EFSM. However, similar to Kalaji et al, their approach generates one test 
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path at a time and they address only two objectives, which are cost and feasibility. On the 

other hand, our approach generates whole test suites and addresses coverage and diversity 

in addition to cost and feasibility. Ferrer et al have also proposed a multi-objective test 

generation but their solution falls in the category of structural testing rather than model-

based testing. They also address only two objectives, which are cost and coverage, while 

we generate whole test suites that present best tradeoffs between four different objectives. 

Longdon and Harman [46] have proposed a multi-objective solution in another area of 

software testing which is mutation testing.  Multi-objective testing approach proposed by 

Marculescu et al [48] addresses another aspect of software testing which is engaging 

domain specialists, who are not necessarily software engineers, in the process of software 

verification and validation. 

There has been a great volume of SBST research on structural testing while we 

consider state-based testing. The application of SBST to functional testing and 

specifically state-based testing has been very limited and has not yet considered more 

than two objectives, to the best of our knowledge. 

To summarize: (1) With respect to the construction of an entire test suite, we 

conduct functional testing rather than structural testing, and we use four objective 

functions together; (2) In the domain of SBT, we create an adequate test suite at once 

rather than test cases one at a time to achieve sub-objectives. We believe that creating test 

cases one at a time is a sub-optimal strategy/optimization, and that our construction of a 

complete test suite is a more global optimization; (3) We use a multi-objective algorithm 

to simultaneously account for test case diversity within the test suite, feasibility of 

individual test cases, cost and coverage of the entire test suite.  

2.4 Summary 

In this chapter we discussed background and related work. We started by 

describing state machines and genetic algorithms, which are the main basic concepts we 

use in this thesis. We then discussed related work. As contributions of this thesis fall into 

the category of state based testing we used the survey by Lee et al [13] as a framework to 

classify different existing approaches to state based testing. Then we described to main 
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papers that actuated this thesis [3], [30]. We continued by reviewing papers on multi-

objective testing and search based software testing that are two most current fields of 

research that this thesis falls into. We concluded this chapter by explaining the 

differences between our approach and current existing solutions. 
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3 Test generation from an EFSM 

This Chapter presents our solution to the problem of generating a test suite from 

an EFSM using a multi-objective genetic algorithm. We will start by describing our 

encoding of the problem solutions, i.e., what a chromosome and its genes represent 

(section 3.1) and then we discuss the other main components of the genetic algorithm: 

mutation and crossover operators (sections 3.2 and 3.3, respectively) as well as the fitness 

functions (section 3.4). We continue by explaining parameter settings of our GA as well 

as its implementation is sections 3.5 and 3.6. Empirical evaluation procedures as well as 

its results are presented in section 3.7. We discuss threats to validity in section 3.8. 

3.1 Chromosomes and genes 

A chromosome is a solution to the optimization problem, which means, in the 

context of our multi-objective GA, a chromosome is a test suite. The genes are the 

elements that compose a chromosome (test suite). A gene is therefore a test case. As we 

are using an EFSM as test model, each test case is a path in an EFSM. We use a 

transition-based representation of paths in an EFSM in our solution. Therefore each gene 

is a sequence of transitions of the state model. One of the objectives of test suite 

construction is to achieve a certain level of coverage according to a selection criterion; 

we want to obtain an adequate test suite for that criterion. Since different adequate (i.e., 

satisfying a criterion) test suites usually exist and have varying number of test cases, our 

GA has chromosomes of variable length (i.e., variable number of test cases).  

Using a variable length chromosome can lead to a phenomenon known as bloat 

[53], whereby chromosomes get unreasonably bigger and bigger because small negligible 

improvements in an objective value are obtained with larger solutions. To control for 

bloat we have put a limit on the total number of transitions in a test suite, similarly to 

others [54]. Following a trial and error procedure: for each case study we ran the GA a 

couple of times and observed the number of transitions in adequate test suites. We 

specified a limit of twice the number of transitions in the biggest adequate test suite.  
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Figure 3- Chromosome encoding 

For instance, Figure 3 shows a chromosome (test suite) with five genes (test 

paths). There are five genes (g1 to g5) in the chromosome, representing test paths of 

length lg1, lg2, lg3, lg4, and lg5, respectively, the length of a gene being the number of 

transitions in the test path. Each ti is uniquely identifying a transition in the state model. 

Note that the order of the genes (test paths) in the chromosome is not relevant: i.e., {g1, 

g2, g3, g4, g5} and {g2, g5, g1, g4, g3}, for instance, represent one and only one 

chromosome (test suite).  

In order to make any sequence of numbers a valid test path we used a slightly 

modified version of Kalaji et al’s [30] encoding. In their encoding each test path is a 

sequence of integers, each integer representing a transition. In an EFSM with k states 

each having n1, n2, n3, ... , nk outgoing transitions respectively, they calculate the lowest 

common multiplier (LCM) of  n1, n2, n3, ... , nk. Then for each state a range (ri) is defined 

as ri = LCM/ni. Each transition is represented by an integer between one and LCM. This 

number is divided by the corresponding range (ri) to find the transition it defines. In our 

encoding we used the idea of LCM but in a different way. Instead of computing range 

values (ri) we create a matrix for each EFSM. This matrix has LCM columns and k rows 

(each representing a state in the EFSM). For each state we define a mapping between 

outgoing transitions and values between one and LCM (similar to Table 1). Because the 

number of outgoing transitions can be smaller than LCM this is a one-to-many mapping, 

i.e., a transition can be mapped to more than one value between one and LCM. We used 

this matrix together with a tabular representation of the state machine to implement our 

encoding. In the tabular representation (similar to Table 2) each column represents one 
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transition. The first row corresponds to the source state and the second row corresponds 

to the target state of each transition.  

Figure 4 shows a simple state machine. It has three states. Two of them (S1, and 

S2) have three outgoing transitions and one of them (S3) has two outgoing transitions. 

Therefore, LCM for this state machine is six. Table 1 presents the matrix that is used in 

our encoding. It has six columns of data and three rows. Each cell presents the outgoing 

transition that will be taken for a specific number between one and LCM. Table 2 

presents the tabular representation of the state machine in Figure 4. Because it has eight 

transitions, the table has eight columns. Suppose for instance that sequence <1,3,4,2,6,1> 

is randomly generated. This sequence represents a transition sequence that starts in the 

initial state S1. From this state, transition number 1 is selected: this is T1 for state S1 

(Table 1), which leaves the state as S1 (Figure 4). Transition number 3 is then selected: 

this is T3 for state S1 (Table 1), which changes the state into S3 (Figure 4). Transition 

number 4 from S3 is T8, which brings the state to S2. Transition 2 from S2 is T5, which 

leaves the state as S2. Transition 6 from S2 is T6, which brings the state to S3. Transition 

1 in S3 is T7, which brings the state to S1. Sequence <1,3,4,2,6,1> therefore specifies 

transition sequence T1, T3, T8, T5, T6, T7. 

This encoding facilitates the random construction of valid traversals of the graph 

representing the EFSM. A test path is a valid traversal of the EFSM in the sense that this 

is a path in the graph representing the EFSM. This traversal may however not be feasible, 

i.e., we may not be able to find inputs to execute it. This is the reason why we use an 

objective function to increase chances of feasibility (see below). Our encoding of a 

chromosome is then a set of gene encodings.  
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Figure 4- A simple state chart used to present our encoding of transition sequences 

Definition 1: A valid test case is a valid traversal of the EFSM graph. For 

instance, any depth-first or breadth-first algorithm applied on an EFSM graph generates 

valid test cases. 

Definition 2: A feasible test case is a valid test case for which one can find test 

inputs (e.g., for signals triggering transitions) such that this test path can actually execute. 

Table 1- Matrix used to implement our encoding of transition sequences 

 1 2 3 4 5 6 

S1 T1 T2 T3 T1 T2 T3 

S2 T4 T5 T6 T4 T5 T6 

S3 T7 T8 T7 T8 T7 T8 

Table 2- Tabular representation of state machines used in our encoding 

 T1 T2 T3 T4 T5 T6 T7 T8 

Source S1 S1 S1 S2 S2 S2 S3 S3 

Target S1 S2 S3 S1 S2 S3 S1 S2 

3.2 Mutation Operator 

Since in our multi-objective GA a chromosome has many characteristics (e.g., 

number of genes, length of each gene/test path, specifics of each gene/test path), a 

chromosome can be mutated in many different ways. To identify possible mutation 

operators, we systematically considered every single characteristic of a chromosome and 

investigated ways to mutate them. 

We have defined seven different mutation operators. During each mutation one of 

the following operators is selected randomly with equal probability:  
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(1) Adding a gene to a chromosome, i.e., a randomly generated gene (i.e., test path) is 

added to the chromosome (test suite). Random generation of a gene (test path) 

proceeds as discussed by others [30] as this ensures we obtain valid traversals of 

the graph representing the EFSM, starting from the initial state. During this random 

construction, we randomly select the length of the test path to be constructed 

between one and twice the length of the shortest path that covers all the states in the 

EFSM. If such a path does not exist, i.e., it is not possible to tour all the states in 

one path (i.e., the graph is disconnected), the length of the shortest path that tours 

the maximum number of states is considered. This is arguably a heuristic and it 

may happen that no feasible path (i.e., one can find inputs to execute it), even of 

that length can indeed feasibly reach some state or transition. However, we believe 

this leads to long enough newly randomly generated paths that other mutation or 

crossover operators can extend. We add this new gene (test path) to the 

chromosome (test suite) being mutated. In case the randomly generated gene is a 

duplicate of a gene already in the chromosome, we repeatedly try to generate a new 

one with the procedure above until the new gene is different from an existing gene;  

(2) Removing a gene from a chromosome, i.e., a randomly selected gene (test path/ test 

case) is removed from the chromosome (test suite);   

(3) Replacing a gene, i.e., a randomly selected gene is replaced by a new randomly 

generated gene, following the procedure we discussed above in (1);  

(4) Altering a test path (gene), i.e., a randomly selected gene (i.e., test path) is mutated 

by removing a randomly selected transition (and the subsequent transitions) from 

the path and replacing those by a new (sub-)path of the same length as what is 

removed. Removing a transition (ti) from a test path, results in a new path which 

has the same sequence of transitions before ti’s source state and continues with a 

different, randomly generated sequence after ti’s source state. Because of the 

encoding we use it is still a valid path in the EFSM. It is just equivalent to selecting 

a transition other than ti in the state from which ti is an outgoing transition. For the 

example in Figure 4, this means replacing an encoded sequence like <1,3,4,2,6,1> 

which represents path <T1,T3,T8,T5,T6,T7> (see above) with the sequence 
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<1,3,4,1,5,4>, which represents path <T1,T3,T8,T4,T2,T4>, assuming the forth 

transition is selected as mutation point and numbers 1, 5 and 4 are randomly 

selected; 

(5) Appending a transition to a test path (gene), i.e., a randomly selected gene is 

mutated by randomly adding a transition to its end, ensuring the entire path is valid. 

If a path ends with a terminal state, i.e., no outgoing transition, the path cannot be 

mutated with this operator. Therefore we are both changing the length of a test path 

as well the sequence of transitions in it; 

(6) Changing a transition of a test path (gene), i.e., a randomly selected gene is mutated 

by randomly replacing one of its transitions with another one between the same two 

states (if another such transition exists). Unlike the previous operator this mutation 

does not change the length of a test path; 

(7) Exchanging material between genes of the same chromosome (Figure 6), i.e., 

exchanging randomly selected transitions (in fact sub-paths) between randomly 

selected test paths (genes) from the same test suite (chromosome), while ensuring 

that results are valid traversal of the graph representing the EFSM. To achieve this, 

we reuse a published procedure [30] which, once again, because we reuse their 

encoding, results in valid traversals. We note that when Kalaji et al. used this 

operator they were searching (by means of a GA) for a test case that reaches a 

specific transition. In their context, this operator is a crossover operator since the 

population manipulated by the GA is a population of test paths: the crossover 

exchanges material between chromosomes (test paths) of the population. In our 

case, the test paths involved in this operator are the genes of a chromosome. The 

operator therefore alters only one chromosome, and we classify it as a mutation 

operator in our context. We select a number which is smaller than the length of the 

shorter test path as the crossover point. We then exchange transition sequences after 

this point between two test paths. Again because this is done on the encoded 

version of test paths this results in valid test paths. 
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Figure 5 – Exchanging transitions between test paths in the same test suite 

3.3 Crossover operator 

Crossover creates two new chromosomes from two existing (parent) chromosomes 

by exchanging some genetic information, i.e., genes, from/between those parents. Once 

again, we shall ask ourselves what information can be exchanged between two (parent) 

chromosomes. At first sight, similarly to traditionally-defined two-point crossover 

operators [15], we can exchange two genes (test paths) between two parent chromosomes 

(test suites) Ci and Cj (Figure 7). Our first crossover operator is a two-point crossover 

[15] in which the two points identify one gene in each parent instead of the more general 

case where they identify a sequence of genes. Given that we have variable length 

chromosomes, we ensure the crossover points are valid: e.g., if a parent has five genes 

and the other parent has ten genes, the crossover points identify one of the first five genes 

in both parents. We randomly select two parent chromosomes (test suites), Ci and Cj, and 

one test path (gene) from each of the parents (at the same index in the sequence of genes 

of the parents). We remove the selected test path (gene) from Ci and add it to Cj, and 

similarly remove the selected test path (gene) from Cj and add it to Ci. As a chromosome 

represents a test suite, the order of its test paths (genes) does not matter. Therefore, we 

add the test path extracted from Ci (resp. Cj) to the end of Cj (resp. Ci).  

A second crossover operator exchanges genetic information at a lower level of 

details, specifically at the transition level, between test paths. We select two parent 

chromosomes, select one gene (test path) in each of those parents, and exchange 

transition sequence information between those two genes. This second crossover operator 

works identically to the last mutation operator we discussed, except that the two genes 
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(test paths) are selected from different chromosomes (test suites), whereas for mutation 

purposes the two genes belonged to the same chromosome.  

When crossover happens, with a specific probability, these two crossover 

operators have an equal probability of occurrence. 

 

Figure 6-Chromosome mutation: crossover between genes (test cases/paths) of the 

same chromosome 

 

Figure 7-Exchanging genes between two chromosomes 

3.4 Fitness functions 

As previously mentioned, we are considering four fitness functions: Feasibility, 

which needs to be maximized; Similarity, which needs to be minimized; Coverage, which 

needs to be maximized; and Cost, which needs to be minimized. 

3.4.1 Feasibility 

To determine the feasibility of a test path, we reuse previous work that relies on 

an analysis of data flow dependencies between the transitions of a test path [30]. 

Different types of data flow dependencies that might exist between two transitions of a 

test path are assigned penalty values based on their potential effect on feasibility. This 

information is used to obtain a feasibility measure for each gene (test path) in a 
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chromosome (test suite) and then we obtain a feasibility measure for the chromosome as 

the sum of the feasibility values of its genes. This feasibility of a chromosome ci, made of 

n genes is then:  

𝑓𝑒𝑎𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦(ci) = ∑ 𝑓𝑒𝑎𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦(𝑔𝑗

𝑛

𝑗=1
); 

Where, feasibility (gj) is the feasibility of gene gj and is obtained by using the 

approach proposed by Kalaji and colleagues [30], which they showed is indeed a 

surrogate measure of feasibility. However, actually trying to find inputs such that gi 

executes is the only way to identify whether gi is indeed feasible. 

The data flow analysis of Kalaji et al. [30] can identify if a test path is definitely 

infeasible when for instance the path assigns a constant to a variable and a following 

guard condition requires the variable to equal another constant. In such a case, the penalty 

assigned to the path is a very large (simulating infinity) value. Given our feasibility 

metric, if a test suite has a feasibility value greater than this very large value, we know it 

contains a test path that is definitely infeasible.  

It is important to note that feasibility (gi) is only an estimation of the feasibility to 

find input values for the corresponding path such that the model (EFSM) can actually be 

executed. If there is no abstraction difference between the model and the code, feasibility 

at the model level ensures feasibility of creating a test script that can actually execute on 

the code. Otherwise, a feasible test path at the model level will need to be adapted into an 

executable test script: e.g., one transition in the (abstract) EFSM test model needs to be 

realized as several method calls at the source code level. Similarly to others, we do not 

consider feasibility issues due to different abstraction levels between the model and the 

code. Also we do not claim that this is an exact measure of feasibility but it is a good 

surrogate measure of feasibility, others have used it, and it can lead the GA towards 

better solutions in terms of actual feasibility. The penalty is in direct relation with how 

difficult it is to satisfy the guard of the affected-by transition by considering the type of the 

affecting transition’s assignment. Furthermore, transitions that are not affected by any 

transition but have guard conditions (i.e. they are not dependent on context variables but 

include other type of conditions such as comparison among parameters), are also penalized. 
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Last but not the least, penalty values can be computed quickly and thus are suitable to be 

used in a search-based approach. 

3.4.2 Similarity 

Our intuition, as well as others’ [3], is that test paths should be as dissimilar as 

possible to increase effectiveness at fault detection. We are therefore interested in 

computing the similarities between pairs of test paths (genes) to obtain a similarity value 

for a test suite (chromosome). Different similarity measures can be used as fitness 

function. One of the measures [3], which is not limited to identical length sequences (we 

have variable length chromosomes), is the Levenshtein distance [55]. Although not the 

recommendation of Hemati et al. (recall section 2.3.2) this is the best measure of 

similarity they studied [3] that supports variable length sequences. To change this 

distance measure into a similarity measure, similarly to Hemmati et al. [3] we reward 

each match between two sequences by one point and penalize mismatches and gaps by 

simply ignoring them (i.e., assigning no point). More sophisticated measures (e.g. 

Needleman-Wunsch), which penalize mismatches and gaps, can be used as well. To 

obtain a similarity measure for a test suite (i.e., chromosome), we proceed similarly to 

Hemmati et al. [3]. The similarity measure for a test suite (chromosome) is the sum of 

similarity measures computed for each pair of test paths (genes) in that chromosome. The 

fitness function needs to be minimized, and is defined as follows:  

𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑐𝑖 ) =  ∑ 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑔𝑗, 𝑔𝑘)𝑝𝑎𝑖𝑟𝑠 𝑜𝑓 𝑔𝑒𝑛𝑒𝑠 (𝑔𝑗,𝑔𝑘) . 

We note that our measure of similarity is not the best one as per the experiments 

reported by Hemati et al. (recall section 2.3.2). We however selected it since they 

experimented with it, showing it performs well, and more importantly (i) it allows us to 

account for test paths of variables lengths and (ii) we believe a sequence-based measure 

like the Levenshtein distance is more appropriate in our context than set-based distances 

like Gower-Legendre since we measure test cases that are paths (sequence of states and 

transitions) in an EFSM. We will revisit measurement of test cases and test suite 

similarity in section 4. 



 

 42 4

2 

3.4.3 Coverage 

Different coverage criteria can be used as objective function. Although more 

demanding, but also more effective (at finding faults) criteria exist [56] [57], we selected 

the all-transitions criterion. Transition coverage is considered a good minimum to aim for 

in state-based testing [1]. The fitness function is to minimize the number of distinct 

transitions uncovered by a test suite (chromosome). 

3.4.4 Cost 

The last objective is reducing the cost of a test suite as much as possible. A usual 

surrogate measure of cost is the size of a test set [58]. The underlying assumption is that 

test cost is proportional to the test set size. The notion of cost in the context of testing is 

complex as one may want to consider time to market or computer time usage as part of 

the equation [59]. Different test may also require different set up and tear down, resulting 

in different costs. In our context, test set size can be simply measured by counting the 

number of test sequences in a test set (e.g., [60]). However, not all test sequences contain 

the same number of transitions triggered. We could go further and say that not all 

sequences take the same time to execute. But without going to that level of detail, we 

could measure cost/size as the number of transitions triggered in the test set, summing up 

the number of transitions triggered in each test sequence. This objective function is to be 

minimized. 

3.5 Genetic algorithm parameters 

There are a number of factors that highly affect the success of a GA. The most 

important ones are the population size, the mutation and crossover rates, the Pareto 

Fraction, and the stopping criterion. 

We selected a population size of 200, which conforms to what has been suggested 

in the literature [61]: i.e., a value in range [30, 80] (we selected 50) multiplied by the 

number of fitness functions. Based on results from previous studies [62] we selected a 

crossover rate of 0.7 and a mutation rate of 0.01. The Pareto Fraction parameter, or 

Pareto set, controls elitism in a multi-objective GA since it limits the number of 
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individuals on the Pareto set (elite or tradeoff members). Based on a previous study [61], 

which suggests setting the maximum size of the Pareto set such that the ratio of the 

Pareto set over the entire population is between ¼ and 4, we set the maximum size of the 

Pareto set to 0.35 of the entire population. With respect to the stopping criterion, we reuse 

the one of the toolbox we relied on (see below). Specifically, we stopped the GA if the 

observed average change in any fitness function value over 10 generations was less than 

e
-4

. This was the default setting of the MATLAB optimization toolbox and we did not 

change it. The MOEA used by the toolbox is NGSA-II [63]. 

The initial population is generated randomly, i.e., we start with a set of 200 

randomly generated test suites. Each test suite has a random number of randomly 

generated valid traversals (of variable length) of the graph representing the EFSM. When 

generating a test suite, we first randomly select the number of transitions N this test suite 

will have, between one and the maximum number of transitions we defined earlier to 

control for bloat (section 3.1). We then incrementally create test paths as random 

traversals of the state machine graph until the cumulative number of transitions in those 

test paths reaches N. For the purpose of creating test paths, we add a reset transition from 

each state to the start state. When creating a test path we then iteratively, randomly and 

uniformly select an outgoing transition (including the reset) from the current state. 

Admittedly, this can encourage the generation of short sequences, especially when states 

have a small number of outgoing transitions as specified in the EFSM. Our experiment 

results show however this does not happen thanks to objectives which favour diversity. 

3.6 Multiple-objective GA implementation 

To implement and run our genetic algorithm we tailored the multi-objective 

genetic algorithm framework included in the MATLAB Global Optimization Toolbox 

[11]. Because the chromosomes in our GA are of variable length and have a specific 

structure, we implemented our own population creation function, our mutation and 

crossover operators, as well as our fitness functions, as described earlier in this section.  
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3.7 Empirical Evaluation 

To evaluate our test suite construction technique, we used two different case study 

EFSMs, modeling real world applications, to answer the following questions: 

RQ 1. How do whole and incremental test suite constructions compare? 

Are there any benefits in terms of cost for instance, in generating a whole test suite 

at once rather than test paths separately in an incremental manner? 

RQ 2. Are test suites feasible? 

Since we use a surrogate measure of feasibility during optimization, do we obtain 

actually feasible test suites? In other words, can we find inputs such that test suites in the 

Pareto front can actually execute? 

RQ 3. How does our GA compare to a random search? 

Is our multi-objective GA successful, compared to random generation for instance, 

in addressing our optimization goals? In other words, is the search space so large or 

complex that a random search is not adequate and we have to resort to a GA? 

RQ 4. How does our GA compare to other test suite construction techniques? 

How do test suites created by our GA compare to test suites created by existing 

approaches in terms of effectiveness at detecting faults? 

The first EFSM models a simple Cruise Control system, which we have used in 

the past (e.g., [56], [64]) and was originally described in a textbook [65], while the 

second EFSM is a simplified model of a class II transport protocol we obtained from 

others [30]. They are used to answer our research questions as summarized in Table 3. 

Table 3- Answering research questions with case studies 

 RQ1 RQ2 RQ3 RQ4 

Cruise Control X   X 

Transport Protocol X X X X 

Section 3.7.1 introduces the two case studies while section 3.7.2 discusses how we 

used them to answer the research questions (experimental design). Before answering 

research questions in sections 3.7.5 to 3.7.8, we will perform a qualitative analysis of 
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some of the results we obtain with the Cruise Control case study in section 3.7.4 and 

discuss stochastic aspects of our multi-objective GA in section 3.7.3. 

3.7.1 Case study systems 

We selected two different case study systems for which we have a state model 

(FSM or EFSM) and source code: a simple Cruise Control and a realistic transport 

protocol. Some structural properties of the corresponding state machines are summarized 

in Table 4.  

Although these two case studies represent typical cases where a state machine is 

used to model the behavior, they are admittedly small. However, similar behaviors are 

usually modeled using state machines in UML-based development [66], [65] and in 

industrial case studies reported in the literature [67], [68]. Additionally, it is very 

uncommon in practice to model subsystems or entire systems using state machines, as 

this is far too complex in realistic cases; there is one exception though, when one 

abstracts out from low level behavioural details of a (sub-)system in order to simplify the 

(E)FSM, in which case the state model used for testing purposes is (much) simpler than 

the actual implemented state-based behaviour. Last, the second case study is a 

representative sample of a series of case studies used by others [30]. 

Table 4- Properties of state machine used in case studies 

Case study Number of 

transitions 

Number of 

states 

Number of guarded 

transitions 

Number of 

events 

Number of transitions  

with actions 

Cruise Control 28 4 0 7 0 

Class II protocol 21 6 11 13 11 

We selected a simple model of a Cruise Control as a first case study because, 

although it does not have guards or actions (Figure 8) and therefore any traversal of the 

state machine graph is a feasible test path (as a consequence we have really three fitness 

functions), it allowed us to check the correctness of our approach and focus on the three 

other fitness functions. With only three fitness functions we can furthermore plot results 

and learn from those results in a qualitative analysis: e.g., we can visually observe the 

result of the competition between the fitness functions. Additionally, we can observe the 

benefits of generating a whole test suite instead of one test path at a time (RQ1).  
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Figure 8- EFSM for the Cruise Control system 

The second EFSM is a simplified model of Class II transport protocol [30] that 

models connection establishment, data transfer, end-to-end flow control and 

segmentation: Figure 9. The reader interested in more technical details about this model 

is referred to appendix B, where a complete description of the states, transitions, guards 

and actions is available. We selected this model because of three reasons: (i) There are 11 

guard conditions and 11 actions in the model, so not every valid traversal of the state 

graph is feasible; (ii) It is possible to automatically find feasible test paths in this state 

machine [30]; (iii) We have information on cost and feasibility of an adequate test suite 

from others [30], which can be used as a basis of comparison with our approach. 
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Figure 9- EFSM of a class II transport protocol 

3.7.2 Experimental design 

3.7.2.1 Answering RQ 1—How do whole and incremental test suite 

constructions compare? 

We simulated the construction of an all-transitions adequate test suite for Cruise 

Control and Transport Protocol by following a procedure similar to many existing 

approaches (recall section 2.3.1 on related work) whereby we created a test case for each 

transition: each test case is made of a prefix followed by the target transition, the prefix 

being a shortest path to reach that transition. In the case of Transport Protocol, we made 

sure generated test cases were feasible test paths. We intend to compare this test suite, 

which we refer to as Ttrad, with adequate test suites produced by our GA in terms of cost, 

similarity and effectiveness at finding faults. We followed this procedure based on the 

fact that in any genetic algorithm that creates one test path at a time, different executions 

will be independent of each other. Therefore any specific execution of the GA would not 

necessarily have any information from a previous execution where the goal was to cover 

another transition. Arguably, Ttrad may have redundant test cases, as pointed out by others 

(e.g., [30]): e.g., a test path targeting a transition may be a sub-path of a longer test path 

targeting another transition. To make the comparison more objective, we then removed 

the redundancy by iteratively removing any test path ti that is a sub-path of another test 
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path tj in the test suite, until no further test path deletion is feasible. We obtained a test 

suite we refer to as Tred.  

3.7.2.2 Answering RQ 2—Are test suites feasible? 

As discussed earlier, every traversal of the state graph of the Cruise Control case 

study is feasible. So we only used the Transport Protocol case study to answer research 

question RQ 2. Using this case study, we investigated the feasibility of a sample of test 

suites in the Pareto front we obtain with our GA by manually trying to identify test inputs 

that would make their test paths to execute.  

Specifically, at the end of a typical run of our GA, we ranked the test suites in the 

Pareto front in increasing order of (lack of) coverage: the first ones we obtained were 

adequate test suites, i.e., 100% coverage of all the transitions of the EFSM. We then 

randomly selected one sample test suite for each of the first six values of (lack of) 

coverage: 0, 1, 2, 3, 4 and 5 (these are the numbers of un-covered transitions by the test 

suites). For each of the six test suites, we manually tried to find input values such that 

their test cases can actually execute. 

3.7.2.3 Answering RQ 3—How does our GA compare to a random 

search? 

We only used the Transport Protocol case study to answer research question RQ 3, 

because the model has guards and actions and therefore not all the paths are feasible, and 

compared our test suite generation technique to a random test suite generation approach. 

To have an as unbiased as possible comparison we performed two comparisons, each 

with one specific random generation procedure. 

In the first random generation procedure, we considered the following 

requirements: (i) the random generation should investigate as many solutions in the 

search space as the number of solutions a typical GA run investigates; (ii) the random 

generation should investigate solutions that are comparable in terms of cost with 

solutions the GA investigates. Without (i) we would favour one technique over the other 

since one technique could easily perform better than the other simply because it considers 
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more solutions. Since increasing coverage, diversity, and (likely) feasibility can be 

achieved by increasing cost, we would also favour one technique over the other without 

(ii).  

To account for these two requirements of the search, we monitored several 

executions of our GA. As there were not too much variation in terms of number of new 

solutions constructed and average cost of test suite we selected one typical execution of 

our GA. From the typical execution of our GA we collected the following information: 

the number of new solutions being constructed, the cost (cumulative number of 

transitions) of each such new solution. With the latter we obtained the distribution of the 

number of test suites of specific cost values.  

We then randomly generated as many solutions (test suites) as the number 

investigated by the typical GA and selected an overall cost for each randomly created test 

suite by randomly sampling the abovementioned distribution. Given an overall cost 

value, we generated test paths in the test suite by following the same procedure as the one 

we used to create an element of the initial population of our GA (section 3.5). 

Since random generation can easily generate many more test suites than our GA in 

the same amount of time, we considered a second random generation procedure where 

the GA and the random test generation are given the same amount of time to search for 

test suites. Similarly to the previous comparison, we want random test suites that are 

comparable in terms of cost to the ones generated by the GA. This time, randomly 

generating a test suite takes a randomly generated number of test cases/paths (tp), to be 

selected between the smallest and largest Pareto front test suite sizes obtained from a 

typical GA run, and a randomly generated cost (tc), i.e., number of transitions exercised 

in those tests, to be selected between the smallest and largest cost values of Pareto front 

test suites. In a test suite, each test path is created as a random traversal of the state 

machine graph with a length randomly generated between one and tc. If the overall cost 

of a generated test suite is strictly greater than tc, then this test suite is discarded and a 

new attempt is made. This test suite generation procedure continues until the execution 

time of the random generation is at least equal to the execution of a GA run. 
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3.7.2.4 Answering RQ 4—How does our GA compare to other test 

suite construction techniques? 

Mutation analysis is a well-known method commonly used for the evaluation of 

testing strategies [69]. We used MAJOR [70], a mutation analysis tool for Java, to seed 

faults and perform the mutation analysis. In order to transform the state machine into 

Java code we used a tool called state machine compiler (SMC) [71]. SMC generates code 

from a state machine using the state pattern. It generated skeleton of classes using this 

pattern. Then we completed the code by adding the state variables and implementing the 

actions.  MAJOR uses an approach called conditional mutation [70]. We used all the 

mutation operators available with MAJOR and created 198 mutants for Cruise Control 

and 870 mutants for transport protocol. When identifying whether a mutant is killed or 

alive, we need an oracle for each test case. Our oracle was to check the target state, 

transition triggered as well as comparing the value of state variables for each transition in 

the transition sequence defining a test case.  

We created other test suites using existing testing strategies, specifically: round 

trip path [72] because it has been shown to be a good alternative between the transition 

and transition pair selection criteria [57], a modified version of round trip path that 

attempts to increase diversity among test paths [56], a test suite manually generated by an 

engineer, and the approach that creates one test path at a time to achieve transition 

coverage (recall RQ 1). We compared the generated test suites with test suites created by 

our multi-objective GA in terms of effectiveness at detecting faults as well as our four 

objectives (i.e. cost, coverage, similarity and feasibility). The test suites we selected from 

the Pareto front were the adequate test suites that had the best (i.e. lowest) similarity 

values. 

The manually generated test suite, referred to as Tman, was created by an engineer 

other than us. The engineer was not given any other instructions than to produce an 

adequate test suite for the all-transitions criterion; we observed that the result is an 

adequate test suite that minimizes at the same time overall cost and the number of test 

cases as well as ensures feasibility (in the case of Transport Protocol). 
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We note that in the two round trip paths test suites (the original one and the 

modified one) a couple of test cases were unfeasible because of guards and actions. The 

test cases systematically created by the generation algorithms were slightly modified 

(appending a transition to two paths) to ensure feasibility of the transition criterion. 

3.7.3 Stochastic aspect of our GA 

We note that, since a GA is inherently a stochastic process, we would ideally need 

to run our GA a number of times on each case study and evaluate trends on a large 

number of resulting adequate test suites. We ran our GA a number of times on each case 

study and, although we did not study trends formally, we observed results were similar 

over multiple runs.  

3.7.4 Qualitative analysis of some results 

Figure 10 plots lack of coverage versus similarity for each test suite belonging to 

the Pareto front at the end of one (typical) run of our GA for Cruise Control. This figure 

is a two-dimensional projection of a three-dimensional plot. Numerical values above each 

point represent the cost of the corresponding test suites (the third fitness function). Test 

suites (points) right on the y-axis are all-transitions adequate (no lack of coverage). 

Figure 10 shows a test suite (point) with values (0, 0, 52) for coverage, similarity, 

and cost, respectively. This is an all-transitions adequate test suite with ideal (0) 

similarity value between its test cases. We refer to this test suite as TSga1. The other 

three adequate test suites in the Pareto front are referred to as TSga2, TSga3, and TSga4, 

in increasing order of their similarity value (2, 4, 6, respectively): e.g., TSga4 is (0, 6, 46) 

at the top left corner of the graph. These test suites are included in appendix D. The cost 

values of the four adequate test suites are 52, 50, 49 and 46. These cost values are higher 

than for other all-transitions or transition-tree adequate test suites we have created for this 

case study (section 3.7.8– results for RQ 4 and [26]): the cost values we obtained, though 

not trying to obtain dissimilar test cases (which increases cost), where 25 for the all-

transitions adequate test suites and 38 for the transition-tree adequate test suites. 
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Allowing coverage to get further from its optimum value (0) decreases cost. For 

example, keeping similarity constant (for instance at 0), we see that cost decreases when 

lack of coverage increases (values of cost are 52, 41, 33, 29, 17, 15, … for lack of 

coverage 0, 1, 4, 5, 12, 13, …). Similarly, allowing dissimilarity to get further from its 

optimum value (0) decreases cost. For example, keeping lack of coverage constant (for 

instance at 0), we see that cost decreases when dissimilarity increases (values of cost are 

52, 50, 49, 46 for dissimilarity 0, 2, 4, 6). Also not covering a single transition reduces 

cost: e.g., test suite (1, 0, 41), which misses one transition, has zero similarity and its cost 

is 41. We note that since cost and dissimilarity are objectives to be minimized and an 

empty test suite has ideal cost and dissimilarity, the Pareto front contains an empty test 

suite (Figure 10): (28, 0, 0). Future work can look into removing such a solution for 

instance by penalizing chromosomes (test suites) that do not achieve at least 50% 

coverage. 

 

Figure 10- Sample Pareto front contents for Cruise Control: the x-axis shows lack of 

coverage (0 means adequacy), the y-axis shows chromosome (test suite) similarity (0 

means very dissimilar test cases in test suite), the value next to each dot 

(chromosome) is the cost of the chromosome (test suite). 
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Figure 11- Cruise Control: Pareto front when only optimizing for cost and coverage  

When only using two fitness functions, specifically cost and coverage, we obtain a 

Pareto front as displayed in Figure 11. What is noticeable is that the maximum cost is 39, 

whereas (Figure 10) it is 52 when also accounting for similarity. This can be considered 

as a witness for one’s intuition that improving coverage or improving dissimilarity 

between test cases increases cost.  

The last two observations may suggest that we need to specify weights to our 

fitness functions, to for instance promote coverage. This can be part of future work. 

Similar observations about competing objectives can be made for the Transport 

Protocol case study: see sample data in Table 5: e.g., decreasing coverage (recall we 

measure lack of coverage) decreases cost. Coverage level is gradually getting further 

from its optimal value while the total feasibility penalty of test suite is decreasing. This is 

due to the fact that not covering some transitions (especially the ones that are difficult to 

cover) increases the likelihood that test cases will be feasible. Also decreasing coverage 

while maintaining a similar level of similarity decreases cost. We observed the same 

trade-offs for the Cruise Control case study. 
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3.7.5 Results for RQ 1—How do whole and incremental test suite 

constructions compare? 

Recall that RQ 1 is to study the benefits and drawbacks of building an entire test 

suite at once rather than in a stepwise manner, one test case at a time, each test case 

achieving only one test objective (reaching one target transition): section 3.7.2.1. 

Since, as mentioned previously, the Cruise Control EFSM has 28 transitions, Ttrad 

is all-transitions adequate with 28 test cases. Its cost equals 70 and its similarity equals 

348. When reducing redundancy in Ttrad, we obtain an all-transitions adequate test suite 

Tred with 23 test cases, with a cost of 58 and a similarity of 270. The manually generated 

adequate test suite (Tman) has two test cases for a cost of 31 and a similarity of zero. 

These are to be compared with all-transitions adequate test suites generated by our GA 

(TSga1 to TSga4): their cost ranges from 46 to 52; their similarity ranges from 0 to 6 (on 

the y-axis in Figure 10). Without optimizing for similarity (i.e., with only coverage and 

cost as objective functions), the cost is as low as 39 (on the y-axis in Figure 11). 

We first discuss Ttrad, Tred and our GA solutions. A cost of 39 (GA not optimizing 

for similarity) is almost half of the cost obtained with Ttrad and much less than Tred. 

Comparing these makes sense since similarity is not accounted for when creating Ttrad 

and Tred. Even when accounting for test case similarities, which we know increases costs, 

we obtain lower values with the GA than with the traditional stepwise approach (46 to 52 

instead of 58 or 70). 

With respect to similarity, we observe that the structure of the EFSM graph 

demands that longer paths than those in Ttrad or Tred be used to increase dissimilarity: this 

explains why our GA performs much better in terms of similarity (0 to 6 instead of 348 

and 270 for Ttrad and Tred). For instance (recall the EFSM in Figure 8), test paths of length 

two that cover transitions T8 or T14 all start with T5 and to make them dissimilar one 

needs to take some loops on state Inactive/Idle before going to state Active/Running 

through T5. We therefore conclude that creating a test suite one test case at a time (as in 

Ttrad) while ensuring we have dissimilar test cases would lead to a test suite that is much 

more expensive than 70, thereby increasing the difference with our approach. We 
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therefore conclude that creating an adequate test suite one test case at a time, each test 

case satisfying one test objective, is sub-optimal. 

When comparing Tman with our GA solutions, we observe striking differences in 

terms of cost and similarity. We tried to understand why our GA is not able to find such a 

good solution by itself and we therefore determined the size of the search space. We 

limited the study of the search space to solutions similar to Tman in terms of number of 

test cases (two) and lengths of test cases (15 and 16). Given that each state of the EFSM 

has seven outgoing transitions, there exist 7
15

 (resp. 7
16

) different traversals of the EFSM 

of length 15 (resp. 16). There exist therefore 7
15 

× 7
16 

=
 
7

31
 different test suites with the 

same number of test cases and the same test case lengths as Tman in the search space. 

Considering that these represent a tiny subset of the search space, it is not entirely 

surprising that our GA does not find such a good solution. We note however that TSga1 is 

close to Tman: (0, 0, 52) instead of (0, 0, 31). We conclude that a human can still do better 

than our GA, though our GA is very close to a human-generated solution. 

We followed the same procedure for Transport Protocol and obtained similar 

results when comparing our GA solutions to Ttrad, Tred and Tman in terms of cost, 

feasibility and similarity. Because there are 21 transitions in the EFSM of Transport 

Protocol, Ttrad had 21 test cases. Its total cost was 55 and similarity within whole test suite 

was 175 and 20 out of 21 test cases were feasible. Tred, had 17 test cases. Its total cost 

was 48 and similarity within whole test suite was 113 and 16 out of 17 test cases were 

feasible. Tman had only two test cases with a total cost of 26, similarity of zero and both 

test cases were feasible. If we compare these values with the ones for point 1 in Table 5, 

which is an adequate test suite with total cost of 37 and similarity value of 37 and test 

paths that are all feasible, we come to the same conclusion as for Cruise Control. All the 

test suites mentioned above are included in the Appendix. 
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Table 5- Selected test suites from the Pareto front for the Transport Protocol case 

study 

Fitness Function Point1 Point2 Point3 Point4 Point5 Point6 

Coverage 0 1 2 3 4 5 

Similarity 3 4 4 3 2 0 

Cost 37 38 34 24 22 20 

Feasibility 270 246 198 156 120 108 

3.7.6 Results for RQ 2—Are test suites feasible? 

We verified whether a subset of the test suites in the Pareto front for Transport 

Protocol are indeed feasible:  Table 5. We managed to manually find parameter values 

that make each of the test paths in those test suites feasible. Based on the results in Table 

5, we may conclude that a higher value of our feasibility measure does not necessarily 

mean that the corresponding test suite has less chances of being feasible and we need to 

take into consideration other factors like the size of the test suite (e.g. point1 vs. point6). 

Future work should look into studying improved measurements of feasibility. 

As an example, referring to the first path of the test suite corresponding to point 1 

( Table 5), i.e., Path1: < T1, T3, T15, T8, T17, T19, T2>, we observe that guard conditions, 

directly or indirectly, depend on parameter and context variable values. Guard conditions 

and actions of the Transport Protocol EFSM can be found in Appendix B. When 

triggering T3 we need to select a value for its first parameter that is smaller than the 

second parameter of T1 (opt_ind < prop_opt) and set its second parameter to an integer 

greater than zero (cr > 0). This is because when T1 is executed the value of its second 

parameter is assigned to the context variable opt which should be greater than the first 

parameter of T3 based on the guard condition of T3. Restrictions on the second parameter 

are caused by the guard condition of T8 (S_credit > 0). S_credit is a context variable and 

the last time it is assigned a value before T8 is executed in the given path is when T3 is 

triggered (S_credit=cr). The other conditions are on the parameters of T15. The first 

parameter should be greater than zero (XpSsq > 0) and the sum of the two parameters 

should be either greater than 143 (XpSsq + cr > 143) or less than 128 (XpSsq + cr < 128). 

The last two conditions are caused by the guard condition of T15 (TSsq < XpSsq & [cr + 

XpSsq – TSsq – 128 < 0 V cr + XpSsq – TSsq – 128 > 15]). TSsq is a context variable 
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and the last time it is assigned a value, before T15 in the given path, is when T3 is 

executed (TSsq=0). 

It is possible to satisfy all the conditions above and make Path1 feasible 

(executable): e.g., < T1(3,10), T3(9,4), T15(10,100), T8(4,6), T17(), T19(), T2(10,8,2)> is a 

feasible path.  

3.7.7 Results for RQ 3—How does our GA compare to a random search? 

We compared results of our approach with the random test suite generations 

described in section 3.7.2.3 in terms of adequacy and feasibility (cost is by design the 

same as in our GA solutions). We used a typical execution of our GA, which stopped 

after 151 generations, evaluated 21,350 test suites, and took about 30 minutes to execute.  

The first random generation is to randomly generate the same number of test 

suites, with the same distribution of overall cost (section 3.7.2.3) as the GA run. Among 

those two series of test suites, the GA generated series and the randomly generated series, 

we selected the all-transitions adequate ones, and further selected the ones that have a 

chance of being feasible. In other words, we discarded test suites that are either 

inadequate or definitely infeasible. The total number of adequate and not absolutely 

infeasible test suites generated by the GA was 1,495 while the random generation could 

only generate 44 such test suites.  

In the second random generation, where the GA and the random generation were 

given the same execution time we obtained similar results. We repeated the random 

generation 20 times. Each random generation created between 16,000 and 17,000 test 

suites. This is less than the number of test suites evaluated by the GA. This could be due 

to two reasons. First, this is actually a pseudorandom process where we are controlling 

cost and discarding test suites which have a cost greater than a threshold: the process may 

be discarding many test suites thereby consuming time (to create them) but not 

contributing to any result. Second, the GA is probably doing some optimization in the 

evaluations: for example it only re-evaluates those chromosomes affected by 

reproduction operators (i.e., only the ones affected by mutation or crossover) while the 

random generation creates new test suites each time. However, discarding test suites that 
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were either inadequate or definitely infeasible only left between six and 11 test suites 

with an average of 7.8 and standard deviation of almost 1.85 over the 20 random 

generations of test suites. 

We conclude from both random generation strategies that there is a very low 

chance of achieving our optimization objectives by randomly generating test suites.  

Figure 12 plots the number of adequate not absolutely infeasible test suites found 

by the GA and the first random generation strategy at each iteration of their construction: 

random and GA generations occurred concurrently. During the first few iterations, the 

two procedures are close to each other but in later iterations the number of (adequate, not 

definitely infeasible) test suites generated by the GA is dramatically higher than the ones 

randomly generated. This is due to the fact that in early generations, the GA considers 

costly test suites, and a higher overall cost gives more chances to the random generation 

to obtain adequate, likely feasible test suites. 

 

Figure 12- Number of adequate not absolutely infeasible test paths found at each 

iteration 

3.7.8  Results for RQ 4—How does our GA compare to other test suite 

construction techniques? 

We selected a couple of adequate test suites generated by our GA and compared 

them with test suites created by using other testing strategies. For Cruise Control we 

selected TSga1 and TSga4 (section 3.7.4) and compared them with four other transition 

adequate test suites: Tman and Tred (section 3.7.5), two versions of the round trip path 
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strategy. Mutation score is almost the same for all the test suites: Table 3. In addition to 

test suite similarity values with the Levenshtein distance (used by the GA) we also report 

on the Gower-Legendre measure of similarity since others found it to be a better measure. 

Our data show a strong positive relationship between the two: Pearson’s r coefficient of 

.99. Every test suite, except Tman, has higher values of similarity and cost compared to 

ones created by our GA. Tman can be considered as the optimum the GA is searching for. 

Different types of variability that we have in our encoding (variable number of test cases 

in test suites as well as variable length test paths) have made it very difficult for the GA 

to reach that point. However, it has reached points that are much closer to this optimum 

compared to other approaches. 

For Transport Protocol we compared a GA generated adequate test suite (point 1 in 

Table 7) to three other test suites: two versions of the round trip path strategy, and Tman. 

The two measures of similarity are once again highly correlated: Pearson’s r coefficient 

of .99. The GA test suite had the highest mutation score. Although Tman has the lowest 

cost it is killing fewer mutants compared to other test suites. Results of mutation analysis 

confirmed our intuition about a relationship between diversity in a test suite and its cost-

effectiveness (Table 6 and Table 7). 

Table 6- Results of mutation analysis (Cruise Control) 

 TSga1 TSga4 Tman Tred RTP RTP (Modified) 

Levenshtein 0 6 1 270 296 44 

Gower-Legendre 2.74 2.95 0.38 62.85 85.65 10.36 

Mutation score 40% 40% 40% 38.38% 38.38% 40% 

Cost 52 46 31 58 64 41 

Table 7- Results of mutation analysis (Transport Protocol) 

 GA (point 1) RTP RTP Modified Tman 

Gower-Legendre 1.9347 129.6714 5.6314 1.1833 

Levenshtein 3 394 36 5 

Mutation score 46.48 40.84 43.38 41.83 

Cost 37 89 37 25 

3.8 Threats to validity 

Regarding external validity [73], which relates to the extent to which the results of 

our study can be generalized to other situations, there are two points to consider. First, as 



 

 60 6

0 

mentioned in section 3.7.3, a GA is a stochastic process. Typically, during research, a GA 

is run a number of times and trends in the results are observed. We ran our GA a number 

of times on each case study and, although we do not report on trends, we observed results 

were similar over multiple runs. Therefore, for each case study we report on only one 

representative run. 

The other threat to external validity is the size and number of case studies. As 

mentioned in section 3.7.1 we report on two case studies, which are admittedly small. 

But, we believe they are good representatives of what needs to be dealt with in state-

based testing. First, similar size state machines are used in UML-based development, and 

in industrial case studies reported in the literature (section 3.7.1). Second, it is very 

uncommon in practice to model an entire system using a single large state machine. 

Third, these state machines are test models which usually represent a single test purpose 

[1]. Last, the second case study is a representative sample of a series of case studies used 

by others [30].  

Internal validity relates to how well we have conducted the studies. The feasibility 

and similarity measures we have used and to what extent they represent feasibility of a 

test path or diversity in a test suite can be considered as a threat to internal validity. 

Regarding feasibility in addition to the fact that we use a surrogate measure of feasibility 

one may argue that summing up the values is not ideal from a measurement point of view 

because we have test suites of varying sizes. A test site with 10 low feasibility test cases 

may appear to be better than a test suite with one test case with higher feasibility. The 

same critique can apply to similarity of whole test suite. A test suite with only one pair of 

very similar test paths (Similarity measure = S) will get the same score as a test suite with 

n similar test paths each having a similarity measure of S/n. However, others before us 

have used exactly the same measures [3], [30] and achieved convincing results. Also, as 

mentioned in section 3.7.6, test paths found by our GA are indeed feasible. We will 

experiment with different similarity measures in chapter 4. Another potential threat to 

validity is the way we implemented the random generation of test suites and compared 

them with our GA. We put a limit on the cost of randomly generated test suites so that 

they have the same distribution as the ones found by our GA and each time the cost of a 
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randomly generated test suite exceeded that limit we discarded that. Therefore, the 

process may not be totally random. But it was as realistic and comparable to the GA 

generation as possible. 

3.9 Summary 

In this chapter we presented the main contribution of this thesis, which is a multi-

objective GA that generates whole test suites from an EFSM. After providing details on 

the implementation of our solution we used two different case studies to evaluate our 

approach and answer four different research questions discussed in section 3.7, showing 

that it is better (e.g., cost) to construct a test suite at once, as we do, rather than one test 

case at a time, the test suite our solution generate is made of feasible test cases, our 

solution performs better than a random search and other test suite construction 

techniques. 
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4 Measuring similarity in a test suite 

One of the main factors affecting the success of any search based algorithm is 

(are) the objective function(s). Although the impact of different test case similarity 

measures on effectiveness at detecting faults has been already studied [3], it is not clear 

whether those results would apply to a multi-objective test suite construction. As 

discussed in section 3.8, we are looking for measures of similarity within a test suite 

other than using sum of pair-wise similarities of its test cases. In this section, we 

therefore investigate the effect of using different methods of measuring similarity in a test 

suite on our multi-objective GA for test suite generation from EFSMs.  

We start by explaining how existing methods used by Hemmati et al [3] can be 

applied to our multi-objective GA in section 4.1 and then discuss new methods of 

computing diversity within a test suite driven from measures used in life sciences in 

section 4.2. We use the Cruise Control case study to compare, through statistical analysis, 

different measures in terms of cost and effectiveness of test suites generated by our multi-

objective GA in section 4.3.  

4.1 Applying existing measures to our Multi-Objective GA 

As mentioned in section 3.4, our intuition, as well as others’ [3], was that test 

paths should be as dissimilar as possible to increase effectiveness at fault detection. One 

of the four objective functions in our GA therefore computes a similarity value for a test 

suite. To obtain a similarity value for a set of test paths (test suite), similarly to others [3], 

we first compute the similarity between every unordered pair of test paths (genes) and 

then aggregate those pair-wise comparisons in a similarity value for a test suite 

(chromosome). Different pair-wise similarity measures can be used [3]. One of the 

measures, which is not limited to identical length sequences (we have variable length 

chromosomes), is the Levenshtein distance [55]. Although not the recommendation of 

Hemmati et al. (recall section 3.4) this is the best measure of similarity they studied [3] 

that supports variable length sequences. To change this distance measure into a similarity 

measure, similar to Hemmati et al. [3], we reward each match between two sequences by 
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one point and penalize mismatches and gaps by simply ignoring them (i.e., assigning no 

point).  

The Hamming distance is another similarity measure that we used. It is one of the 

most used distance measures in the literature [3]. The Hamming distance is based on the 

edit distance. The edit distance between two strings is the minimum number of edit 

operations (i.e., insertions, deletions and substitutions) required to transform one string 

into the other. The Hamming distance can be used as a sequence based similarity measure 

between strings of equal length. However, for variable length strings it is used as a set 

based measure.  To convert variable length strings into strings of equal length, similarly 

to Hemmati et al. [3], a binary string is constructed that represents which elements from 

the set of all legal elements of an encoding are present in a given string. In our case legal 

elements of the encoding are all the transitions of a given EFSM.  

The last similarity measure that we considered is the set-based Gower-Legendre 

(Dice) measure since this is the one suggested by Hemmati et al [3]. As the Dice measure 

is a set based measure (section 2.3.2), the order of genes (in our case transitions) and the 

repetition of genes will be lost in computation. The Dice measure of two test paths f and g 

is based on commonalities and differences between the sets of symbols (in our case, 

transitions of the EFSM) of the test paths: 

𝐷𝑖𝑐𝑒(𝑓, 𝑔) =
|𝑓 ∩ 𝑔|

|𝑓 ∩ 𝑔| +
1
2

(|𝑓 ∪ 𝑔| − |𝑓 ∩ 𝑔|)
 

Similarly to Hemmati et al. [3], we defined the similarity of a test suite 

(chromosome) as the sum of the similarity measures computed for each unordered pair of 

test paths (genes) in that chromosome. The following objective function needs to be 

minimized: 

𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑆𝑢𝑚(𝑆) = ∑ 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑓, 𝑔)

(𝑓,𝑔)𝑢𝑛𝑜𝑟𝑑𝑒𝑟𝑒𝑑 𝑝𝑎𝑖𝑟𝑠 𝑖𝑛 𝑆
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4.2 Methods from life sciences  

As genetic algorithm has its roots in the science of biology and genetics we 

conjectured that using methods which biologists use to measure similarity from 

individuals to populations can result in more realistic computations of similarity. We 

therefore performed a short survey on methods used to measure diversity in the field of 

biology. The three major parameters utilized by biologists to express variation of a 

population are: diversity within a population, diversity among populations and distance 

between two populations. The first and second parameters are referred to as α- and β-

diversity respectively and γ-diversity represents total diversity (α + β) [74].  

Kosman [74] divides methods of diversity analysis in plant pathology into five 

categories: 

1. Genotypic methods: Genotypic methods were initially developed for 

measuring species diversity. They use information about relative frequencies 

of different genotypes in population. In the context of EFSMs, a genotype can 

be mapped to a transition, pair of transitions, paths, sub-paths or states. Many 

other mappings can be considered as well. In our GA encoding genotypes can 

be mapped to transitions in an EFSM.  

2. Gene methods: These methods analyze gene variation in populations and are 

based on calculations of frequencies of alleles
1
 at individual loci

2
. Transitions 

can be considered as example of alleles in an EFSM. In this way each 

position of transitions in a path traversing an EFSM can be considered as loci. 

3. Genetic methods: After measuring dissimilarity between pairs of individuals 

using any measure, the diversity of a population is calculated using a matrix 

of dissimilarities in which each row and each column represents an individual 

and each element is the pair-wise dissimilarity between two individuals. The 

                                                 

1
 An allele is an alternative form of a gene (one member of a pair) that is located at a specific 

position on a specific chromosome. 

2
 Locus (plural : loci) is the location of a gene on a chromosome. 
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matrix can be used to simply compute average of dissimilarities or it can be 

used in a more sophisticated assignment based approach like Kosman’s 

diversity within population (KW) that we will discuss later in this section. 

4. Functional methods: Functional methods are mostly used in the study of 

ecosystems. Each organism (species) is described by a set of functional traits 

which are believed to be important for the function of an ecosystem. 

Differences between organisms are assessed based on dissimilarity between 

their functional profiles. 

5. True diversity methods: The term true diversity was first coined by Jost [75], 

[76] and later the idea was complemented by Tuomisto [77]. True diversity is 

based on the notions of α-, β- and γ-diversity as well as intuitive ecological 

concept of diversity.  

Each of the categories mentioned above is further divided based on the type of 

diversity parameters used to measure dissimilarity: i.e., diversity within population (α), 

distance between populations, diversity among populations (β) and total diversity (γ). A 

complete list of parameters belonging to each category can be found in Kosman’s paper 

[74].  

In our multi-objective GA we need to measure diversity within a population, i.e. 

α-diversity. Therefore, in the following paragraphs we briefly describe methods 

belonging to each of the five categories that are used to measure α-diversity. 

According to Kosman [74] the three most commonly used genotypic methods to 

measure diversity within a population are Shanon Information, Sh(P), Simpson diversity, 

Si(P), and the Stoddard index, St(P). In population P with qr  as the frequency of 

genotype r and s as the total number of genotypes these measures are defined as follows: 

- 𝑆ℎ(𝑃) =  − ∑ 𝑞𝑟 ln 𝑞𝑟
𝑠
𝑟=1  (1), 

- 𝑆𝑖(𝑃) = 1 −  ∑ 𝑞𝑟
2𝑠

𝑟=1  (2), 

- 𝑆𝑡(𝑃) =
1

∑ 𝑞𝑟
2𝑠

𝑟=1
 (3). 
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Nei [78] has defined the most common gene method [79] for the assessment of 

diversity within a population. This method is based on allele frequencies. In a population 

P with a total number of T loci, Aj alleles at locus Lj (j = 1, 2, …,T) and qij as the 

frequency of the i
th

 allele at locus Lj (i = 1, 2,…, Aj), Nei’s measure is defined as: 

𝐻(𝑃) =
1

𝑇 
 . ∑ 𝐻𝑗 

𝑇 

𝑗=1
(𝑃) =  

1

𝑇 
 . ∑ (1 − ∑ 𝑞𝑖𝑗

2
𝐴𝑗

𝑖=1
 ) (4) 

𝑇 

𝑗=1
 

The average dissimilarity within population (ADW) and Kosman’s diversity within 

population (KW) are two common genetic methods [79]. In a population P with n 

individuals x1, x2, …, xn and δ(xi, xj) representing dissimilarity between xi and xj, the 

average dissimilarity within population, using the matrix of dissimilarities defined earlier, 

is calculated using the following formula: 

𝐴𝐷𝑊 (𝑃) =  
1

𝑛2  . ∑ 𝛿 (𝑥𝑖 
𝑛
𝑖,𝑗=1 , 𝑥𝑗) (5) 

Kosman’s diversity within population [79] is defined using the idea of optimal 

overall matching of individuals in a population. In a population of size n, individuals are 

matched to form n pairs in a way that the sum of dissimilarities between the pairs has its 

maximum value. Finding those pairs is similar to solving the assignment problem [80], 

which is finding a maximum weight matching in a weighted bipartite graph. Kosman’s 

diversity is calculated by dividing the sum of dissimilarities between matched pairs by 

the number of matched pairs: 

𝐾𝑊(𝑃) =  
1

𝑛
 . 𝐴𝑆𝑆𝑚𝑎𝑥 

𝛿  (𝑃, 𝑃) (6) 

Rao has proposed the quadratic entropy as an index of functional diversity within 

a population [81]. In population P with qi as the frequency of genotype i, t as the total 

number of genotypes in P and δij as the dissimilarity between genotypes i and j, the 

quadratic entropy with regard to dissimilarity δ is defined as: 

𝑄𝛿 (𝑃) =  ∑ 𝛿𝑖𝑗𝑞𝑖𝑞𝑗

𝑡

𝑖,𝑗=1
  (7) 
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Two different approaches to generalize Shanon’s entropy, originally a genotypic 

measure, as a functional method to measure diversity within populations have been 

proposed by Ricotta et al. [82], [83]. In the first approach [82] each genotype is assigned 

a weight based on its importance in the data set: 

𝑆ℎ𝑤(𝑃) =  − ∑ 𝑤𝑖𝑞𝑖𝑙𝑛 𝑞𝑖

𝑡

𝑖=1
  (8) 

The weight wi corresponds to the i
th

 genotype and represents the total dissimilarity 

between the i
th

 genotype and all other genotypes in the date set. Similarly to the previous 

measure, qi is the frequency of genotype i in the set of t genotypes. 

In the second approach to extend Shannon’s entropy to a functional diversity 

measure, Ricotta and Szeidl [83] use the following representation of the Shannon index: 

𝑆ℎ (𝑃) =  − ∑ 𝑞𝑖

𝑡

𝑖=1
ln( 1 −  ∑ 𝑞𝑗 

𝑡

𝑗=1,𝑗 ≠𝑖
)  (9) 

In the above equation, ln (1 – ∑ 𝑞𝑗
𝑡
𝑗=1,𝑗≠𝑖 ) is the rarity function which represents 

how difficult it is to find genotype i with relative abundance qi. A second generalization 

of the Shannon entropy is defined by integrating the dissimilarity function with the 

definition of the rarity function. The following equation is used to calculate this second 

measure of functional diversity based on Shannon’s entropy: 

𝑆ℎ𝑝 (P) = - ∑ 𝑞𝑖 
𝑡
𝑖=1 ln( 1 −  ∑ 𝛿𝑖𝑗𝑞𝑗  𝑡

𝑗=1 )  (10) 

Jost has proposed a conversion of common diversity measures to true diversity 

[75]. As an example, the true diversity for the Shannon’s entropy is defined as its 

exponent: 

exp( 𝑆ℎ) = exp  (− ∑ 𝑞𝑟𝑙𝑛𝑞𝑟
𝑡
𝑟=1 ) (11) 

Kosman and Leonard have performed a conceptual analysis of different types of 

methods mentioned above [79]. They compared those measures on organisms with 

asexual or mixed mode of reproduction. They used studies of plant pathogenic fungi for 

their experiments. Based on their study, Kosman’s diversity within population (Eqn 6) is 
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more appropriate and informative than other measures as it includes both genotypic 

structure of a population and measure of dissimilarity between various genotypes. 

Another interesting measure to consider based on this study is the average dissimilarity 

within population (Eqn 5) as a representative of all the measures that are based on allele 

frequencies (e.g., Nei’s measure, Eqn 4).  

Therefore we selected Kosman diversity within population (Eqn 6), which we 

refer to as KW, and average dissimilarity within population (Eqn 5), which we refer to as 

ADW, to apply to our multi-objective GA. Both methods are based on a function that 

computes pair-wise dissimilarity between two individuals (δ). These two methods in 

addition to summing up pairwise similarities (SUM) are the three methods we used to 

compute dissimilarity within population. We used the three functions mentioned in 

section 4.1, i.e., Leveneshtein distance, Hamming distance and Dice, as the dissimilarity 

functions required by SUM, KW and ADW, resulting in nine different combinations to 

experiment with. Note that Kosman and Leonard have also used the Dice measure in their 

experiments. Because these two methods are based on pair-wise dissimilarities rather 

than similarities we used the original version of all these three measures without 

converting them to similarity measure. 

4.3 Comparing different measures using statistical analysis 

As mentioned in the two previous sections (sections 4.1 and 4.2) we used three 

different measures to compute pair-wise similarity (dissimilarity) among test paths and 

three different methods to compute similarity (diversity) within a whole test suite 

(chromosome). This resulted in nine different implementations of our multi-objective 

GA. As our intuition as well as other’s [3] was that diversity within a test suites is related 

to its cost and effectiveness at finding faults, we designed and implemented a statistical 

analysis procedure to investigate the effect of using different similarity measures on cost 

and effectiveness of test suites generated by our multi-objective GA. In the following 

sections we discuss the research questions (section 4.3.1) as well as the statistical analysis 

procedure we designed to answer our research questions (section 4.3.2). As we used 

ANOVA (Analysis of Variance) in our statistical evaluation we briefly describe this test 

in section 4.3.3 and discuss its use in our context in section 4.3.4. We will conclude this 
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section by discussing results and threats to validity in sections 4.3.5 and 4.3.6 

respectively. 

4.3.1 Research questions 

The main research question we were trying to answer was: what is the effect of 

using different methods of computing similarity on cost and effectiveness of test suites 

generated by our multi-objective GA? To be more specific we then broke down this 

question into the following four research questions: 

RQ 1.What is the effect of using different pair-wise dissimilarity measures on 

cost? 

RQ 2. What is the effect of using different pair-wise dissimilarity measures on 

effectiveness? 

RQ 3. What is the effect of using different methods of computing diversity on 

cost? 

RQ 4. What is the effect of using different methods of computing diversity on 

effectiveness? 

4.3.2 Statistical Procedure 

We used the Cruise Control case study. As mentioned in section 3.7, all the paths 

in the corresponding state machine are feasible. Therefore, we could focus on other 

objectives, which are cost and similarity. We designed the following analysis procedure 

to answer our research questions: 

1. Run each of the nine different versions of the GA 100 times; 

2. Randomly select samples of size 20 out of 100 executions and collect the 

resulting Pareto fronts (i.e., final solutions found by the GA); 

3. Select the adequate test suite with the lowest cost from each Pareto front (i.e., 

20 different test suites are collected for each of the nine different 

implementations of the GA). We obtain 180 (20 times nine) different test 

suites; 
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4. Compare different versions of the GA in terms of cost using Analysis of 

Variance (ANOVA); 

5. Execute these test suites on mutants and measure mutation scores; 

6. Compare different versions of the GA in terms of mutation score using 

Analysis of Variance (ANOVA). 

4.3.3 Analysis of Variance (ANOVA) 

The analysis of variance (ANOVA) [84] refers to a group of statistical procedures 

for the analysis of quantitative responses from experimental units. Single-factor or one-

way ANOVA is a type of ANOVA. It is the analysis of data sampled from more than two 

populations or data collected from experiments in which more than two treatments have 

been applied. The characteristic that separates different treatments or populations from 

one another is referred to as the factor under study and each treatment or population is 

called a level of the factor [84]. The goal of ANOVA is investigating if difference 

between different samples is due to chance or caused by different treatments. Assuming 

there are n different populations or treatments each having mean of μi, the null hypothesis 

(H0) is that all the mean values are equal, i.e.: H0 : μ1  =  μ2  =  …. =  μn; and the alternate 

hypothesis (Ha) is that at least two of the mean values are different. 

Two-way ANOVA is used to compare populations when there are two factors 

under study. In one-way ANOVA, populations are classified based on a single factor. In 

the two-way ANOVA, there are two factors, each with its own number of levels.  

In our experiment we have two factors under study. The first factor is the pair-

wise similarity (dissimilarity) measure, which has three different levels, i.e. dice, 

hamming distance and leveneshtein distance. The second factor is the method for 

measuring diversity within a whole test suite, which has two levels: KW and ADW. Each 

of these factors has three different levels (i.e. three different pair-wise 

similarity/dissimilarity measures and three different methods to compute 

similarity/diversity within whole test suites). Therefore, we performed multiple single 
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factor ANOVAs as well as a Two-way ANOVA for each dependent variable (cost and 

effectiveness). 

As the goal of our experiment is investigating the effect of similarity measure on 

cost and effectiveness, the null hypothesis will be that changing similarity measure will 

not change the mean value of cost and effectiveness in a randomly selected sample of 

solutions found by GA.  

Table 8 presents a sample ANOVA table. In addition to well-known statistical 

measures like sum, average and variance, a typical tool supporting ANOVA provides: 

 Sum of squares (SS): Sum of squared deviations from mean; 

 Degree of freedom (df): The number of values that are free to vary. For example 

in our one-way ANOVA, df between groups is two and df within groups is 57; 

 Mean square (MS): This is defined as MS = SS/df; 

 P-value: Quantifies strength of evidence against null hypothesis. Small p-value 

(less than 0.05) means strong evidence against null hypothesis; 

 F and Fcrit: These values are used in an F-test to reject the null hypothesis. 

Table 8-Sample ANOVA table 

 

We used Microsoft excel to perform ANOVA. In excel treatments are referred to 

as groups. Therefore, SST is the sum of squares for the total sample, i.e. the sum of the 

SUMMARY

Groups Count Sum Average Variance

leveneshtein 20 1184 59.2 44.27368

hamming 20 1126 56.3 48.22105

dice 20 959 47.95 27.41842

ANOVA

Source of Variation SS df MS F P-value F crit

Between Groups 1364.633 2 682.3167 17.07027 1.55E-06 3.158843

Within Groups 2278.35 57 39.97105

Total 3642.983 59
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squared deviations from the grand mean. SSW is the sum of squares within the groups, i.e. 

the sum of the squared means across all groups. SSBet is the sum of the 

squares between group sample means, i.e. the weighted sum of the squared deviations of 

the group means from the grand mean. In the results of two-way ANOVA there are rows 

labeled as sample, column and interaction. The “Sample” stands for the row factor, which 

in our case, is the method to aggregate pair-wise similarities into a single value 

representing whole test suites (i.e. Sum, KW, ADW). The “Columns” represents the 

“pair-wise” similarity factor and "Interaction" is the combination of the two factors. You 

can refer to appendix E for examples of two-way ANOVA tables generated by excel. 

We will also use the Omega test to measure effect size, which presents the 

strength of a treatment effect and is independent of sample size. Omega, which is defined 

as an unbiased measure of effect size [85] is given by the following formula. 

𝜔2  =  
𝑆𝑆𝐵𝑒𝑡 − 𝑑𝑓𝐵𝑒𝑡𝑀𝑆𝑊

𝑆𝑆𝑇 + 𝑀𝑆𝑊
 

Elements of the above formula are coming directly from ANOVA tables. SSBet is 

the sum of squares between groups and SST is the total sum of squares. MSW is the mean 

square within groups and dfBet is the degree of freedom between groups. In general, 

Omega is considered as a more accurate measure of the effect size compared to other 

measures like Cohen’s d measure.  ω2 = .01 depicts a small effect and ω2 = .06 and .14 

depict medium [85] and large effects respectively. 

4.3.4 Using ANOVA in our experiments 

We used the Cruise Control case study (section 3.7.1) in our experiment and 

applied the above-mentioned procedure. As mentioned in the previous section we had 

two different factors under study and each of them had three different levels. Cost and 

effectiveness were the two dependent variables. Following the statistical procedure 

described above resulted in three different single factor ANOVA tests with different 

methods of computing pair-wise similarity as the factor under study and cost of generated 

test suites as dependent variables. It also resulted in three single factor ANOVA tests 

with different methods of computing diversity within whole test suite as the factor under 
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study and cost of generated test suites as dependent variable. Replacing cost with the 

effectiveness at detecting faults (mutation score) as the dependent variable resulted in six 

additional single factor ANOVAs (three for pair-wise similarity measure as the ANOVA 

factor and three with method of computing diversity within whole test suite as the factor 

under study). 

Combining two factors resulted in two different two-way ANOVAs, one of them 

with cost and the other with effectiveness at detecting faults as the dependent variables.  

Results of all 12 different one-way ANOVA tests and the two two-way ANOVA 

tests are included in Appendix D. 

Two assumptions about the data being used in ANOVA are that each sample has a 

normal distribution and the standard deviations are close enough (i.e. the largest standard 

deviation is not greater than twice the smaller one). As you will see in Figure 13 and 

Figure 14 there is no major skewedness in the box plots representing data used in our 

experiments, which means data have a normal distribution. Also as summarized in tables 

Table 9 and Table 10 standard deviations of different samples are close enough (the 

largest standard deviation is not greater than twice the smaller one) to each other. 

Therefore, we can conclude that the data we used in our experiment satisfies ANOVA 

assumptions. Note also that ANOVA has proved to be very robust to departures from 

these assumptions [86].  

Table 9- Mean and variance of cost values 

 Hamming Levenshtein Dice 

 ADW KW SUM ADW KW SUM ADW KW SUM 

Average 69.1 56.3 51.1 65.95 59.2 48.35 51.85 47.95 44.9 

Variance 108.72 48.22 30.09 91.31 44.27 23.82 29.08 27.42 32.73 

SD (σ) 10.42 6.94 5.86 9.55 6.65 4.88 5.39 5.24 5.72 

4.3.5 Results 

In this section we separately study the effect of different configurations of our GA 

on cost (section 4.3.5.1) and effectiveness at finding faults (section 4.3.5.2). 
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Figure 13 – Box plot comparing costs 

4.3.5.1 Effect on cost 

Results of the experiment with nine different configurations of our GA are 

presented in Table 9. As mentioned earlier these nine different flavors are results of using 

different pair-wise similarity measure and aggregation method (for the whole test suite). 

Each column represents one configuration and its effect on cost in terms of average, 

variance and standard deviation of the 20 test suites selected for each of them.  

Figure 13, presents the same result from another point of view. It is a box plot 

representing the distribution of cost values for each implementation of our GA. 

When comparing different samples of data (i.e. the 20 test suites collected for each 

method after step 3 of the procedure mentioned before) in terms of cost (i.e. cost was the 

factor under study), the null hypothesis was rejected in all the six one-way ANOVA tests. 

This means, there is a relation between cost of test suites generated by our GA and the 

method used to compute diversity/similarity within test suites (Dice vs. Hamming vs. 

Levenshtein), regardless of the method to aggregate pair-wise comparisons for computing 

diversity for an entire test suite (ADW, KW, SUM).  

We also observed that among the three different measures we used to compute 

pair-wise similarities/dissimilarities, the Dice (gower-legendre) measure resulted in test 
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suites of lowest cost (i.e. average cost of test suites was lower than the two other 

measures) regardless of the method used to compute diversity/similarity within whole test 

suites. This is in accordance with what Hemmati et al. have reported [3].  

When comparing average cost of test suites based on the method used to compute 

diversity/similarity within whole test suites, summing up all the pair-wise similarities had 

the lowest cost value regardless of the method used to compute pair-wise 

similarity/dissimilarity. This means that the way methods from life sciences promote 

diversity within whole test suites results in test suites of higher cost. Results of this 

experiment are summarized in the box plot of Figure 13 as well as Table 9.   

If we study effect size, which depicts the strength of a treatment effect and is 

independent of sample size, we come up with the following conclusions.  

Following are the effect size for different one way ANOVAs we performed to 

investigate effect of size: 

 Independent variable: pair-wise measure, test suite diversity: ADW  ω2 = 0.41 

  Independent variable: pair-wise measure, test suite diversity: KW  ω2 = 0.35 

 Independent variable: pair-wise measure, test suite diversity: SUM  ω2 = 0.16 

 Independent variable: test suite diversity, pair-wise measure: dice  ω2 = 0.20 

 Independent variable: test suite diversity, pair-wise measure: hamming  ω2 = 

0.48 

 Independent variable: test suite diversity, pair-wise measure: Leveneshtein   

ω2 = 0.49 

As mentioned earlier we also put the two independent variables (test suite 

diversity and pair-wise measure) together and performed two-way ANOVA. Results of 

this analysis can be found in appendix E. For the Two-way ANOVA we had ω2= 0.30 for 

the effect size.  



 

 76 7

6 

All of these values are greater than 0.14 which means similarity measurement 

method has a considerable effect on the cost of test suites. 

Table 10 – Mean and variance of mutation scores 

 Hamming Leveneshtein Dice 

 ADW KW SUM ADW KW SUM ADW KW SUM 

Average 98.65 98.31 97.90 98.95 98.24 97.84 98 98.15 97.77 

Variance 1.34 1.31 2.96 1.83 2.51 2.57 2.47 2.93 2.16 

SD (σ) 1.16 1.14 1.72 1.35 1.58 1.60 1.57 1.71 1.47 

 

4.3.5.2 Effect on mutation score 

Similar to the previous section, we have summarized the results of the experiment 

in Table 10 and Figure 14. With mutation score as the factor under study the results of 

one-way ANOVA tests were different. In all the six different scenarios (i.e. three 

different pair-wise similarity/dissimilarity measures and three different methods to 

compute similarity/diversity within whole test suites) we were not able to reject the null 

hypothesis.  

 

Figure 14- Box plot comparing mutation scores 

The average mutation scores in each case are very close to each other. In other 

words changing the method of computing diversity/similarity does not change the 
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mutation score significantly. Considering the fact that all the test suites selected for our 

statistical analysis were adequate test suites this is not far from expectations. As all the 

test suites are adequate their effectiveness at detecting faults is very close to each other. 

Results of this experiment are summarized in the box-plot of Figure 14 as well as Table 

10. As mentioned in section 4.3.3, we used the Omega test to measure effect size. Effect 

size presents the strength of a treatment effect and is independent of sample size. 

Therefore, we also used effect size to make sure that the results of ANOVA are valid: 

 Independent variable: pair-wise measure, test suite diversity: ADW  ω2 = 0.04 

  Independent variable: pair-wise measure, test suite diversity: KW  ω2 = 0.01 

 Independent variable: pair-wise measure, test suite diversity: SUM  ω2 = 0.03 

 Independent variable: test suite diversity, pair-wise measure: dice  ω2 = 0.05 

 Independent variable: test suite diversity, pair-wise measure: hamming  ω2 = 

0.02 

 Independent variable: test suite diversity, pair-wise measure: Leveneshtein   ω2 

= 0.05 

 Two-way ANOVA:  ω2= 0.01 

All of the values above are less than 0.06, which means there is a small effect size. 

Therefore, we can conclude that changing the method of computing similarity does not 

have a statistically nor a practically significant effect on the mutation score. 

4.3.5.3 Qualitative analysis of results 

In section 4.3.5.1, we showed there is a relation between cost of test suites and the 

method used to compute similarity. In this section we characterize this relation. 
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Figure 15-Relation between cost of test suites and method used to compute 

similarity 

As mentioned earlier Dice, as a pair-wise similarity measure resulted in test suites 

of lower costs compared to other measures. Also we observed summing up pair-wise 

similarities is simply the best way of aggregating those pair-wise measures into a single 

value representing the whole test suite. As Figure 15 suggests in addition to those two 

observations there is a trend among different methods of computing similarity within 

whole test suites. As we move from Hamming to Leveneshtein and then Dice there is a 

monolithic decrease in cost of test suites with the exception of KW. Considering the fact 

that KW measure uses maximum distance to match pairs, this is not surprising. Both dice 

measure and hamming distance (as implemented by Hemmati and in this thesis) are set 

based measures while Leveneshtein distance is a sequence based measure. Therefore, it 

results in longer sequences of transitions (test paths) to maximize KW distance which 

increases cost of generated test suites. 

We studied nine different measures of test suite diversity: ADW-H, ADW-L, 

ADW-D, KW-H, KW-L, KW-D, SUM-H, SUM-L, SUM-D. They are currently used for 

test suite construction. They could also be used for test suite evaluation. For instance, 

since SUM-D appears to be the cheapest and as effective as the other ones, one could 

consider evaluating the ADW-H, ADW-L, ADW-D, KW-H, KW-L, KW-D, SUM-H, 

SUM-L test suites with SUM-D. This can indicate how good those other measures are in 

representing diversity in a test suite. For example if between two test suites (TS1 and TS2) 
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one of them (e.g., TS1) has a better ADW-H it will also have a better SUM-D. In other 

words, does SUM-D(TS1) > SUM-D(TS2) imply ADW-H(TS1) > ADW-H(TS2)? This 

will be studied in future work. 

In mutation analysis there were mutants that none of the test suites could kill (i.e. 

equivalent mutants). This could be due to the fact that we used transition coverage and 

mutation operators (like Literal Value Replacement) that do not change in the sequence 

of transitions triggered by a test case could not be killed by any of the test suites. This is 

the reason that all the mutation scores are high. As mentioned there is not much variation 

in mutation scores because all the test suites we used were adequate and therefore were as 

effective as each other in detecting faults. 

To conclude, as changing the method of computing diversity does not have a 

significant effect on the mutation score, the method which results in test suites of lower 

cost is a better one in terms of cost and effectiveness. Therefore, the dice measure is the 

best measure to compute pair-wise similarities/dissimilarities in terms of cost and 

effectiveness. Regarding the method of computing diversity within whole test suites 

summing up all the pair-wise values had better results than the two methods from life 

sciences (ADW, KW) regarding cost and effectiveness.  

4.3.6 Threats to validity 

Regarding threats to conclusion validity, there are two points to consider. The first 

threat is due to the stochastic nature of genetic algorithms. To avoid this threat we 

executed each different version of our multi-objective GA 100 times before starting the 

statistical analysis. As mentioned in section 4.3.2 each sample had 20 Pareto front 

solutions in it. Also to be fair in our comparisons, from each Pareto front we selected the 

adequate test suite with the lowest cost. This means we picked the best solution in terms 

of cost and coverage for all different flavors of our GA.  

Second threat can be size of case study. As mentioned in section 3.7.1, the size is 

admittedly small but is representative of what is usually used in state based testing. 

Similar size state machines are used in model-based development, and in industrial case 
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studies reported in the literature (section 3.7.1). Also it is very uncommon in practice to 

model an entire system using a single large state machine.  

We tried to minimize construct threats by the way we designed our experiment. 

We ran our GA 100 times and used ANOVA to perform statistical analysis. As 

mentioned earlier our data satisfy ANOVA assumptions and ANOVA has proved to be 

quite robust to deviations from these assumptions. 

Threat to internal validity of our experiment is the fact that we used mutation 

score as a surrogate measure of effectiveness at detecting faults, i.e. we replaced real 

faults with manual seeded ones. As a test suite’s mutation score has proved to be 

correlated with its real fault detection rate [87] the probability that this threat affects the 

validity of our results will not be significant. 

Regarding external validity, which can limit the extent to which results of our 

experiments can be applied to similar situations, we need to consider the fact we 

performed our experiment in the context of our multi-objective GA. As mentioned earlier 

we consider four different objectives that impact each other. Therefore, they might affect 

the factors we considered in this study (cost and effectiveness in detecting faults). One 

studying the relation between diversity and cost and fault detection in the context of 

another test generation approach may get different results. We tried to minimize this 

threat by using the Cruise Control EFSM in which all the path are feasible so that 

feasibility didn’t affect results of our experiment. 

4.4 Summary 

In this chapter we investigated the effect of using different methods of computing 

similarity on our multi-objective GA. We used three different measures to compute pair-

wise similarities between test cases of a test suite and three different methods of 

aggregating those pair-wise values into a single value that represents similarity within a 

whole test suite. We used analysis of variance (ANOVA) to analyze the results we got 

from the Cruise Control case study. We noticed changing the similarity computation 

method affects cost of generated test suites without having a major effect on the fault 

detection rate (potentially because all the optimal test suites that we studied were 
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adequate). Therefore, we came to a final conclusion that a method which results in a test 

suites with lowest cost is the best one two use in our multi-objective GA. 
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5 Counter Problem 

As discussed in previous chapters, we argue that generating a test suite for an 

EFSM is a multi-objective optimization problem. Solving this multi-objective problem 

gets more complicated when there are guard conditions that refer to counter variables, 

i.e., variables that count how many times a behavior, as simple as a transition or as 

complex as a sub-path in the EFSM graph, needs to be repeated in order to trigger 

another behavior (transition). The counter problem has different manifestations. In its 

simplest form, a single transition should be triggered a particular number of times, in 

order to trigger another transition, this last condition being guarded by a counter variable. 

More complex situations involving several counter variables or longer sub-paths to be 

repeated may also be encountered. A discussion of those manifestations, of different 

complexity, is one of the contributions of this chapter. To the best of our knowledge, this 

is the first attempt to discuss a taxonomy of counter problems. We believe this is an 

important contribution of this chapter since other researchers will then be able to 

precisely compare techniques, to precisely understand under which conditions test suite 

construction techniques work (or not) and to complement the taxonomy (we do not argue 

this is a definite discussion of the counter problem). 

Our solution discussed in Chapter 3 does not specifically account for the counter 

problem, though it may be able to handle some manifestations of the counter problem 

(for instance the Transport Protocol case study is a manifestation of the counter problem). 

Others before us have proposed a solution to the counter problem [88]. It is however a 

solution to be used when constructing one test case at a time, without accounting for 

conflicting objectives. It therefore, makes sense to combine these two solutions: multi-

objective construction of a test suite as discussed in this thesis while accounting for the 

counter problem as discussed by others. This counter-aware, multi-objective test suite 

construction is another contribution of this chapter. Recognizing that the existing solution 

to handle counters [88] has limitations, we suggest a new mechanism to handle counters 

and integrate it in our multi-objective test suite construction (Chapter 3). This second 

counter-aware, multi-objective test suite construction is yet another contribution of this 

chapter. Our last contribution is a comparison of those two counter-aware, multi-
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objective test suite construction techniques on three synthetic, but realistic EFSMs 

exhibiting different manifestations of the counter problem. In doing so, we discuss how 

the presence of counter variables in an EFSM affects the success of test suite construction 

at finding feasible (executable) test suites.   

To summarize the contributions of this chapter, we provide: (1) a precise 

definition of the counter problem and a first (to the best of our knowledge) attempt at 

classifying different types (with corresponding EFSMs) of the counter problem. This 

should become a benchmark others can use to evaluate alternative solutions; (2) an 

integration of an existing counter-aware technique with our method of constructing an 

entire test suite from an EFSM; (3) a new solution to the counter problem which is also 

integrated into our previous technique to create entire test suites; (4) a comparison of 

those two counter-aware, multi-objective test suite construction techniques on three 

synthetic, but realistic EFSMs.  

The rest of this chapter is structured as follows. In section 5.1 we discuss a 

taxonomy of counter problems. Section 5.2 shows that the synthetic examples we use to 

illustrate different manifestations of the counter problem in our taxonomy can be found in 

practice. Section 5.3 describes how we account for the counter problem in multi-objective 

construction of test suites from an EFSM, discussing two different solutions as mentioned 

earlier. Section 5.4 presents the empirical evaluation we performed to assess those two 

solutions. Section 5.5 summarizes this Chapter. 

5.1 A Taxonomy of counter problems 

In this section we precisely define the counter problem and propose a first (to the 

best of our knowledge) taxonomy of counter problems, discussing several manifestations 

of the problem of different complexities.  

Kalaji and colleagues define a counter variable as a variable that counts how many 

times another transition (at least) needs to be repeated [88]. This is also the definition 

Binder assumes when extending the W-method for test suite construction [89]. We 

believe this definition is a bit restrictive since what gets repeated and counted is not 

necessarily restricted to a single transition but could involve a sub-path in the entire 
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EFSM. This has also been confirmed by our own experience at test case construction 

from an EFSM. To reason about counters and the counter problem, Kalaji and colleagues 

classify update functions into those that update a variable by using (i) an input parameter, 

(ii) a variable, or (iii) a constant, and further classify the second type (updating with a 

variable) into those that (a) increment by a constant value, (b) decrement by a constant 

value, (c) multiply by a constant value or (d) divide by a constant value. As argued by the 

authors, this is a simplification of the problem they made to be able to obtain acceptable 

solutions to the problem of constructing feasible (i.e., executable) transition sequences 

(i.e., test cases). Indeed, a variable can in theory be updated in a transition by using more 

complex (linear or not) functions of variables, inputs and constants, though one may 

argue this would rarely happen. For instance, in the context of UML [90] based software 

development, actions and guards in a state machine can be specified with any 

syntactically correct OCL [90] expression (see for instance an attempt at accounting for 

those expressions during state-based test construction in [90]. 

Our own experience with EFSMs that exhibit a counter problem shows that the 

problem can manifest itself in varying ways, of varying complexities. In other words, 

solutions such as Kalaji et al’s, to find executable test paths from an EFSM while 

accounting for the counter problem have varying difficulties solving the problem 

depending on the kind of counters the EFSM has. We therefore, decided to categorize 

different manifestations of the counter problem. This is, we believe, an important 

contribution of this work since classifying occurrences of the counter problem should 

help compare test case generation techniques and understand why, or under which 

circumstances, some work or not. For instance some EFSM-based test case construction 

techniques may handle simple manifestations of the counter problem but fail to handle 

more complex situations; understanding when techniques succeed or fail will help 

improve test case construction techniques. 

In accordance with, and extending Kalaji et al.’s discussion, we consider an EFSM 

exhibits a counter problem when there exists a sub-path p in the EFSM graph such that 

repeating p a specific number of times n enables a transition t in the EFSM, i.e., it is 

necessary to repeat p n times to eventually make the condition guarding t true.  
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We denote a path p in the EFSM as a sequence of transitions t1, t2, … tm, m being 

the length of p, such that the final state of ti is the initial state of tj, j=i+1, i=1, … m-1. 

The initial (resp. final) state of the path is t1’s initial state (resp. tm’s final state).  

In general, a path in the EFSM enabling transition t with a counter variable has the 

form: q, (r, p, s)
n
, o, t; where q, r, p, s, and o are sub-paths of the EFSM graph such that 

q’s initial state is the initial state of the EFSM, q’s final state is r’s initial state, r’s final 

state is p’s initial state, p’s final state is s’s initial state, s’s final state is r’s and o’s initial 

state, and o’s final state is t’s initial state; sub-path r,p,s is repeated n times. Note that 

each time p is repeated, its prefix (r) and suffix (s) in the repetition are not necessarily the 

same during each repetition; What matters is that it is necessary to repeat p n times to 

eventually enable t. 

In its simplest form, which we call Level1, r, s, and o are empty and p’s length is 

one: p’s final state is t’s initial state. This corresponds to Kalaji et al.’s definition of the 

counter problem and is illustrated by the EFSM of Figure 16. In this example, the 

transition guarded (t) is the transition from State1 to State2; its guard depends on variable 

c, which is incremented by the self-transition on State1 (p); Here, p and t are triggered by 

the same input, e1, though this is not necessarily the case in other instance of a simple 

counter problem.  

 

Figure 16 – Level1 of the counter problem (synthetic example) 

A more complex manifestation of the counter problem is illustrated by the EFSM 

of Figure 17, which we call Level2. The transition guarded by counter variable C2 is T9. 

Enabling T9 requires repeating T8 but enabling T8 requires that T5 be repeated. In this 

case, p’s length is one, like the simplest case, but r is itself a repetition, ending with T6. 

In fact, T6 is guarded by counter variable C1. In other words, one counter variable’s 

value (C2’s), necessary to enable a transition, depends on another counter variable (C1). 
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Figure 17 - Synthetic EFSM with a Level2 counter variable 

A synthetic example of a yet more complex manifestation of the counter problem 

(Level3), with four counter variables (C1, C2, C3 and C4), appears in Figure 18. The path 

enabling the transitions guarded by C1, C2 and C3 are similar to the first (simplest) 

example above: r, s, and o are empty and p’s length is one (e.g., T5 which updates C1). 

T6’s guard condition requires that T5 be repeated three times before it can be triggered. 

C4 illustrates a more complex counter problem since p is T21, r is made of three 

repetitions of T17, followed by T18. T17 updates the value of C3 and it should be 

repeated three times before T18 can be triggered. In other words C4 depends on C3. 

These three EFSMs provide a first attempt at describing a taxonomy of 

manifestations of the counter problem in EFSMs. 

We will use these three examples in section 5.4, where we evaluate our solution to 

the counter problem and compare it with an existing solution. 
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Figure 18 - Synthetic EFSM with multiple counters (Level3) 

5.2 Real examples matching synthetic ones  

In this section we illustrate the two first manifestations of the counter problem 

discussed above on real examples.  

The Level1 of the counter problem of Figure 16 is illustrated by the EFSM of 

Figure 19, which can typically be obtained when modeling a bounded stack for instance. 

Another example of this simple counter problem is an ATM that allows a maximum 

number of erroneous attempts at providing a PIN [88]. One transition guarded by a 

counter variable (currentIndex) is T6 and repeated sub-path p is reduced to T3 (Figure 

19). Here, p and t are triggered by the same input, push(), though this is not necessarily 

the case in other instance of a simple counter problem. Another transition guarded by a 

counter variable (again currentIndex) is T5, which requires that sub-path T4 be repeated. 
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Figure 19 - EFSM of a simple stack 

Although Figure 17 is a synthetic example, it is similar to the model of a resizable, 

bounded data structure [64]: see Figure 20. States Empty, PartiallyFiled and Filed 

represent the usual states of a fixed size data structure whereby the data structure starts in 

the Empty state and moves to PartiallyFiled and eventually Filed as elements are added 

(the data structure also accommodates removals so going back to empty is possible). 

What is different from a standard data structure is that this one  can resize itself: The state 

can change from Filed to PartiallyFiled with the add() event. The data structure can only 

resize a maximum number of times, after which the state becomes Overflow. In this 

example, the variable counting the number of resize times depends on the variable 

counting the number of elements in the data structure. 

 

Figure 20 – EFSM of a bounded data structure [64] 
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5.3 The counter problem and test generation from an EFSM 

The presence of counter variables can make the process of finding feasible paths 

in an EFSM complicated. In its simplest form one or more counter variables are 

independent of each other and the transition(s) affecting counter variables should be 

repeated a specific number of times to enable guard conditions referring to those counter 

variables. As we discussed in section 5.1 the counter problem gets more complicated 

when counter variables depend on each other. This can get even more complicated when 

there are sequential constraints among transitions as well, i.e., when a specific behavior, 

triggering a couple of different sub-paths in the EFSM, needs to be triggered in order to 

eventually enable a specific transition. For example, our last example illustrates this more 

complex manifestation of the counter problem where there is more than one type of 

counter variable in a single EFSM. In addition there are sequential constraints among 

different transitions as well. Using this example we will be able to verify how our 

solution(s) can handle the EFSM with multiple counter variables that are dependent on 

each other. 

Since the multi-objective GA discussed previously in Chapters 3 and 4 do not 

specifically account for counter variables, and since Kalaji and colleagues have proposed 

a solution to account for such variables, we first discuss how we extended our GA with 

their solution (section 5.3.1). We also discuss a different method we propose to extend 

the GA to specifically account for counter variables (section 5.3.2). We then discuss the 

setup of the GAs (section 5.3.3). 

5.3.1 Extending our GA using Kalaji et al.’s solution 

Feasibility is one of the four fitness functions of our multi-objective GA. Kalaji et 

al. [88] defined a specific fitness function to account for the counter problem. When there 

are counter variables in an EFSM in order to make a test path TP, that includes transition 

t which is guarded by a counter variable, feasible, other transitions that initialize the 

counter variable (initializer) and update (updater) its value should be included before t in 

TP. Therefore, Kalaji and colleagues first identify which transitions reference counter 

variables. They have implemented a function that finds initializers and updaters for the 
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counter variable in t’s guard as well as the number of times updaters should be included 

in a test path. For each counter variable this function finds triplets of the form (initializer, 

updater, updater times) that satisfy the guard condition of t. These triplets are used by 

another function which checks if the initializer and updater come in the appropriate order 

in a given test path and if the updater is included in the test path the exact number of 

times given in the triplet. If the given test path does not satisfy these conditions a very 

large penalty is added to the corresponding feasibility fitness function value (i.e. the path 

is marked as infeasible).  

Updating the feasibility fitness function we discussed in section 3.4, this way, to 

account for the counter problem, has several limitations. The GA will not necessarily be 

guided towards acceptable solutions in an efficient manner because solutions are either 

marked as feasible or infeasible and the ones that have a higher chance of being feasible 

are not rewarded by the fitness function. In other words, the fitness function does not help 

the GA navigate through the solution landscape because the landscape created by the 

fitness function has high picks and is otherwise relatively flat. Also, creating a list of 

acceptable triplets of (initializer, updater, updater times) is time consuming, as this is 

done every time the fitness function is called. Additionally, the way they count updaters 

does not account for all the possible situations. As an example, consider the case where a 

guard condition performs a comparison using the “greater than” operator (“>”) and the 

updater increases the value of the counter variable by one. The list of triplets proposed by 

Kalaji et al. only includes the minimum number of updater repetitions that is required to 

meet the guard condition. Any test path in which the updater is repeated more than that 

minimum number of times is an acceptable solution as well but will not be marked as 

feasible by their algorithm as the corresponding triplet is not in the list. Their solution 

only accepts solutions with the exact number of updater repetitions. Also their algorithm 

only looks for definition-clear paths, w.r.t. the counter variable, from the updaters to the 

guarded transition, while paths that are not necessarily definition-clear could enable the 

guarded condition too. Plus, their solution requires that all the occurrences of a specific 

updater be consecutive. Recall from section 5.1, that we defined a path in the EFSM 

enabling transition t with a counter variable as: q, (r, p, s)
n
, o, t. The discussion above 

about Kalaji et al.’s solution to the counter problem means that they have only considered 
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the simple case where r and s are empty, p is a single transition and o is definition clear 

with respect to the counter variable used in t’s guard condition. 

We nevertheless extended our original GA by replacing its feasibility fitness 

function (section 3.4) with the one of Kalaji et al [88]. We will refer to this four-objective 

GA as KHS-GA in the reminder of this paper. 

5.3.2 Extending the GA with a new solution 

In order to avoid limitations discussed in the previous section, we propose another 

solution to the counter problem. In our solution a new fitness function is added to 

specifically account for the counter problem, making the search a five-objective one. The 

new fitness function is a penalty value that depends only on the counter variables and the 

guard conditions referring to them. For each test path that has transitions referring to 

counter variable(s) we symbolically execute the initializers and updaters of those 

variables along the test path. Whenever a transition with a guard condition referring to a 

counter variable is reached the current value of the counter variable is used to evaluate 

the guard condition. If the guard condition is true, no penalty is added to the path. If the 

guard condition is not true a penalty value is added to the fitness of the path rather than 

marking the test path as infeasible (i.e. similar to Kalaji et al [88]). This penalty is 

proportional to the difference between the current value of the counter variable and the 

value required to make the guard condition true, similarly to the notion of approximation 

level in GA-based white box test case construction [35]. The corresponding fitness of a 

test path, TP, is defined using the following formula, where Cg is the value of the counter 

variable required by the guard condition referring to it, Cv is the current value (in the 

symbolic execution of the path) of the counter variable and p is a basic penalty value (we 

used the value of 100 in our experiments); 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠 (𝑇𝑃) = ∑ |𝐶𝑔 − 𝐶𝑣| ∗ 𝑝
𝑓𝑜𝑟 𝑎𝑙𝑙 𝑐𝑜𝑢𝑛𝑡𝑒𝑟 

𝑣𝑎𝑟𝑖𝑏𝑙𝑒𝑠 𝑖𝑛 𝑇𝑃

 

The fitness of a test suite is then defined as the sum of penalty values of its test 

paths. Our objective is then minimizing this fitness function. We proceeded this way 
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since the fitness value of a path is no longer binary (as with Kalaji et al.) but should lead 

the GA towards acceptable (i.e., feasible) solutions. The landscape of the search should 

show a larger number  of hills, which should help the GA towards good solutions. We 

believe this new solution avoids other limitations of the KHS-GA approach as well. 

There we will be no need to create all the acceptable triples on initializer, updater and 

updater times in advance. Our new solution does not need all the paths from updaters to 

the corresponding guard conditions to be definition clear. Also it does not require all the 

occurrences of a specific updater to be consecutive as it only considers the final value of 

a counter variable in a guard condition after all the updates made by different transitions 

in a given test path. It however has an evaluation cost: the symbolic execution. We will 

refer to this five-objective GA as New-GA in the reminder of this thesis. 

5.3.3 Genetic Algorithm parameters 

We mostly (see below) followed the design of the original GA (section 3.6). We 

selected a population size of 200, which conforms to what has been suggested in the 

literature [61]: i.e., a value in range [30, 80] multiplied by the number of objective 

functions (five for New-GA and four for KHS-GA). To keep population sizes identical in 

both extensions of the GA (KHS-GA and New-GA), so as to not favour one over the 

other, and given they have different numbers of fitness functions, we used two different 

values in range [30, 80]: 40 for New-GA and 50 for KHS-GA. Based on results from 

previous studies [62] we selected a crossover rate of 0.7 and a mutation rate of 0.01. The 

Pareto fraction parameter controls elitism in a multi-objective GA since it limits the 

number of individuals in the Pareto set (elite or tradeoff members). Based on a previous 

study [62], which suggests to set the maximum size of the Pareto set such that the ratio of 

the Pareto set over the entire population is between ¼ and 4, we set the maximum size of 

the Pareto set to 35% of the entire population. With respect to the stopping criterion and 

the type of Multi-Objective Evolutionary Algorithm (MOEA), we reuse the one of the 

Matlab toolbox we relied on, and stopped the GA if the observed average change in any 

objective function value over 10 generations was less than e
-4

. The MOEA used by the 

toolbox is NGSA-II [63]. 
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The initial population is generated randomly, i.e., each GA starts with a set of 200 

(our population size) randomly generated test suites. Each test suite has a random number 

of randomly generated valid traversals (of variable length) of the graph representing the 

EFSM. When generating a test suite, the GA first randomly selects the number of 

transitions (N) this test suite will have, between one and the maximum number of 

transitions. Each GA uses the same limit for the maximum size of a test suite to control 

bloat [53]. Each GA then incrementally creates test paths as random traversals of the state 

machine graph until the cumulative number of transitions in those test paths reaches N. 

For the purpose of creating test paths, each GA adds a reset transition from each state to 

the start state. When creating a test path each GA then iteratively, randomly and 

uniformly selects an outgoing transition (including the reset) from the current state. 

Admittedly, this can encourage the generation of short sequences, especially when states 

have a small number of outgoing transitions. Experiment results show however this does 

not prevent each GA from producing longer test paths thanks to objective functions 

which favour diversity for instance. 

For our experiment, we modified the original reproduction operators, specifically 

the mutation operator, to (hopefully) better guide each GA to optimal solutions to the 

counter problem. In the original multi-objective GA (Chapter 3), six different mutation 

operators were used, and applied with equal probability, to modify solutions in every 

generation [91]. To account for the counter problem, in each of New-GA and KHS-GA, 

we increased the probability of using the operator which adds a new transition to a test 

path to 50% and made sure all the other operators had the same probability (10%). Since 

accounting for the counter problem requires that some transitions, or sequences of 

transitions, be repeated, favouring the addition of transitions should help. Other operators 

also ensure, though with a smaller probability, that sequences of transitions are added. 

5.4 Empirical evaluation 

To study the two solutions that account for counter variables and evaluate the 

impact of various manifestations of the counter problem on results those solutions 

generate, we experimented with the three example EFSMs we introduced in section 5.1, 

and both New-GA and KHS-GA. We believe these three examples appropriately present 
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different manifestations of the counter problem. For the stack EFSM we set the capacity 

to four. For each case study, we ran both GAs several times and collected the feasible, 

adequate test suites from the Pareto front. Results are discussed below for each of the 

three case studies separately. 

In section 3.7, we compared our GA to randomly created test suites, making sure 

the random generation explores the same number of solutions in the search space as the 

GA. Results showed that random generation was never able to produce feasible test 

suites. Since the problems we addressed then were simpler, specifically without counters, 

there is no reason to believe a random generation would perform better at generating 

feasible test suites than KHS-GA or New-GA in the presence of counters. We therefore 

do not report on a comparison with a random generation in this chapter. 

5.4.1 Counter problem Level1 

Each time we ran New-GA, we were able to find feasible, adequate test suites in 

the Pareto front. A sample of such test suites is included in Appendix F. On the contrary, 

in each execution of KHS-GA, the Pareto front did not contain a single adequate, feasible 

test suite. One possible reason could be the fact that in a stack we can push and pop 

elements alternatively and the path can still be feasible while the solution proposed by 

Kalaji only accepts consecutive occurrences of a single type of updater, which are push 

and pop operators in the stack case study. This is one of the limitations of KHS-GA that 

we mentioned in section 5.3.1 and tried to avoid it in our new solution. The other reason 

could be that their algorithm does not search the landscape of solutions efficiently, which 

is not easy since, as already discussed, the landscape has high picks and is otherwise 

relatively flat. 

5.4.2 Counter problem Level2 

Contrary to the simple (stack) example, neither New-GA nor KHS-GA were able 

to produce a single feasible, adequate solution in their respective Pareto front, in each of 

the many runs we performed. Although the result for KHS-GA is not entirely surprising 

since KHS-GA was not able to produce satisfactory solutions on the simpler problem (see 

above), the result or New-GA needs investigation. 
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We randomly selected test suites from the Pareto front after each run and looked 

into the test paths they contain to find out why they were all infeasible. The main reason 

in almost all those cases was either the guard conditions of T6 or T9 was not satisfied: T5 

must be executed three times to enable T6; T8 must be executed at least twice to enable 

T9. In most of those test suites the guard condition of T9 was not satisfied.  

However, New-GA produced solutions that were very close to being adequate and 

feasible since the guard condition of T6, which represents the first type of counter was 

satisfied. Minor modifications to those test suites (adding or removing a few transitions) 

can make them feasible and adequate. A sample of those test suites is included in 

Appendix F  

Solutions found by KHS-GA were not even close to those solutions. One reason 

could be the method used to compute penalty values. After creating the list of possible 

triplets (initializer, updater, updater times) a test path is only accepted if it has one of 

these triplets and otherwise it is marked as totally infeasible. This contrasts with New-

GA, which computes how close the value of a counter variable is to the required value to 

make guard conditions referring to them true.  

We tried to change some of the GA parameters mentioned in section 5.3.3 in an 

attempt to increase the chance for the GAs to find a feasible solution. Based on the 

hypothesis that the population size may not be large enough for the GAs to find the 

desired solution we increased the population size to 300, 400 and 500 and executed the 

two GAs with each of these population sizes several times. These modifications did not 

result in adequate feasible test suites either. We also tried to increase the maximum 

length of chromosomes so that the GAs could search for longer test paths. We increased 

the maximum length to 400 and executed the GAs again, without success. 

To better understand why no feasible, adequate solution were found, we looked 

into the structure of the EFSM (section 5.1), and discovered that the chance of finding a 

feasible solution in which the guard condition of T9 is satisfied is very, very small. 

Considering the structure of the EFSM and guard conditions referring to C1 and C2, the 

shortest feasible path to reach T10 has a length of 16: T2, T5, T5, T5, T6, T8, T5, T5, T5, T6, 
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T8, T5, T5, T5, T6, T9. Based on the topological structure of the EFSM there are 2
3
*3

2
*4

12
 

(1,207,959,552) different paths of length 16 in the EFSM reaching T9 and only one of 

them is feasible. Increasing the length of test paths will increase the size of the search 

space exponentially and decrease the chance of finding feasible solutions dramatically. 

This is the main reason why the two GAs are not able to find a feasible test suite. The 

chance for the GAs to find a solution for the EFSMs with the counter problem is very 

low. Considering all the possible traversals of an EFSM that have a specific length and 

the fact that only a few of them will be feasible, finding a feasible path is almost 

impossible for the GA. 

Another potential reason could be the fact that New-GA has five objective 

functions, considering that some GA frameworks handle such a large number of objective 

functions better than others [92]. Although future work will have to look into this, we are 

not convinced this is the main cause for the negative results reported above (recall the 

discussion about the size of the search space).  

5.4.3 Coutner problem Level3 

We ran New-GA and KHS-GA on the third case study. Neither of them, in neither 

of the runs, could find feasible, adequate test suites, which is not entirely surprising given 

the previous results and the fact that the third example exhibits more complex counter 

problems. However, similarly to the second example, New-GA was able to find partially 

feasible paths solving the counter problems due to counters C1, C2 and C3, while the 

transition guarded by C4 is never enabled. On the contrary, KHS-GA was never able to 

find such partially feasible paths for any of the counters. We have included a sample of 

those New-GA generated test suites in Appendix F.  

Similarly to the previous case study, this could be caused by a very small number 

of adequate solutions in a very large search space. For counter variables of type two and 

three, optimal solutions that our GA is looking for (feasible adequate test suites) are very 

scarce and the probability of finding them in the given large search space is close to zero. 

However, our new solution could get very close to those optimums. Another reason could 

be the other objectives of our GA. For example, increasing diversity in test suites can 
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prevent the GA from looking for solutions in which a specific sequence of transitions is 

repeated several times to meet requirements of counter problems of type three (C4 in our 

example). 

5.5 Summary 

In this chapter we investigated the effect of the counter problem on our multi-

objective genetic algorithm. In an EFSM with counters there are specific transitions that 

require another transition or sequence of transitions to be repeated more than once in 

order to be enabled. This can complicate test generation from an EFSM. In this chapter 

we defined three different manifestations of the counter problem. We integrated an 

existing counter-aware technique with our method of constructing an entire test suite 

from an EFSM. We also proposed a new solution to addressing the counter problem 

during test suite construction which was also integrated into our previous technique. We 

then compared those two counter-aware, multi-objective test suite construction 

techniques on three different EFSMs that had counter variables. Our new solution proved 

to be more successful in handling more complex manifestations of the counter problem 

and examples that included more than once type of counter problem. There is however 

still room for improvement. 
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6 Conclusion and future work 

In this chapter we first conclude on the idea of this thesis, our approach and results 

(section 6.1) and then discuss future works (section 6.2). 

6.1 Conclusion 

Model-based testing (MBT) has become a common approach to software testing. 

According to Leagard [2] this is due to reasons like increase in software complexity, high 

cost of software testing and maturity of model-based testing tools. State-based models are 

widely used in MBT because of their concision and precision. Extended Finite State 

Machines (EFSMs) are preferred by software engineers over FSMs as EFSMs reduce the 

size of the state model model by using data variables. 

My thesis was that test generation from an EFSM is a multi-objective optimization 

problem. A tester aims at more than one goal during test generation from an EFSM. 

There are competing objectives such as maximizing coverage while keeping all the test 

paths feasible or increasing diversity among test paths while keeping cost as low as 

possible. As search-based techniques have proved to be successful in finding solutions to 

optimization problems with competing objectives we used them in this thesis. 

We proposed a search-based technique that generates test suites from an EFSM 

using a multi-objective genetic algorithm. The goal of our GA was to find test suites that 

achieve a maximum level of coverage, ideally reaching adequacy (we used the all-

transitions selection criterion), have a high chance of being feasible (we use a surrogate 

measure of feasibility), minimize cost (i.e., cumulative number of triggered transitions in 

all test cases), and minimize the similarity between the test paths that constitute the test 

suites since this has been shown to relate to the effectiveness of test cases at finding 

faults. We provided a detailed description of our algorithm and justified the decisions we 

made at different steps.  

To the best of our knowledge, this is the first time in the state-based testing 

literature that these objectives are used together. Additionally, our solution creates an 

entire adequate test suite in one search step instead of creating test cases one after the 
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other for satisfying test objectives (in our case covering transitions) separately in an 

incremental manner. We argued, and experimentally confirmed, that proceeding 

incrementally is a sub-optimal procedure for the task, and that this can be compared to a 

greedy algorithm. Instead, we rely on a meta-heuristic search, specifically a genetic 

algorithm. 

We used two different models to validate our approach (section 3.7). Results 

confirmed our intuition that generating an entire test suite rather than doing so 

incrementally results in improvements in terms of cost and dissimilarity, while not 

hurting with respect to (expected) feasibility and adequacy. Also, we confirmed that 

when a test suite is expected to be feasible, using a surrogate measure of feasibility, it is 

indeed possible to find test inputs such that test paths can actually execute, even in the 

presence of other optimization goals. Also by using diversity as an objective function we 

managed to find test suites that are less expensive, without scarifying effectiveness at 

detecting faults. Comparing test suites generated by our GA with randomly generated test 

suites proved the search space is so large or complex that a random search is not adequate 

and we have to resort to a GA. 

We also explored different ways of improving our approach. In Chapter 4 we 

investigated the effect of using different methods of measuring similarity in a test suite on 

our multi-objective GA. In addition to the Levenshtein distance, which we used in the 

initial implementation of our GA (section 3.4), we used the Hamming distance and the 

Dice measure to compute pair-wise similarities between test paths. To aggregate those 

pair-wise similarities and compute similarity within an entire test suite we used two 

methods from the life sciences in addition to summing up which was the method used by 

Hemmati et al. and we used in the initial implementation of GA. One of them was 

Kosman diversity within population (KW) [79] because experiments indicated this was 

the most appropriate measure of diversity (i.e., the most informative one) compared to a 

series of other measures. It accounts for the genotype structure of a population as well as 

the dissimilarity between various genotypes. The other measure we used is the average 

distance within population (ADW), which was shown to be a good representative 

measure of all the measures that are based on allele (i.e. transitions in an EFSM) 
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frequencies [79]. This resulted in nine different flavours of our multi-objective GA: three 

pair-wise measures of test cases and three aggregation strategies to compute a similarity 

value for a test suite. We compared these nine different implementations, i.e., the 

generated test suites, based on cost and effectiveness at detecting faults. The Dice 

measure was the best measure to compute pair-wise similarities/dissimilarities in terms of 

cost and effectiveness. Regarding the method of computing diversity for a whole test 

suite, summing up all the pair-wise values had better results than the two methods from 

life sciences (ADW, KW) regarding cost and effectiveness. 

We also looked at the effect of the counter problem on our approach. Generating 

executable test paths from an EFSM is hindered by the presence of counter variables in 

guard conditions since they require that specific behaviour, as simple as a single 

transition but possibly much more complex, be repeated a given number of times 

(counter) prior to enabling another behaviour (i.e., a guarded transition) in the EFSM.  

We first tried to characterize different manifestations of the counter problem in 

EFSMs, from simple ones to more complex ones. Our taxonomy of counter problems, 

though simple and definitely incomplete, illustrates three different cases, of varying 

complexities. Although our discussion is not meant to be a definite one on the subject, we 

believe it is the first attempt at doing so being reported in the literature, which others can 

build upon: enriching the taxonomy; comparing technologies on a common benchmark. 

We then modified, in two different ways, our multi-objective genetic algorithm to handle 

counters in EFSMs. We selected this optimization technique since it was shown 

(Chapters 3 and 4) to effectively generate entire test suites from an EFSM that are 

transition adequate, reduce costs, are made of feasible paths (when there is no counter) 

and that are as diverse as possible (in an attempt to be effective at finding faults). Two 

extensions, referred to as KHS-GA and New-GA, were considered. The first one (KHS-

GA) integrated existing work by others to account for counters when creating one test 

case at a time [88]. The second one (New-GA) is our contribution and attempts, by 

adapting solutions for white-box testing [35], to address limitations of this previous 

counter-aware solution. 
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We experimented with these two optimization techniques on three different case 

studies that are representative of different manifestations of the counter problem. Results 

show that our solution (New-GA) can handle simple counters when they appear alone in 

an EFSM (first case study), that is, it can find feasible (i.e., executable) test paths. 

Unfortunately, our solution is not able to produce feasible test suites for the two other, 

more complex manifestations of the counter problem. It was only able to find test paths 

that contain feasible/executable sub-paths, accounting for a subset of the counters of the 

EFSM, the simple manifestations of the counter problem; the entire test paths are not 

feasible because of more complex manifestations of the counter problem. On the 

contrary, the extension based on an existing counter-aware solution, KHS-GA, could not 

find a single feasible solution for any one of the three case studies, even the one with the 

simple manifestations of the counter problem. In summary, our new solution can find 

feasible solutions for simple counters and get very close to feasible solutions for more 

complex ones, while the existing solution did not succeed at finding feasible solutions, or 

getting close to them, for any type of counter problems. 

Our qualitative analysis of results explained why generated test paths were not 

feasible (although sub-paths were) in relation to the EFSMs and the manifestations of the 

counter problem. We showed that for complex manifestations of the counter problem, 

finding an adequate and feasible test suite for an EFSM is like finding a needle in a 

haystack: in one example (not the most complex manifestation of the counter problem), 

enabling a transition guarded by a counter variable with the shortest test path as possible 

amounts to finding a path in one billion other paths. This is a task that is difficult for a 

genetic algorithm, unless it is adequately guided by fitness functions and cross-over and 

mutation operators.  

Although our results are not entirely positive, we conclude that we present an 

improvement over existing work to handle the counter problem in EFSMs but that there 

is much research work in front of us to find a more general solution. One could think of 

reducing the size of the search space by looking for test paths of a specific length; the 

issue is however to be able to find this maximum length in an automated way. Modifying 

reproduction operators, i.e. mutation and crossover, to better guide the GA towards 
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feasible solutions can be considered as another extension to our solution. One can also 

consider revisiting our fitness functions. As we added a new fitness function specific to 

the counter problem, another way to extend our solution is using other multi-objective 

evolutionary algorithm, specifically ones that have shown to be more successful than 

NGSA-II in handling multiple objective functions (e.g. IBEA [62]). Another way to 

guide the GA towards feasible solution could be using symbolic execution of the whole 

EFSM. Our discussion of counter problems (taxonomy) and our qualitative analysis of 

results should help others and us in this quest. We defined different manifestations of the 

counter problem with corresponding EFSMs; These could be considered an initial 

framework for evaluation of alternative test case/suite constructions techniques in future 

research. However, all these modifications will affect other objectives in test suite 

generation from EFSMs that we discussed in different sections of this thesis (e.g. 

maximizing diversity) and their effects need to be investigated thoroughly.  

Last, this thesis resulted in the following publications: 

 Asoudeh, N., Labiche, Y., “Multi-objective construction of an entire adequate 

test suite for an EFSM,” IEEE International Symposium on Software 

Reliability Engineering , 2014 

 Asoudeh, N., Labiche, Y., “A Multi-Objective Genetic Algorithm for 

Generating Test Suites from Extended Finite State Machines,” Symposium on 

Search-Based Software Engineering, 2013 

 Asoudeh, N., Labiche, Y., “On the Effect of Counters in Guard Conditions 

When State-based Multi-objective Testing,” IEEE International Conference on 

Software Quality, Reliability & Security – Workshops (QRS-C), 2015 

 Asoudeh, N., Labiche, Y., “Mult-objective test generation from EFSMs and 

effect of test suite diversity”, Journal paper in preparation 
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6.2 Future work 

We tried two different ways of improving our solution to the problem of test 

generation form EFSMs (multi-objective GA) in this thesis. There are other possible 

improvements that can be considered as future work, such  as: 

 Exploring different ways of improving the GA configuration (e.g., using 

different probabilities of occurrence of our mutation operators); Currently, we 

have seven different mutation operators and they are selected with equal 

probability at mutation time. We have an intuition that assigning different 

probabilities to different mutation operators based on the priority of different 

objectives (e.g. more diversity vs. less cost) can increase the speed of 

converging towards different solutions. For parameters like mutation rate or 

crossover rate we have used what is recommended in the literature but there 

might not be the best values. One can consider using a sensitivity analysis to 

investigate the effect of changing those values and then adjust parameter values 

based on the results of this analysis. 

 Using other measures to compute coverage (e.g., transition pairs) or cost of a 

test suite; Currently, we use transition coverage. As mentioned previously, this 

criterion has proven to be a good trade-off between cost and effectiveness at 

detecting faults. However, there are other criteria like transition pairs or round 

trip path that are more expensive but more effective in detecting faults. 

Depending on the use case and the importance of fault detection rate these new 

measures can be used. 

 Considering weights for our objective functions, for instance favouring 

coverage in order to have (hopefully) a larger number of adequate test suites in 

the Pareto front. The identification of weights is however a difficult problem, 

and experiments [49] show that a solution with weights does not necessarily 

perform better than a real multi-objective solution;  

 Trying different strategies for creating the initial population; Currently, the 

initial population is generated randomly. We believe replacing randomly 



 

 104 1

04 

generated test suites with the ones that are optimal in terms of at least one of 

the objectives (e.g., test suites that are adequate) could result in better 

solutions. 

 Using heuristics that are independent of running the GA for a specific EFSM in 

determining maximum length of chromosomes to control the bloat effect; 

Currently, we need to run our GA for a specific EFSM to compute the upper 

limit of chromosome length. A heuristic method that can compute that limit 

based on the EFSM structure and does not depend on any execution results of 

the GA is an improvement to our approach. 

 Experimenting with a broader set of case studies; We used two different case 

studies to evaluate our GA and three different case studies to investigate the 

effect of the counter problem. Experimenting with additional case studies will 

increase the confidence in the results of this thesis. It can also help in finding 

new ways to further improve our solution. 

 Continuing the investigation of the notion of diversity of test cases in a test 

suite; We experimented with three different pair-wise similarity measures as 

well as three different methods of computing diversity within whole test suites, 

two of which are coming from life sciences. We obtained interesting results. 

Trying different pair-wise measures as well as aggregation methods from other 

fields (e.g. statistics) can result in new remarks on the effect of diversity.  

 Comparing our multi-objective GA with multiple single objective GAs; 

Another point to investigate in the future would be to confirm the benefits of 

using a multi-objective GA. One can consider comparing our multi-objective 

GA with another approach in which a single objective GA is used to address 

each objective, with exactly the same fitness functions that we have used. 

In section 5 we presented an improvement over existing work to handle the 

counter problem in EFSMs. Another possible future work to this thesis would be focusing 

on counter problem and finding a more general solution for it. One could think of 

reducing the size of the search space by looking for test paths of a specific length; the 
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issue is however to be able to find this maximum length in an automated way. Modifying 

reproduction operators, i.e. mutation and crossover, to better guide the GA towards 

feasible solutions can be considered as another extension to our solution. One can also 

consider revisiting our fitness functions. As we added a new fitness function specific to 

the counter problem, another way to extend our solution is using other MOEAs (Multi-

Objective Evolutionary Algorithm), specifically ones that have shown to be more 

successful than NGSA-II in handling multiple objective functions (e.g. IBEA [42] ). 

Another way to guide GA towards feasible solution could be using symbolic execution of 

the whole EFSM. Our discussion of counter problems (taxonomy) and our qualitative 

analysis of results should help others and us in this quest. Clarified definition for different 

manifestations of counter problem accompanied by EFSMs representing each type can be 

used as an evaluation framework for future research. However, all these modifications 

will impact other objectives of our approach as they compete with each other.  These 

effects need to be investigated thoroughly.  
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APPENDICES 

A. Actions and guard conditions of Qui-Donc EFSM 

The name of each guard condition and action of each transition is the same as its 

triggering event. However, in order to distinguish between guard conditions and actions 

the suffix “Guard” is added to guard conditions.  

public Boolean dialGaurd(){ 

  return curState == State.Start; 

} 

public @Action void dial(){ 

  out.println(“dial/”+WELCOME); 

  currState = State.star; 

  timeouts = 0; 

} 

/*No guard, always enabled. We call this 

wait_, to avoid a clash with 

object.wait().*/ 

Public @Action void wait_(){ 

  timeouts++; 

  if(timeouts >= 3 || currState == 

State.Emerg  

  || currState==State.Start){ 

  if(currState == State.Star) 

   out.println(“wait/”+NOTALLOW); 

  else 

   out.println(“wait/”+BYE) 

  currState = State.Start; 

  timeouts = 0; 

  } 

  else 

  out.println(“wait/…”); 

} 

public Boolean StarGuard(){ 

  return currState == State.Star || 

currState == State.Emerg 

  || currState == State.Info; 

} 

public @Action void star(){ 

  out.println(“*/”+ENTER); 

  currState = State.Enter; 

  timeouts = 0; 

} 

public Boolean badGaurd(){ 

  return currState == State.Enter; 

} 

public @Action void bad(){ 

  out.println(“bad/”+ERROR); 

  // state is unchanged. 

  timeouts = 0; 

} 

public Boolean num18Guard(){ 

  return currState == State.Enter; 

} 

public @Action void num18(){ 

  out.println(“18/”+FIRE); 

  currState = State.Emerg; 

  timeouts = 0; 

} 

 

public Boolean num1Guard(){ 

  return currState == State.Enter; 

} 

public @Action void num1(){ 

  out.println(“num1/”+SORRY); 

  //state is unchanged 

  timeouts = 0; 

} 

 

public Boolean num2Guard(){ 

  return currState == State.Enter; 

} 

public @Action void num2(){ 

  out.println(“num2/”+NAME); 

  currState = State.Info; 

  timeouts = 0; 

} 

 

public Boolean key1Guard(){ 

  return currState == State.Info; 

} 

public @Action void key1(){ 

  out.println(“1/”+SPELL); 

  //state is unchanged 

  timeouts = 0; 

} 

public Boolean key2Guard(){ 

  return currState == State.Info; 

} 

public @Action void key2(){ 

  out.println(“2/”+ADDR); 

  //state is unchanged 

  timeouts = 0; 

} 
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B. Actions and guard conditions of Class II protocol state machine 

 

Trans.  Input  Guards  Actions  

T1:  s1s2  

U?TCONreq (dst_add, 

prop_opt)  

Nil  opt = prop_opt; R_credit =0; N!TrCR  

T2:  s1s3  N?TrCR (peer_add, opt_ind, cr)  Nil  opt= opt_ind; S_credit=cr; R_credit=0; U!TCONind  

T3:  s2s4  N?TrCC (opt_ind, cr)  opt_ind ≤ opt  TRsq=0; TSsq=0; opt=opt_ind; S_credit=cr; U!TCONconf  

T4:  s2s5  N?TrCC (opt_ind, cr)  opt_ind > opt  U!TDISind; N!TrDR  

T5:  s2s1  N?TrDR (disc_reason, switch)  Nil  U!TDISind; N!terminated  

T6:  s3s4  U?TCONresp(accpt_opt)  accpt_opt ≤ opt  opt= accpt_opt; TRsq=0; TSsq=0; N!TrCC  

T7:  s3s6  U?TDISreq ()  Nil  N!TrDR  

T8:  s4s4  U?TDATAreq  (Udata, E0SDU)  S_credit > 0  S_credit= S_credit -1; TSsq = (TSsq +1)mod128; N!TrDT  

T9:  s4s4  N?TrDT (Send_sq,Ndata, E0TSDU)  R_credit != 0 & Send_sq= TRsq  TRsq=(TRsq+1) mod128; R_credit=R_credit -1;  

U!DATAind; N!TrAK  

T10:  s4s4  N?TrDT (Send_sq, Ndata, E0TSDU)  R_credit = 0 V Send_sq != TRsq  U!error; N!error  

T11:  s4s4  U?U READY (cr)  Nil  R_credit= R_credit + cr; N!TrAK  

T12:  s4s4  N?TrAK (XpSsq, cr)  TSsq > XpSsq &  cr + XpSsq – TSsq > 0  &  

cr +XpSsq – TSsq < 15  

S_credit = cr + XpSsq – TSsq  

T13:  s4s4  N?TrAK (XpSsq, cr)  TSsq > XpSsq &  

(cr + XpSsq – TSsq < 0 V cr +XpSsq – TSsq >0)  

U!error; N!error  

T14:  s4s4  N?TrAK (XpSsq, cr)  TSsq < XpSsq & cr + XpSsq – TSsq – 128 > 0 & cr + XpSsq 

– TSsq – 128 < 15  

S_credit= cr+ XpSsq –TSsq – 128  

T15:  s4s4  N?TrAK (XpSsq, cr)  TSsq < XpSsq & (cr + XpSsq – TSsq – 128 < 0 V cr + XpSsq 

– TSsq – 128 > 15)  

U!error; N!error  

T16:  s4s4  N?Ready  S_credit > 0  U!Ready  

T17:  s4s5  U?TDISreq  Nil  N!TrDR  

T18: s4s6  N?TrDR (disc_reason, switch)  Nil  U!TDISind; N!TrDC  

T19: s6s1  N?terminated  Nil  U!TDISconf  

T20: s5s1  N?TrDC  Nil  N!terminated; U!TDISconf  

T21:  s5s1  N?TrDR (disc_reason, switch)  Nil  N!terminated  
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C. Guard conditions of ordered set case study 

 

Transition Guard Condition (in OCL) 

T1 N/A 

T2 N/A 

T3 self_set  includes (val) and self_set  size() = 1 

T4 (self_set  includes (val) and self_set  size() > 1) or (not self_set  includes (val)) 

T5 (self_set  includes (n)) or (not self_set  includes (n) and self_set  size() < self_set_size-1) 

T6  not self_set  includes (n) and self_set  size() =  self_set_size-1 

T7 self_set  includes (val) 

T8 self_resized_times < max_accepted_resizes and self_set_size +min_set_size <= max_set_size and not self_setincludes(n) 

T9 self_set  includes (n) 

T10  not self_set  includes (val) 

T11 (self_resized_times >= max_accepted_resizes) or self_set_size +min_set_size > max_set_size) and not self_setincludes(n) 

T12 N/A 

T13 N/A 
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D. Test suites used in chapter 3 

Test suites from Figure 10 

TSga1: 

Path1: < T3, T1, T6, T6, T4, T5, T12, T13, T14, T19, T23, T27, T17, T18, T20> 

Path2: < T2, T4, T5, T14, T21, T25, T26, T24, T28, T15> 

Path3: < T5, T9, T11, T10, T9, T8, T1, T7, T5, T11, T14, T16, T18, T15, T4, T5> 

Path4: < T4, T5, T14, T21, T25, T26, T24, T26, T22> 

Path5 :< T1, T3> 

TSga2: 

Path1: < T6, T4, T5, T12, T13, T14, T19, T23, T27, T17, T18, T20> 

Path2 :< T3> 

Path3: < T2, T4, T5, T14, T21, T25, T26, T24, T28, T15> 

Path4: < T5, T9, T11, T10, T9, T8, T1, T7, T5, T11, T14, T16, T18, T15, T4, T5> 

Path5: < T4, T5, T14, T21, T25, T26, T24, T26, T22> 

Path6 :< T1, T3> 

TSga3: 

Path1 :< T3> 

Path2: < T6, T4, T5, T12, T13, T14, T19, T23, T27, T17, T18, T20> 

Path3: < T2, T4, T5, T14, T21, T25, T26, T24, T26, T22> 

Path4: < T5, T10, T13, T12, T14, T21, T28, T15, T7> 

Path5: < T5, T9, T11, T10, T9, T8, T1, T7, T5, T11, T14, T16, T18, T15, T4, T5> 

Path6 :< T7> 

TSga4: 

Path1: < T4, T5, T11, T13, T12, T14, T21, T28, T15, T7> 

Path2: < T5, T9, T8, T7> 
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Path3: < T2, T4, T5, T14, T21, T25, T26, T24, T26, T22> 

Path4: < T5, T13, T10, T12, T10, T14, T16, T19> 

Path5: < T5, T13, T14, T19, T23, T27, T17, T18, T20> 

Path6 :< T1, T3> 

 

Test suites from table 5 

Point1: adequate test suite 

Path1: < T1, T3, T15, T8, T17, T19, T2> 

Path2: < T2, T6, T14, T18, T21, T1, T5, T2, T7, T21> 

Path3: < T1, T5, T2, T6, T13, T16, T10, T17, T20, T1, T4, T19, T2, T7, T21> 

Path4: < T2, T6, T11, T12, T9 > 

 

Point2:T9 is not covered 

Path1:< T2, T7, T21, T1, T3, T12, T18> 

Path2: < T1, T3, T11, T15, T8, T17, T19, T2, T7, T21, T1> 

Path3:< T2, T6, T14, T18, T21, T1, T5> 

Path4: < T1, T5, T2, T6, T13, T16, T10, T17, T20, T1, T4, T19> 

Path5:< T1> 

 

Point3: T9 and T12 are not covered 

Path1: < T1, T3, T11, T15, T8, T17, T19, T2> 

Path2:< T2, T6, T14, T18, T21, T1, T5, T2, T7, T21> 

Path3 :< T1> 

Path4: <T1, T5, T2, T6, T13, T16, T10, T17, T20, T1, T4, T19, T2, T7, T21> 

 

Point4: T9, T12 and T14 are not covered 

Path1:< T2, T6, T15, T18, T21, T1, T5, T3, T8, T11> 
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Path2: < T2, T6, T13, T16, T10, T17, T20, T1, T4, T19, T2, T7, T21> 

 

Point5: T8, T9, T12 and T15 are not covered 

Path1:< T1, T3, T18> 

Path2:< T1, T3, T14, T11> 

Path3: < T1, T5, T2, T6, T13, T16, T10, T17, T20, T1, T4, T19, T2, T7, T21> 

 

Point6: T3, T8, T12, T14 and T15 are not covered 

Path1:< T2, T6, T11, T9, T18> 

Path2: < T1, T5, T2, T6, T13, T16, T10, T17, T20, T1, T4, T19, T2, T7, T21> 
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Test suites from Cruise Control case study used to answer RQ1 

 Ttrad 

T1 

T2 

T3 

T4 

T5 

T6 

T7 

 

T5-T8 

T5-T9 

T5-T10 

T5-T11 

T5-T12 

T5-T13 

T5-T14 

T5-T14-T15 

T5-T14-T16 

T5-T14-T17 

 T5-T14-T18 

 T5-T14-T19 

 T5-T14-T20 

 T5-T14-T21 

T5-T14-T19-T22 

T5-T14-T20-T23 

     T5-T14-T21-T24 

     T5-T14-T19-T25 

     T5-T14-T20-T26 

     T5-T14-T21-T27 

     T5-T14-T19-T28 

 

 Tred 

T1 

T2 

T3 

T4 

T6 

T7 

T5-T8 

T5-T9 

T5-T10 

T5-T11 

T5-T12 

T5-T13 

T5-T14-T15 

T5-T14-T16 

T5-T14-T17 

T5-T14-T18 

T5-T14-T19-T22 

T5-T14-T20-T23 

T5-T14-T21-T24 

T5-T14-T19-T25 

T5-T14-T20-T26 

T5-T14-T21-T27 

T5-T14-T19-T28 

 

 TMan 

T1-T2-T3-T4-T6-T7-T5-T8-T5-T9-T10-T11-T12-T13-T14-T15 

T5-T14-T16-T17-T18-T19-T23-T28-T20-T26-T27-T21-T25-T24-T22 
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Test suites from Transport protocol case study used to answer RQ1 

 Ttrad 

T1: T1 

T2: T2 

T3: T1-T3 

T4: T1-T4 

T5: T1-T5 

T6: T2-T6 

T7: T2-T7 

 

T8: T2-T6-T8 

T9: T2-T6-T9 

T10: T2-T6-T10 

T11: T2-T6-T11 

T12: T2-T6-T12 

T13: T2-T6-T13 

T14: T2-T6-T14 

 

T15: T2-T6-T15 

T16: T2-T6-T16 

T17: T2-T6-T17 

T18: T2-T6-T18 

T19: T1-T4-T19 

T20: T1-T4-T20 

T21: T2-T6-T18-T21 

 

 

 Tred 

T1-T3 

T1-T4 

T1-T5 

T2-T7 

T2-T6-T8 

 

T2-T6-T9 

T2-T6-T10 

T2-T6-T11 

T2-T6-T12 

T2-T6-T13 

T2-T6-T14 

 

T2-T6-T15 

T2-T6-T16 

T2-T6-T17 

T1-T4-T19 

T1-T4-T20 

T2-T6-T18-T21 

 

 TMan 

Tp1: T1-T5-T1-T4-T19-T1-T4-T20-T1-T3-T17 

Tp2: T2-T6-T8-T10-T11-T9-T12-T13-T14-T15-T16-T18-T21-T2-T7 
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E. Results of statistical analysis for section 4.3  

One-way ANOVA: 

- dependent variable = 

cost 

- independent variable = 

pair-wise measure 

- test suite diversity = 

ADW 

 

One-way ANOVA: 

- dependent variable = 

cost 

- independent variable = 

pair-wise measure 

- test suite diversity =  

KW 

 

One-way ANOVA: 

- dependent variable = 

cost 

- independent variable = 

pair-wise measure 

- test suite diversity = 

Sum 

 

 

SUMMARY

Groups Count Sum Average Variance

hamming 20 1382 69.1 108.7263

dice 20 1037 51.85 29.08158

leveneshetien 20 1319 65.95 91.31316

ANOVA

Source of Variation SS df MS F P-value F crit

Between Groups 3375.3 2 1687.65 22.09727 7.86E-08 3.158843

Within Groups 4353.3 57 76.37368

Total 7728.6 59

SUMMARY

Groups Count Sum Average Variance

leveneshtein 20 1184 59.2 44.27368

hamming 20 1126 56.3 48.22105

dice 20 959 47.95 27.41842

ANOVA

Source of Variation SS df MS F P-value F crit

Between Groups 1364.633 2 682.3167 17.07027 1.55E-06 3.158843

Within Groups 2278.35 57 39.97105

Total 3642.983 59

SUMMARY

Groups Count Sum Average Variance

leveneshtein 20 967 48.35 23.81842

hamming 20 1022 51.1 30.09474

dice 20 898 44.9 32.72632

ANOVA

Source of Variation SS df MS F P-value F crit

Between Groups 386.0333 2 193.0167 6.683443 0.002469 3.158843

Within Groups 1646.15 57 28.87982

Total 2032.183 59
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One-way ANOVA: 

- dependent variable =  

cost 

- independent variable = 

test suite diversity 

- pair-wise measure =  

Dice 

 

One-way ANOVA: 

- dependent variable =  

cost 

- independent variable = 

test suite diversity 

- pair-wise measure = 

Hamming 

 

One-way ANOVA: 

- dependent variable =  

cost 

- independent variable = 

test suite diversity  

- pair-wise measure = 

Leveneshtein 

 

 

 

SUMMARY

Groups Count Sum Average Variance

adw 20 1037 51.85 29.08158

kw 20 959 47.95 27.41842

sum 20 898 44.9 32.72632

ANOVA

Source of Variation SS df MS F P-value F crit

Between Groups 485.4333 2 242.7167 8.160709 0.000764 3.158843

Within Groups 1695.3 57 29.74211

Total 2180.733 59

SUMMARY

Groups Count Sum Average Variance

adw 20 1382 69.1 108.7263

kw 20 1126 56.3 48.22105

sum 20 1022 51.1 30.09474

ANOVA

Source of Variation SS df MS F P-value F crit

Between Groups 3432.533 2 1716.267 27.52749 4.3E-09 3.158843

Within Groups 3553.8 57 62.34737

Total 6986.333 59

SUMMARY

Groups Count Sum Average Variance

adw 20 1319 65.95 91.31316

kw 20 1184 59.2 44.27368

sum 20 967 48.35 23.81842

ANOVA

Source of Variation SS df MS F P-value F crit

Between Groups 3153.633 2 1576.817 29.67562 1.47E-09 3.158843

Within Groups 3028.7 57 53.13509

Total 6182.333 59
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One-way ANOVA: 

- dependent variable = 

mutation score 

- independent variable = 

pair-wise measure 

- test suite diversity = 

ADW 

 

One-way ANOVA: 

- dependent variable = 

mutation score 

- independent variable = 

pair-wise measure 

- test suite diversity = 

KW 

 

One-way ANOVA: 

- dependent variable = 

mutation score 

- independent variable = 

pair-wise measure 

- test suite diversity = 

Sum 

 

 

SUMMARY

Groups Count Sum Average Variance

leveneshtein 20 1979 98.95 1.833158

hamming 20 1973 98.65 1.342895

dice 20 1960 98 2.474474

ANOVA

Source of Variation SS df MS F P-value F crit

Between Groups 9.433333 2 4.716667 2.504192 0.090698 3.158843

Within Groups 107.36 57 1.883509

Total 116.7933 59

SUMMARY

Groups Count Sum Average Variance

leveneshtein 20 1964.9 98.245 2.513132

hamming 20 1966.25 98.3125 1.318914

dice 20 1962.95 98.1475 2.932757

ANOVA

Source of Variation SS df MS F P-value F crit

Between Groups 6.27525 2 0.137625 0.061033 0.940854 3.158843

Within Groups 128.5313 57 2.254934

Total 128.8065 59

SUMMARY

Groups Count Sum Average Variance

leveneshtein 20 1956.8 97.84 2.570684

hamming 20 1958.15 97.9075 2.968757

dice 20 1962.95 97.7725 2.16302

ANOVA

Source of Variation SS df MS F P-value F crit

Between Groups 10.4475 2 0.522375 0.184973 0.831624 3.158843

Within Groups 160.9718 57 2.824066

Total 162.0165 59
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One-way ANOVA: 

- dependent variable = 

mutation score 

- independent variable = 

test suite diversity 

- pair-wise measure = 

Dice 

 

One-way ANOVA: 

- dependent variable = 

mutation score 

- independent variable = 

test suite diversity 

- pair-wise measure = 

Hamming 

 

One-way ANOVA: 

- dependent variable = 

mutation score 

- independent variable = 

test suite diversity 

- pair-wise measure = 

Leveneshtein 

 

 

 

SUMMARY

Groups Count Sum Average Variance

adw 20 1973 98.65 1.342895

kw 20 1966.25 98.3125 1.318914

sum 20 1958.15 97.9075 2.968757

ANOVA

Source of Variation SS df MS F P-value F crit

Between Groups 5.52825 2 2.764125 1.472743 0.237889 3.158843

Within Groups 106.9808 57 1.876855

Total 112.509 59

SUMMARY

Groups Count Sum Average Variance

adw 20 1979 98.95 1.833158

kw 20 1964.9 98.245 2.513132

sum 20 1956.8 97.84 2.570684

ANOVA

Source of Variation SS df MS F P-value F crit

Between Groups 12.621 2 6.3105 2.736963 0.073285 3.158843

Within Groups 131.4225 57 2.305658

Total 144.0435 59
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Two-way 

ANOVA: 

 Dependent 

variable =  

Cost 

 Independent 

variable 1 =  

Test suite 

diversity 

 Independent 

variable 2 =  

Pair-wise 

measure 

 

 

 

Anova: Two-Factor With Replication

SUMMARY hamming dice leveneshtein Total

adw

Count 20 20 20 60

Sum 1382 1037 1319 3738

Average 69.1 51.85 65.95 62.3

Variance 108.7263 29.08158 91.31315789 130.9932

kw

Count 20 20 20 60

Sum 1126 959 1184 3269

Average 56.3 47.95 59.2 54.48333

Variance 48.22105 27.41842 44.27368421 61.74548

sum

Count 20 20 20 60

Sum 1022 898 967 2887

Average 51.1 44.9 48.35 48.11667

Variance 30.09474 32.72632 23.81842105 34.44379

Total

Count 60 60 60

Sum 3530 2894 3470

Average 58.83333 48.23333 57.83333333

Variance 118.4124 36.96158 104.7853107

ANOVA

Source of Variation SS df MS F P-value F crit

Sample 6056.033 2 3028.016667 62.55175 4.1E-21 3.048833

Columns 4110.4 2 2055.2 42.45563 1.07E-15 3.048833

Interaction 1015.567 4 253.8916667 5.244808 0.000522 2.424502

Within 8277.8 171 48.40818713

Total 19459.8 179
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Two-way 

ANOVA: 

 Dependent 

variable =  

Mutation 

score 

 Independent 

variable 1 =  

Test suite 

diversity 

 Independent 

variable 2 =  

Pair-wise 

measure 
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F. Examples of EFSMs having different types of counter problem 

Stack (Simplest) Example 

Test suite 1 (cost = 12, similarity = 0, adequate and feasible) 

TP1 = T2, T5, T2, T3, T3, T4, T3, T3, T6, T7, T8 

TP2 = T1 

 Second Example 

Test suite 3 (cost = 26, similarity = 2, adequate, partially feasible) 

TP1 = T1, T2, T3, T2, T5, T4, T5, T5, T5, T6, T7 

TP2 = T2, T5, T5, T5, T6, T8, T5, T4, T5, T5, T5, T6, T9, T10  

Third Example 

Test suite 3 (cost = 43, similarity = 4, adequate, partially feasible) 

TP1 = T1, T5, T5, T5, T6, T7, T6, T7, T4 

TP2 = T2, T8, T2, T9, T11, T9, T12, T11, T10, T13, T9, T11, T10, T13, T10, 

T14, T15, T8 

TP3 = T3, T17, T17, T18, T20, T16, T3, T17 

TP4 = T3, T17, T17, T18, T19, T18, T21, T2 

 


