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Abstract—This paper presents a hybrid test generation ap-
proach from extended finite state machines combining genetic
algorithms with local search techniques. Many test generation
methods (both functional and structural testing methods) use
genetic algorithms. Genetic algorithms may take a long time to
converge to a global optimum and for a huge neighborhood they
can be inefficient or unsuccessful. In this paper we use hybrid
genetic algorithms to generate test data for some chosen paths
for extended finite state machines. Local search is applied to
improve the best individual for each generation of the genetic
algorithm.

Index Terms—Automated test data generation, finite state
machines, search-based software testing, genetic algorithms, local
search

I. INTRODUCTION

Automated testing is critical in software development and
reduces a lot the resources needed by manual testing. Auto-
mated testing can be divided into white-box testing and black-
box testing. White-box testing uses the source code of the
system to generate tests cases, while black-box testing uses
the system’s specifications for test generation [1].

It is very important to check whether the implementation of
a system conform to its specifications. Conformance testing (a
black-box technique) offers a rigorous approach to develop
test data. Many black-box testing methods use finite state
machines (FSMs) or extended finite state machines (EFSMs)
and genetic algorithms for test generation. An FSM consists
of a finite set of states and transitions between the states. A
transition has a start state, an end state, needs an input and
produces an output. An EFSM extends the FSM structure with
memory (a set of variables). In an EFSM, transitions have
guards and assignment operations [1]. The problem of test
path generation from FSMs has been widely investigated and
many methods exist (the best known are the W-method [2],
the Unique Input/Output method and the W-partial method,
presented in [3]). An EFSM model has context variables,
so it can contain infeasible paths. This leads to a difficult
automated test data generation, being a more complex problem
and receiving little attention [4].

Search based testing consists in automatically generating
test data, based on some criteria, using search based optimiza-
tion algorithms [5]. Evolutionary testing has been applied in
many test data generation approaches.

The method proposed by Lefticaru and Ipate [6] uses
genetic algorithms (GAs) to generate test data for the input

parameters provided to the methods of a chosen path in the
state machine, so that all transitions are executed for that path.
In this paper we extend this method trying to optimize it
by proposing a hybrid genetic algorithm (HGA), combining
global search (genetic algorithms) and local search techniques.
The optimization consists in reducing the number of evolutions
and increases the success rate for the genetic algorithm without
increasing the number of fitness function computations. The
results of our experiments show that the proposed approach
improves the test data generation method presented in [6].

The paper is organized as follows. Section II introduces
basic concepts about extended finite state machines, genetic
algorithm and local search. Two other approaches are also
presented: automatic state-based test generation using genetic
algorithms [6] and a memetic algorithm for whole test suite
generation [7]. In Section III we discuss how to extend the
test data generation algorithm using local search. Section IV
presents our experiments and our results, showing that our
approach improves the test data generation. Section V presents
related work, while Section VI concludes the paper.

II. PRELIMINARIES

A. Extended Finite State Machine

A finite state machine (FSM) is a transducer, having a finite
set of states, inputs and outputs. Each transition has a start
state, an end state, an input and produces an output.

An extended finite state machine (EFSM) is a six-tuple
(S, s0, V, I, O, T ) [1] where S is the finite set of states, s0
is the initial state, V is the finite set of context variables, I
is the finite set of inputs, O is the finite set of outputs and T
is the finite set of transitions. A transition is represented by a
start state, an input that may have associated input parameters,
a guard (logical expression), a sequential operation (a method
with assignments and output statements) and the end state.

A path of an EFSM is a sequence of adjacent transitions,
p = S1

f1[g1]−−−→ S2
f2[g2]−−−→ . . . Sm

fm[gm]−−−−→ Sm+1, where Si

represents the state i from that path, fi is the method executed
on the transition i and gi is the guard of the transition i. A path
can be feasible, if there exist values for the input parameters
to satisfy guards and to trigger all transitions for that path,
and infeasible, otherwise.



B. Problem Statement

Given a path p of an EFSM, we need to generate values
for input parameters for each method fi that satisfy the guard
conditions gi and trigger all transitions. The problem we focus
on in this paper is to generate test data for feasible paths in
the state machine.

C. Genetic Algorithms

Genetic Algorithms (GAs) are metaheuristic search tech-
niques and are applied in optimization problems [1]. The
solution is represented by chromosomes and consists of genes.
GAs have the following elements: populations of chromo-
somes, selection according to a fitness function, crossover to
produce new offspring and random mutation of new offspring
[8].

GAs try to find a globally optimal solution evolving si-
multaneously many chromosomes. The approach proposed by
Lefticaru and Ipate [6] uses a positive fitness function and a
solution is considered to be an individual with fitness 0. The
fitness function depends on how close the chromosome is to
the solution.

The first step of a GA is the initialization of a population
[5] with n random candidate solutions. After this step, the
population is evolved several times, until a solution is found or
all resources allocated are used. At each evolution, individuals
are evaluated, the fitness function is computed, and, using the
fitness value, chromosomes are selected for the next genera-
tion. If the chromosome is fitter, it is likely to be selected to
reproduce more times [8]. Then crossover is applied to the
selected chromosomes and new chromosomes are produced.
Mutation is applied, with some probability, to each chromo-
some, randomly changing some of the individual’s genes [1].
A new evolution starts with these new individuals.

D. Local Search

Local search algorithms scan all neighbors of a candidate
solution and compares their fitness function with the candidate
solution’s fitness. The neighbor with the best fitness is the
new candidate solution and the local search continues. The
algorithm stops when there is no neighbor with a better fitness.
This search can get stuck in a local optima.

The Alternative Variable Method (AVM) was introduced by
Korel [9]. This method optimizes each input variable locally. It
begins with random variables values. It takes each variable and
starts exploratory moves, adding +1 or -1. If the exploratory
move improves the fitness, then the search continues on that
direction, until there is no more improvement [7].

E. Test Generation Using Genetic Algorithms

The approach proposed by Lefticaru and Ipate [6] is based
on the state diagram and uses a genetic algorithm to generate
test data. The first step is to find feasible paths to achieve
some coverage criteria. The second step is to find, for each
path, the input values for parameters, to trigger the transitions.
The test data generation problem is converted to a optimization
problem, aiming to minimize the fitness function.

Element Objective function value obj

Boolean if TRUE then 0 else K

a = b if abs(a− b) = 0 then 0 else abs(a− b) +K

a 6= b if abs(a− b) 6= 0 then 0 else K

a < b if a− b < 0 then 0 else (a− b) +K

a ≤ b if a− b ≤ 0 then 0 else (a− b) +K

a > b if b− a < 0 then 0 else (b− a) +K

a ≥ b if b− a ≤ 0 then 0 else (b− a) +K

a ∧ b obj(a) + obj(b)

a ∨ b min(obj(a), obj(b))

a xor b obj((a ∧ ¬b) ∨ (¬a ∧ b))

¬a Negation is moved inwards and propagated over a

TABLE I: Tracey’s objective functions for relational predicates
and logical connectives. The value K, K > 0, refers to a
constant which is always added if the term is not true

For a particular path in the state machine, p = S1
f1[g1]−−−→

S2
f2[g2]−−−→ S3

f3[g3]−−−→ . . . Sm
fm[gm]−−−−→ Sm+1, a chro-

mosome (individual, possible solution) is a list of values,
x = (x1, x2, . . . , xn), corresponding to all parameters of
the methods, as they appear on that path. A solution is a
chromosome with fitness function 0 that triggers transitions
between states according to the selected path and validates
the guards of each transition.

The fitness function used in this approach is: fitness =
approach level+normalized branch level (f = al+nbl).
approach level is calculated by m − 1 − p, where m is the
length of the path to be executed and p is the number of
nodes executed until the first unsatisfied guard on the path.
normalized branch level is the mapping onto [0, 1) for
branch level. branch level computes, for the predicate that
is not satisfied, how close the predicate was to being true, using
the transformations from Table I. The normalization function
is norm : [0, 101]→ [0, 1], norm(d) = 1− 1.05−d.

The algorithm ends when the stop criteria is reached or
when the maximum number of evolutions is exceeded. After
the selection step, a new generation is created using recombi-
nation, crossover and mutation.

F. Memetic algorithm for structural testing

A whole test suite generation was proposed in [10]. Their
purpose was to produce a whole test suite that maximize cov-
erage. For Java classes their algorithm was generating JUnit
tests using genetic algorithms. A chromosome T is represented
by a set of test cases ti, n = |T |, T = t1, t2, . . . , tn. A test
case t = 〈s1, s2, . . . , sl〉 is formed by statements: primitive
statements (primitive values, such as Integers, Booleans and
Strings), constructor statements (invoke constructors to pro-
duce new values), field statements (access public members
of existing objects), method statements (invoke methods),
assignment statements (assign values to array indexes or public
member fields of objects).

For a given test suite T , the fitness function is:



fitness(T ) = |M | − |MT |+
∑
bk∈B

d(bk, T ) where

d(b, T ) =


0 if the branch has been covered,
v(dmin(b,T )) if the predicate has

been executed at least twice,
1 otherwise

M is the set of all methods of the input class.
MT is the set of executed methods.
B is the set of all branches. dmin(b, T ) is the minimal

branch distance for a given branch b ∈ B, computed using
Tracey’s objective functions.
v(x) = x/(x+ 1) is a normalizing function in [0, 1].
A memetic algorithm (MA) was proposed by [7] for struc-

tural testing. Since mutation takes place with a low probability,
the algorithm can be inefficient to cover some branches. To
overcome this problem, a new approach has been proposed:
at regular intervals, the algorithm tries to improve primitive
variables using local search. For each test suite, they apply
local search to only one test case. The algorithm iterates over
the test case statements, from the last to the first and applies
local search methods depending on the type of the statement.

Fraser et al [7] use in their paper three parameters to
determine how often and on which individuals to apply the
local search and how long should it take:

1) Rate: local search is applied every r generations.
2) Probability: if the rate parameter selects current gen-

eration, local search is applied with a probability p to
many individuals, sorted by fitness function, until the
local search budget is used up.

3) Adaptation rate: the probability depends on this pa-
rameter, a.

The budget is defined in terms of fitness evaluations, test
executions, number of executed statements, number of indi-
viduals on which local search is applied or time.

The probability of applying local search is modified as
follows:{

p = min(p× a, 1), successful local search
p = p/a, unsuccessful local search

(1)

The experiments [7] for this algorithm have shown that the
branch coverage is highly improved using MAs.

III. MODEL BASED TEST DATA GENERATION USING
HYBRID GENETIC ALGORITHM

The approach proposed by [6], presented in the previous
section uses genetic algorithm for test data generation. Global
search tends to the global optimum, but GAs may take a long
time to converge to the optimal solution.

Our approach tries to overcome this problem and to improve
the algorithm, adapting for functional testing approach [6] the
MA used for structural testing [7], [11].

The best chromosome is selected at each evolution, with
some probability, from the population. We try to find a better
individual using the local search method AVM (presented in

II-D). If local search returns a chromosome with better fitness
function this new one will be added to the population and it
will be used in the next evolution. If there is no improvement,
the algorithm continues with the next evolution. This algorithm
was implemented only for Integer parameters for transition
methods.

For each chromosome selected by search algorithm, we
take all genes in the reverse order. For each gene we start
exploratory moves (+1 and −1 for integer variables) and
decide in which direction to search for better values. A
successful move consists in improving the fitness value. If
a +1 move was successful, then, with each iteration i of the
search, we add δ = 2i to that gene. Otherwise, if the −1
move was successful, we subtract δ from the gene. We iterate
the search as long as the new chromosome (with the modified
gene) has a better fitness function.

In our approach we use the same parameters (rate and
probability) to determine if we apply local search on current
generation as in the MA (Subsection II-F).

For each input path from the EFSM we compute the number
of evolutions of the GA, the number of fitness function calls
and the number of times local search was applied, so we can
compare the results of our experiments with the results of the
original algorithm.

Local search method returns a better chromosome if the
search was successful, or the unmodified individual, otherwise.

IV. EVALUATION

To test and to compare performance of the two algorithms
presented above, the approach proposed by Lefticaru and Ipate
[6] and our approach, we implemented both algorithms in Java.
For genetic algorithm’s basic functions, we used JGAP (Java
Genetics Algorithm Package) [12]. We tested on multiple paths
from the EFSM models used in experiments by Lefticaru and
Ipate [13] and [6], given in Fig. 1 and Fig. 2.

The first EFSM (Fig. 1) represents a library book and
consists of four states s0, s1, s2, s3 and 16 possible transitions
explained in Table II.

Fig. 1: Book EFSM model

The second EFSM (Fig. 2) is a simplified version of Class
2 Transport Protocol, based on the Access Point (AP)-module
and used in many experiments [1], [13], [14]. It consists of six
states s1, s2, s3, s4, s5, s6 and 20 transitions explained in Table
III. Some parameters are not used in assignment operations or



t ss → se Input Guards Operations
t0 s0 → s1 t0(x) x > 0 bId := x;
t1 s0 → s2 t1(x) x > 0 rId := x;
t2 s0 → s0 t2(x) x ≤ 0 Nil
t3 s0 → s0 t3(x) x ≤ 0 Nil
t4 s1 → s0 t4(x) x = bId bId := 0;
t5 s1 → s3 t5(x) x > 0 ∧ x 6= bId rId := x;
t6 s1 → s1 t6(x) x 6= bId Nil
t7 s1 → s1 t7(x) x ≤ 0 ∨ x = bId Nil
t8 s2 → s1 t8(x) x = rId bId := x; rId := 0;
t9 s2 → s0 t9(x) x = rId rId := 0;
t10 s2 → s2 t10(x) x 6= rId Nil
t11 s2 → s2 t11(x) x 6= rId Nil
t12 s3 → s1 t12(x) x = rId rId := 0;
t13 s3 → s2 t13(x) x = bId bId := 0;
t14 s3 → s3 t14(x) x 6= rId Nil
t15 s3 → s3 t15(x) x 6= bId Nil

TABLE II: The main transition of the Book EFSM [13]

in the guards and they are ignored in data generations (we
take into account only parameters written in bold).

Fig. 2: Class 2 transport protocol EFSM model

All paths in Book model are feasible, while in the Protocol
model there are infeasible paths, for example, we execute
the assignment R credit := 0 and after a few transitions
(without modifying R credit) we execute t8, having the guard
R credit 6= 0 ∧ Sendsq = TRsq.

The implementation of this approach was realized only for
models having integer parameters for transitions’ methods.
The GA was configured as follows:
• the maximum allowed number of evolutions is set to

1000.
• genes are selected from the domain [−100, 100].
• the fittest individual is kept in the next generation.
• population size is 40.
• chromosomes selection uses BestChromosomeSelector

with a 0.8 rate.
• mutation is done using MutationOperator with the default

rate of 1/15 - randomly replaces a gene value with
another value from the search domain.

• for recombination we use the same operator as in [6]:
having two parents, x = (x1, . . . , xn), y = (y1, . . . , yn),
x fitter than y, we got the offspring z = (z1, . . . , zn),
with zi = α × (xi − yi) + xi, α = 0.2 and a crossover
rate population size/2.

We used in experiments different paths from both EFSMs.
For each path we ran the algorithm 50 times and we compared

the results. For the Protocol model, we used many paths
with different lengths and random number of parameters. It
was very easy to find the solution for some paths with a
small number of parameters, one or two generations with both
algorithms.

In our first experiment the rate, the probability and the
adaptation rate were set to 1, so we applied local search on
each generation. For each path, after running the algorithms
50 times each, we computed the number of generations and
the number of fitness function evaluations. To find out if the
differences between these samples are statistically significant,
we performed two statistical tests (Wilcoxon Signed Rank
Test and Mann Whitney Test). The null hypothesis (H0) was
formulated as follows: There is no difference in efficiency
(number of generations needed by the GA and number of
fitness function evaluations to find a solution) between the
two algorithms. The alternative hypothesis (Ha) is that there
is a difference between the two algorithms. We used the
significance level α = 0.05. The p-values were used to
decide if the tests were significant (confidence 95%) and very
significant (confidence 99%).

We consider to be irrelevant paths that converge quickly to
the solution using the old algorithm, so we removed from the
table many paths that found the solution in one generation .
The results are highly improved for those paths that need a
big number of times for fitness function evaluation.

We make the following notations:

• Id - the path id
• Length - the path length
• Param - the number of parameters of the methods from

the path (only for Protocol model)
• Path - the actual path transitions
• GNewMed - the average value for the number of gener-

ations of the GA for the new algorithm
• GOldMed - the average value for the number of genera-

tions of the GA for the old algorithm
• FNewMed - the average value for the number of fitness

function evaluations for the new algorithm
• FOldMed - the average value for the number of fitness

function evaluations for the old algorithm
• WSRTGen - the p-value obtain by applying the Wilcoxon

Signed Rank Test on the number of generations of the GA
samples

• WSRTFit - the p-value obtain by applying the Wilcoxon
Signed Rank Test on the number of fitness function
evaluations samples

• MWGen - the p-value obtain by applying the Mann
Whitney Test on the number of generations of the GA
samples

• MWFit - the p-value obtain by applying the Mann Whit-
ney Test on the number of fitness function evaluations
samples

• - - means that the values are not statistically significant
for the respective path, + - means that the values are sta-
tistically significant and ++ - values are very significant.



t ss → se Input Guards Operations
t0 s1 → s2 t0(dst add, prop opt) Nil opt := prop opt;Rcredit := 0;
t1 s1 → s3 t1(peer add, opt ind, cr) Nil opt := opt ind;S credit :=

cr;R credit := 0;
t2 s2 → s4 t2(opt ind, cr) opt ind < opt TRsq := 0;TSsq := 0; opt :=

opt ind;S credit := cr;
t3 s2 → s5 t3(opt ind, cr) opt ind > opt Nil
t5 s3 → s4 t5(accpt opt) accpt opt < opt opt := accpt opt;TRsq := 0;TSsq :=

0;
t7 s4 → s4 t7(Udata, E0SDU) S credit > 0 S credit := S credit − 1;TSsq :=

(TSsq + 1)mod128;
t8 s4 → s4 t8(Send sq, Ndata,E0TSDU) R credit 6= 0 ∧ Sendsq = TRsq TRsq := (TRsq +

1)mod128;R credit := R credit− 1;
t9 s4 → s4 t9(Send sq, Ndata,E0TSDU) R credit = 0 ∨ Sendsq 6= TRsq Nil
t10 s4 → s4 t10(cr) Nil R credit := R credit+ cr;
t11 s4 → s4 t11(XpSsq, cr) TSsq ≥ XpSsq∧cr+XpSsq−TSsq ≥

0 ∧ cr +XpSsq − TSsq ≤ 15
S credit := cr +XpSsq − TSsq;

t12 s4 → s4 t12(XpSsq, cr) TSsq ≥ XpSsq∧(cr+XpSsq−TSsq <
0 ∨ cr +XpSsq − TSsq > 0)

Nil

t13 s4 → s4 t13(XpSsq, cr) TSsq < XpSsq∧cr+XpSsq−TSsq−
128 ≥ 0∧cr+XpSsq−TSsq−128 ≤ 15

Scredit := cr +XpSsq − TSsq − 128;

t14 s4 → s4 t14(XpSsq, cr) TSsq < XpSsq∧(cr+XpSsq−TSsq−
128 < 0∨cr+XpSsq−TSsq−128 > 15

Nil

t15 s4 → s4 t15() S credit > 0 Nil

TABLE III: The main transition of the Class 2 transport Protocol (transitions t4, t6, t16 − t20 are omitted because they have
no guards nor assignment operations) [13]

On average, the new algorithm had better results than the old
one. The solution was found in less generations and evaluating
the fitness function fewer times. We can see in the results
of both statistical tests that the fitness function evaluations
number was statistically significant improved. We consider that
is very important to optimize the algorithm improving this
number.

We wanted to make more experiments, so we took a path
from Protocol model, for which our method was finding a
solution in less generations than the old method, but the
fitness function was evaluated many times. We tried many
configurations for rate, probability and adaptation rate.
• We kept rate = 1, we set the probability to 0.5 and

with the adaptation rate varying, we changed the proba-
bility using the Formula 1. For adaptation rate we used
1, 1.5, 2, 2.5, 3, 3.5, 4, 4.5, 5

• rate = 1; adaptation rate = 1.5; probability = 0.5
and a is incremented with 1 at each evolution

• probability = 1/(1 + fitnessV alue)

The experiment results are displayed in Table VIII. We
made the following notations: P = probability, A = adaptation
rate, G - number of generation of the GA, F - number of
fitness function evaluation, LS - number of times local search
was applied, R - the rule used to compute the probabil-
ity. From this experiment we found that the configuration
rate = 1; adaptation rate = 2; probability = 0.5 has the
best results. This is only an experiment. As a future work, we
will generate all those parameters automatically, perform tests
on all paths, apply statistical tests and compare results.

V. RELATED WORK

Kalaji et all [1] proposed an integrated search based test
data generation using EFSMs. The approach has two phases.

In the first phase, feasible paths are generated using a GA with
a feasibility metric based on dataflow dependence as fitness
function, satisfying transition coverage criteria. In the second
phase those paths are used as inputs to generate test data that
trigger the paths, using a GA with a fitness function based on
the branch distance function and approach level.

Lefticaru and Ipate investigated in [15] the use of search
based techniques for functional testing using state machines.
Its purpose is to generate input data for chosen path in a
state machine, so that it triggers the transitions, using three
search techniques: simulated annealing, genetic algorithms and
particle swarm optimization.

Lefticaru and Ipate extended the approach presented in [6]
by proposing a new fitness function for path data generation
[13]. This approach improves the fitness function by rewarding
the individuals that satisfy more constraints from the path,
even if they deviate from the path earlier. The input path is
decomposed into independent sub-paths and the fitness func-
tion is path fitness =

∑subpaths no
i=1 fitness(subpathi),

where fitness(subpathi) is the fitness function evaluated for
subpath i and it is computed using approach level and branch
level.

Lu and Miao in [16] propose an approach for test data
generation using condition coverage. They proposed a fitness
function based on the ratio of the conditions in the path.
The guard conditions linked by AND are represented as a
parallelism form and the guards linked by OR are split into
separate transitions. It combines branch distance (bd) with
the ratio of uncovered conditions (ucr) using the following
formulas:



Id Length Prams Path
1 5 6 t0, t4, t1, t5, t11,
2 11 12 t0,t4,t1,t5,t10,t7,t7,t12,t14,t13,t10
3 5 8 t0, t2, t11, t11, t9,
4 5 6 t0, t4, t0, t2, t13,
5 5 8 t1, t5, t13, t12, t9,
6 5 7 t1, t5, t11, t7, t13,
7 5 8 t0, t2, t11, t10, t11,
8 5 7 t1, t5, t11, t13, t16,
9 5 7 t1, t5, t15, t13, t12,
10 5 7 t1, t5, t13, t13, t17,
11 5 9 t0, t2, t11, t12, t14,
12 5 5 t1, t5, t11, t17, t18,

13 30 25 t1, t6, t18, t1, t6, t18, t1, t5, t16, t19, t1, t6, t18, t1, t5, t9, t14, t10, t17, t18, t0, t3, t20, t0, t2,
t17, t18, t0, t3, t19

14 30 31 t0, t3, t20, t1, t5, t13, t17, t18, t0, t2, t16, t20, t0, t2, t11, t14, t14, t16, t19, t0, t3, t19, t0, t4, t1,
t5, t11, t16, t19, t0

15 30 19 t1, t6, t18, t1, t5, t15, t16, t19, t1, t5, t7, t16, t19, t1, t5, t7, t15, t16, t19, t0, t4, t0, t2, t16, t19,
t1, t6, t18, t0, t3

16 11 11 t0,t4,t1,t6,t18,t1,t5,t9,t7,t11,t12

17 35 31 t1, t5, t16, t20, t0, t3, t19, t1, t6, t18, t0, t3, t20, t0, t2, t14, t14, t10, t9, t11, t9, t15, t13, t15, t10,
t9, t9, t10, t16, t19, t0, t4, t1, t5, t16

18 35 37 t0, t3, t19, t1, t6, t18, t1, t6, t18, t1, t5, t9, t13, t10, t12, t7, t9, t10, t16, t20, t1, t5, t12, t11, t13,
t15, t9, t13, t13, t12, t7, t9, t15, t11, t10

19 20 17 t1, t5, t7, t15, t12, t16, t20, t1, t6, t18, t1, t6, t18, t1, t5, t14, t9, t9, t9, t17

20 35 33 t1, t6, t18, t0, t4, t1, t6, t18, t1, t5, t11, t13, t13, t17, t18, t0, t4, t1, t6, t18, t0, t2, t14, t15, t11,
t7, t10, t15, t13, t13, t15, t9, t14, t7, t10

TABLE IV: List of paths from Protocol model used in experiments

Id GNew-
Med

GOld-
Med

FNew-
Med

FOld-
Med WSRTGen WSRTFit MWGen MWFit

1 1.26 11.82 101.66 343.04 1.36E-07 ++ 1.61E-06 ++ 3.86E-10 ++ 2.77E-05 ++
2 1.22 19.08 136.98 696.94 7.79E-10 ++ 2.30E-09 ++ 1.11E-16 ++ 3.95E-14 ++
3 7.9 51.62 547.18 1534.9 1.10E-08 ++ 8.20E-06 ++ 7.91E-13 ++ 2.98E-08 ++
4 8.02 12.82 442.9 367.36 5.70E-06 ++ 2.44E-04 ++ 2.05E-09 ++ 8.87E-06 ++
5 102.06 109.2 6360.4 3201.4 6.21E-03 ++ 2.21E-02 + 7.56E-07 ++ 2.55E-04 ++
6 7.4 33.16 469.64 942.68 1.38E-08 ++ 2.85E-08 ++ 3.33E-16 ++ 3.29E-14 ++
7 9.26 39.5 632.1 1184.02 2.98E-06 ++ 4.68E-03 ++ 1.26E-10 ++ 2.95E-06 ++
8 2.9 49.88 216.38 1398.92 7.79E-10 ++ 9.93E-10 ++ 0.00E+00 ++ 1.55E-15 ++
9 89.04 146.7 5055.66 4048.08 1.29E-02 + 6.11E-02 - 2.37E-06 ++ 8.39E-05 ++
10 556.04 723.54 31378.4 19812.44 5.72E-02 - 8.09E-04 ++ 1.08E-02 + 1.81E-01 -
11 1.8 14.02 167.56 468.62 3.08E-09 ++ 1.81E-06 ++ 5.15E-14 ++ 7.70E-07 ++
12 1.04 12.62 86.5 339.88 2.04E-08 ++ 4.12E-07 ++ 3.18E-12 ++ 8.26E-07 ++
13 1.3 3.12 198 179.24 4.04E-01 - 2.10E-04 ++ 3.65E-01 - 3.86E-05 ++
14 10.92 40.88 1893.66 1960.54 3.30E-01 - 1.05E-09 ++ 0.00E+00 ++ 1.22E-15 ++
15 1.06 2.74 125.6 156.02 5.78E-02 - 5.39E-04 ++ 1.36E-01 - 6.02E-06 ++
16 1.32 24.44 124.62 848.94 7.79E-10 ++ 1.34E-09 ++ 1.11E-16 ++ 8.99E-15 ++
17 5.02 29.32 963 1444.26 8.38E-04 ++ 1.05E-09 ++ 1.54E-05 ++ 1.11E-16 ++
18 54.12 510.5 10767.74 24986.76 3.43E-06 ++ 8.80E-10 ++ 1.15E-07 ++ 1.11E-16 ++
19 1.12 2.62 115 142.2 1.52E-01 - 2.84E-02 + 1.59E-01 - 1.52E-03 ++
20 102.02 259.82 18092.54 12411.42 8.02E-01 - 5.35E-05 ++ 2.95E-01 - 4.51E-07 ++

TABLE V: Result for the first experiment for Protocol Model. 12 paths with very significant differences (p− value < 0.01):
’++’ on all four columns.

ucr = m/n

fitness =

m∑
i=1

norm(bdi) + ucr
(2)

where n is the number of conditions appearing in the
path and m is the number of conditions unsatisfied by a



Id Length Path
1 6 t1, t8, t6, t4, t0, t4,
2 6 t2, t1, t10, t8, t5, t12,
3 7 t0, t5, t12, t4, t0, t4, t1,
4 7 t1, t9, t1, t8, t6, t7, t4,
5 8 t0, t4, t0, t4, t0, t7, t4, t2,
6 8 t2, t2, t3, t0, t4, t3, t1, t8,
7 9 t1, t8, t7, t4, t0, t5, t14, t12, t4,
8 9 t1, t11, t9, t0, t7, t4, t0, t6, t4,
9 10 t1, t9, t3, t0, t4, t3, t1, t11, t8, t6,
10 10 t2, t1, t9, t3, t1, t10, t8, t5, t15, t13,
11 11 t0, t6, t7, t4, t0, t4, t1, t8, t4, t1, t9,
12 11 t1, t8, t7, t4, t0, t4, t0, t5, t15, t12, t4,
13 12 t0, t6, t4, t2, t1, t8, t7, t4, t3, t0, t4, t1,
14 12 t1, t10, t10, t11, t8, t7, t4, t0, t5, t12, t4, t1,
15 13 t3, t1, t9, t3, t3, t1, t9, t0, t7, t4, t1, t8, t6,
16 13 t2, t1, t11, t11, t9, t1, t10, t11, t11, t10, t8, t5, t14,
17 14 t3, t0, t4, t0, t6, t6, t4, t3, t0, t4, t2, t0, t4, t3,
18 14 t3, t1, t8, t7, t6, t4, t3, t3, t1, t8, t6, t6, t4, t3,
19 15 t0, t4, t2, t1, t10, t10, t11, t9, t3, t1, t9, t3, t3, t1, t11,
20 25 t3, t3, t3, t3, t0, t7, t4, t2, t0, t7, t5, t15, t15, t15, t14, t13, t9, t2, t3, t0, t5, t15, t14, t15, t13,
21 25 t0, t4, t1, t10, t8, t5, t13, t8, t5, t13, t9, t0, t5, t12, t6, t5, t13, t11, t8, t6, t5, t12, t5, t14, t13,
22 25 t2, t1, t9, t2, t0, t5, t14, t12, t5, t13, t8, t7, t5, t14, t13, t10, t11, t11, t11, t11, t11, t10, t8, t6, t4,

TABLE VI: Paths from Book Model used in experiments.

Id GNew-
Med

GOld-
Med

FNew-
Med

FOld-
Med WSRTGen WSRTFit MWGen MWFit

0 6.26 175.32 368.56 4516.68 7.33E-10 7.33E-10 0 0
1 3.46 93.32 223.02 2420.26 7.33E-10 7.33E-10 0 0
2 5.64 167.36 374.34 4617.08 7.33E-10 7.33E-10 0 0
3 6.5 190.68 424.3 5235.94 7.33E-10 7.33E-10 0 0
4 7 151.6 493.98 4441.62 7.33E-10 7.33E-10 0 0
5 4.4 135.84 328.44 3977.02 7.33E-10 7.33E-10 0 0
6 8.98 271.34 671.66 8312.58 7.33E-10 7.33E-10 0 0
7 5.8 130.66 450.86 4027.62 7.33E-10 7.33E-10 0 0
8 6.34 163.06 521.82 5255.08 7.33E-10 7.33E-10 0 0
9 6.98 192.84 568.36 6190.5 7.33E-10 7.33E-10 0 0
10 11.06 488.46 933.96 16298.4 7.33E-10 7.33E-10 0 0
11 11.04 400.88 935.68 13384.32 7.33E-10 7.33E-10 0 0
12 10.74 333.78 965.54 11555.9 7.33E-10 7.33E-10 0 0
13 9.44 265.98 852.58 9207.02 7.33E-10 7.33E-10 0 0
14 9.94 281.34 955.14 10086.92 7.33E-10 7.33E-10 0 0
15 3.56 91.1 365.38 3299 7.33E-10 7.33E-10 0 0
16 9.74 295.7 982.88 10921.72 7.33E-10 7.33E-10 0 0
17 11.74 435.2 1169.94 16048.54 7.33E-10 7.33E-10 0 0
18 7.74 174.3 827.9 6626.04 7.33E-10 7.33E-10 0 0
19 11.84 556.94 1811.56 25037.82 7.33E-10 7.33E-10 0 0
20 25.62 1000 3851.98 44908.84 7.33E-10 7.33E-10 0 0
21 17.22 940.72 2597.64 42275.62 7.33E-10 7.33E-10 0 0

TABLE VII: Result for the first experiment for Book Model. All paths have very significant differences.

chromosome.

VI. CONCLUSION

This paper proposes an approach to test data generation
for EFSM using a hybrid genetic algorithm. Local search
is applied after some evolutions on the best individual, so
that the search can converge earlier to a solution. The results
heavily depend on the path complexity, length and number of
parameters for the transition methods, so it makes it difficult

to find an optimal parameter configuration. We used in our
experiments two EFSM models, Book and Protocol. After
running multiple times for many paths and using statistical
tests, reports showed that, in average, this approach has better
results. Not only the number of generation is improved, but
the fitness function is evaluated fewer times for our approach.

As future work, we will try to find the best parameters
configuration (probability, rate and adaptation rate), taking into
account the issues presented by El-Mihoub et all [17] and



P A G F LS R
- - 259.82 12411.42 0 -

p = 1 a = 1 102, 02 18092, 54 102, 02
p = min(p × a, 1), successful LS
p = p/a, unsuccessful LS

p = 0.5 a = 1 123.5 13821.88 61.02
p = min(p × a, 1), successful LS
p = p/a, unsuccessful LS

p = 0.5 a = 1.5 337.32 16859.26 5.86
p = min(p × a, 1), successful LS
p = p/a, unsuccessful LS

p = 0.5 a = 2 191.72 9806.32 4.29
p = min(p × a, 1), successful LS
p = p/a, unsuccessful LS

p = 0.5 a = 2.5 294.36 14300.08 1.9
p = min(p × a, 1), successful LS
p = p/a, unsuccessful LS

p = 0.5 a = 3 250.12 12029.96 0.7
p = min(p × a, 1), successful LS
p = p/a, unsuccessful LS

p = 0.5 a = 3.5 253.3 12294.54 1.56
p = min(p × a, 1), successful LS
p = p/a, unsuccessful LS

p = 0.5 a = 4 342 16558.86 1.86
p = min(p × a, 1), successful LS
p = p/a, unsuccessful LS

p = 0.5 a = 4.5 300.48 14590.14 1.9
p = min(p × a, 1), successful LS
p = p/a, unsuccessful LS

p = 0.5 a = 5 320.98 15461.36 1.12
p = min(p × a, 1), successful LS
p = p/a, unsuccessful LS

p = 0.5 a = 1.5 249.58 12927.74 7.7
a increases by 0.1 at each evolution
of the genetic algorithm

p = 0.5 - 209.4 14693.18 36.16
probability = 1/(1 +
fitnessV alue)

TABLE VIII: Results for the second experiment for path t1, t6, t18, t0, t4, t1, t6, t18, t1, t5, t11, t13, t13, t17, t18, t0, t4, t1, t6,
t18, t0, t2, t14, t15, t11, t7, t10, t15, t13, t13, t15, t9, t14, t7, t10

running on all other paths. We plan to test on more EFSMs,
to compare our results with other model based techniques and
to extend this approach for non-integer input values (double,
string etc). We will investigate the use of other local search
methods to further improve our approach. We will explore
some structural testing methods, such as Geometric and Lattice
searches [18] and Hill Climbing [19]. We will investigate the
idea of applying local search on many chromosomes.
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