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Abstract. How to generate adequate test cases based on a specification
to cover all of the paths in its implementation is a challenge in software
testing. This paper presents a new approach to selecting test cases for
program testing. The essential idea is to generate a set of test cases
based on a given operation specification in pre-post notation, and then
apply the genetic algorithm to facilitate the generation of more effective
test cases in terms of program path coverage. The principle of GA is
discussed and an improvement of the GA through integration with Tabu
list is presented. An experiment is conducted to study how the improved
GA can be applied and to evaluate its effectiveness. The result shows
that our proposed method is more efective than conventional methods
and can cover all paths based on formal specification.
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1 Introduction

Most of testing projects try to adopt automatic test case generation to improve
productivity and coverage rate. An important step in automatic testing is to
select appropriate test cases. An effective application of formal specification
in practice is facilitating test case generation, and the automation of the pro-
gram testing process [13]. The automatic specification-based testing (ASBT) is
a potentially effective technique for software reliability and attractive to the
software industry, which can reduce the cost and time and avoid many human
errors at the testing process. More and more companies adopt the formal spec-
ification to the requirement analysis or system design, this makes the auto-
matic specification-based testing become practical. ASBT has proposed several
approaches that let the test cases be generated only based on specifications. The
criteria for determining if test cases satisfy the test condition have been put
forward, but it does not ensure that every path in the related program can be
traversed. Now the problem is how to ensure the paths in the related program
can be traversed completely.
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To solve the above problem, “Vibration” method has been proposed [12].
It has improved path coverage rate dramatically, however it still can not ensure
to cover all paths in the representative program. There is also a large body of
research on specification-based testing. Many projects automated test cases gen-
eration from specifications, such as Z specification [1,2], UML statecharts [3,4],
or ADL specifications [5,6]. The Korat which is one of the novel frameworks
for automated testing of Java Programs, is based on Java predicates [7]. Given
a predicate and a bound on the size of its inputs, Korat generates all inputs
for which the predicate returns true. Marisa A.S’anchez has examined algebraic-
specification based testing with particular attention to the approach reported by
Gilles Bernot, Marise Claude Gaudel and Bruno Marre [8]. It did not only focus
on the generation of test cases from the initial specification but also the additions
and revisions during the development. D.Marinov and S. Khurshid presented a
framework for automated testing of Java programs called TestEra [9]. TestEra
uses the Alloy Analyzer (AA) [10] to automatically generate method inputs and
check correctness of outputs, but it requires programmers to learn a specifica-
tion language much different than Java. Cheon and Leavens have proposed an
automatic translation of JML specifications into test oracles for JUnit [11]. But
the programmers have to provide sets of possibilities for all method parameters,
which add a burden of test cases generation for programmers.

In this paper, Genetic Algorithm (GA) has been used to address the problem
by studying how to ensure the paths in the related program can be traversed com-
pletely. Roy P. Pargas, Mary J. Harrold, and Robert R. Peck [18] have already
applied standard genetic algorithms to generate a test data for a specific path.
On the other hand, we propose improved genetic algorithms to generate test
cases for all paths in the related program. A large number of test cases are gen-
erated by GA, and the appropriate test cases have been chosen after genetic
manipulation to cover all paths in the related program. In addition, we improve
the algorithm by integrating the Tabu search method.

The remainder of this paper is organized as follows. Section 2 gives a brief
introduction to the formal specification and automatic test cases generation.
In Sect. 3, we present how to apply GA to solve this issue and improve the GA
using Tabu search method. In Sect. 4, we present the result of the experiments.
In Sect.5, we conclude the study and point out some problems in practice we
need to solve in the future.

2 Formal Specification and Automatic Test Case
Generation

Our work proposed in this paper is based on the automatic specification-based
testing(ASBT) method by Liu in [13], it is therefore necessary to introduce briefly
Liu’s work for readability of this paper. Automatic specification-based testing
(ASBT) is a potentially effective technique for software industry, by avoidance of
many human errors during a testing process to save development cost and time
significantly. In the formal specification, we let S(S;y, Sov)[Spre, Spost] represent
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the specification of an operation S, where S, is the set of all input variables
whose values are not changed by operation S, S, is the set of all output vari-
ables whose values are produced or updated by the operation, and Sy.. and
Spost are the pre- and post-condition of S, respectively. Each formal specification
S(Siv, Sov)[Spre, Spost] can be transformed into an equivalent functional scenario
form (FSF): (~Ppre ANC1 AD1)V (~Ppre ANCay A D) V...V (~Ppyre ACy A Dy).
~Spre N C1 A Dy is called a functional scenario.

In the functional scenario, the tilde mark ~ in ~S,.. represents the initial
values of the variables in pre-condition before operation; C; is a guard con-
dition which is derived from S,,s¢, which includes only input or initial state
variables; ~Sp.. A C; is test condition. Each test condition can be transformed
into an equivalent disjunctive normal form: P; V P, V ...V P,,, each P; presents
a conjunction of atomic predicates. Each P; consists of @);, in the format like
this:Q1 A Q2 A ... A Q. To generate a test case based on formal specification is
to generate a test case by satisfying the atomic predicates in the test condition.
This process can be decomposed into two steps:

Stepl: Generating a test case t to satisfy the @,

Step2: If t satisfies the all other atomic predicates, t is a test case; otherwise,
go back to Step! until finding a test case that satisfies all the atomic predicates
or to be stopped by human operation.
The process is illustrated in Fig. 1. Each note denotes a state that satisfies all the
predicates expressions along the “path” from the starting state SO to itself; and
each edge denotes a predication. Therefore, the Sla represents a state that satis-
fies all predicates along the “path”, from Q11 to Qla. The dotted line in the graph
represents omission of many intermediate “state transitions”. All the states Sla,
S2b, ...,Smv are called accepting states, each of which represents a state that sat-
isfied all the predicates along the path from SO to itself. For example, S1la denotes
a state that satisfies the conjunction Q11AQI12A ... A Qla [12,13].

The essential idea of ASBT is to generate a test set that covers every scenario
by satisfying its test condition at least once. Generally, this problem may be
handled by generating more test cases, but what test cases should be generated
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Qmv Smv

Fig. 1. The graph of the disjunctive normal form of a testing condition
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is still a big challenge. Liu has proposed the “Vibration method” which tries to
change the “distance” between the variables to find more test cases to cover all
corresponding program paths. For example, if there are two expressions E1 and
E2, the “distance” (] E1-E2 |) between E1 and E2 will be changed as the values
of variables in two expressions changed. A test case is created to satisfy the
relation when the distance is small; another new test case will be created when
the distance is greater. Repeating this process by increasing and decreasing the
distance between E1 and E2 until the terminated decision is made. Although
this method improved path coverage rate dramatically, it can not ensure that
all paths will be covered since the distance is changed randomly at every time.
In this paper, we introduce the GA to improve the performance of coverage rate
in ASBT. And then we improve the GA using Tabu list, to guarantee a better
performance of GA in automatic test cases generation. In next section, we will
describe the procedure of how to apply GA to generate test cases based on formal
specification [13].

3 Applying GA to Automatic Test Case Generation

In this section, we propose applying GA to automatic test case generation based
on formal specification. By utilizing GA, the process of choosing test cases will be
more effective. Initially, GA generates a population based on the specification,
in which each individual is a set of test cases. The individual who has high
path coverage rate will be selected to produce next generation. After the GA
manipulation, the population in the next generation will be better and have a
higher path coverage rate. The evolution will continue until all the paths in the
program have been traversed.

3.1 Definition of Chromosome for Automatic Test Case Generation

The first step of GA is to randomly generate population of chromosomes [16]. Each
member in the population is called individual. In our work, an individual is a test
set consisting of one or more test cases. The test cases are generated based on the
formal specification. If the chromosome is defined as a test case, it is difficult to
judge whether the chromosome is good enough to be used to generate next gener-
ation. Because every chromosome will be in only two states:one is covered a path;
the other is not cover a path. If the chromosome is defined a set of test cases, there
will be a path coverage rate for every chromosome, and then we can judge which
one is appropriate to be selected to generate the next generation. Figure 2 shows
an example of a chromosome definition for a set of test cases. Every genetic locus
in each chromosome corresponds to a test case, which satisfies the precondition.
For example, the input variables are numeric type from 1 to 100, and then genetic
locus will be defined as a number from 1 to 100 randomly. The length of the chro-
mosomes (how many test cases in a chromosome) equals to the number of the
paths. Thus, in the Fig. 2, t; represents a test case, and n denotes the number of
the paths. By generating a large scale of chromosomes in a population, we can
generate a lot of test cases satisfied the precondition.
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Chromosome (Test Pattern)

(e [el - Tel . Ta]

| ti = (Xi1, X2, - » Xim) |

ti: Test case, xij: Input parameters,
n: Total number of the path, m: Total number of the input parameters

Fig. 2. Chromosome definition for test cases generation

Figure 3 shows an example of the initial population when we don’t have any
previous test patterns or knowledge to generate test patterns from corresponding
paths maplIn this example, input parameters are generated randomly in a feasible
region. Figure4 shows an example of the initial population when we have some
previous test patterns or knowledge to generate test patterns from corresponding
paths map. In this example, we use these test patterns as a part of chromosomes
and generate other input parameters randomly.

3.2 Evaluation Function

In a genetic operation, the evaluation function is a fitness function which is
devised for each problem to be solved. Given a particular chromosome, the fit-
ness function returns a single numerical “fitness”, or “figure of merit”, which is
supposed to be proportional to the “utility” or “ability” of the individual which
that chromosome represents. In this case, the fitness function is defined as the
path coverage rate, when the chromosome covered more paths, its evaluation
value will be higher. In this study, we assume that the number of all paths in
the related program is known and define the fitness function in Eq. (1) below,
which is normalized to values between 0 to 1.

k
I=- (1)
In Eq. (1), f is the evaluation function, k is the number of the paths that
chromosome has covered; n is the number of all paths in the corresponding
programs. The individual who achieves an evaluation value f=1 means that the
individual has covered all paths in the corresponding programs, and it is the
optimal solution to the problems.

3.3 Genetic Manipulation

Selection. Selection is the stage in which individual generates for next genera-
tions from a population based on fitness values. There are many kinds of selection
methods in GA, and we apply tournament selection [16] in this study. Tourna-
ment selection has a simple rule and can guarantee that the better one will be
chosen and the worse one will be eliminated. Tournament selection involves ran-
domly picking several individuals from the population and staging a tournament
to determine which one is finally selected. It generates a random value between
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Chromosome (Test Pattern)
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Fig. 3. An example of initial populations when we don’t have any previous test patterns

previous test patterns applying genetic operation
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Fig. 4. An example of initial populations when we have some previous test patterns

zero and one and comparing it to a pre-determined selection probability. If the
random value is less than or equal to the selection probability, the fitter can-
didates is selected; otherwise, it select other candidates again. The probability
parameter provides a convenient mechanism for adjusting the selection pres-
sure. The tournament size is 3, selecting the highest fitness one to be parent for
next generation by comparing the three individuals. The individuals selected by
tournament selection as parents to do crossover.

Crossover. Crossover is a genetic operator used to vary the programming of
chromosomes from one generation to the next. In this paper we choose two-
point crossover [16] since it can keep the stability of the individuals’ value of
fitness when the average fitness in the population is high enough. There is a
variable t, which is generated randomly. When it is bigger than the crossover
rate, the crossover will take two individuals, and cuts their chromosome strings at
some randomly chosen position, to produce two “head” segments, and two “tail”
segments. The two segments between the “head” and “tail” are then swapped
over to produce two new full length chromosomes. The two offsprings each inherit
some genes from each parent.

Mutation. Mutation is a genetic operator used to maintain genetic diversity.
When a number of the input parameter is 1, we can apply a simple mutation.
An example of a simple mutation is shown in Fig. 5. Mutation is applied to each
child individually after selection and crossover. It randomly alters each gene with
a small probability. If the variable ¢ which is generated randomly is bigger than
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Fig. 5. An example of a simple mutation
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Fig. 6. An example of a different vector mutation for the two input parameters
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mutation rate, the mutation manipulation will be executed. Mutation provides
a small amount of random search, and helps ensure that no point in the search
space has a zero probability of being examined. When a test case is consisted of
multiple input parameters, a mutation is defined as a different vector mutation.
Figure 6 shows an example for the two input parameters.

Repeat the above steps until the individuals whose fitness is 1 have been
found or the termination condition has been met [14-16].

3.4 Proposal of GA with Tabu List for Covering Paths

We design test cases generation method based on the standard GA to find all
paths in the corresponding program. Figure 6 shows an example of the paths in
a program, in the form of binary tree. Gene has been designed as a test case,

& ®

® @ @

S
S % & K
R

Sod® e

Fig. 7. A path map of a test program
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Record

No-N1-N3-N7 | No-Ni-N3-Ng | No-Ni-Ns-No | No-Ni-Ng-Njo | No-N2-Ns-Nip | No-N2-Ns-Np2 | No-N2-Ng-Niz | No-N2-Ne-Nig

Fig. 8. An array records paths which have been found like a Tabu list

and the number of genes contained in each individual equals to the number
of the paths. There are 8 paths in Fig.7, each node is a predicate extracted
from the formal specification. Every individual generated 8 test cases once a
time, but the test cases did not cover all paths necessarily. After selection and
crossover operation, individuals will cover more and more paths; therefore the
population will be better and better. This process will be terminated until the
fitness =1 has been found. For example, there is an array to record paths which
has been covered. If one of the test cases covered path NO-N1-N3-N7, we add this
path to the array, as shown in Fig.8. The GA will not be terminated until all
paths have been recorded. In other words, the process will be stopped before the
best individual has been found, which saves the time and makes the algorithm
more effective.

4 Experiments

4.1 Experiment Method

Judging triangle’s type is often introduced in the research about software testing
as a typical example to demonstrate the idea of the testing. Firstly, we create the
formal specification of judging triangle’s type including precondition and post-
condition, as shown in Fig.9. There are three inputs and five paths in the pro-
gram that implements the specification, as shown in Fig. 10. If the three inputs
can not form a triangle, it is a test case that covers the pathl. If the three inputs
can form a triangle, they will cover one of the other four paths. All inputs are
real number type. Due to the complexity and clarity of the logical in this pro-
gram, even there are plenty of combinations of inputs, only a small amount of
combinations can cover certain paths in the program. Therefore, blind search
became costly.

The experiment environment parameters are shown in Table 1. Then we change
the parameters in GA to determinate what the parameters set for. Figure 11 shows

Table 1. Experiment environment

oS Windows 7

Processor Intel Corel i7 CPU 2.80 GHz
Memory(RAM) 8 GB

System type 64-bit operation system

Tool Eclipse
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end_process

process triangle(x:nat,y:nat.z:nat)T:string
pre x<=100&&y<=100&&z<=100
post if xtyre&&xtzoy& &y+zox
then if x°+ y2 =z’ I xi+ == y2 [ y2 +z7h ==y’
then T="right-angled triangle
else if x==y==z

then T="regular triangle"

else if x!=y&&y!l=z&&x!=z
then T="general triangle"
else T="isoceles triangle"

else T="not a triangle"

Fig. 9. An example of a formal specification to judge triangle’s type

atb>c&&atc>b&&ctb>a

Y

Pathl
not
triangle

a’+b?=c?||c*+b*=a?||a’>+c*=b2

Y N
a=b=c
Paht2 Y al=bl—c N
right o
angled
triangle Fath3 Y N
regular | Path4 Path5
triangle | General | equicrural
triangle | triangle

Fig. 10. An example of a paths map to judge triangle’s type
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Fig. 11. Relationship between the execution time and the number of entity.
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that if the number of the population is changed to 50, 100, 200 and 300, respec-
tively, the execution time will be different. As the Fig. 11 shows that while the
population size in 100 the experiment results are the stablest. From Fig. 12, we
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Fig. 13. Relationship between the execution time and a crossover rate.

can find that while the mutation rate is from 0.03 to 0.05 the cost of time is less.
And the Fig. 13 shows cost of time is not very sensitive to crossover rate, in con-
trast, the mutation rate influenced the results more than other parameters.

Table 2 shows the execution parameters. The GA execution parameters are
determined by preliminary tests and the choice of selection and crossover method.
Based on the standard GA, we don not need to apply complicated selection and
crossover method. In this phase, we prove that applying GA to automatically test
cases generation is feasible and effective.

The design of the experiments is limited by the type of inputs. When the
types of the input are naturel number, real number, or char, the design will
be relatively easy. In this experiment, only inputs of naturel number type will
be considered.

Table 2. GA execution parameters

No. of entities 100
Crossover rate 0.8
Mutation rate 0.03

Selection method | Tournament method

Crossover method | Two-point crossover

Mutation method | Simple mutation

Length of gene 35

Repeat time 50
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Table 3. Execution time and generation

Execution Time Generation Path coverage rate

best average | worst | best | average | worst
121 ms | 427ms |940ms |30 |120 268 | 100%

4.2 Experimental Results

Table 3 shows the results of the execution time and generations until a solution
is reached by GA which repeats 50 times and all paths are covered. The results
showed in Table3 that the average generation is around 100, and the average
time is less than 0.5s.

4.3 Experiments About Comparison of GA and GA with Tabu List

The example containing 80 paths has been introduced here to show the difference
between the standard GA and the GA with Tabu list. Figure 14 shows the formal
specification and the paths we designed for the experiment.

Based on the formal specification, there are three inputs including variables z,
y and z. However, it is not clear about how many paths in the relative program
since the postcondition is true. We design a map of test paths based on the
formal specification. In this map, there are 80 paths from start to end. As we
marked the node in the map, every path has a sequence number when it passes
through the nodes, which is showed at right Fig.14. We generate test cases to
cover the 80 paths in order to cover all paths in the relative program as far as
possible. With the standard GA, we need to find the best individual who has
covered all paths in the map; by using GA with Tabu list, the process will end
when all paths have been traversed.

Table4 shows the execution parameters in this experiment. The standard
GA and GA with Tabu list have different parameters according to their different
designs. As a result, when the number of entities is 750, we achieved a best result

Table 4. Exeperiment parameters

GA GA with Tabu list
2 No. of entities |750 50
Crossover rate 0.9 0.9
Mutation rate 0.03 0.03

Selection method |Tournament method| Tournament method

Crossover method| Two-point crossover | Two-point crossover

Mutation method |Simple mutation Simple mutation
Length of gene |80 80
Repeat time 50 50
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Precondition xy>z&&z!=0

postcondition true

Path= “0" ——(  end )

1111 1211 1311 1411 1511
1112 1212 1312 1412 1512
1121 1221 1321 1421 1521
1122 1222 1322 1422 1522
1131 1231 1331 1431 1531
1132 1232 1332 1432 1532
1141 1241 1341 1441 1541
1142 1242 1342 1442 1542

> | T T

i 1 Number of paths: 80
T ~
t<6000 S——| j

_4qn Path +="2"
Path+="1 ,T, N
X < t<8000 ———f
Path += “3” N

<:  t<50007 / — j ‘—'—
o i : | P

‘1—' <:' <1000 \‘_F |
Path +=“1” 7 1
¢ wTv
) < <1500 “‘;;
Path += “2" ~ > 4
~
%
X : h v

Path += “3” ‘ Path+= “4"

Fig. 14. An example of formal specification and a map of test paths

using standard GA; on the other hand, it costs too much time when the number
of entities is large in the experiment using GA with Tabu list.

Table 5 shows the results of the two methods. When using standard GA,
the execution will be terminated when the individual whose value of fitness is
1 has been found. It takes too much execution time to find the best individual
who has covered all paths in the program. In practice, we merely need to cover
all paths in the related program. The experiment of GA with Tabu list shows a
much better result comparing with the standard GA. The GA with Tabu list has
been terminated when all paths have been covered before finding the best one
who has a best path coverage rate. From the Table 5, the GA with Tabu list has
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Table 5. Comparison of GA and GA with Tabu list

Average time|Average generation
GA 15033 ms 273.36
GA with Tabu list| 11 ms 2.78

l Btime Igenerationl

e e e U T T
20 30 40 50 60 70 80 90 100

The number of entity

Fig. 15. Relationship between number of entities and execution time in the method
using GA with Tabu list

saved much time and generation; that is because it did not cost too much time
to find the best individual, and just several generations need to be produced to
cover all paths in the related program.

Since the size of the population has influenced the results of the experiment
using GA with Tabu list, we have changed the size of the population to do
another experiment to see the relationship between the size of the population
and the execution time of CPU. As is shown in Fig. 15, it got a best result around
the population size of 30.

4.4 Discussion

Applying GA to automatic test cases generation can cover all paths in the test
program effectively, as is shown in Table 6. The Vibration method which has been
proposed covering all paths in the related program, but the results showed that
the coverage rate is 92 % [12]. From Table 6, the V-method(Vibration method)
has a much better result than Pairwise testing, however the coverage rate is still
not reach the 100 %. The GA can cover all paths based on formal specification
which is more effective than V-method and Pairwise testing method. On the
other hand, this method need high cost for fitness evaluations of individuals
because of the necessity for the running the program many times. Therefore, we
need to speed up the proposed method using parallel processing on many-core
architectures.

In order to improve the GA, we combined GA with Tabu search, and execu-
tion time has been reduced obviously, which is showed in Table5. As shown in
Table 5, the test case generation method using GA with Tabu list takes much
less time than the standard GA. In standard GA, we attempt to find the best
individual who covered all paths, on the contrary, the GA with Tabu list found
all paths in the program before finding the best one. In the beginning, the two
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Table 6. Comparison of path coverage rate

Testing methods |Number of test cases/Path coverage rate
Pairwise testing |58 53 %

V-Method 56 92 %

Standard GA 80 100 %

GA with Tabu list|80 100 %

methods are introduced to find the test cases which satisfy the test condition,
afterwards, the standard GA focus on find the best one who covered all paths,
while the GA with Tabu list does not care about the fitness function in the
later time.

In this paper, we assume that the number of all paths in the related program
is known. In the other hand, in practice, we do not know how many paths in
the related program. Fortunately, there is an open source software [17] on the
internet which can check out the number of paths in the program. It makes
that generating the test cases to cover all paths in the test program with our
method become practicable. We also need evaluations using a more complicated
and practical program as our future work.

5 Conclusion

In this paper, we applied GA to generate test cases based on a formal specifica-
tion. We demonstrated the procedure of the design about how to generate test
cases using GA and our proposed method is more effective than conventional
methods and can cover all paths. We also conducted two experiments to test
our methods; one is to apply the standard GA to generate test cases of judging
a triangle; the other containing 80 paths to compare the performance of GA
and GA with Tabu list. The results show that the path coverage rate can reach
100 %, and the GA with Tabu list has a better performance than standard GA.
How to locate the bugs in the program is still a problem unaddressed in this
paper. Our future work will concentrate on detecting the bugs in the program
using a more practical problem.
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