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a  b  s  t  r  a  c  t

Generating  test  data  covering  multiple  paths  using  multi-population  parallel  genetic  algorithms  is a
considerable  important  method.  The  premise  on  which  the  method  above  is  efficient  is appropriately
grouping  target  paths.  Effective  methods  of  grouping  target  paths,  however,  have  been  absent  up  to  date.
The  problem  of  grouping  target  paths  for generation  of  test  data  covering  multiple  paths  is  investigated,
and  a  novel  method  of  grouping  target  paths  is  presented.  In this  method,  target  paths  are  divided  into
several  groups  according  to calculation  resources  available  and similarities  among  target  paths,  making
a small  difference  in  the  number  of  target  paths  belonging  to  different  groups,  and  a great  similarity
among  target  paths  in  the same  group.  After  grouping  these  target  paths,  a  mathematical  model  is built
for  parallel  generation  of  test  data  covering  multiple  paths,  and  a multi-population  genetic  algorithm  is
adopted  to solve  the  model  above.  The  proposed  method  is applied  to  several  benchmark  or  industrial
programs,  and compared  with  a previous  method.  The  experimental  results  show  that  the  proposed
method  can  make  full use  of calculation  resources  on  the  premise  of meeting  the  requirement  of  path
coverage,  improving  the  efficiency  of generating  test  data.

© 2012 Elsevier Inc. All rights reserved.

1. Introduction

Software testing is an important mean of guaranteeing soft-
ware quality. The process is referred to as white-box testing if
the source code of software under test is required during testing
(Beizer, 1990). To check whether software meets the given require-
ments or not, some test adequacy criteria are needed for white-box
testing. Among various criteria, the most commonly used one is
path coverage, which requires test data generated can traverse the
target path(s) of the program under test (Shan et al., 2005).

There are various methods of generating test data meeting path
coverage. These methods are divided into static and dynamic ones
according to whether software under test is executed, and dynamic
methods need to execute software under test when generating test
data (Shan et al., 2004). Generating test data covering target paths
using genetic algorithms is one of dynamic methods which has
brought to wide-ranging attention and achieved fruitful achieve-
ments (Xu, 2007). Genetic algorithm is a random search method
inspired from biology evolution and heredity mechanism (Holland,
1975). For generating test data using genetic algorithms, the prob-
lem of generating test data is converted into an optimization one
which is solved by genetic algorithms (Xanthakis et al., 1992).

Real-world software often contains multiple paths. It will
undoubtedly improve the efficiency of generating test data if test
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data covering multiple target paths are generated in one run of a
genetic algorithm. To this end, the problem of generating test data
covering multiple paths can be converted into a multi-objective
optimization one which is solved by existing evolutionary multi-
objective optimization methods. By this way, the desired test data
can be generated (Ahmed and Hermadi, 2008; Cao et al., 2010; Gong
and Zhang, 2010).

But when there are many target paths, an optimization problem
with many objectives will be formed which is very difficult to solve.
If existing evolutionary multi-objective optimization methods are
used to solve the problem, it will be very difficult, or even impos-
sible to get test data meeting the requirement of path coverage.
Therefore, a complicated optimization problem can be converted
into several simpler sub-optimization problems after target paths
have been divided into several groups according to appropriate
methods, among which each group contains relatively fewer target
paths. Each sub-optimization problem is solved by evolving a sub-
population to generate test data covering target paths belonging
to the corresponding group. Consequently, test data covering all
target paths are generated (Gong et al., 2011). Unfortunately, exist-
ing grouping methods often make a great difference in the number
of target paths belonging to different groups, and the efficiency of
generating test data using genetic algorithms needs to be further
improved.

The problem of grouping target paths when generating test data
covering multiple paths using genetic algorithms is investigated
in this study. An appropriate method of grouping target paths is
expected which allows a small difference in the number of target
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paths belonging to different groups and a great similarity among
target paths in the same group. To this end, the number of groups
is uniquely determined by calculation resources available, and the
base path is selected according to the sum of path similarities. And
target paths belonging to a group are selected according to simi-
larities among base paths and others. After grouping target paths,
a mathematical model is built for the problem of generating test
data, and a strategy of generating test data using a multi-population
parallel genetic algorithm is adopted.

The rest of the paper is organized as follows. The proposed
method of grouping target paths is given in Section 2, which
includes a strategy of grouping target paths, a mathematical model
for the problem of generating test data after grouping target paths, a
strategy of evolutionary generation of test data, and the steps of the
proposed algorithm. In Section 3, the proposed method is applied
to some benchmark and industrial programs, and the experimen-
tal results and analysis are also given. Section 4 reviews related
work. Finally, Section 5 concludes this paper, and provides possible
opportunities for future research.

2. Proposed method

For convenience of description, several related concepts are
introduced before the method of grouping target paths. More
detailed contents about these concepts can be found in Gong et al.
(2011).

Node: Denote a program under test as P. A node is a statement
block of P, and all statements contained in the node are either exe-
cuted or not at all when P is run. A node may  be the condition of a
loop, the condition of a select statement, or one or more successive
statements.

Path: It is a serial of nodes traversed by the control flow when P
is run under a given input, and denoted as p. The number of nodes
contained in a path is called the path length.

Similarity of paths: Consider two target paths pi and pj of P, and
their nodes are pi1, pi2, . . . , pi|pi | and pj1, pj2, . . . , pj|pj |, respectively,
where |pi| and |pj| are the path length of pi and pj, respectively. Com-
pare pj and pi from pj1 to check whether they have the same nodes,
and denote the number of successively same nodes as |pi ∩ pj|. The
similarity between pi and pj is defined as the ratio of the number
of successively same nodes to the larger path length, and denoted
as s(pi, pj), whose expression is as follows:

s(pi, pj) = |pi ∩ pj|
max{|pi|, |pj|}

(1)

Denote P’s input as x, where x may  be either a scalar or a vector.
If x is a vector, the types of different components may  be different.
Denote the set of inputs as D and m target paths to be covered as
p1, p2, . . .,  pm. According to Ahmed and Hermadi (2008),  the prob-
lem of generating test data covering these m target paths can be
converted into a multi-objective optimization one, and its mathe-
matical model is as follows:

min(f1(x), f2(x), . . . , fm(x))

st. x ∈ D
(2)

where fi(x) represents the objective related to the ith target paths.
fi(x) will reach the minimum if and only if the traversed path is just
the ith target one when P is run under the generated test data.

2.1. Grouping target paths

There are two factors to be considered when grouping tar-
get paths: the number of target paths and the composition of
each group. The idea of the proposed method of grouping tar-
get paths in this study can be described as follows. The number

of target paths in each group is determined according to calcula-
tion resources available to narrow the difference of the number
of target paths in different groups. Target paths belonging to
a group are determined according to similarities of paths to
improve the similarity between the base path and the others in the
group.

Suppose that there are nr calculation resources available,
and they are homogeneous. For example, nr computer nodes
with the same configuration can be used to simultaneously
generate test data covering target paths. To reduce the time
consumption spent in generating test data, the load of these
calculation resources should be balanced by and large. In
other words, we expect to generate test data using differ-
ent calculation resources, and the number of target paths
to be covered has a small difference in different calculation
resources.

Owing to only nr calculation resources available, m target paths
should be divided into nr groups, denoted as g1, g2, . . . , gnr , and
test data covering target paths of each group are generated only by
one calculation resource, so that the number of test data generated
by each calculation resource is the smallest. The detailed strategy
is as follows:

Denote the number of target paths contained in gi as |gi|. For the
first group, g1,

|g1| =
⌊

m

nr
+ 0.5

⌋
(3)

For the ith group, gi, i = 2, 3, . . .,  nr,

|gi| =
⌊

m −
∑i−1

j=1|gj|
nr − i + 1

+ 0.5

⌋
(4)

Now, we illustrate that the groups obtained by the method
above have a small difference in the number of target paths.

The number of target paths belonging to the first group, g1, can
be expressed as:

|g1| =
⌊

m

nr
+ 0.5

⌋
=

⎧⎪⎨
⎪⎩

⌊
m

nr

⌋
⌊

m

nr

⌋
+ 1

(5)

When |g1| is equal to
⌊

m
nr

⌋
, we have

m

nr
− 0.5 ≤

⌊
m

nr

⌋
≤ m

nr
(6)

Combining formulas (4)–(6),  we  have:

⌊
m

nr

⌋
=

⌊
m

nr
+ 0.5

⌋
=

⌊
m − (m/nr)

nr − 1
+ 0.5

⌋
≤ |g2|

=
⌊

m − �m/nr�
nr − 1

+ 0.5

⌋
≤

⌊
m − (m/nr) + 0.5

nr − 1
+ 0.5

⌋

=
⌊

m

nr
+ 0.5 + 0.5

nr − 1

⌋
≤

⌊
m

nr
+ 1

⌋
≤

⌊
m

nr

⌋
+ 1 (7)

According to formulas (5) and (7),  we have:⌊
m

nr

⌋
≤ |g2| ≤

⌊
m

nr

⌋
+ 1 (8)

When |g1| is equal to
⌊

m
nr

⌋
+ 1, we  have:

m

nr
− 1 ≤

⌊
m

nr

⌋
≤

⌊
m

nr

⌋
− 0.5 (9)

Combining formulas (4), (5) and (8),  we  have:
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