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Abstract
The main goal of Software Testing is to detect faults in Software. 
So, Software verification process can play vital role in development 
of software projects. Testing Software involves gathering all test 
cases to detect faults but it is time and effort consuming .alternative 
to minimize effort and time is random testing in which tester can 
test random test cases but it compromise the quality of testing. The 
only alternative to detect faults without compromise quality testing 
and minimize the time and effort is to choose subset of test cases 
from all test case having coverage of testing equivalent to all test 
cases. This paper describes structural Statistical testing method 
uses the advantages of structural as well as statistical testing. The 
experimental results show that structural Statistical testing gives 
better results with the fitness evaluation function.
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I. Introduction
Software testing is performed to verify that the completed software 
package functions according to the expectations defined by the 
requirements/specifications. The overall objective to not to find 
every software bug that exists, but to uncover situations that could 
negatively impact the customer, usability and/or maintainability. 
To discuss the distinctions between validation  testing and defect 
testing. To describe the principles of system and component 
testing. To describe strategies for generating system test cases. 
To understand the essential characteristics of tool used for test 
automation. structural testing: specifies testing requirements in 
terms of the coverage of a particular set of elements in the structure 
of the program or the specification; There are two main groups 
of program based structural test adequacy criteria: control-flow 
criteria and data-flow criteria. These two types of adequacy criteria 
are combined and extended to give dependence coverage criteria. 
Most adequacy criteria of these two groups are based on the flow-
graph model of program structure. However, a few control flow 
criteria define test requirements in terms of program text rather 
than using an abstract model of software structure.
Random testing is literally the antithesis of sub domain testing: 
no points are considered ‘the same’ and the sampling is over the 
entire input domain. Its application to any system or unit depends 
only on a knowledge of the input domain and the ability to map 
pseudorandom numbers into that domain as a sampling device. 
However, to obtain a reliability estimate from random testing, an 
input distribution for expected software usage must be available. 
This distribution, the so-called ‘operational profile weights inputs 
according to how likely they are to occur in use.
Statistical testing is based on a probabilistic generation of test 
data: classical structural or functional criteria serve as guides for 
defining an input profile and a test size. The method is intended 
to compensate for the imperfect connection of current criteria 
with software faults, and should not be confused with random 
testing, a “blind” approach that uses a uniform profile over the 
input domain.
The testing method explained are not  effective because following 
factors structural testing is based on the structure of a program, 

and random testing so may not cover total test coverage. that is the 
reason why the combination of structural and statistical testing will 
give the better results for finding faults in the software units. 
This paper proposes using a search-based approach to derive 
probability distributions for statistical testing and believe this to 
be a novel application of SBSE. It is inspired by the manual process 
but uses automated search to enable a more scalable technique 
without the need to compromise on the strength of the adequacy 
criterion.
The rest of the paper is organized as follows: Section II, Related 
Work Section III, Problem description. Section IV, describes 
Framework and algorithms. Experimental results are reported in 
Section V. Section VI, concludes the paper.

II. Related Work
Structural Testing Judging test suite thoroughness based on the 
structure of the program itself  Also known as “white-box”, “glass-
box”, or   code based “ testing  To distinguish from functional 
(requirements-based, “black-box” testing) “Structural” testing is 
still testing product functionality against its specification. Only 
the measure of thoroughness has changed.
Random Testing Random testing generates test data by random 
sampling from the input domain according to a probability 
distribution [1]. No information is required as to the internal 
structure of the Software Under Test (SUT), and in this situation, 
the choice of distribution is arbitrary. Using the operational 
profile—the distribution of input vectors that would occur when 
the system is in use—is a common choice which has the advantage 
of producing a reliability estimate in addition to detecting faults. 
However, it is difficult to derive the profile for a lower level 
component from the operational profile of the system as a whole, 
and the operational profile may not be available at the required 
stage of the development life cycle [16]. For these reasons, a 
uniform distribution is often used for random testing, and we make 
this assumption in this paper. One advantage of random testing is 
that any vector in the input domain could be used as a test input 
and this enables the detection of faults that can be overlooked by 
a more systematic derivation of test cases (see, e.g., [2]).
Statistical testing overcomes some of the shortcomings of random 
testing and structural testing by combining approaches from both 
of these techniques [3-8]. Statistical testing may also be used 
for functional coverage, but here we consider statistical testing 
applied to coverage of the SUT’s structure. This paper addresses 
the problem of selecting finite test sets and automating this 
selection. Among these methods, some are deterministic and some 
are statistical. The kind of statistical testing we consider has been 
inspired by the work of Thevenod-Fosse and Waeselynck. There, 
the choice of the distribution on the input domain is guided by 
the structure of the program or the form of its specification. In the 
present paper, we describe a new generic method for performing 
statistical testing according to any given graphical description of 
the behavior of the system under  test. This method can be fully 
automated. Its main originality is that it exploits recent results and 
tools in combinatorics, precisely in the area of random generation 
of combinatorial structures. Uniform random generation routines 
are used for drawing paths from the set of execution paths or 
traces of the system under test. Then a constraint resolution step 
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is performed, aiming to design a set of test data that activate the 
generated paths. This approach applies to a number of classical 
coverage criteria. Moreover, we show how linear programming 
techniques may help to improve the quality of  test, i.e. the 
probabilities for the elements to be covered  by the test process.
The paper presents the method in its generality. Then, in the 
last section, experimental results on applying it to structural 
statistical software testing are reported. The method is intended 
to compensate for the imperfect connection of current criteria 
with software faults, and should not be confused with random 
testing, a “blind” approach that uses a uniform profile over the 
input domain. This paper is concerned with the use of statistical 
testing as a verification technique for complex software. Statistical 
testing involves exercising a program with random inputs, the 
test profile and the number of generated inputs being determined 
according to criteria based on  Previous work has confirmed 
the high fault revealing power of this approach for procedural 
programs; it is now investigated for object-oriented programs. 

III. Problem Description
Software testing, numerous methods have been proposed and used 
for selecting finite test sets and automating this selection. Let us 
consider a connected directed graph G where vertices, as well 
as edges, are labeled in such a way that any two distinct vertices 
(resp edges) have distinct labels. Furthermore, there exist two 
vertices vs (starting vertex) and ve (ending vertex) such that, for 
any vertex v, there exists a path from vs to v and a path from v to 
ve in G. If n is a positive integer, Pn  denotes the set of paths of 
length n  in G. from vs to ve, and P_1 denotes the whole (possibly 
infinite) set of paths from vs to ve.
Let D be some description of a system under test. D may be a 
specification or a program, depending on the kind of test we are 
interested in (functional or structural).We assume that D is based 
on a graph (or, more generally, on some kind of combinatorial 
structure). On the basis of this graph, it is possible to define 
coverage criteria: all-vertices, all-edges, all-paths-of a certain-
kind, etc. More precisely, a coverage criterion C characterizes for 
a given description  a set of elements EC(D) of the underlying 
graph (noted E in the sequel when C and D are obvious). 
In the case of deterministic testing, the criterion is satisfied if 
every element of the set is exercised by at least one test. In the 
case of statistical testing, the satisfaction of a coverage criteria 
C by a testing method for a description D is characterized by 
the minimal probability qC;N (D) of covering any element of 
EC(D) when drawing N tests. qC;N (D) is called the test quality 
of the method with respect to C.Let EC(D) = {e1; e2; :::; em } 
and for any i €(1::m); pi the probability for the element ei to be 
exercised during the execution of a test generated by the considered 
statistical testing method. 

Thus, from the formula above one immediately deduces that for 
any given D, for any given N, maximizing the quality of a statistical 
testing method with respect to a coverage criteria C reduces to 
maximizing qC;1(D), i. e. pmin.

IV. Framework & Implementation

 
Fig. 1:

The above diagram represents frame work structural statistical 
testing in which test cases are feed as input and produce sub set test 
cases by applying structural statistical testing and fitness function. 
The components of the input vector are represented internally by 
real numbers from the unit interval, denote the internal components 
as xi, where 0 < xi < 1. This normalization enables the internal 
representation to be independent of the actual data types and 
domains of the input arguments. The mapping from the normalized 
value, xi, to a realized input argument is straightforward for integer, 
floating-point, and Boolean data types.

A. Fitness Function
The fitness is a measure of how close a candidate  probability 
distribution is to satisfying both a coverage constraint—the 
statistical testing adequacy criterion—and a diversity constraint. 
These constraints are expressed using target values: tcov for the 
lower bound of the coverage element probabilities and tdiv for the 
diversity. To calculate the fitness, K input vectors are sampled from 
the probability distribution. An instrumented version of the SUT 
is executed using the sampled input vectors. The instrumentation 
identifies which coverage elements are exercised during each 
execution. To assess the coverage, the indicator variable ec;i is 
set to 1 if the coverage element c 2 C is exercised one or more 
times when the SUT is executed using the ith input vector from 
the sample, and set to 0 otherwise. An estimate of the lower bound 
of the coverage element probabilities is then calculated as:

The search method attempts to minimize the fitness with the 
objective of finding a distribution with a fitness of 0. This value 
indicates that both constraints have been
satisfied.

V. Results
Results are summarized using the mean. Although the median 
is potentially a more robust statistic for the skewed distributions 
that the results could exhibit, it was found to be misleading when, 
on occasion, the data formed similarly sized clusters around 
two (or more) widely separated values. In this case, the median 
returned a value from one of the clusters, while the mean gave 
a more meaningful statistic located between the two clusters. 
Confidence intervals quoted for the mean values, and the error 
bars shown in the graphs, are at the 95 percent confidence level. 
They are calculated using bootstrap resampling, specifically the 
bias corrected and accelerated percentile method Nonparametric 
statistical tests are used to analyze the data. Since parametric 
statistical tests can be invalidated by small deviations from the 
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assumptions that the tests make ,  the use of nonparametric tests 
ensures the validity of the analysis, while avoiding the need to 
perform additional analysis to verify that the data conform to the 
test assumptions.

Table 1:

Thirty-two runs of the search algorithm were performed and the 
proportion of searches that found distributions satisfying the 
coverage constraint—the statistical testing adequacy criterion—
were measured. A diversity constraint was not applied in this 
experiment. The searches were run on a server class machine 
running a customized version of Slackware Linux. Each search 
was a single-threaded process and used the equivalent of one core 
of a CPU running at 3 GHz with a 4 MB cache. The CPU user times 
taken by both successful (those finding a suitable distribution) 
and unsuccessful searches were recorded. The CPU user time is 
approximately equivalent to the wall-clock time when running 
on an otherwise unloaded server.

VI. Conclusion
This paper described approach to find  faults without compromise 
quality testing and minimize the time and effort is to choose 
subset of test cases from all test case had coverage of testing 
equivalent to all test cases and structural Statistical testing method 
uses the advantages of structural as well as statistical testing. 
The experimental results show that structural Statistical testing 
gives better results with the fitness evaluation function.  Statistical 
testing using automated search continues to show superior fault-
detecting ability compared to uniform random and deterministic 
structural testing 
Further work is therefore indicated on different diversity metrics, 
with the goal of identifying a measure that correlates well with 
the ability of the test set to detect faults. In addition, we plan to 
expand the notion of diversity to non discrete input domains
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