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ABSTRACT

A SOFTWARE RELIABILITY MODEL
COMBINING REPRESENTATIVE AND
DIRECTED TESTING

Brian Michael Mitchell
Old Dominion University, 2001
Director: Dr. Steven Zeil

Traditionally, software reliability models have required that failure data be gath-
ered using only representative testing methods. Over time, however, representa-
tive testing becomes inherently less effective as a means of improving the actual
quality of the software under test. Additionally, the use of failure data based on
observations made during representative testing has been criticized because of the
statistical noise inherent in this type of data. In this dissertation, a testing method
is proposed to make reliability testing more efficient and accurate. Representative
testing is used early, when the rate of fault revelation is high. Directed testing
is used later in testing to take advantage of its faster rate of fault detection. To
make use of the test data from this mixed method approach to testing, a software
reliability model is developed that permits reliability estimates to be made re-
gardless of the testing method used to gather failure data. The key to being able
to combine data from both representative testing and directed testing is shifting
the random variable used by the model from observed interfailure times to a post-
mortem analysis of the debugged faults and using order statistics to combine the
observed failure rates of faults no matter how those faults were detected. This
shift from interfailure times removes the statistical noise associated with the use
of this measure, which should allow models to provide more accurate estimates
and predictions. Several experiments were conducted during the course of this
research. The results from these experiments show that using the mixed method
approach to testing with the new model provides reliability estimates that are at
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least as good as estimates from existing models under representative testing, while
requiring fewer test cases. The results of this work also show that the high level
of noise present in failure data based on observed failure times makes it very dif-
ficult for models that use this type of data to make accurate reliability estimates.
These findings support the suggested move to the use of more stable quantities

for reliability estimation and prediction.
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Chapter 1
Introduction

During the early years of computer use, hardware costs far outweighed software
costs . However, due to steadily dropping hardware costs and increasing demand
for more complex software systems, the majority of computing costs is attributed
to software. Software systems are becoming more prevalent in life critical appli-
cations, such as flight control systems and space exploration. For these reasons,
there is increasing demand for software systems that are fault-free. Unfortunately,
in order to guarantee that a software system is completely free of faults it is necce-
sary that we exercise the software for every possible input in the system’s input
domain and to check the correctness of the subsequent output. This process is
known as ezhaustive testing. For some types of programs (such as concurrent
systems) exhaustive testing may not be sufficient to guarantee that the software
is completely free of faults.

For most software systems, exhaustive testing is not possible. For example,
consider a program P which reads inputs from multiple remote sensors at an
industrial plant and makes decisions about how operation of the plant should
proceed based upon the input. There is no predictable limit on the number of
inputs that will be read from the sensors by the program, so the number of possible
inputs to the system is, for all intents and purposes, infinite.

Even when the input domain of a program is finite, exhaustive testing may

This dissertation follows the style of The Physical Review
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CHAPTER 1. INTRODUCTION 2

not be feasible. If the input parameters are chosen from a finite set with many
elements, then it may take an infeasibly long time to run all possible test cases
and check all of the output of the system for correctness. Even if the set(s) from
which the input is chosen is fairly small, if there are many input parameters,
then testing the system for every possible combination of these inputs will result
in a combinatorial explosion in the number of test cases. For example, consider
a program P, that takes six input parameters 7,,%s,...% chosen from a set S,
where S is the set of integers from 1 to 1000. Now, although each of the input
parameters is chosen from a finite domain with only 1000 elements, the number
of possible inputs to the program is 10'8. If we assume that each test case can
be generated, executed, and checked for correctness in one nanosecond, then con-
ducting exhaustive testing on P will take about 10° seconds, or about 31.7 years.
Obviously, conducting testing for this amount of time is infeasible.

Since it is generally impossible to conduct exhaustive testing of a software
system, methods are needed for testing a software system with a manageable
number of test cases, while still insuring that system components are rigorously
exercised. Such methods are known as software testing methods.

Software testing methods can be divided into two classes: representative meth-
ods and directed methods. When a software system is tested using representative
methods, inputs are chosen from the input domain of the system according to a
model that represents the environment under which the system will eventually
operate. This model is called the operational profile of the system. Inputs to the
program that are expected to occur frequently during actual system use will be
weighted more heavily by the operational profile than inputs that are not expected
to occur as often. Therefore, the more frequently used components of the program
will be tested more thoroughly. Additional weight may be given to functions in
the system that are considered to be critical to operation.

When software testing is conducted using directed methods, test cases are
designed to satisfy some coverage criteria with respect to the program’s structure
or functionality. For example, a common criterion used to drive directed testing is
that every statement in the source code must be executed at least once during the

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



CHAPTER 1. INTRODUCTION 3

testing process. This particular coverage criterion is known as statement coverage.
Conducting directed testing usually requires more effort on the part of the test
team to design the test cases in order to meet the specified coverage requirements.

For many types of software, such as life critical or financial applications, it
may not be enough to simply test the program. There may be a requirement for
the quantification of the quality of the software. For this reason, methods have
been developed to use data from the testing process to predict the future failure
behavior of a software system. Suppose, for example, that a program P is tested
for some period of time, . Further, suppose that during the time interval (0,%), m
system failures, denoted by fi, fa,. .- fm Occur at times ¢y, ¢2, . . . t,, respectively.
As the failures occur, the faults responsible for causing the failures are located
and corrected. A logical question to ask would be, “Given this failure behavior
of P up until time ¢ what is the expected current failure rate of this program
and when is the next failure expected to occur?”’ The field of software reliability
attempts to provide an answer to this question.

Generally, the quantification of the reliability of a software system is based
upon a mathematical model, called a software reliability growth model. A wide
variety of models have been proposed, but the goal of all of the models is to
estimate the current failure rate of the system under test and to provide estimates
of the mean time to failure of the system. Typically, predictions made by software
reliability models are only considered to be accurate if the failure data used as the
basis for prediction is gathered using representative methods. Data obtained from
directed testing methods has traditionally been considered to be poorly suited for
reliability estimation. However, the accelerated pace of fault detection under
directed testing methods would provide real advantages for test engineers whose
job is to insure ultra-reliability 'of a program. Therefore, it would benefit the field
of software reliability if a technique were available for using failure data gathered
during directed testing to make accurate estimates of the reliability of a program.

In the past, software reliability growth models have used failure data based

! According to Butler and Finelli [2], For a program to be ultra-reliable, the probability of
program failure during one hour of operation must not exceed 10~7.
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CHAPTER 1. INTRODUCTION 4

on time-based quantities observed during testing. However, several researchers (9]
[17] have observed that such measures are prone to statistical noise which may
compromise model results. One goal of this research is to examine these claims
and to suggest new types of data that can be used as input into reliability models
to provide more stable and accurate results.

During this work, a mixed method approach to testing was developed that
employs both representative and directed testing methods. Each type of testing
method is used when it is most efficient to do so in order to accelerate the reliability
testing process. Using the mixed method approach to testing required far fewer
test cases than were required by representative testing.

Methods were developed to allow data from the mixed method approach to
testing to be used for making reliability estimates. A software reliability growth
model based on order statistics was developed to provide these estimates.

This dissertation is arranged as follows:

Chapter 2 presents a survey of the field of software reliability. General software
reliability concepts are discussed and several existing software reliability models
are described.

Chapter 3 presents a survey of the field of software testing. Some of the more
popular testing methods are explained, and the relative strengths and weaknesses
of representative and directed testing methods are discussed.

Chapter 4 defines the goals of the research by defining the problems are being
solved and the methods used to solve them.

Chapter 5 discusses related work in the fields of software testing and software
reliability.

Chapter 6 describes a mixed method approach to testing that involves a com-
bination of both representative and directed methods that will allow for more
efficient use of testing resources. This testing method is compared to existing
testing methods, and its relative strengths and weaknesses are discussed.

Chapter 7 discusses the relationship between the set of faults found when
a software system is tested using representative methods, and the set of faults
found when the same software system is tested using directed methods. In this
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CHAPTER 1. INTRODUCTION 5

chapter, the Ordered Directed Testing Property that is believed to describe this
relationship is presented. Techniques that can be used to estimate the fault failure
rate for a given fault, regardless of the testing technique used to find that fault
are also presented.

Chapter 8 presents a reliability model based on order statistics that will make
it possible to use failure data obtained from the mixed method testing technique
to make accurate reliability estimates for a software system.

Chapter 9 describes the techniques that were used during this research to
analyze the results of each experiment.

Chapter 10 describes the results that were obtained when the Order Statis-
tics based model was applied to data sets gathered using representative methods.
Comparisons are made to the results obtained by applying existing software reli-
ability models to these data sets.

Chapter 11 describes the results that were obtained when the Order Statistics
based model was applied to data sets obtained during a study that involved gen-
erating various debugging sequences for a set of failure rate data. The data sets
consist of a mixture of representative testing data and directed testing data.

Chapter 12 describes the results that were obtained when an existing software
svstem used for alarm tracking in an industrial enviorment was subjected to testing
and reliability estimation.

Chapter 13 summarizes the research presented in this dissertation, and sug-

gests directions for future research.
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Chapter 2

An Overview Of Software

Reliability

A generally accepted definition of software reliability is given by Musa et al. [12],
who state that “...software reliability is the probability of failure-free operation of
a computer program in a specified environment for a specified time.” They then
go on to state that a software reliability model “usually has the form of a random
process that describes the behavior of failures with time.”

This chapter provides a survey of some of the more popular software reliabil-
ity models. The models discussed in this chapter are divided into two groups:
Time Between Failure Models and Fault Count Models. Following the survey, the

assumptions of these models are discussed.

2.1 Time Between Failure Models

As the name implies, time between failure models use interfailure times of a system
under test to make reliability estimates. Some of the more popular time between

failure models are discussed in this section.
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CHAPTER 2. AN OVERVIEW OF SOFTWARE RELIABILITY

2.1.1 The Jelinski-Moranda De-Eutrophication Model

Jelinski and Moranda [13] present what has come to be probably the most famous
software reliability model. In this work, the process of fault removal is referred
to as a de-eutrophication process. Thus, their model is known as the Jelinski-
Moranda De-Eutrophication model.

The model developed by Jelinski and Moranda assumes that failures occur
randomly as a software system is exercised. The model also assumes that the
program failure rate between failures is constant, and that when a failure occurs
and the corresponding fault is fixed, the failure rate of the system decreases by
a constant amount. The latter assumption implies that all faults are the same
size!. Experience shows that this assumption is not an accurate depiction of the
real world.

The Jelinski-Moranda De-Eutrophication model assumes that the failure rate
at any point in time is proportional to the current error content of the program.

The failure rate of a program after i failures is given by:
Ai = (N —4)¢. ¢y

where N is the initial error content (number of errors) in the program and ¢ is a
proportionality constant representing the step size of the decrease in the program
failure rate when a fault is fixed. A possible realization of the Jelinski-Moranda

De-Eutrophication process is shown in Figure 1.

2.1.2 The Moranda Geometric Model

In later work, Moranda [18] proposes a variation of the Jelinski-Moranda De-
Eutrophication process. The so-called Geometric De-Eutrophication Process,
though similar in spirit to the original model, has several important differences.
First, the geometric model assumes an infinite number of faults in a program,

where the original model assumed a finite number. Second, the geometric model

IThe size of a fault refers to how often a given fault will manifest itself as a failure during
system operation. Thus, the size of a fault refers to the extent that system reliability is affected
by the existence of the fault in question.
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Failure
Rate L

Time

FIG. 1. The Jelinski-Moranda De-Eutrophication Process

assumes that when a failure occurs, then the system failure rate decreases by a
geometrically varying amount. The parameters that describe the behavior of the
geometric model are D, the initial failure rate of the system, and k£ (0 < k£ < 1),
the failure rate decay parameter. At the start of testing, the failure rate of the
system is D. After one failure occurs (and is fixed), the failure rate of the system
becomes kD. After the second failure is detected, the failure rate becomes £2D.

After 7 failures the system failure rate is given by:

A possible realization of the Moranda Geometric De-Eutrophication process is
given in Figure 2.

The change in the program failure rate in the geometric model seems to be more
realistic than the change in failure rate of the De-Eutrophication model because
one would expect that the faults found first under representative testing would be
the same faults that would occur most often during actual system use. Therefore,
removing these “large” faults will have more of an impact on the program failure

rate than the removal of faults that manifest as failures less often.
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Time

FIG. 2. The Moranda Geometric De-Eutrophication Process

2.1.3 The Musa Basic Model

Musa [12] develops a model that he refers to as the Basic Execution Time Model.
This model is very similar to the Jelinski-Moranda De-Eutrophication Model. As
in the Jelinski-Moranda Model, the per fault failure rate is assumed to be constant.
The failure intensity for this model after u faults have been removed is:
Ap) = dof1 — £] 3)
Vo
where )\g is the initial program failure rate at the beginning of testing and v is

the total number of errors present in the software at the beginning of testing.

2.1.4 The Musa Log Poisson Model

Musa [12] develops a second model to address his concern that the operational
profile for most software systems is not uniform. This model, referred to as the
Logarithmic Poisson Execution Time Model, accounts for this non-uniformity by
modeling the fault failure rates as decreasing with time. Therefore, removal of a

fault early in testing will have a greater impact on the program failure rate than
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CHAPTER 2. AN OVERVIEW OF SOFTWARE RELIABILITY 10

removal of a fault later in testing. This behavior is more intuitively satisfying
than the constant decrease in program failure rate in the Musa Basic Model and
in the Jelinski-Moranda De-Eutrophication Model. The failure intensity for the

Musa Log Poisson Model after p faults have been removed is:
Au = Ao exp(—6u) (4)

where ) is the initial program failure rate at the beginning of testing and 6 is a

decay parameter.

2.1.5 The Littlewood Model

Littlewood [15] proposed a refinement of the Jelinski-Moranda De-Eutrophication
Model. As discussed above, the Jelinski-Moranda model assumes that all faults
contribute the same amount to a program’s failure rate. Littlewood argues that
all faults in a system do not contribute equally to system failure rate. He ar-
gues that when testing is conducted in a representative fashion, the faults with
high occurrence rates will cause failures before faults with low occurrence rates.
Therefore, the largest faults in the system will manifest first and will be removed
from the program first. Thus, a program’s failure rate will decrease more when a
failure is removed early in testing than it will when a failure is removed later in
testing.

Like the Jelinski-Moranda De-Eutrophication model[13], Littlewood’s model
assumes that there are a finite number of faults in a program at the beginning
of testing. The interfailure times of the faults are assumed to be exponentially
distributed. Littlewood also assumes that when a failure occurs, the fault is
immediately removed with probability 1. Littlewood’s model assumes that each
fault in a program has a failure rate that is independent of the failure rates of the
other faults in the system. The failure rate of a program after 7 faults have been

removed is given by:

A=+ ...+ Py (5)
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where each of the of the ®’s is has the probability density function
Bgamd(Be; o) at the beginning of testing.

If a program P has been tested for some time 7 and that ¢ faults have been
detected and removed, then if we consider one of the remaining N — ¢ faults in
the program, then its failure rate ® is drawn from a probability density function

(pdf) with the following form:

pdf{¢} = (B + 7)gamd([B + T|#; @) (6)

The program failure rate is

pdf {3} = (B + T)gamd([B + T|X; [V —1]a). (M
The reliability of the program is
ity =(B+7)/(B+7+1) Ve (8)

and the failure rate function is

At) = (N —19)a)/(B+ T +1))- (9)

2.2 Failure Counting Models

Failure Counting Models use the number of failures that occur during a certain
time interval as the basis for making estimates and predictions. Most models
of this type use a Poisson distribution to describe failure activity. The Poisson
distribution is simply a special case of the binomial distribution where the number
of trials, n, is very large and the probability of success, p, for each trial is small.

The expected number of successes in n trials is given by: m(t) = np.

The Goel And Okumoto NHPP Model (1979)

Goel and Okumoto [6] model the debugging process of a software system as a
nonhomogenous Poisson process (NHPP). Several assumptions about the failure

process are made by the authors. These assumptions are:
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1. {N(t),t > 0} is a counting process representing the number of failures by
time t.
2. N(0) =0

3. The counting process has independent increments, which means that the
number of failures during an interval is independent of the number of failures

in all other intervals which do not overlap with the interval in question.

4. The number of software failures in an interval is proportional to the expected

number of undetected errors at the beginning of the interval.

5. The probability of more than one failure during a small interval is negligible.

The authors let m(¢) represent the expected number of software failures by
time t. The authors assume a finite number of faults in the software system, so

m(t) is bounded in the following way:

m(t)z{o t=0

a t— o0

The authors then use assumption 4 above to state that the expected number of

failures in an interval (¢,t + At) is described by:

m(t + At) — m(t) = b{a — m(t) } At + o(At). (10)

where
ﬁ_r_?0 o(At)/At =0

which follows from assumption 5. Then, letting Az — 0, and dividing through
by At yields a differential equation that can be solved to give the mean value

function of the process. This function is:

m(t) = a(l — exp(—bt)) (11)

The intensity function is simply the derivative of the mean value function.

Specifically:
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A(t) = m/(t) = abexp(—bt) (12)

Given the intensity function, ), the authors describe the probability of a certain

number of failures occurring during a given interval as follows:

0 with probability 1 — A(t)At + o(At)
N(t+ At) — N(t) = ¢ 1 with probability A(t) At + o(At)
2 or more with probability o(At)

Now, since the expected value of this Poisson process is m(t), the Poisson distri-

bution of the number of failures at time ¢ is given by:

Pr(N(t) = y) = ([m@)]" /y!) exp(—m(t)) (13)

The Modified NHPP Model Of Yamada, Ohba, And Osaki

Yamanda et al. [22] present a modification of the NHPP model proposed by
Goel And Okumoto. The reader will recall that the authors in [6] proposed a
mean value function which was characterized by exponential growth. Yamanda
et al. [22] suggest that the software failure process would be modeled better with
an S-shaped growth curve. The reasoning behind this assertion is that the test
team will undergo a “learning” period at the beginning of testing, and will not
be very successful at uncovering faults until they are familiar with the testing

environment. The mean value function is then given as:

M(£) = a[l — (1 + bt)ezp(—bt)], (14)

where a is the total number of failures to be detected in infinite time and b is

a constant of proportionality describing the error detection rate per error.
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2.3 A Discussion Of The Assumptions Made By
Existing Software Reliability Models

The research presented in this dissertation was at least partly inspired by the
shortcomings of existing reliability models. This section discusses the assumptions
made by these models that are problematic. Future chapters discuss how the

model developed in this dissertation addresses each of these problems.

2.3.1 Assumption: All Faults Are Created Equal

Of the above models, the Jelinski-Moranda De-Eutrophication Model and the
Musa Basic Model assume that all faults in the program contribute equally to
the program failure rate. In other words, these models assume that all faults are
the same size. This assumption is probably not accurate for most programs. For
example, consider a program that allows the user to enter commands that update
a database system. Suppose that there are only two commands in this system: an
ADD command to add a new record to the database and a DELETE command
to delete a record from the database. Let the input distribution be such that for
every 100 commands entered by the user, ninety will be ADD’s and ten will be
DELETE'’S. Now, let us assume that the code for each command has one fault
in it that will always cause a failure when executed. Obviously then, the fault
in the ADD command will cause more problems than the fault in the DELETE
command. Accordingly, removal of the fault in the ADD command will have more
of an impact on the program failure rate than removal of the fault in the DELETE
command. Therefore, it is plain to see that the assumption made by these two

models that all faults are the same size is not an accurate depiction of the real

world.
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2.3.2 Assumption: Testing Is Conducted Using Represen-
tative Methods

All of the models presented in this survey provide reliability estimates and pre-
dictions based on failure times observed during testing. In order for this type of
measure to provide accurate predictions for system behavior during actual use,
it is necessary that the system be exercised during testing the same way it will
be exercised during actual use. Therefore, these models required that testing be
conducted using representative methods.

If testing is conducted using non-representative methods, then the reliability
models discussed in the chapter will not provide accurate estimates or predictions
of program behavior. This fact is especially problematic since it seems that most
testing that is currently being conducted is non-representative.

Even if testing is conducted using representative methods, the use of data
observed during testing is problematic because it represents only one possible
instantiation of a random process, and is therefore subject to a high levels of
statistical variance. Because of the large potential for randomness in the data
observed during testing, reliability estimates that rely on this data may not be
accurate. This problem is discussed in more detail in the work by Hoppa and
Wilson[9] and the work by Mitchell and Zeil [17].

2.3.3 Assumption: Faults Are Found In Perfect Order

With the exception of the Jelinski-Moranda Deeutrophication Model and the Musa
Basic Model, all of the models discussed above assume that fault failure rates
decrease with every fault that is found. There is no provision in the models for
finding a fault that is bigger than a fault that was previously found. As discussed
in the previous section, however, it is likely (even under representative testing)
that faults will be found “out of order”. Imperfectly ordered fault observations

could cause existing models to provide inaccurate estimates and predictions.
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Chapter 3

Overview Of Testing Methods

The previous chapter examined software reliability models which are used in con-
junction with failure data from a software system to make estimates about the
current reliability of the system. The failure data is obtained when the system is
tested according to some criterion, called a testing method.

Most traditional software reliablility models assume that reliability data is
given in terms of program failure rates (interfailure times). The failure rate data
available for reliability estimation depends greatly on the way that testing is con-
ducted.

For example, suppose we have a program P which has 100 possible input
values, and suppose that P always fails for 10 of these possible values, but never
fails for any other input. Now, if P is tested using some criterion A which causes
P to never be executed using any of these 10 input values, then the perceived
program failure rate will be 0. On the other hand, if P is executed using some
criterion B which does test P using some of these 10 input values, then the
perceived current program failure rate will be non-zero. Therefore, it is plain to
see that the testing method can have a large effect on the estimates and predictions
made by software reliability models.

For these reasons, an understanding of software reliability requires a basic
understanding of software testing methods. This chapter provides a survey of
software testing methods. The first part of this chapter discusses representative

16
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testing, which is the only form of testing that has traditionally been used for
making reliability estimates. The second part of this chapter discusses directed
testing methods. The relative advantages and disadvantages of each type of testing

method with respect to software reliability will be discussed.

3.1 Representative Testing Methods

The goal of representative testing is to exercise a program during testing the
same way that it will be exercised during deployment. More formally, consider
a program P with input domain D. Assume that once P is implemented in its
actual operating environment, inputs will be chosen from D according to some
pdf f(d),d € D. Representative testing dictates that P be tested in such a way
that the inputs to P are chosen from D according to f.

As mentioned in the previous section, existing software reliability models as-
sume that failure data is given in terms of program failure rates. Obviously then,
in order for reliability estimates to be accurate, the program should fail during
testing the same way that it will fail during actual system use. Therefore, it fol-
lows that if we want the program to fail during testing that same way that it will
fail during actual system use, then the program should be exercised during testing
the same way it will be exercised during actual system use. Using representative
testing methods, we achieve both of these goals.

When representative methods are used to test a program, P, no information
about the structure of P is needed in order to conduct testing. For this reason,
representative testing is sometimes referred to as a black-box testing method. The
test team does not have to be familiar with the inner workings of the program in
order to conduct representative testing. This fact removes a substantial learning
curve for the test team. Black box testing is in keeping with the idea of informa-

tion hiding which has become popular with the increasing use of object oriented

programming techniques.
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main:%{coin} *," %{die} "\n";
coin:6:H,4:T;
die:[1-6];

FIG. 3. A Sample DGL Grammar For Simulating The Toss Of An Unfair Coin
And The Roll Of A Fair Die

3.1.1 Generating Representative Test Cases

Generation of test cases for representative testing is often inexpensive. Tools
are available that, when given a grammar that defines the operational profile
of a system, will automatically generate inputs for the system according to the
operational profile. As an example of such a tool, consider the Data Generation
Language (DGL) described by Maurer [16]. DGL allows users to specify a context
free grammar (CFG) that describes how input items are chosen from a set of
possible inputs. The user can associate probabilities for each possible input, which
makes it possible to construct a grammar that allows inputs to be automatically
chosen from a set according to an operational profile. Invocation of DGL for a
given CFG causes a C program to be created that, when executed, generates the
output specified by the grammar. Figure 3 gives an example of a simple grammar
that generates inputs to simulate the toss of an unfair coin (weighted so that the
probability of heads is 0.6) and the toss of a fair die.

By using automated tools, a large number of test cases can be quickly generated
with no need for human intervention. Thus, human resources are freed to work on
other tasks, such as insuring the accuracy of the operational profile and checking
output to verify correctness. Further, if representative testing is used and a new
system is being designed to replace an older system, large quantities of real input

data from the older system may be available for use during testing.
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3.1.2 Operational Profiles

Before representative testing can be conducted, the operational profile of the sys-
tem must be specified. Hamlet [7] argues that there are many systems for which
an operational profile does not exist or is not known.

Even if an operational profile exists for a program, discovering this distribution
will probably not be an easy task. Musa [20] outlines a manual technique for
determining operational profiles, but working through the construction of the
sample profile given in [20] impresses the reader with how time-consuming and
difficult such a construction can be.

Even if it is possible to develop the operational profile for a system, the op-
erational profile may change over time. For example, if a system is moved into a
new operating environment, or modifications are made to the system, the opera-
tional profile of the system is likely to change. When the operational profile of a
system is changed, it is necessary to regenerate the test sets according to the new

operational profile and to perform testing according to the new profile.

3.1.3 Testing For Ultra-Reliability Using Representative
Methods

Life-critical or mission-critical software often requires that extremely high levels
reliability be obtained. It is not uncommon for such software to be required to
have a failure rate of less than 10~° before it can be released. Butler and Finelli
[2] state that reliability of this magnitude could require several years or more of
testing when representative methods are used. This amount of time obviously
cannot be devoted to testing the program.

Even if we were able to execute 10° test cases to insure ultra-reliability, we
would still be faced with other problems. When a program is being tested, the
inputs to the program cause output to be produced that must be checked for cor-
rectness. The problem of how to verify the correctness of output from a program
being tested is known as the oracle problem. No matter what testing method is
used, the oracle problem is an issue that must be addressed. Because of the very
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large number of test cases required by representative testing, the oracle problem
is especially problematic. Musa observed that in many projects a previous ver-
sion of the software can be used as a partial oracle, and Weyuker (28] offers some
suggestions about how to ease the oracle problem for certain types of programs,

but no general solution exists.

3.2 Directed Testing Methods

Where representative testing seeks to exercise a program during testing the same
way that it will be exercised during deployment, directed testing seeks to inten-
tionally exercise the software in a non-representative manner according to some
coverage critera in order to find faults more quickly and to accelerate the testing
process. More formally, consider a program P, and suppose that the input do-
main of P is some set D. Let C be some coverage criteria for P. Directed testing
involves testing P in such a way that the inputs to P are chosen from D in order
to satisfy C without regard to the operational profile of P. This section will first
examine several different types of directed testing techniques and will then discuss

the implications of using data from directed testing for reliability estimation.

3.2.1 Implementation-Based Techniques

Implementation-based testing techniques require knowledge about the structure
of the program to be tested. Test cases are constructed in order to satisfy some
coverage criterion with respect to the structure of the program. Implementation-

based techniques are commonly referred to as white-box techniques.

Structural Testing

Statement coverage and branch coverage are two examples of structural testing
methods. Statement coverage requires that every statement in the program under
test-be executed at least once. Branch coverage requires that every conditional
statement in the program under test be executed at least once for each of the two
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possible truth values of that statement. Branch coverage is a stronger coverage
criteria than statement coverage, because in order to achieve branch coverage,
statement coverage must also be achieved.

Several variations of branch coverage and statment coverage have been em-
ployed to improve the fault finding ability of the testing process. For example,
condition coverage is a variation of branch coverage that attempts to overcome one
of the shortcomings of branch coverage. White {29] gives the following example

of a conditional statement:
IF (A>0) AND (B<5)

Branch coverage will insure that this statement will be executed twice, once for
each truth value. However, branch coverage does not take into account that
the truth value of this statement is based upon the truth value of two separate
predicates. Condition coverage, on the other hand insures that this conditional
statement is executed at least once for each possible truth value of each of the
component predicates. Thus, this conditional statement will be executed at least

four times by a test set that satifies the condition coverage criterion.

Data Flow Testing

Rapps and Weyuker [25] outline a technique for selecting test cases for a program
by using data flow testing. The program to be tested is viewed as a flow graph,
with nodes in the graph representing blocks of statements that are sequentially
executed. The edges of the graph represent transfer statements (either conditional
or unconditional) between nodes. The selection of test data is driven by the
requirement that some criterion that deals with the way in which values are bound
to program variables be satisified.

Let P be a set of complete paths through a flow graph G that represents some
program. Along such a path, a def of a variable z reaches a use of z if there are
no subsequent redefinitions of z between these two points. Now, suppose that the
execution of the set of paths P results from the use of a set of test cases S with

some program T'. The criterion known as all-defs requires that for each variable
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definition in each node of G, then there must be a path p € P that includes that
definition and a subsequent use reached by that definition.

Another criterion suggested by the Rapps and Weyuker is the all-uses criterion.
The all-uses criterion is similiar to the all-defs criterion, except that the all-uses
criterion requires that for each variable definition in each node of &, then the
paths in P must include all subsequent uses reached by that variable definition.

After the work in [25], several papers were published suggesting new data
flow path selection criteria. Clarke et al. [14] present an evaluation of these
suggested criteria. The various criteria are analyzed and ranked according to

their subsumption relationships.

Fault-Based Testing

Strong Mutation Testing Mutation analysis is a directed testing technique
that was suggested by Demillo, Lipton, and Sayward [24]. In mutation testing, a
number of mutant programs are created by injecting small changes in a program
P that is being tested using a certain test set. If the output of one of the mutant
programs is different from the output of P for at least one of the test cases in
the test set, that mutant is said to be killed. The number of mutants that are
killed by a test set can be used as a measure of how well that test set exercises the
program being tested. If a large number of mutants survive the testing process,
then the test set is probably not adequately exercising the program. The mutants
that survive the testing process can be the basis for further development of the

test set being used.

Weak Mutation Testing A variation of strong mutation testing, known as
weak mutation testing, was suggested by Howden in [10]. The basic difference
between strong and weak mutation testing is the way in which it is determined
if a mutant has been killed. In strong mutation testing, a mutant is killed if
the output from the mutant program is different from the output of the original
program. In weak mutation testing, a difference in program output is not required
in order to kill a mutant. A mutant is killed under weak mutation testing if the
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internal data state of the mutant becomes infected, making it different from the
internal data. state of the original program. This requirement for killing a mutant
is a weaker requirement than requiring outputs to be different which is why this

technique is referred to as weak mutation testing.

Pertubation Testing Zeil [32] proposes a fault based testing method called
Pertubation Testing. This testing method is based on a model that describes the
conditions under which a domain error can be caused by a fault in an arithmetic
or relational expression. This set of conditions defines a set of possible faults left
undetected by a given test set. This information can be used to guide subsequent
testing.

As testing is conducted, each execution of a predictate that does not cause
an incorrect path to be taken imposes a constraint on the geometric space of
possible faults for this statement. This constraint divides the space of possible
faults into tested and untested regions. By keeping track of the linear inequalities
that define the untested region, one can choose test cases to impose borders within
this untested region to further enclose the untested region in any direction. By
enclosing the untested region in this manner, testers are able to control the type

of faults that remain undetected in the software.

Error-Based Testing

Domain Testing White, et al. [30] propose a testing method that they refer
to as the Domain Strategy Testing Method. The primary focus of this testing
method is to detect errors in predicates that could cause a wrong path to be
taken during system execution.

To test a given predicate for correctness in a program, each variable in the
predicate is replaced by its symbolic value, given in terms of input variables. After
performing this substitution, the resulting predicate is given in terms of only input
variables, and is therefore simply a set of constraints on input selection.

The authors note that if one considers the execution of a complete path through
a program, then the path condition for this path is simply the conjunction of the
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predicates along the path. By performing the symbolic substitution described
above, a set of constraints that define the input space domain required to execute
the selected path is obtained. This conjunction of constraints on the input space of
the program defines a geometric area of the input space referred to as the domain
of the path condition. Any input values selected from this geometric area of the
input space will satisfy the path condition for the path under consideration, and
will cause the path to be executed.

As stated earlier, the purpose of domain testing is to detect predicate errors
that could cause the incorrect path to the executed. Another way of viewing
this type of error is that an incorrect predicte causes a shift in the geometric
area defining the input domain for the path condition. Then, due to this shift
in the border of the geometric input domain, it is possible that input values will
be incorrectly included in or left out of the input domain in question. Domain
testing was created to detect this type of error.

When using this testing method, each border segment of the input domain
is considered. Test points are generated for each border segment in such a way
that correct processing of the test points implies that the predicate defining the
border is correct. Test selection consists of the selection of a series of ON-OFF-
ON data points, where ON points are located on the border and OFF points are
located on the open side of the border. The distance of the OFF points from
the border defines the minimum border shift that this testing method will detect.
This testing method will detect any border shifts with a magnitude larger than
this distance.

Figure 4 shows the selection of three test points meeting the ON-OFF-ON
requirements for a closed border segment. The dotted line indicates the correct
border segment, while the solid line indicates the given border. In this case, the

error would be detected because the OFF lies on the opposite side of the correct

border from the given border.
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FIG. 4. Domain Testing Example

3.2.2 _Specification-Based Techniques

Specification-based testing techniques do not require knowledge about the struc-
ture of the program to be tested. All knowledge required for driving the testing
process is obtained from the program specification. For this reason, specification-

based techniques are known as black-boz techniques.

Equivalence Partition Testing

Equivalence partition testing is a directed testing method that was proposed by
Howden [11]. When equivalence partition testing is conducted, for each func-
tion that is to be tested, the input domain of that function is partitioned into
equivalence classes that are assumed to be homogeneous. In other words, if one
element of an equivalence class is processed correctly by the program, then all of
the elements of that equivalence class will be processed correctly by the program.
Testing is conducted by choosing one input point from each equivalence class for
each function in the program.

The major problem with partition testing is the question of whether is it is pos-
sible to divide the input domain for each function into homogeneous equivalence
classes. If it is not possible to do this, then partition testing basically reduces to

random testing with relatively few test cases. A major problem with most testing
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methods that involve partitioning the input domain of a program or function is
that no systematic process exists for conducting the partitioning process .

As a solution to this problem, Ostrand and Balcer [23] proposed category-
partition testing. Category-partition testing attempts to provide a systematic
method for constructing the test sets to drive equivalence partition testing.
Category-partition testing consists of several steps. The first step involves in-
volves identifying all of the functional units in the program. In the second step,
each of the functional units is examined, and the variables that affect the opera-
tion of each functional unit are identified. The third step of the category partition
method attempts to divide the variables for each functional unit into categories
to allow input points that are likely to cause faults in the software to be chosen.
Ostrand and Balcer [23] state that “Tests [should] be designed to to maximize
the chances of finding errors in the software.” The final step of category-partition
testing is to partition each category into choices. The choices in category-partition
testing play the same role as the partitions in partition testing. Testing is con-
ducted by choosing inputs points from each choice within each category for each

functional unit in the program.

Boundary-Value Analysis

Myers [21] states that test cases that explore boundary conditions are generally
more successful at finding faults than test cases that do not. For this reason,
he suggests a black-box method called boundary-value analysis. Boundary-value
analysis utilizes many of the ideas of equivalence partition testing, but instead of
allowing the tester to select any of the possible inputs from a given equivalence
class to generate a test case, boundary-value analysis dictates that the tester
should select test cases from the equivalence class to insure that each edge of the
class is the focus of at least one test.

Intuitively, this testing method makes sense because all software developers
have probably created test cases to verify the behavior of their software for “spe-
cial” input values. For example, suppose that a given program is supposed to
read a text file and determine how many times the word “computer” appears in
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the file. Several obvious test cases a tester might include in his test suite involve

“special” input values. Some of the possible choices for these test cases are:

e An empty input file.
e An input file with no occurrences of the word “computer”.

e An input file with only the word “computer”.

113

e An input file the contains substrings of the word “computer” (e.g. “com-

pute”).

Cause-Effect Graphing

Most of the testing methods discussed in this section only use individual system
input values to generate test cases. Errors caused by interactions between input
values are not given special attention. Cause-effect graphing [21] is a black box
testing method that provides a systematic method for identifying and testing
interesting combinations of input conditions.

When conducting cause-effect graphing, high-level system specifications are
used to partition system output values into classes called effects. Each of these
classes is analyzed to determine the input states responsible for creating the ef-
fect. These input states are referred to as causes. The program input space is
partitioned using the cause-effect relationship and the cause-effect relationships

are translated into a boolean lookup table that is used to generate test cases.

3.3 Directed Testing And Reliability Estimation

As mentioned earlier, existing reliability models use program failure rate informa-
tion to make software reliability predictions. Since directed testing techniques seek
to accelerate the rate of fault detection during testing, the program failure rate
data found during testing with directed methods will not be the same program
failure rate data that would be seen if the system were in actual use. Therefore,

program failure rate data gathered using directed testing methods cannot be used
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by existing reliability models for making reliability estimates. However, if this ba-
sic problem can be solved (or worked around), then there are certain properties of
directed testing that make it desirable for use with software reliability estimation.

One advantage of directed testing is that since test cases are designed manually
to exercise a particular area of the program, a single test case designed for use
in directed testing may be more effective at finding faults than a single test case
generated for use in representative testing. Therefore, directed testing may require
fewer test cases than representative testing to achieve similar levels of program
reliability. This fact is especially important when faced with the task of testing for
ultra-reliability. For example, suppose that we are testing a program P for which
a failure rate of no more than 10~7 is required. Further, suppose that there is a
fault, e, in a segment of infrequently executed code. Assume that the probability
that the faulty code will be executed is 107%, and that if the code is executed
then the probability of failure is 1. Therefore, e has a failure rate of 107°. If
P is to achieve the required reliability of 10~7, then the fault e must be found.
If representative testing were conducted, we would expect to have to generate,
execute, and check about 10° test cases before the fault will be found. On the
other hand, if directed testing were used, this fault would probably be exposed
much sooner, since a test case would probably be designed specifically to exercise
this area of the program. Therefore, directed testing can deal very well with one
of the main problems faced by representative testing, namely the need to execute
an enormous number of test cases to uncover faults with small failure rates.

A second advantage of directed testing is that an automated oracle is not as
essential to directed testing as it is to representative testing. Since directed testing
usually requires far fewer test cases than representative testing, directed testing
causes much less output to be generated. When directed testing is used, a fully
automated oracle may not be required. A much simpler, partially automated
oracle that makes use of human intervention may be sufficient. Future chapters
will discuss a testing framework that combines the representative and directed
testing methods to allow them to complement each other in a more robust and
efficient testing process than would be possible if only one of the methods was
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used.

3.4 Summary

This chapter has focused on software testing techniques. This dissertation divides
testing techniques into two groups: representative methods and directed meth-
ods. Existing software reliability models only allow predictions to be made when
failure data is gathered using representative methods. However, directed testing
methods have several advantages that would make their use attractive to soft-
ware reliability practicioners, if some fundamental problems can be solved. The
remainder of this dissertation focuses on how these problems can be solved, and

how representative and directed testing methods can be used together to improve

the software reliabililty testing process.
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Chapter 4

Goals Of This Research

This chapter outlines the goals of this research, and will summarize the steps that

were taken to reach these goals.

4.1 Development Of A Mixed Method Testing
Process

One of the goals of this research was to develop a software testing method that
incorporates both representative and directed testing methods at various points
in the testing process. Each component testing method is used during the time

when it is most efficient to do so.

4.2 Development Of Techniques To Allow Relia-
bility Estimation Regardless Of The Testing
Method Used

As stated in the previous chapter, failure data obtained using directed testing
methods cannot be used with existing software reliability models because existing

models base their predictions on the observed program failure rate, which varies
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depending on the testing method being used.

One of the goals of this research was to develop techniques for obtaining failure
rate data from a program that does not depend on the way that the program is
tested. For this reason, the emphasis of data collection is switched from quantities
observed during testing to quantities obtained during debugging.

Specifically, the random variable of interest for reliability estimation is
switched from observed program failure rates to individual fa-ult failure rates. To
determine the fault failure rate for a given fault, one must answer the question: “If
we were testing this program using representative testing, how often would we
expect this fault to fail?”. If this question can be answered, then testing can be
conducted using any method, because we will have obtained a quantity that is
independent of the testing method being used.

4.3 Development Of A Software Reliability
Model Capable Of Using Directed Testing
Data

Even if the random variable of interest was switched from program failure rates
to fault failure rates as described above, no software reliability model existed that
could use this data for making predictions. Therefore, a softwware reliability model
that could deal with data in the form of fault failure rates, program failure rates,

or any mixture of the two was needed.

4.4 Validation Of The Developed Model

Once the model was developed, it was neccesary to evaluate its performance rela-
tive to the performance of existing software reliability models . Several experiments

were conducted to achieve this goal.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



CHAPTER 4. GOALS OF THIS RESEARCH 32

4.5 Evaluation Of The Suitability Of Time
Based Data For Reliability Estimation

As stated earlier in this dissertation, existing software reliability growth models
use failure data based on time-based quantities observed during testing. However,
several researchers [9] [17] have observed that such measures are very prone to
statistical noise which may compromise model results. One of the goals of this
research is to investigate this claim and to suggest types of data that can be used

as input into reliability models to provide more stable and accurate results.
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Chapter 5

Related Work

The research presented in this dissertation takes a different approach to software
reliability than most previous work. However, several authors have recently ad-
dressed issues that are related to this research. This chapter presents a survey of

the most relevart of these papers.

5.1 The Effects Of Fault Recovery Order On
Software Reliability Models

Hoppa and Wilson [9] investigate an inherent problem with the way that most
software reliability testing is conducted. They state that when software reliability
testing is conducted, the failures that are observed represent only one possible
realization of the debugging process. The authors state that repeating the debug-
ging process will probably vield a different order of failure detection (and different
interfailure times) each time the process is repeated. The focus of the Wilson’s and
Hoppa’s research [9] was to determine if this different ordering (and the change in
observed interfailure times) has any effect on the predictions provided by software
reliability models.

The results of the research indicate that existing software reliablity models are
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sensitive to different fault recovery orders. The model developed in this disser-
tation is specifically designed to minimize the error due to varying fault recovery
order because the model focuses on fault failure rates instead of interfailure times

(program failure rates).

5.2 PIE: A Dynamic Failure-Based Techniqe

Voas [27] proposes a framework for estimating whether faults are likely to be un-
covered by testing. Each section of code in a program is analyzed by considering
three component probabilities. These probabilities are the exection probability,
the infection probability, and the propagation probability. The execution prob-
ability for a given segment of a program is the probability that the segment of
code will be executed. The infection probability is the probability that execution
of the given segment of code will result in an incorrect program data state. The
propagation probability for a given segment of code is the probability that an in-
fection of the data state at the code location will cause visible incorrect behavior
of the software. These three probabilities combine to give the effective failure rate
for the segment of code. One of the problems that needed to be solved in this
research was how to determine the actual fault failure rate for a given fault. The
framework proposed by Voas provides a possible solution to this problem. In fact,
the problem we are trying to solve (determining the failure rate for one fault in
one segment of code) should be simpler than the problem that Voas was trying to
solve (determining the failure rates for all faults in all segments of code).

5.3 The Relationship Between Test Coverage
And Reliability

Malaiya, et al. [26], propose a model that allows coverage information from di-
rected testing methods to be used to estimate the reliability of the software being
tested. The authors note that a basic problem with existing software reliability
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models is that they require data from representative testing, and that representa-
tive testing is seldom used in practice. They state that directed testing is a faster
and more effective than representative testing, and a method is needed for using
data from directed testing for making reliability estimates.

Malaiya, et al. propose that a relationship exists between test coverage during
directed testing and defect coverage in the program, and that a relationship exists
between test coverage during directed testing and the subsequent reliability of the
software. The authors develop a model that allows software reliability predictions
to be made based on an estimated initial number of faults in the program being
tested and the coverage achieved during directed testing.

The problem that Malaiya, et al. try to solve is largely the same as one of
the problems this research solves. We also want to use data from directed testing
to make reliability estimates for most of the same reasons. However, instead
of relying solely on the coverage obtained during testing, our research takes the
extra step of considering the fault failure rates of the faults uncovered during
directed testing which should provide a more “customized-fit” of our model to
each program being tested.

Another similarity between Malaiya’s research our research is the proposed
nature of the fault sets found by directed testing. Malaiya, et al. postulate that
given a certain level of test coverage during directed testing, then a certain set of
faults will be exposed thereby achieving a certain level of reliability. There are
certainly similarities between this idea and the Ordered Directed Testing Property

presented later in this dissertation.

5.4 Software Testability

Voas [8] [5] discusses the concept of software testability. Voas defines the testability
of a program to be the probability that if a fault exists in that program, then that
fault will be detected by any testing scheme. In the words of Voas and Hamlet,
the testability of a given program defines the degree to which that program “wears

its faults on its sleeve”.
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As discussed in previous sections (and to be discussed in more detail later),
the software reliability model proposed in this dissertation uses individual fault
failure rates as a basis for making estimates and predictions for a system under
test. Before this use of fault failure rates can be justified, one question that needs
to be answered is “How can you expect to use the fault failure rates observed in
the past to predict the fault failure rates that you will see in the future?”

By using the concept of software testability, we argue that a given program has
certain attributes that determine its ability to hide faults from the testing process.
Then, since software testability is a property inherent to the program, we would
expect that the failure rates for all of the faults in the program are constrained to
some extent by this level of testability. Therefore, we can view the testing process
as a walk through the structure of the program. The fault failure rates we obtain
are indicative of this structure. Thus, we have a basis for arguing that the faults
failure rates we have observed in the past share a common distribution with the

faults we expect to see in the future.
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Chapter 6

A Mixed Method Approach To
Testing

Previous chapters discussed representative and directed testing methods and ex-
amined the advantages and disadvantages of each method. The applicability of
data obtained from each of these testing methods towards reliability estimation
was discussed as well. This chapter outlines a testing method that utilizes both
directed and representative testing methods. This testing method is organized so
that the advantages of each component method are utilized, while the effects of

the disadvantages of each component are minimized.

6.1 Overview

It is useful to view the debugging process as consisting of two phases. During the
first phase of the debugging process, a relatively large number of faults remain in
the program, so the program failure rate is relatively high and interfailure times
are relatively short. As more and more faults are removed from the program, the
program enters the second phase of the debugging process. During the second
phase of the debugging process, relatively few faults remain in the program, so
the program failure rate is low and interfailure times tend to be very long. The
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following sections examine these two phases of the debugging process. The prop-
erties of each phase are used to determine the testing method that will be the

most efficient during that phase.

6.2 Phase 1: Testing When A Large Number Of
Faults Remain

Consider a program, P, to be tested. During the beginning of testing, there will
be a relatively large number of faults in P, so the program failure rate will be
relatively high and the interfailure time of P will be short.

Since the faults found early in testing will have short interfailure times, then
the failure rate of these faults will be estimated to be large. Therefore, the removal
of faults early in testing has more impact on system reliability than the removal of
faults later in testing. For this reason, it is important that the faults removed early
in testing are the same faults that would have occurred first if P were implemented.

Additionally, since interfailure times are relatively short at the beginning of
testing, valuable resources can be saved by using a testing method that offers sig-
nificantly less expense per test case, rather than a more expensive testing method
that may be more effective at finding failures on a per test case basis.

The above observations support using representative testing methods at the

outset of testing.

6.3 Phase 2: Testing When A Small Number Of
Faults Remain

Consider a program P that has been tested for some period of time using represen-
tative methods. As faults are removed from P, the interfailure times will become
very long if representative testing is continued. Eventually, the interfailure times

will become so long that conducting representative testing, which had previously
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been the most practical choice for testing, will become more expensive than other
testing methods. At this time, a switch to another testing method is warranted.
Consider the cost of generating a test case for use with representative methods.
Let this cost be denoted by c.. Let the cost of generating a test case for use with
directed testing by c;. When representative testing is conducted, the interfailure
time of P will increase quickly. As the interfailure time increases, the number
of test cases required to uncover a failure using representative testing will also
increase quickly. However, the number of test cases required to uncover a failure
using directed methods should not grow as rapidly. Let n, represent the current
number of test cases required to expose a fault in P if representative testing is
used. Let n4 represent the current number of test cases required to expose a fault
in P if directed testing is used. Now, as noted above, c; > ¢,. At the beginning
of testing, we will have cyng > c-n.. However, as testing continues, and the
interfailure times for representative testing grow rapidly, we will eventually have
¢ > CqNg, at which time representative testing has become more expensive than
directed testing. At this point, the testing process will become more efficient if

we switch from representative testing methods to directed testing methods.

6.4 Advantages of Mixed Method Testing

By using a mixed method approach to software testing, we are able to take advan-
tage of the strengths of each of the component testing methods. Further, we will
not be subject to the biggest disadvantages of the component methods. The main
advantages of representative testing are that test cases are relatively inexpensive
to generate and that the behavior of the software during testing reflects how the
system will behave once it is implemented. The biggest advantage of directed
testing is its ability to detect errors with small failure rates without requiring an
enormous number of test cases. By utilizing representative testing during the first
stage of testing when the program failure rate is highest, we can use inexpensive
test cases to find faults. Also, by conducting representative testing at the begin-

ning of testing, the large faults present in the program will be detected early in
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testing and the expected large reliability growth at the beginning of testing can be
achieved. Once all of the large faults have been removed from the system (and the
program failure rate decreases accordingly), the interfailure time for the system
will become very large if the test team continues to use representative testing. By
switching to directed testing once it becomes cheaper to do so, we will be able to
continue to achieve higher reliability with a reasonable amount of effort. Thus,
a mixed method approach to testing benefits from the advantages of both of the

component methods.

6.5 Disadvantages of Mixed Testing

Despite its advantages, the mixed method approach to testing outlined above does
inherit some problems from its component methods. First, because representative
testing is being utilized, a knowledge of the operational profile of the system
is required. Second, because directed testing is being used, a knowledge of the
structure of the program may be required, depending on the coverage criterion

employed.
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Chapter 7

Directed Testing And Reliability

Estimation

Previous chapters have discussed the fact that existing software reliability mod-
els require that all data gathered for purposes of prediction be gathered using
representative testing methods. These chapters also discussed how it would be
advantageous to conduct reliability testing using a combination of representative
and directed testing methods.

Three obstacles that prevent directed testing data from being used to make
reliability predictions are (1) program failure rates observed during directed test-
ing are not indicative of the program failure rates that would be observed during
actual system use, (2) faults will be found in a non-intuitive order (not largest to
smallest) by directed testing, and (3) there is no assurance that the set of faults
found by directed testing for a given program will be the same set of faults found
by representative testing.

The software reliability model developed in this dissertation overcomes the
first problem by shifting the emphasis from program failure rates to individual
fault failure rates which do not depend on the method used to conduct testing.
Additionally, the proposed model solves the second problem through the use of
Order-Statistics. Therefore, if problem three can be solved, then we will be able

to use directed testing data to make software reliability estimates and predictions.
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The following sections provide evidence that the set of faults found by directed
testing for a given program will be the same set of faults found by representative
testing, and discuss possible methods for determining the fault failure rate for a

given fault.

7.1 The Nature Of Fault Detection Under Di-
rected Testing

Cobbs and Mills 3] assert that directed testing methods find faults in random
order, with small faults being as likely to be found as large faults. Specifically,
they state: “coverage testing is as likely to find a rare execution failure as it
is a frequent one”. At first, this claim may seem reasonable, because directed
testing techniques do not exercise software by choosing input points according to
to the operational distribution that will be used once the system is implemented.
However, with further thought, it becomes apparent that the distribution used to
choose input points is not the only factor that plays a part in determining whether
or not a fault manifests as a failure during program execution.

Voas (27] maintains that the manifestation of a fault as a system failure during
program execution depends on three factors. His PIE (Propagation, Infection,
Execution) model states that for a system failure to occur, three things must
happen. First, the location in the program containing the associated fault(s)
must be executed. This requirement is the Execution component of the PIE
model. Second, once the location in the program containing the fault has been
executed, it is necessary that the fault cause a change in the data state of the
program. This requirement is the Infection component of the PIE model. Third,
the incorrect data state caused by the fault must be propagated to the output.
This requirement is the Propagation component of the PIE model. More formally.
let £,pp represent the execution rate for a given location / in a program P when
inputs are drawn randomly from a distribution D. Let vmpp be the infection
probability for a fault m at location ! in program P. Let ¢mpp represent the
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propagation probability for fault m at location [ in P. Then the failure rate,
Amipp of m at location [ in program P when inputs are chosen according to

distribution D is:

Amtpp = (€1pp) (VmipD) (PmipD) (15)

Of course, the above equation assumes the independence of the three compo-
nent probabilities.

The input distribution used to conduct testing directly affects only one of these
factors, the execution component. Therefore, in addition to the input distribution
used to drive testing, structural components of a program also play a hand in deter-
mining the order in which faults manifest themselves during program use. These
structural components are common to the fault manifestation process whether di-
rected testing is conducted or representative testing is conducted. Therefore, the
sets of faults found when directed testing is conducted should be approximately
the same as the set of faults that would be found if representative testing were
used.

Voas’ testability research [8][5] provide additional support for this claim, by
providing evidence that the set of faults found for a given program under any
testing method is affected largely by the structure of that program.

With these observations in mind, the following property is now proposed:

Ordered Directed Testing Property: For a given directed testing method, as
we approach coverage of the method, the set of & faults revealed will be the

k faults with the largest individual operational failure rates.

Now, this property probably does not hold exactly. However, it is claimed that
this property is closer to the truth than the assumption that directed testing will
uncover faults with no regard to fault failure rate. Preliminary support for the
Ordered Directed Testing Property was given in previous research conducted by
Mitchell and Zeil [17].
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If the assumptions of the Ordered Directed Testing Property hold, then di-
rected testing can be used to conduct reliability testing without missing a sub-
stantial number of faults that would have been found by representative testing,
and without finding a substantial number of faults that representative testing
would have missed. The worst thing that has happened during the testing pro-
cess is that the discovered faults may have been found in a different order than if
testing had been conducted using representative methods.

As it turns out, the order of fault detection is not important to the software
reliability model developed in this dissertation. Therefore, if the individual fault
failure rates can be determined for the discovered faults, then data from directed

testing can be used with the proposed model to make reliability estimates.

7.2 Estimating Fault Failure Rates

Traditional software reliability models depend on time based measures, such as
time between failures, as a basis for estimation and prediction. It is exactly this
dependence on such measures that requires the use of representative testing with
these models. When directed testing is conducted, the time between failures
during testing will not necessarily reflect the time between failures during actual
system use. In addition to using measures based on observed program failure times
for making estimates and predictions, the model presented in this dissertation uses
a measure that is independent of the method used to conduct testing.

This observed quantity used by the model in this dissertation is an estimate
of the operational fault failure rate for a given fault. Basically, when a fault is
found during the directed testing process, instead of recording the time of the
failure (or other artifact of the testing process), the human debugger will use
some technique to determine how often the given fault would manifest as a failure
during actual system use. Thus, the responsibility for determining the quantities
used for reliability estimation is taken away from the testing process itself and
is placed with the human debugger. Such a shift should allow for a more robust

estimation process where human intuition can play a role.
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In addition, by gathering failure information in this manner, the model es-
timation problems associated with making estimates from a single realization of
a random process described by Hoppa and Wilson[9] and Mitchell and Zeil [17]
are avoided. These problems are avoided because the observed quantities of this
random process are mapped to the ezpected value of the observed quantities.

The next section describes how the PIE Method of Voas [27] can be used to
estimate fault failure rates. Section 7.2.2 then describes how a debugging team

can use less formal methods to estimate fault failure rates.

7.2.1 The PIE Method For Determining The Fault Failure
Rate

Consider a program P being tested using directed methods. Now, suppose that
testing uncovers a fault, z, located at location { in P. Let this location be denoted
as P;. Now, according to the Voas, the probability of failure of z (the fault failure
rate) is based on three component probabilities. These component probabilities
are (1) the probability of execution of location P, during actual system use, (2)
the probability of data state infection when location P, is executed, and (3) the
probability of incorrect output when the data state is infected due to execution of
location P,. If these three component probabilities can be estimated, then their
product provides an estimate of the fault failure rate for =.

The first component, the execution probability, is fairly easy to estimate. Sup-
pose testing is being conducting for some program P and a failure is observed be-
cause of a fault z at location P,. To estimate the execution probability for location
P;, the human debugger would stop the testing process, and run n representative
test cases for P. Instrumentation in P will count the number of times n. that
P, is executed. It is not neccesary to check the output of these representative
tests for correctness, because the focus here is on the execution component of the
PIE Model. The ratio 2= provides an estimate of the execution probability for A.
Tools commonly used for conventional performance profiling can be used by the

human debugger to help make this estimate.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



CHAPTER 7. DIRECTED TESTING AND RELIABILITY ESTIMATION 46

The second component, the infection probability, can be estimated by re-
running the n. test cases that reached location P, when the execution probability
was being estimated. Additional instrumentation at location £ will be required
to count the number of times n; that the data state immediately following F, is in-
fected because of z. The ratio g—: provides an estimate of the infection probability
at location P,.

The third component, the propagation probability, can be estimated by mutat-
ing the program state at P; for each of the n, test cases that reached this location.
The number of times, n,, that incorrect output results from the infection at P is
counted, and the ratio ';‘f- provides an estimate of the propagation probability for
.

By combining these three components, an estimate of the fault failure rate for

this fault is obtained that does not depend on the testing method being used.

7.2.2 Using Debugger Estimates To Determine Fault Fail-

ure Rates

Two more possible methods for determining fault failure rates are proposed in this
section. These methods rely on the debugging team to estimate the fault failure
rates. In both methods, when a failure occurs during testing, the debugging team
will find and fix the associated fault. The team will then determine the fault
failure rate.

In the first method, the debugging team determines the inputs that cause
the fault to manifest as a failure. Once these inputs have been identified, the
debugging team goes back to the operational profile of the system and estimates
the fault failure rate. In the absence of an operational profile, the test team can
estimate how often they feel the failure will occur based on the inputs that cause
the failure. This type of estimation is probably not much different than what
already goes on in practice during many test-debug sessions.

Another possible method that debuggers can use to determine the fault failure

rate for the fault is to run representative tests for two versions of the program.
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The first version of the program includes the fix that was made to remove the
fault. The second version of the program does not include the fix that was made
to remove the fault. The debuggers can then estimate the fault failure rate by
running representative tests for both of these versions of the program and watching

for differences in output.
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Chapter 8

A Software Reliability Model
Based On Order Statistics

Conventional software reliability models assume that the failure data to be used
to make reliability estimates is obtained by representative testing methods. As a
result, conventional software reliability models may not provide accurate reliability
estimates when failure data is gathered using directed testing methods. This
chapter presents a software reliability model that will allow failure data obtained
by using either representative testing methods or directed testing methods (or
both, as in the case of our mixed method approach to testing) to be used to make

accurate reliability estimates.

8.1 Order Statistics Basics

This section presents a very brief discussion of the order statistics that will be
needed for an understanding of the presentation of the proposed model. A more

extensive treatment of the subject of order statistics appears in the text by H.A.

David [4].
David [4] defines the distribution of an order statistic. If n random variables,
X1, Xs, ..., X, are arranged in ascending order, then X;., denotes the Tt order

statistic out of n. If we assume that the X; are continuous with pdf f(z) = F'(z),

48
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the distribution of the z,., is given by:

n!

— r—1 _ n—r
frm = (r—1)i(n — T)!F(x) (1 - F(z)]"7 f(z) (16)
where f., denotes the pdf of X,.,.
8.2 Model Basics
Suppose that a program P has n faults 2y, 25, ...,2, drawn from a set Z. Let

f(¢) = F'(¢) denote the pdf describing the distribution of the failure rates asso-
ciated with the faults in Z. Let ¢1, ¢, ..., ¢, represent the failure rates of the n
faults in P ordered arbitrarily.

Now, suppose that P is tested until & faults have been removed. Let
1,9, ..., Y, denote the operational failure rates of these k£ faults, where the
index of each ¥;,1 <= 7 <= k reflects the order in which the fault was discovered.
Further, suppose that these operational failure rates are independent.

If we consider the remaining n — k£ undetected faults in P and denote them
by Yri1, Yk+2, - - -, ¥n, We can approximate the program failure rate of P after &
faults have been removed by using the sum of the operational failure rates of the
n — k undetected faults. Specifically,

n
e = D) Y (17)
i=k+1

Use of this approximation assumes that there are a finite number of faults in
the program, and that the faults failure rates are independent. These are common
assumptions made by many existing software reliability models [13][12][15].

This equation is not particularly useful for making reliability estimates about
P, because the current program failure rate is given in terms of the faults that
have not vet been discovered. Therefore, we need another technique that can be
used to estimate Ax. The use of order statistics is at the heart of this proposed
technique.

Suppose that we sort the ¢;,7 € 1. .., into ascending order. Let [¢;.n]%_, denote
the resulting sequence. The pdf of the ¢;., can then be described by the function
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given in (16). If we can determine the nature of the f..,,7 € 1...n,) then we will
be in a position to determine the expected values for operational failure rates of

the remaining n — k undetected faults in P. Specifically,

B($rm) = [ ¢frn(9)ds (18)
The expected value of the program failure rate of P, A is then given by:
n—k oo
EOw =3 [ ¢fm(0)d8 (19)
and the reliability of P is:
R(t) = exp(—Akt) (20)

Thus, we have a model that makes use of fault failure rates as the random
variable of interest. Further, the order in which the faults are discovered by
testing does not affect the estimates made by this model. Therefore, this model

can be used regardless of the methods used to conduct testing.
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Chapter 9
Data Evaluation Plan

Before any experiments could be conducted, it was necessary to decide how the
results of these experiments would be analyzed. This chapter describes the models
involved in the experiments, the analysis methods used by the experiments, and

the tools that were developed to aid in the analysis process.

9.1 Selection Of Models

For comparison purposes, three other software reliability models were selected to
be compared to the Order Statistics Model. These models were selected because
they seem to be the most often cited models in software reliability research, and
are often used by other researchers to assess their proposed models.

The models that were selected are:
e Jelinski-Moranda Deeutrophication Model

e Musa Basic Model

e Musa Log Poission Model

51

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



CHAPTER 9. DATA EVALUATION PLAN 52

9.2 Techniques For Comparing Model Perfor-
mance

During the course of the experiments, the performance of each model was mea-
sured in three different ways.

First, the predictive accuracy of each model was measured. The predictive
accuracy of a model specifies how closely the model’s predictions match observed
quantities. The need for this measure is obvious because the reason for using
software reliability is to be able to make estimates about a program’s current
failure rate and to be able to predict the future performance of a program.

Second, the best fits of each model for each data set were compared to deter-
mine which model provided the best overall fit to the observed data. The results
of this type of analysis provides information about the ability of each model to
account for all of the observed values using a single set of parameters. High error
values for the best fit of a given model may indicate that the model may not be
flexible enough to account for the range of observed failure rates.

Third, the stability of the model parameter estimates was compared over mul-
tiple iterations of the fitting process, where each iteration introduced additional
failure rate data. The following sections describe how each of these three types of

analysis was conducted.

9.2.1 Traditional Means Of Measuring The Predictive Ac-
curacy Of Software Reliability Models

Brockhurst and Littlewood present a statistical tool called a U-Plot that measures
the predictive accuracy of a software reliability model [1]. The U-Plot uses the
cumulative distribution function (cdf) of the program failure rates. Brockhurst
asserts that given a set of observed program failure rates and the (actual) cdf
that describes their distribution, then the cdf values associated with each of the
program failure rates will be uniformly distributed on the interval (0, 1).

The first step in constructing a U-Plot for a set of data is to estimate the model

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



CHAPTER 9. DATA EVALUATION PLAN 53

parameters based on the observed data. Once these estimates are made, the cdf
value associated with each of the observed program failures rates is calculated.
This sequence of values is sorted in ascending order and plotted in a step-wise
fashion along the X axis of an X-Y plot. If the cdf based on the estimated
parameters is close to the actual cdf of the program failure rates, then all of the
points in the U-Plot should fall near the line defined by the equation y = z. In
general, the closer the plotted points are to the line y = z, then the better the
model’s predictive ability.

From the above description of the U-Plot, it is obvious that the use of this
tool assumes that all of the program failure rates are drawn from one distribution
that is described by the model parameters. The Order Statistics Based Software
Reliability Model proposed in this dissertation assumes that each program failure
rate is equal to the sum of the fault failure rates for the faults remaining in the
software. Further, each of these fault failure rates is assumed to be drawn from a
different distribution, as described in the previous chapter. Therefore, the U-Plot
is not suited for use with the Order Statistics Based Software Reliability Model
presented in this dissertation.

In order to measure the predictive accuracy of a software reliability model an
OP Plot was used instead of a U-Plot. The OP Plot is described in the next

section.

9.2.2 The OP Plot

The term OP Plot is short for Observed vs Predicted Plot. A single OF Plot
shows the performance of a single model with respect to a single data set. The
OP plot is an X-Y plot showing the relationship between the observed failure rates
and the predicted failure rates for a given run. Observed quantities provide the
values for the independent (X) variable and the model’s predictions provide the
values for the dependent (Y) variable. If the model in question provides perfect
predictions, then all of the points in the the OP Plot will lie on the line defined by
the equation £ = y. The closer the resultant plot is to this ideal, then the better
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the model’s predictive ability. Since the failure rates plotted on the OP Plot will
span mulitiple orders of magnitude, a log scale was used for the plot axes.

The OP Plot provides a qualitative evaluation of model prediction, which is
useful in detecting patterns of strength and weakness. For example, by using the
OP Plot, it is easy to determine if a given model appears to be overly optimistic
or overly pessimistic about the program failure rate.

The sum of the squared error for each (observed,predicted) pair in the OP Plot
is used to compare the performance of the models and to provide a quantitative

evaluation of model prediction.

9.2.3 Comparing The Best Fit Of Each Model

Another metric for evaluation of model performance is derived from the best fit
for each model for each data set in its entirety. The sum of the squared error for
the fit of each model to each data set was recorded and compared. A high error
value for a software reliability model for a given data set may indicate that the
distribution used by reliability model is not able to adequately span the full range

of the observed failure rates.

9.2.4 Comparing Model Stability

During the course of generating the OP Plot, predictions were made by each
model as additional data points (failure rates) were incrementally added to the
data set. The stability of the model parameter estimates during the incremental
predictions is an indicator of how stable the model is. The main concern here
is that a software reliability model should not be overly sensitive to fluctuations
in the data set. It is not desirable, for example, for a software reliability model
to abruptly and drastically change its estimate for the total number of faults
in a program when new data is introduced into the failure set. The underlying
distribution being used by the model should be flexible enough to accomodate
new data as part of a distribution instantiation with parameters similar to the

one estimated before the new data was introduced.
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9.3 Development Of Analysis Tools

During the course of this research, a program was developed to implement all of
the required software reliability models. This software was developed in C++ and
the fitting routines utilize the least squares approach for estimating model param-
eters. We selected the least squares approach to parameter estimation instead of
the more frequently used maximum-likelihood method because of the nature of
the expected inputs to our model. Obtaining a solution to a maximume-likelihood
method system usually requires that all observed values will be of the same type.
However, in the order statistics model a combination of program failure rates and
fault failure rates will be used as input. By using the least squares approach,
we were able to combine these different types of input by weighting them. This
combination would probably be mathematically intractable under maximum like-
lihood.

This software includes functionality to output the data required to conduct
each of the three types of analysis described above.

This program takes a text file containing a set of failure rate data as input and
makes software reliability predictions for a specifed model. This tool was used to

provide the results presented in later chapters.
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Chapter 10

Applying The Model To

Representative Data

This chapter details the initial validation of the Order Statistics Based Software
Reliability Model. The basic purpose of this experiment was to put the OS-Model
through a “sanity-check” to make sure that its predictions were at least in the
ballpark with existing models. This chapter discusses the expériment and presents

the results that were obtained.

10.1 Data Set Selection

This experiment was intended to perform initial validation of the Order Statistics
model. As such, the intention was to use pre-existing failure data, since the
use of such data would save the significant overhead of performing testing and
debugging at this point in the research process. However, it is rarely easy to find
such data, a problem documented by other researchers [12] [13]. To a large extent,
the scarcity of appropriate data can be attributed to the requirements that failure
data must meet before being deemed suitable for use for reliability modeling. The
following sections detail some of these requirements and describes the data that

was ultimately selected for use in this experiment.
56
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10.1.1 The Need For High Quality Data

The first requirement that potential data sets have to satisfy before being selected
is that the failure data represented in the set has to have a high level of quality.
That is to say, the data should have been meticulously compiled with application
to software reliability in mind. Data sets that omit data or include incorrect data
are of little use for validating a software reliability model. In fact, inaccurate data
may do more harm than good if it leads researchers to draw the wrong conclusions
about the models being tested.

There are incidents reported in the literature where shortcomings in existing
data sets have compromised the results that the authors wanted to obtain. Jelinski
and Moranda [13] report that the vague nature of the trouble reports they were
using as a data sources forced them to change the way that their experiment was
designed. Musa, as well, reports [19] that ambiguity in fault reports that he had
encountered forced him to make simplifying assumptions when several failures
were found grouped together in the data instead of being reported individually.

For these reasons, the data selected for this experiment needed to be failure

data that had been carefully compiled with software reliability estimation in mind.

10.1.2 The Need For A Substantial Number Of Failures

The second requirement that a potential data set had to satisfy before being
selected is that the data set had to consist of a substantial number of failures.
This requirement is necessary to insure that the results that are obtained will
be statistically sound. It is not realistic to believe that valid statistical results
can be obtained from data sets that consist of only a few faults. Small samples
are notorious for providing misleading statistical results, because of increased
sensitivity to flucuations in individual values.

Another problem with small-sized failure sets is that a small number of failures
may indicate that the software system being testing was not an actual large-scale
system, but was a toy system written exclusively for research purposes. It is
not clear that results from such systems can be directly applied to real-world
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situations.

10.1.3 The Need For Failure Data From Representative
Testing

At the outset of this experiment, is was obvious that determining how well the
model fit the failure data would be difficult to =ssess in absolute terms. For
example, if the model was applied to the data :and the best fit had an error
measure of some number, E, then how would we krmow whether this fit was a good
fit, or not so good? For this reason, it was necessacry to compare the results from
the model developed in this dissertation to the reswlts from existing models. Since
the selected data sets have to be used with existin;g models, data obtained during

representative testing had to be used.

10.1.4 The Selected Data Sets

The data sets used in this experiment were first published by Musa[19]. These
failure sets were gathered from several real-life softwware systems and were compiled
with software reliability application in mind. In addition to the data sets, Musa

[19] describes how the data was gathered and what assumptions were made.

10.2 Experiment Design

Four models and four data sets were used in this exxperiment. The desired analysis
was performed for each model for each data set, Hor a total of 16 runs. Each run
was an iterative fitting process consisting of the multiple iterations necessary to
generate an OP-Plot.

For each run, the iterative process was startesxd by setting the number of pro-
gram failure rates used for the fitting process ons the first iteration to be half of
the total number of observed program failure ratzes. The software reliability tool
was used to predict the current program failure rate. This predicted value was
compared to the next program failure rate that wsas actually observed in the data
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set. This process was repeated by adding one additional value to the observed
quantities, until the entire data set had been considered. The resulting sequence
of observed and predicted values was used to generate the OP-Plot.

The performance of each model on an OP Plot is very important because the
iterative process involved in generating an OP Plot mirrors the process that a test
team will follow when conducting reliability testing. The team would typically
find a fault, fix it, and obtain a program reliability estimate based on the available
data. This process would be repeated until testing is completed.

A OP Plot was generated for each of the 16 runs in the study. In addition
to the OP Plot information, data about the best fit and progressive parameter

estimates for each model for each data set was recorded.

10.3 Results

This section presents the results obtained for each of the three types of analysis

performed in this study.

10.3.1 The Results Of Analyzing The Predictive Accuracy
Of The Models

The sixteen OP Plots generated during this experiment are shown in Figures 5 to
20. Just by glancing at the four plots generated for each data set, it is apparent
that all of the models seemed to have some trouble generating predictions that
were close enough to the observed values to create an OP Plot close to the z =y
ideal.

Perhaps the first questions that comes to mind are “Why are all of the models
having trouble?” and “Aren’t any of them any good?”. The following paragraphs
will attempt to provide answers to the these questions.

Figure 21 gives the average of the fitting error for each OP Plot. The value
in each cell in Figure 21 represents the average of the squared error for each X-Y
pair on the corresponding OP Plot. For example, an entry of .000564 is entered
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in the table for the JM Model for Set 2. The presence of this number means that
if the difference of each X-Y pair on the OP Plot for the Jelinski-Moranda Model
for Data Set 2 is squared,normalized, and summed, then the resulting value that
is obtained is .000564.

Looking across the rows of this table, it is apparent that all of the software
reliablity models performed about same for any given data set. There are no
cases where one model performed significantly worse or significantly better than
the other models.

A possible explanation for the poor performance of all of the OP Plots is
the nature of the data itself. By looking at the observed data series in Figures 22
through 37, the scattered nature of the observed failure rates is obvious. Although
the observed values do tend to decrease as the failure number increases, it is obvi-
ous that the failure rates are far from strictly decreasing. Since all of the models
under consideration in this study (and probably all models in existence) model
program failure rates as strictly decreasing, then any exceptions will contribute
to poor estimates and predictions. In Figures 22 through 37, it seems that an
increase in observed program failure rate from point to point seems as much the
norm than the exception. From these observations, it seems that the poor results
in the OP Plots have more to do with the nature of the data than the models
themselves.

These observations support the discussion in Chapter 2 about the amount of
statistical noise inherent in data based on quantities observed during testing, and
provides more evidence that the emphasis of reliability data acquisition needs to
be changed from quantities derived during testing to quantities derived during

debugging whenever possible.
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Musa Set 1 - OS LogNormmal Model
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FIG. 5. OS Model OP Plot For Data Set 1
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Musa Set 1 - Jelinski-Moranda Model
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Musa Set 1 - Musa Basic Model
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Musa Set 1 - Musa Log Model
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Musa Set 2 - OS LogNormal Model
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Musa Set 2 - Jelinski-Moranda Model
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Musa Set 2 - Musa Basic Model
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FIG. 11. Musa Basic OP Plots For Data Set 2
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Musa Set 2 - Musa Log Model
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FIG. 12. Musa Log OP Plots For Data Set 2
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Musa Set 3 - OS LogNormal Model
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FIG. 13. OS Model OP Plot For Data Set 3
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Musa Set 3 - Jelinski-Moranda Model
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FIG. 14. JM Model OP Plot For Data Set 3
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Musa Set 3 - Musa Basic Model
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FIG. 15. Musa Basic OP Plots For Data Set 3
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Musa Set 3 - Musa Log Model
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FIG. 16. Musa Log OP Plots For Data Set 3
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Musa Set 4 - OS LogNormal Model
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FIG. 17. OS Model OP Plot For Data Set 4

10.3.2 Comparing The Best Fit For Each Model

The sixteen plots of the best fits for each run made during this study are shown in
Figures 22 to 37. As pointed out earlier, these plots show the noisy nature of the
observed data. Given the observed data in these plots, it is difficult to imagine
any distribution that would provide a better fit to the observed data than the
fits provided by the models used in this experiment. The data provided in Figure
38 shows that for any one of the data sets, all of the models performed about
the same. These observations suggest that no software reliability model (or any
other statistical method) would be able to provide really accurate estimates and

predictions for this data.
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Musa Set 4 - Jelinski-Moranda Model
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FIG. 18. JM Model OP Plot For Data Set 4
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Musa Set 4 - Musa Basic Model
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FIG. 19. Musa Basic OP Plots For Data Set 4
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Musa Set 4 - Musa Log Model
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FIG. 20. Musa Log OP Plots For Data Set 4
Model | JM MB ML 0S
Set 1 | 0.424323 | 0.424323 | 0.400713 | 0.452195
Set 2 | 0.000564 | 0.000564 | 0.000563 | 0.000589
Set 3 | 0.024337 | 0.024337 | 0.023249 | 0.024303
Set 4 | 5.621282 | 5.621283 | 5.563041 | 5.733988

FIG. 21. Average Error For Each OP Plot
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LS Fit For Lognormal Based OS Model - Musa Set 1
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FIG. 22. Best Fits For 0OS Model Data Set 1
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LS Fit For Jelinski-Moranda Model - Musa Set 1
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FIG. 23. Best Fits For JM Model Data Set 1
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LS Fit For Musa Basic Model - Musa Set 1
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FIG. 24. Best Fits For MB Model Data Set 1
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LS Fit For Musa Log Model - Musa Set 1
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FIG. 25. Best Fits For ML Model Data Set 1
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LS Fit For Lognormal Based OS Model - Musa Set 2
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FIG. 26. Best Fits For OS Model Data Set 2
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LS Fit For Jelinski-Moranda Model - Musa Set 2
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FIG. 27. Best Fits For JM Model Data Set 2
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LS Fit For Musa Basic Model - Musa Set 2
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FIG. 28. Best Fits For MB Model Data Set 2
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LS Fit For Musa Log Model - Musa Set 2
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FIG. 29. Best Fits For ML Model Data Set 2
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LS Fit For Lognosmaj Based OS Model - Musa Set 3
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FIG. 30. Best Fits For OS Model Data Set 3
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LS Fit For Jelinski-Moranda Madel - Musa Set 3
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FIG. 31. Best Fits For JM Model Data Set 3
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LS Fit For Musa Basic Model - Musa Set 3
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