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Abstract: Various NHPP SRGMs have been studied with various assumptions. Many of the SRGMs assume that each time
a failure occurs, the fault that caused it is immediately removed and no new faults are introduced called perfect debugging.
But in reality, it is possible that the fault which is supposed to have been removed may cause a failure or new faults may get
introduced in software known as imperfect debugging. In this paper we have studied various perfect and imperfect
debugging models. An introduction of parameter estimation techniques and goodness of fit parameter is also discussed in our
proposed study.
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I. INTRODUCTION
Software is a key part of many critical applications. Software quality is a major concern in software
development process. The quality of software means conformance to requirements, fitness for the purpose and
level of satisfaction. The issue of estimating and improving software quality has become the primary concern for
both software developers and product users. For software developers, releasing reliable software products into
the market on time and within budget is a must to secure financial growth and to gain competitive edge in the
industry. For software users, failure-free operation of the software guarantees avoidance of inconvenience and
loss of valuable time. This leads to the fact that software reliability is now an important research area, and it is
imperative to have sound methodologies to measure, quantify, and improve software quality. According to the
ANSI definition Software reliability is the probability of failure-free software operation for a specified period of
time in a specified environment [1] [2].
Measuring and computing software reliability can be used for planning and controlling all testing resources
during software development. To assess software reliability and assure software quality one of the current
methods is to apply SRGMs. SRGMs are the one particular aspect of Software Reliability Engineering (SRE)
that has received the most attention. SRGMs can provide quantitative information about how to improve the
reliability of software products, and greatly help software engineers to measure the defect levels, failure rates
and reliability during the coding and testing phases. Furthermore, SRGMs can help project managers to
determine the testing resources and manpower needed to achieve desired reliability requirements [3] [4]. An
important class of SRGMs that has been widely studied is Non-Homogenous Poisson Process (NHPP). It forms
one of the main classes of existing SRGMs due to its mathematical tractability and wide applicability. NHPP
models are useful in describing failure processes, providing trends such as reliability growth and fault-content.
NHPP models determine an appropriate mean value function to denote the expected number of failures
experienced up to a certain time. NHPP SRGMs are used extensively for reliability estimation of software.
Various NHPP SRGMs have been studied with various assumptions. Many of the SRGMs assume that each
time a failure occurs, the fault that caused it can be immediately removed and no new faults are introduced
which is known as perfect debugging. But in reality, it is possible that the fault which is supposed to have been
removed may cause a new failure. In this paper, we consider that whenever a failure occurs the detected fault is
not perfectly removed and there is a chance of raising new fault due to wrong diagnosis or incorrect
modifications in the software which is called imperfect debugging.
The paper gives general idea of perfect debugging, imperfect debugging and their effect on fault content of
software. This also focuses on parameter estimation techniques and goodness-of-fit criteria used for model
evaluation. The remainder of this paper is organized as follows. In Section II we discussed the perfect and
imperfect debugging SRGMs. Section III deals with parameter estimation techniques and goodness-of-fit
criteria used in SRGMs. Finally, Section IV concludes the paper.
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II. DEBUGGING

Debugging is the process of fault detection and correction. There are two type of debugging process (i) Perfect
and (ii) Imperfect Debugging.

Perfect Debugging

In perfect debugging it is considered that faults are corrected with certainties which are responsible for software
failures and no new faults are introduced. Most of the earlier software reliability models assume the fault
removal process to be perfect i.e. when an attempt is made to remove a fault, it is removed with certainty and no
new faults are introduced.

In one of the earliest papers of software reliability by Jelinski and Moranda (1972), software failure rate is
assumed to be proportional to the residual number of bugs, and each bug has a constant failure rate contribution.
In addition, the number of bugs decreases by one after each software failure to indicate a perfect removal of the
bug that caused software failure [5]. Some of the perfect debugging NHPP SRGMs are:

Yamada Delayed S-Shaped Model [6]: The model is based on NHPP with a different mean value function to
reflect the delay in failure reporting. Its mean value function is S-shaped and is given below:

m(t) = a(l— (1 + bt)e Pt

Goel-Okumoto Model: This model was proposed by Goel-Okumoto [6] they consider failure detection as a non
homogeneous Poisson process with an exponentially decaying rate function. The mean value function is given
as:

m(t) = a(1l—ePh)

Generalized Goel NHPP Model [6]: In this model exponential distribution assumes a pattern of decreasing
defect rates or failures cases in which the failure rate first increases and then decreases. Goel proposed a
generalization of Goel-Okumoto model with an additional parameter c. Its mean value function is given as:

m(t) = a(1 — e )

Gompertz growth Curve Model: Gompertz model [7] is used in the Fujitsu and Numazu work. It is one of the
simplest S-shaped software reliability growth models. Its mean value function is:

m(t) = a(k®")

Modified Dune Model: Duane published a report that presented failure data of several systems during their
developments in 1962 by analyzing the data. It was observed that the cumulative Mean Time Between Failures
versus the cumulative operating time becomes close to a straight line if plotted on log-log paper. Later, a
modified Duane model [8] was proposed and its hypothesized mean value function is:

b
t) =a[l—-(—)°
m(®) = all - G-—)°]
Inflection S-Shaped Model: This model [9] was proposed by Ohba and its underlying concept is that the
observed software reliability growth becomes S-shaped if faults in a program are mutually dependent, i.e., some
faults are not detectable before some others are removed. The mean value function is:

a(l—e™Ph
O =T g

Logistic Growth Curve Model: In general, software reliability tends to improve and it can be treated as a
growth process during the testing phase. The reliability growth occurs due to fixing faults. Therefore, under
some conditions, the models developed to predict economic population growth could also be applied to predict
software reliability growth. These models simply fit the cumulative number of detected faults at a given time
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with a function of known form. Logistic growth model [9] is one of them and it has an S-shaped curve. Its mean
value function is

a
m(t) = —————
® 1+ ke—bt
Musa-Okumoto Model: Musa-Okumoto [10] have been observed that the reduction in failure rate resulting
from repair action following early failures are often greater because they tend to the most frequently occurring
once and this property has been incorporated in the model. Its mean value function is given as:

m(t) = aln (1+ bt)

Pham Zhang IFD Model [11] mean value function is given as:
m(t) = a —ae P (1 + (b + d)t + bdt?)
Imperfect Debugging

Perfect debugging is an unrealistic assumption due to the human element involved in debugging a software. In
addition, the complexity of certain softwares may not only allow introduction of new bugs but also the
possibility that the bug(s) that caused the failure may not have been completely eliminated. Goel [12] stated it as
one of the major practical limitations of existing models and modified the J-M model by introducing the concept
of imperfect debugging.

The phenomenon of imperfect debugging occurs due to introduction of new faults during the correction process
and also faults corrected are less than the faults responsible for failures. If some of the detected faults are not
removed with certainty or new faults introduced during debugging process then it is called imperfect debugging.

There are two type of imperfect debugging possibilities-first, on a failure the corresponding fault is identified,
but just because of incomplete understanding of the software, the detected fault is not removed completely and
hence the fault content of the software remains unchanged on the removal action, proposed by Kapur [13]
known as imperfect fault debugging, - second, when on a failure the corresponding fault is identified and
removed with certainty but some new faults are added to the software during the removal process, proposed by
Obha and Chou[14]. This type of imperfect debugging led to an increase in the fault content of the software
known as error generation. Some commonly used imperfect debugging NHPP SRGMs are:

Pham-Nordmann-Zhang (PNZ) model [15] incorporates the imperfect debugging phenomenon by assuming
that faults can be introduced during the debugging phase. This model assumes that the introduction rate is a
linear function time-dependent overall fault content function and the fault detection rate function is non-
decreasing time-dependent with an inflection s-shaped model. Its mean value function is given as:

a(l—e™Ph) (1 - %) + aat

1+ febt

m(t) =

Pham-Zhang (P-Z) Model [16] assumes constant introduction rate is exponential function of testing time and
the error detection function is non decreasing with an inflection S-shaped model. Its mean value function is
given as:

ab
m(t) = (c+a)(1 —eP) - m(e“” — ety

1

Yamada Exponential Model [17] attempts to account for testing effort and incorporates an exponential testing
effort function. The model type is concave. Its mean value function is given as:

m(t) = a(1 — e~ra(1-e7F0)y

Yamada Rayleigh [17] attempts to account for testing effort and incorporates an exponential testing effort
function. The model type is S-shaped. Its mean value function is given as:
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m() =a(l—e )

Yamada Imperfect Debugging Model 1 [18] assumes exponential fault-content function and constant fault-
detection rate. Its mean value function is given as:

ab(e® —e™Pt)

m() = a+b

Yamada Imperfect Debugging Model 2 [18] assumes constant fault-introduction rate and constant fault-
detection rate. Its mean value function is given as:

m(t) = a(1l — e (1 - %) + aat

Zhang-Teng-Pham Model [ 19] mean value function is given as:

1+ a)e™?t
1+ ae bt

m(t) = ——[(1 - A

a
p—8
III. PARAMETER ESTIMATION TECHNIQUES AND GOODNESS OF FIT CRITERIA USED IN

SRGMs

Parameter Estimation Techniques

There are various parameter estimation techniques which used to estimate the parameters of different SRGMs.
Most commonly used approaches are maximum likelihood estimation (MLE) and least square estimation (LSE).
MLE is the direct parameter estimation technique which input the data directly into equations for estimating the
parameters. LSE is an indirect parameter estimation technique in which fitting the curve described by the
function to the data and estimating the parameters from the best fit to the curve. The Least Square Estimation
[20] is used for estimating parameters by minimizing the squared discrepancies between observed data and their
expected values. Unlike MLE, this method does not require distributional assumptions and useful for obtaining a
descriptive measure of summarizing observed data. However it has no basis for testing hypotheses or
constructing confidence intervals. The LSE method is easier to calculate by hand and easier to program. The
LSE method is also traditionally associated with the use of probability plots to assess goodness-of-fit. LSE is
good estimator for fitting the data to observed failure data. Because MLE generally tends to be biased but LSE
can produce unbiased results so we decide to use LSE to estimate the parameters of selected models.

The Maximum Likelihood Estimation technique was originally developed by R.A. Fisher in the 1920s [21]
begins with writing a mathematical expression known as the Likelihood Function of the sample data. The
likelihood of a set of data is the probability of obtaining that particular set of data, given the chosen probability
distribution model(L(6|X) = f(X|0)). This expression contains the unknown model parameters. The desired
probability distribution is the one that makes the observed data most likely, which means that we are interested
in finding the value of the parameter vector that maximizes the likelihood function L(8]|X). When you supply
distribution functions, MLE computes the parameter estimates using an iterative maximization algorithm. With
some models and data, a poor choice of starting point can cause MLE to converge to a local optimum that is not
the global maximizer, or to fail to converge entirely. Even in cases for which the log-likelihood is well-behaved
near the global maximum, the choice of starting point is often crucial to convergence of the algorithm. In
particular, if the initial parameter values are far from the MLEs, underflow in the distribution functions can lead
to infinite log-likelihoods.

Goodness of Fit Criteria

The performance of SRGM are judged by their ability to fit the past software fault data (goodness of fit) and
predicting the future behaviour of the fault. The term goodness of fit is used in two different contexts. In one
context, it denotes the question if a sample of data came from a population with a specific distribution. In
another context, it denotes the question of “How good does a mathematical model (for example a linear
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regression model) fit to the data”? To investigate the effectiveness of software reliability growth models, a set
of comparison criteria is proposed to compare models quantitatively. Various criteria can be used to assess and
compare the performance of selected models are described as follows.

SSE: The sum of squared error (SSE) is the total deviation of estimated failures from actual failures observed
[19]. It can be defined as

k
SSE = Z(m(ti) —m(t;))?

Adjusted R-square: The adjusted R-square statistic is generally the best indicator of the fit quality when two
nested models are compared, (i.e. a series of models each of which adds additional coefficients to the previous
model).

SSE(n —1)

Adjusted R — square =1 — SST(0)

The adjusted R-square statistic can take on any value from O to 1, with a value closer to 1 indicating a better fit.
Negative values can occur when the model contains terms that do not help to predict the response.

RMSE: The Root Mean Squared Error statistic is also known as the fit standard error and the standard error of
the regression. It is an estimate of the standard deviation of the random component in the data and it is defined
as [22]:

RMSE = s =vVMSE

where MSE is the mean square error or the residual mean square

SSE
MSE = —
v

where v indicates the number of independent pieces of information involving the n data points that are required
to calculate the sum of squares.

IV. CONCLUSION

In this paper we address the general concept of perfect debugging and imperfect debugging. We have discussed
several existing NHPP SRGMs based on perfect debugging and imperfect debugging. We have discussed two
parameter estimation techniques MLE and LSE which used to estimate parameters of different SRGMs. Finally
we have discussed goodness of fit criteria used to assess and compare the performance of selected models.
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ACRONYMS
SRGMs  Software Reliability Growth Models
NHPP  Non-Homogeneous Poisson Process
GOF Goodness-of-Fit
SSE Sum of squared errors
RMSE Root Mean Squared Error

NOTATION

a(t) the rate at which the faults may be introduced during the debugging process
a(t) expected number of initial faults
b(t) fault detection rate per fault in the steady state
m(t;) total number of failures observed at time t; according to the actual data
m(t;) expected number of failures at time t; estimated by a model
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