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Abstract 
Software Reliability Growth Models (SRGMs)  are very important 
for estimating and predicting software reliability. Several 
combinational methods of SRGMs have been proposed to 
improve the reliability estimation and prediction accuracy. The 
AdaBoosting (Adaptive Boosting) algorithm is one of the most 
popular machine learning algorithms. 
An AdaBoosting based approach for obtaining a dynamic 
weighted linear Combinational Model (ACM) is already proposed. 
The key idea of this approach is that we select several SRGMs 
as the weak predictors and use AdaBoosting algorithm to 
determine the weights of these models for obtaining the final 
linear combinational model.

In this Paper 
1. Investigating the fitting and prediction performance of the 

ACM by using maximum likelihood estimation to estimate 
the parameters of models and also Comparing fitting and 
prediction performance of SRGMs and ACM with real 
failure data-sets.

2. Comparison of each selected individual model with ACM 
on the basis of Time Complexity.

Keywords 
Software Reliability Growth Models, AdaBoosting Algorithm, 
Parameter Estimation, Maximum Likelihood Estimation.

I. Introduction

A. Software Reliability
Software reliability is the probability that given software will 
be functioning without failure for a specified period of time in 
a specified environment. Software reliability is a key factor in 
software development process and software quality. Yamada 
et al. (1986, 1993), Huang and Kuo (2002), Musa (1999) 
proposed a SRGMs [1] which described the explicit relationship 
amount the calendar testing time, the amount of test effort 
and the number of software errors detected by testing. The test 
effort is measured by the number of CPU hours, the number 
of executed test cases and so on.
Software reliability measurement and management in the 
software development process are essential to produce quality 
and reliable software efficiently and effectively. Quantitative 
measurement and management are characterizing the product 
reliability. In particular based on software-error data analyses, 
it is very important to evaluate software reliability during the 
software testing phase. Several software reliability models 
have been developed to describe a software-error detection 
phenomenon during the testing phase and to measure software 
reliability. Models which are concerned with the relationship 
between the time-interval between software failures at the 
time span of the software testing are called software reliability 
growth models. These models enable us to estimate software 
reliability measures such as the mean initial error content, 

the mean time interval between failures, the mean number 
of remaining errors at an arbitrary testing time point, and the 
software reliability function.
Most software reliability growth models have a parameter 
that relates to the total number of defects contained in a set 
of code. If we know this parameter and the current number 
of defects discovered, we know how many defects remain in 
the code. Knowing the number of residual defects helps us 
decide whether or not the code is ready to ship and how much 
more testing is required if we decide the code is not ready to 
ship. It gives us an estimate of the number of failures that our 
customers will encounter when operating the software. This 
estimate helps us to plan the appropriate levels of support that 
will be required for defect correction after the software has 
shipped and determine the cost of supporting the software.

B. AdaBoosting
”Boosting” is a general method for improving the performance 
of any weak learning algorithm that consistently generates 
classifiers which need to perform only slightly better than 
random guessing. Boosting has proved to be an effective 
method to improve the performance of base classifiers, 
both theoretically and empirically. The underlying idea is to 
combine simple classification rules to form an ensemble, whose 
performance is significantly improved.
A very promising well known used boosting algorithm is Ada 
Boost [2]. It has been applied with great success to several 
benchmark Machine Learning(ML) problems using rather simple 
learning algorithms, in particular decision trees. AdaBoosting is 
a commonly used ML algorithm which can combine several weak 
predictors into a single strong predictor for highly improving the 
estimation and prediction accuracy.

C. Complexity of Software
The complexity and size of a computer system have grown 
dramatically for the past two decades. Traditionally, most 
researches focused only on the design, improvement and 
reliability analysis of the hardware to reach the goal of high-
performance computer systems. But now, the growing trend of 
software criticality has generated more researches into the field 
of high-quality software development. In highly complex modern 
software systems, reliability is the most important factor since 
it quantifies software failures during the process of software 
development and software quality control. Software reliability 
is the probability that given software will be functioning without 
failure in a given environment during a specified period of 
time.
This paper is organized as follows: Section II completely 
describes Existing System. Section III describes proposed 
work i.e. investigating the fitting and prediction performance 
of the ACM by using maximum likelihood estimation to estimate 
the parameters of models. Section IV presents experimental 
results and performance analysis for comparison purpose of 
two real failure data-sets are taken along with various SRGMs 
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and ACM. Also comparison criterion of model’s with the ACM 
on the basis of Time complexity can also presented. Section V 
presents the conclusion.

II. Existing System

A. Software Reliability Growth Models (SRGMs)
We deals with software reliability growth models with a model is 
formulated by a Non-Homogeneous Poisson Process (NHPP) [1]. 
Using the model, the method of data analysis for the software 
reliability measurement will be developed. SRGM parameters 
are estimated by using the least square estimation or maximum 
likelihood estimation method and using actual software failure 
data, numerical results are obtained. A perfect suitable software 
reliability growth model should provide consistently accurate 
reliability estimation and prediction across various types of 
projects. Many researchers have shown that there is no single 
such model which can obtain accurate results for different 
cases. The reason is that the performance of SRGMs highly 
depends on the assumptions on the failure behavior and the 
application data-sets. In other words, many models may be 
shown to perform well with one failure data-set, but bad with 
the other data-set. Thus, researchers proposed to obtain more 
accurate estimation and prediction than one single model [6] 
[13] by combing some individual SRGMs. For example, Lyu [4] 
proposed four combinational models, namely, equal, medium, 
unequally and dynamical weight approaches to determine the 
weight assignment.

B. AdaBoosting Algorithm
AdaBoosting is a commonly used machine learning algorithm 
for constructing a strong classifier f(x) as linear combination 
of weak classifiers ht(x).
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AdaBoosting calls a weak classifier ht(x) repeatedly in a series 
of rounds t=1,2,…..T. For each call a distribution of weights αt 
is updated in the data-set for the classification.
The algorithm takes as input a training set (x1,  y1), (x2,  y2),….,(xn,   
yn)  where  xiєX,  yiє{-1,+1} (x1,  y1) where each xi belongs to some 
domain or instance space X, and each label yi is in some label 
set Y.  One of the main ideas of the algorithm is to maintain a 
distribution or set of weights over the training set. The weight 
of this distribution on training example i on round t is denoted 
Dt(i). The AdaBoosting Algorithm can be followed as

Given 
      (x1, y1),…,(xn, yn) where xiєX, yiє{-1,+1}

Initialize 
      weights D1(i) = 1/n

Iterate  t=1,…,T
Train weak learner using distribution Dt
Get weak classifier: ht : X →R 
Choose αtεR
Update to Dt+1(i) from Dt(i)
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Where Zt is a normalization factor (chosen so that  Dt+1 will be 
a distribution), and αt
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Initially all weights are set equally, but on each round, the 
weights of incorrectly classified examples are increased so 
that the weak learner is forced to focus on the hard examples 
in the training set. The weak learner’s job is to find a weak 
hypothesis ht:  X →Y;  appropriate for the distribution Dt. The 
error of weak hypothesis is measured by its error,
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Notice that the error is measured with respect to the distribution 
Dt on which the weak learner was trained. In practice, the weak 
learner may be an algorithm that can use the weights Dt on 
the training examples. Alternatively, when this is not possible, 
a subset of the training examples can be sampled according 
to Dt, and these (unweight) resample examples can be used 
to train the weak learner.

III. Proposed Work

A. AdaBoosting based Combinational Model
Many SRGMs may result in estimation or prediction bias 
since their underlying assumptions are not consistent with 
the characteristics of the application data. To reduce this 
bias, combining several different SRGMs together in linear or 
nonlinear manner is a common and applicable method. Many 
approaches are proposed to determine the weight assignment 
for the combinational models, such as equal weight [7], 
neural-network [8], genetic programming [9] and etc. In this, 
an abstract description of how to use AdaBoosting to obtain 
the dynamic weighted linear combinational model (ACM) of 
several SRGMs is taken. The combinational linear model is 
obtained by using,

                 MACM(t)=ΣWmMm(t)

Here, 
Mm(t) is selected M different SRGMs (denoted by Mm(t),      
m=1...M) as the candidate models for the ACM.  
Wm is the combinational weight of the selected model.
Fitness function (FF) can be defined according to the estimation 
method of the parameters of these candidate SRGMs. In 
this paper, Maximum Likelihood Estimation is used, FF is 
equation 
          FF =1/− log(ML)
Where, ML is the maximum likelihood function.

B. Maximum Likelihood Estimation
Once a model is specified with its parameters, and data have 
been collected, one is in a position to evaluate its goodness of 
fit, that is, how well it fits the observed data. Goodness of fit is 
assessed by finding parameter values of a model that best fits 
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the data, a procedure called parameter estimation.
The general methods to estimate the parameters are least-
squares estimation (LSE) and maximum likelihood estimation 
(MLE) [14].
Maximum likelihood estimation begins with writing a 
mathematical expression known as the Likelihood Function 
of the sample data. For x Є Rn, the likelihood function of θ is 
defined as
 L(θ; x) = f(x; θ)
x is regarded as fixed, and θ is regarded as the variable for L. 
The log-likelihood function is defined as
 l(θ; x) = log L(θ,x).
The maximum likelihood estimation is the value of
 L (θ^(x)) = maxθЄΘ L(θ,x)
The likelihood of a set of data is the probability of obtaining 
that particular set of data, given the chosen probability 
distribution model. This expression contains the unknown 
model parameters. The values of these parameters that 
maximize the sample likelihood are known as the Maximum 
Likelihood Estimator.

C. Selected Models for Parameter Estimation and 
Comparison Criterion
The following five models are selected as the candidate and 
comparison models, which have been widely used by many 
researchers in the field of software reliability modeling.
1. Goel-Okumoto model (GO Model) : M1
 a(1-exp(-rt))
2. Musa-Okumoto model (MO Model) : M2
 1/a*ln(1+art)
3. Delayed S-Shaped Model : M3
 a(1-(1+rt)exp(-rt))
4. Inflected S-Shaped Model : M4
  a(1-exp(-rt))
 (1+c*exp(-rt)
5. Generalized GO Model : M5
 a(1-exp(-rtc))
In this, two real failure data-sets are selected, Ohba and Wood 
[5], which are popular and frequently used for comparison of 
SRGM.

In these NHPP models, usually parameter ‘a’ usually represents 
the mean number of software failures that will eventually be 
detected, and parameter ‘r’ represents the probability that a 
failure is detected in a constant period.
Estimated Parameters of five models of two data-sets [3] can 
be shown in Table 1.
Maximum Likelihood Estimation (MLE) is selected as the fitness 
function and criterion for various models comparison.

IV. Experimental Results

1. Fitness and Prediction Comparison of five Models 
with ACM
In order to implement the fitting and prediction performance of 
the five selected models and ACM by using maximum likelihood 
estimation to estimate the parameters of models can be shown 
as follows.

Table  1 : Estimated Parameters of Five Models

M(t)
Ohba Wood
a r c a r c

M1 760.53 0.032 -- 130.2 0.0832 --

M2 0.0162 24.85 _ 0.0138 12.428 _

M3 374.05 0.197 -- 103.98 0.265 --

M4 374.39 0.179 3.01 110.83 0.172 1.2

M5 427.83 0.036 1.28 118.56 0.0765 1.11

Fig. 1 : Line chart shows Fitness comparison between Models 
and ACM.

Fig. 2: Line chart shows Prediction graph for Models and 
ACM.

The fig. (Fig.1 & Fig.2) represents the Fitness and Prediction 
of various SRGMs and ACM with real failure data-set OHBA [5] 
is taken for comparison purpose.

2. Comparison of SRGMs and ACM based on Time 
Complexity
In order to implement the comparison of software reliability 
growth models by using AdaBoosting algorithm on the basis 
of Time Complexity can be shown below.
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Fig. 3 : Bar chart shows comparison of time complexity between 
Models  and ACM

Fig. 4: Line chart shows comparison of time complexity between 
Models and ACM

The figs. (fig.3 & fig.4) represents the comparison of SRGMs 
and ACM on the basis of time complexity with real failure 
data-set WOOD [5] is used.

V. Conclusions
In this paper, The Fitness and Prediction results of various 
Software Reliability Growth Models (SRGMs) can be compared 
with AdaBoosting based Combinational Model (ACM) with real 
failure data-sets. Also in this paper, we presented Comparing 
the individual SRGMs and ACM on the basis of Time Complexity. 
We get the better result for performance analysis of ACM along 
with the other five software reliability models. 
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