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ABSTRACT 

Nonhomogeneous Poisson processes (NHPPs) are often used to model failure data from 

repairable systems, and there is thus a need to check model fit for such models. In this paper 

study the problem of obtaining exact goodness of fit tests for parametric NHPPs. The idea is to 

use conditional tests given a sufficient statistic under the null hypothesis model. The tests are 

performed by simulating conditional samples given the sufficient statistic. Algorithms are 

presented for testing goodness-of- fit for the power law and the log-linear law NHPP models. It 

is noted that while exact algorithms for the power law case are well known in the literature, the 

availability of such algorithms for the log-linear case seems to be less known. A data example, as 

well as simulations, is considered. 

1.  INTRODUCTION 

As a motivating example, consider the 

following data from a reliability growth 

program, taken from Leitch [1] For a 

particular repairable system are observed n 

= 10 failures, at times 103, 315, 801, 1183, 

1345, 2957, 3909, 5702, 7261, 8245. It is of 

interest to have information on the random 

process behind the data. The reasons for this 

could be, for example, to be able to predict 

future failures, or to obtain increased 

knowledge of the underlying phenomenon. 

For certain applications the motivation could 

otherwise be to compute optimal 

maintenance intervals, or in software 

reliability applications to predict when to 

stop debugging a program. 

Nonhomogenous Poisson processes (NHPP) 

are widely used as models for such failures 

of a repairable system. In practice it may 

thus be of interest to check the NHPP 

property for a given set of data, by 

performing a so called statistical goodness-

of-fit test. A nice and informative discussion 

of how to perform goodness-of-fit testing in 

NHPP models is given in Baker [2]. In 

common use are general tests based on the 

Cramer-von-Mises test or the Kolmogorov-



SUBBA REDDY K V, et al, International Journal of Computers, Electrical and 
Advanced Communication Engineering [IJCEACE]TM 
Volume 1, Issue 1, PP: 162 - 174, AUG’2011 -JAN’ 2012. 
 

VEMBER – 2014. 

 

 

 

International Journal of Computers, Electrical and Advanced Communications Engineering 

                                               Vol.1 (1), ISSN: 2250 - 3129, JAN’ 2012                             PP: 162 -  174                                                                                                                                          

    28 

Smirnofi test (Bain and Engelhardt [3], 

Crow [4], Park and Kim [5]), but as Baker 

[2] advocates, there is often a need for 

purpose-built" tests to detect special types of 

departures from NHPPs. This includes, for 

example, tests with power against processes 

for which the NHPP property itself is 

violated, and not necessarily just the 

functional form of the intensity. 

One way to derive such tests is to embed the 

models in more general parametric failure 

models and use standard likelihood ratio 

tests (see e.g. Lindqvist et al. [6]). A 

practical problem with such an approach, 

and also with most standard goodness-of-fit 

tests, is that the observed number of failures 

is often too small to justify the use of 

asymptotic distributions for computation of 

critical values or p-values. This applies in 

particular to the example considered above, 

and we shall see later that asymptotic tests 

may be inappropriate here. 

The above discussion motivates the need for 

exact goodness-of-fit tests when samples are 

small. The advantage of exact tests is that 

the nominal significance level holds exactly 

(possibly modulo a Monte Carlo error), 

while this is not necessarily the case for 

asymptotic tests. It is well known that the 

power law NHPP (see Section 2 for 

definition) admits exact tests. Indeed (Bain 

and Engelhardt [3], Baker [2]), the 

estimators of the parameters have a certain 

pivotal property which can be utilized in 

computing distributions of test statistics. 

This pivotal property was utilized in 

goodness-of-fit testing in for example [2] 

and [5]. Goodness-of-fit testing in power 

law NHPPs has, furthermore, been 

considered in a large number of articles, for 

example Kumar and Klefsjo [7], Gaudoin [8, 

9], Crfietois et al. [10], Gaudoin et al. [11], 

Zhao and Wang [12] 

The aim of the present study is to consider 

in some generality, how one can obtain 

exact goodness-of-fit tests for parametric 

NHPP models by conditioning on a 

sufficient statistic under the null model. 

While the case of power law NHPP is well 

studied in the literature, as already pointed 

out, we shall still consider it here as a 

reference case. A main purpose of our paper 

is, on the other hand, to study how similar 

analyses can be done for the log-linear law 

NHPP, which seems to be the standard 

parametric competitor" to the power law 

model in reliability studies. It turns out, 

however, that exact analyses are not that 

straightforward for this model because a 
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pivotal structure like the one for the power 

law is not present. This fact was apparently 

first noted by Lee [13], who considered 

conditional testing given a sufficient statistic 

in the log-linear model, but was only able to 

give an approximate solution. An interesting 

exception here is the exact test presented by 

Gaudoin [9]. This test, which is probably the 

first exact test presented for the log-linear 

NHPP, is based on the conditional 

probability integral transformation (CPIT) 

and utilizes conditioning on the appropriate 

sufficient statistic. Gaudoin [8] derives 

similarly CPIT tests for the power law 

model. As noted in [9], the tests based on 

CPIT are often not so powerful, however. 

Zhao and Wang [12,14] consider goodness-

of-fit testing in particular for the log-linear 

model, but use asymptotic theory for 

maximum likelihood and hence do not 

obtain exact tests.. 

The tests considered in this paper are all 

based on Monte Carlo simulations of the 

relevant conditional distributions. They are 

thus exact only up to simulation error. The 

tests may therefore be called Monte Carlo 

exact. However, in principle such errors may 

be made as small as desired by increasing 

the number of simulations so the notion of 

exact testing is still warranted. It should be 

stressed that our emphasis is on how to 

obtain exact tests when a goodness-of-fit 

statistic Z is given. The construction or 

choice of test statistics Z is hence beyond 

the primary scope of this article. Still we 

discuss the problem and illustrate by 

numerical studies.  

2. SOFTWARE OPERATIONAL 

RELIABILITY MEASUREMENTS 

 

Reliability of software systems requires 

implementation of a thorough, integrated set 

of reliability modeling, allocation, 

prediction, estimation and test tasks. These 

tasks allow on-going evaluation of the 

reliability of system, subsystem and lower-

tier designs. The results of these analyses are 

used to assess the relative merit of 

competing design alternatives, to evaluate 

the reliability progress of the design 

program, and to measure the final, achieved 

product reliability through testing.  Figure 

2.1 represents the whole framework being 

done for analysis. 
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Fig 2.1: Software Reliability Framework Analysis 

The Reliability of software provides real 

time information about the software that 

how much it is reliable on client needs & 

how much he can be dependable on it. The 

Product functions are more or less the same 

as described in the product perspective.  

The Reliability of software provides real 

time information about the software that 

how much it is reliable on client needs & 

how much he can be dependable on it. The 

Product functions are more or less the same 

as described in the product perspective.  
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The reliability of a software-based product 

depends on how the computer and other 

external elements will use it. Making a good 

reliability estimate depends on testing the 

product as if it were in the field. The 

operational profile, a quantitative 

characterization of how the software will be 

used, is therefore essential in any Software 

Reliability Engineering (SRE) application. It 

is a fundamental concept which must be 

understood in order to apply SRE effectively 

and with any degree of validity. This section 

provides a detailed description of the OP.  

2.2 Software Reliability Prediction: 

Software reliability predictions [2][15] are 

made during the software development 

phases that precede software system test, 

and are available in time to feed back into 

the software development process. The 

predictions are based on measurable 

characteristics of the software development 

process and the products produced by that 

process.   

Figure 2.2 shows the software reliability 

prediction process. Product and process 

metrics are collected and used to predict the 

initial failure rate and fault content. From 

these quantities, the reliability growth model 

parameters are predicted, and then the 

growth model is used to obtain estimates of 

the test time and resources needed to meet 

reliability objectives. 
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Figure 2.2. Software Reliability Prediction Procedure 

The final outcomes of a software reliability 

prediction include: 

• Relative measures for practical use and 

management. 

• A prediction of the number of faults 

expected during each phase of the life cycle. 

Fault Content 
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• A constant failure rate prediction at system 

release that can be combined with other 

failure rates. 

2.3 Software Reliability growth Testing 

Software reliability growth testing takes 

place during the software system test phase, 

after the software has been fully integrated. 

During growth testing, the software is 

executed in an environment with inputs that 

most closely simulate the way the software 

is expected to be used in the field. In 

particular, the inputs are randomly selected 

in accordance with the software's 

operational profile. The quality of testing is 

directly related to reliability growth and is a 

function of various system level tests that 

validate the software from more than one 

perspective. System tests can validate 

domains, paths, states, transaction flow, 

error handling, etc. The quality of testing is 

also related to testing the functionality that 

is executed most often by end user, most 

critical to end user, and most error prone. An 

operational profile associates each input 

state or end-user function with a probability 

of occurrence. Testing according to the 

operational profile is efficient with respect 

to failure intensity reduction, because it 

reveals those faults that the user is most 

likely to encounter in use, those faults that 

contribute most to the program failure rate. 

When a failure is observed, the execution 

time, among other information, is recorded. 

The observed failure times are used as input 

to a statistical estimation technique that 

determines the parameters of the software 

reliability growth model. This way, the 

current reliability can be measured and the 

future reliability can be forecasted. Figure 5 

depicts a failure intensity curve.  

Software reliability growth testing assumes 

that faults exist in the software and they will 

be uncovered during execution to produce 

software failures. As testing proceeds, 

failures will occur, the faults underlying the 

failures are identified and removed, the 

system is recompiled, and new input states 

are selected randomly from the operational 

profile. As software faults are removed, the 

failure intensity should decrease over time. 

This should continue until enough faults 

have been removed from the system to meet 

reliability goals.  

3. Numerical examples 

3.1. Data description 

 

The data set we used was from the real 

software project [16]. The system was 
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Brazilian Electronic Switching system, 

TROPICO R-1500 for 1500 subscribers. 

Software size was about 300 kb written in 

assembly language. During 81 weeks, 461 

faults were removed. Actually, this data set 

has 81 data entries. It is noted that entries 1 

through 30 were obtained during system 

validation phase, entries 31 through 42 were 

obtained during field trials, and entries 43 

through 81 were obtained during system 

operation [1]. Here we assume that the 31st 

week and the 43rd week as the first and the 

second change-points, respectively.  

 

3.2. Criteria for model’s comparison 

In order to show quantitative comparisons 

for long-term predictions, here we use Mean 

Square Error (MSE) to judge the 

performance of the models. The MSE can be 

expressed as follows [17]: 

 
2
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 (3.1) 

 

where m(ti) is the expected number of faults 

by time ti estimated by a model, mi is the 

observed number of faults by time ti. A 

smaller MSE indicates a smaller fitting error 

and better performance. Here we also 

present the results of the Kolmogorov–

Smirnov (K-S) test for each selected model 

[1].  

 

In addition, we also use two predictability 

measures, Average Error (AE) and Average 

Bias (AB), which were proposed by Malaiya 

et al.[14,15,18] The AE is a measure of how 

well a model predicts throughout the testing 

phase and the AB gives the general bias of 

the model. A smaller value of AE implies a 

higher accuracy in predictability of a given 

model, and vice versa. Besides, the AB can 

be either positive or negative depending on 

whether the model is prone to 

overestimation or underestimation.  

 

3.3. Performance analysis 

In this paper, the parameters of proposed 

models can be estimated by using the 

methods of Maximum Likelihood Estimation 

(MLE) and Least Squares Estimation (LSE) 

[1, 12]. Due to the limitations of space, we 

only choose the Inflection S-shaped model 

with multiple change-points to show 

detailed discussions. First, we estimate the 

traditional Inflection S-shaped model using 

37%, 52%, and 100% of the actual data, 

respectively.  
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Finally, it is worthwhile to note that by 

adding more extra parameters in modeling 

the fault detection phenomenon, the 

estimation becomes more difficult as more 

numerical calculations are involved. 

However, these additional calculations can 

be fully automated. Actually, if high 

reliability is required in some critical 

applications, the cost of extra computation 

for more accuracy is easily justified and is 

valuable.  

 

4. Imperfect-debugging 

modeling 

 

4.1 The Performance Evaluation Metrics 

The metrics used for the performance 

evaluation (i.e. to measure the quality and 

efficiency) of the developed algorithms 

discussed are: the Compression Ratio (CR), 

Bit Rate (bits per pixel - bpp), the Mean 

Square Error (MSE), the Peak Signal to 

Noise Ratio (PSNR) and the Structural-

Similarity (SSIM).  

4.1.1 Compression Ratio: A very logical 

way of measuring how well a compression 

algorithm compresses a given set of data is 

to look at the ratio of the number of bits 

required to represent the data before 

compression into the number of bits required 

to represent the data after compression. This 

ratio is called Compression Ratio (CR). The 

CR of the compressed mosaic image J from 

the original mosaic image I is defined by 

Equation 4.1. 

s

s

I
CR

J
   (4.1) 

where Is is the size (in terms of bits) of the 

uncompressed mosaic image I, and Js is the 

size of the compressed mosaic image J. The 

value of CR will be always greater than 1. 

4.1.2 Bit Rate (Bits per pixel): Bit rate is 

an average bits required to represent a single 

sample (pixel) in the compressed mosaic 

image. The standard value of the bit rate for 

mosaic image is 8 bits per pixel (bpp). The 

bit rate is defined in Equation 4.2. 

s

n

J
BitRate bpp

I
   (4.2) 
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where Js is the size (in terms of bits) of 

compressed file and In is the total number of 

pixels present in the given mosaic image. 

The value of bit rate will lie in between 0 

and 8. 

4.1.3 Mean Square Error: The Mean 

Square Error (MSE) is an objective 

dissimilarity measure which gives the extent 

of distortion produced by the decoding 

algorithm. MSE of the decoded mosaic 

image defines the amount by which the 

decoded mosaic image differs from the 

original mosaic image. The value of MSE 

will be greater than or equal to 0. The MSE 

of the decoded mosaic image, I ′ from 

original mosaic image, I is defined in 

Equation 4.3 

1 1
2

, ,

0 0

1
( )

*

m n

i j i j

i i

MSE I I
m n

 

 

 
  

 
  (4.3) 

Where m× n - is the size of the mosaic 

image. 

4.1.4 Peak Signal-to-Noise Ratio: The 

Peak Signal-to-Noise Ratio (PSNR) is an 

important metric to measure the objective 

dissimilarity of the decoded mosaic image 

from the original mosaic image. The PSNR 

accounts on the signal retaining capacity of 

the decoding algorithm and is the ratio 

between the maximum possible power of the 

mosaic image (255 levels) and the power of 

corrupting noise that affects the fidelity of 

its representation. Because many signals 

have a very wide dynamic range, PSNR is 

expressed in terms of the logarithmic decibel 

scale. It is defined in Equation 4.4 using 

MSE. 

2

10

255
10logPSNR db

MSE

 
  

 
  (4.4) 

where 255 is the maximum pixel (signal) 

value of the mosaic image (when B bits are 

used to represent a pixel, then this maximum 

value will be 2B −1 ) with a pixel 

represented by 8 bits. 

For color images with three RGB levels, the 

PSNR is the same except that the MSE is the 

sum over all the squared value differences 
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divided by image size and by three. i.e. the 

MSE of color image is defined in Equation 

4.5. 

3
2

, , , ,

1 1 1

1
( )

3

m n

i j k i j k

i j k

MSE I I
mn   

 
  

 


 (4.5) where m× n is the size of the 

image. 

4.1.5 Structural-Similarity (SSIM):The 

surface luminance of an object being 

observed is the product of the illumination 

and the reflectance, but the structures of the 

objects in the scene are independent of the 

illumination. To explore the structural 

information in an image, the influence of the 

illumination has to be separated. The 

structural information in an image as those 

attributes that represent the structure of 

objects in the scene, independent of the 

average luminance and contrast is defined. 

Since luminance and contrast can vary 

across a scene, the local luminance and 

contrast is used. For image quality 

assessment, it is useful to apply the SSIM 

index, locally rather than globally because 

image statistical features are highly spatially 

non-stationary. The distortion in an image 

may or may not depend on the local image 

statistics, may also be space-variant, so the 

SSIM metric is useful to assess the quality 

of an image. The human observer can 

perceive only a local area in the image with 

high resolution at one time instance in 

typical viewing distances. The localized 

quality measurement can provide a spatially 

varying quality map of the image, which 

delivers more information about the quality 

degradation of the image. 

The SSIM index of the decompressed image 

(y) with the original image (x) is defined as 

the function of luminance, contrast and 

structure. 

S(x,y)=f(l(x,y),c(x,y),s(x,y))  (4.6) 

Luminance comparison of the decompressed 

image (y) with the original image (x) can be 

done  
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where the constant C1 is included to avoid 

instability when µ2
x+ µ2

y is very close to 

zero. L is the dynamic range of the pixel 

values (255 for 8-bit grayscale images) and 

K1 is a small constant (K1 <<1). 

Contrast comparison of the decompressed 

image (y) with the original image (x) can be 

done as in Equation 4.7. 

2

2 2

2

2
( , )

x y

x y

C
C x y

C

 

 




 
  (4.7) 

Where C2 = (K2 L
2) 

K2 is a small constant (K2 <<1). 

Structural comparison of the decompressed 

image (y) with the original image (x) can be 

done as in Equation 4.8. 

3

3

( , )
x y

x y

C
S x y

C



 




 
 (4.8) 

The SSIM index is defined as 

The SSIM value ranges from 0 to +1, where 

a value of (+1) indicates that two images are 

highly structurally correlated and very close 

to each other. 

5. Conclusions 

In this paper reviewed in brief the work 

delivered in the earlier chapters of the thesis 

and drawn certain conclusions. In this thesis, 

the reliability and availability of software 

systems established on the architectures of 

the systems examined primarily.  Further 

research work on the topics and the possible 

directions of research are also hashed out in 

brief. The present work’s industrial 

significance and limitations of the present 

work are also observed. 

This paper provides a simple but useful 

approach to measure and assess operational 

software reliability. The proposed approach 

of describing the working status of various 

software operational environments is very 

flexible as the paper can model various 

environments ranging from an exponential 

NHPP to an S-shaped growth curve. 

Besides, the proposed models are also 

discussed under imperfect debugging 

conditions. Based on the integrated 

theoretical foundation, the technologies and 

approaches presented in this paper offer a 

consistent, quantitative software reliability 

evaluation scheme during both the testing 

phase and the operational phase.  
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