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ABSTRACT

Now a days Cioud computing plays a vital role in the IT
enterprise. Statistical Process Control cloud charts sense
routine variances and their root causes are identiﬁed based
on the differential profiling strategy. Most of the manual
overhead incurred in detecting the software variances and
the analysis time are reduced to a larger extent but detailed
analysis of profiling data are not performed in most of the
cases, At the same time, Trusted Computing Base (TCB)
of a computing node does not achieve the scalability
measure. This work, a Practical Bayes approach studiés
the problem of detecting software variances and ensures
scaiébilily by comparing information at the current time
to historical data. GenProg uses an'ex:rensive‘sh'ucture of

genetic programming to develop a program variant that

retains essentiat functionality but it is not vulnerable toa

known deficiency in cloud. The existing softwarc testing

suite identifies program defects in cloud environment. -

Delta debugging and Structural differencing algorithms
minimize the dissimi[arity among variant and the original
program in terms of minimum repair. Subsequently, Defect
Localization based on Band (DLB) inechanisni is
im:'bd'm_‘:ec.l (o GVet'c;)ﬁlé the defects ;'md rauk the different

acéeb‘tabfé_ patchies.
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1. InTRODUCTION

Cloud Computing is being altered and distorted to a new

-.model consisting of services that are commoditized and

delivered in a fashion analogous to conventional utilities,
In such a model, customers access services based on
their necessities without knowing frbm where the sérvices
are hosted or how they are distributed. Cloud computing
denotes the infrastructure as a Cloud from which
commerce and clients are experienced and proficient 1o
access applications from anywhere in the world using on
demand te'chniques. The Cloud based Compxrring Service
Model is based on three primary factors su_crhr' as
Infrastructure as a Service (IaaS),_ Plaiform as a Servipc
(Paa) and Software as a Service (SaaS). All IT funciions
with applications, networking, security, storage space and
software are developed for users to work in a service,

based on the client server model.

An innovative remofe altestation framework qal__iet!
DRAFT as illustrated in [7] for eflicient measuring of fargel
system based on an information flow-based integrity
modet. The high integrity processes 6f_a'system are first
measured and established, and these processes are lh,en‘
confined from accesses initiated by low integrity

processes. An efficient cryptographic protocol as shown
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in [12] that enforces keystroke integrity by utilizing on-
chip Trusted Computing Platform (TCP) prevents ﬁ;e
counterfeit of fake key events by malware under
reasonable assumptions. A reasonable assumption is
difficult in accessing a host’s kernel, and the facility to

build application-level fine-grained detection solutions.

Collaborative provable data possession sci.xeme as shown
in [3] uses the techniques of Homomorphic demonstrable
responses and hash index hierarchy. Collabqrative fails
to expand ‘more effective and practical CPDP
constructions. First performance of CPDIP scheme,
especially for large files, is seriously affected by the
bilinear mapping operaﬁons becausé of high complexity.
Cdoperéztive PDP (CPDP) scherﬁc proves the security
based on multi proving zero-knowledge proof system in
{10}, which assure unity bit but it is affected by the bilinear
mapping operations due to its high complexity.
" ‘Additionally, articulate performance optimization
mechanisims for CPDP scheme present an efficient method
for idenlifying the parar-n'eterr values o reduce the cost
invol\‘fed dui'ihg computation of clients and $torage service

providers.

llicrarchical Aftribute Set Based Encryption (I IASBE)
extended cip]ier text-policy Attribute-Set-Base-d
Encryption (ASBE) with a hierarchical structure of users.
The IAS.BE scheme as shown in [15} not only attains
scalability due to its 1lierarc!1ical_lar_rangement,' but also
inherits al_as_ticitj and ﬁne-gllaineci__acceg,se_s manage in
s_itmppprtiu_g c_o_l}:lp_c_mnd attribuf eé'q-f ASBE,. ASBEe ﬂ'iciemly
share confidential data on cloud serversusing 1 I_iemfchical
ldentity Based E‘.ncryptionm(! l.iBE).éystem any the Cipher
Téxt—PblicyAttribute-Baséd Enéryption :(CP-A'BE)- System,
and finally pfoviding performaﬁce expressi\)ily {rade off

as described in [12].

The Secure cloud storage system as depicted in [10]
supports privacy-preserving public auditing which
performs audits for multiple users concurrently and
proficiently. Public auditability for cloud storage is of
serious consequence so that users resort to a Third Party
Auditor {TPA) as shown in [13] check the integrity of
outsourced data. To securely establish an efficient TPA,
the auditing process brings in novel vulnerabilities

towards user data privacy. As described in [5] bread and

butter of data forensics and post investigation in cloud

computing is characterized by providing the information

privacy on sensitive documents

Nefeli, a virtual infrastructure gateway as demonslirated
in [8] provides deployment hints on the probable mapping
of VM to physical nodes. The existence of possible
performance bottlenecks, and the existence of underlying
hardware features. Nefeli investigate of alternative
constraint satisfaction approaches to address scalability
issues present in Jarge infrastructures and failed to offer
deployment hints that efficiently handle the deployment
of vir_mal'inﬁastructure_s in the background of 'rc;a] liargc
cloud installations. SBSE for the cloud as fbrih‘ulalt-f.:d& iy
'[13} chaHenges by way of addressin_g_ seérch based
software engineering. Cloud i)roviders sh.ar_e aﬁ_al(:JgO_HS
goéls in lreducing resom‘ce.usage, but 'they are less focuéed

on upholding their service level agreements on intrusions.

An e-ffeciive fault localization mechanisnt would return a
root cause using the apprehensive Jist program g}lt?nu_:iuls.
Althou_gh_ existing method with fault ,l_o-cal_-i_rz,e‘_ll_i_qill-gr_is
effective only on some ofthe cases, regrettably; fo_r many.
other cases, fault localization methods are nof gl féqmal
sufficient. GenProg as shown in [[3] is an automated

method for repairing defects in off-the-sheif, legacy

228




Practical Bayes Approach For Detection Of Software Defects In Cloud Senvices

programs without official condition, program annotations,
or particular coding practices. Structural differexéng
algorithms and delta debugging decrease the difference
between this variant and the unique program to a least
repair. Root causes are often listed Iow in the record of
most distrustful program elements. The unreliability of
fault localization tools potentially motive many developers

to distrust fault localization methods,

In Practical Bayes (PB} approach, two component

Gaussian mixtures are used to perform deviations. PR

monitors the massive number of cells which is useful in
streaming scénarios with Bayes per section error rate
procedure. A novel feature of PB approach is the capability
to restrain deviations that simplify the consequence of
sharp changes in the marginal distributions. The
contribution of Practical Bayes appreach is to present a
PB framework to detect software variances in imbalanced
classified data streams with potentially large number of
6élls. PB framework performs multiple testing using a
hierarchical Bayesian mode! and suppresses redundant

alerts caused due to changes in the marginal distributions,

The structure of paper is as follows. Section 1, describes
the Practical Bayes Theoretical Framework. Section 2,
describes the Defect Localization Mechanism. Section 3
describes the PB Experimental Approach wiﬂl Parametric
Factors. Section 4 describes the lilustration analysis the
result through table and graph values and section 5

describes Conclusion.
I, PracTICAL BAVES THECRETICAL FRAMEWORK

Practical Bayes aims to detect the software anomalous
behaviour by comparing data in the current block based

on historic data. However, PB approach is interested in

detecting software anomalous patterns rather than
detecting abnormal software records. The design of PB
approach is centred on the concept of monitoring
statistical measures which are computed for combinations
of definite attributes in the database. Definite attribute
combinations give rise to multi software’s testing at each
interval. In order to achieve multi software testing, Bayes
per section error rate is evaluated on each cell, where
each dimension corresponds to the levels of a categorical

variable. The framework of PB is shown in Fig 1.
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Figurel : Architecture Diagram of Practical Bayes

approach

As shown in Fig 1, PB classifies the imbalanced dat;,
streams. Imbalanced data siream gets computed from call
logs that are added to the current database.on a daily
basis. Software variances which are direct consequences
of changes in a small number of margins are detected with

Gaussian mixture,

For ease of evaluation, the PB approach proceeds with
the assumptions that the multidimensi_onal software tests
consist of two categorical variables with ‘A’ and B’ levels
respectively. ‘A’ and ‘B’ levels note the generalization of
higher dimensions software variances, In practice, PB tékes
the suffix of the ‘A’ and ‘B’ levels for the first and second

categorical variables respectively at time ‘0. Let Xisr
s

229 -




Karpagam Jcs Vol. 8 lssue 4 May - June 2014

denote the observed value to follow a Gaussian
distribution. Often, a certain level of transformatiof' is
required for the original data to ensure approximation of

true value.

In order to ensure approximate software normality, the
counts are observed with the help of a square root

transformation. In general, PB square root transformation
is denoted as

(x+ 1)%-1)/) M

In(1), ‘I’ and ‘q’ are chosen {o ’stabilize’ the variance and
depends on the mean recommended in software anomaly
detection, Moreover, ‘q’ is constrained to lie between 0
and 1, and qa0 implies a log transformation while detecting
the software variances. In fact, the values of these
parameters are chosen with a reasonable value with the
help of the initial training data. For time intervat ‘t’ PB
approach detects the software variances after regulating
the changes with marginal means. The process of PB
éppro.ach starts with the formal definition of software
anomaly followed by the mechanism Practical Bayes

approach explained with the help of an algorithm.
A, Formulation of PB Software Anomaly

Consider a 2*2 table, the levels of the row feature being 1,
J and the levels of the column feature being i, j
respectively. PB denotes the 4 cell entries corresponding
1o (Xx, Xy, Yx, YY) by a vector of length 4.

Xx Xy @
Yr YV

Two values are measured in PB approach to analyse the
scalability issue, namely, the expected values and the
observed values. The deviations after adjusting the
changes in the row and column ‘means are (0, 0, 0, 0),

ensuring that it produces no software variances in cloud

environment, The significant values in the PB approach
and the non-adjusted changes is described to be a drop
in the first row mean and a rise in the second row mean.
Hence, non-adjusted cell modification contains redundant
information which results in a situation where the adjusting

for margins is desirable.

Let €os denote the current historical information up to
time t-1. Deviations at time t are detecied by comparing
the observed values with the corresponding posterior
analytical Practical Bayes distributions. The PB expected
distribution of data at time t is based on current historic

data until t-1. Gaussian mixture with Practical Bayes mean
ptasr = P(Xapr|Ceo1) (3)

igr = Var(Xagr|Ce-1) @

and variances is computed as given bel~-
i 45 represent the mean of PB approach and Oisr
represent the variance factor of the PB approach. .3/.'4- -
denote the observed value which is assumed to follc;\'\'r a
Gaussian distribution mixture. The Gaussian denotcs
current historical information up to time t-1 for detailed

analysis of profiling data in cloud environment.

The central idea of the Hierarchical Bavesian model is to
rlaccify the imbalanced data streams. H ... . 255umes
Az5r Which are random samples from Gaussian mixtyre
distribution at time ‘", a4, . The form of is kHDWIjlnlztll'
depends on the density rate parameter. A Bayes‘ilan
hierarchical model is one that is written with sofiware
modularity. It is often useful to think of the analysis of
data streams using PB inside-unit analysis, and another
model for the across-unit analysis. The inside-unit model
describes the behaviour of individual respondents over

run time, while the across-unit analysis describes the
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density and complexity of the units. The two modgis,
inside-unit and across-unit b combine to forrw(fhe
hierarchical model, and Practical Bayes algorithm is used
to iptegrate the pieces mutually and report for all the

uncertainty and variances.

A Practical Bayes approach makes inference about. by
using approximation of the hyper parameters in order to
perform the deviations. The software inference is obtained
by nunierically integrating with-respect to the posterior
of using an adaptive Gaussian mixture quadrature. PB
Gaussian posterior distribution of depends -directly on
and indirectly on the other ’s through the posterior of the
ltyper parameters in order to reduce the complexity issue,
Generally, such adaptation of strength makes the posterior
means of regress toward each other and automatically

builds penalty for conducting multiple software tests.
11, DEFECT LOCALIZATION MECHANISM

The gloai of Defect Localization based on Band (DLB)
mechamsm is to build a model that predict defect in an
etfecnve way To realize DLB, illustrated in F[UZ Amazon
EC2 dataset are taken for the defect localization in cloud
environment, Information froin Amazon EC2 dataset is
leveraged to predict defect iocaliza;ion model with
different set of program execution traces with the defect
. being localized based on the band. Band in DLB
mechanism depends on the spectra that contains ordered
IISi’ of program elements. The ordered list of promam
elements in DLB mechamsm are sorfed based on the
likelihood. Defect Localization based on Band ex{racis
features in clond that are potentially associated to perform

effective ranking in cloud environment.
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Figure 2. Overal? Architecture Diagram of DLB

Mechanism

In the special case, as depicted in fig 2, where all program

elements are given the same dishonest score values, there

is a very low likelihood that the defect localization mode]
is effective for those execution (races, Defect tocalization
comprises two phases namely instruction phase and
operation phase. In fact, the adjusted software version
detects changes in interactions among the levels of
categorical variables which are the focus of several

applications. Also, in higher dimensions PR approach

. adjust for higher order margins, which is routine in PB

approach framework, For instance, adjusting two-way
margins in a three dimensional form detects changes in

thurd order interactions also.

Client count Softwareusage

RAM -

CPJ ntilization File size

Densityrate
| A b )

Ijoﬁwarc Anomaly Detection Ratﬂ

Figure 3. Model for Software Anomaly using PB

Fig 3 describes the detection of software variances based
on the Practical Bayesian approach. The client count in
cloud environment identifies the CPU utilization and
software usage factor. The software stored and RAM

usage is resolute. The basic model of PR approach is

analyzed and finally density rate and software anomaly
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detection ratios are evaluated. The cell penalty increases

with software predictive variance. Also, the genéral pen%r
of the procedure at time ‘t’ depends on the hyper

parameters wl_lich are predictable from data.

Inpuf: Cloud servers with software’s

Output: Detect Software variances in cloud environment
Start

Step 1: Produce U; for Gaussian distribution ‘G’

Step 2: Each data from training data and fitted with a normal

Gaussian distribution

Step 3: Mean, Median and variance of cells in multiple

software testing is generated
Step 4: For each i, simulate H - (#4p7. Giar)

Step 5: At time*t’, PB selects the data streams, and then

software variances are generated.
Step 6: Find the sofiware variances-at time‘t’

Step 7: llierarchical Bayesian Model classifies the

imbalanced data stréams till thelast row and column. End

In principle, f’B model provides an estimate of posterior
Gaussian predictive means and variances to obtain
dasrond Oy However, elaborating on appropriate
Gaussian mixture on PB approach has been chosen and
the software is frained analytically by the user. Also, to
be useful in data streaming scenarios, the PB model is
casily adapted to new data. Gaﬁssian mixture effectively
cnplures. c. and detects the software variances iu cloud
environment. Then, the posterior predictive mean y . is
the samﬁle mean and the posterior prédictive

varian = ._replaced its estimator - for
a | ce 6k 05 pla by its « slar

effective variance on each ¥

- In order to adjust effects,

a separate Gaussian mixture is maintained for each looping.

IV. Pp EXPERIMENTAL APPROACI WITIU
ParaMETRIC FACTORS

Performance metric for evaluation of PB approach is
measured in terms of runtime, software anomaly detection
ratio, CPU utilization and density rate. Runtime factor is
defined as the amount of time consumed to perform the
software variances detection, measured in terms of
seconds. Scalability factor measures the quality of -
services provided using the Practical Bayes approach,
measured in terms of percentage. The characteristic of a_
PB syslem is that it describes its capability to cope arul
perform an increased detection service.

Software anomaly detection ratio in PB is measured as
the amount of time consumed to perform the operations
on cloud using Gaussian mixture to detect the variances
whereas the CPU utilization is amount of CPU cycles
undergone to perform the variances detection operation,
measured in terms of Kilobits per second. Finally, the
density rate is the average specd of detecting the

variances, measured in terms of percentage.

V. ILLUSTRATION

Practical Bayes (PB) approach in cloud environment is
compared against the existing Statistical Process Control
(SPC) framework and Trusted Computing Basc (TCB) wilh
Open Stack prototype on Amazon EC2 dataset. The
experimental value through table and graph describes the
software variances detection parametric factors on cloud

environment.

Table 1, Tabulation of Runtime

Nu. of users | Runtiuie (swe)
SPC TCB | PB
Framework approach
5 95 81 77 -
He 135 120 107
15 217 ) 202 186
20 242 221 2§t
25 426 386 346
30 336 431 446
35 836 797. (127
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Figure 4. Measure of Runtime

Table 1 and fig 4 illustrate the runtime based on the user
count. The inside unit model in PR approach describes
the behaviour of individyal respondents over run time

an.d reduces thé percentage by 13%- 19% when"
compared with SPC Framework [i]. The models combine
to form the hierarchical model, and Practical Bayes
algorithm is used to integrate the pieces mutually and
report for all the uncertainty and variances within 5 — 10

% limited runtime when compared with TCB (21

Table 2. Tabulation for Anomaly Detection Ratio

Run Software Anomaly Detection Ratio —y
Id (Success %)
SPC TCh rB
Framework approach
20 65 ' 62 72
22 70 65 74
24 75 72 82
26 8t 75 &5
28 8 - 80 &7
30 90 85 97
|32 92 87 97
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Table 2 and fig 5 illustrate the software anomaly detection
ratio is measured based on the Run Id count. PB approach
improves the detection ration by 3 —- 8 % when cbmpared
with SPC Framework [1] because square root
transformation is adequate, for proportions arcsine which
detect the soﬁware anomafy. In PB approach, sofiware
track changes in the margins separately using simple
process control techniques and run both adjusted and
unadjusted versions and results in 7 — 17 %improved

detection ratio when compared with TCB [2].

Table 3. Tabulation for CPU utilization

File Size | CPU wtitization (Kbps)

KB)  Isec TCB FB
: Framework approach

35 | 6662 5651 4640

62 6735 6730 5720

90 7535 6526 5821

124 7852 6384 5920.

18% 8165 7155 6147

225 8232 7515 6596

387 9550 8528 7523




Karpagam Jes Vol. 8.1ssue 4 May - June 2014

12000 .
10000 ——SFC - &

- Framewo

& 1k

% —8~TCE

|

g 2000 B

E 0 T Y T T T Y appma(:h

U

35 62 90 124 189 225 387
Fill Size (KB)

Figure 6. Performance of CPU utilization

Table 3 and Figure 6 illustrate the CPU utiiizatioﬁ based
on the File size. The size of file is measured in terms of
Kilobyteé (KB). Practical Bayes approach used in process
control _estimate ﬁAWWith 6Am_and declare the bt cell
of a software anomaly to reduce the CPU utilization.
Devia:tions at time t are detected by comparing the
observed values with the corresponding posterior
analytical Pfactica} Bayes distributions, so that it results
in minimum CPU utilization of 15 —32 % when cuinpared
to SPC Framgwork [1] and reduces from 8-18% when

compared with TCB [2].

Table 4. Tabulation for Density Rate

Performan | Density Rate (%)
ce Counter SPC TCD PB
Framewerk approach

10 T 160 64 67 :
20 . |67 68 72

30 77 ‘ 78 82

40 75 80 §7

0 - 76 82 86

60 77 82 87

70 84 88 94
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g Fram ew
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Figure 7. Density Rate Measure

Table 4 and Figure 7 illustrate the density rate which is
measured baged on the performance counter. The
performance count ranges from 10, 20, 30...up to 70. The
density rate is improved by imbalanced classified data
stream from call logs thaf are added to the current
database. When monitoring cells for deviations, the PB
approach regulates the marginal statistics and increases
density rate by 8 — 14 % when compared with SPC
Framework [1]. Software variances which are direot
consequences of changes in a small number of mérgins
are detected with Gaussian mixture, and improve the

density rate from 4 - 8 % when compared to the TCB [2].

V1. ConcLusioN

In this paper, a software variances detection model called
the Practical Bayes approach is presented which aims to
detect the software variances in massive imbalanced
classified data streams. The valﬁes of these features from
an insthiction set of defect. build a discﬁmihative mode!
using machine learning. DLB extracts the features in c!oﬁd
that are potentially associated for effective rankihg. The
PB framework then reduces redundancy by adjusting
marginal changes and solves the multiple software testing

problems using hierarchical Bayesian model within a
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decision theoretic framework. PB approach proves the
SUPETIOrity of H,ppppyye through simulation using the igﬁm
component Gaussian mixture for deviations in cloud
environment, Furthermore, the PR approach works on
combining adjusted and unadjustéd to auntomatically
produce software variances detection. The Fauit detect
mechanism is then used as an ordered list of program
elements sorted based on their likelihood. The techniques
normally change program runtime states methodicaily to
Iocahze faulty program e!ements It focuses on faylt
localization tools {hat compare and correct and faulty
executions. Experimental result attains the 9.256% minimal
runtime and CPU utilization, PR also improves the density
rate, scalablilty, and software anomaly detectlon ratio on

Amazon EC2 dataset.
ACKNOWLEDGEMENT

i am greatly indebted to my guide, DR.C.Chandrasekar
M.C.A.; Ph.D, Associate Professor in Department of
Computer Science, Periyar University, for his unstinted
encouragement and guidance for the successful

completion of this manuscript.

I'have to thank my parents, wife, son and friends for their
cncouragement  and timely suggestions 1o successfully

prepare this valuable manuscript,
REeFERENCES -

{I] Donﬂhun Lee., SanﬂK Cha ,anclArthurlI Lee “
per, formance anomaly deiecnon and analysis
'framework Jfor DBMS develapmen! " IEEE
Transactions on Knowledge and Data Engineering,

vol. 24, no. 8, August 2012

2]

B]

[4i

[51

(6]

17

(81

235

Imad M. Abbadi., and Anbang Ruan., “Iowards
frustworthy resonrce scheduling in clonds,” 1BRE
Transactions on Information Forensics and Security,

vol. 8, no. 6, June 2013

Flavio Lombardi., RobertoDiPietro., “Secyre
virtualization for cloud computing,” Journal of
Network and Computer Applications, Elsevier

joumnal., 2010

A.8.Syed Navaz., V.Sangeetha., C.Prabhade-_vi.,
“Entropy based anom&ly -détecliéft "syslem: to
prevent DDoS attacks in cloud,” International
Journal of Computer Applications (0975 - 8887)
Volume 62-No.15, Janiary 2013

Rongxing Lu., Xiaodong Lin., Xiaohui Liang., and
Xuemin (Sherman) Shen., “Secure provenance: The
essential of bread and butter of data forensics in

cloud computing, ” ACM journal,, 2010

Vivek Nailur., Rami Bahsoon., “4 deceniralized self-
adaptation mechanism Jor service-based
applications in the cloud ” 1EEE Transactions on

Software Engineering, 2012

Wenjuan Xu, Xinwen Zhang., Hongxin Hu., Gail-Joon
Ahn,, and Jean-Pierre Seifert., “Remote attestation
with domain-based integrity madel and policy
analysis, ” Transactions on Dependable aﬁd Secure

Computing, vol. 9,no. 3, IEEE, 2012

Konstantmos Tsakalozos Mema Roussopou tos.,
and Alex Delis., “Hint-based execution of worklonds
in clouds with nefeli, " 1EEE Transactions on Paralle!

and Distributed Systems, vol. 24, no. 7, July 2013




Karpagam Jecs Vol. 8 issue 4 May - June 2014

Ol Alexandru Iosup., Simon Ostermann,Nezih Yigitbasi,

Radu Prodan., Thomas Fahringer., and Dick Epegé.,

“Performance analysis of clond computing services

for many-tasks scientific computing,” 1EEE TPDS,
Many-Task Computing, Nov 2010.

[10] Mohamed Nabeel., Elisa Bertino., “Privacy-
preserving fine-grained access control in public
clouds,” TEEE Computer Society Technical

Committee on Data Engineering, 2012

[11] KuiXu., Huijun Xiong,'Chehai Wu., Deian Stefan.,
and Danfeng Yao., “Data-provenance verification
Jor secure hosts,” 1EEE Trans__ac‘tions on Dependable
and Secure Con}putillg, vol. 9, no. 2, March/April

2012

[12] Qian Wang., Cong Wang., Kui Ren., Wenjing Lou.,
and }in Li., “Enabling public auditability and data
dynamics for storage security in cloud computing,”
1EEE _Trar_lséctions on Parallel and Distributed
Sys';tem‘s,_-\;‘o!; 22, n0. 5, May 2011 o

[13] Dimitrios Zissis., Dimitrios- Lekkas., ;‘_‘Acg‘dr’ess:‘ng
cloud compmir?g security issues,” Future Generation

Computer Systems., Elsevier journal., 2012

[14] Yan Zhu., Shanbiac Wang,, Hongxin Hu Gail-Joon
“Secure Collaborative Integrity Verification for
Hybrid Cloud Environments,” World Scientific
'P_ublishiné Company., Intcrnational Journal of
.Coopérati\fe Information Systems, DOIL: 1.0.1 142/
S021884301 2410018., Vol.2 l',No.r 302012y -

[15] Claire Le Goues, .Th_anhV_u Nguyen, Stephapie
Forrest., and Westley Weimer, “GenProg: 4
Generic Method Jfor Automatic Software Repair,”
JEEE Transacﬁons on Soﬁwéifg Engiﬁeér'mg, vol.38,

no.l, 'Janua:;)'rﬂ? ebruary 2012

AUuTHOR’S BIOGRAPHY

V.Nethaji, Tamiinadu, India, 01 November
' 1981. I received Bachelor of Science

(B.Sc) in Computer Technology (Reguiar)

from K.S. Rangasamy' College of
Technology, Tiruchengede, Tamilnadu, India in 2003. 1
completed Master of Computer Applications (M.C.A} in
Computer Application (Regular) from Périyar University,
Salem, Tamilnadu, India in 2006 and Master of Philosophy
(M.Phil.) in Computer Science l(Distanc_e) from Periyar

University, Salem, Tamitnadu, India in 2008.

I have 7 years’ experience in Software Testing, Currently
I am working in American Megatrends India P Ltd, Chennai
as Test Engineer, Previously I have worked in Computer

Sciences Corporation as Associate Test Engineer,

Br.C.Chandrasekar, Tamilnadu, Tndia,
16 May 1972. He received Master of
Computer Applications (MCA) from
Madurai Kamarajar University, Madurai,
Tamilnadu, India and Doctor of Phi losophy (PhD) from

Periyar University, Salem, Tamilnadu,‘-ln_dia_. _—

He has 17 years of experience in bgitll'Teaching' and
research. Currently he is working as Associate Professor
in Department of Cdmputer Science -from Periyar
Universily, Tamilnadu, India. Previously he worked as
Assistant. Professor in K.S.Rangas‘h_my College of
Tecii:luiogy. '
M 'lC')halltdrasekar. C and Venkatesan. K.,"ﬁ[lilrddﬁc‘liﬁii'
“to Information Techriblb’gy”, Serve the Peoplé

Publications, 2010.

236




Practical Bayes Approach For Detection Of Software Defects In Cloud Services

{2] Dr.C.Chandrasekar/S.Adaekalavan “Towards New

=3

Estimating Incremental Dimensional Algorithm
(EIDA)” Journal of Theoretical and Applied {
Information Technology, Volume 51, Number 2, May
2013, pp. 222-227.

Dr.C.Chandrasekar/ S.Sivakumar “Lung Nodule
Detection Using Fuzzy Clustering’and Support

Vector Machines” International Journal of

 Engineering and Technology (IJET), Vol 5 No 1 Feb-

Mar2013, pp. 179-185.




