
TITLI PA(;I

Evolutionary Generation of the

. ,il'L 
i" {-+i'. #

,;!': tf| 4% "o 
'I

.', iil ;t;i,t:; 1. "d' - ,j *l, ,-- 
. t. '., -. ,ri ,] .ft-\

.'\.,,..--,i"' .'
.,r1 

,.,n,,r,6r,!,

Submitted bY:

Sadia Ashraf
3I 7-FBAS/M SStr/F I O

Supervised hY:

Dr. Aamer Nadeem

Co-Supervised bY:

Mr. M Imran Saecd

Whole test Suite)

7{rSQo?

, . l, \'..2

Dcpartmcnt of Computcr Scicncc and Softwarc Enginccripg

l'aculty of llasic and Applied Sciences

lnternational lslamic I.lniversity Islarrrabad

Mini mization of TS using Whole Test Suite

Generation method with E,A

(Multi-Obiective

14 rr lt i ()[r.qcct rr'c \\'htllc l.s I Sr I tl \: ( ic-ttct'itt ton



$9
006'g
9AM

(r.r''SJ*;*

+rrtr/a*rsta?

E v ol..*-1".^^^u'(

f, J'$ ^L'" ""(

tztPwe )(*Je(



TITLE PA(JI

Multr Ob.lcctivc Whtllc tcsl Str tte'(icnL'latlon



1'IILE PAGE

Depar-tment of computer Science and Software Engineering
International Islamic University Islamabad

Date:

Final Approval

rve have read the tliesis submitted by Sadia Ashraf, 317_FBAS/MSSE/F10.
that this thesis is of sufficient standard to wamant its acceptance byUniversity, Islamabad rbr the degree of Masters of Science in Software

'l'his is to cerlify, that
It is our judgment
International lslamic
i:ngineering (MSSE).

Committee:

External Examiner:
Dr Ilafi us Shaii

.{ssociate Prolbssor

C'omsat Abbottabad

Internal Iixaminer:
iv1r. N4uhanrnrad Nasir
Lecturer

Deparuncnt of' Computer Science
IIUI

Supen,isor:

Dr. Aamcr Nadeem
Head of'l)epartrnent
Departmenr ot' Bio Informatics
lvluhamrnad Ali Jinnah Ljniversity

Co-supervisor:
\lr. irnran Saeed

Assistant Prol'essor

Dcparlment of Computer Science
& Sofiware Engineering
I II-:I

I\luhi-Objective Whole test Suite Generation



DEDICATION

Dedication ...

To ytt,family especialll, my.f'alher, mothcr and sisler

who are an embodimenl of Diligence and I[onesh'',

wilhoul lheir PraYers and SuPPorl

lhis dream coltld have never

come true.

Multi-Ob.lectrt e \I'hole tesl Str ite (;erleratioll

IV



DISSERTATIoN

A rlissertation Submittcd ttl
Dcpartment of Computcr Scicncc and

Software Engineering,
Faculty of Basic and Applied Sciences,

International Islamic univcrsity, Islamabad
As a Partial Fulfillmcnt of

the Requirement for the Award of the

Degree of Masters of Science in Software Engineering

(MSSE)

M u lti-Ob.yect i r e W' lrole test S tr i te C-lenerat iorr



DECLARATIoN

Declaration

I herebl declare that this thesis "Minimizution ol' i"S rr-sirg W'ltole Test Suite Generution

metltotl trith LA (Mutti-Objective F.volutiortcrry Generotion of the llhole test Suite) " ncitlrer as

a wholc nor as a part has bcen copicd or-r1 liour any solrrcc. lt is furtlrcr dcclarcd that I have done

this research r.l ith the erccompanied report entirell' on the basis of m) persollal etlorts' under the

proficient guicla.ce of rn1 teachers. especialll' m1 supervisot' l)r' .4.utnar '\'trclecm- lf'any part ot'

the syste,r is ;rr,vcd to bc copied out ll'orn arlv soLrrcc or lbund ttt bc a rcprocltrctitltr ol-anl'

projecl fl.orn anl of the trainirrg institutc or cducational institutions- I shall stand bY thc

consequences.

Sadia Ashraf
3 I 7-[,'t]As/M ss[./t' I 0

M Lr lti-Ob.iectiv e Whole test S tr ite Cenerat iott

VI



ACKN()WLTD(;I-MINT

Acknowledgement

ln lhc nanrc ol- Allah. thc passi6natc. rihosc blcssings maclc it possiblc lor ntc to corrlplctc this

complcx atril lrarcl task. tts cornplction is a nrattcr ol'grcat cntlrrrsiasrtt artd plcasLrrc lor rllc. Il is

all because ot'Almighty ,Allah's gr-ridauce that nrade nle so able.

I am fortulate engugfi that a masterfitl intellect. in the nlind of m]' sllpervisor Dr. Aamer

Nadeem. was r.r.ith nte. I off'er mv sincerest gratitude to him. w'ho has strpported nle throttglhottt

ml,thesis with his patience and knoil'ledge whilst allouing nre the roont to r,iork in nl\'()\^ll \\a\'.

I attribr.rte the level of my, Masters degree to his encouragentent and eflilrt. I har,'e tto words to

thank the laborious and tiring contributions of this extraordinarv per\onaliti'. One silnpll cotrld

not wisl-r fbr tr bcttcr sr-rperr'isor.

I wish to c\pl.css rrrl, cleepcst gratituclc to Mr. Imran Saccd lbr his rrorthr' sLlpport and kind

cooperatiorr parrticularly, near the contpletion oI nrv thcsis. I thank tlrc rttcrtrbcrs ol- nlv gradtrate

comnrittcc lbr tlicir wofllry ccrrrrnrcnts ancl valuablc criticisrrr. lattt also gratclitl t0 ttrv fiicnds

and colleagttes tirr their lole atrd enctluragement-

It rvill bc lailing in nrr dr.rtics i[-l nriss to tltank rnv bclorcd larnilr. I nrtt irrdcbtcd lo llrv parcttts

and rvorrld likc lo cxprcss niv dccpcst gratitudc to tlrcrrr for thcir constanI cr]cotlraS,ctllcnl-

atfcctiol asd srotir,aLion.'l'hcir pravcrs alway's contribrrtc a lot in cornplcting dil-llcrrlt tasks. It is

due to tlrcir turcxplailrablc carc and lovc that Iani at this position todar'

My sister deserves

during her tight and

motivates t-ne ilt ntv

n-r1, special appreciation tbr provicling nle her atnttsing companiotlship

strained schedules. after which I alwavs f'eel fiesh atld relaxed. She always

work whetrer,'er I got stuck iti each rttrd everr step. Also appreciate her

M u lti-Ob.lect i ve W hole lest Str i te Cierrerat ion

vil



ACKNOWLTD(;EMENT

spiritual s.plrc)rt tlral \\oulcl bc a kcr poinr of rnr,'aclriclcn"lcnt attd strcccss. Iattt also tlrankftrl to

my liiends and batch t'cllows. rvho cncourag.c n1c a lol arrd gLriclc nrc as rr'cll dr-rrirrg tlris Nholc

time. F.spcciallr .nc ol'mv ll.icrrds Saba who hclps rnc irr cach ancl cvcrr stcp ol'tlris rcscarch

u'ork.

Sadia Ashraf

7-F tln S/MSSE/F l03r

MLrlti-Ob1ectir e \\'htlle test Str ite ('ierreralit'rrl

vilt



PRO.IECT IN BRI[F

Project In Brief

Project Title: M rrIti-Obicctivc I-.r,ol rttignarv Cctlcrll iop 1r f- thc rr ll9lc tcst SLri te

Llndcrtakcn B1': Sadia Asllraf

317-IIBAS/MSSE/F IO

Supervised Br': I)r. Aarrlcr Nadccnl

Start Datc: APril. 201 2

Completion Date: APril. 2014

Tools & Technologies: Matlab R20l -5-

Documentation Tools: Microsoft Otficc Word 2007

Draw.io

Microsoft Ofllce Excel 2007

operating Sy'stem: Microsoll windorvs 7. llonic l)rcttlit-tttt

Svstem Usc<l: Dell Precision M6-500

IX

MLrlti-Objectn e Whole test Strite Cierleratiorr



ABSRACT

Abstract

Due lo lhc rat'4tt utlt,unt'a.s lhul terc nrue{c in tha /ield of ,softturc tc.\ttttg. it i.: tttttt'1trt.s.sibla lo

ttulomttlit'ttll.l'gancrutc lc,\l ('(t.\'a.s lor thc ,\(,'T v'hrch t'ctrc'lt rtlntrt,st (tt1.t'l)otttl trt tht' .:ttttrt't't'odc'

'l-herc (g'c ltt'o htrsic'i.s'sue,s tyith lhe upprortch of lurgt'ling onc di.vtitt<'l L'()t'(t'(tg,( goul ut rr litttc.

lhe./it'st hcing thttl lhe (ovct'ug(, {oul.t'lo bc crtverctl rtt'r'inlcr t't'lult'rl ttntl lhc st't'ttnt.l thul it is ttrtl

gy(u'qnlac(l thttt tt g,anct'ult,tl la.st c'ttsa vill uc'luttll.t'.strt't'aatl tn (o1'('t'tt1,q lha raquiratl gtul

begutr.sa.\otnc ta.\ltng goul,s ut'e nt()t'c di//ic'ult thun othat'.s ttncl .trtrttc ttrtt bc irtfcu.s'ihla ltxt

Whole te.st .stritt,genu'ulion, i.s usatu'ch-boscd lct'hniquc thut utlantl)1,\ lo Rcttct'trtt'LI'httlc Tc.st

.sttile.s trncl olttintizc lhcnt u,sing Genelic' ,llgorithm.s .srt lhul lhc st'ttt't'ttlatl 'l'c'vt .\)ri1c,r ltrl/ill the

(,oyer4g(, c't'ilt,r'ict. in,s'lccttl of ganerulecl te.tt c'ttse.s.fbr (ctt'h crtt'r't'ttgt' gottl .s'cltttt'ulcl.t. (,"stng thi.s'

tcchnitltrc up lo lS litna,s mrre L'()t'eruga i.s'ochict'etl, t'om1';ttrctl lo lrtrgeting,.singla brunt'ha.t

Wholc te,st .sttita g,eneruliort. genct'Ltlc,s u lc.st .strila vhrt'h ttt'ltict'c.s dc.sit'uhlt'L'()\'ut'ugc

et,olttliortrilll', tr.sing gcnelic'ctlgorilhnt. htil lhc ganu'ctlctl le.sl '\tritt'is rtttl nttninti:cd ttntl hu.r

reclttndttnl l(sl t'tt.:'t,s in it.'l'hc ['roprt.scd,\oltilion.frtt'lhis i.s.stra tt lo (ot't\'u'l th<'wltttlt tt'sl Sttilt'

genet.tttittl tct.hnirlua to u tnttlli Objcc'tit'c g,cneli('ulg,orithnt lo cnublt'il ttt 1tt'otlut'a u ntininti:ad

.tolutiott in ottt' t'tttt
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INTRODUCTION:

Softw,are testipg is one of the main and final steps in the softu'at'e clel'eloptnent litb c1'cle.

Testing is importaut trt ensure that the svstcrl works as it w'as intenclecl ttl. Stlttr.l'at'e testitlg is a

n-rethocl 61'asscssirrg the lirnctionalitv ol'a soltuarc prograrl). lc-sting carl bc dir,ided into tllattr

categories based on the ty'pc o1- svstcnl it tcsts. tlic kind ol'laults it is looking lbr (loacl tcsting.

brokel links etc.) or tlte method used fbr testing (automated. manttttl) bLrt the main types al'e

black box testing and r.l,hite bor testing.

Testing can be done either manuall,v- or alltomatically'. Almost all sofiwal'e development

projects neecl testing. which makes testing a lieavily used techtiiclue. thus tlie testing phase tlf a

lypical projccr takc up to 50% o1'the total projcct effort. [1] and thercltrr contribtrtes signilicantl-""

to tlre projcct costs. Repeated changes in thc sl,slcm under tcst can al-lcct thc rcsults ol'thc tcsts.

Iror this reason testing has to be repeated often ancl this repeatecl testing is callecl regression

testing. Tliis is err()l'-prope. time consuming and expetrsive. Atltonlating the process nla)'

signilicarrtl-r, rcclrrcc thc etlbrt needcd tbr rr,urning indiridual tcsts. lhis inrplies thal pcrlbrrning

thc sarne tcsl bcconrcs cheapcr'. or one can do nlorc tcsts withirt thc sattrc budgct. Manttal tcsling

is tinre cpnsunripg. ulreliable and costll, while ALrtonrated testirtg itt cotttrast is reliable and

requires less investment in human resoLllces.

Test clata qenerati6n in program testing. is the process of finding test cttses u'hich satisf\' the

choscl covcra€lc criteria. A test data generator is a lool rvhiclr is trscci by a progranllner [o

gencralc 1cs( data ttrr testing the SLJ'l' [111. lwo rnain clr'narnic approacltes arc ttlost cotttnronh'

used for generatiol of'test cases. which achier.'e the rccluired covet'age. One heing automatic path

selection using ranclomll' selected inputs front the input field 12] and. another is to Ltse meta-

hetrristic scarclr techniques. rvhcre SLJl- is treatcd as a problenr tor scarch optimization lt'hose

goal is to look lbr tcsts that providc as high covcrag.c as is possiblc. Onc o1-tlicsc nrcla-hctrristics.

genelic algpril5prs. is the rnost ri,idely uscd. Cenctic Algorithnrs arc particLrlarlr'trropular rt'hctt

usecl t6r test case generatiort problerls because test data genetatiort is an unclecidabte prtlblenr firr

which there exists no single optirnum solution. For undeciclable problem Genetic algorithn'rs itre

popular because thev give a near optilnum solr,rtiolt to the problertt.

Multi-Obiectivc (ieneratton ttl'the Whole test Strlle
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In tl-re compllrer sciepce's field of artificial intelligence. the genetic algorithms can be called a

digital ,ianif'estation of'Darr.r,'in's theorl,of tratural selection. This hetrristic. (also sonletimes

called a rncta-hetrristic) belolgs to the largcr class ol- evoluliottarr algorithrlrs (l-.A1. uhich

generate solr.rtions 1or problcnrs that require optimiz-ation: using tcchniqucs irtspircd b1 naturc.

such as Bee cslonl, Optin-rization. Ant Colonl, Optinrization. Particle Su'arm Optimization. and

etc. and are usecl t9 getterate r-rsetul solutiorts to search ploblems [31.

Whetr structural testilg is pelfbnned. the test cases are genetated based on the sollrce ctlde of

the SLI'l'. kecping in mind the basic aim of covering the choscn lesting criteria. 'l'l,c rcccnt

advancerlents in thc field of Softrvare testing allow an efficient dcrivatiort of tcst data fiom the

sollrce code. gir,el the size of the program heing consiclered is reitsonahle. A conrmon approach

is to exercise each branch separately while generating test data fbr each branch individualll ll2l.

[7]. Although f-easiblc. the n-rajor issne with this wav of tcst dala gcneration is that it considcrs all

test goals o1'equal importancc and equallv reachable and it does not take collatcral covcragc it.ttc'r

consicleration. LInfortunatell,. none of these assuurptions liolds. This problenl is ulanif'ested in

r1l&Dl, 1r,'31,s: Ma11 c()\erage goals are improssible or inf'easible. this lttealts that there exist ntl test

case 15at carr trrlflll this coverage goal. tliis lies in thc category ol"urtdccidablc ilrl-easiblc patlr'

problerr [131. ln addition ro inleasiblc path problem the tcsl casc targcling a parlicular branch

will almost always cover addition untargeted branched unintentionalll'. this is called collateral

coverage or sereniiipitous coverage [5]. This shou's that the order in uhich the hranches or goals

are largeted lvill always affect the efficiency of the tcst process artd the llnal rcsrrlt achicved.

Whole test suite geperation. an innol,ative approach that o\/ercortes tlie inf'easible branches

and collateral covcragc issucs by optirnizing the rlhcilc test suitc at ottcc to cover thr- chosctt

coveragc goals ilstcad of targeting evcr), singlc branch scparatcll. I-]ccittrsc thc wltolc'lcst SLritc

coverage optinrizes the entire test suite at the sanre time. this renrores the infeasible branclt

coyerage issue plus the choice of the order of'the coverage goals does ttot afl'ect the results

either" the issue of collatcral coverage disappears too [1'11.

Wholc test srrite plcncratit'rn. optintizes thc tcsl Suitc to lrclteratc thc llrtal l'cst Suitc rvhiclt has tltc

desirecl covcragc and srnallcr size bLrt the gcnerated test SLrite lras redundant tt:st cases itt it. I'cr

remove redundancy from the generated test suite it is proposed that the techniqr-re should be

convefted to a multi-obiective optimization technique. In doing this the single ob.iectil'e genetic

')
MLrltr-Ob-lectrvc (lcnct'atitttt ot'thc Wholc tc'st Strite
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algorithrn r-rsed b-v.- this techniclue is rnoclitlecl into a

another titness tiurction to it which helps choose the

With passing tilr-re and nlrrch advancetnent

manap.crs face the ever grorving challenge o1-

within shrinking deadlines and lower budgets.
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multi oblective genetic algorithnr h1' adding

solutions with less redutldancl.

in technologl. soliwarc clrgincers and pro.iect

producing a ralid and almosl tault {icc svstcms.

l.l Automated'l'esting

The process 6f execution of pre-scripted tests or test cases on an application before its release

into procluction by the software testing tool is autontated testing (,\[urgurel Rorlse. 2011)'

Basicallv it rneans autornatic gencration of tcst data. running of tlrc tcsl cases on thc sl'stenl

rrnder tcsl ancl the validation ol-results. usir-rg prcdefined oracles.

Hence 6rgalizations hale lesser tirle to appropLiatell'test there systctlt ittrd spend extended

periods on the task. This is u,h1, they turn to automated testing which lets them test large VolLlntes

of data in lcsscr tirne and usirrg lcsser ellort to do so becatrsc rnantral tcsting is crror-pronc attcl

labor-intcnsivc and it cloes not support thc same kind otquality chccks as thcre are possiblc w'ith

automated Test tools (Et/riede Dustil, ,lc// Ru.shkrt. ,ltthn Puul, 2008t

An all-cnconrpassing testing procesjs hclps in tesl autonlation. brrt a stritablc test (atttotttation)

plan is eyen llore important. The test plan is responsible fbr decisiorls like. the kincl of test to be

performed i1 the various stages of Software testing and what tests anrong these will be done

manually and uhich can be atrtomated.

1.2 'l'est data generation

While testing soltware one often needs to know input valucs/parantctcrs lllat uill trigger a

particular parl ef' tlre s1'stem being tested. doing which is ettrenrel1' lahor-intensi'u'e if done

manual[1', Theretirre atttot-t-ttttiot't of the process is clesirable'

To test a s\.stem. usr-rally a test adequacy, criteria is chosen. once the criteria is decided ttpon the

next step is to create test cases that will best satisfy'the chosen test criteria. for which the test

cases are gcnerated autt'rtttatically to save tirnc and cff ort'

Multr-Ob-lective (icncratttltr of the Whole test Srrtte
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It is shor.r,n through empirical research in the past. if test data is chosen based oll all adequacl

criteria. the fault detection capabilitl, of the test suite intproves c0nrpared to choosing rttndclm

test data [16. l7l. Bu1 lcst data that is ar-rtomaticalll'gcucralcd docs not guarantcc the lirltllhncrlt

of thc chosetr irdcquacl' criteria.

Many difl[erent types ol paradigms ol autornatic tcst clala gencratiotl e-xisl btrt lhe thrce tnost

common t-vpes are as fbllor.l's'

1.2.1 Random l'est Data generation

ln random tcsl data gcncration thc tesl cascs are gencraled randontlr unlil a suitablc test casc is

tiluld. This approach becomes inefficient Llgl when the adequacl criteria or the program gets

complex because the chances of triggering the ver.v-- specific inputs that will satisf-r'the chosen

adcquacl, critcria beconrcs lower rvhile testing complex progranls.

1.2.2 Symbolic'I'est data generation

In symbolic executign the program is erecuted using svmhols instezrcl of'cotlcrete raltles.

Syrnbolic execution consists of allocating svrr"rbolic values to variablcs in the program bcing

1esled. in ordcr to conre up rvith an abstract. mathematical charactcrizalion of- rvhal the progratn

cloes. Thus. in an ideal case. test case generatiou can be cottt'erted inttl an algebraic expressiott

solution problem(('hri,\'toph ('. lfic'huel, Gurt' L .\,lt'(irtttt'. ,\[it'hucl .4 '\t'hul:' ('trrli's (' Il'ulton,

tggT) llgl. -l'lrcre ar.e t\\r.r nrain issues rvhen practically' gerreration tcst data trsiltg slrrrbolic

execution. thc flrst is the accLlrate representation of loops and the sccortd is to llrrd tl \\Av lo

handle pointers.

1.2.3 D1'namic'Icst data gcneration

Dynamic generatign is the third categorv of test data generation [20]. In this paradigm pafts of

the prograpr upder test are treated as functions and the prograll is t't-ttt t-tutiI a certain location is

reached and one or more values of that location are recorded. These r'alues are treated as if'the1

rverc thc 1,2111s 1r[- thc lirlctigns. Sgch lunctions arc not casr to uritc bLrt thcr catl calctrlatc tltc

inpil t. rcach ar1, locatiorr in the program ancl [inding a liurction that gir,cs thc nrittinral valrrc fbr'

the input to satisf,l, the adecluacy criteria is usualll, possihle. In this r,l'a1 the test data generation

ploblenr is conr,erted to '"furlction minimization" problem'

Mutti-Oblcctivc (lcncratiort of the Whole test Suite
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1.3 'l'est Suite optimization

A test suite is a collection of test cases nleant to cxercise a particular cttmpouent ol the SI.JT.

where the final state of one test is otten a precursor or tlie initial state of'the trext test (I) ,/ozr

l.,tala, L'. lllohcrn, 200g)l2ll. While optinrizing a test Suitc. thc airn is to gcrtc-ratc cf['cctirc tcst

data thal carr cxcrcise thc adeqr.racv critcria. cc'rnsr.rn-ring ntininrr-rnr possiblc resorrrccs. Folloviing

are the three train test Sr,rite optimization methodologies in literattrre.

1.3.1 Minimization

Minimization is one of thc tlrree tvpical test Suitc optinriz-ation methods.'fhc formal deflnition of

Test Suite Mininrization is as follow's [22].

Given: A set of tcst reqr.rircnlents l'1". .. r,.,. that must be satisllcci to pror idc thc dcsircd testing

onc linkcd rvith cach o1- thccoverag.e o1'thc prog,ran)" a tcst sLlite 
'f and subscls of 'l'.'l'1. 

'

r,'s such each test case exercises or tulfllls stlme reqltirel11ellt.

['n.

Problem: Fitrd a test sr.rile'l''. o1-lesl cases frotn'I that lirllills all thc rcqttircttlctlts r,.

The testilg criterion is satisfled r.r'hen everv test I'eqttit'emetrt in rr. I',, is ctlverecl' A test

requirement. r, is satisfiecl b,v- anl,test case. t,. that belottgs to the test suite T,- u'hich is a subset

of 'l'.'l'herclirrc" thc rcprescr)lativc set ol-test cases is the hitting scl ol'llrc [','s. Additionall.v. irl

order to makc the rnost of the effect of minimization. 'l'' slrould be thc srrtallcsl pclssiblc ltitting

set of the Ti's /S I'oo, M Hermun, 2010)

1.3.2 Prioritization

The Formal clefinition fer Test Suite prioritization is given helor.r'. This is a deflnitiorl fiotrl Yo<r

et al (2010)

Mrrlti-Oblectivc (lcnct'atiott ol tltc Wholc test Suile
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Given: A test strite. T. the set pet'mtttations of T. PT. antl a titttctitltl

PT 'ft.

Selection is the first step in the genetic Algorithm. The main purpose of

the overall lltncss of orrr popLrlation. 1br rvhich pLrrposc Illtcsl solutierns

Mu ltr-Ob.lectivc (iettcrat tolt tl1' tltc- Wholc lcsl Srritc

problem: To find T'EpT such that (vT")(T" € PT)(T" *I',\lJlT')>/(T")l-Average Percent of

FaLrlt-DctccLion (AITFD) is commonlv uscd to evaluate lest casc prioritization tcchniqtres"l'he

AplrD val.e tilr T'is calculatecl as firllows (Sebu.s'tiun Elhutm. a.4lcrav lluli.shevskt', 2002)'

APDF -' 1 (( l' l' I I ...+ I l'm)/ nni) + ( l/2n) [23]'

1.3.3 Selection

'fhe [onr"ral dcllrrition of Iest Case Selcctiorl is givctt be lou.

Given: fhe program. P. the rlodiflcd versiot.t ot'P. P' and a tcst sLritc"'1"

Problem: I''ind a subset of T- 'l-'" with wliich to tcst P'

ln a given tcst sr-rite. it can be said lhat thc selection tcchniqLrcs in gcneral aitlt to llnd thc

'modification-traversing'tes1 cases.'l'hc detaits of hovu'each tcchnique goes about the process of

searching ancl identif,ving these test cases difl'er br-rt the basic underll'ing idea renlains the sante'

(Greg1 Rotherntel. e llllttr.t',leun Hurrtld' I 99'1 )123)'

1.4 Genetic Algorithm

There are nran). difl'erent types of Evolutionary Algorithms: Evolutionary Algorithnis are

Algorithms that rnimic natLrral phenorncna to solvc problcnrs. Cicnctic Algclrithrl is a rariarlt ol-

Evoltrtionarl, Algorithms that mimics thc process of evolution lrotn natLrre. I'he basic idca is that

gi'en a population of indiviiluals. crossuver and mutatiott is perfirt'med or-r the populatiort to flnd

the fittest s.lutiop as described b1' tlie fjtness function. The basic gerletic Algorithrn has the

fbllorving three ttraitr stcps [25]'

Selection

1""1-RODI','CTION

iitlnr PT to real trunlbers. / :

this step ls to lmprove

arc clroscrt lor futther
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operations uhile less flt incliridrrals are cliscardecl

procedures but the main idea is the sanre. i.e.

gcncration.

Crossover

IN T R( )t)1.lC l'l()N

Thcre are ntan) clitl'erent tl pes ot' selectiotr

to select tlie fltter irtdividuals tirr tlte tlexl

ln this par.t thc selectecl indir,'iduals are cornbinecl to produce the ol'[springs- pairs ol'parent

populatiol are rladc t"o procltrcc ofllsprings. this stcp is perlbnned to combitte fit parents to

produce eyep fltter c5ild populzrtion und el'entualll'a solution that fLrlfllls the stoppirrg criteria of

the algorithm.

Mutation

Mutation is perfbrnied to add randomness to the populatir>n otherr.lise. u'ith each passing

iteratiop. the solutisns ntight continue repeating r.,rithout anl'improventettt- thrs is dotre by

rnaking srnall rartdotn changcs in the individual solr"rtions.

Terrrltnatton
':-,lanflgl1qn rng[]

i'; ',t' l,rr- r'

Fig l.l Workflou' ol'thc (lenctic Algorrthrtt

-;;'- ;t1-l

A ':

1tf*prnq
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1.5 Multi-objective Genetic Algorithm

INTR()DI,]CTION

Multi Ob1ective Gcnetic Algorithnts are Gcnctic algorithrns tltat arc usccl ultcn llrcrc is tnorc

than one objectir,e to satisfl'. An eranrple of sLtch probletrt is that nherl desiguing a bicy''cle we

want the desigtr to be clurabte bLrt use as little material as possible or if a car tranuf'acturing

compan)' \ ants to find out a reasonable balartcc betrveen thc cost ol' rllanttl-actllring and the

Iuxury of the car. Generallv thc mcthods used to solvc problcrns with nrLrltiplc ob.iectivcs catt bc

diyidecl iptg tw6 categories. The tirst one is to con\ert the n-rultiple obiectives into a single

represeltertir,e fbrprula using weights and the second technique is to flncl the entire representatirze

pareto optirnal set 01'solr.rtions. A Pareto oplirnal consists o['solLrtiorrs that are nott-dottlirlatcd

considering alt the objectivcs to be fulfilled. (Abcltiltrh Kontrk. Dut'itl ll'. ('rtit . .'llic'e 1.. Stnith'

200-i)[?6).

1.6 Problem Statement

In literature there are many Test Suite generation techniques that autontatically' generate the Test

Suite but almost all the techniclues are based on the coverage criteria alrd generate test cases fbr

all cor,,erage gc'rals scparatcll,. Whole test suite gencration. atrtontalicallv gencrates the u'hole

Test Suitc fbr thc Systcnr r.rndcr'l'est using er,olulionary algorithrtl. '['his ovcrcolnes thc problerns

of infeasibte test col'erage goals and collateral coverage at the sante til-ne bLrt the final Test Suite

which is generated after running the genetic algorithm may contain redttndatlt test cases. This

means that this '[est Suite can be furtlier Optinrized bl,reducing the nulnbcr ol'tcst cascs in thc

test suitc.

1.7 Research Ob.iective

The method proposed is an improvement to the Automated "Whole Test Suite Generation"

techniqLre rvl.rich generatcs the whole tcst Suite using thc cvolutionary algorithnr. Ctrtrentl-v thc

l'est Suite is bcing gcncratcd using "singlc obicctivc Gcrtetic Algorithrn". tlris prodtrces a l'cst

Suite with redunclant Test ('ases and the test suite is run again to remo\,'e the redundant Test

cases. The proposed solution is to modify the (ienetic algttrithm bi adcling another fltness

function to it and conr,,erting it to a Multi Objectivc C-ienetic r\[gorithnr (M.O.C.A). l-he multi

Mtrlti-Ob.jective (lcncratiorl ol'the Wlrtlle tcst Stllle
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Ob.iecti'e genetic algolithnt to be irnplemented r.t'ill be the Non Ilonlirlated (ienetic algorithnl

(N.S.(i.A ).

1.8 Ilypothesis

The hl,pothesis of this thesis is that by apply,ing the whole test Sr-rite generatiot] technique

Evosuitc. gsilg Multi-objective Algorithm" the coverage ob.iectivc catt be achiered along rvith

the rlininrization obiectivc.

1.9 Dissertation Outline

Figure 1.2 illustrates tlte slruclrtrc of this thcsis:

Chaptcr 2: Describes the background fbl understanding the thesis br gir itrg introductorv

knor.nledge about Test Suite Optintization. Whole Test Suite generztti<ltl ilnd IrolLrtionarl'

Algoritlrnr (Gcrrctic Algoritlun ). -

Chapter 3: I)cscribes work in literature to support MO-W lS Gcncratiott and F.volutionarl

algorithms.

Chapter 4: lllaborates the h1'pothcsis that rrye w.ill attempt to prove.

Ohapter 5: t)escribcs tl-re irnplcnlcntation of the approach lor MO-$''l'S Ce n.

Chapter6: lrrtroduccs and dcscribes the inrplententcd tool 1or MO-W'I'S Cicn.

Chapter 7: t)iscLrsses conlparcs and el'aluates the rcsults o1'c'rrrr uork rritlt thc cxisLing \\Ork.

Chapter 8: C)utlincs lhc concltrsion ot'this work and ciclibcratcs thc' lindings.

Multi-Ollectivc Cenc'ratiotr ol'1hc Whole test Stlltc
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BACKGROUND:

This section is der,.oted to describe the backgri>und for r-rnderstanclir.rg the thesis-

BA('K(;ROI INt)

2.1 'l'est Suite oPtimization

As.roclifrcati.r-rs are done in a code more test cases are added to the existirlg test suite. this

causes thc tcst srritc to grow in sizc. thc tcst thcrc{bre g,c1s biggcr with thc cvtllLrlion ol'sofiuarc'

'l-he largcr lhc tcst suritc is. lhc costlicr it gcts lo rtrtt it. lo or"crctirlrc this problcttl tttanv

techniques are studied in literatur.e. These techrriques ainr to mininrize the restlltrces ttsccl while

running t5e test suite while improving the tault detection capability. Such techtriclttes are called

test SLritc optimizatiol techniqucs and can bc diyided into threc catcg.orics.

i.Minimization: Attcnlpts to rcnlovc rcpcating i'c. rcdrrndanl tcst Cilscs'

ii.Selcction: Attempts to identif,r'test cases that correspond to the nrodification that tteeds ttl

be tested.

iii.prioritization: Orders thc tcst cascs to ruaximize thc chanccs ol-carlv laLrlt dclcction'

The,rain poipt similar in all these techniques is that thel assume the eristetrce ot'a test pool

which is to. large ir-r size to rur.r the conrplete test suite [271. Therefirr the techniclttes itr all three

categ,orics basicaltl,,trv to ovcrcon)c thc problcrns that arisc dLrc t0 thc hrrgc sizc olthc tcst pool'

2.2'l'echnical Defi nitions

De.finitiort t ('l'esl Suite Minimizulion Prohlem)

Given: A set of test requirements rr... .. rn. that mLrst be satisfred to proricle the desirecl testing

coyerage of the program. a test suite T and suhsets of T. Tr T,,' one linked with each of'the

r,'S Suclt cach lcsl casc cxcrciScs or tirllrlls sottlc rcqltirclllcllt.

problem: I-'incl a tcst suirc'l'. oltcst cascs lionr'l'lhal lirllrlls all thc rcclttit'ctltcnls r,.

ti
Multi-Oblectivc Whole test Suite (lcttc-ration
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The testir-rg criterion is satisfietl w'hen every test reqttirelllellt itl rr. . . 1,, is ctlvered' A test

requirement. r,. is satisfied by any test case. t,. that belongs to the test suite T,. which is a subset

of T. Therelbrc. t6e representative sel of test cases is thc ltitting set 01'thc'[','s. Additionallv- in

ordcr to nrakc thc nrost of the ell'ect of rnininrization.'l'' shoLrld bc the srttallcst possiblc hitting

se t of the l'i's.

'fhc minimal hitting set problenr is an NP-complctc problcnt as r,rcll as a dual prroblcrtl ol'thc

'minimal set cover problem' l2tll.

Definition 2 (Test Cuse Selection Problem)

Given; The program. P. the modifred versiot-t of P. P' atld a test suite. f

Problem: l'incl a subset of T. T'" with which to test P'.

Definition 3 ('fest Case Prioritiz.otion Problent)

Given: A test suite. ?'. the set of permr.rtatiorrs ol'T. P't - and a lur-tction liorrl P7-to rcal tltttttbcrs.

f : PT-'R.

Problem: To flnd T' e PT such that (vT-')(T" e PT)(7 "-t T')l l tT " t': l (T " )l'

2.3 'l'ypes of 'l'est (lases

Accordilg to Leupg and White Test cases are of fil'e t1'pes based otl how thel' are used in

optimization 1291.

i. Reusable: These are the tcst cascs that cxercise the part o{'the proP.ralll or s}stclll trndcr tcst

that is unlrodifled. This part is does not change in the tte\\'er versiotrs of the S1'stern

under Test (SI-IT). These test cases are not exccuted w'hen testing the moditied part of the

progran) but thel are kept saf'c for possiblc tcslirrg thc codc ill thc Iutr"rrc.

t4MrrltI-Objectivc Wholc test Srri1c Cc'ncratton
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ii. Rctestahle: These are the test cases that exercise

1St)T) P'. These test cttses should he rutt agaitt

BA(.K(,Rot rNt)

the ntoclitlecl part tlf'the s\stem ltncler test

to Test P' aftel the nlodificatiotr.

iii. obsolere: 'l'hc Ibllowing rcasons arc whl'thc tcsl cascs IIra\ bccotrtc obsolctc'

o .llrc 
rcquiremcnt thcy \,vcrc crcatcd to test has bccrr changcd bccaltsc ol'tltc chatlgc

ofspecificatitlnsstlthel'arenotneededal]ylll()re.

o l'hc prog.rarn l-ras bccn ntodillcd artd lhc part thc\ tcst docs llot c\isl or has bccn

modifredsothatnew,testcaseSzlretieec]edtotestit.

o 'l-licy tlo not providc thc rcqtrircd covcrag.c of-thc structrtrc of thc proS,rarlt as bclorc

the modiflcations.

iv. New Structural: 'l'hcsc tcst cascs arc crcatcd to tcst thc rtrodillcd part in thc Slstcnr undcr

test P' w,hich is no longer covered by the older test cases.

New Specification: 
'l'hesc tcsl cascs arc crcatcd to test tlrc part ol'thc prog.ranl that has bccn

rnodiIcd or crcalccl as a rcsult of rnodillcation ol'thc spccilications.'IltcY tott crcrcisc lhc

modifred part of the Progratr P'.

2.4'l'est case selection

Test case Selection and the Test Suite Mininiization problem is sinrilar in the sense that both of

them attempt to re<luce the size of the test Suite by elimination the unwanted test cases that do

not contrib.tc to thc test goal of choicc.'l'lrc onll difl-crcnce is that'['cst cascs sclcction locttscs

on thc rnodiflcd part ol- thc svstcrn undcr tcst rihitc thc 'l'cst Suitc rrtrnirrtization trics to rcducc

the test suites size by elirninating repeated coverage and it fbcus remains within the sanle Version

of the program.

Mrrlti-Ob.lccttvc Whole tcst Sullc (icttcratlon t5



CHAPTER ]

2.4.1 Modilication Ro'caling Tcst Cascs

L}A('K(;ROtINt)

This corcept \^'as gir,'en b1 Rothermel and Hau'old. A'fest (,'ase t is nroditrcation leVealing [30]

for.p and p' it'and onli if P(t) I P'(t). If the follow,ing t\\'o suppositions are correct therr tinding

the Fault Rc',,cating tcsl cases is possiblc alicr thc modificatiotr rcr,caling tcst cascs irr P and I)'

are lor"rnd.

p-('orrect-firr-T Assumption: This assumption sals that all the test cases in the test Suite

I'cxecutcd propcrly and providcd corrcct rcsults rihcrr thcl \\,crc rtln on thc unrnodificd

vcrsion of thc progratti P.

o Obsslete-Test-identitlcation Assunrption: This assurnption holcls that tor eitch test case t

in the test suite T' it can be correctlr identitlecl if'that test case ltas becotne ohsolete tirr

rhc nrocliflcd vcrsion ol- thc progralll P';161

With thc abovc assr.rmptiorrs it is obl,ious that evcrl' tcst case in 'l provide s a correcl otrtptrt lor P

i.e. p is larrlt liec rvith rcgard to -t'and sincc no tcst case in l'is obsolctc fbr I'all thc tcst cascs

shoulcl give the same results for P and P'. So if a test case is modification revealing it should also

be fault rer,ealing.

2.4.2 Modilication Traversing Test C-ase

A modiflcation traversing test case is the test case that erercises ltc\ or changed part <lf the

system under test P' or it used to execute code that has ntlr.n'been deleted irr P'.

2.4.3 Controlled Regression Testing Assumption

This assuruptior1 says that all tl-re factors that could aff'ect the output rnhetl P' is tested r'r'ith test

case t except firr the code are kept the same as they were uhen P uas tested rvith t. In the case

thar thc corrtrollc-d regression testing sLrpposition is tnrc. a tcst casc t that is not obsolclc can bc

modificatiol revealing only if it is atso rnodillcatiorr travcrsing lor thc rnodificd and original

code P and P'.

If p-Correct-tirr-T as well as Obsglete-Test-identiflcation assuntptions ltold artd the cotttrollecl

regressiop testing assumption holds true too then the fbllowing relation between the suhsets of

MLrlti-( )b.;cct rvc W'httle lcst S u ltc (l crtct'at itlrl l(r
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fault revealipg test cases. moditlcation re\ealing test cases. Moditicatit)n traversillg test cases

and the Test Suite i.l'ill he trtte too.

T: 'fs - l',,, e 'l',,,r g'l'. by using Lhis assurnpl,iorr it is possible Ltl rltnit all the test cases Lhat

dot reveal any faults.

2.5 Test case prioritization

'l'his approacS 1,as introcluccd b1 rvc'rng et alf31l. In tcst casc plioritizatiort the tcst stritc sizc tts

not alterecl hut the test cases are rearranged in such a wav so that an1 parlicular requi|ed benetits

are improved in the early test cases so that if the execution is prematurely'halted then nlost of the

benefit of testing i.c cor,erage. laLrlt dctcction ctc arc alrcadl achicvcd.

Har-rolcl ancl Rothenncl [32.3i-l clid ntorc \\ork on thc tcchniqtrc h1 analrz.it.tu il ttl a tttore

gcneral col)text.

F.rttll tt rr',t1, L,i lrr lr'rl I 'l't

f1'sl t.l'

\
It
(

[)
E

- i,r

Frg 2 l: f rantplc liont f lbarrnr ct al Ii5]

Considering lhe abor,,e tablc iltlre ainr or;rrioritization is earll laLrll dctcction then it is obrior"rs

that if we arrangc thc test casc in thc B-A-C-l)-H lbrnration thcrt thc early f'aLrlt dctection

capabilit) of the test suite will increase as compared to the original A-B-C'-D-[ arratrgemeltt. ,\

closer look at tlie table reveals that any arrangentent that starls \\'ith ('-E is superior til an1'other

arrangenrelt because this arrangcnrenl clctccls uraxir-nrrrt-t trLttrtbcr ol'l'atrlts carly' in tlrc tcsl sr"rite

executiol. With tlris an.anplcrnerit" if thc tcsting is stoppccl bclrrrc thc wholc tcsl suite is exccutcc].

then at least maximum possible faults will have been detected alreacll'. hence saving time and

resources.

Multr-Ob.;ectivt' Wltolc test Sr rttc (lcltclat ion t7
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Although the example is based on f'ault co\/erage but the fhults in the st'stem uncler test are not

knou,n until it is actualll testecl for faults. so test case prioritizatiorl techlliqr-res ltse altemate

melhods ti.rn lhrrlt detcction capabilitr. l'lrc altenrale goals lor prioritization arc nlcatrt to

inrprove tatrlt dctection. Sonrc clil-f-crcrrt popLrlar goals Lrarsccl on which thc prioritizatiorl

techniques are created are as firllows.

2.5.1 Coverage based prioritizalion

Coverage of'the strtrcture of thc systcnl Lrndcr tcst is the metric rvhich is most cotnmonly r"rsed in

most tcst suite 6ptirliz-ation techniqr.rcs [3-t-10]. lt is assurttcd that carlr cor'cragc ol'thc sYslct-tt

under test il.ill detect more faults earlier. So in prioritizing the test cases based on tlie sYstet-tl the

real aim is to improve early fault rietection of the sy'stem under test (StlT). Rothertnel et al

further in'cstigated prioritizatiorr tcchniqucs[34-40]. their studr lhe satne algorithrns $'ith

differcnt test Coycragc goals. I'hc coveragc g6als considcred u'crc

. Brunclt-totol: Branch total colsiders the total considers the total nunlber of branches

covcred ancl prioritizes tcst cascs according to that'

o Brcrnclt ArtrtitionaL. Branch Additional considers tlie aclditional bratrches cot'ered hy the

test cases apd prioritizes the test cases. This is an additional greedv tecliltitlLte'

o Statement 'fotol: 'l'1is considers the total ntnnber o[- slatcnlcrlI covcrcd b1 tcst cascs and

prioritizes the test cases.

o statement Aclclitiotral.. 
'l'his considers the adclitional cor,'cragc of tlre statcmcnts aclricr"ccl

by the tcst cascs and prioritizcs basccl orl that criteria.

I-uutt Exposing p1tentiol Totol: Fault Exposing potential of' a test case is calcr-rlated

using nrutation testing. Mutations. i.c. faults are intentionally introdtrccd in the program

ancl then the test cases arc rLm on the prograrn to calctrlatc the lault exposing potcntial ol'

the test cases 142]. The nrutants(faults) erposed b1'the test cases are said to be killed bY

the test cases. The nrutatioll score of the test cases are calculated as tbllows:

Mutation Score = Killctl mutants by the test case / Trttal Killablc Mutants

Multi-Objcctrvc Whtlle test Srritc (jcncrattott l8
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While nraioritl of the techniqr'res in

goal lbr prioritizatiot.t but sol1lc

prioritization.

BA('K(rR0LiND

the literature use coVera ge ot'the svstem ttttder test as a

tcchniqucs also usc critcria othcr than covcraP'c tbr

T[e techpiques based 6n IrE[' prioritizes based on the test cilses based ott the mutatloll

score of'the test cases

Fuult E.rp,sirtg Totut Adttitionttl: The techniclues based on this criteriotl priolitize tlte

tcst cascs bascd on thcir additional nrutation scorc ol'thc tcst cascs'

2.5.2 Other apProaches

There are relati'el1,f'ewer number of prioritization techniques trot basecl on coYerage 142-a-5J' A

distribrrtiorr based tcchniquc is a tcchniquc lhat minirnizcs and prioritizcs thc tcsl sttilc bascd orr

the distribrrtion ol-thc tcst casc protiles[a21. t)issinrilaritl'nrctric is a nutlthcr llral rcprcscnls thc

diff'erer-rce betr.r.een the input profiles of the two inputs of the test cases. The dissimilarity metric

can be used to cluster similar test cases together. ('lr,rstering ot'tlte test crtses gir''es tts interestirrg

intbmratiorr abotrt thc sinlilaritics bctuccn thc tcsl Cascs.

o Test cases i, a cluster may indicate a set of redr.rndant test cases. t.lsing this infilrmation it

may. he possible to execute onl,v one test case in the cluster and hellce reduce the test sttite

c-l i r-rr i natt i ng rccl irndant test cascs'

o It is possible that isolatecl cluster in<licate that the test cases contaittecl ill these clusters

mal,incluce unusual conditions which can expose errors. tising this intornlatioll it nlight

bc.scful to tcst this arca of thc prolile more thoror.rghll'sincc this arca is lcss crcrcised

clrrrirrg lcstirrg.

o Areas in the profile space r.l'ith a lou-density maf indicate that test cttses ctlntainecl in this

arca s5o1 r1-rusual bcliavior. Rcarranging, the tesr cascs so that thc arcas that arc isolatcd

and sho*, ur-rusual behar,,ior arc cxcrciscd first rnay hclp cxposc latrlts carlicr in thc tcstirrg

process.

Besides 6istribr.rtiop based approaches there are Reqttiretrtent based approaches' history basecl

approaches and Probabilistic appLoaches'

Multi-Obicctivc W'holc test Sutte (icnclatioll l9
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2.5.3 (lost Ar,r'are Tcst Casc Prioritization

BACK(;ROTJND

Test case prioritization does not filter out test cases i.e. it does not redttce the size of'the test sLlite

which means that it is assumed that the whole test suite i.r'ill be executed- u'hich is a not

practicall\ I'casiblc nrost of thc tinrcs becausc of the resorrrce linritations. A ttunlbcr ol'tcst stritc

prioritizati66 tcchnicl.rcs acldrcss tlris issuc and propt'rsc solr-rliotrs lltat cctsl a\\arc $lrilc tlicl

prioritize the rest cases [3ti. 46. 47,4tt]. Elbaum et al impxx'ed the basic APIrD Iletric so that it

can take int. consideration the severity, of the fault detected and the c<lst illcurred to execute the

test cases. The new ntetric is called APFDC'. Formal definition is as tirllows'

More fbrmalh,. Let F be the set of m far-rlts with severitv values fl ... thl arrd let T he the set of n

test cascs r,r,ith costs tl ... tn.. For tlre purpose of ordering'l'". lct IFi bc thc ordct'of thc firs1 tcsl

casethatrcrcalstheithlault.ApFt)r oIl"iscalculatcdusingthefbllowingttrrnrLrla:

)-i'1 ,It,x(L",:1't ,[,-\tt't ,t,
At'Ft') ---!:t ),1,_,r,x\.1,,, l,

Do and Rothermel studied some existing prioritization techniques and thev stttdied tlie et}'ect of

time limitation on the cost eff-ectiveness of six dilfererlt techniqrrcs.

2.6'l est Suite Minimization

Test suite rnininrization reduce the size of the test suitc to oplinrizc it- tlic nlain idea is to

removc redr,rdant i.c. repeating test cases liom the tcst suite so that thc sizc of lhc tcst srritc is

redLrced q,ithout affecting its cor.,eragc or I-ault detcction capacity'..fcst stritc nrininrization is thc

minimal hitting sct problem. A nrinirnzrl hitting set problem is a prtlhlenr itl u.hich ttne neecls t<r

find the snrallest possible solution to r,rsing a given set of finite popLrlatiou to tultlll the criteria or

goal that is to be achievecl. In test surite minimization the aint is to tind the smallest possible set

of tcst cases that lulfills the choscn criteria.

Multi-Ob.icctrvc \I'hole tcsl Sr r ttc (rctlcrattott 20
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Test Suite Minimization is an NP-Complete problem [.57]. An NP-(,'onrplete problem is

somethi.g fbr w,hich no solution exists that can soh'e it in linear tirre. The onll' u'av an NP-

(iomptctc pr6blcl can be s6lvccl is through heuristics.,'\ hcrrristic is art aPPror.itrtatc soluti0n lbr

thc problern. rvhich works well r,vith the situration at hancl brrt is not a ttttircrsal soltrtion lbr all

similar problents. All pat work done on the rninimization techniques can bc considcred as the

development of' Heuristics [49-52].

2.6.1 Impact on fault-detection capabilitl'

Test sLrile optimization techniques minimization. selection and prioritization sttccessfully redrrce

the sizc ol the test sr,rite to be executed but its eff'ects on the lault dctection capabilitl o1'thc

svstem nnder test has been a widell,discr.rssed issue in the literature 123. .53--5-5]. Sel'eral stLrdies

were done to detertttine tliis effect.

Wong et al ranclomly' generated test suites and reduced them usitlg the ATAC tool created b1

Horgan and Lonriol. He used these test suites to test 10 IINIX progranls. Rotlternlel et al

gencratcd tcst suitcs ll.orn the lest cases prorided in tlrc Sicnrcns stritc. Ilc rcdtrce-d thc tcst stritc

and thcn rncasurecl irs laLrlr detcctiorr capability using the saltlc nlctrics as Wortg ct al' Ile

concluded that reduction of the test suite resulted in a much smaller test suite fiom before that

there is mathenratical relation between the tetst suite reduction ancl the fatrlt detectiotl capabilitl'.

I-te reportecl that lor the 1000 plus test suitcs hc testcd the laLrlt detcction capability'was scr"crclt

aftbctcd by thc rccir.rction o1'thc tcst suitcs. Morc than half ol'thent losl 509'o ol- thcir latrlt

detectio6 capabilitl,apd in a f'ew cases the dlop in the far,rlt detection capabilitl was about l00o/o.

A stgdy.bl,Yu et al too conflrn.red the findings of the study done bv Rothennel.

2.7'l'est data generation.

Studies shou,that 50% of the cost of'Softr.l'are developntent is spent iti Soflu,'are testing- Efforts

to redrrce llre cost of sofiwarc testing arc alr,rays going on. Ouc \va\ to do this is to autcttttatc the

proccss of tcsting. ln autonratcd testing thc test cases arc generaled ault-ttnalically bascd on the

Mutti-()bjcctirc Wholc tcst Srrite (ietlcration 2t
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targetthatistobeteste<1.(ietrerationoftestcasesiscalledtestdata

data generatio6 techliqLles can be dir ided ittt6 three categories [5()l'

Raudottl l'cst [)ata gclleratloll

Path Oriented Test Data getreration

o Goal Oricntcd'l'csl data g.cncratioll

2.7.1 Test l)ata Generation svstem

'fhefigurcbelowslrorvsatypicall'estdatagenerations)'stcm'

nanrelv.progralllattalvzer.PatlisclectorattdtcstdataP.enerator

searclrbasedsolutiotrscanbefor-rndftlrtheproblem[60.61].

Controi
Flov',rgra1th

Dat:
Depenclence

Cr:ph

F is 1.2 Worktlou of a I est l)ata (ierrerator
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generatiot-t in literature. Test

rhis consists o1- thrcc ntain parts

With tltcsc thrcc irt place. ttraltr

)2

Pr,rgl a nt

An.r lvser

Pat h

Selector

Tcst
Paths

Test Drta
(l':neratr>r
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The automltic Test data generation problem can be cleflned as fbllor.r's: (iiven a progrillll P and

an unspecified path u g,enerate input x € S srrch that x traverscs tr. ,A prograrll analYz.er is thc part

of the slenerator that runs the code and provides the result to the path selector- The path selector

selects the patSs bascd on llre critcria chosen to fulfill and providcs tlre choscn palhs to tlte tcst

data generalor part. l'he test data gcncral.or parl then creates tcst cases bascd on thc iltput

provided to it b-v the path selector.

Program Analvzer

All the intogrratit.rs abourl tlre prograrn is providcd by thc ptograln attalvzer.'l'his inlcrrrrtation

contains data clependence graphs and control flou'graphs etc.

Path selector

A path selcctor selects thc paths lbr rvhich tl"rc test data gcnerator rvill gcncratc test data.'l'lris

selectio, is c161e basecl on the kind of goals the test suite is rneant to cor,'er. TIle selected paths

are then transf'erred to the Test data generator.

Test Data Generator

A Test Data (ienerator generated inpr-rts to exercise the selected paths. To clo this flrst the path

predicated ot'tl-re path are fbr-rnd and then solr.ed in terlns of the inpr-rt variables-

2.7.2'fype of Test Data Generators

-l'est 
data gencrali6n tcclrniqrres can bc dividcd into thc lollow'ing lhrcc calcgorics

Rontlom Test Data Generntion

This is the simplest test data generation technique. Techniques in this category genel'ate ralrdom

input r,.altres to creale a test case.'l'his data is generated rvitlioul anY attentiolt to attr tcsting

goals. Rarrdornlr, gcrrcratcd (cst is knou'n to har,'c lorv perlbnnancc in tcrttts 0l- latrll dctcction or

high col,erage. The reason filr this is that such techniques usualll nriss inputs that are in trigger

rare en'ors hidden withirl tlre less approachable parts of the progranl'

2)
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Gotrl-Oriented Test l)uta Generotiott
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Goal oriented test 6ata generation gr,rides the test data generat()r to genet'ate inputs that trar erse

certain paths il,hich result in test cases that cover tl-re test goals. The path used to generate test

data in srrch techrilqr.res is an unspeciticd patlr. Unspecified palhs arc paths u,ith solne scglllcnts

of thc path rlissirrg fpopt thenr.'[wo nrcthods that usc l"his tcchnicltrc arc thc chaining approach

and the assertitttr oriented approach.

Poth-Oriertted Test Data Ge n eratiott

path.r.icntcd test data gcncration tcchniqucs. Likc goal orientcd tools it prorides tltc gcncrator

u.ith a si,gle path. but the path provided in this case is a specific path. Irollouing a specitic path

leads to a better coyerage of goals but it makes the generation of itrputs fbr the path harder since

infeasible path can also be a part of thc spccific path provided to gencrate test data.

2.7.3 Importance of Path Selector

The path selector is the part of the system that chooses the paths based on the test goals. lf the

path selecti6n is clone in an eftective ntanner it improves the perfirrmance of tlie data generated

,si,g these patlrs. 1-he stronger a criteria to bc fLrlfrlled is thc rnorc paths are nccded to gcncratc

the data. Sgnte 6f the typical critcria usccl to gcncrate aLltorllated tcst data are givctl bclow'

Branch coverage

Statcntcnt ('or cragc

Patl-r Coverage

Condition Coverage

Mrrltiple Condition Coverage

l4
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2.7.4 Problcms rvith Automated 'f est Data (icncration
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Test data generation is a complex problent. Because of the complexity' of test clata generation

most of the work in Iiteratur.e lbr test data generation results in programs tltat are Itot sLtitahle ttr

test real life ptoblerns.

Arrays and Pointers

Array,apc'l pointers create coniplicatitlns r.rten generating data becar-tse thev are ntlt actual

variable bLrt they contain the addrcss of thc actual variables location. Ihc acttral rariablc is rrol

known so this causes problenrs in thc substilLrtion and rrrakcs tesl data gcneralion ttlorc

complicatecl. A solution to this prohlem was proposed by Ranrarnoorlhl'[63]'

Objects

Objects arc e.,en more coulplex than arrays and pointers.'l'hcy are tt'tustlv dvnarnicallr'allocatcd

and there exist the concepts of abstract amays. inheritance and polyrnorphisnl to turther

complicate the matters.

Loops

Loops are responsible for the repetition of the code in the progranl. Most of' the tinles the ntl of

these repetitions that will take place is not known. they' usually depend on a variable' The loops

are problernatic onlr,' if they' lic in the rmspecific part of thc prog.rarrls patlr bccausc to g.cl)cratc

data lcrr a lgop it is irrrportanl that thc path lbr the closccl lbrrn ol'thc loop is prcscnt'

Ramamogrthy [63] suggested a solution fbr this to execute the loop a rauclomll chosen nurnber

of tintes. Thc nuurber is choseu eitl-rer b1'the use or by the system.

Modules

programs are usualll, dil,ided into modules an<l tunctior-rs. Tl.ris causes problems becatlse the

called flnction's code is often not accessible because it rnostly lies in precompiled Iibraries so a

courplcte analvsis of thc lunction is rrol possible. Rarnarnoortliv suggestecl to use thc inlincd

version ol- thc callecl firnction to overcome this problcrn or to anallze thc lirnctiorl lirst and

generating its path separately' 1661.

25
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Inf'easible Paths
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Inf'easible paths are the paths in the flou'graph of the svstenr that catrtrot be t'eached. ln test datit

generation the test cases are generated based on the path provided b1' equating the path and

finding ir.rpr-rts to travcrse the pa1hs. This becomes verv diffictrlt rvhctl lhc patlt that nccds to bc

equated to t'irrc'l the input is inf-easiblc. l'he only knorvn solution in thc literattrre- lbr lhis tcr

exercise tl-re path a number of times hefbre concluding that it is inf'easible and that an alternate

path shoLrld be taken.

Constraint Satisfaction

All the testilg methojs have to deal with constraints but test data generatiorr I atlected bf it tnore

than other methods because there are firnction calls in the progranr ancl due to this s}'mbolic

execrrtion is not possible. Search rnethods arc usualll'rrsed to solr,'c cortstraints 166.67- 63. 61.

64).

Oracle

It is really iprpofiant to have an oracle in automatically'generatcd tcst because the nurltbel'of test

cases p,enerated is usuallv very'high plr.rs sonre test cases produced nright bc inconccivable- but

the problelt lies in generating the test data's oracles, To getierate an oracle either extra

information about the specifications has to be provided or asserts Irare to be iuserted itl thc cocle.

2.7.5 Metaheuristic techniques for test data gencration

't-hc Meta hcurislics algorithrrrs havc been Lrscd by'rnanv rcsearchcrs in thc rcccnl -rcars [69. 701.

The search based algorithprs are highll, adaptable and ideal for the soltttion of any' problem that

is classifiecl as NP-Complete or even NP-Hard. These programs hal'e been applied in the

following areas of test data generation.

. To cor-nplete the coverage of a program under test. u'hen it is beins-I test usirtg a u'hite hox

testing strategl'.

F.xercising particular parts ol'aspect of the Systcrn ltndcr test according to thc

specifications.

26Multi-()h;cclrrc W'ltolc tcsl Srtttc (;ctlctal loll
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tlrc svstcttts sal-ct1 and dispror,e 8.re)'-l'o aulottraticallY lalsi I"r

box properties.

To verifl' non-fttnctional

asscrtic'rtts and regarding

properties ot'the s1'stetn lttldet' test.

Techniqges like simulzrtecl annealing. hill climbing and genetic Algorithm are popular anlong

researchers flcrr the Crealiotl of autonlated test data gcnerators.

2.8 Whole Test Suite generation/Evosuite

When a prograut is beilg tested under structural testing. tlsually stlnte sort of coverage criterion

is to be satisfied and the (esl cases arc gcllelated with that aint in rrrinc]. Rcccnt advarrccs shoN

that non it is possible to automatically' gcncrate test cases for a nroderatclr sizcd systcm. 
'l'his

approach that is used to do this is that tcst cascs are g.enerated to salis{-v caclr goal alier

considerilg ever), goal separate[1,. Though this strategl' works. it has the fbllowing maill flau's:

T'his techniclgc assrrntcs that all the coreragc goals are cqrrallv irtlportant.

It is assumed that all the covel'age goals are equalll' difficult to reach. while irr leality

man,v test cases are infeasible. these test cases are impossible or really difflcult to reach

and tlrey takc up a lot o1'slStenls liruc ald ef'lbrt to ftandlc.

The techlique also assumes tliat the goals are all independent of each otlter br'rt actuall}'

that is not the case. when one test case is targetecl. it resLrlts in an auttrt-nittic ctlverage tlf

rnaly, other covcrage goals. 'this is callcd collateral coverag,c [72] or scrcrtdipitoLrs

covcrag,e.

ft rrnriin', I n tit;tl t{::st Stlllt-''-' lvl,n r"nIr:,(: 1{}._rt,]Ll titr

'"r./ 
jlh ill.-lxl'll I :+.1 r:ait'P lilfl e

)

f-d{t t,F+-
I l't't','' -- -Eiry
I Lni .r1 I . tm:L-ii'- ! r-
l,'',', i,l ti4,',-i' \,.[ liuAtffr. - fiTf)ffi--l_1fri-E

F-

l->t,.
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Wholc test sLrile gencration/F.r'osLritc is a tcchniqtrc that gcncratcs a lcst sr-ritc that trics to

optimize the r.n,hole test suite at ()nce u'ithout consideriug oue c()verage goal at a time. The test

suites generated this wav are neither affectecl b1 the order of choice ot' the co\ret'age goals to

satisl.v llor are thcy aflcctcd bl the inlcasiblc parts ol- thc slstcl)l ttttder tcst. l-.r'osltile- t-tscs a

search based tcchniqLre to evolvc a population of tesl suites to find a test strite that achicvcs

coverage based o1the coverage criteria of choice. This technique inrproves the folloi.ling aspects

of the test suite optimization research area [71].

It handles dcpcndcncies antong the prcdicates'

. It handles test case length d1'namicall!,. so tliat the exploratiou is not afl'ectecl br a fixed

sizc test cases and tcst sttites.

Below is the psegclo-cocle firr the r.r,hole test suite optirrization sofiuare also knou'n as [vosttite

Mult i-Ob.i ective Whole test S u ite (l enct at ttltt l8
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Algorithtlr I Thc lc'llutiu Itlgot'ttltttl rrPlrlie tl rrt Er r iS t Il I

1 r'tttt', itt-1 t,tltttltttit'tt (- geltt'r;.ltc t'lgttltrtll [)()[)l.lItttitrtt

: I'€[]etrt
. Z - L'litc trl' ( tttt't trt-1 t"t'trl'rtr"tt

r n'hile lZl + l' "r't'' rtt-1"'1'tti'ttl"tt cltt

, f', f'a - sr'lt'e I t\t o 1ll.ll'c'l]t: \\ ith rlttlk rclct'titrtt

, it e l'()\\()\ Cl' pl'(tl'rlrhilrtr tltell
- ( )1 .{ ), 4- tr(}\\()\ ct' fi f!

else
( )t.( ): (- f 1 f':

lllutltte' ( /t ;11111 ( /"

l!, : ttttttl l'ittrr 't.'(f i't.l rtrtr '''(f)' r'r

.l *, -- !ttrrti'.lrttt' '-''1()ti ttlil' --t()''\\
ll, : i, tt,f lrt f'1t - l, tt'1tltt I'2i
ir, = lr rt,ltlri(/t \ * l' tt'1tltr()1)
'I 
l; : tru'.t irttiil.it[trlrl ttl'' ii !'t't ttt1"t1'rti"tit'tt

if lr,'' tt'','iIrs-tl' lr' . /l''tlrett
fot' r ) in "{( )1 .t ),1 1ls

if lr rtrltitt()t' ) l' r"1tlt\ lll i thetl

Z -- Z I {()}
else

Z +- Z | \I\ t'r. f'21

else

2., Zt lf', I:|
t ttt!t ttt-1 x'1'rtl'ttt"tt *- Z

until :oltrliort tirtttttl r)l' ltlltritttttltt l'1.\()tlfcL.\ sl)cllt

Irrs]..l.PscLrclo.ctldc.ol..WholetestSrritc(icneratrtlrr.[71]

2.9 Meta-heuristic techniqueso Evolutionary Algorithms/Genetic Algorithms

The riteLar meaning of the word heuristic is something that lielps to learn- discover or s<llve anY

problcrn throrrgh expe rirne,tal metlrods cspccialll' thror-rgh trial and crror' Itl thc tlclcl ,1"

,:

Multi-Ob.iectrvc Wllole tt-st Stlltc (le trcratltltt
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compLrter scierce a Ser,rristic techniclue or algoritlrr-n is un algorithnr that tlrrds atl apProritlute

solution tbr an1, gi'en probrem firr which trre classic algorithms courd not fir'rd a precise solution'

Heuristic techniques provide an approxinrate solutiun firr the problenr at hand which tneans that

the solLrtio. providcfl rna' not bc thc bcst solLrtion lbr thc problcrtr btrt it is still a raltrablt-

solrrti.rr bccatrsc tScrc cl9 rrot crisl anr algorithrns.tharl *orrld proridc a c'lcllrritc soltttit'rtt lbr thc

problem vet and this solr-rtion is provided in a reasonable tinre f}an]e'

Meta means he1'ond or somethirrg that is of a high lel'el. So a Meta-Heuristic techuiclr:e is a

techniq,e that perfirrrns better than the regular heuristics. The ternl Meta-Heuristic u'as pt-tt

tbrward b1, Frcd Glovcr (Frcd 1gg6)[73]. A Mcta-llcrrristic is sonrclhirrg that cornbirlcs othcr

hcuristics lo;rroVidc a better hcLrristic solution. Anotlrcr thirrg cornmorr is all tlrc Mcta-llctrristic

algoritl.urs is that the1, all contain a search space which they trar,'erse to find a solution and thel'

keep r.anclonrizilg tlre sclltttions t9 cgver as much alea as possible and n6t diyerge t6uards the

local optirra.

Solr-rtions of go.cl quality can be filund within reasonable tinie but there is tttl guaratttee that the

tcch,iqrrc vrill dcfiuitcl-r- Iind trrc solution. i.c. such tcclrniqucs clorr't *ork 100nzi' titt'tcs' All Mcta-

tlcr-rristic tcchniclucs. erccording to (r'oss 2001) arc stritablc to global optirrtizatiorl'

.l.rro r,ain l'catures irr all thc nrctahucristic techniqucs arc intcnsillcatiotr atld dircrsillcation or

also known as exploitation and exploration (Blum and Roli. 1003) [74]' These trt'o work in

opposite directiori and are the opposite of each other'

Exploration/Diversitication: Dil,ersitlcation means to introcluce runcltlmtless to the solt-ttion so

that m.re of'the search space is coverecl. The more cliverse the solr-ttions are the n-rore global the

locus of thc scarclt bcccrtlles.

Exploiration/Intensil-rcation: Intcnsification nlcans to focr.rs on onc arca irl thc scarrclt knor'ririg

thar bcttcr soltrtions cxisl in thal arca. 'Ioo nrLrch litcrrs orr irrtcnsitlcaliorr catr rcsrtlt in a solttticltr

that is localll.optinral and ignoring a better solution that erists glohalll. ,A gtlocl balattcc betrt'eetl

the tw,. should be firuncl to achieve a better solutior.r that is capable of finding a solutiol.t thror"rgli

intcnsitjcation ancl can also locus on the global optima'

Multl-Ob.icclivc Wltolc tesl Strltc (lcttct'allott i0
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2.9.1 History
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Heuristic methods have been used during 1940s,.50s and 60s in applications to soll'e problems

but the1, were not used a s a scientitlc method fbr optir.nizatit'rt'rs. The breaktl'rrough firr tlre

lieLrristic lechniqrres cante with.john Ilolland's Gcnetic Algorithrn..lohlr Ilollarrd itrlrodtrcecl tltc

genetic algotithnr in 1960 [75] afler rvliich l-..1. Fogel [76] dcr,'clopeci Cenctic l)rogramming in in

1966

In 1983 kirkpatrick [77J developed Simr-rlated Annealing. which uas iltspirec] bv the altttealirtg

process of the metals. Irr annealing the nretals are heated at high tertrperatut'es and then cooled

down slovrly' to rcduce their brittlcness. ln sinrLrlated annealing thc algorithms slowlv dccrcases

its acceptance of lower fitness soh.rtions to improve the corning popr"rlations while exploring thc

sealch space. In 80s Irarmer et al developed the artifjcial It-trntune s)'stents and the Tabu search

by Glover u'as introduced too.

In the 90s Ant Colonl, optimization Algorithm by Marco Doringo [78] u'as published. This

algorithm was inspired by the social behavior of ants. .lohn R Koza wrote a book on (ienetic

Programrning and .[arnes Kenncdy' atrd RLrssell C. F.berhart [79.] irttrodtrccd the l)article Srvarnt

Optinrization. ln 1997 R.Storn et al deleloped difl'crclttial cvolution which prc'rvccl tnorc

effective tharr the genetic algorithm in manl applications-

2.9.2 P opular Meta-heu ristic Algorithms

Some of the popular Meta-Heuristic Techniques are as firllor'r's.

o Sintulutecl Anneuling 176l: In each itcration. tltc algorithm decidcs 10 nlovc the system

fronr the clrrrel)[ state's'to sonre neighborirrg state's' rvhich cr,entuallv lcads thc srstetn

to a state of low'er energ!'. This process is repeatecl urntil the slstern reaches a state tliat is

good enough for the systenl.

o L,t'olriiotl(u')' ulgorithnt.s [75l: Ol'all thc Mctir-hcrrristic tcchnicltrcs availablc ilt litcraturc

the genetic algorithnts zrre the most popLtlar. the reasolt fbr this is their high adaptabilitl'.

rn,ith little or uo nrodiflcation thev can be applied to a problenr ol anv d<lntaitl. (ienetic

algorithrtrs are bascd on thc theor-v- ol-natural selcclion by ('harlcs Daru,itt. l'lrc proccss is

3tMulti-Ob.lective Whole test Suite Gcnelation
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nlainr-v divideil into three steps. selection. crossover arrd mutation. The p.pr-rlation <rf'

given solutions is optin'rized usir-rg the three steps to flnd the required solution i'e' the

soluliorr with thc high cnor-rgh fitncss valrtc'

Di//ercntiul Et'rtlution: Differelitial evolution is a \ector basecl r'ersion of the genetic

algorith,r. It does e'erl.thing in terms t>f 'ect.rs. 
the p.pLrratio, is a set .f'r'ect.rs' The

thrcc main stcps lllutation. crossovcr and sclcction arc pcrlbrrtrcd on t|c r cctgrs'

.jnt ('olortt'Optinri:ttlirtn l78l: Arrt ('olorll optimization is it techrtique that is based ou

the behavi<lr of the ants when thev collect fbod. Ants IiYe in large colotlies which cati

rcacll uplo 25 ntillion. $hcn atl ant f-rrrd a tirod sourcc it lals a path ol- pltcrtlttlorrc to il

u,hich can bc traced b1' othcr ants to and lronr thc lood Sourcc' But thc tracc ol'

pheromone is not permanent: it er,'aporates ctltlstantly. which means that the path that is

travelled mor.e by- the ants is a better food sottrce than the one that is travellecl less This

idca is used to find tlic best lbod sorrrcc that is thc bcst solutiorl tiorlr all thc availablc

solulions.

t Bcc (',0lont' olttintizuliort'. Bee Colonl optimization Algorithm ltt0l is a techniqtte based

orr thc bchaviors olthc bees whcn thcl lbrag.c lbr [lo\\cr patclics' wlicn a bec finds good

llowcr patch it collccts thc ncctar arrd rcturrrs to thc hivc a{icr Nlriclr it pcrlorrns a rvagglc

da,ce tlirough rn.hich it communicates the locatiorr of'the tir.cl s.urce. If the.e afe nrore

than one fbocl sor.rrces al'ailable the bees divide their fblces so as t() ntaritnize the rrectar

collcctcd [}om the llorvers'

o Pur.tit.le st.t,urm oplintizutionlTgl:This Algorithrl is based oll the beliavior of'the swarms

of flsh .r.birds when they flock or school. The particres (solr-rtions) are r,.red through

the spacc touards a global optillla rvlricli is corrsLanlly Lrpclatccl rvhilc othcr particlcs kecp

linding bctlcr solr,rtions. Ar thc sarnc tinre the particlcs irnnrccliatc rllo!clllcltt is gtridcd b1

its own best known location. but the particle shows rancronr nror,'ement too. This wa1'

eventuall) the w'htlle s\^arm is nitlved touards gltlbirl optillla'

o 'l'ubu ,Scrrt't'h [8 ] l: I abLr scarch rrscs tlic r)lclllOr\ or thc scarch hist.rl irr its

co,rputatio.s. The tabu zrrg.rithrn makes a tabu rist .1' recentr' r'isited triecl s.lutions

il
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ghich helps it to iguore tlie l<lcal solutions. In the l6ng rut-t these tahu recgrds ltelp sare a

large amount of tirne and hence impror,'e the efficiencl ot'the search'

llurrrtom'Scurc'h [82-]: l'his algorithm is bascd on thc tnusiciatt's vrar of- vrorking"l'hc

musician r.l'hen he has to improvise has three options. I ) He call presellt the piece as is

without a11, ad.lustltletlts" exactl)' as he remenrbers it l) Plat' sonlething similar but

slightll ad.lrrsting thc pitch a bit. 3)Crcatc a nc\\ picce trsing rattclottt notcs"l'hcsc thrcc

Steps Correspond 1o thc usc of lhc scarch SpaCC. tlrc crcatiort O1- ncw irldir,'icltrals and tlic

addition of randomness to the solutions'

t'irefl.t"4lgot.ithtns [83.l: l'irct11' Algorithnr is basccl on thc rtrating habits ol- real lrrctlics'

A tireliy is attractcd to arrotlrcr firctll bascci ort its brightrrcss. tlrc attraction bctN'cctt trvo

flreflies decreases based on the increase of'distance between thelrl. So if tr'lo frreflies are

considerej the brighter one u'ill attract the dimmer otre but if there is no clitl'erence in

their light than a randonr movc is made. In tcrnls of thc algorithm thc fircflics arc thc

potcltial solr-rtions and tl'rcir brig[tncss is dctcrrrlirlcd b1 thc position [hc1 hold in thc

search space.

2.9.3 Genetic Algorithms

Ge.ctic Algorit6,rs [75] arc thc nrost poprrlar rncthocls r.rscci lirr optinrization. l'his algorithrn is

highll,aciaptablc and thus can bc applicd to problcnts ll'orrr rnanY clottrairls $itlt casc. l'hc basic

idea behin4 tlie algorithm is based on the theori' of'natural selectitln b)' c'hal'les Daru'in fiorl his

hook Origin of SPecies.

Genetic Algorithms are applied in manr,diffbrent flelds to flnd solutions firr difllctrlt problems

incl,ding. atrt.r,otivc dcsigr-r. cnginccring dcsign. robolics. ships atlci tclccottltt-ttttrications

routing. cncrvption and cocle breaking. marketing ancl conrrncrcc. gcnelics and hardwarc dcsign

etc.

-l.hc main bod-,- ol a Cicnctic Algorithur has 1l-rrec main parts. Sclcctiorr- Crossor"cr altd

Mr.rtatior. The irritial population on which the genetic algorithm is rltn is stored in a popr-rlation

pool. Indiriclr-rals of the population are assigned a fltness Value based otl how r't'ell thel' display'

Multr-Objcct lr c Wltolc test Sultc ( jctlcrat tott
.) -)



CHAPTTR ] BA('K(;ROTIND

the qualities \r.e .eecl. A predefinecl numt)er of incliricluals f}om the popLtlatiotl are chosen hased

on theil titness to appll the three steps oll'

Selac.ti.r..Selection is the pl.ocess in wliich the indiviclual fiom the population are selected ttr

apply,crossovcr on thetn.'fhe selection is done bascd on thc fitncss lirnction of thc population'

.l.hc bctlcr thc fit'rcss ol'thc indi'idr,ral thc grcatcr thc chanccs ol- it gctting chosctl arc' oncc thc

individuats are chosen the next step is applied

cro.s.,soyer.;The selected indil,iduals are crossed over to firrm a neu set of child population' In

crossover trie ir.rdividnals are broken and swapped at a point w'hich is usually randor.nll' chtlsen'

l-his ca. bc iloue in malv g,al,s brrt thc sinrplcst wav is tlrc sir-rglc pc-rittt crossor"cr'

rvlrturirn Triis part is used t. introduce randomness in the solutior-r so tliat they can better co'er

thc search spacc.

IVI rr ltr-()b.yectrvc Wholc tcsl Str ltc (icllcrirt totl
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After mutation. the restrlting chilcl

criteria. If a soluti<ln is fbuncl- the

citlicr a rcqrrircd fllncss is achicr cd

uA('K( iR( )t;N [)

populatign is checked firr a soltrtion that fulfllls gur fltness

search is halted. if p6t the wh6le process is repeatecl until

clr ar prc-dclrnctl ntrrrrbcr Ol'itcrati()lls ilrc cotrrplctctl.

litr t,. t rgrr rv t1 lr cr.t iarrr l-t rrb,rl't lt tr

I

-- 
-.1 \
J

Irrg 2.5: Flow Diagrarn code o1'a Genetic Algorrthrn

35

-r

r\Pl-,1 \ \-l r)t\('\ ('1

M ulti-Obicct r vc Wholc tcst S lr ltc (l t-ttcrat ton



BA('K(;ROt1N[)
CHAPTER 2

Multi-Obicctrvc Wholc tesl Suite (lcncratrott i6



Chapter 3

RE, LATE,D WORK



CHAPTER 3

RELATED WORK:

There are ntlnter(lus techniques filr Test Sr-rite generation

techniques proposecl in recent literature are listed belou'

RELATID W'ORK

ancl ntinimization in the literatr'rre: the

3.1 'l'est Suite Generation 'l'echniques

Tecl.rniques and algorithms pr.oposed in recent literature fbr Test Suite generation are as firllows'

3.1.1 Pacheco el at (2007)

lrr this rvork thc rescarchcr dcscribcs an arrtonlatcd Lrnit tcst casc g,cncralor callcd Randoop'

Randoop uses a techniqr-re that is inspired by random testing which is based otr executiotr

teedback. Feedhack is gathered b1,- executing the test inputs at the time .f creati.r.r. Tlie tests

gcnerated arc unil tcsts. RANDOOp [4] creates rnethod seqLrenccs incrcr.nentallr'- br randottilv

selecting a rnethod call to apply and selecting. arg.Lultcnts lionr prcviousll collstrLtctcd scqucllccs'

As soon as it is created. a ne\ seqLlence is executed aud checked against the set ot'ctlutracts'

Sequences that lead to contract violations are o1ttput to the Llser as ctlntract-r"iolating tests'

Secluences that exhibit non-nal behal'ior (no erceptions arrd no contract Violations) are output as

regression tests. Irinalll,. sequences that erhibit illegal behavior are discarded. onll' rrormally'-

behaving scqLrences are used to gellcratc new seqLlenccs'

[,imitations:

The tool is too code dePendent'

It tloes not perfonn integration testing since it generates tests tirr each unit separatell

3.1.2 Harman ct al (2010)

The researcher in this paper takes some basic steps

the autontated test data generation problem' nlaking

towards tackling the re-formulated l'ersit>n

the follou'ing colltribt-ttions:

ot'

M u lti-Obiective W hole test Str ite Cierreration
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lt introduces a new, way to handle the problern of search based structural test data generatiot-t. it-t

r.r,hich the,taiu tu6 goals are that tlf maxirnizing corelage and nrininrizing test sttite size. u'hile

keeping in mind tlic lact that thc hr.rnran oraclc costs that uill incrrr in cascs ol-corrtplcr Ycst

sr_rites and it iltroduccs thrce algorithms that lbnn the neri tcchniqrrc tbr test data g,ctlcratiott

using search basecl testing [51. Tlie technique seeks to tlse test inputs tlf such a kind so that the

collateral coverase is maximized along r.lith the targeted bratrch c()\'erage. In this the total

number o1'tcst cascs r.cquircd to lirllltl thc coVcragc critcria is rcdLrccci'

Limitations:

The proposed algorithnts aIe unable to handle inf'easible branches'

3.1.3 Ribeiro et al (2008)

The fbcus ()f'the researcher in this paper is to enlplol genetic algorithrus to senerate ttnit tests firr

the SI.iT. w[ich is an ob.iect orientecl.iava program. Stronglr t1'ped genetic programrlipg is used

to evolVc the tcst cascs'l'hc rcsults are traced using irrstrurnlcntation. the objects atrc instrulllcntcd

to track the traversal olthe SU'f by the gcnerated test data.'l'he search proccss givcs prioritv tcl

the test cases that traverse the problematic areas of the code and the control flou grapli' Test

obiects'ia'a Bltecode is used to perfirnn instrunrentation anci static atrallsis of tlie slsterrl [6]'

Inrporatant contributior-rs ccnsisl ot'thc introdrrctic'rn ol ir-tnor,al.ivc ntcthoclologics lbr aLrtorttation'

search guidancc torvards early coveragc ol'lrotrblcson.rc parts and rcdtrctiott o['thc input dotttaitt

plus a tool called eCrash is presented which autotnaticalli'generates test cases.

Evolutionar,v- ('omputation in.lai,a (EC.l) package is r-rsed tirr the representatiott altcl evolutitln of

the test cirses. Linearization ol the ST(}P trees is usecl to generate the source code tirr the test

cases. The tree linearizati<lu process procluces the method call seqttellce: the stlttrce-c0cie is

generalcd br lrarrslation ol- thc rncrhod call scqr.rcrrccs using thc rnctlrod sigtlalttrc cncodcd irr

cach nodc. l'lic (.1-ci noclcs that arc trar.,crscd bl'thc lcst cascs arc rcnlovcd liorn lhc ttncovcrcd

nodes' list. The search ends when there are no uncovered CFG nttdes left or a pre-defined no of

iteratiorts are tnade.
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Limitations:

The propose<J techniclue e-crash d<les not consicler collateral coyerage'

'l-he tool is code dcpcrrdcnt ancl locuses onlt'on ob.iccl oricrrtcd paradignl in 'lara'

3.1..1 l'onella et al (2004)

ln this papcr. an evolr"rtionarl,'algorithnr is exploitcd to prodrrcc ttnit tcsts lor classcs

auto,raticall-"- t he chromosorncs that makc up the test cases arc thc responsiblc lbt thc dccision

of what metSotls need to be calleil. u,hat ob.lects are to be created alld w'hat input r'alues are to be

used. Mutation is perfirrnrecl on the test cases with the aim of' maximiziug the search space

covcrcd. l-.urt5er dcscription ol'thc algorithrn arrrl a ftrr irnplcrttcttlatiotr dclails arc clisctrsscd

below.

.l.hc 
basic proccss lbllow,cd tbr tlrc unit tcsting ol- classcs consists of thc lollorving stcps'

applie<l to each nrethod of the cLlT and possibll'repeated under clifterent ereclttiot] cotlditions:

1 . Obicct crcatiol'l ol'tllc class rrsing anv ar ailablc c6tlstrttctors'

2.'fo bring the objcct to a desired state a sequence of rllcthod calls is cxcctrtccl'

3. The rnethod currcntlv bcing tcstcd is callcd'

4. '['o asscss the rcsrrlls ol'thc tcst

of tcsts is cxarnirtcd [71.

cascs CxecLrtion thc llltal statc ol- thc ob.lcct alicr thc Cxccttttotl

This proccdure can bc applied lunctionally (black-box tcsting). b1' dcrir"i^g thc cxpcctcd llnal

states fr.om the class specifications. The thoroughness w'ith u'hich the testing is dotre can be

assessed using s.,,e co\,elase criteria firr testing. TraclitrtlnaI cttverage criteria (ri'hite-box

testing) can bc usccl. fbr c.g. strrrctural (likc statcmcr"rt. branch) covcragc Or data llorr (c'g" all-

uses) coycr.agc.'l'hc abor,,c stcps can bc rcpcatcd rrntil thc rcquircd co\'crag,c is achicvcd'

M Lr lti-Otr.iecti r e Whole test Str i te Cierreration
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Limitations:

The proposed techniclue cautnot handle inf'easible paths or collateral co\erage.

RILATTI-) UJORK

Tlie techlique t6cuses only' on obiect oriented paradignl atrd unit testing.

3.1.5 Wappler et al (2005)

This paper prescnts an approach lor thc aulotnal.ic p.cncratiorl of tcst clata tor a SLI l' that is

object-or.iented. LInit tests are generatecl fbr the svstem using IJniversal EvtllutionaU Algorithms'

These evolutionary Algorithms are provided with popular toolboxes that are domain-independent

and provide a wide rangc o1- evolutionary operators. tJsing the poputar tcsting trarncr'vorks the

generated tcst data catt be converted into test classes [8]'

For t6c prrrpose of irsirrg tlic Lrnivcrsal cvolutiorTarv algorithrns. ob.icct-oricnlcd test programs

are encoded as basic typc valr.re structrrrcs. Mrrlti-lcrcl optinrizations arc considcrcd t0 OPtirllizc

search of the genetic algoritlim. The encoding use<l does not a voicl the creation of individuals

which cannot be decocled back without issues. Therefbre. three measures to be ttsed b1 the

objectivc firnction arc gir.en r.rsing $hich thc gcnctic algoritl"rnr car) S,cneratc more atld nlorc test

classes ovcr titt-tc that can be sttcccsslirlll' clccodcd'

Limitations:

The encoding and decoding of clemcnts adds conrplcxitv and docs not hancile incorlvcfliblc

clements.

M ulti-Objecti ve Whole tesl S tr ite Ceneratiotr 41.



RTI-ATID \,\,0RK
CHAPTER 3

3.2'l'est Suite minimization'l'echniques

T'echniqucs and algorithns proposcd ip rcccnt litcraturc that LrSC covcragc

Suitc rnirtirnization arc as [ollor'r's'

as tltc basis lbr ['est

3.2.1 Blue et al (2013)

cornbi.aloriar 
.rcst t)esign (c |t)). arso krrorvn as cornbinatorial tcsrirg. is a. cl-l'cctivc tcsl

planning tcchnicluc. irt r,,hich tllc tcst spacc is rnodclcd b1'a sct.l'parattlctcrs' lhcir rcspcctivc

'arues. 
a.d rcstrictions o. trre r,,aruc cor-nbinations.'lrrc tcst spacc rcprcscntcd b1 this,todcl is

any assignment of tltre r,'alue to each parameter. u'hich does uot Violate the restrictions'

A subset of the space is then automaticalll'co,structerl so that it co'ers all 
'zrlicl 

lalue

combi'ations (a.k.a i,teractions) tlf er,er1' t parameters. u'here t is usualll a user inptrt' In .ther

words. lbr crcrr sct ol-t paranlctcrs. anv con-rbination olt Valrrcs to thclll uill appcar at lcast ollcc

in thc tcst pl.n (,.lcss thcrc is no valid tcst that contains it. according to tlrc rcstrictiotts)' Irt

general. ore can require difl'erent levers of interaction for difl'erent suhsets of' paranleters' The

most common apprication of crD is known as pairwise testi*g. in u'hich the irteraction tf er''erl'

pair of paranretcrs rnust bc covcrcd. F.ach tcsl in thc rcsult ol-c-ll) is an assigttrrtettl of'r'altlcs to

a1 the para.rctcrs. a.d rcprcscnls a higrr rcvct tcsl. or a tcsl sccnario. tlral nccds to bc tra.slatcd

ttl a ctlncrete executable test'

'l-his uork proposcs to Llsc lnte ractioll-bascd l'cst-Stritc Minirrlizatiorr ( I l'SM ) as a

complementary approach to crD [9]. fbr cases where standard crD may' he best practice hut

cannot be applie<i due to the requirements described above. Rather than constl'ttcting a neu'test

surite that proYidcs tirll interaction covcraP,c. llsM redrtces an cxisting tcst stritc' $hilc

prcserving its intcractiorl covcragc. Si'rirarr' to c''r'r). I|sM rcqrrircs dcfini.g tlic paranrctcrs.l

the test space and their valr-res. but it does not require clefining restt'ictiotts betweerl the ralLtes' It

is tlien gir,,en a test suite. where each test is in the fornl of an assignnletrt of values to the

paranlctcrs. and sclccts a subsct o1-thc tcst sLlitc that prcscrvcs its t-$'isc r,,altrc cotnbinations'

M u lti-Ob.iectir' e W lrole test Str ite Cerreratiort
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Limitations:
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ITSM requires that the set of existing tests be representecl as tuples of'ralttes to palanleters.

3.2.2 Gupta et al (2007)

'fhc kcl,stcp ol-thc approach is tliat uhcn a tcst casc t is sclcclcd into a rcclrrcccl stritc bccatrsc it

satisfies a1 ad6itiopal requirement u,ith respect to some testing criterion C. The follouing is then

checkecl: Among those other test cases R that become redundant u'ith respect to C as a result of'

the sclection ol-1. thosc tcsl cascs arc sclcctccl tl'otn R irrlo thc rcclrrccd strilc that satisfv additional

rcquiremcnts uillr rcspcct to solllc othcr tcsting critcrion. lltus. tltc approach sclcctircll rctaitts

those test cases that are reclundant u,ith respect to initial testing criteriort. if'those test cases are

.ot re<iun<iant accor.ding to some other testing criterion. The approach is callecl "l{eduction u'ith

Selecrivc Redundancy (RSR)" u0]. tt was implemcnted by thc rcscarchcrs and experinrenls wcrc

condr-rctcd rvith scvcral progranrs to cvalualc and comparc thc cff-cctircncss of thc approach riith

prior experiurental stttdies on test suite minin-rization'

[,imitations:

Increascs thc lcngrh ol-thc tcst Suitc as cornpared to traciitional rninintizalion tcchniqrtcs.
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renloves each test case ancl check fitr an1, change in the tltness ot'the test sLtite. ln case tll an1

change in the fltness of the test suite the test cases is retained othet'u'ise it is renroYed.

Main issues with this technique are as firllous:

I ligh rcdurtdatrcv ratc

mininrizatittlt is rut-l

in tltc tcst Suitc alicr tlrc (icrrctic algorilhnl ancl tltc sirrtplc

Itigh ratc of iteratiors rtccdcd to optimize and mili6rizc thc tcst sr'li1c.

Optirrrization and misintization are hoth done separately i e. after Evosuite is rttn' it is

required to rlln the'simple minimization Algorithm'separatelv after that to remove the

rcdurrdant'l'cst ('ascs.

Redundancf isn't completell' removed even after

run.

the 'sirnple ruininrizatiorl Algorithnl' is

'Ihis tcchrtiquc coltsiclcrs onlv onc ob.icctivc attcl

optimization.

its rtrain li'rctrs is covcragc nol

o A nccd fbr a bcttcr.nlorc cl'ficicnr optirniz.ation that considcrs tnorc tllan orlc ob.icctiVc at

thc satnc tinrc is nceded.

O11y 11.1;1xttlte.s,.r is that il'instcad of trsing thc singlc ob.icctiyc gcnctic Algorithnr if ntulti-

Objectir,,c Cicrrctic algorithm is uscd it riill irnprol'c cfficicn$'ol'thc algorithrn"lltc [ri'cr

ob.iecti'es t6 be considered u'ill he coverage and minimization at the sante tinle. we beliere that

this will reduce the nr.rmber of iterations neecled to get an optimized Test sttite and it will giVe as

output an optirni/.ccl as ucll as rnininrized tcst sLritc alicr running tlrc gcrtetic algoritllnr ottcc.'lhc

need lo separatclv optimiz.c ancl rninimizc thc tcst suitc rrill not bc rcqr,rircd.'l'hr-rs tltc tttaitt ainr

of .ur w.rk is to reduce the latencl, rate. the total Ito of iterations artd tlie redundatrcl of the

algorithm alcl improve the gverall ef}iciepcl of the algorithn'r.
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4.2 The Rcscarch limitation

The resear.cl-r gaps in the existing literatttre that n-rotiYated this n'ork are listed helou'

o Alt cxisling tcchniqucs arc cilhcr too prosraltltning larrgtrapc dcpcrrclcrrt or paradigrlt

clcPe rlclcnt.

. The existing approach generates Test Suites r,l'ith onll coVerage in rnind arld clo tlot filcus

ot.t tt'tit.titt.tization [7 1 l'

oMirrirrrizationandoptinrizationarebtlthdoneseparately,.

o 'lwo tcchniq'cs r.rsing rrrulti-obicctivc Algorithrns. to g,cncratc tcst data btrt both ol'thcrtt

do,ot considcr collateral covcrag,c and lail to al-t'cctivelv ol'crcotlre thc issr-rc oIinlcasiblc

Paths ltt4- tt5l

Multi-Obiectir e Whole test Strite Cleneratiott
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IMPLEMENTED APPROACH FOR MO-WTS GENERATION

Chapter 4 a,d .5 inclr.rde the literature sLlrvev of Multi-Ob.iectii'e \fo'hole Test Suite generation'

through u,hich the gaps and shortcomings in the existing techniclues are identiflecl. which filrms

the basis and rnotiration lor our work. lhc cLrrrcrrt chaptcr cliscttsscs tlrc dctails ol' thc

irnplernentation ol-thc approach s'hich w'as proposcci'

.t.hc 
tcst clata g.cncration tcclirriqucs in thc past likc l)acheco [4] cr al and Ribicro [6] ct al wcrc

effectivc ancl cfflcient rncthods ol'tcst data gcneration br-rt nrost o[- tlrcttt $'crc trtcattt tbr rrnit

testing of the systent under test and if the technique was not mealtt for r-uiit testing then it either

hea'il), code dependent of paradigm dependent. Sr-rch techniques are inflexible because of tlieir

lack of g.cncralitY.

Genetic algorithms arc r.rsed to generatc tcst cascs aulotttaticallv in tlrc past btrt all thcsc

tcchniqucs travcrscd thc paths of the control fiow graph based on thc tcst goals. considcrirrg onc

goal at a tirne 17ll. This meatls tliat there is alwal's some collateral coverage invtlh'ecl and Ito

work is <jo1e to overcome inf'easible paths except the classic 'wait till a pre-deflned number tlf

attempts are nrade' aPProach.

The only approach that o'ercame the platftrrm dependabilitl'. code dependabilitl'' collateral

coveragc ancl inl-casiblc paths problcnr is F.r'osuilc [711. F.r'osLritc is a scarclr-bascd tcst data

generatiop tccltniqLrc r,,Iich has cor"crag.c aS its ntail locr'rs' t'hc tcchliqLlc \\aS tcstcd orr

industrial large scale case stuilies and it showed goo<1 results but this techniqr-re d<les not address

the issue of redundant test <jata. So to produce a technique that is rrore efflcient than Evosuite

and *hich chccks collatcral ald inlcasible coverap.c too Mtrlti-Obiectirc \['holc lcst Srritc

generat i on A t gorithrn/teclinicl rrc r'r as inrplcttlen ted'

'fhe ntail rcason or achicvcrncnts in inrplenrcnting this tccltrriqtrc arc as lbllorvs'

o (ieneration of Random test data tl-rat

rtrn of thc Ccrretic Algoritlrrll.

can cover the chosell coverage criteria in tlie single

o Reclrrcc thc sizc ol- thc rcsulting Icst suitc \\lrilc achicrirrg a cortrplctc co\cragc at thc

same time.

Multi Obiective Wlrole test Suite Generation
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Rcdtrcc rcpctilivc covcragc as cc)lllparcd to F'rosLritc'

The implementaticlri gives positir,'e results and hence is an encoLlragement to perfonn

morc rn,ork in this dircction irr thc firttrrc.

Rcdrrcc thc nunrbcr.ol-rcpctitions rcquircd to aclricvc llrc clcsirccl cor,'cragc o1'thc choscn

test goals.

Thc techniquc is platfbnn. code and paradignr indcpcndcnt and can bc casilr'

implemented in an1' programming language without an1' n-rodiflcation t6 the basic

Aluorithm.

'l'lrc tcchnique is Ilcxible cnor-rg,h to bc casilv nrodifiablc uithottt losing cl-ficicncr'' It

easill, be inrplemented fbr a different coverage goal from the one chosen in our work

it will be.iust as efficient-

5.1 Implemented APProach

The approach that we implemented is called 'Multi-Obiective Whole Test Suite (ieneratiotl'

and thc dcraits abourl this approach uill bc disctrsscd in corlrirtg scctions ol'lhis chaptcr'

The Existi'g Approach known as'Evosuite'is a single obiectiie genetic algorithm based

techniqLrc tliat lests thc sl,stcrll under-l'est using'bratrch co!'cra8'c as covcragc critcria.,l'hc

initial popr.rlaliorr is gcncratccl randornly. which consists of a pool ol'-l'cst sttitcs.'lhc sizc of thc

Test Suites is left random. Each Test Suite contains a randonr number of Test cases which too

have random sizes. The random sizes are s() that the Iinrit on the size IraV ltot afl'ect reaching the

reqr.rircd goat o1'covcragc. to control the bloat affcct which rcsurlts f}om randonrlV sizcd sr"ritcs. A

limit aficr thc size reachcs a ccrlain nlaxintttnt is kept'

A typical 'lest Case contains inpr.rt ,n,alucs atrd thc cxpcctcd otltptlt but lhc lcst cascs trscci irl this

tool are basecl on Tonella's [7] fbrniat of test cases u'hich creates test cases uith a set of'random

firnctio. calls. initialization statements. and ctlnstructor staterlents fl'or-t-r the cocle tttldeL test' The

code is co,rplctclr ob.icct oricrrtcd so it is assurncrl that at sontc poirlt colllplctc coVcragc is

possiblc.

Multi-Ob.iective Wlrole test Stlite Generatiort

can

and
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Based on the fittress of the Test suites a set nllmber of' test sLlites are selected. These 
-f 

est Suites

are crossed <lver. In crossovel' the test cases afe swapped. which are itldepetrdent of each other as

far as thc codc is concerncd aficr that thc off-spring population is nrtrtated. Mutation in this

approaclr is done one ol'tl-rc tltrce ways randorrrll.'l-lre thrce kirrds of rtttttatiorl is calleci inscrtion.

deletion and moclification 17Il.

The u,hole process is repeated iteratii,el)'Luttil a Test suite with the reqtrired fltness (i.e.0) is

achieved. Once the required fjtness is achieved the algorithm is ternrinated atrcl the resttlting Test

Suite is givcn as an outp'lut.

't'he rcsulting 'l'cst Suite is thcn rnininrized using a Sirnplc rlirtirttization Algilrithll) to rcnlove

any redgndancr, tlrat can bc renror,,cd rvithout alfccting thc coi'crage of tl-re tcst stritc.'l'lie 'sirnple

Minintization Algorithnts' runs the u'hole code to check the frtness after test suite after

attemptitrg to rentor,'e each statement iteratir,'el1'. This part of the iilgorithm greatlf increases tlte

number of iterations required to minimize the systern.

The technique that was proposed b1, r-rs is multi-ob.lective technique. The mLrlti ob.iective Genetic

Algorithrn rrscd in thc techniqLrc is the classic MLrtti-obiectivc Algorilhttl. Nott [)ontirtartt Sorting

Genetic Atgorithrn (NSGA) f87-89]. 1'his algorithrtt uas proposed br Kalrattrrror'[)cb ct al.'l'hc

efficient version of the algorithm was later proposed b1 tlie sarne authttrs and it wtrs called

NSGAII. The algorithm used in this work is NS(}AII Itt8].

The popLrlation usecl is the sante as the existing technique f<lr the purpose of conlparisoll. the test

Suitc and test case sizc is slill randonr as bcforc. lhc sclcctiort part is rcplaccd br" loltrnaltlcl.tt

selection and there arc no\v trvo fitncss furrctions that represcnt tlie tu'o objcctivcs. Itr tlrc cnd llrc

results obtained b], botl-r the techniques ate compared to see if'the h1'pothesis proposed w'as

proved or disprovecl.

5.2 Diagram of [mplemented Approach

o l'lre lirst stcp is to choose the code ttrat will bc our systcln r.rndcr tcs1. Sirtcc this techniquc

is a u,hite-box testing techniclue w'e need the cocle to be ahle to test it using ortr technique.

The Code u'e selected is that of a scientific czrlculator'. This code has 40 firnctirlns which
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can fbl'nt a large nllmbel'of'combinations w'hetr contbined rattdonrll'to torrtr a Test SLrite.

Bolh [-rosr-ritc and MLrlti-Objcctii'e F.rosrrite are itnplcntenlcr] to bc able to cirau a lair

cornparison bctueen tlic trvo approachcs.

First Evosuite is irnplemented in which a randoml.v getterated populatiott of test Suites

optinrizcd bl'ilerativcly nrnning thc gcnetic alg.orithrn on it until a sujtable solutiott

tbuncl.

Secondly,the multi-ob.iective Er,osuite is implemented. The Multi-Obiective Et,ttsttite ttses

tlre sarne poprrlation as that of the F.vosuite i.c. a pool of randornlv gencratcd tcst Strites.

-l'he llrst stcp is to calcr.rlalc thc [ltrrcss fbr all tlrc solutions. rrsing tlrc tltrrcss aclricre-d

with two fltness tunctiorrs the population is dir,'ided ir-rto fionts. The tlrst set of' non-

dontinant solutions are pllt in tl-re first thrrrt and remor,'ed fioni the population. The

dontinanl solutions in thc renraining population are plrt in thc sccond fi'ond F2 and arc

rcnrovcd fronr 1he population pool.'fhis proccss is rcpeatecl until thc xholc population is

divided into tl'otrts.

Alier dividing thc data into lronts. thc crowding distancc of c-aclt tcst SLritc irt cach ll'orlt is

calculated. l'his crorrding valuc and the front value slrou, hou llt a solution is.

The nert step is selection: the data is selected using tountatlent selectton. Itt tottrnamettt

sclcction a sel ol'randorn data is selcclcd and thc fittcst antc)ng lhcrn is cltoscn.

The crossor,'er and mutation remain the same in the rrLrlti-objective genettc algorithm too.

The onl1, clifl'erence in this phase is that nor.t' the r,'alues are chosen tt<lt ot.t the basis of

lltness alorte brrt on tlre basis olthe 'Crowding Contparisott opcral.or'.

After this it is checked if a solution with a desired frtness is found. If not the child

population arrd tl're parent population is combined to ensure elitisrn. This comhined set of

tcst SLritcs lonr.rs thc ncxt population. fhe process is rcpcatcd rrntil a desirablc solution is

tbund.

. The tr.r,o fltness functiorls have conf-licting obiectives

IS

is
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o The flrst fltpess fiurction attenrpts to achieve conrplete coverage. Therefbre it

attentpts to find a solution that covers all the brarrches of the StrT'

,> T5e secencl fltpess firlction's ohiective is to flnd a test SLrite that achieres the

coverage r'r ith ntittimr-rnr possiblc rcpctilions'

o The Chromosome structure is as fbllows: The Main Chronlosonle is each Test SLrite and

the genes are the test cases that fbrm the test Suite. Therefilre when tlie crossoYer is

applicd on thc p.cncs i.c. tcst cascs arc s$,appcd and \\hcn thc llrutalioll is pcrlbrmcd il too

deals *ith thc tcst casc-s (rnodificatiorr. addition or dclction ot-thc tcst cascs) [71.]'

. The gLaphical f-lowof the pKrcess of the implementation phase is shown belor'r'

create a pool of Ranclonrll' generated Populatit'rtt of l-c-st

Suites.

Irnplernent Er.osuite. rvliich is \\:hole Test Suite Gelteratioti

Teihnique rvith the objective of coverage'

Iuiple-ment tlre tire proposed terclrniq.le \\'lticlt is a nrulti-

Obiective Test Suite generation Techniqr're''

Rlp both the tecIniqtles ol] the data tr-ont t}e test liool attd

record the restrlts.

corr4lare the results obtairied tionr nttttlitts the tu ir

inrplenrented approacltes on the Test Data'

Frg 5 l: Stcps ol'tltc rrtrplcntcntcd approach
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5.3 F'itness F'unction Formulae

f it.css lir,cli.n olc ll I)dcals rrith thc co\cragc ol'thc tcsl SrriLc. Its subtracts tltc ttutttbcr o['

col.erec.l ntethods fiorr the total nuntber ot'rnetlrods. to calcr.rlate the uncorered trumhet'tlf

rnethods. Then u.cor.ered nunrber of'branches. r.r'ithin the metliocl ttttcler consideratittn are then

addecl to thc nur-rrbcr o['uncovercd mcthocis. LIsing. tlris rrcthocl lhc ttttcoVcrcd rttctltods and

branches are calculated'

' f(T) - lMl - lMrl +Irt, H d(bk,T)

't is the current Test Suite

M is the Methods to bc exectrtcd

M1 is ncl of methods covered by'the Test Suite'

bk is tlic brarich in thc control flou graph'

B is the total uo of branches to be executed'

d is a {irnctiol thal givcs a norntalizccl r'aluc lor flrc brarlclr distarrcc covcrcd

u ithin a rnethod.

Fitness Function trvo g('l') is rcsponsible tbr thc calcr.rlati0n ol-thc rcpcatcd covcraSc- also knorn'n

as reduntlancr,, in thc tcsr Suitc. tt is calcrrlatcd by adding tlrc nrilttbcr ol'tirttcs litttctions trrc

repeatedl.v- covered irr the test Cases. In this u'av all the redunclant nretliod calls witl'rin all the test

cases in a test Suite are considered.

o s(T) - X#ii MReP1"

- T is the test Suite r-rtlder consideratiorl

Multi Ob.iective Whole test Strite (ierreratiorr
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- MRep is the sum of the times an1'rnethod is repeated within a test case.

- tc is thc test case ttnclcr cortsidcratic'rtt.

5.4 Chromosome design

Thc chrornosoll)e design in thc F.BNF notation is givcn below.

<Chromosonre):: - <l'est Surites>

<Test Suites>:: = <Test ('ases>

<Test Cases>: : : * 
{ <Function calls>l<i nitial ization statements>l<constructors> )

<lnitial l)opLrlation>::: + [<l'cst SuitcP]

<Pararnctcrs): : - e<No ol' Ileratiorrs>

<Generator'>:: " 1'<Test Suite>

<Fitness Value>:::<Target Method - Traversed Method>

<Target Method>:: : Code statements.

<Traversed Metlrod>:: - Code statemcrlts.

5.5 Algorithms for whole test Suite generation

'fhe Algoritlrrn fbr the I-.xisting tcchniqrrc. tlic'-Wholc lcst Suitc Cicrrcralion (W IS Gcn)" ancl tltc

implcntentcd tcchnique -'Mrrlti-Ob.jcctirc \fu'holc tcst sLritc (icncration (MO-W'lS Ccn)"' arc

given below.
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5.5.1 Algorithm lbr Single Oh,iective Whole test Suite Generation is as tbllows:

The Single ob.jectir,'e IvVTS Gen Algorithrn uses the (ienetic Algorithnr to (ienerate test SLrites

which proride conrplele covcragc vn'ithoLrt rvhilc ovcrconrirtq thc issucs of collateral cor,'cragc

and inf-easible path covcragc.'t'hc Algorithm lcrrthc W''T'S Gcn is gir.'cn bclow.

Generate Initial Ponulation

fhe first stcp is to generate the initial population for

consists of randomlv generated test suites of varving

number of Test ('ases lvhile each Test ('ase ts a

statenrents and initialization statements.

the gcnctic algorithm. 'l'hc initial population

sizcs. F.ach '[est SLritc Consists ol'a randorn

set of random function calls. cttrrstructor

ARRAY AllStatements[: (Populate array with statements from the systcrn under'fcst):

...,....Generate TestCases....

FOR(i:0 TO MAXTestCase)

ARRAY TestCase[] : RAND(AllStatements[] )

END FOR

Generate TestSuites.

FOR(i:0 TO MAxTestSuite)

ARRAY TestSuite fl: TcstSuite[ +'l'cstCaseIRANDI

END FOR

F re -s.2. W I S Gen Allrolitlrrn lrritial l)opulation
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Selcction

The second step is to select the test cases based on their f-itness to firrt-n the frrst parent

populal"ion.'l'hc no of tcst Suitcs that arc uscd lbr selcclion is takcn as att ittput 1l'orn tltc ttsct'attcl

the poprrlation size can bc changcd in cach rr.tn.

Select the flttest Solutuions.

FOR(i:0TO MAXl-estSLrite)

ARRAY I'itnessfil : M't'otal[il - Mcoveredfi]

END FOR

FOR(i-O TO MAxPopulation)

ARRAY Sclcctcd[] = max(Fitnessfi)

END }.OR

F i.g -5.3. W l'S Cerr Al.goritlrrrr Selection

Crossover

Crossover

r"rsing One

population

is pcrfbnnecl on

point Crossovcr.

is generated.

thc sclcctcd l'csl

Alter crossor,'cr

Suitcs bv srvappirrg

the child populalion

thc lcst cascs in thc tcst srritcs

ol'thc sanre sizc as thc parcnt

Crossover Selected Solutions.

FOR (i:1 1'O MnxPopulationl

FOR 0:1 'fO MAxTestCase)

Chi ld [i] Li I : Selected Ii] [i to(i /2)] +Sel ected I i+ I ] [(ii2 )toMAX]

Chi ld [i+ I ] [ I :Selected [i+ I ] [ito (i/2)]+SelectedIi] [(i/2)to MAX]

END FOR
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-- ----l

Fig -5 41 WTS (icn Algorithn Crossovcr

Mutation

Mutation is the Genetic Algorithnt is mealtt to maintain dir,'ersitr in the search space exploration.

In WTS Gen the mutati<ln is of three t) pes. A randonr numbet' is generatecl to decicle w'hat tvPe

mutation should be perfurmed. The three possible ty'pes are i. intet'stion ii. Deletion and iii.

Modiflcation.

**,u,,o"o;"o : oor;, ;-;;tt"rrn 

Mutation on the child Population'

......Remove a Random Test Case.

If MutationProb : 1

MutationTestCasell - TestCaseIRAND]

Remove Mulationf'eslCase [RANDI

Add a Randonr'l'est Case.

ELSE IF MutationProb:2

MutationTestCase[] : TestCaseIRAND]

Add Mutation'festCase IRANDI

Replace a Random Test Case.

ELSE IF MutationProb: e

MutationTestCase[] - TestCaseIR,AND]

Modify Mutation'I'cstCase IRAND]

END IF

F is .5..5. W I S Cen Algorithrr Mutatiorr
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Main Flow 0f Alsorithm

The Main flow of the program performs

each iteration until the coverage criteria is

I MPLIMENTED API)ROA(-H FOR '*'TS (i[NtRATION

Crossover and Mutation on the

firlfrlled i.e. the frtness fiu.rction

selected Population

f(T) becomes 0.

tn

Initialize Population( )

........Genelic

F'OR(I:1 1'O MAX Itcration)

Perform Selection0

Perfbrm Crossover0

Perform MutationQ

Check Fitness0

IF (Fitness : RequiredFitness)

Terminate program

Output TestSuite

END IT,

END FOR

Algorithm Iteration.

Fig 5 6 WTS (lcn Alqorithm Marn Prosrarn llorr

5.5.2 Algorithm lbr Multi-Ob.iectivc Wholc Tcst Suite Generation is as follorvs:

The MO-WTS (ien Algorithm uses a MLrlti-Obiective Test Sr-rite hased on the NS(}A II

Kalyanmoy Dcb [3,s1. Two Objcctivcs are considercd instead ol onc. thc additional ob.jcctivc

considcrec'l herc is minimization. fhe Algorithnr is givcn bclow.
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Gcnerate Initial Population

The first step is to generate the initial population fbr the genetic algorithnt. The initial population

consists of randomly gcncrated tcsl suites of varying sizcs. Each l'cst Suite Consists ola randont

nuubcr of -I'cst 
C'ases uhile each'l-est Casc is a set of randorn lirnction calls. constrrrclor

statements ancl initialization stertements.

ARRAY AllStaternents[]: (Populate array with statemenls from the system under'I'est):

... .....Generate TestCases

FOR(i:0 TO MAXTestCase)

ARRAY TestCase[] : RAND(AllStatements[])

END FOR

........Generate TestSuites...

FOR(i:O TO MAXTestSuite)

ARRAY Tesl.Suite []: festSuite[] + l'estCase[tlANDl

END FOR

Fig -5.7. MO WfS Gen Algorithrn lnitial Population

Fast Non-Dominated Sorl

The Fast Non-dominated Sort is used to divide the initial population into fionts based on the two
Fitness firnctions. The non-dominated solutions in the whole population firrm the fir'st fiont. the

non-dorninated solLrtions in the rcmaining populatiorr lornr thc secorrd fi'orr1 arrd this proccss is
rcpcalcd r"rntil tlre wholc poptrlatic-rn is dividcd into fi'onts.
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Calculate both firiesses... . .

f OR(i:0 1'O MAX I'cstSuite)

ARRAY Fitnessl [i] - MTotal[i] - Mcovered[i]

j:1

WHILE NOT End of TestCase

ARRAY [i] : SUM('TestCasetnethodRepetetions[] )

.i:j+1

END WHILE

END FOR

. . . ..Fast Non Dominant Sorting

WHILE ANY POPULATION NOT EMPTY

WHILE NOT END OF POPULATION

FOR(i:1 TO Popurlation)

IF FitnesslLil AND Fitness2[i] > FitnesslLll AND lritness2[1]

ARRAY DominantPool[] :TestSuite[i] AND REMOVE TestSuite[i] fiom Population

ELSE IF Fitnessl [i] AND Fitness2[i] < Fitnessl [i] AND Fitrress2[l

ARRAY Remove TestSuitefil From Dominant Poolfl ANI) Population :'festsuitc fil

Add TestSuite[] to DominantPool[]

ELSE lF Fitnessl[i] AND Iitness2lil I FitnesslLll AND Fitness2lil

Add l'estSuite[i] AND TestSuiteff] to l)orninantPool| ANf) Rernove TcstSuitef il ANI)

TestSuite[] from Population
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END IF

END

ARRAY Front[k]

Fk+1

END WIIII,I..,

:DominantPool[]

I
I

I

Fie 5.8: MO-W l-S Gen Al.gorithnr Fast Norr Dorninarrt Sorl

Calculate Crorvding Distance

Crowding Distance is calculated fbr each solution after dividing the population into fitlnts. This

valuc represcnts the distance of a solution 1l'orr its ncighbors in thc scarch spacc. Solutiorrs wilh

higher r,,alues o1- the crowding distance are given priority during se lection. l''irst [hc crowding

distance according to the first fitness function is calcr-rlated. then it is calculated based ort the

second fitness firnction and finally the cumulative crowding distance is calculated.

...Calcrrlate Crowding distance according to lirst [itness lunction.

FOR (i:0 TO MAXFronts)

Solt TestSuites by Fitnessl

FOR (i:0 1-O MAXTestSLrites)

rf (i:r oR j:MAX)

crowdingDistance I [i] : *
ELSE

crowdingf)istancel[i.] :ABSO[.UE(l'itnessl(TestSuite[-ll;-Fitnessl('fcstSuitcU+ll))

END II.
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END FOR

. . . . ...Calculatc Cror,vding distance according to second fitness lunction.

Sorl'l'estSuitcs by Fitness2

FOR (i:0 TO MAxTestSuites)

rf(i:1 oRj:MAX)

crowdingDistance2Ul : co

ELSE

crowdingDistance2[i] -ABSOLUE(Fitness2(TestSuite[i-l]) - Fitness2(TestsuiteLi+11))

END IF

END FOR

....CalcLrlate The Cumulative Crowding Distance.

FOR (i:0 TO MAxTestSuites)

crowdingDistance[] : crowdingDistanceI U] + crowdingDistance2[i]

END FOR

Fig 5 9: MO-WTS Cen Algorrthnt C'rowdrng Dtstancc

Selection

The second step is to sclect the test cases based on thcir fltness to lorm the first parcnl

population. The no of test Suites that are used fbr selection is taken as an input from the user and

the population size can be changed in each run.

Multi-Objective Whclle test Suite Genelatiorr 64



CHAPTER 5 IMPLEMENTTD APPRoACI-I FOR WTS (JENERAI ION

.,Select a pre-deI.rned number of random test Suitcs.

FOR(i:Q TO PredeflnedRand)

ARRAY RandornChoice[ : RAND(T'estSuite[])

END FOR

...Choose the fittest among the randomly chosen.

FOR(i:0 TO PredefinedRand)

ARRAY Selected [ : Selecl.ed [] + MAX(CrowdirrgComparison Operator(T'estSuiteIi l ))

REMOVE MAX(CrowdingComparison Operator(TestSuiteIi]))

END FOR

Fig 5 I0: MO-WTS Gen Algorithm Sclectron

Crossover

the test cases in the test suites

of the same size as the parent

I
l

i

he selected Test Suites bv swapping

After crossover the child popLrlation

.......Crossover Selected Solutions....

rn: i:i+2)

ie)

r(/2)l+Selected [i+ 1 ] [(ii2)tonzl axl
1 I [ito (/2)]+Selected[i] [(i/2)to MAX]

Crossover is performed on the se

using One point Crossover. After

population is gerreratcd.

r---
IL
I

I 
FOR (i=l TO MAXPopulatiun: i=

I 
FOR U:l TO MAX lestCase)

I 
ChildlilIil:SelectedIilUto(i/2)

L childtilLLif Selected[irl]Lltc
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END FOR

F,ND ].OR

l

Frg 5 I l: MO-WTS Cen Algorrthrr.r C'rossovcr'

Mutation

Mutation is the (ienetic Algorithm is meant to maintain diversity in the search space exploration.

ln MO-W'[S Gcn the nrrrlatior-r is of thrce typcs. A random nunrbcr is gcneratcd to dccidc what

type rrrutation shorrlcl bc- perfbrrned. l'he tlirce possiblc l1'pes are i. insr-rtion ii. [)clction arrd iii.
Moditication.

,rr",,"rrr";: ;^;,;-i,ttt""' 
Mtrtation on the child Population'

If MutationProb : I

Mutation'festCase[l : J'estCaseIRANDI

Remove Mutationl'estcase f RAND]

ELSE IF MutationProb:2

MutationTestCase| - TestCaseIRAND]

Add MutationTestCase [RAND]

ELSE IF MutationProb e

MutationTestCasef] : TestCase[RAND]

Modify MutationTestCase IRAND]

F,ND IF

I-'ig 5. 12. MO-W-lS Gen Algorithm Mutatiorr

Main Proqram Flow
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The Main flow ol'thc progranr perlorms Fasl Non-Don-rinalcd Sor1. Crossoverarrcl MLrtation on

the selected Population in each iteration until the required Ob.jectives aie firltjlled i.e. the fltness

function f(T) becomes 0 and the second fitness function g(T) which is responsible for keeping

track of redundarrt coverag,e becornes zero too.

..Iteratively Run the genetic Algorithm until optimized" minimizcd solution lbrrnd.

Generate Initial Population

FOR(i:0'fO Population)

Fitnessl : fitness(TestSuiteIi])

Fitness2 - fitness('festsuite[i])

FrontIi] : FastNonDominantSort(Population)

END FOR

FOR(i:O TO NO OF Fronts)

WHILE NOT IIND OF FRONT
crowdingDistanceIi] : crowdingDistance(TestSuiteIiJ)

ENI) WIIII,I-,

END FOR

Selected IJ - TournamentSelection(Fronts[])

ChildPopulation[] : Crossover(Selected[])

MutatedPopulation : Mutation(Chil dPopulation[] )

If (Fitnessl(Population)And Fitness2(Population): RequiredFitnessl AND RequiredFitness2 )

Terminate Program

Return TcstSuite[] with Required Fincsses

END IF

Frg 5 l3: MO-WTS Gen Alsorithrrr Mairr Proglrartr Flow

l
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5.6 Case study used for implemented approach

'fhe F.xarrrplc used in tlre case sludy'is a prograrn fbr a'scientillc calcrrlator". All thc lunctiorrs of

the program are dil'ided into classes. There are 40 classes w'hich are rartdontll called to fortn the

test cases. The test cases are randomly cornbined to fbnn test Sr-rites of l'arf ing sizes. The partial

diagranr ol-tlre F.xarnplc Lrsed in the case stllcl)'as a Systern undcr tesl (St I l ) is givcn bclor,r.

The example w'as chosen because it has enough loops and conditions so that it can provide

enough challenge to test. The functions in the exanrple are called b1'the proqlxnl dttring testing

to exercise code and the relevant branch. Evosuite uses a strong exarnple ttl valrdate its cause but

now thc cxample rvill be used to run both the Single objectivc Whole test SLritc Gcncratiolt and

Multi-Objectivc Whole test Suite Cieneration.

The intention is of testing this example through both the approaches. It is expected that our

hypothesis u,ill be proved and we will succeed in making improvements in the technique b1

reducing the number of run and the repetitions in the test SLritc.
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Fig 5 l4: Contrat-lou Dias,r'anr o1'thc tranrplc
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5.7 F'low (lhart of proposed approach

The flou' Chart of the proposed technique is given below. The initial population is generated

randomll'. it is divided into fi'onts and the cror.r,ding distance is calculated of tlie Test Suites in

each fiont. Selection. crossover and Mutation is pertormecl on the selected data and to maintain

elitisn'r the parent and child population after each iteration is combined. This process is repeated

until a l'est SLritc which firlfills both the objeclives is fbLrnd.

Generate N [-ast Non t)orTtinJted \ott talcul.rte Crowdirrg

Ranclorn Test Suites (Divide Test Sr.rites into Distance for the Test

Fronts) Stlitc's irr each Frotrt

Calculate Crou,rding

Dist.-rnce for the Test

Suitcs in each Front

Fast Non Dominaied Sort

(Di,,,ide Test Surtes into
Fronts)

Tourna rrrr.it Srlection

Crossover

Muhtion

Combine the p.rrent lnd No Stopprng yei

child popul"+tion irt orcler Criterr.r

to rn.rint:rin eliti:rn (2N) tr.4etr

Output the
first Front F 1

Fig 5.1-5; Contraflorv Diagram of the Mr.rlti Ob.iective
Whole test Suite Generation Approach
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The tool rvas irnplemented successfllll' and firvorable lesults u'ele iiruncl. This scction of'the

u,'rite-up is der oted to the tool's f'eatures and r.rorking.

Section 6.1 presents the architecture of the tool. tl-re implementation details of the tool are

explairred in section 6.2 and the user interface is illustrated in section 6.3.

6.1 Research Methodology

The diagram illustrating the abstract architecture of the implemented approach is given belou,.

CHAPTER (r

TOOL IMPLEMENTATION:

ir!r'uT]
Systenr Jnder Test

(rNPUrl
SUT Branch dtagram

ilNPUl j

GA?araneters

ACTUA{- SYSYEI.,I

GA lmptementalron

Mullr-OD;echve GA
lmplernenetation

T(X)L IMPLIMTNTATI()N

IOLJTPLIIr

Dafa SEt after
compartsoft

Fie 6. L Architecture of the irrrplemerrtecl a;lproaclr

6.1.1 Multi-Objective Genetic Algorithm Program

Multi-Ob.iective Genetic Algorithm is actually an extension of an existing work. The existing

work has bectt extcnded to fulflll multiplc objcctives simullarreouslv instcad of rrorking on caclr

obiectivc separatell'. Both the approaches usc the sarne tesl data pool and appli,tu,o dilfbrent

kinds of (iA on theru to optimize them,
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6.1.2 Branch covcragc and mcthod covcragc

Our prouranrs basic target is to check fbr the coverage of the nrethods but it checks the branch

coveraqe of the ntethods too. This provides an in depth and thorough coverage check. This

coverage criterion is what one of the rnain filness functions of the systcnt is based on.

6.1.3 Actual Sl'stem

The actual s1'stem is what processes the input and provides results. The two rnain tliings in the

actllal sy_'stcllt arc thc Singlc Ob.iectiv'c Ccnetic Algorithrn ancl thc N,lLrlti-Ob.icctirc Cicnctic

Algorithm.

'['hc 1lo genetic Algorithms are irnplenrerrted based on thc fitness criteria rvc ain.r to achieve. l'he

first part of'the trtain s1,'stem has one fitness function. This tltness firnction contains two parts.

The flrst part is the Ituntber of ntethods that are as 1'et Lrncoverecl and the secorrd part calculates

the number of branches within a method that are uncovered, After contbining these two

calculations thc cornplete fitness tirnction that calculates the ol'erall coveragc achicled br thc

test Suite is lbrmed.

'fhc second parl of the actrral s-v-stem is the Multi-Ob.iective Genctic Algorithnr. 'l'his 
contains

two Iritness tlnctions. The tirst fitness function remains the same. since u'e still need to take into

account the amount of coverage achie"'ed but the second fitness fuurction calculates the

redundancv rvhile achicving the requircd cor.,erage. And it attcmpl"s to ntinirnizc ttris redrrrrdancr.

'l'his litncss fttttction calcula(ed tlrc repcated numbcr of nrcthods ',vithin a rcst ('asc. Arrcl iifier

calculating the sum of the repetition in each test case calcLrlates the cuntulative Repetition or

redundancl in the tcst suite.

6.1.4 Test Data Set

l-he tesl Data se1 contains tlrc

between the approaches. These

by the two approaches is done.

results achieved by' the systent afler tlre cornparisons arc rnadc

results are achieved after a thorough analysis of'the results given
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6.2 Oomponents of implemented Genetic Algorithm

I-he inrplemenled Gcr-rctic Algoritlrnr has tlre tollou,ing cortrponcrtts.

. Gencralion o1'thc initial poptrlation

. ('alculation ot'the two fltness functions

o Fast Non-l)ominant Sort [88. 89]

. Calculation of the crow'ding value

o Perfornring tlie crorvcling comparison operation

o Selection of the Test Data

. Crossing. over o1'thc'fest Data

o Mutation of the test Data

o F.litist recornbination of tlic test data.

6.3 System Components

'fhc [ollorving Scction prcsents thc svslem cotrponcnts of tl'rc Inrplcntcntcd tool.

6.3.1 Whole test Suite Generation

The Si'stem Components fbr the r.l'hole test Sr-rite generation is gir en belou'.

TOOL IMPLEMENTATION
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CHAPTER 6

Initial mcnu

TOOL IMPLIMTNTATION

Irrg 6.2: Main page ot'the tool
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A zoomed vier.l.of'the lett side of the main interfhce

E xecule i ttfit:1tcr.

TOOL IMPLEMENTATION

I ic a! Para*i:i's

?'.sgia', lnSvuct,tq^

ieset

l.lo Df lteratrr:rr 0

Repetrtrcn 1:

The nLrntber cf ltratrons ';;hen Test Surt rs l,trrirltzed 0

Fi-s 6.3: Zoorred Vieu of the Iool
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Iniliuli:e the pt'oce.s'.s hv pre.s'sing the Execule lrunt'lion ltulton After the process is initialized the

Create test C'ases Button is activated and macle clickable.

I

lr -t il!

C

:1
I r{. .., r!.1 I '.."

o -'rle,3 :'

.-?.r t o

-ri ,,(- - Ttr3t,- ,,F",r-".1:-,1 -,r ,, "r a

Fie 6.,1: lnitialize Prclcess

Initial Population Gcncration

Randornll,'generate the test cases bv clicking the Create test ('ases

randomlv generated the selected randont method calls etc. to firrnt

Button. The test cases are

test cases. which are

combined to firrnt Test Suite.
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l- ig 6.,i. Creatc test Cascs

After clicking this button the initial population of random test Cases is generated. Eaclr line

represents I test cases and the numbered area is the part that contaius ntethods while the part

with zeros is the ernpty'part of'the matrix. The flrst test case has 7 rnethods while the [i'l'test case

has 20 methods. This is because the test cases are randomll generated and therr size is kept

r,'ariable. After the test cases are senerated the create test Cases buttor-r is disabled arrd tlle ('l'eate

test Suite button is activated.

Randomll, senerate the test Sr-rites b1'clicking the Create test Sttites Button.

u.. ".

0

rrrEl

l,o l" lrr 3l 
',n

- iP.-)li,

:- n:.-.,:r! rt_,r

I- ig 6.6. Create test Suites

l'his will generate a random number of test Suites from thc test cascs created irr thc prcviotrs

step. After this the Create test Suites button is disabled and the Calculate fitness function buttotr

is actil'ated. The generated test suites and the test cases contained in thenr are shtlwed in the

panel on the lefi.

Multi-Obiective Whole test Suite Generation 78



CHAPTER 6 T(X)L IMPLIMTNTATI()N

Fitness Function Calculation

Calculate the Fitness of each test suite that was generated b-v- clicking the Calculate Iritttess

function hutton. When this button is pressed. the fitness fur all the test Suites in the svstem is

calculated. The calculated flnesses are displa.ved in the panel ou thc left sicie. After this the

Calculate Fitness tr-rnction button is disabled and the Best Select hutton is actir,'ated. Afier this

step all the Iroriz.ontal huttons arc disabled and thc corc GA opcralion arc thc ortlv thing lcli, l'he

buttons fbr thcsc arc listed verticallr,.

ti. Ol 1.fslr1{,

Fig 6 7 (--alculate the Frrtcsse-s
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Selcctirtn

per.firrnr Serecti.n hi, cricking trre Best Serected butt.r. on cricking this br-rtt.n the test SLrites

u,'ith the best fltness etre selected and the blttton fbr selectton is disablecl'

Iltv, !nirsr:l trr'r:r: r he' 1e:L S'r: LE hirn _rie4

l- iq 6.8. l)eltclrrn Sclection

-I.he fitness Valucs of'thc selected test Suitcs is displaycd in thc pancl on tllc lcli'

Multi-Ob.iecti ve Whole test Str ite Cietreratiotr
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Crossovcr

Perfirmr crossover bl clicking the Crossover button. On clicking this btlttcxl the test SLrites witll

the best f-rtness are crossed over and the button fbr crossover is disabled.

Frs 6.9: Pcrfbrm Crossovcr

Clicking this button u'ill generztte the child population after the crossover itnd the resLrlting tcst

Suites are displayed in the panel on the left side.
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Mutation

Perfbrm mltations bt,clicking the ('rossor,er button. On clicking tlris htttton the child poptrlation

is mutated. Mutation is perfilrttred in three dift'erent i'r'a1s

o A random test case is added to the Test Suite.

o A ranclom tcst Case is removed liom the 'l'est Stritc

. A Randonl test case is modiflecl in the Test Suite

The test Suite afier Mutation is displayed in the panel on the lefi. The rnr-rtation buttot.t is clisabled

and the child fitness function is enablecl.

I qr+t:

.--"J;&a

F irr 6. I 0: [)erforttt M tttattclrr

Culcticle the litne.s.s o/ the c'hilrl lnpulutiort. 
'l'hc child populatiort is a ncw sc1 of tcsl SLrilcs

rvhosc [ltncss ralLrc is as )ct trnknolvrr.'l'his stcp calculatcs thc fitncss valuc lbr all thc tesl Srritcs

in the child population. 'l'hc fltncss values tbr the nerv population is displaved in thc pancl orr Lhe

left. Afier this the child f-itness button is disabled.

*?
_t

't't
--t

I

I
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I
I t,',, 

1

t".

ToOL IMPL[MENTA I-I()N

Fig (r I l Frtncss ol'thc ('ltrltl Poprrlatton

After this button is clicked the proglant runs the subsequent iteratiorrs of the (i,A autotrzrtically'

without pressingthe huttons. this is repeated until atest Suite r.lith the coveraqe valr-re'0'is

fbund.
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Once the test Suite r.l'ith the fittress r,alue'0' is firund. The proglarn displa-ls the iterations it took

to generate the result and the zrnlollnt of redundancy in the resr-rlting test suite. If'the displal

functions button is pressecl the test suites functions are clisplaled in the panel on the right side.

With thc Rcset bLrtton the vrhole process can be rcpeatcd uithor,rt haring to rcrLnt the progrant.

6.3.2 Multi-Objective Whole test Suite Generation

The interface and its working for the Multi-Objective Whole'l'cst Suite Gencration is givcn

below.

Main Menu

Starl the program and open the initial fbrm. The initial interface is divided into three parts. The

leftmost panel gives infbrmation about the data currentll'being processed. The horizontal buttons

are related 10 tcst data gcneration activ'ities and thc vertical set of br"rttons arc trsed to pcrlbrnr thc

actual proccss.'l'hc l)arrels on the right displar thc tcst SLritc that is achicred as att otrtptrt alicr

the proccss is donc.

F is 6. I 3. Main lnterface

Thc zoonrcd vicrv of the intcrlace is givcn bclou,.

Multi-Obiective Who le test Str ite Cieneration

d 3"".t.-n..'.:
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['rsElar Inslrucirn

ltnn t-1 ..:'

Iteratrorr

tj

: rsEta_, i-'ararn,:tsrr

!crEEn 1-' lrsEia!, ,jrIlr:rrnt pararnBtErs

E:{Er:ul': Funatr,ln

Firr 6. 1,1: ./.oomed Vierv of the intertace
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Initialize Initial Population

Initialize the prttcess b1 pressing the

Create test Cases Button is actir ated

Execute [runction hutton.

and tnade clickable.

TOOL IMPL[MIN IATION

Afier the process is initialized the

After clicking the 'create test cases' bLttton.

generated. Each line represents I test cases

while the part with zeroes is the empty part

Fig 6 l5 Initializr,'lltc procu'ss

the initial population of'randou test ('ases ts

and the numbered parl is that r't'hich c<lntait.ts methods

of'the matrix.
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0 0

Itirf i !

B**,,.-""-=

t- ig 6. l6: Create test ('ases

Randonrlv gelteratc lhc tcst SLritcs by clicking thc crcatc tcst Stritcs L]trttotl.

E L.-.a.-'fr'.:
I

I

I

i

lir lr-1

i^-.,"
, l--.-

Fig 6.17: ('rcatc tcst Strttcs

This uill generate a ralldom nuluber of test Strites ti'otl the test cases created

step, Atier this the (lreate test Suites btttton is disablecl and the Calcr-rlate fltness

Multi-Ob1ective Whole test Suite Gerreration

in the previous

functiot't hLtttotl
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is activated. The generated test sLlites and the test

panel otr the lefi.

[(X)L INlPLtMTNTATION

cases cotttained in thenl are shtllted in the

F itness Calculation

CalcLrlarc lhc I-itr-rcss o[- each tcst suitc lhat uas gcncratcd br clicking thc Calctrlatc I-itrrcss

lirnctio. bultol. Whcn tlris butlorr is prcssccl. thc tlrst lltncss lirnctiorr lbr thc ctttirc poptrlatiorl is

calculatcd. T'5c calculatcd tlncsscs arc clisplal'cd in thc pancl on thc Icli sidc. Alicr tlris tlrc

,Calculate Fitness function' button is disabled and the'Fitness Function2' buttorl is actiratecl.

I ig 6.I8' CalcLrlate the Iritrresses

Calculatc lhc Scconc] I-itrrcss lirnction lor all thc tcst Suitcs b1 clicking thc'l-itncss l-tttrcliott2'

butto.. Whcp this button is prcsscd. thc sccond fltncss tLrnction fbr thc cntirc populatiorl is

calculated.'l-lre calculatcd flnesses are displayed in lhe pancl on thc lcft sidc. Atlcr this thc

.Fitness firnction2'butlon is disablcd and rhc'Crouding [)istancc'htrtton is actiVatcc'l'
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lA':-,ou';-,-- Z'!::a'

00
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I

lter.i,arn

Irig 6. l9: Calculate the l"itness I;unction2

Multi-Ob jective Whole test Suite Cjeneratiorr 89



CHAPTER 6 T(X)L IMPLEMENTATION

Crowding Distancc

(.alc,late the cr.r.rclins clistarrce .f the popLrlation b1 clicking the '('ror'rclirlg Distarrce' httttotr

when this burtto. is pressed. tu.o thir-rgs are done. The tllst is that the etttire populattotr is dir ided

into fionts bl,performing the Fast No.-D.minant Sort,n it and the. the crouding dista'ce fitr

each individr-ral in all the tior-rts is calculatecl. The calculated cro\l'ding distances are displaled in

the pa.er on thc reft.-r-his conclr"rdcs trre part of thc program rvhich is nrcant to gcncratc thc test

data.

[;, .,, ,'. --

:Lr':.'

lla;n,or

the crorvding distance

0 0

r*'',1, |, I

t,'.1
\". 1t,

I

t-
I

i1
ir
l.:
i'
L:.*

t'ig 6.20: Calculate
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Selection

Perfbrrl Selection b1' clicking the Best Selected

with the best tltness are selected ancl the buttotr

TOOL INIPLTMINTATION

button. On clicking this hutton the test Suites

fbr selection is disablecl.

U ],-,. . ...r .14

_ .1 :l

00

' :lsr_ '
I

te'arlr an

r_.--.-

Frg 6.2 i: Perform Selectron.
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Crossover

TOOL IMPLTMTNTATION

perform crossover b1 clicking the Crossover button. On clicking this button tl-re test Strites with

the best fltness are crrlssecl or.'er and tlre button for crtlsstt'u'er is clisablecl-

F i.u, 6 22. I)ertbrnl C' rossover

Clicking this button will generate the child population after the crossover attd the resulting test

Suites are displayed in the panel in the left side.

Mutation

Perlin.m mututions b1, c'licking thc ('r'o,s.yot'er bulton. On clicking this button the child popr-rlation

is mutated. Mutation is pertilrmed irt threc difl'erent w'ay's

o A ranciorn test casc is addcd to thc 'lcst Stritc.

o A random test C'ase is removed fronl the Test Sr-rite

o A Randonr test case is rnodified in thc'l'est SLrite

The test Suite after Mutntior.r is displayed in the panel on the lefi. Tl.re mutation htlttott is disabled

and the child fitness fiLnction is ertabled.
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[':rer: r-r <:

ToOL IMPLEN4INTATION

00
:r.i r^.rri!...r"irr
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Fig 6 23 Pcrtbt-nt MLrtation

terah J
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(]eneral Program Flot'

Calculate the tltness of the chilcl population. The child population is a neu set of'test SLtttes

whose frtness value is as vet unknorn'n. This step calculates the fitness ralue tix all the test SLrites

in the child population. The fltness values firr the new population is displai'ed itr the panel on the

lefi. Atier this the child fitness button is disabled.

Irig 6.24: Perfbrming Iteratrons

When this button is pressed the program pelfilrrns the subsequent iterations of (iA automaticalll'

without any inten'ention tiom the user. The iteratir)ns are repeated until a test Sr-rite with both its

fitness hutctions as rcro is fburrd. Whcn this is donc thc nurnber of itcraticlns rcquircd to reach

this rcsult are shou,n.'l'hc trvo Iltness lirnctions of-the cntire tcst Suitc are c'lisplaycd irr the parrcl

on the left side.

00

L,:1

:BrL i,r(rttr5

: '7Ji1i \' '
1

l'l
t,
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Displav the r.esr.rlts br clicking the 'displal Iunctions' bltttotl. The test Suite which l-ras the

fltness r.alue tbr b.th its Iritness functions AS zer'o is display'ed ilt tl-re panel ot-l the right side'

when the 'displal tittlctions' bt-tttot't is clickecl'

F iq 6.25: l)isPlav the Ilestrlts

Clicking thc.Start Or.,cr'br.rilorr can allo\\ us to rcpcat thc proccss rritltotrt ltaring to |cstarl thc

proP.r?rn1.
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6.3.3 Calculate Average number of runs.

T(X)L I M PLEM T"N'IATIoN

To calculate the average number of runs the firllowing part of the prourant is used. Thc panel

shown belou,calculates the ar,'erage of the results after rururing the'\['hole test Suite (]eueration'

technique firr a gii,'en number of tinres

A ll€r.iErre:rE w).tn

lnput 20

Number of Runs 100 0

Number of lteration(s) 1

Repetitions 90

lfiinimrzed solution 91

Average of Mtnrmized 87.88
Solution

Run

Fig 6.26: Calculate Averasle of the errstirru approach's resttlts
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The average calculation fbr the'Multi-Ob.jective Whole test Suite (iencration'technique is giren
below.

E ll::r':::1:-i *

lnput Between ?0

Number of Runs 100

Number of lteration(s) 30

Average lterations 29.56

0

Run

l-'ig 6.27: Calculate Average of the irrrplerrrerrted approach's results.
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CHAPTER 7 f X PERI MENTA L DLSI(;N. RES( iLI-S AN t) DIS('T ISSIONS

EXPERIMENTAL DESTGN, RESULTS AND DISCUSIONS:

7.1 Experimental Design:

T'his chapter irrcludcs thc evalrration of resrrlts and discussion. thc cxpcrirttcntal clcsign that is scl

fbr the irnplcnrentation is as tbllows:

7.1.1 Dataset

I'-ollouing arc necdcd fbr thc cxperinrcnt:

. Codc the 'Whole lcst Stritc Ceneration' tcchniqtrc.

. Code the 'Multi-Ob.iective Whole Test Suite Generation' technique.

. Systent to bc tcstcd.

o ('ontrol flow diagranr of'thc Sy'stcnr I lndcr tcs1.

7 .1.2 P ertormance Measurement

Pelfomrance is measured on the basis of the comparison between the Existing approach

and thc implementcd approach. The lbllowing trvo lactors are takcn into considcratiorr

o Efficienc),

o b. f'lcctivelress

7.1.3 Parameter Setting

'l'hc paranrcters set in tlie cxperimcnt are lhc pararncters of thc Gcnetic Algorithrtr.'l'lrc

basic parameters of tl-re [xpet'inrent iue its follou's:

lnitial Population Size 50

Selection Method Tournament Selection

Crossover Method Single point crossover

Mutation Method One point Mutation

Iable 7. I : l)aranreters of G A
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CHAPTTR 7 EXPERIMENTAI, Dt-SICN REST]LTS AND DIS('I]SSIONS

7.1.4 Experiment 1:

The Final Results of the'Whole Test Suite (ieneration'technique are as fbllous. The population

size is 50 here. The prograrl is run -50 tinie and the avcrage iterations and repetitions are

calculated. This is repeated l0 tirres firr conflrn-ration. i.e the prosranr is run -500 tinrcs r.rith the

initial population set as .50.

Whole test Suite Generation Results

l-he Results afier running the lesl sr"rite lor a total of 500 tinres arc gircn in thc tablc bclou. 'llic

Average olel,erv filtr.'rcadirtgs is sltown.'l'hc population size is 50.

Sr no
I
2

3

4

5

6

7

8

9

10

Total Repetition
69

69

66

72

s0

68

92

58

86

741

Total lterations
84.1.4

82.32

861.4

84.92

80.14

84.54

89.98

86.78

87

86.O2

'I able 7.1: F.xperirtrent I Existirrs approach Readinss
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CHAPTER 7 EXPERIMENTAL DESI(JN. RESULTS AND DISCI,ISSIONS

The bar Charl fbr the total nunrbel of iterations. after calculatiotl the av'erage of the reslllts

obtained from everl' 50 ruus is gir,'en below.

Total lterations

lot,rl ltetattttrts

Frg 7 l: Total rtcrations Bat'('ltart. f rperintcnt I

The pie Chart of the readings obtained is given below', Each reading is an average of the readings

obtained after running the program ,50 times.

Tota I lterations

.,Y:".

.%' #;i. : '.3 
.1.".' ,,, ,.

y: ^' ':i'i',. r,lVl
? :-//'.-.: ;.;

t"

q l(l

LAo/a

7794

',)

u1

*)
I

el
tl

6

/

9
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CHAPTER 7

Repetitions here

shown below.

F ie '/.1

nrean redundancl

I XPERIMENTAL DESI(;N RTS1]LTS AND DIS('T ISSIONS

I otal iteratiorrs Pie Chart. l-xperinterrt I

The redundancl'calculated in the program in l0 r'trns is

?; "/,

14 Itl

fus:
.:".'t t

,7;/:

,1

S

.?
,,.1

,, , i

'/";':, . :

;': :1,:
a, . .:-

\6

pic

Tota I Repetitions
I t-,0

l4t-r

120

I tjil

RO

60

.i ii

: t'l

0

,Lr,;

:2,,,,
'14.'

. ,1

,l

Fig 7 .l Icltal Repetitions Bal C'hart. F.xperirtrerlt I

'1he cl)art o[' the redundarrcv that was calculatcd is givcn bclow.

T0t.il R.'prtrtiotr\

%T

t,|

'n4

)

(_,

7

8

Ll

Total Repetitions

17%

t ig 7.,1: I'otal I(epetrtiorts 1)ie ('har1. Fxperirrrerrt I
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CHAPTER 7 EXPERIMENTAL DESIGN. RESULTS AND DIS(]IJSSIONS

Multi-Objective Whole test Suite Generation Results

The Readings after nrnning thc MO-W1S implcnrcntation aftcr a total 500 tirncs arrc sltorirt. ['hc

value arc thc averagc of value obtaincd lrom 50 runs.

Sr no
1

2

3

4

5

6

7

8

9

10

Total Repetition
0

0

0

0

0

0

0

0

0

0

Total lterations
25.96

27.62

30.26

21.54

2s.54

2s.9

29.88

29.28

31.6

25.36

'fhe average o1-thc'l'otal Ileratioris alter cvcry

show'n below in the Bar chart.

I able 7.3. F,rperirrrent I lrnplenrented apprclach I{eadings

50 runs in thc MO-\1,''l S Cicn itttplcrttcntatitltt IS

Tota I lterations
_r !,

lo

25

20

lir

I {-l

f
t

0

"6ii
:?l*w

i^t4'*

;w.
tu
,:'1.: 

.

:ffi

i otal lter,rtions

10

Multi-Ob.jective Gerreratiorr of the Whole test Stritc 1.04



CHAPTER 7 CXPERIMENTAL DESI(;N.

F ie 7.-\. Iotal lterations Bar Char-t" F-xperintent I

'l'he Pie Charl of tlre lotal Iterations is givcn bclou.

Tota I lterations

1.1%

11%

tlYo

'' ',,

Fig 7 6: Total Iterattons Plc Chart. Erpcrrrtlcnt I

F'inal Cumulative Results

The Al,erage of all the above results is shown in the table below firr comparison

Whole test Suite Generation iterations

Multi-Objective test Suite Generation iterations

Tabte 7 4: Erpcrinrent I (-'trnrulative Restrlts

sY'ru

REST]I-TS AND DISC IISSI()NS

*1
;)

J

m4

r

6

7

\
l0

85.198

27 894
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The Total iteratiotls fbr the tw'o techniques are given below in the bar chart'

q()

8()

7t)

60

50

4t)

l()

20

1t)

0

') WTSgencratlor)

' MOWI S gettet.lttr-ttt

' 
:'.,'t,?"(d,'. '.";.'.'+'.

" ./ .4-' ;
. . ,.,a,,. 

.

.a:,r. - -r4,.

,-. ','.-. .-,,,f .,
' -?;;, 

" 
.,r;i,.t

z/tl*il?,,i

2

7.7: Itcrations of both techniqttcsFig

The pie Chart of tlie percetrtage of total number of Iterations in the tr'r'o technicltles ls glYell

below.

; M(-)WT\ G('rrer .ltlorl

: WT ! (iet)eI.ltloll

Fig 7.tt: Ptc ('ltart of'f ltc ltcratiotls of botlt tccltttiqtrcs
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7.1,14 F'inal 'l'otal Average Results:

The total final supted up results of' the existing approach and inlplen-rented approach that

shown belou:

Experiment no
1

2

3

4

5

6

7

I
9

10

The bar ('halt of'the number of

approaches is given belou''

90

80

70

b0

50

40

30

10

0

Existing Approach
8s.198

85.584

82.314

82.42

82.s94

84.55

87.842

83.82

84.732

8s.268

lmplemented aPProach

21.894

27.406
26.8

29.428

29.104
79.438
28.1.52

28.086

28.814

28.394

I able 7.i2: Avera-se of the I{esults

iterations in all the erperintents itl the eristingt artd inlplernented

F xrsttrrq APPrrraclr

irr lrrplettietrted,rpJlr oaclr

l'iu 7.81 . Ctrrntrlatir,e Restrlts bar Chart
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CHAPTER 7 EXPERIMENTAL DES](JN. RESTJLTS AND DISCT]SSIONS

The pie ('hart filr the results obtained in all tlie experiments for tlte Wlrole Test Suite Cietleration

approach is given belor.l.

lmplernented a pproach ,2 1

m)

Fig 7.82: Intplenrettted Approach Pie Charl

The Pie Charl for the results obtained in all the experiments fbr the Multi-ObiectiveWllole Test

Suite Generation apprttach is giver-r below.

Existing Approach

LO%

lff/,

,,r,

,,'Z

lOo/o

10%

Irig 7.8-i: ['.xistins Approach Pie Chart

*4

6

/

I
()

10

74 1

a)
l

,4 4

tr

()

1

I
(,]

Multi-Objective Cerreration of tlre Whole test Strite 108



CHAPTER 7 EXPERIMINTAI- DESI(;N. RTSIJI TS AND DIS('IISSIONS

'l'otal Average Sum-uP of Results

The ayerage of tlie results achievecl in all the experimettts firr hoth the approaches are givetr

belor.t.

Whole test Suite Generation iterations

fuulti-Objective test Suite Generation iterations

I able 7.33. l- inal Sunr-up of tteadirrgs

The average of the 'number of iterations' achieved

is given belor.l' irr the Bar Chart.

No of lterations
90

an

70

60

50

40

l0
20

l0
0

83.9382

28 3s16

in all the experitrents fbr both the approaches

Nrr rlf Iteraltotrs

Wlrole test S(litta (rPneratiorr Mrrltr-Oblectrve test Stttte

Itet.)tr()ll\ (.etrer,ltitrtr ttt-t''tlit-ttls

lrig 7 8 l: Ar'erage ('trrltr'rlative restrlts []ar chart
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The pie chart of the average no of iterations in in all the experiments for hoth the approaches is

given beloil'.

No of lterations

Wtrr:le tesl Surte
(rener,ltrorr ttet alitlnr

Multr Obler trve test \Lrite
()r'riP r atior) rlt'r.tt rortr

Fig 7 tl5:Averagc ('trurtrlativc results Pie charr

7.2 Discussion

In section 7.1 of "experinrental design"" lve discussed r.rhat paramctcrs wcrc used in the

experintent and how the experiment u'as perfbrmed considering l0 difl-erent initial values of the

initial population starling fiorl .50 and reachitrg trp to 10000.

Afler rLrnning the progl'am with each initial value thc results wcrc shorvrt in a bar chart and thc

pie char1. This section will contpare the results with the existing work to access the

improvements made in the inrplemented approach.

We irnplcurenlccl both thc cxistingapproach and thc proposcd approaclt attcl ran tltcnt on tltc

same example with the sanre initial test data pool and then coupared the results. the results

showed a clear impror.'ernent in not just one hut three area ot'the technique. The inrpror,et-netrts

were made in the ttrllowing areas,

lhe no of iteratior-rs to achieve an optimized test Suite rvas rcdr-rced.

The ledundancl, in the Final test Suite was removed along u'ith the optimization.

Optimization and ntinintization w'ere done simr"rltaneouslv ittstead of one aftel the other

and nrultiple ob.lectivcs \\'cre achieved in a single nur of the Ger-retic Algorithrn.

1'*a,
&}ia.q
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. llcncc a rcduction irr tl-rc sizc ot'

cortrPletc covcrage was rcc'luccd

EXPTRIMENTALD[Sl(;N.RDSIJLTSANDDIS(]tJSSloNS

the tcsl 511i{g rvos achicrccl. tl-rc tirttc takctt to achicvc thc

(ltcrations) and thc rcdtrndartt coVcragc vras clirrrirralcd'

'l lTc rcstrlts \\crc colllparcd on thc lbllorr irrg basis'

. No of- ltcratior"rs ol- Ci;\

o Amttunt of'Redundant coverage'

o No olObjectives achievcd.

Botli the apProaches

achieved are shou'n

were rult n-rr-rltiPle times on

in the table below.

the chosetr exanrple and the results that were

MOWTS generation
APProach

No of Avcrage Total
Iterations RePetitions

27.894 0

27.406 0

26.8 0

29.428 0

29.704 0

29.438 0

28.1s2 0

28.086 0

28.81.4 0

28.394 0

28.3516 0

Experiment PoPulation
No Size

WTS Generation APProach

No of Averagc Total
Iterations RePetitions

85.198 77.1

85.584 83.2

82.374 100.7

82.42 84.9

82.594 88.6

84.55 81.8

82.842 80.4

83.82 82

84.732 74.6

8s.268 76'6

83.9382 82.99

I
2

3

4

5

6

7

8

I
10

50

100

500

I 000

1 500

3000

4000
s000
7000

10.000

Average

Tablc 7 3.1: (, ontparisort ol thc Rcadirtss

Multi-Obiective Getteration of the Whole test Suite
111



CHAPTER 7 EX PERIMENl'A L D[SI(IN. RESI.]LTS AN D DIS('I.JSSION S

7.3'l'hreats to ValiditY

In threats to Yaliditl'. t'actors r,rhich liare att'ected the results are rls tirllous:

o If the tools are tested or-r a difl'eLent example r'r''hich is more couplex and larger in scale

tlrcn thc rcsttlts rrright dil-l'cr'

o 'l'5c rcsLrlts nta)'\.ar\ uhcn tcstcd r,rith dil'lcrcnt cottlbinations ol-thc (iA paranlctcrs'

o Tl-re population size t-nar also afl'ect the results'

Multi-Obiective Gerreratiorr of the Whole test Stlite
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CHAPTER It

CONCLTISION AND r''U'l'URrl WORK:

(]ONCLIJSIoN AND FIITI.JRT WoRK

This sectiop sgms Lrp olrr nrain contrihution fbr this thesis- gives sortte direction tirr tlie tLtture

work ancl also inclu6es s()nre concluding remarks. It proposes s()nre enhatncentettts to the

implemented approacl-r too.

8.1 Conclusion

Testing is the msst tir-ne-consuming phase in software Derelopment lif'e- cvcle. That is the

reasolt u'h1, a lot of work is done in the litelature in the direction of'autott-tatitrg softit'ale testing.

One of the parts of software test automation is the automation of the generation of test clata.

Our work tocuses on the automated generati<ln of the test Data. The approach has two parts. the

first part 6eals with the generation of the test suite. and the second part deals with the

optinrization of the test data i.e. minimizati<'tn. Thus our main contribution with this approach is

to creatc a tool thal gcncratcs thc tcst clata uhich is optimizcd. lhat is thc tcst SLrilc scrtcratcd is

not rcdrrrrdant whilc it providcs corlrplctc covcragc.

The technology our work is based on is the generic algorithm. The eristing techniqLre Ltsecl the

genetic algorithm to achicrc coverage but ourapproach uscs Multi Ob.icctivc Gcrrctic Algorithnrs

to achicve nultiple targ,ets.'l'he tools rtas validated aficr its crcation through thc Ltsc ol'rnrrltiplc

expcrimcnts. On thc basis of'tlrc sclcctccl paranteters our rvork is morc ef'llcicnt as conrparcd to

Arc,ri ct al(2012). Wc provcd or.rr hvpothcsis that by using a rrtulti-ob.icctivc g.cnctic algorithnr

an improvement can be ntade in the'Whole test Sr-lite (ierteration'technitltre.

8.2 Future Work

For the firture work we aim to appli' the techniqlle on a lalge scale inclustrial case str-rd}' to

further validate tlie results we achieved. Since this work focuses on the r,r'hite-bor testing of the

data we are plapning or-r working ou the black-box testing with this techtliqlte ttlo.

As this technique is highly a<laptable. it can generate interesting results to change the conlpletion

criteria from branch cuverage to some other criteria like mutatiotl detection.

Categorizing gur rcsults on tl-rc basis ot-thc CA paranrclcrs and thc initial poptrlation will hclp rrs

furlher uuderstand the tindir-rg tlt'ortr reseat'ch itl Irlore cletail.

Multi-Objective Generation of the Whole test Strite 1,1.4



CHAPTER 8
('ONCt-tISION AND TI rTI IRtr \\'ORK

Currentll on[]' two targets are being considered in the MLrlti Ob.iective test Suite generation of

the whole test suite technique. It can be considered to add firrther objectives to the technique and

assess the results. The new Ob.iectives can be run-time reductitrn etc'

Multi-Obiective Generation of the Wlrole test Suite 115
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APPENDIX B (IENERATID ('()Dt

GH,NERA'I'E,D COD}-:

Algorithm for whole test Suite generation

Algorithnr 1or Single Ob.icctive Wholc tcst Srritc Gcncraliott is as follorvs:

Generate Initial Porrulation

ARRAY AllStatements[]: (Populate array" with statemeuts fiom the s1'stem under Test):

. ........Generate TestCiISes. -

F'OR(i='0 lO Mn X lcstcase)

ARRAY'l'estCase[] - RAND(AllStatcrncnts[l)

END FOR

Gencratc ['estSrrites.

FOR(i:0 tO MAX t'estSLrite)

ARRAY TestSuite [.]: TestSuite[] + TestCase[RAND]

END FOR

Selection

Select the flttest Solutuions.

FOR(i:0 TO MAXTestSuite)

ARRAY I'itncss[il : M-l'otalfil Mcovcrcdfil

END FOR

FOR(i-0 TO MAxPopulation)

ARRAY Selected[J : max(Fitness[J)

END FOR

Crossover

Mtrlti-Ob.jective Whole test Sttite Generation 129
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IrOR (i- I TO MAXPopulation: i-'itl)

FOR (.i-'l TO MAxTest('ase)

Child Li I Li I = SelectedIi] [i tot.i/] )l i SelectedIi+ I ] L(.i/l )toMAXl

Chi ld Ii+ 1 I [.il -sclcctcdIi I t I [i to gl:)1+Sclccted[il [U/2 )to MAXI

F,ND FOR

END FOR

Mutation

.....I)crlorn-t Mutatiorr on thc child l)opLrlatiorr.

Mutationl)r'ob - RAN I)( I -3 )

Rerlove a Randotn Test('ase.

If Mutalionl)rob ' I

MutationTestCasef.l == Test('ase IRAN D]

Remove MutationTestCase IRAND]

Add a Randonr 'l'cstCasc.

ELSE IIr MtrtationProb : 2

Mutation'l'estCasc[l :'l estCascIRANI)l

Add Mutation'l'estCasc IRAN Dl

Rcplacc a Rarrdorl tcsl Casc.

l-.l.SI1 IF MtrtatiorrProb " e

Mutatiort l'cstCasc[l - l'cstCasc[RANf)l

Modify MutationTestCase LRANDI

END III

(IENERATED (]ODI

('rossrll'er Selected Solr"rtions.
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Main Flou' of Alsorithm

Initialize Population

(IENIRATED ('oDE

Ccnctic Algoritlint Itcratiort......

I]OR( I: I TO Ivl.AXIteration )

l)erlbrrtr Sclcctiort

l)crlbrnt ('rtlssor ct'

Perfilrm (-rossover

Check Fitness

IF (Fitncss ' RccluircdF itncss)

'I'erminatc progralll

Output 'l'cstSLrite

END IF

END FOR

Algorithm for Multi-Objective Objective Whole test Suite Generation is as follows:

Gcncratc lnitial Ponulation

ARRAY .Allstatetlentsll: (Populate arral with statemettts tt'om the system under Test):

Ccncratc 'l-cstCase 
s.

I-OR(i=0 lO Mn X I'cstCasc)

ARRAY TestCase[l " RAND(AllStatements[])

END FOR

Gcncrate'l'estS Lri tcs.
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FOR(i-0 TO MAXTestSLrite )

ARRAY TestSLrite f.l- TestSLrite[] + Test(.ase[RAND|

I.,ND FOR

(,tNERATED ('()DI

Fast Non-Dominatcd Sort

Calculate both tinesses... ..

FOR(i:0 TO MAXTestStrite )

ARRAY Fitness I fil : MTotal[i] Mcovered[i]

j:r

WHILI-. NO'l'F.rrd ol' l'cstCasc

ARRA Y Ii] : St J M(Test('asenrethodRepetetions [i J )

i .i+l

t.,ND WI I II,F,

I.,ND FOR

i-0

k-l

Fast Non l)orninant Sortirlg

W}{II,F N NY I'OI'LJt,N I'ION NO I' I-,,MI''I-Y

WHILE NOT [ND OII POPTJLATION

FOR(I:I TO Population)

IF Fitncssl Iil ANI) l-itrrcss2f il > l-'itncsslIil ANI) I-itrrcss2[il

ARRn y [)on.rinanr[)oolil -'1'.r,SrritcIil n Nt) Rt-'.MOVF 'lcstStritcIil li'om l'optrlatiort

ELSE IIr Fitness ltil AND Fitness2[i] < FitnesslLil AND Iritness2[i]

ARRAY Remove Testsuiteli] From Dominant Pool[j AND Population : Testsuite Ii]

Multi-Obiective Whole test Strite Generation L32
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Add TestSuiteLtl to DominantPoolll

ELSE IF Fitness I til AND Fitness2[i] I Fitness I Lil AND Fitness2[i]

Add Icsrsuitclil ANI) l'csrsuitc[il ro [)orninantl'}ooll ANI) Rcnrorc'l'cstsLritcfil ANI)

'l-estSuitcf i.l liorn Popr"rlation

END IF

i=i+ I

F.ND W',l lll .l-"

ARRAY F rontIkl :l)orninantl'ool[l

k:k+l

END WHILE

Calculate Crowdinq Distance

Calculate Crcwdirrg distance according to tlrst fltness titt'tctioll.

I]OR (i-0 TO MAXFrouts)

Sort TestSuites bv FitnessI

FOR (i'=0 lO Mn X'lcslSLrilcs)

r(i= I oR j-MAX)

croudingDistartccl Lil : ,

ELSE

crorvdi.gl)isranccltil -.ABSjOLLrF.(Fitncssl(tcsrsrritc[i-llt - l-'itrrcssl('lcstStritc[.i tll))

F,NT) II-

F,ND I.OR

.......('alcr-rlate Cr<lu'ding clistance accorditrg ttt sectlncl fltness fittrctitltr.

Sort 'lcstSuitcs b1 Fitncss2
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FOR (i:0 TO MAxTestsuites)

If(i:1 oR.i-MAX)

crowding[)istancc2[il : r'

F,I,SF,

crow,dirrgt)istance2[il :ABSOLLJt-.(Fitncss2('l'estSuitc[l-lll I-itncss2('lcstSuitcIi+ ll11

END IF

END FOR

Calculatc 
'l'hc Curlltrlatir,'c Crowding [)istarlcc" "

FOR (t =0't'O MAX'l'cstSr"ritcs)

crowdingDistance[i ] : crowdingDistance I [i ] + crowdingDistance2li l

END FOR

Selection

Select a pre-defined nutnber of rattdtlrn test Suites'

FOR(i:0'l O l'}redcfincdRand)

nRRnY RandornChoicc[l'= RnNI)('l'cstSLritc[l)

t.,ND F.OR

Choose the fittest among the randomlr' choscn'

F'OR( i-0'l'O I'}rcdcllncdRand)

ARRAY Selectedll : Selected[] I MAX(('rowdingcomparisor.r operator(TcstsuiteLil))

REM OV E MAX( C rowcl i n gc'om pari son operator( TestSu i te I i ] ) )

END FOR
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Crossover

CINERATTD ('oDI

Crcssover Selected Solutions.

FOR (i:l 'l'O MAxPoPulation: i:i+2)

FOR0 lt'OMnxTcstCasc)

Chi ldLil Li I - Selectedlil [ito1; /Z 11 
+Setected Ii+ I ] [(-il2)toMAX]

child[i+ I ] [i] -Selectedli+ I I lito (i/2 )l+ SelectedLil [t-i/] lto MAXI

END FOR

END FOR

Mutation

Perfbrm Mutation on the child Population'

MutationProb - RAN IX 1 -3)

lf MutatiorlProb - I

MutationTestCase[] : TestCaseIRANDI

Remove MutationTestCase LRAN Dl

l'-t.SF. IF MutationProb 2

M r-rtation' lestCasc['l'=' I'estCase I R AN I)l

Arld Mtrtation'l'cstCase IRAN D.|

ELSE IF MutationPtob : e

MutationTestCasell : TestCaseIRAND]

Modify' Mutationl'cstCasc IRAN Dl

F,ND tI,

Main Program Flow

..lteratively Rul the genetic Algorithm until optinrized. mirlimized soh-rtion fottncl'
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(ienerate Initial PopLrlation

FOR(i-0'l'O Population)

Fitness I - titness(1'cslsuitcIil )

Fitness2 = t'itness('festSuitcIil )

l- ront Iil - FastNon Dorn i IrantSort( Population )

END FOR

FOR(i-0 TO N() OF IrLonts)

W[III,F., NO-I'END O}. I.RON'I

crowdi ngDi stanc e I i ] = c ror.r'dingDi stance( TestS Llite I i ] )

END WHILE

END FOR

Selected [.] - Totrrnanren l"Se I ecti on( F ronts [] )

ChildPopLrlation[l : C rossol'cr( Sclectedf l )

MutatedPopulation - Mutation(('hildPopulationIl )

If (Fitnessl(popularion) And Fitness2(PopLrlation) : Reqr-riredFitnessl AND RequiledFitness2 )

Tenninate Program

Return TestSuite[] u'ith Recluired Finesses

ENI) IF

(,[-NERATLD ( Ot)[
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