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ABSTRACT

A Cloud data center is a network of virtualized resources, namely virtualized servers. They
provision on-demand services to the source of requests ranging from virtual machines to
virtualizedstorageandvirtualizednetworks.Theclouddatacenterservicerequestscancome
fromdifferentsourcesacrosstheworld.ItisdesirableforenhancingQualityofService(QoS),
whichisotherwiseknownasaservicelevelagreement(SLA),anagreementbetweencloudservice
requesterandcloudserviceconsumeronQoS,toallocatetheclouddatacenterclosesttothe
sourceofrequests.ThisarticlemodelsaClouddatacenternetworkasagraphandproposesan
algorithm,modifiedBreadthFirstSearchwherethesourceofrequestsassignedtotheClouddata
centersbasedonacostthreshold,whichlimitsthedistancebetweenthem.Limitingthedistance
betweenClouddatacentersandthesourceofrequestsleadstofasterserviceprovisioning.The
proposedalgorithmistestedforvariousgraphinstancesandiscomparedwithmodifiedVoronoi
andmodifiedgraph-basedK-Meansalgorithmsthattheyassignsourceofrequeststothecloud
datacenterswithoutlimitingthedistancebetweenthem.Theproposedalgorithmoutperforms
twootheralgorithmsintermsofaveragetimetakentoallocatetheclouddatacentertothesource
ofrequests,averagecostandloaddistribution.

KEywORDS
Graph-Model for Cloud Data Center, Modified Breadth First Search, Modified Graph-Based K-Means Algorithm, 
Modified Voronoi Algorithm, Random Graph Generator

INTRODUCTION

Clouddatacentersarethemainsourceofvarietyofservicesrangingfromcomputationaltonetwork
andaredeliveredason-demandservicestousers.Therequestsforthesecloudservicescancome
fromdifferentpartsoftheworld(Rawaletal.,2011andRawaletal.,2013).Thetermsourceof
requests/clientsdenotetheuserswhomakerequeststovariousclouddatacenterservices(Shenet
al.,2017;Shenetal.,2016).Thedistancebetweentheclouddatacenterandthesourceofrequests
isamajorfactorinfluencingthequalityofserviceintermsofresponsetimeandlatency.Clouddata
centerallocationisoneofthemajorissuesincloudcomputing.Anefficientallocationofclouddata
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centertothesourceofrequestsmayimprovethequalityofservices.However,therehavebeenonly
fewapproachesthatconsidertheclouddatacenterallocationtothesourceofrequests.

Inrecentliterature,JosephDoyleetal.(2013)hasproposedthesourceofrequestsassignment
totheclosestclouddatacentertoreducethecarbonemission,buttheymodeledclouddatacenter
asacompletegraph,whichisunrealistic.Theymodelledboththenetworkingandcomputational
componentsoftheinfrastructureasagraphandproposedasystemwhichutilizesVoronoipartitions
to determine how source requests to be routed to appropriate data center based on the relative
prioritiesofthecloudoperatorforlatencypurposes.Thisallowsroutingofthetraffictothedata
centerthatisclosestintermsofgeographicaldistance,coststheleastintermsofpower,andemits
thesmallestamountofcarbonforagivenrequesttolowercarbonemissionsandoperationalcost.
Thisworkexaminedtheelectricitycost,carbonemissions,andaverageservicerequesttimefora
varietyofscenarios.

(JuditBar-Ilanetal.(1992),RandeepBhatiaetal.(1998),RezaZanjiraniFarahanietal.(2010),
IrinaHarrisetal.(2014)providedsolutionsforfacilitylocationproblems.Theyhaveconsidered
distributing theclients tocentersasbalancedaspossible,but theyhaveoverlooked thedistance
betweenclientsandcenters,whichisalsoessentialforfasterserviceprovisioning,hencetherearise
aneedtodevelopanefficientmethodwhichallocatesclosestclouddatacenterstothesourceof
requestsandkeepstheloadoftheclouddatacenterasbalancedaspossible.

Thispapermodelsclouddatacenterasagraphandproposesanalgorithm-modifiedBreadth
FirstSearch(MBFS)toefficientlyallocateclouddatacenterstothesourceofrequestsbasedon
acost threshold.Here the termcostrefers to thedistancebetweentheclouddatacenterandthe
sourceofrequest.Theaimistoallocateeachsourceofrequesttoaclouddatacenterinafaster
mannerbasedoncostthreshold.Thecostthresholdiscalculatedastheaveragepathlengthbetween
clouddatacentersandthesourceofrequestsofmodifiedVoronoiapproach.Thismayleadtofaster
serviceprovisioningoftheclouddatacenterstothesourceofrequests.Theperformanceofproposed
algorithmiscomparedwiththatofmodifiedVoronoiandmodifiedgraph-basedK-Meansalgorithms
forvariousgraphinstances.

Thefollowingcontributionsaremadeinthispaper:

1. ModifiedBreadthFirstSearchalgorithmisproposed;
2. ModifiedVoronoialgorithmisproposed;
3. Modifiedgraph-basedK-Meansalgorithmisproposed;
4. Arandomgraphgeneratorisconstructed;
5. Comparisonbetweenapproaches1,2and3isdoneintermsofaveragetimetakenforallocation,

averagecostofclouddatacentersandaverageloadofclouddatacenters.

RELATED wORK

Inrecentliterature,JosephDoyleetal.(2013)hasproposedthesourceofrequestsassignmentto
the closest clouddata center to reduce the carbon emissionbut theymodeled clouddata center
asacompletegraphwhichisunrealistic.Theymodelledboththenetworkingandcomputational
componentsoftheinfrastructureasagraphandproposedasystemwhichutilizesVoronoipartitions
to determine how source requests to be routed to appropriate data center based on the relative
prioritiesofthecloudoperatorforlatencypurposes.Thisallowsroutingofthetraffictothedata
centerthatisclosestintermsofgeographicaldistance,coststheleastintermsofpower,andemits
thesmallestamountofcarbonforagivenrequesttolowercarbonemissionsandoperationalcost.
Thisworkexaminedtheelectricitycost,carbonemissions,andaverageservicerequesttimefora
varietyofscenarios.JuditBar-Ilanetal.(1992)dealtwiththeissueofallocatingandutilizingcenters
inadistributednetwork.Thisworkproposedsomeapproximationalgorithmsforselectingcenters
anddistributingtheusersamongthem.Theyconsideredbalancedversionsofallocationwherethe
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assignmentsofclientstocentersareasbalancedaspossible.Theydealtwithbalancedandweighted
versionofK-centerproblemandρ-dominatingsetproblem.RandeepBhatiaetal.(1998)proposed
thatgenerallyfacilitylocationproblemshavebeenstudiedinnetworkswithstaticedgelengths.The
networkcouldbeusedtomodelanygeneralreal-lifefacilitiesrangingfromhospitalstoinformation
centers.Duetotrafficcongestionthetransittimeonlinkschangesovertime.Thisworkestimated
howtheedgelengthschangewithtime,andarechoosingasetoflocationsascenters,suchthatat
everytimeinstanteachvertexhasacenterclosetoit.Italsoprovidedapproximationalgorithmsfor
theK-centerproblemunderthismodel.Thoughtheabovetwoliteraturesseemvery,theirconcepts
stillfindapplicationsinmanyareasofcomputerscienceandengineering.RezaZanjiraniFarahaniet
al.(2010)providedareviewonfacilitylocationproblemsinthreecategoriesincludingbi-objective,
multi-objectiveandmulti-attributeproblemsandtheirsolutionmethods.Thisworkproposedthat
multi-criteriafacilitylocationproblemsachieveclosersolutionstorealityasitconsidersmorecriteria.
Thisworkmainlyreviewedthefacilitylocationproblemsappliedtorealworldproblems.Basedonthe
review,itsuggestedlocation-reliabilityproblemsasfacilitiesarepronetonatural/man-madedisasters.
Italsosuggestedthatusageofrandomparameterswouldbemorerealistic.Itsuggestedtheapplications
ofmulti-criterialocationdecisionwithrouting,inventoryandtransportation,etc.IrinaHarrisetal.
(2014)proposedamulti-objectiveoptimizationapproachtothecapacitatedfacilitylocation–allocation
problem(CFLP).Attheallocationlevelforlargeinstances,financialcostsandCO2emissionswere
considered simultaneouslywhereLagrangianRelaxationmodels fordealingwith costs andCO2
emissionsatthelocationlevel.Thus,thismethodassessedtherobustnessofeachlocationsolution
withrespecttotwoobjectivesforcustomerallocation.AnupamaPotlurietal.(2012)proposedthat
theMinimumCapacitatedDominatingSet(CAPMDS)problemandthecapacitycanbeuniform
orvariableacrossallthenodes.BeingageneralizationoftheMinimumDominatingSetproblem,
thisproblemisNP-hard.Thisworkpresentedaheuristicandacoupleofitsvariantsforsolvingthe
CAPMDSproblem.Theseheuristicsworkforbothuniformandvariablecapacitygraphs.Anupama
Potluri(2012)conductedanempiricalstudyoftheMinimumIndependentDominatingSet(MIDS)
problemtounderstandthepracticalsignificanceofthePolynomial-TimeApproximationSchemes
(PTAS)algorithm.ThisworkcomparedthesolutionsofPTASwiththoseofvariousheuristicsfor
MIDS.Forthegraphinstances,PTASsolutionswereasgoodasthosereturnedbythebestheuristic.
Inmanyinstances, thePTASreturnedsolutionsworse thanthoseof thebestheuristic.Thetime
takenbythePTASwashighevenforsmallgraphs.Itisimpracticalforlargeandhigh-densitygraphs
asitusesanexactalgorithmtocomputethelocaloptimaldominatingset.Thisisthefirstworkto
proposemetaheuristicalgorithmsfortheCAPMDSproblemwhicharebetterthanheuristicsand
approximationalgorithms.Serverconsolidationduringoff-peakhoursleadstogreatenergyefficiency
indatacenternetworks,whichrequiresswitchingoffsomeofthephysicalmachines.Someworks
havebeenproposedsofarwithoutconsideringnetworktrafficpatternsbetweenVMs,whichcanlead
toinefficiency.GeethaSowjanyaAkulaetal.(2014)proposedanalgorithmthatconsidersmigration
ofVirtualMachines(VMs)asanensemblebasedontrafficpattern.LaurentGalluccioetal.(2012)
proposedanapproachforclusteringmulti-dimensionaldatausedPrim’salgorithmtoconstructa
minimalspanningtree(MST),andthresholdingthesequenceofedgelengthsinordertodetermine
boththenumberofclustersandthelocationsoftheclustercentroids.

Theseliteraturesurveysdirectedustoadifferentdimensiononlimitingthedistancefromthe
clouddatacenterstothesourceofrequeststospeeduptheserviceprovisioning.So,therearisea
needtodevelopanefficientmethodtoallocateclouddatacenterstothesourceofrequests.

PROPOSED METHOD

TheclouddatacenterinfrastructureismodeledasagraphandamodifiedBreadthFirstSearchis
usedforefficientallocationofclouddatacenterstothesourceofrequests.
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Modelling Cloud Data Center Infrastructure as a Graph
Theclouddatacenterinfrastructureismodeledasanundirectedweightedgraphwheresomeofthe
nodesaredesignatedasdatacentersandremainingnodesrepresentthesourceofrequests.Theedge
weightdenotesthedistancebetweenpairofnodes.

InFigure1,nodes1and6denoteclouddatacentersandnodes2,3,4,5denotethesource
ofrequests.

Modified Breadth-First Search
ThissectiondepictshowthemodifiedBreathFirstSearchisusedtoefficientlyallocateclouddata
centerstothesourceofrequests.

Breadth-firstsearch(Cormenetal.,2009)isoneofthealgorithmsforsearchingagraph.Given
agraphG=(V,E)andasourcevertexs,thissearchexaminestheedgesofGtofindeveryvertexthat
isreachablefromsandcomputesthedistancebetweensandeachreachablevertex.Normally,BFS
isappliedonlyonunweightedgraphs.

TheBreadthFirstSearch(BFS)hasbeenmodifiedtoreflecttheproblemofclouddatacenter
allocationtothesourceofrequests.Insteadofjustconsideringshortestpathfromasourcevertex,
theproposedalgorithmperformsBFSonselectedverticeswhicharedeclaredasclouddatacenters
andcoversnodeslyingwithinthecostthreshold,therebylimitingthewalkfromclouddatacenters
tosourceofrequests.ThemodifiedBreadthFirstSearchalgorithm(MBFS)ismentionedbelow.

Cloud Data Centers-Source Requests Coverage Algorithm Using MBFS
Theclouddatacenterallocationproblemismodeledusinganundirectedweightedgraphasdepicted
inFigure1,wheretheweightsrepresentdistancebetweennodes.Thesetofclouddatacentersare
declaredinadvanceandthecostthresholdisalsosetbasedontheaveragepathlengthbetweencloud
datacentersandthesourceofrequestsofVoronoiapproach.TheMBFSisappliedoneachdatacenter
tofindthesourceofrequestscoveredwithinthecostthresholdbyeachclouddatacenter.

TheMBFSassumesthattheinputgraphG=(V,E)isanundirectedweightedgraphandrepresented
usingadjacencymatrix.Itconsidersadditionalattributestoeachvertexinthegraph.Itholdscolor
asanattributeforeachvertex.Theattributediststoresthedistancefromthedatacenterdtoeach
vertexu.Thevertex_coveredstoresthelistofverticescoveredbytheclouddatacentervertices.The
algorithmusesaqueuetostorethesetofgray-coloredvertices.

Forexample,inFigure1,vertices1and6aredeclaredasclouddatacenters.Whenthealgorithm
isappliedonthesevertices,itreturnstheverticescoveredwithinthecostthresholdbyboththecloud
datacentersasfollows:

Figure 1. Cloud data center infrastructure graph
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Theverticescoveredbyvertex1are:

2,4

Theverticescoveredbyvertex6are:

none

Cloud Data Centers-Source Requests Coverage Algorithm
Algorithm:MBFS

Input: G=(V,E,w),w: E→R, DC ⊆ V, where 1 ≤ |DC| ≤ k, ρ =cost_threshold
Output: vertex_covered ∀ DC

1. for each d ∈ DC do
2.   vertex_covered= modified_BFS(G,d,ρ) 
3.   Print vertex_covered 

vertex_covered modified_BFS(G,d, ρ)
1.  vertex_covered={} 
2.  Q ← {} 
3.  for each u in V − {d}
4.        color[u] ← WHITE
5.      dist[u] ← infinity
6.  color[d] ← GRAY
7.  dist[d] ← 0
8.  ENQUEUE(Q, d)
9.    while Q is non-empty
10.         u ← Front[Q]
11.         for each v adjacent to u
12.       if color[v] ← WHITE and (dist[v] = dist[u] + dist[u, v]) ≤ ρ
13.           then color[v] ← GRAY
14.          ENQ(Q, v)
15.         DEQ(Q) 
16.        color[u] ← BLACK
17.       vertex_covered=vertex_covered ∪ {u}
18. return vertex_covered − {d}

Eachclouddatacenterperformswalkbasedoncostthresholdinordertocoverthesourceof
requests.Still,somesourcesofrequestsarenotassignedtoanyClouddatacenteratall.Todeal
withtheseleftoversourceofrequests,twoapproacheshasbeenfollowed.Thefirstapproachassigns
leftoversourceofrequeststosomeclouddatacentersrandomly.Thesecondapproachassignsleftover
sourceofrequeststominimumdistantdatacenterortoaneighbourwhichhasminimumdistance
toclouddatacenter.

Complexity of the Algorithm
ThecomplexityofMBFSimplementedusinganadjacencymatrixwillbeO(|V|2)whereVisthe
numberofvertices.Thisismainlybecauseeverytimeitneedstofindwhataretheedgesadjacentto
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agivenvertexuandtraversethewholearrayAdjMatrix[u],whichisofcourseoflength|V|,hence
thetotaltimewouldbecomeO(|V| * |V|)whichisO(|V|2).

VORONOI APPROACH TO CLOUD DATA CENTER ALLOCATION

Voronoiapproachongraphscanbeusedtofindshortestpathsbetweenclouddatacentersandthe
sourceofrequeststohelpinefficientallocation.

Voronoi Partition
Voronoipartitions(Doyleetal.,2013)arethedecompositionofsetofpointsintosubsets.These
subsetsarecenteredaroundpointsknownassites.Eachpointinthesetisaddedtoasubsetconsisting
ofasiteandallotherpointsassociatedwiththissite.Anabstractnotionofdistancebetweenapoint
andthesitesisusedtodetermine,whichsubsetapointisassociatedwith.Apointisassignedtoa
subsetifthedistancetoasiteislessthanorequaltothedistancetotheothersites.(Durhametal.,
2012)proposedpartitioningandcoveragecontrolalgorithmbasedonVoronoiapproachforanetwork
ofrobots,whereeachpartitionedregionwillbecoveredbyanindividualrobot.(Doyleetal.,2013)
proposedtheStratussystem,whichutilizesVoronoipartitionstodetermine,howthesourcerequests
toberoutedtoappropriateclouddatacenterbasedontheprioritiesofthecloudoperator.TheStratus
systemhasacompletegraphstructure,wherethereisasingleedgefromtheclouddatacentersto
thesourceofrequests,whereasintheproposedscheme,thereisapathfromtheclouddatacenters
tothesourceofrequests.

Voronoi Partitions of the Cloud
Inthegraph,Voronoialgorithmbasedonshortestpathsisappliedontheclouddatacenterstofind
theminimumdistancetothesourceofrequests.Thenthesourceofrequestsareallocatedtothecloud
datacentrestowhichthedistanceisminimum.

Cloud Data Centers Assignment to Source Requests Using Voronoi Approach
ItfindstheminimumdistantpathsonaweightedgraphG=(V,E).Therefore,w(u,v)≥0foreach
edge(u,v) ∈ E.ThesubsetSofVformsthesetofdatacentersDC.Thealgorithmselectsthe
vertexu∈V-Swiththeminimumshortest-path,addsutoS,andrelaxesalledgesleavingu.It
usesaqueueQofvertices,storingdistvalues.Finally,thedistancefromtheclouddatacentersto
allotherverticesarecomparedandthesourcerequestnodesareallocatedtothedatacentresto
whichthedistanceisminimum.

Cloud Data Centers Assignment to Source Requests
Algorithm:modified_Voronoi

Input: G=(V,E,w),w: E→R, DC ⊆ V, where 1 ≤ |DC| ≤ k,
Output: DC → V
1. for each d ∈ DC do
2.   modified_Voronoi(G,DC,d,w) 
3. for each v ∈ V && (v ∉ DC)
4.   choose d ∈ DC where min

u ∈ DC {dist(u,v)}
5.   d → v
modified_Voronoi(G, DC, d, w)
1. init_source (G,d)
2. Src ←Ø 
3. Q ← V
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4. while Q ≠ Ø
5.     u ← Min (Q)
6.     Src ← Src ∪ {u}
7.   for each v adjacent to u
8.     do relax_Voronoi(u,v,w,DC)

init_source (G, d)
1. for each v ∈ V
2.   dist[v ] ← INFINITY 
3.   dist[d] ← 0 
relax_Voronoi(u, v, w, DC)
1. if (dist[v] > dist[u] + w(u,v)) && (v ∉ DC)
2.     dist[v] ← dist[u] + w(u,v)

Complexity of the Algorithm
ThecomplexityofmodifiedVoronoiimplementedusinganadjacencymatrixisasO((|V|+|E|) log 
|V|)incaseofpriorityqueue-basedimplementation.

GRAPH-BASED K-MEANS APPROACH

AGraph-basedK-Means(Galluccioetal.,2012)approachhasbeendevelopedtoallocateclouddata
centerstothesourceofrequests.K-MeansalgorithminitiallytakesKasaninputandthenpartitions
thegivensetofpointsintoKgroups.

Procedure of K-Means Algorithm
Asclusteringofclientstoclouddatacentersisperformed,amodifiedgraph-basedK-meansclustering
algorithmhasbeendeveloped.Eachnodeinthegraphisdesignatedeitherasasourceofrequestor
aclouddatacenterandweightofanedgeastheEuclideandistancebetweenthetwonodes.Initially,
Knodesarepickedandaredeclaredasclouddatacenters.Floyd-Warshallalgorithm(Bondyetal.,
1976)isusedtofindthedistancefromeachnodetoalltheothernodesinthegraph.

Theprocedureofmodifiedgraph-basedK-Meansclusteringalgorithmisasfollows:

1. Fromthedataset,selectKnumberofpointsrandomlyandsetthemasinitialclusterheads;
2. Findthedistancefromeachpointinthedatasettoalltheclusterheads;
3. Foreachpointinthedataset,assignittoaclusterwhicheverisnearertoit.

Modified Graph-Based K-Means Approach to Cloud Data Center Allocation
Algorithm:Modifiedgraph-basedK-Means

Input: G=(V,E,w),w: E→R, DC ⊆ V, where 1 ≤ |DC| ≤ k,
Output: DC → V
1. call FloydWarshall(G) 
2. for i ← 1,k do
3.     DC[i] ← ClusterHead[i] 
4. end for
5. for all v ∈ V ^ v ∉ DC do
6.     C ← FindNearestCluster() 
7.     C ← v 
8. end for
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Time Complexity
Thecomplexityofgraph-basedK-meansalgorithmimplementedusinganadjacencymatrixisas
O(n3)becauseofFloydWarshall’salgorithm.

EXPERIMENTATION

ImplementationoftheproposedMBFSalgorithm,modifiedVoronoialgorithmandmodifiedgraph-
basedK-Meanshasbeendone tocompare theirperformance in termsofaverage time taken for
allocation,averagecostofclouddatacenters,andaverageloadofclouddatacenters.

Random Graph Generator
Agraphgeneratorgenerating20randomweightedundirectedgraphinstancesforvaryingnumber
ofverticesfrom100to1000hasbeendeveloped.Asthegraphisdense,anadjacencymatrixofthe
graphisconsidered.Theedgeweightsaresetbetween0and30forallthegraphinstances.

Algorithm:Randomgraphgenerator

Input: Number of nodes n.
Output: A graph G=(V,E).
1. V ← { 1,2......n};
2. E ← Ø;
3. for each {i,j} ⊆ E, where i ≠ j do
4.   w{i,j}← random(0,30);
5.   E ← E U { {i,j} };
6. return G=(V,E);

Theclouddatacentersareselectedfromtherandomlygeneratedgraphinstance.Thenumberof
clouddatacentersiskeptsameforvariousgraphinstancessincetheclouddatacentersareusuallyset
uponlyonceandonlythesourceofrequestsvariesovertime.Hence,sizeoftheclouddatacenters
remainsthesameevenwhenthesizeofthegraphinstanceincreases.

Cost Threshold Computation
Costthresholdiscomputedfromtheaveragepathlengthbetweenclouddatacentersandthesource
ofrequestsofVoronoiapproach.Thiscostthresholdisusedtoperformwalkfromtheclouddata
centerstothesourceofrequestsinMBFS.

Let:

mbethenumberofclouddatacenters
nbethenumberofsourceofrequests
CDCjbethejthclouddatacenter,where1≤j≤m
Path lengthibethepathlengthofithsourceofrequest,where1≤i≤n

AveragepathlengthofCDCj=∑pathlengthi/n (1)

AveragepathlengthacrossCDC=∑CDCj/m (2)

Hence,cost thresholdofMBFSisequal toaveragepath lengthacrossclouddatacentersof
Voronoiapproach.InMBFS,clouddatacentersperformwalkusingthiscostthresholdleavingsome
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sourceofrequestsnotcoveredbyanyclouddatacenteratall.Thefollowingsectionillustratesthe
assignmentofsuchleftovernodestoclouddatacenters.

Cloud Data Center Allocation Methods to the Source of Requests
TherearetwowaystoassignclouddatacenterstothesourceofrequestsinMBFS:

• Usageofaveragepathlengthascostthresholdbytheclouddatacentersforcoveringsourceof
requestsandrandomlyassigningleftoversourceofrequeststoclouddatacenters;

• Usageofaveragepathlengthascostthresholdbytheclouddatacentersforcoveringsourceof
requestsandassigningleftoversourceofrequeststominimumdistantclouddatacenterortoits
minimumdistantneighbour.

Performance Metrics
InMBFS,clouddatacentersperformwalkusingthiscostthresholdleavingsomesourceofrequests
notcoveredbyanyclouddatacenteratall.Thefollowingsectionillustratestheassignmentofsuch
leftovernodestoclouddatacenters.

FollowingmetricsareusedforcomparingMBFSapproacheswithVoronoiapproach:

AverageTimetaken

LetTbetheaveragetimetakenbythealgorithmmeasuredinseconds(s):

Averagecost

Let:

mbethenumberofclouddatacenters
nbethenumberofsourceofrequests
CDCjbethejthCloudDataCenter,where1≤j≤m
Costibethecostofithsourceofrequest,where1≤i≤n

AveragecostofCDCj=∑costi/n (3)

AveragecostacrossCDC=∑CDCj/mAverage cost across CDC
CDC

m
j

m
j   =

=
∑

1

 (4)

AverageLoad

LetLbetheaveragenumberofsourceofrequestsassignedtoclouddatacenters.

RESULTS AND DISCUSSION

ThissectionpresentscomparisonresultsofmodifiedBreadthFirstSearch,modifiedVoronoiand
modifiedgraph-basedK-Meansapproaches.

Figure2showstheaveragetimetakenbyallthealgorithmsforvariousgraphinstances.The
MBFSapproachtakeslesstimecomparedtothatofVoronoiandgraph-basedK-Meansapproaches.
ThemodifiedVoronoiandgraph-basedK-Meansapproachesareoptimalalgorithmstakingmore
timeastheyalwaysfindonlytheminimumdistantclouddatacenter.
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Figure3showsthattheaveragecostofclouddatacentersofallthealgorithms.Theaveragecost
ofMBFSismorethanthatofVoronoiandK-MeansapproachesasMBFSassignsleftovernodes
eitherrandomlyortoaminimumdistantdatacenterinordertoserviceallthesourceofrequests
whichincreasestheaveragecost,whereasVoronoiandK-Meansapproachesalwaysassignonlyto

minimumdistantdatacenter.Moreover,thecostcomesdownwithlargernumberofverticesisdue
totheconnectivity(degreeofnodes)hasincreased.Primarily,thiswouldmeanthatthesearedense
graphsandsominimumcostofpathswillreduce.ThedifferenceinaveragecostbetweenMBFS
andotherapproacheshasnotshownanysignificantdifference.Hence,MBFSsolutioncanbeused
forclouddatacenterallocationtosourceofrequestsinsteadofthetime-consumingVoronoiand
K-Meansapproaches.

Figure 2. MBFS vs. Other algorithms in terms of average time taken

Figure 3. MBFS vs. Other algorithms in terms of average cost
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Table1shows that theaverage loaddistributionof100sourceof requests toclouddata
centersofallthealgorithms.Theaverageloadofclouddatacentersisuniform,asallthesource
ofrequestsareassignedtosomeclouddatacenters.However,theaverageloaddistributionis

uniformincaseofMBFSapproaches,whereasinVoronoiandK-Meansapproaches,somecloud
datacentersareoverloadedandsomeareunderloadedastheyalwaysassignonlytoaminimum
distantclouddatacenter.

FromtheresultsitisclearthatMBFSassignsclouddatacentertothesourceofrequestsina
fastermanner,whichleadstofasterserviceprovisioning.

Table 1. MBFS vs. Other approaches in terms of average load distribution

No. of DCs DC ID Voronoi 
Algorithm K-Means MBFS_minCDC 

Assignment

MBFS_
randomCDC 
Assignment

25

3 8 5 3 3

5 4 3 3 3

15 8 1 3 3

16 9 7 3 3

19 6 2 3 3

25 5 6 3 3

27 4 3 3 3

28 0 4 3 3

29 2 5 3 3

32 0 4 3 3

34 1 2 3 3

39 0 2 3 3

43 2 2 3 3

45 2 1 3 3

46 3 3 3 3

48 2 2 3 3

51 1 1 3 3

52 0 1 3 3

53 4 4 3 3

67 4 4 3 3

71 2 3 3 3

74 1 0 3 3

90 2 1 3 3

99 4 6 3 3

100 1 3 3 3
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CONCLUSION AND FUTURE wORK

Thispaperproposedanalgorithm-modifiedBreadthFirstSearchforefficientlyallocatingclouddata
centerstosourceofrequestsbylimitingthedistancebetweenthemandkeeptheloadoftheclouddata
centerasbalancedaspossible.TheproposedapproachesarecomparedwithmodifiedVoronoiand
K-Meansapproachofclouddatacenterallocation.Theproposedalgorithmoutperformsthemodified
VoronoiandmodifiedK-Meansintermsofaveragetimetaken,averagecostandloaddistribution.

Infuture,thereisaplanofaugmentingCapacitatedDominatingSetswithclouddatacenter
allocationwhichwillfurtherfinetuneallocationproblemsbyenablingloadbalancingofclouddata
centers.IntheCapacitatedDominatingSetproblem,eachvertexhasbeenassignedalimitonthe
numberofvertices itcandominate.Hence,everyclouddatacenteraugmentedwithCapacitated
DominatingSetswillserveuniformsourceofrequests.
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