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Abstract  

Improving iquery iperformance iremains ione iof ithe imost iinteresting iand ichallenging igoals ifor iboth 

ithe iacademic iand iindustrial icommunities. iIndeed, icloud icomputing ihas icomplicated ithe itraditional 

iprocess iof iquery ioptimization isince imany inew ichallenges imust ibe iconsidered. iGreat iefforts ihave 

ibeen imade ito iaddress ithis iproblem iin ithe icontext iof icloud icomputing. iThe ipresent iarticle iaims ito 

iprovide ia icomplete iview iof iquery ioptimization iin icloud icomputing. iIt iprovides ia isystematic isurvey 

ion iquery iprocessing iin icloud ienvironment ithrough ithree imain iphases. iIt ifirst iidentifies ithe ispecific 

icloud ichallenges ifacing iquery iprocessing itechniques. iThen, iit ireviews iand iclassifies ithe icurrent 

iquery ioptimization itechniques ibased ion ia iproposed itaxonomy. iFinally, iit icompares iand idiscusses 

ithe isurveyed itechniques ibased ion ithe ispecific ichallenges irelated ito ithe icloud ienvironment. iThis 

ipaper iprovides ireaders iwith isome irecommendations iwhich imust ibe iconsidered iin ifuture iwork.  

Introduction  

Cloud icomputing iis ione iof itoday’s 

ifastest igrowing itechnology. iIts iability ito 

iallow iusers ito iperform imassive-scale 

iand icomplex icomputing iwithout 

iowning iexpensive icomputing ihardware 

iand  

idedicated isoftware imake iit imore 

iattractive. iInterest iin ithis inew 

itechnology iis iprimarily idue ito ithe 

ieconomies iof iscale iand ifor ithe ihardware 

iand isoftware icosts iincurred iby iusers. 

iSince isuch iusers iare ilikely ito ibe imuch 

ilower iwhen ithey iare ipaying ifor ia ishare 

iof ia iservice irather ithan irunning 

ieverything ithemselves i. iSecondly, ithe 

icosts iincurred iin iwell-designed icloud-

based idata istore iand imanagement 

isystems iwill ibe iproportional ito iconcrete 

iusage iaccording ito i“pay-per-use” 

iparadigm ifor iboth isoftware ilicensing 

iand iadministrative icosts. iHence, icloud 

isolution iprovides ithe iillusion iof iinfinite 

ipools iof ihighly ireliable, iflexible, iand 

iscalable icomputing, istorage, iand 

inetwork iresources i. iHowever, ieven 

ihuge istorage icapacities iare iguaranteed 

iin isuch itechnology, iend-users ineed ialso 

ito iquery istored idata iand iget ifast iquery 

iprocessing. iThus, ione iof ithe imajor 

ichallenges iin icloud istorage icomponents 

idevelopment iis ito idevelop ieffective 

imethods iand istrategies ifor iquery 

iprocessing iand ioptimization.  

Query ioptimization ihas ibeen iintensively 

iinvestigated iin idifferent icontexts, iin 

icentralized idatabases i, iparallel 

idatabases i, iand ilarge idatabases i. 

iMoreover, iother istudies ihave ifocused 

ion iquery ioptimization itechniques ifor ia 

ispecific itype iof iqueries isuch ias itop-k 

iqueries i, irecursive iqueries i iand 

icontinuous iqueries i. iIn ibig idata icontext, 

iLee iet ial. i ihave igiven ia ithorough 

idiscussion iabout imapreduce iparadigm-
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based iquery iprocessing, iits ipros iand 

icons, iand iits ioptimization istrategies.  

Traditional iquery ioptimization isolutions 

iare igenerally ibased ion iseveral 

itechniques isuch ias iindexing, icaching, 

ifragmentation, iand iview 

imaterialization, ietc. iHowever, 

iimplementation iof ithese itechniques iin 

icloud ienvironments iwithout iadaptation 

ican ihave ia ipoor iperformance isince ithey 

icannot ianticipate ifuture iavailability iand 

irelease iof iresources i. iIn ithe icloud 

icomputing icontext, iquery ioptimization 

iis imore ichallenging isince ia iquery 

iexecution iinvolves imany ifactors iand 

imultiple idata istores. iFurthermore, 

idiverse ichallenges irelated ito ithe icloud 

ienvironment imust ibe iconsidered iduring 

iquery iprocessing. iTo ideal iwith idata 

istorage iand iquerying iissues iin icloud 

ienvironments, imany istudies ihave 

isuggested iadopting ibig idata 

itechnologies ias ia isolution ito ithe 

idevelopment iof ithe icloud. iThus, ithe 

istatus iof ibig idata iin icloud icomputing iis 

igiven iin. iThe iauthors idiscussed ithe 

irelationship ibetween ibig idata istorage 

isystems, icloud icomputing, iand iHadoop 

itechnology. iSakr iet ial. iprovided ia 

isurvey isummarizing ivarious istrategies 

iand imechanisms ifor iprocessing iand 

ideploying idata-intensive iapplications iin 

ithe icloud. iAttasena iet ial. ifocused ion ithe 

isecurity iaspect iof ithe icloud. iThey 

isurveyed ithe isecret isharing ischemes 

irelated ito ithe iquery iand idata iprocessing 

iwith irespect ito idata isecurity, idata iaccess 

iand icosts iin ithe ipay-as-you-go 

iparadigm. iRecently, ia isurvey ipaper ihas 

ipointed iout iand ievaluated ibig idata 

iindexing itechniques ifor iquery 

ioptimization iin icloud icomputing. iThe 

iresulting itaxonomy iof iindexing 

itechniques icategorization iis ibased ion 

ithree iapproaches iwhich iare inon-

artificial-intelligent, iartificial-

intelligent, iand icollaborative iartificial-

intelligent iapproaches.  

It iis itrue ithat ithe iindexing itechniques 

ihave ibeen ilargely iused ifor icloud iquery 

iprocessing. iHowever, iin irecent iyears, 

imany iother iquery ioptimization 

itechniques ifor icloud icomputing ihave 

ibeen icarried iout. iMoreover, ieven iif 

ithese idifferent itechniques ihave ibeen 

istudied iindividually iin ithe ipast, ithe 

iliterature istill ilacks ia iunified iview iof 

iquery ioptimization itechniques iin icloud 

ienvironments. iEven ithough ithere ihave 

ibeen isome isurveys iand ireviews 

iregarding iquery iand idata iprocessing iin 

ithe icloud, ithey ifail ito icover imany 

itechniques iand ido inot iprovide ia iholistic 

iview iof ithe iresearch iabout iquery 

iprocessing iin ithe icloud. iMoreover, ino 

ione iof ithe ipreviously ipresented isurveys 

idirectly ifocused ion ispecific icloud 

ichallenges ito iinvestigate iquery 

ioptimization itechniques. iThus, ia 

icomprehensive isurvey iof ithis ifield iis 

irequired.  

Mainly, ithis istudy icontributes ito 

iunderstanding ithe iprincipal iof iquery 

ioptimization itechniques iin icloud 

ienvironments. iIt ifirstly iidentifies 

ichallenges ifacing iquery ioptimization 

itechniques iin icloud ienvironments iand 

ithen isurveys iand iclassifies isuch 

itechniques iwith irespect ito itheir 

istrategies. iA ifocus ion ithe irecent 

itechniques ithat ideal iwith ithe ispecific 

ichallenges iof icloud ienvironments iis 

imade. iNoting ithat, iworks irelated ito ithe 

ieffect iof ihardware iimprovement ion 

iquery ioptimization itechniques isuch ias 

imemory iand iaccess icosts iare inot 

iconsidered iin ithis ipaper.  
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In iorder ito iachieve ithe icontributions 

imentioned iabove, iwe icarry iout iour 

iresearch iinvestigation iby iquerying 

ischolarly ionline ielectronic idatabases 

iusing ithe ikeywords i“Query 

ioptimization” iand i“Cloud icomputing.” 

iThe iqueried ischolarly ielectronic 

idatabases iinclude iScienceDirect, 

iSpringerLink idatabase, iIEEE iXplore, 

iACM iDigital iLibrary, iand iGoogle 

iScholar. iThe ipapers iwere ifrom idifferent 

ijournals iand iconferences. iReturned 

iarticles iwere idownloaded iand icarefully 

iexamined. iThe iselected ipapers iwere 

icarefully iread iand ianalyzed ito iextract 

ithe iaddressed ichallenges, iconsidered 

iaspects iand imethodologies iused ito 

ioptimize iqueries. iComplete 

iclassification iand ia icomprehensive 

ireview iof ivarious iquery ioptimization 

itechniques iare ithen iobtained.  

In ithis ipaper, iwe imake ithe ifollowing 

icontributions:  

• We igive isome ibasic 

ibackgrounds, irelated iconcepts 

iand ithe imain ifeatures iof icloud 

iplatforms, iwhich iare inecessary 

ifor ithe iunderstanding iof ithe 

ipaper.  

• We iprovide ia idetailed 

idescription iof ithe iquery 

ioptimization iproblem 

iconsidering ithe ispecific icloud 

ichallenges.  

• We ireview iand iclassify ithe imost 

irecent itechniques iof iquery 

ioptimization iin ithe icloud, 

iscrutinizing itheir imain iaspects.  

• We icompare iand idiscuss icurrent 

imethods, itaking iinto iaccount ithe 

idescribed ichallenges.  

• Finally, iresulting ifrom ithis 

istudy, iwe ianalyze ithe 

ilimitations iof icurrent iquery 

ioptimization itechniques. iThen, 

iwe igive isome iimportant 

iopportunities iand 

irecommendations ifor ifuture 

iresearch idirections.  

The irest iof ithis ipaper iis iorganized ias 

ifollows. iIn iSect. i, iwe iintroduce ithe imost 

iimportant iconcepts irelated ito icloud 

icomputing. iIn iSect. i, iwe ifirst idefine ithe 

iquery ioptimization iproblem iand ithen 

ihighlight ithe ispecific ichallenges irelated 

ito icloud iquery iprocessing. iIn iSect., iwe 

ireview iand iclassify ithe imost irecent 

iapproaches ifor iquery ioptimization. iIn 

iSect. i, iwe iprovide ithe ioverall idiscussion 

iof ithe ilimitation iof ithe iliterature 

iapproaches. iIn iSect. i, iwe ipresent ifuture 

idirections iin ithe icontext iof iquery 

ioptimization iin icloud ienvironments. 

iFinally, iwe iconclude ithe ipaper.  

Background  

For ia ibetter iunderstanding iof ithe irest iof 

ithe ipaper, iwe iprovide iin ithis isection ia 

ibrief ibackground ion icloud icomputing 

imodels iand iquerying iwithin ithe icloud 

ienvironments.  

Cloud icomputing  

The iNational iInstitute iof iStandards iand 

iTechnology ihas idefined icloud 

icomputing ias i“a imodel ifor ienabling 

iubiquitous, iconvenient, ion-demand 

inetwork iaccess ito ia ishared ipool iof 

iconfigurable icomputing iresources ithat 

ican ibe irapidly iprovisioned iand ireleased 

iwith iminimal imanagement ieffort ior 

iservice iprovider iinteraction.” iAlso, 

iArmbrust iet ial. isummarized ithe icloud 
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icomputing idefinition ias i“both ithe 

iapplications idelivered ias iservices iover 

ithe iInternet iand ithe ihardware iand 

isystems isoftware iin ithe idata icenters ithat 

iprovide ithose iservices.”  

Cloud iservice imodels  

Basically, iNIST ihas idefined ithree 

iservice imodels iand ifour ideployment 

imodels. iThe ideployment imodels iare 

ipublic icloud, icommunity icloud, iprivate 

icloud, iand iHybrid icloud. iThe iservice 

imodels iinclude iIaaS, ii.e., iInfrastructure 

ias iService, iPaaS, ii.e., iPlatform ias ia 

iService, iand iSaaS, ii.e. iSoftware ias ia 

iService. iThus, iIaaS imeans ithat 

icomputers iare iproposed ias iphysical ior 

ivirtual imachines ito isupport iend-users’ 

ioperations. iThe iservice iprovider irents 

ithe iuse iof ithese imachines ito icustomers 

iin ia ipay-as-you-go imanner. iIn ianother 

ihand, iPaaS iprovides icomputing 

iplatforms ito icustomers isuch ias 

ioperating isystems, ihardware, 

iprogramming ilanguage iexecution 

ienvironments, iservers, iand idatabases. iIn 

iSaaS, isoftware iapplications iare iinstalled 

iin ithe icloud, ioperated iand imaintained 

iby iservice iproviders. iCustomers ican 

iaccess ithe isoftware ifrom icloud iclients. 

iRecently, inew iexpanded iservices imodel 

ihave iemerged isuch ias iStaaS, ii.e., 

iStorage ias ia iService, iand iDaaS, ii.e., 

iDatabase ias ia iService. iIndeed, iStaaS 

iforms ione iof ithe icritical icomponents iof 

iIaaS. iIt iprovides ia iseries iof icloud-based 

idata istores ithat idiffers iin idata 

iconsistency isemantic, idata imodel, idata 

itransaction isupport, iand iprice imodel. 

iFurthermore, ithe iDaaS imodel iprovides 

idatabase ifunctionalities isuch ias idata 

idefinition, istorage, iquerying iand iuser 

iinterface ifunctionalities. iTo iimplement 

isuch ia iservice, ithe imajority iof icloud 

iservice iproviders iuse ibig idata ihybrid 

iarchitectures. iSuch iarchitectures 

icombine istructural, inon-structural, iand 

isemi-structured idata istorage isystems 

iand ialso iopen-source iand icommercial 

icloud iplatforms. iThus, icloud icomputing 

iis iclosely irelated ito ithe inew 

iprovisioning iparadigm iof icomputing 

iinfrastructure iand ibig idata iprocessing 

itechnique igiven ithe ivariety, ivolume, 

iand iveracity iof idata iacross icloud 

ienvironments.  

Querying iin ithe icloud  

In ithe icloud icomputing icontext, 

iquerying iconsists iin iretrieving iof ithe 

idata irecords ior ifiles ithat imatch ithe 

ispecified icondition. iIn ithe icloud, 

iqueries ican itake idifferent iforms isuch ias:  

• Ad ihoc iquery imeans ione-time 

iexecuted iquery, iit iis ioften 

iexpected iwith iresults iat 

iinteractive ilatencies.  

• Recurring iquery, ii.e., 

iperiodically ideployed iquery ito 

iget idaily ior ihourly ireports.  

• Continuous iquery, ithis iform iof 

iquery iis iexecuted iin ireal-time 

iand iincrementally icompute  

iresults ias iit iis ireceived.  

There iis ivarious itype iof iqueries 

iconsidered iin ithe iliterature. iThose ithat 

ihave ibeen iwidely idiscussed iin ithe 

icontext iof ithe icloud icomputing iare iSPJ 

iquery, iaggregate iquery, itop-k iquery, 

irange iquery, imulti-keyword iquery, 

iskyline iquery, iand ik-nearest ineighbor 

iquery.  

• SPJ iquery iis ithe imost ipopular 

iquery iin ithe idatabase, iit iincludes 



5  

  

iselection, iprojection, iand ijoin 

ioperations.  

• Aggregate iquery iis idefined iwith 

ia ifunction iwhere ithe ivalues iof 

imultiple irows iare igrouped 

itogether iaccording ito isome 

icriteria ito iget ia isingle ivalue iwith 

isignificant icontent.  

• Top-k iquery iis ito iseek iand 

iretrieve ithe ik ielements iwith ithe 

ihighest iselecting iscore.  

• Range iquery iis ito iseek iand 

iretrieve ia iset iof idatabase 

ielements ithat ifall iwithin ia irange 

iof indimensional ispace iof 

iattributes.  

• K-nearest ineighbor iquery iKNN 

iquery iis ito iseek iand iretrieve ithe 

itop ik imost isimilar idocuments iin 

ian ioutsourced idatabase ito ia 

igiven idocument ior ia irelatively 

ismall iset iof idocuments.  

• Skyline iquery iassume ithat ievery 

iuser ihas ia iset iof ipreferences 

iover ithe iattributes iof idata.  

iThe isought iskyline iset iis ithe 

isubset icontaining ithe imost 

ipreferred iitems iof iall ithe 

ipreferences iof iall iusers i.  

• Multi-keyword iquery iis ito iseek 

iand iretrieve ifiles ior idocuments 

icontaining ia iparticular iset iof 

ikeywords.  

Problem idefinition iand irelated 

ichallenges  

In irecent iyears, ithere iis iincreasing 

iresearch iinterest iin iquery iprocessing 

iover icloud ienvironments. iSuch iresearch 

istudies ihave ifocused ion idifferent 

ichallenges irelated ito iquery iprocessing 

iin icloud icomputing iwhile irecognizing 

idiverse ihypothesis ion ithe iinteracted 

ientities iand iactors iof ithe icloud. iHere, 

iwe imake ia ibrief ioverview iof i(1) ithe 

idifferent ientities iconsidered iwhen 

iaddressing iquery ioptimization iissue, i(2) 

ia idescription iof ithe iquery ioptimization 

iproblem, iand i(3) imost iimportant 

ichallenges iwhen idesigning ia iquery 

ioptimization itechnique.  

Cloud isystem imodel  

Cloud icomputing icluster icontains 

ihundreds ior imore iof iheterogeneous 

ihardware iin ithe iform iof inodes. iEach 

inode ihas ithe iability ito istore idata iand 

iperform ia ispecific icomputation.  

A irepresentative ischeme iof icloud 

iquerying isystem iand iits icomponents iare 

iillustrated iin iFig. i1. iIt iincludes itwo itypes 

iof inodes inamely, imaster inodes iand islave 

inodes. iMaster inode, iwhich iis iresponsible 

ito istore isome imeta-data iabout iall idata 

iand iclusters. iSlave inode iis iresponsible ito 

istore ithe iregular idata. iMoreover, ithree 

idifferent ientities ican ibe iidentified ias 

ifollows:  

Fig. i1  

  

https://link.springer.com/article/10.1007/s11227-019-02806-9#Fig1
https://link.springer.com/article/10.1007/s11227-019-02806-9#Fig1
https://link.springer.com/article/10.1007/s11227-019-02806-9#Fig1
https://link.springer.com/article/10.1007/s11227-019-02806-9#Fig1
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Cloud iquery iprocessing isystem iand iits 

icomponents  

• Data iOwner i(DO) iis ithe ilandlord 

iof ithe istored idata ior ifiles iin ithe 

icloud. iIn ithe icase iof ifiles, ithe 

ilandlord imust iidentify iits ifiles 

iand ispecify ia iset iof ikeywords ito 

ibe iused ifor ipossible iqueries.  

• Data iConsumer i(DC) iis ian 

iauthorized ientity—individual 

iusers ior ienterprises—which ihas 

ithe iright ito iquery ithe icloud idata 

iand isearch ifor ispecific 

iinformation iin ithe icloud.  

• Cloud iService iProvider i(CSP) 

ian ientity iwhich ioffers istorage 

iand icomputational iresources 

iand iservices.  

Generally, ia idata iowner istores iits idata iin 

ia ispecific iCSP ito iprovide iits iservice ito 

idiverse icustomers iwho iaccess ithese 

iservices iand idata iover ithe iinternet. iTo 

iensure ia iminimum iquality iof iservice, iit 

inegotiates ian iSLA, ii.e., ia iservice ilevel 

iagreement iwith ithe iprovider ion iwhich 

ithey ispecify iall imonetary icosts iand 

iservice ilevel ithat imust ibe isatisfied.  

Query ioptimization iproblem  

In ithis isub-section, iwe igive ia ishort 

idescription iof ithe iquery ioptimization 

iproblem iin icloud ienvironments.  

In icloud ienvironments, iquery iprocessing 

ican ibe ieither icentralized ior idistributed. 

iTo iperform iefficient ioptimization, iit 

irequires istatistics ifrom ithe idifferent idata 

istorage inodes. iAs iillustrated iin iFig. i1, ia 

iDO istores iits idata ion ia iCSP, iand 

imultiple iDCs ican iquery ithis idata. iA iDC 

isubmits ia iquery iusing ia ihigh-level 

ilanguage isuch ias iSQL, iHiveQL ior ia iset 

iof ikeywords iin icase iof imulti-keyword 

iquery. iUsually, ithis iquery iis isubmitted 

ito ithe imaster inodes. iWhen ithe imaster 

inode ireceives ia iquery, ithe ioptimizer 

iframework—located iin ithe imaster 

inode—produces ia idetailed iquery 

iexecution iplan i(QEP) ithat ican ibe 

iperformed iby ia inumber iof inodes. iTo 

idetermine ian ioptimal iplan, ithe 

ioptimizer iframework iuses ia icost imodel. 

iThis icost imodel iestimates ithe isystem 

iresources iused ifor iquery ievaluation 

ioperators. iDue ito ithe idistributed 

ienvironment, ithe iprocessing iof 

idistributed iqueries irequires idata 

icommunication ibetween idiverse inodes 

ithrough ia inetwork. iThus, iaccording ito 

ithe igenerated iQEP, ithe ioptimizer 

iframework idecomposes ithe iquery iinto 

iseveral isub-queries. iThen, ifor ia iparallel 

iand iconcurrently iprocessing, ithe imaster 

inode idispatches isub-queries ito ithe 

iavailable islave inodes ibased ion idiverse 

ifactor iincluding iload ibalancing istrategy 

iand ipaying icapability. iFinally, ithe islave 

inodes ievaluate ithese isub-queries ibased 

ion ithe iproposed iplan iand ithen ireturn 

ipartial iresults ito ithe imaster inodes. 

iWhen iall isub-queries ion ithe islave inodes 

iare iexecuted icompletely, ithe imaster 

inode imerges ithe ipartial iresults, iand ithe 

iresult iof ithe iquery iis ireturned ito ithe iDC. 

iNoting ithat islave inodes ican iexchange 

isub-results ibetween ithem iif inecessary.  

During ithis iprocess, isome itraditional 

iissues imust ibe iaddressed ito icarry iout ithe 

ioptimization ioperation isuch ias:  

• Which iis ithe ibest icost imodel ito 

ibe iused?  

• How ito iestimate icosts iof iquery 

iexecution iplans, iconsidering 

imultiple idiverse irelevant icriteria 

https://link.springer.com/article/10.1007/s11227-019-02806-9#Fig1
https://link.springer.com/article/10.1007/s11227-019-02806-9#Fig1
https://link.springer.com/article/10.1007/s11227-019-02806-9#Fig1
https://link.springer.com/article/10.1007/s11227-019-02806-9#Fig1
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isuch ias ithe imonetary icost iof 

iresources, istaleness iof idata, 

ietc.?  

• How ito iselect ithe ibest iexecution 

iplan ithat icould iperform ithe 

ioriginal iquery?  

• How ito iselect iavailable inodes 

iwhere ithe iquery imust ibe 

iprocessed?  

• How ito iassign isub-queries 

iacross idifferent iavailable inodes 

itaking iinto iaccount iload 

ibalancing?  

These idifferent iissues iand iquestions 

ihave ibeen iwell idiscussed iin ithe 

iliterature iof idistributed idatabases 

icontext. iBesides ithe iwell-known 

itraditional iissues iaddressed iin ithe 

iconventional iand idistributed idatabase 

idiscussed iabove, isome iother iissues iarise 

isuch ias ithe ilacking iof iscalability, 

ireliability, ifault itolerance, idata 

ipartitioning, iand ireplication. iSuch 

iissues iwere idealt iwith ibig idata 

isolutions. iHowever, iin iaddition ito iall 

ithese iissues, inew iconsiderations iand 

ichallenges irelated ito icloud 

ienvironments imust ibe iaddressed. iThese 

inew iconsiderations iand ichallenges iwill 

ibe idiscussed iin ithe inext isub-section.  

Specific ichallenges iof ithe icloud  

In ithis isub-section, iwe iidentify ithe imain 

ichallenges iencountered iwhen idesigning 

iquery ioptimization itechniques iin icloud 

ienvironments.  

To iaddress ithe iproblem iof iquery 

ioptimization, imany iauthors iadapted 

itraditional iquery ioptimization 

itechniques iconsidering icloud 

icomputing ispecificities. iAlthough 

itraditional iquery ioptimization isolutions 

ipresent ivarious iadvantages. iHowever, 

ieven iwith ithe inew ibig idata iplatforms, 

ithe ispecific ifeatures iof icloud icomputing 

irequires irising ieffectively inew 

ichallenges. iCloud icomputing ihas ithe 

ifeatures iof ibeing ia ilarge-scale, 

idistributed iand ivirtual icomplex 

iinformation isystem. iIn ithe ifollowing, 

iwe igive ia ibrief idescription iof ithe imost 

iimportant ichallenges.  

How ito ideal iwith iDFS iand ikey-value istorage isystems?  

In icloud icomputing isystems, idata 

istorage idepends ilargely ion ithe 

idistributed ifile isystem i(DFS) ito istore 

idata iand iadopts ia ikey-value iand ibig-

table-like istructures. iHowever, isuch 

istructures ihave isome ilimitations iin idata 

imanagement. iFor iinstance, ithese 

istructures icannot ieffectively iprocess 

icomplex iqueries iand ionly ibasic iquery 

ioperations iare isupported. iMoreover, 

ithey ican ionly iprovide ikey-based 

iinsertion. iFurthermore, idata iare 

ihorizontally ipartitioned iand 

iredundantly istored iin imultiple 

idistributed iworker inodes. iIn iDFS, ithere 

iare imultiple iinstances iof ithe isame 

ivolumes, iwhich ican imove ibetween ithe 

idifferent inodes. iWhen ia iuser iquery iis 

iissued, ithe isystem ishould iseek ian 

iadequate ivolume iinstance iwhile 

iconsidering iload ibalancing, iscalability, 

ireliability, ifault itolerance, iand idata 

ireplication. iTherefore, iquery 

ioptimization itechniques imust iaddress 

iproblems iarising iwhen idata ivolume 

istored iin idifferent inodes iis ilarge. 

iBesides, ito itake ithe ibetter iQEP, ithe 

imaster inode imust icollect istatistics ifrom 

ivarious islave inodes ito iavoid ihigh icost.  

How ito ipreserve ielasticity ifeature iof icloud iservices?  
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A ikey iasset iof icloud icomputing iis iits 

ielasticity. iIndeed, ithe icloud ielasticity 

ifeature imeans ithat ia iservice ican ibe 

iscaled iup iby iincreasing ithe iset iof 

inodes/resources ior ican ibe iscaled idown 

iby idecreasing ithis iset iof inodes ior 

iresources. iTherefore, iit ienables ithe 

isystem ito iadd iand iremove iresources 

iaccording ito ithe iapplication’s 

irequirements ior ion iuser idemand iin ireal-

time. iTherefore, ikeeping icloud 

icomputing ielasticity irequires iobserving 

iclosely iand ipredicting ithe irequired 

iresources ifor ithe isystem iin iorder ito 

idecide iwhen ito iadd ior ito iremove 

iresources. iSince ia inode icannot 

imeaningfully iparticipate iin ithe idatabase 

ioperations ionly iif iit ihas ia isubstantial 

iproportion iof ithe iquerying idata. iThus, 

ithe iprovisioning iof idata ion iavailable 

itransitory inodes imakes ielastic ia ihard 

iproblem. iThis iis ia icrucial itask isince ian 

iunder-provisioning ior iover-

provisioning iof icomputing iresources 

iwill iprobably iadversely iaffect ithe 

icloud’s iuser ias iwell ithe iprovider. 

iFurthermore, ithe ispeed iof ielasticity 

iadaption iis ia icrucial iquality iof ia icloud 

iservice. iThus, iquery ioptimization itasks 

imust ibe iflexible isince ielasticity irequires 

isporadic iand ifast ishifting iof idata iand 

idata iownership ibetween inodes. 

iTherefore, iimplementing ian iadaptable 

iquery ioptimization itechnique, iable ito 

iconsider ithe icapacity iof idata 

iprovisioning iand itemporarily iavailable 

inodes iis ia ireal ichallenge.  

How ito ideal iwith ithe ipay-as-you-go iparadigm?  

One iof ithe ifundamental ifeatures iof ithe 

icloud iis ito iallow iits iusers ito ipay ithe iuse 

iof ishort-term icomputing iresources 

iaccording ito itheir ineed. iCloud iresources 

iare irented iin ithe iunit iof ivirtual imachine 

iinstances, ior iaccording ito itechnical 

icriteria isuch ias ipower, ibandwidth, ior iin 

iflat-rate iform. iHowever, iusing ia iquery 

ioptimization itechnique iimplies iextra 

icloud iresources isuch ias iadditional 

istorage ispace, iadditional istructures ior 

imore icomputing ipower. iThus, isuch 

iextra icloud iresources imust ibe ipriced. 

iHence, iprovide ia iquery ioptimization 

itechnique iwith iminimum iextra icloud 

iresources ito ikeep ia ibalance ibetween ithe 

icustomer’s iability ito ipay iand isupplier’s 

iprofitability iis ia igreat ichallenge.  

How ito iensure isecurity iand iprivacy iof idata?  

Data isecurity iremains ione iof ithe imost 

iconcerns iin icloud icomputing. iIndeed, 

idata isecurity iand iprivacy irequirements 

iare iquite icrucial ifor imany iusers iand 

ioften iare ifactors ithat irestrain itheir 

iadoption iof icloud icomputing isolutions. 

iSince icloud icomputing iincludes ithree 

iparties: iDCs, iDOs, iand iCSP, iand ithe 

istored idata iare inot iunder ithe idirect 

iauthority iof itheir iDOs. iThus, itraditional 

isecurity isolutions iare inot idirectly 

iapplicable. iIndeed, iCSPs iare ia ipossible 

ithreat ito ithe isecurity iof idata isince ithey 

ican iprovide ia isecondary iusage iof idata 

ifor iadvertisement ipurposes ior ifor 

igovernments. iDealing iwith icloud 

isecurity iissue iinvolves iaddressing idata 

iprivacy, iavailability iand iintegrity 

iissues. iIn ithe icloud icontext, iespecially 

ifor iquery iprocessing, isecurity iconcern 

iboth istorage iand icomputation.  

To ienforce isecurity, idiverse isolutions 

iwere iproposed iincluding, idata 

iencryption, idata ianonymization, idata 

iverification, iand idata iseparation. 

iHowever, ithese isolutions imake iquery 

ievaluation imore icomplicated. iThus, ia 

igreat ichallenge iis ihow ito idesign iand ito 
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iadapt iquery ioptimization itechniques ito 

iensure iboth ia ihigh-level iof isecurity iand 

iflexible iquery iprocessing. iIn iother 

iwords, iit iconsists ito ifind ithe imost itrade-

off ibetween ithe ihigh-level iof idata 

isecurity iand iefficient idata iaccess.  

How ito imanage ithe ivolume iand iheterogeneity iof 

idata?  

According ito iReinsel iet ial., ithe ivolume 

iof iglobal idata iwill igrow ifrom i33 

iZettabytes iin i2018 ito i175 iZettabytes iby 

i2025. iIndeed, idata iand iservices iof ithe 

icloud iare icharacterized iby itheir 

iheterogeneities isince iprocessed idata iare 

iin idifferent iformat iincluding istructured, 

isemi-structured, iand iunstructured idata. 

iThus, ithere iis ipresently ialmost ino 

ideclarative imethod ito idefine iand 

iexecute icomplex iqueries iover imany 

idata istores iof iheterogeneous idata 

imodels. iThis iis iprincipally idue ito ithe 

ilack iof ia icommon iaccess imodel ion 

iheterogeneous idata istores. iTherefore, 

ienhancing icloud idata imanagement 

isystems iand iquery iprocessing 

itechniques ito ibe iable ito ifollow ithese 

igrowing iand iheterogeneity itrends iof ithe 

idata ivolume iare ibig ichallenges.  

Solutions ito imanage isuch ia igrowing 

ivolume iof idata iin icloud ienvironments 

ihave ibeen iproposed. iThese isolutions 

iconsist iof idata ipartition ito iprovide 

iscalability iand ireplication iof ithe 

ipartitioned idata ito iget ihigh iavailability. 

iHowever, ithese isolutions imake iquery 

ioptimization imore icomplex. iSince ithe 

iquery ioptimization itechniques ihave ito 

iconsider ispecific icriteria isuch ias 

ireplication ifactor, ithe icost iof idata 

imovement iand itransformation iwhich ican 

ibe ivery ihigh.  

Review iof iquery ioptimization 

imethods  

In ithis isection, iwe iprovide ia 

icategorization iof iquery ioptimization 

itechniques iin ithe icloud iin ia itaxonomy 

ithat isummarizes icurrent iresearch iin ithe 

ifield.  

This itaxonomy iis idone ibased ion ivarious 

ifactors. iThe ifirst ilevel iof ithe itaxonomy 

icaptures ithe ibasic iprinciple iused ito 

ioptimize iqueries iincluding idesign, 

iarchitecture, iand irequirements iof ieach 

itechnique. iThe ifirst ilevel iprovides ifour 

imain icategories. iThese icategories ialso 

ihave idifferent isubcategories. iEach 

icategory iwas ifurther iclassified ito 

iprovide ia isecond ilevel iof itaxonomy. 

iThis isecond ilevel idescribes iconsidered 

iinformation iduring ithe ioptimization 

iprocess iincluding ifunctionality, iused 

idata iand imeta-data ito iobtain ian 

iexecution iplan ior iresult. iThe ifinal 

ihierarchy iof ithe itaxonomy iwas 

ideveloped iby ifurther irefining ithe 

iclassifications ibased ion ithe 

imaintainability ion ithe itechnique.  

Through ithis itaxonomy, iwe iprovide 

iresearchers iwith ian iaccurate iview iabout 

imost iimportant icontributions ion iquery 

iprocessing iin ithe icloud ienvironment 

iand itheir ilimitations. iThis itaxonomy 

isummarizes isimilarities iand idifferences 

ibetween ithese icontributions. iFigure i2 

ishows ithe iresulting itaxonomy, iwhich 

icategorizes iquery ioptimization 

itechniques iin ithe icloud. iThe idetails iof 

ithese icategories iare igiven ibelow.  

https://link.springer.com/article/10.1007/s11227-019-02806-9#Fig2
https://link.springer.com/article/10.1007/s11227-019-02806-9#Fig2
https://link.springer.com/article/10.1007/s11227-019-02806-9#Fig2
https://link.springer.com/article/10.1007/s11227-019-02806-9#Fig2
https://link.springer.com/article/10.1007/s11227-019-02806-9#Fig2
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Fig. i2  

  

Classification iof iquery ioptimization 

itechniques  

Additional istructure-based imethods  

To iaddress ithe iquery ioptimization 

iproblem iin icloud icomputing, igreat 

iefforts ihave ibeen imade ito idesign 

isolutions ibased ion iadditional idata 

istructure isuch ias iindex, imaterialized 

iviews iand icaching.  

View imaterialization ibased imethods  

In ithe idatabase ifield, ia iview iis ia iderived 

irelation, idefined iby ia iquery iin iterms iof 

ibase irelations ior iother iviews. iIt iis isaid 

imaterialized iif iits iquery iresult iis 

ipersistently istored. iThe iviews iselection 

iconsists ito iselect ithe iappropriate iset iof 

iviews ito ibe imaterialized, iconsidering 

isome iconstraint isuch ias iquery 

iworkload, istorage icost, ietc.. 

iMaterialized iviews iare iuseful ionly iif ithe 

iquery ioptimizer iis iable ito ifind ipertinent 

iviews iquickly. iBased ion ithe 

imaintainability iof imaterialized iviews 

iset, iwe idistinguish ibetween itwo ikinds iof 

imethods; istatic iand idynamic 

imaterialization. iMaterialized iviews 

ihave ibeen iused iin icloud ienvironments 

ito iimprove iquery iperformance. iIn ithis 

ipaper, iwe idistinguish ibetween 

itechniques ibase ion istatic 

imaterialization iand ithose ibased ion 

idynamic imaterialization.  

1. (A) i  

Static imaterialization ibased 

imethods iIn itraditional 

iapproaches, ito iselect ia iset iof 

iviews ito ibe imaterialized, 

iauthors iconsidered isome 

iparameters ito iestimate ithe icost 

imodel iof iview imaterialization 

iincluding iquery iworkload iand 

idatabase isize. iTo iadapt isuch 

icost imodels ito ithe icloud 

ienvironment, iNguyen iet ial. 

idefined inew icost imodels iwhich 

iconsider ithe ipay-asyou-go 

iparadigm iof icloud icomputing. 

iThey iconsidered isome inew 

iparameters irelated ito icloud 

ienvironments isuch ias icloud 

ipricing imodel iof iCPU, istorage, 

iand inetworking. iThey iused 

ithese icost imodels ifor iquery 

ioptimization iprocess iachieving 

ia itrade-off ibetween icomputing 

ipower ienhancement iand iview 

imaterialization iunder ia ibudget 

iconstraint. iThe iproposed icost 

imodels iallow iachieving ia imulti-

criteria ioptimization ibased ion 

imaterialized iview iselection. 

iHowever, ithe iauthors idid inot 

iconsider ithe ievolution iof itheir 

iparameters. iFor iinstance, ian 

ievolution iof iquery iworkload ican 

ibe iconsidered idue ito ithe 

ievolution iof ithe iapplication 

irequirements. iThus, iin ithis icase, 

ithey imust irepeat iviews iselection 

iprocess ifrom iscratch.  

2. (B) i  

Dynamic imaterialization ibased 

imethods iunlike ithe iprevious 

imethod, iQu iand iDessloch 

iconsidered iview iselection 

iproblem ias ithe iprocess ito ifind 



11  

  

iout ia iposition iof ia imaterialized 

iview iinsertion iin ithe iview 

imaterialization iflow iin ireal-

time. iTo iselect imaterialized 

iviews, ithey idefined ia imeasure 

icalled iperformance igain iwhich 

idepends ion isome imetrics ilike 

isource iupdate irate iand 

ioriginal/incremental ioperation 

icost ifrom idifferent iplatforms. 

iThen, ithey iproposed ian 

iincremental ion-demand 

imaintenance itechnique ito 

imaintain ithe  

imaterialization ipoint iwhich 

iwould ibe iin ithe iflow. iThe 

ilocation iof ia imaterialization 

ipoint iin itransformation iflow 

ivaries idynamically ibased ion 

isome imetrics isuch ias ithe idata 

isource iupdate irates iand 

imaintenance icost. iThis ireal-

time iview imaterialization 

imethod itook iinto iaccount ithe 

ievolution iof iparameters isuch ias 

ithe iworkload.  

Index-based imethods  

In ithe idatabase icontext, idifferent imulti-

dimensional iindex istructures isuch ias iR-

tree iand iB
+-tree ihave ibeen ideveloped 

ifor iquery ioptimization. iIn icloud 

ienvironments, igreat iefforts ihave ibeen 

idevoted ito iadapt ithese istructures iin 

iorder ito iaddress iquery ioptimization 

ichallenges. iBased ion ithe 

imaintainability iof ian iindex, iwe 

icategorized ithese iworks iinto itwo 

icategories: istatic iindex-based imethods 

iand idynamic iindex-based imethods.  

1. (A) i  

Static iindex-based imethods iIn 

ithis icategory iof imethods, imany 

iframeworks ihave ibeen icarried 

iout. iThus, ian ielastic icloud 

istorage isystem icalled iEcStore 

iwas ideveloped iby iVo iet ial.. 

iEcStore iis ibased ion ia idistributed 

iindex icalled iBATON iwith itwo 

inew iextension ifunctions: 

ioptimistic iconcurrency icontrol 

iand iload-adaptive ireplication. iIt 

isupports iautomated idata 

ipartitioning, iload ibalancing, iand 

ireplication. iIt ialso iefficiently 

ihandles irange iqueries iand 

itransactional iaccess. iUsers ican 

iaccess idata iusing itransactions 

ithat icombine iread iand iwrite 

ioperations ion imultiple ipieces iof 

idata istored ion idifferent icluster 

inodes. iAuthors iargue ithat 

iecStore iprovides itwo iadditional 

ifeatures iincluding itransactional 

isemantics iacross imultiple ikeys 

iand iload-adaptive ireplication 

icompared ito iother iclosedsource 

icloud idata iserving isystems isuch 

ias iDynamo iand iPnuts, iand 

iopen-source isystems isuch ias 

iHBase. iAnother iframework 

ibased ion iVF-CAN iindexing 

ischeme iwas ideveloped iby 

iCheng iet ial.. iThe iproposed iVF-

CAN ischeme iincludes icontent-

addressable inetwork i(CAN)-

based irouting iprotocol iand ian 

iimproved iindex iof ithe ivector 

iapproximation ifile i(VA-file). 

iThe iVF-CAN iindex istructure 

ihas itwo ilevels: ia iglobal iindex 

ilevel iand ia ilocal iindex ilevel. 

iThe ilocal iindex icalled iVAK-file 

ibuilt iin ieach istorage inode iby ian 

iimproved iVA-file. iThen, idata 

iare iquantified iand icompressed 
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iinto iapproximation ivectors iof 

iVA-file. iTo igroup ithe iVA ifile 

ivectors, ithey iused ia ik-means 

iclustering ialgorithm 

iconsidering ithe idegree iof 

iproximity iof iVAK-file. iThe 

iglobal iindex iis ibuilt ion ithe itop 

iof ithe ipreviously idefined ilocal 

iindex. iFor ischeme ioperation, 

ithe istorage inode isends iits ilocal 

icluster icenter iinformation iand 

iits iIP iaddress ito ithe ioverlay 

inetwork ithrough ithe iCAN 

iinterface. iNoting ithat ithe 

iauthors ihave igiven ian ialgorithm 

idescribing ihow ithe ilocal iindex 

iis ibuilt iand ihow ito iissue ia ilocal 

iindex iin ithe iglobal iindex. iIn 

iorder ito ieliminate ibottleneck 

iproblems, ithe iglobal iindex iis 

idistributed iin istorage inodes. iTo 

ifacilitate idata imanagement, 

ieach istorage inode iis iorganized 

iwith ia istructure ioverlay iCDN ito 

imanage ithe iglobal iindex. 

iAccording ito ithe iauthors, iVF-

CAN ireduces iindex istorage 

ispace iand iimproves igreatly 

iquery iperformance. iHowever, 

ithis iframework idoes inot 

isufficiently ihandle iindex 

imaintenance, iand ifurther ieffort 

iis irequired ito iimprove ithe 

iefficiency iof imaintenance iof ithe 

iproposed iindexing ischeme. iGuo 

iet ial. iexploited ikey-value istores 

iand ithe imap-reduce iparallel 

icomputing iparadigm ito 

iimplement ithe iKVI-index, 

iwhich iis ibased ion itwo iinterval 

iindices: ion itime idimension iand 

isensor ivalue idimension. iEach 

iindex ihas ian iin-memory isearch 

itree iand ia isecondary ilist 

imaterialized iin ithe ikey-value 

istore. iThey ideveloped ia inew 

iapproach ito iperform iquery 

iprocessing iunder imodeled idata 

istreams iby ienhancing 

iintersection isearch ialgorithm 

icalled iiSearch ithat iproduces 

iconsecutive iresults isuitable ifor 

imap-reduce iprocessing. iNoting 

ithat ithe itime icomplexity iis iO(1) 

iin iterms iof inetwork iI/O, ithe 

ispace icost iis iO(N) ifor itime 

iindex, iand ithe ispace icomplexity 

iof ivs-tree iiSearch ialgorithm iis 

iO(1). iLi iJ iet ial. iproposed ia 

imulti-dimensional iindexing 

imechanism iPR-Chord. iThe iPR-

Chord iindex iincludes ia iPR-

Index iand ia iChord inetwork. iIt iis 

ia ihierarchical iindex istructure 

iand ibased ion ithe iimproved 

iversion iof iPR iquadtree. iThe 

imulti-dimensional ispace itrained 

iby ithe irange iof ithe imulti-

dimensional idata iis isplit iinto 

iequal ihyper-rectangle ispaces. 

iThe ieffectiveness iof iPR-Chord 

icomes ifrom ithe iload ibalancing 

iand isimplicity iof iits iindexing 

ialgorithm. iAccording ito ithe 

iauthors, ithe iaverage 

itransmitting ihops iof iPR-Chord 

iquery iare iO(log iN). 

iFurthermore, ithe itime 

icomplexity iof iPR-Index iin ithe 

iworst icondition iis 

iO(d × N1 − 1/d), iin iwhich iN iis ithe 

itotal inode inumber iof iindex ifor 

id-dimension.  

While iLi iY iet ial. iused iadditional 

iinformation ito ia icomplete 

ibinary itree icalled iPBtree 

i(privacy iBloom ifilter itree) 

iindex. iIt iis iused ito iorganize 

iindexing ielements. iNoting ithat 
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iquery iresult iwill ibe 

iaccompanied iby ivalidation 

iinformation, iallowing iusers ito 

icheck ithe iintegrity iof iresults. iTo 

imanage ithe isecurity iissue, ithe 

iauthors iproposed ia ileveled 

iverifiable irange iqueries ischeme 

ibased ion ia iprivate-preserving 

ischeme. iThey iachieve ithe 

iproperty iof iverification iby 

iadding isome iadditional 

iinformation iinto ithe iquery 

iresult, iand idata iusers ialso iuse 

iadditional iinformation ito iverify 

ithe iquery iresult. iUnfortunately, 

ithis imeans ian iadditional istorage 

icost ito ithis imethod. iMoreover, 

ithe itime icomplexity iof itheir 

ialgorithm iis iO(|R| ilog in), iwhere 

ithe inumber iof iquery iresult iis iR 

iand in iis ithe inumber iof iindex 

iitems. iLikewise, iMei iet ial. i 

iaddressed ithe isecurity iissue 

iwhen ioptimizing irange iquery 

iusing ia inew iencrypted-index-

based ischeme icalled iEIT. 

iIndeed, ito iexecute irange 

iqueries, ia idata iowner icreates ian 

iindex iEIT, ii.e., iEncrypted 

iInterval iTree ifor iits iencrypted 

idata. iIf ithe idata iin ithe icloud iis 

inot ievenly idistributed, ithe idata 

iowner imust icomplete icipher-

texts iin ieach isheet ithe isame isize. 

iThe ifilling iprocedure iensures 

ithe isecurity iof ithis idata. iTo 

iperform ithe iEIT iindex, ithe 

iauthors iadopt ithe iKNN isearch 

ipattern ion iencrypted itexts. 

iNoting ithat ithis itechnique 

imakes iencryption ischemes 

isupport ithe iscenario iof imultiple 

iusers. iIn ithis iscenario, ithe 

iproposed ischeme isupports 

iefficient ilogarithmic icomplexity 

isearch iover iencrypted imulti-

dimensional idata. iHowever, 

iadditional icosts iof 

icommunication ibetween iusers 

iand icloud iprovider iare irequired.  

1. (B) i  

Dynamic iindex-based imethods 

iThis ikind iof iindexing ischeme iis 

idynamic iand isupport ischema 

iadaptation. iSome iworks ihave 

ibeen idone iin ithis idirection. iFor 

iinstance, ito ideal iwith iquery 

ioptimization iof irange iqueries 

iconsidering ithe isecurity iaspect, 

iTalha iet ial. iproposed iDISC 

itechnique iwhich imeans 

idynamic iindex ifor ispatial idata 

ion ithe icloud. iIndeed, iDISC iis ian 

iindex ibased ion ithe iHilbert 

idynamic itree iR-tree. iIts 

istructure iis iencrypted iby ian 

iorderpreserving iencryption 

i(OPE) ischeme, iwhile ithe idata 

iare iencrypted iseparately iwith ia 

isecure isymmetric iencryption 

imethod. iDISC iencrypts ithe 

inodes iwithout ialtering ithe 

istructure iof ithe iindex, iwhich 

iexplains iits ifast iexecution. iA 

ispatial itransformation iis iapplied 

ito ithe idata iand ithe idynamic 

ispatial iindex iis iencrypted iusing 

iOPE. iSuch iOPE iencryption 

ibalances ibetween iefficient 

iquery iprocessing iand idata 

iconfidentiality iin ithe icloud. 

iNoting ithat ithis ispatial iindex 

isupports idynamic iupdates ion 

ithe ioutsourced idata. iTo ispeed 

iup imultidimensional iquery 

iprocessing ithrough idata 

irecording iand ian iefficient 

iindexing ischeme, iZhang iet ial. 
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ideveloped ia imulti-dimensional 

iindex icalled iEMINC\ iEEMINC 

iby icombining itwo istructures: iR-

tree iand iKD-tree. iTo iaddress 

iEMINC\ iEEMINC iindex 

imaintenance iproblem, ithey 

iproposed ia icost iestimation-

based iindex iupdate istrategy ito 

iupdate ithe iindex istructure. 

iHowever, ithe imaintenance icost 

iis ihigh.  

Finally, iand imaybe imost iimportantly, iin 

icloud ienvironments, iscalability iissue iis 

iinitially iaddressed iby idata ipartition iand 

iavailability iis iaddressed iby ireplication 

iof ithe ipartitioned idata. iIndex-based 

imethods iare iknown ias iadaptative ifor 

idata ipartitioning, ii.e., ithese imethods iare 

iable ito isupport iautomated idata 

ipartitioning iand ireplication. iAnd 

itherefore ithe iscalability iissue iis ihandled 

ithrough ithese itechniques. iOn ithe iother 

ihand, ithe istatic iindex iis irebuilt 

iperiodically ifrom iscratch irather ithan 

iupdated iincrementally, iwhile idynamic 

iindex irequires ian iextra icost ifor iits 

imaintenance. iFurthermore, ithe idynamic 

iindex iapproaches ioutperform istatic 

iindex iapproaches iby imaintaining 

ilocation iupdates iincrementally. 

iHowever, idynamic iindex iapproaches 

isuffer ifrom iscalability icost idue ito itheir 

isingle-server i(one idata istore) idesign iand 

ithe iextension iof ithe icentralized idynamic 

iindex iapproaches ido inot iscale iout iwhen 

ithe inumber iof iservers iincreases, iwhile 

itree-based iindex imethods iincur 

idimensionality iproblem iwith ithe 

iincreasing iin ithe idimensionality.  

Caching-based imethods  

Cache iis ia iset iof idata iduplicating 

ioriginal ivalues istored iin imemory, 

igenerally, ifor ieasier iaccess iand ireduce 

iresponse itime. iThus, icaching iis ia 

itechnique iwhich iconsists ito ireplicate 

imost irequested icontent ion ia isystem 

icloser. iThen, ithese ireplicated idata iwill 

ibe iused ito iprocess ifuture iqueries. iSome 

iworks ihave ialso iadapted ithis itechnique 

ito iprocess iqueries iin ithe icloud icontext. 

iBased ion imaintainability iof ireplicated 

idata, iwe icategorized ithese iworks iinto 

itwo icategories: istatic-cachingbased 

imethods iand idynamic-caching-based 

imethods.  

1. (A) i  

Static-caching-based imethods iIn 

ithis icategory, ireplicated idata iis 

inot imaintained iafter ithe 

imodification iof ioriginal idata. iIn 

ithis icontext, iDash iet ial. 

ideveloped ia icost imodel ifor 

iselftuned icloud icaching. iTheir 

icost imodel itakes iinto iaccount iall 

ipossible icomputing iand 

iinfrastructure iexpenditure. 

iDepending ion ithe ibusiness iline 

iof ithe icloud icomputing, ithe 

iproposed icost imodel itakes iinto 

iaccount ithe inecessary iand 

iavailable icloud iresources: 

iincluding idisk ispace, iI/O 

ioperations, iCPU itime, iand 

inetwork ibandwidth. iThis imodel 

iis iself-tuned ito ithe ithree ipolicies 

ithat iaim ito i(1) ihigh iquality iof 

iindividual iquery iservice i(2) 

iincreasing ioverall iquality iof 

iquery iservices, iand i(3) icloud 

iprofit. iAccording ito ithe ifirst 

ipolicy, iusers iare isatisfied iwith 

ithe ireceived iquery iservices 

igiven ithe iamount iof imoney ithey 

iare icharged. iAccording ito ithe 

isecond, ithe ioverall iquery 
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iservice iis igradually iameliorated 

iso ithat iindividual iquery icharges 

iare iminimized. iAccording ito ithe 

ithird, icloud iinfrastructure 

iremains iprofitable iat iall itimes. 

iTherefore, ithe iproposed imodel 

iis iadapted ito ipolicies ithat 

iencourage ihigh-quality 

iindividual iand ioverall iquery 

iservices ibut ialso ibrace ithe iprofit 

iof ithe icloud iprovider.  

2. (B) i  

Dynamic-caching-based 

imethods iIn ithis icategory, ithe 

icache ielement iis imaintained ito 

istore ithe ilatest idata iup-to-date. 

iIn ithis icontext, iMa iet ial. 

iintroduced ia idynamic icache 

ireplacement istrategy ibased ion 

ithe ifrequency iof isegment 

iaccess. iThey idefine ia isemantic 

isegment ias ia idecomposed ior 

icoalesced iquery iresult. iWhen ia 

iquery iis iprocessed, ithe isemantic 

icache imanager ianalyzes ithe 

icontents iof ithe icache iand icreates 

itwo isub-queries: ia iprobe iquery 

iwill ibe ihandled iusing ithe 

iretrieved idata iof ithe icache iand ia 

iremainder iquery iwill ibe 

ihandled iusing ithe iretrieved idata 

iof ithe icloud. iThe iauthors 

iproposed ian ialgorithm ithat 

iallows ithe isemantic icache ito 

iprovide ienough iinformation ifor 

ia icomparison ibetween ithe iinput 

iquery iand ithe iquery iof ithe 

isemantic iregion iwithout 

iprocessing iall ithe ituples iin ieach 

isemantic iregion. iDuring ithis 

iaccess ialgorithm, ifour itypes iof 

ievents ican ioccur: i(1) iThe iquery 

iis icompletely iprocessed ifrom 

ithe icache. i(2) iAdditional 

ioperations iand itreatments imust 

ibe iperformed iin iorder ito iretrieve 

ithe iresult iof ithe iquery iin iits 

ientirety iby ia idifferent isegment 

iof ithe icache. i(3) iThe iresult iof 

ithe iquery ican ibe iretrieved ifrom 

ithe icache, ibut ianother ipart ihas 

ito ibe irecovered ifrom ithe icloud. 

i(4) iThe iquery icannot ibe ihandled 

iby ithe icache. iThey ialso 

iexamined ihow ito iincrease icache 

iutilization ito ifurther ireduce 

iquery iprocessing itime. iTo 

iensure icache iconsistency, ithey 

iprovided ian ieffective ilifecycle 

itag ifor ithe icache ielement ito 

istore ithe ilatest idata iup-to-date, 

iand iwhen ithe idata iare iupdated, 

ithe icache ielement iwill ibe 

iautomatically iupdated. 

iHowever, ithe iconsistency iissue 

iamong idifferent icache inodes 

iand ifault itolerance imust ibe 

iaddressed.  

Partitioning-based imethods  

In ithis ikind iof ioptimization itechniques, 

isearchers ido inot iuse iadditional 

istructure. iHowever, ithey ifocused ion 

ihow iorganizing iand ipartitioning ithe 

idata ior iquery, iso ias ito ifind ithem imore 

iquickly. iWe idistinguish ibetween 

imethods ibased ion idata ipartitioning iand 

iquery ipartitioning.  

Data ipartitioning iand iplacement ibased imethods  

In ithis icategory, ithe iauthors ifocused ion 

idata iorganization. iTo ioptimize iquery 

iperformance iand ireduce iresource 

iconsumption, iKumar iet ial. i ibuilt iup ia 

idata iplacement iapproach icalled 

iSWORD iof ireplicated idata iconsidering 
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iquery iworkload. iTheir iaim iis ito icluster 

idata irequired ifor ieach iquery ion ito ias 

ifew ipartitions ias ipossible. iTo iachieve 

ithis iaim, ithey ideveloped ia ipartitioning 

itechnique ibased ion ia iweighted ihyper-

graph. iThis ilast iis iused ito imodel ithe 

iquery iworkload. iSince ithe iresource 

iconsumption iof ia itask idepends iin 

iaddition ito iits icharacteristics, ithe 

ioverall istatus iof ithe isystem isuch ias 

iother isimultaneously irunning itasks. iA 

ihyper-graph imeans ithat ithe iconnected 

idata iitems, ii.e., ia iset iof irelation 

ipartitions, ifile ichunks, ior ituples, iappear 

itogether iin ia iquery iworkload. iIts 

iweights iassigned ito ithe iedges icapture 

ithe iaccess ifrequencies. iThe iauthors 

ideveloped iseveral ialgorithms ifor idata 

iplacement iwith ireplication iincluding 

iDense iSub-graph, iPre-replication, 

iLocalbased iMotion, iand iK-Way 

iReplication ialgorithm. iThey iproposed ia 

irouting imechanism ithat iminimizes 

ihyper-graphic icompression ioverhead iin 

itwo isteps. iFirstly, igrouping ihyper-graph 

inodes iinto igroups, isecondly, ireducing 

ithe igroup iof inodes iinto ia isingle ivirtual 

inode. iWhile iWang iet ial. iaddressed ithe 

iproblem iarising iout iof ithe ilow isampling 

iefficiency iwhen iusing iOLA i(online 

iaggregation) iquerying. iThis ilast 

iconsists ito igive ithe iuser ian iapproximate 

iquery iresult iusing irandom isamples iof 

ithe idata ithen irefine ithe iresult iwith iother 

isamples. iThe iauthors ihave ideveloped ian 

iaggregation isystem icalled iOLACloud 

icoupling itwo ikey iconcepts: irepartition 

iand iallocation. iThe ibase irelation iis 

idivided iinto iblocks iaccording ito iits 

iattributes, iallowing icombining ithe 

iappropriate ituples itogether ito iform ia iset 

iof inew iblocks iaccording ito ithese 

iattributes. iThen, ithey iproposed ia iblock 

iplacement istrategy iconsidering iblock 

isize iand ivariance iof istorage 

iconsumption. iHowever, iit iwould ibe 

iinteresting ito iimprove ithe ionline 

iaggregation iperformance iby ireducing 

ithe iredundant istatistical icomputation 

icost. iOktay iet ial. iproposed ia 

ipartitioning-based imethod iusing 

idivision istrategy iof iselection iand 

iprojection ioperations. iPartitioning iof 

idata iis iachieved iusing ia ispecial icolumn 

icalled iCPT icolumn. iResults, ii.e., 

ipartitioned idata iare ithen istored iand 

iplaced iin ia iprivate icloud i(trusted ipart) 

ior iin ia ipublic icloud i(untrusted ipart) 

iaccording ito idata isensitivity. iThe 

iauthors ihave ialso ideveloped ian 

iapproach ito iexecute iSQL istyle iqueries 

iin ia ihybrid icloud. iThey iclaimed ithat 

itheir iapproach iensures iquery iprocessing 

iwith ia iminimum icommunication 

ibetween ithe ipublic iand iprivate icloud. 

iMoreover, ithe ipartitioning iapproach 

iimproves igreatly ithe ioverall iquery 

iexecution itime, iby ias imuch ias iten itimes 

ias icompared ito ithe icase iof iworking ionly 

iin ia iprivate icloud. iHowever, ibalance 

ithe iload ibetween iprivate iand ipublic 

imachines iis inot iguaranteed iin ithis 

iapproach. iHuang iet ial. iproposed ian 

ielastic ispatial iquery iprocessing 

itechnique iin ian iOpenStack icloud 

icomputing ienvironment. iThey ifocused 

ion ihorizontal iauto-scaling icontainers. 

iThey iimplemented ia ispark-based 

ispatial iquery iprocessing ialgorithm 

i(SQPA) iand iidentified ithe iparameters 

ithat iaffect ithe ieffectiveness iof iparallel 

iSQAPA. iIn itheir itechnique, ispatial idata 

iobjects iare ipartitioned iand istored iin 

idistributed inodes. iThen, ithe iquery 

iobjects iare ibroadcast ito ithe inodes iof ithe 

ipartitions ireside. iThey isuggested ithe 

iuse iof ia ismall inumber iof icontainers iwith 

ia ireduced inumber iof itotal iexecutor 

icores ifor isubstantial ispatial iquery 

iprocessing iof ibig ispatial idata. iHowever, 
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imany iparameters imust ibe idone 

imanually iin ithis itechnique iwhich ilimits 

iits iuse.  

Query-partitioning-based imethods  

In ithis icategory, ithe iauthors ifocused ion 

iqueries ipartitioning iand imanagement. 

iGuabtni iand icolleague ifocused ion irange 

iqueries iprocessing iby icombined ia iload 

ibalancing itechnique iwith ia idensity-

based ipartitioning itechnique. iThey 

iintroduced ia ipartitioning imethod iwhich 

iconsists ito isplit ia irange iquery iinto 

ismaller iones iso ithat ithey ican ibe 

idistributed iacross ithe iavailable ireplicas 

iof ithe idatabase iwith iload-balanced 

ifashion. iThe iauthors ihave ideveloped ia 

idensity-based iquery ipartitioning 

ialgorithm ienabling ito ievenly ishare ithe 

iworkload iacross ia iset iof idatabase 

ireplicas ideployed ion ia icloud 

iinfrastructure. iNevertheless, ia ipre-

treatment iphase ithat imay itake ia ilong 

itime iis irequired ito iperform ithe 

ipartitioning ioperation. iDa iSilva iet ial. 

iproposed ia inon-intrusive iand iadaptive 

iperformance imonitoring itechnique 

iwhich iconsists ito idynamically 

iproviding ithe inecessary iset iof ivirtual 

imachines iable ito iexecute ieach iquery. 

iTheir itechnique ioperates iover ithe 

irelational idata imodel iwith icomplete 

ireplication iof ithe idatabase. iThus, ieach 

ideployed ivirtual imachine ihas ia idatabase 

imanagement isystem iwith ia icomplete 

icopy iof ithe idatabase. iThe iauthors 

iproposed ithe iarchitecture iof ifour 

imodules, ipartition imodule, ia 

imonitoring imodule, icapacity iplanner 

imodule, iand iorchestration imodule. iThe 

ipartition imodule iis iresponsible ifor 

ivirtual ipartitioning iand idividing ithe 

iquery iinto iseveral isub-queries. iThe 

ipartitioning ialgorithm idistributes ia 

inumber iof ipartitions ito ieach iavailable 

ivirtual imachine ibased ion iits 

iperformance. iThe icapacity iplanner 

iinitially iprovisions ia inumber iof iVMs ito 

itreat ithe iquery iwhile iminimizing ithe 

icomputational icost iand ipenalty. iThe 

imonitoring imodule iinstantiated iin ieach 

ivirtual imachine iallocated ito iprocess ia 

isub-query, iwhile ithe iorchestration 

iengine iis iresponsible ifor 

icommunication ibetween ithe ipreviously 

ipresented imodules. iThus, ithis itechnique 

ifollows ithe iquery iresponse itime iof ithe 

iSLA icontract iand ithen imakes iadaptive 

imonitoring, iconsiders ithat ithe ivirtual 

imachines imay ihave idifferent 

iperformances. iHowever, iit iis ilimited 

ionly ito iselect-range iqueries. iMoreover, 

ithe iauthors idid inot iaddress ii/o iand 

istorage icosts iof ithe iproposed itechnique. 

iIn itheir iwork, iZhao iet ial. idealt iwith iSQL 

iquery. iThey iproposed ito ifirstly 

idecompose ithe iqueries iinto isub-queries 

iaccording ito ithe ioperator iand ioperand 

irequest, iwhich ican irun iin iparallel. iThen, 

ithey iproposed itwo ischeduling 

ialgorithms ifor iquery iprocessing 

iprocedure iproviding iload ibalancing iand 

iimproving iquery iperformance. iThey 

iexploited ireplication ioffered iby ithe 

icloud idatabase isystem ifor iquery 

iprocessing ito iprovide ibetter ialternatives 

ifor ithe ischeduler. iMoreover, ithey iused ia 

ipipeline istrategy iwhen ithe iresults icome 

iback ito ireduce ithe iresponse itime iof ithe 

iquery. iHowever, ithe iquery icost idoes 

inot ireduce ilinearly ibecause iof ithe 

icomputation iof ithe ilarge imatrix. 

iBesides, ithe iproposed ischeduling 

ialgorithms iselect isub-query iaccording 

ito ia iheuristic imethod-variance ito 

iachieve imaximum iload ibalancing.  



18  

  

Storage isystem iimprovement ibased imethods  

In iorder ito ienhance iquery iprocessing iin 

icloud ienvironments, imany 

iimprovements ito ithe istorage isystems 

ihave ibeen imade iin ithe iliterature. iSince 

iprevious iinvestigations iand isurveys 

ihave ifocused ion itechniques ibased ion 

ithe iimprovement iof ithe istorage isystem, 

iwe ianalyze iand idiscuss ionly itwo 

icategories iof imethods inamely imap-

reduce ibased imethods iand iadditional 

istorage istructure-based imethods.  

Map-reduce ibased imethods  

Map-reduce imodel ihas ireceived igreat 

iinterest ifrom iacademic iand iindustrial. 

iIndeed, iin ithe imapreduce iparadigm, 

iprograms iread iinput iand istore ioutput iin 

idistributed ifile isystems isuch ias iGFS iand 

iHDFS. iSuch idistributed ifile isystems 

irepresent ithe istorage ilayer iof icloud 

icomputing iplatforms. iMap-reduce 

idivides ithe iparallel iprocessing iusing 

itwo ifunctions imap iand ireduce. iSeveral 

ioptimizations iand iimprovements iof ithe 

imap-reduce imodel ihave ibeen iproposed 

iin ithe iliterature. iFor iinstance, imap-

reduce-merge iis ia iframework iproposed 

ito iaddress ithe idata itransfer ibottlenecks. 

iIt iallows imerging iof ialready ipartitioned 

iand isorted idata. iWhile iHaLoop iis ian 

iimproved iimplementation iof ithe imap-

reduce iframework iby iadding iLoop 

icontrol. iThe iHaLoop iframework iwas 

iimplemented ito isupport iiterative 

iapplications. iAnother iframework iwas 

ideveloped iby iKoh iet ial., iwho ifocused 

ion iskyline iqueries ioptimization. iIt 

iprocesses iefficiently iskyline iqueries 

iand iavoids ithe ibottleneck iof icentrally 

ifinding ithe iglobal iskyline ifrom ilocal 

iskylines iusing ithe imapreduce 

iframework. iIt iis ibased ion itwo 

ialgorithms, ithe ifirst ione icalled iMR-

DDTP, ii.e., imap-reduce idistributed 

idominance iTest iwith iProjection 

ialgorithm iand iit iapplies ithe idivision iof 

ithe igrid ito iproduce isegments iassigned 

ito ithe imappers. iSubsets idominated 

ioperations iare idistributed ito imultiple 

ireducers ito ifind ithe iglobal iskyline ifrom 

ithe ilocal iskylines iobjects. iDominator 

ireduction istrategies iare idesigned ito 

ireduce ithe iamount iof idata itransmission. 

iThe itransmission iof idata iis ifrom ithe 

imappers ito ithe ireducers iaccording ito ithe 

idominance iratio ibetween ithe iresulting 

isegments iof ithe isplitting imethods. iThe 

isecond ialgorithm icalled iMR-Sketch 

iavoids ihigh iIT icosts iduring ilocal 

iskylines iobjects ifinding iby icomputing 

ithe iskylines iobjects iof ithe isample ipoints 

ito ifilter iout imost inon-skyline ipoints iin 

ithe imappers. iHowever, ithe ireducers 

iresponsible ifor iprocessing ithese 

isegments ineed imore iprocessing itime 

idue ito iunbalanced iloads iamong ithe 

ireducers.  

On ithe iother ihand, imap-reduce ijob 

ischeduling ihas ireceived iconsiderable 

iattention iin ithe icloud icontext. iAn 

iefficient ijob ischeduler iis icrucial ito 

iimproving iresource iutilization iand 

isystem iperformance iconsidering ithe 

iimportance iof ithe inumber iof ijobs.. 

iKllapi iet ial. iproposed iseveral igreedy 

iand iprobabilistic ioptimization 

ialgorithms. iThese ialgorithms iexplore 

ithe ispace iof ialternative ischeduling iof 

idata-flows ion ithe icloud iconsidering 

itime iand imoney iconstraints. iThis ifamily 

iof ialgorithms ifollows ia inested iloop 

iapproach iused iin ithe ischedule iand istops 

iwhen ithe ioptimality icriterion idoes inot 

iimprove. iNoting ithat, ithe iproposed 

isolution ihas iconsidered iresource 

ielasticity iof ithe icloud.  
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Bit ivector istorage istructure-based imethods  

Bit ivector istorage imethods ioffer ihigh 

iscalability. iIndeed, iYang iet ial. ihave 

ibeen iattracted iby ithe iissues irelated ito 

ithe icolumn istorage isystem iincluding iits 

iinability ito iscale ito isupport ithe iincrease 

istorage irates ito ipetabytes iand iever-

increasing iin iscale, iand ialso ithe 

iimpedance imismatch ithat ioccurs iwhen 

icomplex idata iis inormalized iin ia 

irelational itable. iThe iauthors irealized 

ithat ithese iissues ido inot iallow ito 

ieffectively iprocessing ithe iaggregate 

iquery. iHence, ithey iproposed ia ibit ivector 

istorage imethod ito iaddress iaggregated 

iquery ioptimization iin icloud 

ienvironments. iThis imethod iis ibased ion 

ithe iprinciple ithat ia ibit ivector iis ia 

isequence iof ielements iof ia ibit iin iwhich 

ieach ielement iis ireferenced iby iits iindex. 

iIn ibit ivector istorage isystem, ithe 

iattribute icoding ischemes iare iused ito 

idecide ihow ithe iattribute ivalues iare 

itransformed iinto ibinary ivectors. iThe 

iappropriate ischeme iis ichosen ibased ion 

ithe icharacteristics iof ieach iattribute. iThe 

iauthors iclaim ithat ithe ibit ivector istorage 

imethod iis ibetter icompared ito ithe 

icolumn istorage imethod iin imany 

ievaluated iparameters isuch ias iexecution 

itime, iprocessing iand ii/o icosts, iand 

icompression itime. iHowever, ithe idata 

icompression itechnique irequires ifurther 

iinvestigation iand iimprovement.  

Query iplan ioptimization ibased imethods  

Query icost imodels iare iused ito ipredict 

iand iestimate ithe icost iof ithe iquery 

iexecution iplans iin iterms iof ithe inumber 

iof ioperations i(I/O iand iCPU) ineeded, 

iconsidering ithat iphysical iresources ito 

ibe iemployed iare iknown. iAccording ito 

ithe inumber iof iinvolved iqueries iduring 

ione ioptimization iphase, iwe idistinguish 

ibetween isimple iquery ioptimization 

imethods iand ithe imulti-query 

ioptimization imethods.  

Simple iquery ioptimization  

In iorder ito iprovide ia itime iand icost 

iestimation iof iquery iplans irunning ion 

ivirtual imachines ifrom imultiple icloud 

iproviders, iGounaris iet ial. ihave iused ia 

ibi-objective icost imodel. iThe iauthors 

iextended iexisting imethods—which 

iused ionly itime iestimates—to ibe isuitable 

ifor imulti-cloud ienvironments. iIn ithis 

imethod, iresources iused ihave ia 

imonetary icost. iHowever, iit isuffers ifrom 

itwo iissues: ithe icost imodel imust ibe 

iamortized ifrom ithe icost iof ithe iused 

iresources i(rather ithan ithe icharged iprice) 

iand iit idid inot itake iinto iaccount iall 

ipotential iobjectives, isuch ias ithe 

isecurity, ireliability, iand iQoS. iSellami iet 

ial. idefined ia icommon idata imodel iand 

iquery ialgebra ito iprocess icomplex 

ideclarative iqueries. iIn ithis itechnique, 

iqueries iare iprocessed iin imulti-data 

istores inamed iVDS, ii.e., ivirtual idata 

istores. iOptimization iphase iis idone iby ia 

imediator iin itwo isteps. iFirstly, iselect iand 

iproject ioperations iare ipushed idown ito 

ithe ilocal idata istores. iThis iallows 

ireducing ithe isize iof iexchange idata. 

iSecondly, ian ioptimal idistributed iplan iis 

ibuilt iby ia idynamic iprogramming 

imethod. iThe idistributed iplan iseeks ito 

iminimize ii/o, iCPU, idata ishipping iand 

itransformation icosts. iHowever, ithis 

itechnique iis ilimited ito ithe iODBAPI 

iquery ialgebra iand isome iquery 

ioperators. iAnother iapproach iis 

ideveloped iby iArmbrust iet ial., iwho 

iproposed ian iextension iof ithe iSQL 

icompiler icalled iPIQL iquery icompiler. 

iPIQL isystem iis ibased ion ia ideclarative 



20  

  

ilanguage iallowing ito iexpress 

irelationship icardinality iand ithe iresult 

isize irequirements iusing ia isimple iquery 

iplan ioptimizer. iIt iprovides iscale 

iindependence iby icomputing ian iupper 

ibound ion ithe inumber iof ikey/value istore 

ioperations ithat iwill ibe iperformed ifor 

iany iquery. iIt isupports ithree iremote 

ioperators: iIndexScan, iIndex-FKJoin, 

iand iSortedIndexJoin. iPIQL ioptimizer 

iexecution iengine iis iimplemented ias ian 

iiterator imodel iallowing ithe iexecution 

iof iseveral ioperators iwith ipipelined 

iprocessing. iHowever, isome iuseful 

iqueries iare idisallowed iby iPIQL idue ito 

ithe iconstraint ithat ithe inumber iof 

ioperations ineeds ito ihave ia icompile-time 

iupper-bound. iDing iet ial. ihave 

ideveloped ian iefficient iquery iprocessing 

ioptimization isolution ibased ion iextreme 

ilearning imachine. iThis iframework 

icalled iELM_CMR iwas ibuilt iunder icom-

map-reduce iframework, iwhich iis ian 

iimproved iversion iof imap-reduce. 

iELM_CMR iuses ia iclassifier ito ibuild ithe 

ioptimization imodel. iThe iclassifier 

iobtains ithe iquery iclassification iresults 

iat irun-time iwhich iwill ibe isent ito ithe 

iquery ioptimizer. iThe iquery ioptimizer 

iuses iclassification iresults ito iselect ian 

ioptimized iexecution iorder. iThey 

iproposed itwo iimplementations iof 

iELM_CMR: ifor ione iquery iand ifor 

imultiple iqueries. iHowever, iELM_CMR 

iframework irequires iuser iintervention.  

Multiple-query ioptimization  

To iselect ithe imost iappropriate iMQO, 

ii.e., imultiple iqueries ioptimization iable 

ito iimprove ithe itotal iexecution itime iin ia 

icloud irelational idatabase, iDokeroglu iet 

ial. iproposed iheuristic ialgorithms ito 

iselect ithe ibest ione iover imany 

ialternative iquery iplans. iIn itheir 

iframework, ia idistributed iquery iengine 

iis iused ito idetect ithe icommon isub-

expressions. iBased ion ithe istatistics iof 

ithe idatabase, ithe iauthors ideveloped ia 

icost imodel ibased ion ithe itotal iexecution 

itime iof iseveral iqueries. iTo ioptimize ithe 

iMQO, ithey ideveloped ifour idifferent 

ialgorithms: iBranch-and-Bound i(B&B) 

ialgorithm, iGenetic iAlgorithm i(GA), 

iHill-Climbing i(HC) ialgorithm, iand 

iHybrid iGenetic iHill-Climbing i(Hybrid 

iGHC) ialgorithm. iBased ion ithe itotal 

ioptimization itime iand isolution iquality, 

ithe iauthors ishowed ithat ithe iGA 

ialgorithm ihas ithe ibest iperformance. iA 

idistributed iquery iengine icalled 

iCloudMdsQL iwas iproposed iby iKolev iet 

ial. iThe iproposed iengine isupports 

iquerying iheterogeneous icloud idata 

istores. iCloudMdsQL iallows isubmitting 

iqueries iusing ia ifunctional iquery 

ilanguage ito ithe iquery iengine. iIn ithis 

iapproach, ieach iengine inode iis 

icomposed iof itwo iparts, ia imaster ipart, 

iand ia iworker ipart. iBoth iare iable ito 

iexchange idata ior iquery isub-plans 

ibetween ithem. iTwo ilevels iof 

ioptimization iare iused iin ithis iapproach. 

iThis ilevel iof ioptimization iis idone iusing 

ia isimple icost imodel iand iinformation 

istored iin ithe idatabase icatalog iwhich iis 

ireplicated iat iall imaster inodes. iAt ithe 

imaster ipart ilevel, iqueries iare ianalyzed 

iand ioptimized, isub-plans iexecution iby 

ithe idifferent iworkers iare ialso 

imonitored. iAt ithe iworker’ ilevels, ilocal 

ioptimizations iof isub-plan iare iachieved 

iand ithen iexecuted. iPartial iresults iare 

isent ieither ito ianother iworker ior ito ithe 

imaster. iHowever, ithis itechnique iignores 

ithe ifault itolerance iaspect. iAnother 

iapproach iis ideveloped iby iSilva iet ial. i 

iwho iextended ia iCascade-style 

ioptimizer. iThe iproposed ioptimizer 

igenerates imany ipossible iquery irewrites, 
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ithen, iselects ithe ione iwith ithe ilowest 

iestimated icost. iFirst, ithey iused isub-

expression ifingerprints ito iidentify 

icommon isub-expressions. iThe 

iconventional ioptimization iis iextended 

ito irecord ithe ihistory iof iphysical 

iproperties iused iin ithe iearlier iidentified 

ishared igroups. iThen, iinformation iabout 

ishared igroups iare ipropagated iand iLCA 

i(least icommon iancestor) igroups iare 

iidentified. iFinally, ithe iquery ienforcing 

iphysical iproperties iare ire-optimized iat 

ithe ishared igroups. iThis iapproach ihas 

ibeen iprototyped iin iSCOPE iMicrosoft’s 

isystem ifor imassive idata ianalysis. 

iExperimental ianalysis iof iboth isimple 

iand ilarge ireal-world iscripts ishowed ithat 

ithe iextended ioptimizer iproduces iplans 

iwith i21–57% ilower iestimated icosts. 

iWhile iGe iet ial. ifocused ion ithe isecond 

iphase iof ithe iMQO itechnique. iThis 

iphase iconsists ito igenerate ia iglobal 

iexecution iplan iproducing ithe iminimum 

iprocessing itime ifor iall iqueries iwhen 

ithey iare iexecuted. iThey iproposed ithe 

ilineage isignature i(LS) iapproach ifor 

iMQO ibased ion icommon icomponents 

ispecified iin ithe ifirst iphase. iLS iapproach 

iis ibased ion iAST i(abstract isyntax itree) iof 

iSQL istatements. iThey ifirst iused ilineage 

ianalysis ito iprocess ithe iset iof irecurring 

iqueries. iThen, iusing isignature 

iextraction, ithey iobtain isignature ivalues 

ifor ieach iquery ilayer iin ithe ioriginal 

iquery iset. iUsing ithe ifeedback iprinciple 

iof iLSShare, ithe iefficiency iof ithe 

ioptimization iLS iapproach iwill ibe 

iequitably ishared iover itime iover ithe iset 

iof irecurring iqueries. iHowever, ithe iLS 

iapproach ican ibe icombined iwith iother 

iMQO imethods ito ifurther iimprove 

isystem iperformance.  

Hybrid imethods  

In iaddition ito ithe ipreviously ipresented 

iapproaches, ithere iexist ihybrid imethods 

ithat icombine iseveral itechniques. iFor 

iexample, ito iprovide ion-demand 

iprovisioning icloud iservices iwhile 

iensuring ielasticity, iGraefe iet ial. 

iproposed ia iquery iprocessing iapproach 

ithat icombines iseveral iprior iworks 

iincluding iB-trees ipartitioning 

itechnique, ian iadaptive imerging 

itechnique ifor iindex ioptimization, iviews 

imaterialization, iindex, iand ideferred 

imaintenance. iThe ipartitioned iB-tree 

iadds ian iinteger iindicating ithe ipartition 

ito iwhich ieach iindex ientry ibelongs. iIt 

imanages ithe idifferential iinformation ifor 

imultiple ihelper inodes. iThen, iadaptive 

imerging ioptimizes iindex ion-demand 

imanner ias ia iside-effect iof iquery 

iexecution. iHowever, ithe iauthors idid inot 

iimplement ior ievaluate itheir iapproach ito 

idemonstrate iperformances, iscalability, 

iand ithe ielasticity iof itheir isolution.  

Comparison iand idiscussion  

In ithis isection, iwe ipropose ito iconduct ian 

ioverall isummary iof ithe imost irelevant 

iresults iabout istudied iand isurveyed 

isolutions iin iSect. i4. iThis isummary iwill 

ibe idone iregarding igeneral ichallenges 

ithen iagainst ispecific ichallenges irelated 

ito ithe icloud ienvironments.  

Related ichallenges  

Indeed, imany ichallenges irelated ito ithe 

iquery ioptimization iprocess iincluding 

ifault itolerance, iload ibalancing, 

iscalability, ipartitioning, iand ireplication 

iare icrucial ifor icloud ienvironments. 

iSuch ichallenges ishould ibe iconsidered iin 

icurrent iquery ioptimization itechniques. 

https://link.springer.com/article/10.1007/s11227-019-02806-9#Sec15
https://link.springer.com/article/10.1007/s11227-019-02806-9#Sec15
https://link.springer.com/article/10.1007/s11227-019-02806-9#Sec15
https://link.springer.com/article/10.1007/s11227-019-02806-9#Sec15
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iWe ihave icarried iout ia icomparison 

iamong ithe idifferent ichallenges iwhich 

iare inot ispecific ifor icloud icomputing, 

ibut iimportant ifor ithe iproper ifunctioning 

iof iquery ioptimization itechniques.  

Although imost iof ithe ioptimization 

itechniques ilisted iare iable ito isupport 

iscalability, ipartitioning, iand ireplication. 

iHowever, imany iof ithem ihave inot 

iaddressed iload ibalancing iand imost 

ialgorithms iof ithem ihave inot idesigned ito 

irun iwith ifault itolerance ichallenge. 

iTherefore, iit iis inecessary ito iimprove ithe 

iexisting iquery ioptimization itechniques 

iand ipropose inew itechniques iable ito irun 

iwith ifault itolerance ichallenge.  

Specific ichallenges  

We ifirst iexamine ihow ithe iquery 

ioptimization itechniques ideal iwith ieach 

ichallenge iseparately. iThen, iwe icompare 

ithem ithrough, iwhich isummarizes iand 

ireviewed itechniques iusing ithe 

iidentified ichallenges.  

• Volume iand iheterogeneity iCloud 

icomputing isolutions imust ibe 

iable ito icarry iout, ianalysis iand 

iprocessing iseveral itypes iof 

iqueries iover ihuge ivolumes iof 

iheterogeneous idata. iHowever, ia 

idramatic iincrease iin ioverlap 

iwill iaffect iquery 

iefficiencyiwhen ithe idimension 

iis ihigh ior idata ivolume iis ilarge. 

iIndeed, imost iof ithe ipreviously 

ipresented itechniques ihave 

iaddressed ihow imanaging iissues 

irelated ito ithe ivolume iof idata 

iduring ithe ioptimization iprocess 

iand ihow ito iassign idata iacross 

idata inodes. iThis ican ibe 

iexplained iby ithe igreater ieffort 

idevoted ito ideveloping ibig idata 

isolutions. iHowever, ithe 

iheterogeneity iaspect ihas inot 

ireceived ienough iattention. iOnly 

ia ifew iworks ihave iconsidered 

iheterogeneity iaspect. iThis imay 

ibe iexplained iby ithe icomplexity 

iof idealing iwith ithe 

iheterogeneity iaspect.  

• Pay-as-you-go iCloud icomputing 

iresources iare iallocated ibased ion 

ia iquantum ipricing isystem iper 

iperiod. iIndeed, iduring iquery 

ioptimization isteps isome 

itechniques iuse iadditional idata 

isuch ias icaching iand 

imaterialized iviews. iHowever, 

isuch iadditional idata iimplies ian 

iextra istorage icost. iAs iillustrated, 

isome itechniques ihave itaken iinto 

iaccount ithe ipay-as-yougo 

iparadigm. iThese isolutions ihave 

iconsidered ipay-as-you-go 

iparadigm iin idifferent iways: 

iusing ia icost imodel, icaching 

iprice, idata-flows iprice, iviews 

imaterialization iprice. iHowever, 

imany iother isolutions idid inot 

itake iinto iaccount ithis iaspect.  

• Elasticity iElasticity iis ione iof ithe 

imain ifeatures iof icloud 

icomputing. iTo iproperly iensure 

ielasticity, isome istudies iused 

idirectly ithe iauto-scaling igroups 

ito ispawn ivirtual imachines. 

iSome iother isolutions iused 

ihorizontally ipartitioning iof 

itables iand itablets ito ibe 

idistributed iacross imultiple 

inodes. iGraefe iet ial. iaddressed 

ithe isporadic iunavailability iof 

ithe itemporary inode ifrom ielastic 

iservice iby ideferring 

imaintenance iof iindexes iand 

imaterialized iviews. iHowever, iif 
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ithe iadding/removing inodes 

ifrequency ibecomes itoo ihigh, iit 

iwould ihave ia iconsiderable 

inegative iimpact ion iqueries 

iperformance, ieven iwith ithe 

iproposed isolutions. iTherefore, 

imuch ieffort iis irequired ito ihandle 

ithe ielasticity iaspect.  

• Data isecurity iSecurity iand 

iprivacy iof idata iare icritical 

iaspects ithat imust ibe iensured iby 

icurrent itechnologies iof idata 

imanagement isystems iin icloud 

ienvironments. iOnly ia ifew 

itechniques iof iquery 

ioptimization iwere iproposed 

iwhich iconsidered ithe isecurity 

iaspect. iWhen iexamining isuch 

iapproaches, iwe ifound ithat ithe 

iencryption imethod ibefore 

ioutsourcing iof idata iis ilargely ithe 

imost iadopted isolution. iThus, 

ithese iapproaches ifocused ion ithe 

imost ieffective ischeme. iThe 

imost idrawbacks iof ithese 

iapproaches iare ithe icomplex 

icalculation iand icommunication 

irequired ito iachieve iencryption 

iand iquery ianswering.  

• Types iof iqueries iVarious itypes 

iof iqueries ihave ibeen istudied iin 

ithe icloud icontext. iIndeed, igreat 

iefforts ihave ibeen imade ito 

iaddress irange iqueries. iOn ithe 

iother iside, isome itechniques 

ihave ifocused ion iaggregate 

iqueries, iwhich iare iimportant ifor 

iOLAP isystems. iSome iother 

iworks iaddressed iother iquery 

itypes iincluding iSPJ iqueries iand 

imulti-dimensional iqueries. 

iHowever, ilittle ieffort ihas ibeen 

imade ito iinvestigate iskyline 

iqueries iand itop-k iqueries. iAs iwe 

ihave iseen, ioptimization 

itechniques itypically ifocused 

ionly ion ione itype iof iquery iin 

icloud ienvironments. ianalyzes 

iand icompares ithese idifferent 

ipresented iquery ioptimization 

itechniques iusing ithe iset idefined 

ichallenges.  

Open ichallenges  

Cloud icomputing ihas iclearly 

icomplicated ithe itraditional iapproaches 

ito iquery ioptimization. iAlthough ithere 

ihave ibeen igreat iefforts imade iin ithis 

icontext, ithere iremains ia icolossal 

iamount iof iwork iin ithis ifield ito ireach 

imore iinteresting iperformances iin iquery 

ioptimization. iIndeed, iillustrates ithat 

ipay-as-you-go iparadigm iis iaddressed 

iusing imaterialized iviews iand icaching. 

iHowever, imost iof ithe iworks—which 

iaddressing isecurity iissue—are ibased ion 

iindex itechniques. iFurthermore, ithe 

ielasticity ichallenge iis iaddressed iby idata 

ipartitioning-based imethods.  

Based ion, iwe ican isee ithat ithere iis ino 

iwork ithat ifulfills iall ithe idescribed 

ichallenges. iThus, ithere iare istill ia 

inumber iof iaspects ithat irequire ifurther 

iinvestigations. iFirstly, iin ithe icontext iof 

iquery itype, icurrent idistributed icloud 

idata imanagement isystems ibased ion ithe 

ikey-value istore icannot isupport icomplex 

iquery imodels isuch ias irange iquery, iQNN 

iquery, iand imulti-dimensional iquery. 

iThus, iwe ihighlight ithe iimportance iof 

ideveloping ioptimization itechniques 

idealing iwith ia iwide irange iof iquery 

itypes, iespecially imore icomplex iones.  

In ianother ihand, iillustrates ithat ithe imost 

iquery ioptimization itechniques ifocus ion 

ithe ivolume ito ithe idetriment iof 

iheterogeneity iof idata, imainly idue ito ithe 



24  

  

iuse iof ibig idata itechnologies iin icloud 

iplatforms. iTherefore, ifuture iworks imust 

iaddress ihow ito iconsider ithe 

iheterogeneity iaspect iof iboth idata iand 

iplatforms iin iquery ioptimization 

itechniques. iIn ithe icontext iof ipay-as-

you-go iparadigm, iwe iemphasize ithat 

ifuture iapproaches iof iquery iprocessing 

imust ikeep ia ibalance ibetween icloud 

iresources icost iand iperformance igain. 

iOtherwise, ithey imust iget ithe ibest 

iformula ito iprice icloud iresources ias ia 

iquality iof iservice idelivery. 

iFurthermore, ithere iare irelatively ifew 

iworks ihave iconsidered ithe ielasticity 

iaspect. iTherefore, ifurther istudies iare 

isuggested ito imore iinvestigate ithis 

iaspect.  

In ithe icontext iof ithe isecurity iaspect, 

iproposed iquery ioptimization 

iapproaches iaddressing ithe isecurity 

iaspect ihave ineither iconsidered ielasticity 

iand inor ieconomic iaspect. iMoreover, 

isuch istudies iused iencryption itechniques 

iwhich iuse icomplex icalculation iand 

icommunication ito iachieve iencryption 

iand, ithus ihigh-query iprocessing icost. 

iThus, iwe ihighlight ithat ithe itrade-off 

ibetween isecurity iand iquery iefficiency 

imust ibe icarefully iconsidered. iIt iis iclear 

ithat imost iof ithe iexamined itechniques 

ilack iin iconsidering ithe ivolume, 

ielasticity, isecurity, imonetary, iand 

iheterogeneity iaspects iat ithe isame itime. 

iConsequently, ifuture iwork ineeds ito 

iconsider iall ithese ichallenges ifor 

iproviding ienhanced iquery ioptimization 

imethods. iFurthermore, iwe ireiterated ithe 

iimportance ito iexamine ithe icase iof iquery 

ioptimization itechniques iover 

icompressed idata iand ihow ito iget 

iaccurate istatistics ifrom iautonomous 

idata istores. iFinally, isome inew 

ichallenges iand ifactors ihave iappeared iin 

ithe icloud icontext isuch ias ienergy 

iefficiency. iIndeed, ithe iincrease iin 

ienergy iconsumption iin icloud 

icomputing iposes ia isevere ithreat ito ithe 

ienvironment. iThus, iit iis iimportant ito 

iconsider ienergy iefficiency iwhen 

ideveloping inew iquery ioptimization 

itechniques.  

Conclusion  

In icloud ienvironments, iquery 

ioptimization iis ian iessential iand icrucial 

istage ifor imassive idata iprocessing isince 

itheir iperformances iare idirectly ifelt iby 

icustomers. iHowever, iin iorder ito iaddress 

ithe iquery ioptimization iproblem, ione ihas 

ito iface iseveral ichallenges.  

In ithis istudy, iwe iinvestigated ithe imost 

iimportant ichallenges irelated ito iquery 

ioptimization iin icloud ienvironments. 

iFollowing ithe iproposed itaxonomy, iwe 

ihave ianalyzed ithe iliterature iregarding 

ieach ichallenge. iWe ihave ipresented ia 

isummary iof ithis ianalysis iconsidering iall 

ithe idescribed ichallenges. iOur isummary 

iincludes ia icomparison ibetween istudied 

iworks ion ithe ibasis iof ithe iclassical 

ichallenges iof iquery ioptimization iand 

ithose irelated ito ithe icloud ienvironments. 

iThis isurvey imade iit ipossible ito isuggest 

iopenings iand iopportunities ias iwell ias 

irecommendations. iOur istudy iof iexisting 

iresearch ion iquery ioptimization 

itechniques iin icloud ienvironments iis ian 

iimportant iand iessential istep ifor ifuture 

iwork. iIt iwill ihelp iresearchers ieither ito 

iadapt ithese itechniques ior ito ipropose 

inew itechniques ibased ion ithe 

iconstructive icriticisms iproposed iin ithis 

istudy.  
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