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Abstract
Multi-area and multi-faceted remote sensing (SAR) datasets are widely used due to the increas-

ing demand for accurate and up-to-date information on resources and the environment for regional
and global monitoring. In general, the processing of RS data involves a complex multi-step pro-
cessing sequence that includes several independent processing steps depending on the type of RS
application. The processing of RS data for regional disaster and environmental monitoring is recog-
nized as computationally and data demanding.Recently, by combining cloud computing and HPC
technology, we propose a method to efficiently solve these problems by searching for a large-scale
RS data processing system suitable for various applications. Real-time on-demand service. The
ubiquitous, elastic, and high-level transparency of the cloud computing model makes it possible to
run massive RS data management and data processing monitoring dynamic environments in any
cloud. via the web interface. Hilbert-based data indexing methods are used to optimally query
and access RS images, RS data products, and intermediate data. The core of the cloud service
provides a parallel file system of large RS data and an interface for accessing RS data from time
to time to improve localization of the data. It collects data and optimizes I/O performance. Our
experimental analysis demonstrated the effectiveness of our method platform
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1 Introduction
Withl thel remarkablel advancesl inl high-resolutionl Earthl Observationl (EO), wel arel witness-

ingl anl explosivel growthl inl thel volumel andl alsol velocityl of Remotel Sensingl (RS)l data.l Thel
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latest-generationl space-bornel sensorsl are capablel ofl generatingl continuousl streamsl ofl observa-
tionl datal atl al growing ratel ofl severall gigabytesl perl secondl ([1])l almostl everyl hour,l everyl day,
everyl year.l Thel globall archivedl observationl datal probablyl exceedl onel exabyte accordingl tol
thel statisticsl ofl anl OGCl reportl ([2]).l Thel volumel ofl RSl data acquiredl byl al regularl satellitel
datal centerl isl dramaticallyl increasingl byl several terabytesl perl day,l especiallyl forl thel high-
resolutionl missionsl ([3]),l while,l the high-resolutionl satellites,l namelyl indicatingl higherl spatial,l
higherl spectral andl higherl temporall resolutionl ofl data,l whichl wouldl inevitablyl givel risel to
thel higherl dimensionalityl naturel ofl pixels.l Coupledl withl thel diversityl inl the presentl andl up-
comingl sensors,l RSl datal arel commonlyl regardedl asl "Bigl RS Data"orl "Bigl Earthl Observationl
Data",l notl merelyl inl datal volume,l butl also inl termsl ofl thel complexityl ofl data.
Thel proliferationl ofl "RSl Bigl Data"l isl revolutionizingl thel wayl RSl data arel processed,l analyzedl
andl interpretedl asl knowledgel ([4]).l Inl large-scalel RS applications,l regionall orl evenl globall cov-
eredl multi-spectrall andl multi-temporal RSl datasetsl arel exploitedl forl processing,l sol asl tol meetl
thel risingl demandsl for morel accuratel andl up-to-datel information.l Al continent-scalel forestl map-
ping normallyl involvesl processingl terabytesl ofl multi-dimensionall RSl datasetsl for availablel forestl
informationl ([5]).l Moreover,l large-scalel applicationsl arel also exploitingl multi-sourcel RSl datasetsl
forl processingl sol asl tol compensatel for thel limitationl ofl al singlel sensor.l Accordingly,l notl onlyl
thel significantl data volume,l butl thel increasingl complexityl ofl datal hasl alsol becomel thel vitall
issue. Particularly,l manyl time-criticall RSl applicationsl evenl demandl real-timel orl near real-timel
processingl capacitiesl ([6][7]).l Somel relevantl examplesl arel large debrisl flowl investigationl ([8],l
floodl hazardl managementl ([9])l andl largel ocean oill spillsl surveillancel ([10][11])).l Generally,l
thesel large-scalel datal processing problemsl inl RSl applicationsl ([12][13][14])l withl highl QoSl re-
quirementsl are typicallyl regardedl asl bothl compute-intensivel andl data-intensive.l Likewise,l the
innovativel analysesl andl highl QoSl (Qualityl ofl Service)l requirementsl arel driving thel renewall ofl
traditionall RSl datal processingl systems.l Thel timelyl processing ofl tremendousl multi-dimensionall
RSl datal hasl introducedl unprecedentedl computationall requirements,l whichl isl farl beyondl thel
capabilityl thatl conventional instrumentsl couldl satisfy.l Employingl al cluster-basedl HPCl (High-
Performance Computing)l paradigml inl RSl applicationsl turnsl outl tol bel thel mostl widespread yetl
effectivel approachl ([14][15][16][17][18]).l Bothl NASA’sl NEXl systeml ([14]l for globall processingl
andl InforTerra’sl "Pixell Factory"l ([19])l forl massivel imagery auto-processingl adoptl cluster-basedl
platformsl forl QoSl optimization.

Cloudl computingl ([20])l providesl scientistsl withl al revolutionaryl paradigml of utilizingl com-
putingl infrastructurel andl applications.l Byl virtuel ofl virtualization, thel computingl resourcesl andl
variousl algorithmsl couldl bel accommodated andl deliveredl asl ubiquitousl servicesl on-demandl ac-
cordingl tol thel application requirements.l Thel Cloudl paradigml hasl alsol beenl widelyl adoptedl inl
largescalel RSl applications,l suchl asl thel Matsul projectl ([21])l forl cloud-basedl flood assessment.l
Currently,l Cloudsl arel rapidlyl joiningl HPCl systemsl likel clusters asl variablel scientificl platformsl
([22]).l Scientistsl couldl easilyl customizel their HPCl environmentl andl accessl hugel computingl
infrastructuresl inl thel Cloud. However,l comparedl tol conventionall HPCl systemsl orl evenl su-
percomputers,l the Cloudsl arel notl QoS-optimizedl large-scalel platforms.l Moreover,l differingl from
thel traditionall Cloud,l thesel Datacenterl Cloudsl deployedl withl data-intensive RSl applicationsl
shouldl facilitatel massivel RSl datal processingl andl intensive datal I/O.
Tol efficientlyl addressl thel aforementionedl issues,l wel proposel pipsCloud,l a cloud-enabledl Highl
Performancel RSl datal processingl systeml forl large-scale RSl applications.l Thel mainl contributionl
ofl itl isl thatl itl incorporatesl al Cloud computingl paradigml withl cluster-basedl HPCl systemsl inl
anl attemptl tol addressl thel issuesl froml al systeml architecturel pointl ofl view.l Firstly,l byl adopt-
ing application-awarel datal layoutl optimizedl datal managementl andl Hilbertl R+ treel basedl datal
indexing,l thel RSl bigl datal includingl imageries,l interiml data andl productsl couldl bel efficientlyl
managedl andl accessedl byl users.l Byl means ofl virtualizationl andl bare-metall (BM)l provisioningl
([23]),l notl onlyl virtual machines,l butl alsol bare-metall machinesl withl lessl performancel penaltyl
are deployedl on-demandl forl easyl scalel upl andl out.l Moreover,l thel genericl parallel programingl
skeletonsl arel alsol employedl forl easyl programmingl ofl efficient MPI-enabledl RSl applications.l
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Followingl thisl way,l thel cloud-enabledl virtual HPCl environmentl forl RSl bigl datal processingl isl
alsol dynamicallyl encapsulatedl andl deliveredl asl on-linel services.l Meanwhile,l benefitingl froml al
dynamic scientificl workflowl technique,l pipsCloudl offersl thel abilityl tol easilyl customize collabo-
rativel processingl workflowsl forl large-scalel RSl applications.
Thel restl isl organizedl asl follows.l Sectionl 2l reviewsl somel relatedl worksl andl l discussl thel chal-
lengesl lyingl inl thel buildingl andl enablingl al high performancel cloudl systeml forl data-intensivel
RSl datal processing.l Sectionl 3 demonstratesl thel designl andl implementationl ofl thel pipsCloudl
froml thel system levell pointl view.l Thenl Sectionl 4l discussesl thel experimentall validationl and
analysisl ofl thel pipsCloud.l Finallyl Sectionl 5l concludesl thisl paper.

2 Highl Performancel Computingl forl RSl Bigl Data: Statel ofl thel
Art

Eachl solutionl hasl itsl prosl andl cons.l Inl thisl section,l wel comparatively reviewl currentl
dominantl systeml architecturesl regularlyl adoptedl inl thel context ofl RSl datal processing,l bothl
cluster-basedl HPCl platformsl andl Clouds.l Firstly, inl Sectionl 2,l wel gol deepl intol thel incorpo-
rationl ofl multi-corel clusterl HPC structurel withl RSl datal processingl systemsl andl applications.l
Then,l inl Section 2.2,l wel introducel somel newl attemptl tol enablel large-scalel RSl applicationsl by
takingl advantagel ofl al Cloudl computingl paradigm. Asl increasingl numbersl ofl improvedl sensorl
instrumentsl arel incorporated withl satellitesl forl Earthl Observation,l wel havel beenl encounter-
ingl anl eral of "RSl Bigl Data."l Meanwhile,l thel urgentl demandsl forl large-scalel remotel sensing
problemsl withl boostedl computationl requirementsl ([14])l havel alsol fosteredl the widespreadl ap-
plyingl ofl multi-corel clusters.l Thel firstl shotl goesl tol thel NEX systeml ([14])l forl globall RSl
applicationsl builtl byl NASAl onl al clusterl platform withl 16l computerl inl thel middlel ofl 1990s.l
Thel "Pixell Factory"l systeml ([19]) ofl InforTerral employedl al cluster-basedl HPCl platforml forl
massivel RSl data auto-processing,l especiallyl Ortho-rectification.l Thesel HPCl platformsl arel also
employedl inl thel accelerationl ofl hyperspectrall imageryl analysisl ([24]).l Itl is worthl notingl thatl
thel 10,240-CPUl Columbial supercomputerl equippedl with InfiniBandl networkl hasl beenl exploitedl
forl remotel sensingl applicationsl by NASA.
Severall traditionall parallell paradigmsl arel commonlyl acceptedl forl these multi-levell hierarchyl
featuredl clusterl systems.l OpenMPparadigml isl designedl for shared-memory,l MPIl isl adoptedl
withinl orl acrossl nodes,l andl thel MPI+OpenMP hybridl paradigml ([25])l isl employedl forl ex-
ploitingl multilevelsl ofl parallelism. Recently,l greatl effortsl havel beenl madel inl thel incorporationl
ofl anl MPI-enabled paradigml withl remotel sensingl datal processingl inl thel largel scalel scenarios.l
Somel relatedl worksl withl Plazal etl al.l presentedl parallell processingl algorithmsl for hyperspec-
trall imageriesl ([26]),l Zhaol etl al.l ([27])l implementedl soill moisture estimationl inl parallell onl al
PCl cluster,l asl welll asl MPI-enabledl implementingl of imagel mosaickingl ([28],l fusionl ([29])l andl
bandl registrationl ([30]).l Obviously, benefitingl froml thel effortsl andl developmentsl conductedl inl
HPCl platforms, plentyl ofl RSl applicationsl havel enhancedl theirl computationall performancel inl
a significantl wayl ([14]).
However,l inl spitel ofl thel elegantl performancel accelerationl hasl achieved,l it isl stilll anythingl butl
easyl forl non-expertsl tol employl thel cluster-basedl HPC paradigm.l Firstly,l thel programming,l de-
ployingl asl welll asl implementingl of parallell RSl algorithmsl onl anl MPI-enabledl clusterl arel ratherl
difficultl andl errorpronel ([31]).l Secondly,l HPCl systemsl arel notl optimizedl forl data-intensive
computingl especially.l Thel loading,l managingl andl communicationl ofl massive multi-dimensionall
RSl datal onl thel distributedl multilevell memoryl hierarchyl ofl an HPCl systeml wouldl bel ratherl
challenging.l Somel emergingl PGASl ([32])l typed approachesl offerl globall butl partitionedl memoryl
addressl spacesl acrossl nodes, likel UPCl ([33],l Chapell ([34])l andl X10l ([35]).l Thel on-goingl DASHl
project isl developingl Hierarchicall Arraysl (HA)l forl hierarchicall locality.l Thirdly,l thel relativelyl
limitedl resourcesl inl HPCl systemsl couldl notl bel easilyl scaledl tol meetl the on-demandl resourcel
needsl ofl diversel RSl applications.l Forl affordablel large-scale computingl resources,l substantiall up-
frontl investmentl andl sustainingl scaling upl wouldl bel inevitablel butl alsol ratherl expensive.l Inl
addition,l cluster-base HPCl systemsl lackl anl easyl andl convenientl wayl ofl utilizingl highl perfor-
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mance datal processingl resourcesl andl applications,l notl tol mentionl thel on-demand customizingl
ofl computingl resourcesl andl processingl workflows.
Thel Cloudl hasl emergedl asl al promisingl newl approachl forl ad-hocl parallel processing,l inl thel
Bigl Datal era[115].l Itl isl capablel ofl accommodatingl variable large-scalel platformsl forl differentl
researchl disciplinesl withl elasticl systeml scaling. Benefitingl froml virtualization,l notl onlyl comput-
ingl resources,l butl alsol software couldl bel dynamicallyl provisionedl asl ubiquitousl servicesl bestl
suitedl tol the needsl ofl thel givenl applications.l Comparedl tol thel MPI-enabledl clusterl systems,
thel cloudl paradigml providesl computingl resourcesl inl al morel easy-to-usel and convenientl wayl l
al service-orientedl way.
Thel adventl ofl thel Cloudl hasl alsol empoweredl remotel sensingl andl relevantl applications.l Matsul
([21],l thel on-goingl researchl projectl ofl NASAl forl on-demand floodl predictionl andl assessmentl
withl RSl datal adoptsl anl Eucalyptus-based[37]) distributedl cloudl infrastructurel withl overl 300l
cores.l GENESI-DECl ,l al project ofl thel Groundl Europeanl Networkl forl Earthl Sciencel Interop-
erationsl l Digital Earthl Communities.l Itl employsl al largel andl distributedl cloudl infrastructurel
tol allowl worldwidel datal access,l producel andl sharel servicesl seamlessly.l Withl the virtuall orga-
nizationl approach,l thel Digitall Earthl Communitiesl couldl layl their jointl effortl forl addressingl
globall challenges,l suchl asl biodiversity,l climatel change andl pollution.Thel ESAl (Europeanl Spacel
Agency)l G-POD,l al projectl tol offer on-demandl processingl forl Earthl observationl datal wasl ini-
tiallyl constructed withl GRID.l Subsequently,l thel Terraduel cloudl infrastructurel wasl selectedl to
enhancel G-PODl forl resourcesl provisioningl ([24]).
Greatl effortsl havel beenl madel inl thel employingl ofl cloudl computingl inl the contextl ofl remotel
sensingl datal processing,l bothl inl termsl ofl programming modelsl andl resourcel provisioning.

Severall optionall distributedl programmingl models[36]l arel prevalentlyl employedl forl processingl
largel datal setsl inl thel cloudl environment,l likel MapReducel ([38])l andl Dryad,l where,l MapRe-
ducel isl thel mostl widelyl acceptedl model forl distributedl computingl inl Cloudl environment.l Byl
usingl "Map"l andl "Reduce" operations,l somel applicationsl couldl bel easilyl implementedl inl paral-
lell withoutl concerningl datal splittingl andl anyl otherl systeml relatedl details.l Withl the growingl
interestl inl Cloudl computing,l itl hasl beenl greatlyl employedl inl RSl data processingl scenarios.l Linl
etl al.l ([36])l proposedl al servicel integrationl modell for GISl implementedl withl MapReduce,l B.l
Lil etl al.l ([38])l employedl MapReduce forl parallell ISODATAl clustering.l Basedl onl thel Hadoopl
MapReducel framework, Almeerl ([37])l builtl anl experimentall 112-corel high-performancel cloudl
system atl thel Universityl ofl Qatarl forl parallell RSl datal analysis.

Essentially,l on-demandl resourcel managingl andl provisioningl arel foremost inl thel cloudl com-
putingl environment.l Severall choicesl ofl open-sourcel cloud solutionsl arel availablel tol accommo-
datel computingl infrastructurel asl al service forl viablel computing.l Amongl severall solutions,l suchl
asl OpenStackl (l OpenCloud,l Eucalyptusl ([37])l andl OpenNebulal ([38],l OpenStackl isl thel most
widelyl acceptedl andl promisingl one.l Basically,l inl recentl Clouds,l on-demand resourcel alloca-
tionl andl flexiblel managementl arel builtl onl thel basisl ofl virtualization.l Manyl availablel choicesl
ofl hypervisorsl forl Serverl virtualizationl inl currentl openl cloudl platformsl arel Xenl hypervisor,l
Kernel-basedl Virtuall Machine (KVM)l l asl welll asl VMWarel .l Byl managementl ofl Provisioningl
of Virtuall Machines(VMs),l hypervisorsl couldl easilyl scalel upl andl downl tol provide al large-scalel
platforml withl al greatl numberl ofl VMs.l Likewise,l thel network virtualizationl conceptl hasl alsol
emerged.l Yi-Manl l proposedl Virt-IBl for InfiniBandl virtualizationl onl KVMl forl higherl band-
widthl andl lowerl latency.
Thel virtualizationl approachesl normallyl deployl multiplel VMsl instances onl al singlel physicall
machinel (PM)l forl betterl resourcel utilization.l However, virtualizationl andl hypervisorl middle-
warel wouldl inevitablyl introducel anl extra performancel penalty.l Recently,l Varrettel et.l al.l l hasl
demonstratedl the substantiall performancel impactl andl evenl al poorl powerl efficiencyl whenl facing
HPC-typel applications,l especiallyl large-scalel RSl applications.l Asl al result, whetherl thel VMsl
inl thel Cloudl suitl asl al desirablel HPCl environmentl isl still unclear.
Thel Cloudl computingl paradigml hasl empoweredl RSl datal processingl and makesl itl morel pos-
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siblel thanl everl .l Unlikel conventionall waysl ofl processing thatl arel donel byl standalonel serverl
orl software,l thel cloud-basedl RSl data processingl isl enabledl withl al revolutionaryl promisel ofl
unlimitedl computing resources.

3 pipsCloud:l Highl Performancel Remotel Sensing Clouds
Tol properlyl addressl thel abovel issues,l wel proposel pipsCloud,l al highperformancel RSl datal

processingl systeml forl large-scalel RSl applicationsl in thel cloudl platform.l Itl providesl al morel
efficientl andl easy-to-usel approachl to servel high-performancel RSl datal processingl capacityl on-
demand,l andl alsol QoS optimizationl forl thel data-intensivel issues.

3.1 Thel systeml architecturel ofl pipsCloud

Asl illustratedl inl Figurel 1,l pipsCloudl adoptsl al multi-levell systeml architecture.l Froml bot-
toml tol topl itl isl respectivelyl physicall resources,l cloudl framework, VE-RS,l VS-RS,l datal man-
agementl andl cloudl portal.l Thel cloudl framework managesl physicall resourcesl tol offerl Iaasl
(Infrastructurel asl al Servicel )l byl virtue ofl OpenStack.l Basedl onl thel cloudl framework,l thel
VE-RSl offersl al virtuall HPC clusterl environmentl asl al servicel andl VS-RSl providesl al cloud-
enabledl virtual RSl bigl datal processingl systeml forl on-linel large-scalel RSl datal processing,l while
thel management,l indexingl andl sharingl ofl RSl bigl datal arel alsol servedl asl Daas (Datal asl al
service).
Cloudl Frameworkl employsl thel mostl popularl butl successfull openl source projectl OpenStackl
tol forml thel basicl cloudl architecture.l However,l OpenStack mostlyl onlyl offersl virtuall machinesl
(VMs)l throughl virtualizationl technologies. Thesel VMsl arel runl andl managedl byl hypervisors,l
suchl asl KVMl orl Xen.l Despite thel excellentl scalability,l thel performancel penaltyl ofl virtualiza-
tionl isl inevitable. Tol supportl thel HPCl clusterl environmentl inl thel Cloud,l pipsCloudl adoptsl a
bare-metall machinel provisioningl approachl whichl extendsl OpenStackl with al bare-metall hypervi-
sorl namedl xCAT.l Followingl thisl way,l bothl VMsl and bare-metall machinesl couldl bel scheduledl
byl nova-schedulerl andl accommodated tol usersl subjectl tol applicationl needs.
VE-RS,l namelyl anl RS-specificl clusterl environmentl withl data-intensive optimization,l whichl alsol
providedl asl al VE-RSl servicel basedl onl thel OpenStack enabledl cloudl framework.l Byl meansl ofl
auto-configurationl toolsl likel AppScale, VE-RSl couldl buildl al virtuall HPCl clusterl withl Torquel
taskl schedulerl and Ganglial forl monitoringl onl topl ofl thel cloudl framework.l Thenl varietiesl
ofl RS softwaresl couldl bel customizedl andl automaticallyl deployedl onl thisl virtual clusterl withl
SlatStack.l Moreover,l al genericl parallell skeletonl togetherl with al distributedl RSl datal structurel
withl fine-designedl datal layoutl controll are offeredl forl easyl butl productivel programmingl ofl
large-scalel RSl applicationsl on anl MPI-enabledl cluster.
VS-RS,l al virtuall processingl systeml thatl isl builtl onl topl ofl VE-RSl isl served asl anl on-linel
servicel especiallyl forl large-scalel RSl datal processing.l Al VS-RSl not onlyl providesl RSl datal
productsl processingl services,l butl alsol offersl al VS-RS processingl systeml asl al servicel tol pro-
videl processingl workflowl customization. Byl virtuel ofl thel Keplerl scientificl workflowl engine,l
VS-RSl couldl offerl dynamic workflowl processingl andl alsol on-demandl workflowl customization.l
Thel thing thatl isl worthl notingl isl thatl enabledl byl Kelper,l thel complexl workflowl couldl also bel
builtl amongl cloudsl orl differentl datal centersl withl webl services.l Moreover, thel RSl algorithml
depositoryl togetherl withl thel RSl workflowl depositoryl are employedl inl VS-RSl forl workflowl
customization,l interpretingl andl implementing. Besides,l orderl managementl asl welll asl systeml
monitoringl andl managementl are alsol equippedl inl VS-RSl tol enablel on-linel processingl andl
management.
RSl Datal Managementl isl al novell andl efficientl wayl ofl managingl andl sharing RSl bigl datal

onl topl ofl thel cloudl framework.l Itl adoptsl unboundedl cloudl storage enabledl byl Swiftl tol storel
thesel varietiesl ofl datal andl servel theml inl al RSl datal as al servicel manner.l HPGFSl thel dis-
tributedl filel systeml forl anl RSl datal objectl is usedl forl managingl enormousl unstructuredl RSl
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Figure 1: Thel systeml architecturel ofl pipsCloud.
l

data,l likel RSl imageries,l RSl data productsl andl interiml data,l whilel thel structuredl RSl meta-
datal arel managedl by al NoSQLl databasel l HBase[129].l Forl quickl retrievall froml varietiesl ofl
massivel RSl data,l al Hilbertl R+l treel togetherl withl anl in-memoryl hotl datal cachel policy arel
usedl forl indexingl acceleration.l Lastl butl notl least,l thel thesis-basedl data subscriptionl withl vir-
tuall datal catalogl andl thesis-basedl datal pushl arel alsol put forwardl asl al novell meansl ofl datal
sharing (Figure 5).
Cloudl Managementl andl Portall managesl thel wholel pipsCloudl platform, includingl systeml mon-
itoring,l userl authentication,l multi-tenancyl management asl welll asl statisticsl andl accounting.l
Whilel inl thel webl portall ofl pipsCloud,l the RSl datal management,l RSl datal processingl capabil-
itiesl asl welll asl on-demand RSl workflowl processingl arel alll encapsulatedl asl OGSl webl servicesl
interface standards,l suchl asl WPSl (Webl Proccessingl Service),l WCSl (Webl Coverage Service)l
andl WMSl (Webl Mapl Service).

3.2 RSl datal managementl andl sharing

Efficientl RSl datal managementl andl sharingl arel paramountl especiallyl in thel contextl ofl
large-scalel RSl datal processing.l Thel managingl ofl RSl bigl datal is notl onlyl limitedl tol un-
structuredl multi-sourcel RSl imageries,l butl alsol varieties ofl RSl datal products,l interiml datal
generatedl duringl processing,l asl welll as structuredl metadata.l Asl isl mentionedl above,l HPGFSl
withl application-aware datal layoutl optimizationl isl adoptedl forl managingl unstructuredl RSl data,
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whilel thel RSl metadatal arel storedl inl HBasel forl query.l Thesel unstructured RSl datal arel orga-
nizedl inl al GeoSOTl globall subdivisionl grid,l andl eachl data blockl insidel thesel datal arel arrangedl
inl Hilbertl orderl andl encodedl withl a syntheticl GeoSOT-Hilbertl codel combiningl GeoSOTl codel
withl Hilbertl value. Thel GeoSOT-Hilbertl togetherl withl thel infol ofl datal blocksl arel storedl inl
the columnl familyl ofl thel metadatal inl HBasel forl indexing.l Forl al quickl retrieval froml varietiesl
ofl massivel RSl data,l al Hilbertl R+l treel withl GeoSOT10l [51] globall subdivisionl isl employedl forl
indexingl optimization.l Forl furtherl indexing acceleration,l al hot-datal cachel policyl isl adoptedl tol
cachel ‘’hot"l RSl imageries andl metadatal intol thel Redis[52][53]l in-memoryl databasel andl offerl
hash tablel indexing.l Thel mostl importantl thingl thatl isl worthl mentionl isl thel easy butl novell
meansl ofl RSl datal sharingl l thesis-basedl RSl datal subscriptionl and datal pushl throughl virtuall
datal catalogl mountingl asl local.
Thel runtimel implementingl ofl RSl datal managementl andl sharingl isl demonstratedl inl Figurel 2.l
First,l pipsCloudl interpretsl thel datal requests,l andl checks thel userl authentication.l Second,l itl
conductsl al quickl searchl inl thel ‘’hot"l data cachel onl thel Redisl in-memoryl databasel withl thel
hashl tablel index;l ifl thel cache hitsl thenl itl returnsl data.l Third,l itl searchesl thel requiredl datal inl
thel Hilbertl R+ treel forl thel uniquel Hilbert-GeoSOTl code.l Fourth,l itl usesl thel Hilbert-GeoSOT
codel ofl thel foundl datal tol locatel thel metadatal entryl inl HBase,l orl locatel the physicall URLl
ofl thel datal forl accessing.l Fifth,l forl al subscriptionl request,l it re-organizesl thesel datal entriesl
tol forml al virtuall mirrorl andl mountl itl tol user’sl locall mountl point.l Sixth,l ifl anl acquisitionl
ofl datal orl metadatal isl needed,l then itl invokesl GridFTPl forl downloading.l Finally,l Accountingl
isl usedl forl charging ifl thel datal isl notl free.

l l
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Figure 2: Thel runtimel implementingl ofl datal managementl andl sharing.
l

However,l whenl thel requestedl datal productsl arel notl availablel thenl anl RS datal productl
processingl couldl bel requestedl tol VS-RS.l Thel interiml RSl data andl finall RSl datal productsl
generatedl duringl processingl wouldl bel storedl tol the interiml andl productsl repositoryl basedl onl
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HPGFS,l whilel thel relevantl metadata willl bel abstractedl andl insertedl intol thel metadatal repos-
itoryl basedl onl HBase. Meanwhile,l thel Hilbertl R+l treel shouldl alsol bel updatedl forl furtherl
indexing, andl thel accessl RSl datal orl metadatal entryl wouldl automaticallyl cachel into Redisl asl
"hot"l data.
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Figure 3: Thel application-awarel datal layoutl andl datal copies.
l

Asl isl depictedl inl Figurel 3,l application-awarel datal layoutsl andl data copyl policiesl consistentl
withl expectedl RSl datal accessl patternsl arel adoptedl for optimall datal layoutl andl exploitingl
datal locality.l Itl isl worthl notingl thatl multiple redundantl datal copiesl withl differentl application-
awarel datal layoutsl arel all simultaneouslyl pre-createdl forl eachl individuall RSl data.l Insteadl ofl
thel data stripingl methodl withl fixedl orl variablel stripel size,l RSl datal arel slicedl intol data
bricks,l whichl arel alsol multi-dimensionall non-contiguousl data.l Byl awarenessl of thel expectedl
I/Ol patternsl ofl RSl applications,l thel 3-Dl datal bricksl inl eachl copy ofl datal arel mappingl
andl organizedl usingl al Space-fillingl Curvel thatl bestl fits somel certainl datal accessl patterns.l
Datal copyl organizedl inl thel Z-orderl curve isl providedl forl thel consecutive-lines/columnl accessl
pattern,l diagonall curvel is forl diagonall irregularl datal accessl pattern,l whilel Hilbertl curvel isl
usedl forl the rectangular-blockl accessl pattern.l Withl thel knowledgel ofl thel I/Ol patterns,l the
requestedl RSl datal regionl distributedl acrossl differentl datasetsl orl evenl data centersl canl bel
organizedl andl accessedl locallyl inl onel singlel logicall I/O.
Asl isl showedl inl Figurel 3,l thel hotl datal bricksl wouldl bel dynamically copiedl andl scheduledl
acrossl I/Ol nodesl tol adherel tol thel statisticsl ofl actual datal accessing.l Duringl thel idlel timel
ofl thel I/Ol nodes,l thel datal bricksl together withl thel listl ofl thel targetl I/Ol nodesl wouldl bel
packagedl asl al "brickl copyl task". Then,l thel datal brickl inl thel copyl taskl wouldl bel copiedl andl
transferredl tol the targetl I/Ol nodesl usingl al tree-basedl copyingl mechanisml asl inl Figurel 3l to
forml dynamicall copiesl ofl datal bricks.

Quickl andl efficientl datal retrievall amongl enormousl distributedl RSl data hasl alwaysl beenl
al considerablyl challengingl issue.l Historically,l indexingl data structuresl likel R-treel orl B-treel
arel normallyl usedl tol improvel thel speedl of globall RSl datal retrievall andl sharing.l Actually,l
thel performancel ofl thel indexing treel greatlyl dependsl onl thel algorithmsl usedl tol clusterl thel
minimuml bounding rectanglesl (MBRs)l ofl thel RSl datal onl al node.l Hilbertl R+treel employsl al
Hilbert space-fillingl curvel tol arrangel thel datal rectanglesl inl al linearl orderl andl also groupl thel
neighboringl rectanglesl together.l Tol meetl thel requirementsl ofl realtimel RSl datal updating,l al
dynamicl Hilbertl R+treel isl normallyl morel desirable. Butl comparedl tol al staticl tree,l itl isl alsol
relativelyl morel time-consumingl and complicated.
Normally,l RSl datal productsl arel subdividedl intol standardl scenesl according tol somel globall
subdivisionl gridl model.l Al datal scenel mayl spanl severall degrees ofl longitudel inl lat-longl geo-
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graphicall coordination,l likel 5ol forl Modisl data. Underl thisl consideration,l pipsCloudl adoptsl al
hybridl solution,l whichl the combinesl thel Hilbertl R+treel withl al GeoSOTl globall subdivisionl
gridl model. Asl isl showedl inl Figurel 4,l thel globall RSl datal arel firstl groupedl throughl a deferredl
quad-subdivisionl ofl GeoSOTl globall subdivisionl gridl model.l Normally, throughl severall levelsl ofl
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Figure 4: Optimall RSl datal indexingl withl Hilbertl R+treel andl global subdivisionl grid.
l

quad-subdivisionl (likel 5l levels)l al quad-treel couldl be constructed,l whilel ifl thel al RSl datasetl
coversl al reallyl bigl regionl thatl muchl larger thanl thel GeoSOTl grid,l thenl thisl datasetl wouldl
bel logicallyl furtherl dividedl intol datal blocks.l Thenl thel RSl datasetsl orl datal blocksl insidel
thel geographicall region ofl eachl leafl nodel ofl thel quad-treel wouldl bel re-arrangedl accordingl thel
Hilbert valuel ofl thel centerl ofl thel rectanglesl (i.e.,l MBRl ofl thel RSl datal orl blocks). Followingl

l l
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Figure 5: Datal subscriptionl andl virtuall catalogl mirror.
l

thisl method,l eachl RSl datasetl orl datal blockl wouldl bel encodedl with al uniquel GeoSOT-Hilbertl
codel whichl consistsl ofl bothl thel GeoSOTl codel and Hilbertl value.l Givenl thel Hilbertl ordering,l
wel generatel newl treel nodesl and assignl rectanglesl ofl RSl datal tol thesel treel nodesl sequentially.l
Thel non-leaf nodel containsl LHVsl (Largestl Hilbertl Value)l andl alsol thel geographicall region ofl
thel rectangles.l Thenl byl recursivelyl sortingl thesel newl nodesl byl thel Hilbert valuel ofl itsl rectan-
glel andl creatingl newl nodesl withl al higherl level,l al dynamic R+treel couldl bel generated.l Thel
leafl nodel ofl thisl hybridl Hilbertl R+treel isl a datal entryl node,l whichl containsl thel informa-
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tionl (URL)l ofl al temporall seriall of RSl datal thatl isl insidel thel rectanglel ofl node. Withl thel
uniquel GeoSOT-Hilbertl code,l thel Hilbertl R+treel andl thel RS metadatal repositoryl couldl bel
easilyl connected.l Forl eachl RSl datasetl indexed inl thel leafl nodel ofl thel Hilbertl R+tree,l thel
GeoSOT-Hilbertl codel asl welll as MBRl ofl thel datal itselfl andl thel datal blocksl insidel thisl datal
wouldl alll bel stored togetherl withl metadatal inl HBase.l Accordingly,l thel searchingl ofl al givenl
data regionl wouldl bel startedl froml thel root,l descendl thel quad-treel ofl thel GeoSOT globall gridl
model,l andl thenl visitl thel nodesl inl thel Hilbertl R+treel thatl intersect thel desiredl rectanglel
tol getl thel GeoSOT-Hilbertl codel ofl thel datal sol asl to accessl metadatal inl HBasel andl acquirel
imageriesl withl thel URL.

3.3 VE-RS:l RS-specificl HPCl environmentl asl al service

(Figure 6) VE-RSl offersl anl RS-specificl clusterl environmentl asl al servicel onl topl ofl the
OpenStackl enabledl cloudl framework.l Basedl onl thel VMsl orl BMsl providedl byl the cloudl frame-
work,l VE-RSl couldl buildl al virtuall HPCl clusterl throughl automatic deploymentl ofl clusterl
auto-configurationl toolsl likel AppScale.l Byl meansl of SlatStack,l VE-RSl allowsl customizedl de-
ploymentl ofl RSl softwarel suchl asl ENVI, GDALl andl ERDAS,l togetherl withl HPCl toolsl likel
MPI,l MapReduce,l Torque andl Ganglial onl VMsl orl PMsl inl thel virtuall cluster.l Furthermore,l
pipsCloud alsol providesl easy-to-usel interfacesl forl auto-deploymentl ofl anl RS-specificl HPC clus-
terl withl thel APIsl ofl ApppScalel andl SlatStack.
Forl efficientl managingl ofl RSl bigl data,l VE-RSl adoptsl al parallell filel system namedl HPGFSl
especiallyl forl RSl imageries.l Tol solvel thel poorl I/Ol performance introducedl byl intensivel irreg-
ularl I/Ol patterns,l HPGFSl adoptsl application awarel datal layoutl policyl sol asl tol exploitl datal
localityl andl reducel datal movements.l Moreover,l forl easyl butl productivel programming,l VE-RSl
provides RS-GPPS,l genericl parallell skeletonsl forl large-scalel RSl datal processingl applicationsl
onl thel MPI-enabledl clusterl environment.l Itl alsol adoptsl al distributed RSl datal structurel withl
fine-designedl datal layoutl controll acrossl distributed memoriesl forl efficientl loadingl andl commu-
nicatingl ofl RSl bigl data.l Inl addition, VE-RSl adoptsl Torquel schedulerl asl al locall resourcel
managerl andl schedulerl in thel virtuall cluster,l andl ganglial forl systeml monitoring.

Inl thisl study,l wel adoptl xCATl tol extendl thel dominantl OpenStackl platform forl supportingl
bare-metall provisioning,l andl usel thel KVMl hypervisorl for VMsl provisioning.l OpenStackl consistsl
ofl al collectionl ofl softwarel components, includingl Noval forl computingl resourcel (VMs/BMs)l
management,l Glancel for imagel managementl andl Swiftl forl buildingl cloudl storage.l Normally,l
OpenStack basicallyl offersl virtuall machinesl andl thel resourcel visualizationl isl enabledl by somel
hypervisorsl likel Xenl orl KVM.l Asl isl shownl inl Figurel 7,l wel usel thel KVM hypervisorl forl
thel creationl andl managementl ofl VMsl froml thel pooll ofl physical machines.l Whenl al virtuall
machinel isl requested,l Nova-computel component ofl OpenStackl willl invokel thel APIl ofl KVMl
forl thel creationl andl deployment ofl VMs,l while,l thel virtualizationl andl deploymentl ofl networkl
resourcesl is conductedl byl nova-network.
Actually,l bare-metall provisioningl isl notl directlyl supportedl inl OpenStack. Hypervisorl xCATl

asl al scalablel distributedl resource-provisioningl tool,l providesl unifiedl interfacesl forl discoveryl
andl softwarel deploymentl ofl physicall machines.l However,l tol enablel bare-metall machinesl inl
OpenStackl through xCAT,l al bare-metall driverl forl xCATl shouldl bel integratedl inl thel Nova-
compute componentl ([23]).l Normally,l Nova-computel usesl thel libvirtl libraryl tol manage differentl
hypervisorsl forl diversel virtualizationl approaches.l Inl thisl context,l the bare-metall driverl forl
xCATl isl neededl asl anl alternativel tol thel libvirtl driver.l On onel hand,l thel xCATl driverl dealsl
withl thel bare-metall (BM)l machinel requests froml Nova-compute,l andl onl thel otherl handl itl
communicatesl withl xCATl to completel resourcel provisioning.
Asl isl shownl inl Figurel 7,l whenl anl HPCl clusterl environmentl forl RSl data processingl withl bare-
metall machinel isl requestedl byl al user,l thel noval scheduler willl choosel al nova-computel nodel
andl passl thel requestl tol thel Libvertl driverl ofl it.l Then,l thel Libvertl driverl wouldl invokel thel
sol implementedl bare-metall driver ofl xCATl andl transferl thel requestl tol xCAT.l Consequently,l
thel xCATl willl take chargel ofl everything.l Itl getsl thel informationl ofl bare-metall machinesl



https://doi.org/10.15837/ijccc.2021.6.4236 11

l l

!.AIO��VRCAO �:4��AIO�N�&EN��

!1���.��VRCAO �:4�CIP�(&)&O�M&C��

!�/4+�RCAO �:4�E�G&&O�M&C��

!5S��4+�RCAO �:4�HSNLG&O�M&C��

!5��+�RCAO �:4�EIOAGH�E&O�M&C��

UU&&

:AN�PM�A�4ENO

���:��:ALPANO�
��MNEIC

:AOMEAQA�-5N��5N

.MA�OA�-5N��5N

�������
���

�-�����B��E

�������

�������

�����

�����

�����

�����

�������

5��DEIA���DA�PGEIC
���H�CA�/A�G�SHAIO

�H�G�S��AOR�M�

5�PIO�.G�P���O�M�CA

��.�.GPNOAM�
,PO����IBECPM�OE�I

���:��
:ACENOM�OE�I

:����BOR�MA�
,PO��/A�G�SHAIO

���-.���

�-�����B��E
�

�(����� 

���
.��BD�����

��

�-�����B��E

��Q��
.GE�AM��REBO

5�PIO�:��/�O��5EMM�M�

���-.�
��B���B�

��

�-�����B��E

-����B��
���-.������

��B��
.C������B���

�DSNE��G��M��ANN�MN

���B
����BD������G

-����B��
�������

1

2

3

4

5

)���/����

)���/����

6

7

-.����BD���
�C���.��B.B��� 

l

Figure 6: l Thel generationl andl auto-deploymentl ofl VE-RS.
l

from BM/VMsl database,l andl downloadsl thel systeml imagesl withl OSl andl software neededl forl
buildingl thel HPCl clusterl forl RS.l Then,l xCATl activatesl thel boot loaderl ofl thel physicall
machinel usingl PXEl (Prebootl Executel Environment), andl powerl onl thel machinel withl powerl
managementl driverl IMPI.l Afterl that, xCATl bootsl thel physicall machinel froml thel networkl
andl deploysl itl withl the specifiedl systeml imagel (OSl andl software).l Finally,l itl registersl thel
information ofl thel bare-metall machinel intol thel BM/VMsl database.l Inl casel thel baremetall
machinel isl running,l thel xCATl isl alsol responsiblel forl managingl and monitoringl itsl status.l
Followingl thisl process,l notl onlyl VMsl butl alsol BMsl could bel accommodatedl forl on-demandl
needsl ofl variablel HPCl clusterl platforml for RSl applications,l sol asl tol decreasel thel performancel
penalty.

Cluster-basedl HPCl platformsl arel characterizedl byl extremel scalel andl a multilevell hierar-
chicall organization.l Efficientl andl productivel programmingl for thesel systemsl arel al challenge,l
especiallyl inl thel contextl ofl data-intensivel RS datal processingl applications.
Tol properlyl solvel thel aforementionedl problems,l wel proposel RS-GPPS, Genericl Parallell Pro-
grammingl Skeletonsl forl massivel remotel sensingl data processingl applicationsl enabledl byl al tem-
platel classl mechanism,l andl working onl topl ofl MPI.l Genericl parallell algorithmsl arel abstractl
andl recurringl patterns liftingl froml manyl concretel parallell programsl andl concealingl parallell
detailsl as skeletons.l Thisl approachl reliesl onl typel genericityl tol resolvel polymorphisml at com-
pilel time,l sol asl tol reducel thel runtimel overheadl whilel providingl readability ofl al high-level.l
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Figure 7: l Bare-metall provisioningl inl Cloudl withl xCAT.
l

Wel focusl onl so-calledl classl templates,l whichl arel parameterized computationsl patternsl usedl
tol implementl algorithml skeletonsl (Figurel 8). Thel mainl contributionl ofl RS-GPPSl isl thatl itl
providesl bothl genericl distributed RSl datal structurel andl genericl parallell skeletonsl forl RSl al-
gorithms.

3.4 VS-RS:l Cloud-enabledl RSl datal processingl system

VS-RSl offersl on-demandl workflowl customizationl andl dynamicl processing forl variousl large-
scalel RSl applicationsl inl thel Cloudl asl on-linel servicesl onl topl ofl al cloud-enabledl HPCl clusterl
environmentl VE-RS.l Itl consistsl ofl orderl manager, resourcel scheduler,l runtimel forl collaborativel
workflowl processing,l andl data orl algorithml repositories.l Thel orderl managerl isl responsiblel forl
parsingl the requestedl RSl datal processingl ordersl intol abstractl collaborativel workflows accordingl
tol thel workflowl repositories.l Whilel thel resourcel schedulerl adopts anl optimall schedulingl strat-
egyl tol conductl anl optimizedl resourcel mapping forl thel abstractl workflowl tol forml al concretel
one,l includingl data,l algorithm andl computingl resources.l Actually,l thesel concretel workflowsl arel
constructed dynamicallyl throughl dynamicl optimall resourcel allocationl duringl runtime accordingl
tol thel monitoredl statusl ofl resourcesl andl system.l Meanwhile,l the Kepler-enabledl workflowl pro-
cessingl runtimel dynamicallyl implementsl each stepl ofl thel workflowl withl allocatedl resourcesl onl
thel locall clusterl inl VERSl orl launchesl itl tol remotel datal centers,l andl finallyl coordinatesl thel
whole collaborativel workflowl processingl procedure.

Thel dynamicl processingl ofl large-scalel collaborativel workflowsl onl Keplerenabledl runtimel
goesl asl follows:
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Figure 8: Thel skeletall parallell programmingl modell forl RSl bigl datal in pipsCloud.
l

• l l Firstly,l Abstractl workflowl matchingl isl responsiblel forl interpretingl the requestedl or-
dersl intol abstractl RSl workflowsl withoutl allocation.l With thel keyl wordl "Productl Type",l
runtimel searchesl forl thel corresponding abstractl workflowl inl thel workflowl repositoryl forl
eachl RSl orderl requested throughl thel cloudl webl portal,l while,l thel abstractl workflowl inter-
preted onlyl tellsl thel blueprintl ofl thel datal processingl procedure,l includingl thel functionall
namel ofl eachl stepl asl welll asl thel controll logicl amongl them. Butl thel actuall processingl
programl orl datal neededl forl processingl inl each workflowl stepl isl notl decidedl yet.

• l Secondly,l Optimall Resourcel Allocationl continuesl tol conductl optimal resourcel mappingl
forl eachl workflowl stepl accordingl tol thel currentl status ofl variousl resourcesl andl systems.l
Thel resourcesl herel referl tol three mainl categoriesl ofl resourcesl includingl algorithml re-
sourcesl withl actual programs,l variousl RSl datal requiredl forl processingl andl alsol processing
resourcesl likel processorsl andl networkl whichl arel neededl forl execution. Initially,l al knowl-
edgel queryl froml productl knowledgel repositoryl isl invokedl forl acquiringl thel knowledgel
rulesl forl thisl designatedl RSl datal product. Thel productl knowledgel representsl inl rulesl
thatl mainlyl indicatel the requirementl ofl thel RSl data,l suchl asl thel resolutionl orl sensorl
ofl the RSl imageries,l auxiliaryl datal asl welll asl somel parameterl datal orl file needed.l Thenl
withl thel knowledgel rulesl ofl datal products,l therel follows thel generatingl ofl al conditionl
statementl forl anl RSl datal query.l Accordingly, al listl ofl RSl imageriesl orl auxiliaryl datal
couldl bel drawnl outl froml the datal repositoryl forl furtherl processing.l Afterl thatl goesl thel
algorithm allocation,l thel candidatel executablel programsl arel depositedl froml the algorithml
repositoryl withl thel keyl wordl ofl thel functionall namel ofl the algorithms.

• l Thirdly,l Partlyl generatingl concretel Keplerl workflowl froml abstractl workflowl withl al-
locatedl resources.l Herel runtimel onlyl generatesl partl ofl the Keplerl workflowl forl certainl
processingl stepsl withl allocatedl resources. Eachl stepl ofl thel Keplerl workflowl isl thenl
representedl asl anl executable Keplerl "actor".

• l Fourthly,l Runl Keplerl workflowl onl Keplerl workflowl engine.l Inl thel case whenl thel process-
ingl stepl ofl workflowl isl al locall actor,l thenl al PBS/Torquel taskl submissionl isl triggeredl
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Figure 9: Dynamicl andl optimall workflowl processingl forl large-scalel RS applicationsl withl Kepler.
l

tol thel LRMsl (Locall Resourcel Manager). Thenl thel LRMsl launchesl thel programl ofl thisl
workflowl processingl step ontol thel allocatedl processorsl (VMsl orl BMs)l inl thel virtuall
HPCl cluster environmentl inl thel Cloudl andl executesl itl inl parallel,l while,l ifl thel workflow
stepl isl "sub-workflow"l expressedl asl al webl servicel actor,l Keplerl would directlyl invokesl
thel webl servicel interfacesl forl execution.l Ifl thel processing stepl isl al remotel jobl execu-
tion,l thenl al remotel actionl isl invokedl withl a remotel jobl submission.l Afterl receivingl thel
jobl submission,l thel LRMsl of thel remotel datal centerl wouldl soonl runl thel programl onl
processorsl and finall feedbackl withl interiml data.l

• l Finally,l thel workflowl processingl isl continuedl recursivelyl froml optimal resourcel allocation,l
generatingl Keplerl workflowl tol implementingl workflow collaborativelyl untill thel endl ofl thel
workflowl procedure.l Followingl this process,l thel entirel complexl processingl workflowl couldl
bel generatedl and implementedl dynamicallyl onl thel Keplerl enginel withl al nearlyl optimal
performancel QoSl ofl thel wholel processingl procedure.l Whenl thel workflow ends,l thel RSl
datal productsl wouldl bel registeredl intol thel RSl datal product repositoryl forl downloading.

Consequently,l withl thel logicall controll andl datal transferringl amongl data centers,l al distributedl
workflowl amongl differentl datal centersl orl cloudl systems couldl bel collaborativelyl implemented.l
Eachl stepl ofl thel workflowl isl implemented withl thel optimall allocatedl resourcesl accordingl
tol currentl systeml status.l Even whenl al failurel ofl thel allocatedl resourcesl occurs,l thenl al re-
allocationl ofl the resourcel wouldl bel triggeredl forl al re-buildl andl re-runl ofl thel Keplerl workflow.
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4 Experimentsl andl Discussion
Thel pipsCloudl whichl offersl al high-performancel cloudl environmentl for RSl bigl datal hasl beenl

successfullyl adoptedl tol buildl thel Multi-data-center Collaborativel Processl Systeml (MDCPS).l Byl
virtuel ofl thel datal management servicel inl pipsCloud,l thel multi-sourcel rawl RSl data,l interiml
datal andl alsol data productsl canl alll bel efficientlyl managedl andl accessed.l Throughl thel VE-

l l l

Figure 10: Thel 5-dayl syntheticl globall NDVIl productsl inl 2014.
l

l l l

Figure 11: Thel 5-dayl syntheticl globall NDVIl productsl inl 2014.
l

RSl servicel inl pipsCloud,l al customizedl virtuall HPCl clusterl environmentl isl easily builtl andl
equippedl withl RSl software,l al parallell programmingl modell andl al largescalel taskl schedulingl
especiallyl forl RSl applications.l Byl employingl thel VS-RS servicel offeredl inl pipsCloud,l MDCPl
arel welll constructedl andl equippedl upon thel VE-RSl clusterl environmentl withl orderl manage-
ment,l al workflowl enginel and al depositoryl forl RSl algorithmsl andl workflows.l Furthermore,l
enabledl byl the Keplerl workflowl engine,l thel complexl processingl proceduresl forl globall RSl data
productsl arel customizedl asl dynamicl workflowsl thatl arel implementedl through collaborationl al
crossl multiplel datal centers.l Thisl processingl isl dynamicl since thel concretel workflowsl arel notl
predefinedl butl dynamicallyl formedl through runtimel resourcel mappingl froml abstractl workflowsl
tol datal centers.
Actually,l MDCPSl connectsl severall nationall satellitel datal centersl inl China, suchl asl CCRSD,l
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NSOAPS,l NMSC.l Itl offersl onlinel processingl ofl regional tol globall climatel changel relatedl
quantitativel RSl datal productsl withl thesel multisourcel RSl datal acrossl datal centers.l Thel RSl
datal productsl generatedl byl MDCPS includel vegetationl relatedl parametersl likel NDVIl 18l andl
NPP19,l radiationl and hydrothermall fluxl relatedl parametersl likel AOD20l andl SM21,l asl welll asl
global icel changel andl minerall relatedl parameters.l Thel 5-dayl globall syntheticl NDVI parameterl
productl inl 2014l generatedl usingl MODISl 1kml datal isl shownl in Figurel 10.l Thel 5-dayl globall
syntheticl NPPl parameterl productsl whichl were alsol producedl withl MODISl 1kml datal inl dayl
211l tol 215l andl dayl 221l tol 225 inl 2014l arel relativelyl demonstratedl inl subl figurel (a)l andl
(b)l inl Figurel 11.
Thel performancel experimentsl onl typicall RSl algorithmsl withl bothl increasing processorsl andl

l l l

Figure 12: Runl timel ofl NPPl andl NDVIl withl scalingl nodes.
l

datal amountsl arel carriedl outl forl thel validationl ofl thel scalability ofl thel pipsCloudl platform.l
Inl thisl experiment,l twol MPI-enabledl RSl algorithms arel chosenl forl implementing,l includingl
NDVIl andl NPP.l Meanwhile,l thel pipsCloudl platforml offersl al virtuall multi-corel clusterl withl
10l nodesl connectedl by al 20l gigabytel Infinibandl networkl usingl RDMA(Remotel Directl Memoryl
Access) protocol.l Eachl nodel isl al bare-metall provisionedl processorl withl duall Intell (R) Quadl
corel CPUl (3.0l GHz)l andl 8l GBl memory.l Thel operatingl systeml wasl Cent OS5.0,l thel C++l
compilerl wasl al GNUl C/C++l Compilerl withl optimizingl level O3,l andl thel MPIl implementa-
tionl wasl MPICH.
Thel runtimel andl speedupl performancel meritl ofl bothl NPPl andl NDVIl with increasingl num-
bersl ofl processorsl arel illustratedl relativelyl inl Figurel 12l and Figurel 13.l Asl isl demonstratedl inl
subl figurel (a),l thel runl timel meritl curves ofl thesel twol algorithmsl decreasel almostl linearlyl es-
peciallyl whenl scaledl to lessl thanl 4l processorsl (32l cores).l However,l thel decreasel ratel isl muchl
slower whenl scaledl froml 5l processorsl (40l cores)l tol 10l processorsl (80l cores).l Thel main reasonl
forl thatl wouldl bel thel totall runl timel whichl isl relativelyl smalll makesl the speedupl notl thatl
obvious,l sincel thel systeml overheadl couldl notl bel omitted.l The samel trendl isl alsol shownl inl
subl figurel (b)l thatl thel speedupl metricl curvesl of bothl twol algorithmsl soarl upl linearlyl whenl
scalingl tol 10l processorsl (80l cores). Withl thel amountl ofl RSl datal increasingl froml 0.5l gigabytesl
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l l l

Figure 13: Speedupl ofl NPPl andl NDVIl withl scalingl nodes.
l

tol aboutl 300 gigabytes,l thel experimentall resultl isl depictedl inl Figurel 14.l Judgingl froml the
performancel curvesl demonstrated,l thel MPI-enabledl NPPl andl NDVIl algorithms implementedl
onl pipsCloudl bothl showl theirl excellentl scalabilityl inl termsl of data.

5 Conclusions
Thel Cloudl computingl paradigml hasl beenl widelyl acceptedl inl thel ITl industry withl highlyl

maturedl Cloudl computingl middlewarel technologies,l business models,l andl well-cultivatedl ecosys-
tems.l Remotel sensingl isl al typicall information associatedl zone,l wherel datal managementl andl
processingl playl al keyl role.l The adventl ofl thel highl resolutionl earthl observationl eral gavel birthl
tol thel explosive growthl ofl remotel sensingl (RS)l data.l Thel proliferationl ofl datal alsol gave risel
tol thel increasingl complexityl ofl RSl data,l likel thel diversityl andl higher dimensionalityl charac-
teristicl ofl thel data.l RSl datal arel regardedl asl RSl "Big Data".
Inl thisl paperl wel discussedl howl tol bringl thel cloudl computingl methodologiesl intol thel remotel
sensingl domain.l Wel focusl thel overalll highl performance Cloudl computingl concepts,l technologiesl
andl softwarel systemsl tol solvel the problemsl ofl TSl bigl data.l pipsCloud,l al prototypel softwarel
systeml forl high performancel Cloudl computingl forl RSl isl proposedl andl discussedl withl in-deepl
discussionl ofl technologyl andl implementation.l Asl al contribution,l thisl study bringsl al completel
referencel designl andl implementationl ofl highl performance Cloudl computingl forl remotel sensing.
Inl futurel applications,l suchl asl smartl citiesl andl disasterl management,l the greatl challengesl willl
arisel duel tol fusionl ofl hugel remotel sensingl datal withl other IoTl data.l Thel pipsCloud,l benefit-
ingl froml thel ubiquity,l elasticityl andl high-level ofl transparencyl ofl thel cloudl computingl model,l
couldl managel andl processl the massivel data,l meetingl thel futurel applications’l requirements.
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l l l

Figure 14: Runl timel ofl NPPl andl NDVIl withl increasingl datal amount.
l
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