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ABSTRACT

Theimportantgrowthofindustrial,transport,andagricultureactivities,hasnotledonlytotheair
qualityandclimatechangesissues,butalsototheincreaseofthepotentialnaturaldisasters.The
emissionofharmfulgases,particularly:theVerticalColumnDensity(VCD)ofCO,SO2andNOx,
isoneofthemajorfactorscausingtheaforementionedenvironmentalproblems.Ourresearchaimsto
contributefindingsolutiontothishazardousphenomenon,byusingremotesensing(RS)techniques
tomonitorairqualitywhichmayhelpdecisionmakers.However,RSdataisnoteasytomanage,
becauseoftheirhugeamount,highcomplexity,variety,andvelocity,Thus,ourmanuscriptexplains
thedifferentaspectsoftheusedsatellitedata.Furthermore,thisarticlehasproventhatRSdatacould
beregardedasbigdata.Accordingly,wehaveadoptedtheHadoopbigdataarchitectureandexplained
howtoprocessefficientlyRSenvironmentaldata.
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1. INTRoDUCTIoN

Inthislastdecade,theworldhassufferedfromvariousenvironmentalproblems,andseveralnatural
disasters,includingairpollution,abnormalclimatechange,earthquakes,andsoon(Smithetal.,2014).
Inthissense,itisimportanttosupervisetheclimaticandpollutiondatasuchastemperature,humidity,
windspeedandconcentrationoftracegazesinatmosphericlayers,particularlyinthetroposphere.For
thispurpose,satellitedataandRemoteSensing(RS)canbeofgreatutility.Inthisinvestigation,weaim
toapplysomeofthissatelliteisapplicationsinMoroccoareas(Badr-eddineBoudrikiSemlali,Amrani,
&Denys,2019).Wearegoingtotrackpollutantsplumesemittedfromtheagriculturalzonesandthe
wildfiresomeusingappropriatesatellitesensors,seeTable6.Furthermore,wearelookingforwardtouse
satellitesdatainordertosupplyMoroccanforecastingagenciesbyprovidingthedailyprocesseddatasets
andimageries,forinstancewecouldcombinesatellitesdatawithgroundmonitordatasetstoproduce
adailyreportforwardedtotheforecasters.Inaddition,RSdatawillhelpustomonitoranthropogenic
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pollutantemissionsandclimatechangesofMoroccoinNear-RealTime(NRT),topreventdamages
andhelpinthedecisionmakers(BadreddineBoudrikiSemlali,&Chaker,2019).Thesedatacanbe
alsousedasaninputofsomeclimateorAirQuality(AQ)modelssuchasCALMET/CALLPUFFand
AEROMOD(Holnicki,Kałuszko,&Trapp,2016).Recently,satellitesdatasupportmanypotential
applicationssuchasin,pollutantplumestracking,AQmonitoringandweatherforecasting(Duncanet
al.,2014).Generally,RStechniquereferstotheuseofthetechnologiesmeasuringthespecifications
ofearthsurface,oceanandatmospherecomponentswithoutmakingaphysicalcontactwithitthrough
theelectromagneticenergy(EME)(Chijioke,2012).Thistechniqueemploysplentyofsensors.These
satellitesproducedailyalargenumberofdatasets,comingfromvarioussourcesanddiversesensors
withinadifferentspatial,temporalandspectralresolutions(Yakubailik,Romas’ko,&Pavlichenko,2019),
thesedatahavealsodifferentfileformatsandarecontinuouslyincreasingstoragespaces(Maetal.,
2015).Accordingly,RSdataareregardedasRemoteSensingBigData(RSBD)(Oussous,Benjelloun,
AitLahcen,&Belfkih,2017).Thus,theprocessingofRSBDincludesseveralchallengesintermof
datacollection,storageandhandling(Maetal.,2015).Asaresult,itisnecessarytodevelopaBigData
(BD)platformenablingdatacollection,sort,categorizing,analyzeandstorage.Inthisstudywewill
coverthebasicsoftheRStechniques,theuseofsatellitesandsensors.Forthispurpose,wewillcollect
satellitesdatafromtheMediterraneanDialogueEarthObservatory(MDEO)terrestrialstationinstalled
inAbdelmalekEssaâdiUniversityofTangier(ElAmrani,Rochon,El-Ghazawi,Altay,&Rachidi,2012),
theNationalAeronauticsandSpaceAdministration(NASA),theNationalOceanicandAtmospheric
Administration(NOAA),theEuropeanSpaceAgency(ESA),someMeteorologicalGroundStation
(MGS)andfromaRaspberryPIgroundsensorinNRT.Thesesatellitesproducedailyalargenumber
ofdatasets,comingfromvarioussourcesanddiversesensorswithinadifferentspatial,temporaland
spectralresolutions,thesedatahavealsodifferentfileformatsandarecontinuouslyincreasingstorage
spaces(Maetal.,2015).Accordingly,andaccordingtotheattributedefinitionofBigData(BD)based
inthe4Vs(volume,variety,velocityandveracityandsoon),RSdataareregardedasRSBD.Thus,
theprocessingofRSBDincludesseveralchallengesintermofdatacollection,storageandhandling
(Sun,Liu,Ma,Liu,&Sun,2016).Asaresult,itisnecessarytodevelopaBDplatformenablingdata
collection,sort,categorizing,analyzeandstorages.Moreover,wewillprovethatthereceiveddataare
BD.Forthesepurposes,wewilladopttheHadooparchitecturetoprocessRSBD.

2. ISSUES

TherearemanyenvironmentalproblemsandRSdatamanagementchallengeswhichare:

• Theapparitionofthenaturaldisastersandtheenvironmentalissuesincluding:forestfire,climate
changesandairpollution;

• TheRSdataarecomplex,havehugevolume,andhighvelocityandveracity;
• CurrentandarchitecturesofRSdataprocessingarelimitedandfacemanychallenges.

3. MAIN FoCUS oF THE ARTICLE

Thisinvestigationhasseveralgoalswhichare:

• Presentingabriefsurveyabouttheusedsatellitesandsensorsforairpollutionmonitoring;
• PerformingaRSdataanalysisoffoursatellitedatasourcesincludingtheMDEO,theNASA,

theNOAAandtheCopernicusplatformbuiltbytheESA;
• ProofingthattheusedRSdataareBDbasedinthe4VsofBD;
• AdoptingtheHadoopparadigmforaRSdataprocessing;
• ExploitingtheRSdatainairpollutioninMorocco.
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4. RELATED woRKS

Table1includessomerelatedworksfocusinginRSdataprocessingandenvironmentalissues.

5. REMoTE SENSING: DEFINITIoN, APPLICATIoNS, 
SATELLITES AND SENSoRS

Inthissection,wewillexplainRStechnique,theprimaryuseofsatelliteandthesensorspecifications.

5.1. what is the Remote Sensing Technique?
RSgenerallyreferstotheuseofthetechnologyformeasuringthespecificationofsurface,oceanand
atmosphericcomponentswithoutmakingaphysicalcontactwiththem,byusingtheElectromagnetic
Energy(EME)(Chijioke,2012).Thistechniquemonitorsearthcontinuouslyusingactivesensors
(SandeepGupta,n.d.),whilethesignalisemittedanddetectedbythesamesensor.Consequently,
imagesare formedby thescatteredor reflectedmicrowaves.Moreover,each targethasaunique
spectralsignature(seeFigure1),asexplainedbelow:

A:Sunorsatellitesilluminatethetarget.
B:Effectofpassingthroughtheatmosphericlayer.
C:Groundtargetreflectstheenergy.

Table 1. Some related works and their focusing

Investigation Computer and IT Topics Environmental Application

1.Monitoringofatmospheric
compositionusingthethermal
infraredIASI/MetOpsounder
(Clerbauxetal.,2009)

Satellitesensorscalibrationand
satellitedatasetsvalidationand
optimization.

TheuseoftheInfraredAtmospheric
SoundingInterferometer(IASI)
satellitesensorstomonitor
atmosphericpollutionandchanging
composition.

2.Thermalinfraredgeostationary
satellitesensordataapplicationfor
predictionandmonitoringearthquake
inAlgeria(Hassini&Belbachir,
2016)

TheprocessingoftheMeteosat
SecondGeneration(MSG)dataand
theapplicationofthealgorithmsof
dataminingforprediction.

Thisapproachdepictssome
anomalousincreasesinsurface
temperaturethatoccurbeforean
earthquakeandthecasestudywasthe
earthquakeofAlgeria.

3.Real-TimeBigDataAnalytical
ArchitectureforRemoteSensing
Application(Rathoreetal.,2015)

Thepropositionandthedevelopment
ofanewparallelarchitecture
forRSBDprocessingbasedto
MapReduceinNRT.

Inthispaperauthoracquiresand
processENVISATdatabecause
ENVISATsatellitemissionhas
beencontinuouslyprovidingglobal
measurementsfortheearthincluding
sea,land,ice,andforestsince2002.

4.DevelopmentofaJava-based
applicationforenvironmentalremote
sensingdataprocessing(Badr-eddine
BoudrikiSemlalietal.,2019)

ThedevelopmentofaJava-based
applicationsoftwaretocollect,
processandvisualizeseveral
environmentalandpollutiondata,
acquiredfromtheMDEOplatform.

Thisresearchhasfocusedinair
pollutionmonitoringinMorocco
usingtheMDEOdatasourcesand
authorsfoundoutacorrelation
betweentheemittingsourcesandthe
densitiesoftracesgases.

5.Air4People:ASmartAirQuality
MonitoringandContext-Aware
NotificationSystem(Garcia-de-
Prado,Ortiz,Boubeta-Puig,&Corral-
Plaza,2018)

Developmentofamobileapplication
checkingcurrentairqualityvalues
atanyavailablestation,receiving
notificationsconcerningcurrentair
qualityatoneparticularstationof
interest.

Thisresearchpresentsacontext-aware
notificationsystem,whichsubmits
personalizedalertstocitizensbased
onseveraltypesofcontext,whenever
airquality-relatedhealthrisksare
detectedfortheirparticularcontext.
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D:Reflectedenergyrecordedbysatelliteissensor.
E:Transmissionofdatatogroundstations.
FandG:Conversionofdataintodigitalformatincludingmaps,imagesorrasterfiles.

Thesecondtypeisthepassivesensor,whenthedetectionisbasedonlytothereflectionof
thesunlight.

RStechniquehelpsalsotocollectdatafromdangerousorunreachableareassuchasoceans,
forests, desertsor atmospheric layers.ThegatheredRSdata areprocessed inorder to remove
imperfections,ensuregeometriccorrectionsandapplydatacalibrations(Li,Ding,&Long,2015).
In1986NASAdefinedfourlevelsofRSprocessingbeginningfromlevel0tolevel3,seeTable2
(Parkinson,Ward,&King,2005).

CurrentlyRSdataarebecomingmorewidelyusedinthedecisionmakingandtheenvironmental
managementactivities.Thiscanbeachievedthankstothegatheringofalargevolumeofdatasets
withhighvelocity,andthisiswhyRSdataarecurrentlyregardedasRSBD(Maetal.,2015).Inthis
research,wehavecollectedRSdatafromalargenumberofsatellitesequippedwithdifferentsensors
fromtheMDEO,NASANOAA,ESAandsomeMGS.

5.2. Primary Use of Satellites
Nowadays,wenoticeseveralenvironmentalissues,suchasoutdoorpollutionduetotheemission
ofanthropogenicgasesbyindustrialandtransportactivities(Badr-eddineBoudrikiSemlalietal.,

Figure 1. RS process (Chijioke, 2012)

Table 2. RS data processing levels

Level Description

1a Reconstructed,unprocessedinstrumentdataatfullresolution,time-referenced,andannotatedwithancillary
information,includingradiometric

1b Level1adatathathavebeenprocessedtosensorunits.

2 DerivedgeophysicalvariablessuchasAerosolOpticalDepth(AOD)ortheVerticalColumnDensity(VCD)of
sometracegasesatthesameresolutionandlocationasLevel1sourcedata.

3 Variablesmappedonuniformspacetimegridscales,usuallywithsomecompletenessandconsistency.
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2019).Furthermore,wehavenoticedanincreaseofnaturaldisasterscausedbytheclimatechanges,
particularly storm, flood and heatwave (EL AMRANI Chaker, 2015). So, there is a wealth of
atmosphericcompositionofsatellitedataforAQapplicationsandclimatemonitoringinNRT(see
Figure2).Besides,RSdataarefurtherusedtomeasurethedensityofthetracesgasesinthedifferent
atmosphericlayers(Duncanetal.,2014).ThisroleisrecognizedbytheEnvironmentalProtection
Agency(EPA)andseveralAQagencies.

5.3. Satellite and Sensor Specifications
Satelliteisregardedasanartificialmachinewhichhasbeenplacedintoaspecifiedorbit.Thestory
ofsatellitewasbeginninginOctober4,1957bythelunchofthefirstRussiansatelliteSputnik-1.
Currently,therearemorethanthreethousandsatellitesinorbits.Approximately,fivehundredsare
polarsatellitesplacedinaLowOrbit(LEO),fiftysatellitesareintheHeightOrbit(HEO)andthe
restaregeostationarysatellites(HowmanysatellitesareorbitingtheEarthin2018?,2018).There
aremanypurposesoftheuseofthesesatellites:military,earthobservation,weathermonitoring,
forecastingandsoon.Someofthesesatelliteshelpinthescientificresearchesprovidingmeteorological
information,landsurvey,AQmonitoring.Allofthesesatellitesareplacedintoageocentricorbitwith
aspecificaltitude,synchronousspecificationsandclassification(Wilkin,2010).Inthisstudy,we
collectRSBDfromtheMDEOplatform,TheEarthObservingSystemDataandInformationSystem
(EOSDIS)ofNASA,theNationalEnvironmentalSatelliteDataandInformationService(NESDIS)
ofNOAAandtheCopernicusoperatedbyESA.TheMDEOplatformgivesusaccesstotheEuropean
OrganizationfortheExploitationofMeteorologicalSatellites(EUMETSAT)datainNRTusingthe
groundstationofacquisitionplacedatAbdelmalekEssaâdiUniversityofTangier(ElAmranietal.,
2012).Wherein,allofthesesatellitesareforenvironmentalmonitoring,meteorologicalinformation
andforscientificresearchespurposes.Wefindoutthatallofthesesatellitesarepolar(Schmetzet
al.,2002),passingbyasunsynchronousorbit,withapproximatelyeighthundredKilometers(Km)
ofaltitudeintoLEO,expectingtheMeteosatSecondGeneration(MSG)isageostationarysatellite.
Satelliteshaveusuallyaspecifiedlifetimerangingbetweenfourtotwentyyears,forinstancethe
MetOpAwaslaunchedin2006andwillbeinorbituntil2020(Zaytar&Amrani,2017).Wehave
usedalsonewersatellites,particularlytheSentinelseries,thuswehavecollecteddatafromSentinel-
3AandSentinel-5Plunchedin2016(Showstack,2014).Wenoticethatallofthesepolarsatellites
makearoundfourteentosixteenorbitsdaily,withinonehundredminperorbit.However,theycross
Moroccoareastwiceadayintoaspecifiedrangetime.Theuniquegeostationarysatelliteusedinthis

Figure 2. Satellite data applications
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researchistheMSG:itpassesovertheequatorwithanaltitudeofthirty-sixthousandKm(Schmetzet
al.,2002).Moreover,allthesesatellitesareequippedwithseveralsensorsthatenablemeasurements.
Table3showsalltheusedsatellitesinourresearchwiththeirfullspecifications.

Satellitessensorsareregardedasinstrumentsmeasuringmanyearth,atmosphericandocean
variables.Generally,therearetwokindsofsatellitessensors,thefirstareactiveinstrumentssuch
astheLightDetectionandRanging(LIDAR)andtheRadioDetectionandRanging(Radar),they
illuminatethescannedobjectwiththeirenergy,emitradiationovertargetandthen,detectthereflected
orbackscatteredradiation(seeTable4).Thesecondtypearepassiveinstruments,theydetectnatural
radiationemittedfromtarget,particularlysunlightandphotons(seeTable5).

Satellitesensorshavesomeothercharacteristicswhicharelistedbelow:

• Spatial Resolution (SPR):SPRmeanstheearthsurfacecoveredbytheinstrument,therearea
highandlowresolutionasshowninFigure3;

• Temporal Resolution (TPR):TPRreferstotherevisitingfrequencyofsatellitesensorstothe
samelocation,normallywedistinctthreeTPRasillustratedinFigure3;

• Spectral Resolution (STR):STRmeansthenumberofspectrumbandsinwhichsensorcan
collect the reflected radiance. Figure 4 shows the electromagnetic spectrum. Accordingly,
satellitesensorsofferarelationbetweenthespectralandthespatialresolution.WheretheSTR
increases,theSPRdecreases.

Table 3. Used satellites specifications

Table 4. Active satellites sensors feature

Sensor Name Feature

HyperSpectralradiometer Advancedmultispectralsensorthatdetectaverynarrowspectralbands,
visible,nearinfraredandmidinfrared

Radiometer
Measuretheintensityofelectromagneticradiationwithinthespectrum,
radiometerisidentifiedbyaportionofspectrumlikesuchas(visible,infrared
andmicrowave)

Sounder Measureverticaldistributionofatmosphericparametersliketemperature,
pressure,VCDtracesgases

spectrometer Detect,measureandanalyzespectralcontentfincidentelectromagnetic
radiation

Spectraradiometer Measuretheintensitiesinmultiplewavelengthbands
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Figure1explainsthemechanismofsatellitesensors,inresume,instrumentsemittheEMElike
microwavepassing throughatmospheric layers,afterward,andreflectedenergyby themeasured
target isrecorded.Then,valuesaretransmittedtothegroundstationstobeconvertedintoraster
images,maporscientificdatafiles.Table6summarizesthemostusedsensorsinthisresearch,the
majorityofthesesensorsareactivesounderslike:theAMSU,IASI(BUFR Descriptors for IASI 
Level 2 Data,2017),MHS,MLSandAIRS.Therearealsosomeactivespectrometerssuchasthe
TROPOMI,TANSO-FTS,MODIS,MIRSand theGOME-2 (Rosemary,2016).TheSPRof the
aforementionedsensorsrangesbetweenhightolow.Inaddition,allofthesesatellitesensorshavea
highTPRfeedingfromonetotwodays.

6. METHoD

Thissectionshowsthemainaspectsandspecificationsoftheusedsatellitedatapresentingthediverse
datasourcesandformatoftheacquireddata.

Table 5. Passive satellites sensors feature

Sensor Name Feature

LIDAR Lightdetectionusinglasertomeasuredistancebetweenatarget

Radar Emitelectromagneticenergylikemicrowavetodetectdistanceorrangeof
target

Scattermeter
Heightfrequencymicrowaveradar,measurebackscatteredradiationover
ocean
Surface,detectthewindspeedandwinddirection.

Sounder Instrumentmeasuringverticaldistributionofprecipitationandatmospheric
composition(Temperature,humidity,cloudcomposition,VCDofgases)

LaserAltimeter Measuretheheightofplatform.

Figure 3. Satellite sensors resolutions
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6.1. Satellites BD Aspects and Application to the Case Study
BDisatermusedin1950byJohnMashey,atpresent,BDisbecomemorepopular,anditattracts
diverseattentionsfrombothtechnologicalexpertsandthepublicingeneral.Commonly,BDrefersto
alarge,diverseandcomplexdatathatcurrentapplicationsandarchitecturesarenotabletomanage
themefficiently(Oussousetal.,2017).However,thedefinitionofBDisratherdiverse,andreaching
aconsensus isdifficult (Hu,Wen,Chua,&Li,2014).Consequently, therearen’tauniqueanda
perfectdefinitionofBDconcept.BDdoesnotmeanonlythemassivedatabutalsootherfeatures
thatdifferentiateitfromtheconceptof“massivedata”(Russom,2011).Asaresult,therearethree
differentdefinitions:theattributedefinitionthatdelineatesthefoursalientfeaturesofBD,particularly:
thevolume,thevariety,thevelocityandthevalue.Accordingly,the4Vsdefinitioniswidelyusedto
characterizeBD.Thesecondoneisthecomparativedefinitionthatreferstodatasetsthatgobeyond
theabilityofstorage,managing,andprocessing.Thelastdenotationisthearchitecturaldefinition
thatsuggestthatBDlimitstheabilitytoperformeffectivewithinthetraditionalrelationalapproaches,
orrequirestheuseofsignificanthorizontalscalingforefficientprocessing(Huetal.,2014).These

Figure 4. The electromagnetic spectrum
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definitionsconcernalsoRSBD.Ontheotherhand,RSdataarebecomingmorewidelyusedfrom
distinctivefields(e.g.,environmentalmonitoring,climateforecasting,andscientificresearches),by
theadvancedofsatellites,sensors,theRSisundergoinganexplosivegrowth(Maetal.,2015).This
advancesinsensorstechnologieshavegivenrisealso,totheincreaseofthecomplexityofRSdata,
particularly thediversity and thedimensionality.Furthermore, the large scale environmental are
exploitingregionaltoglobalcoveredtemporalandmultisensorsRSdataforprocessing.Moreover,
RStechniquedealswithalargecollectionofdatasetswithahugevolume.So,thefirstdefinitionis
moresuitabletodescribeRSBD.Inthenextsubsection,wewilldiscussseveralaspectsandfeatures
oftheusedRSBD,thediversityofdatasources,andtheirhugevolume,complexityandvelocity.

6.2. The Diverse RS Data Sources
Figure5showsseveralsourcesofRSdata.Thishasbecomeacommonbarriertoendusers,because
oftheincreasinglylargenumberofdataaccessformanddatasetstypes.Inthisstudy,wehaveused
theMDEOdataasthemainRSdatasources(Badr-eddine&ElAmrani,2019).TheMDEOplatform
providesNRTdatafrommultipleEUMETSATsatellites.Thesedatasupportscientificresearches
suchaspollutionmonitoring,earlywarningagainstdisasters,particularly,stormandflood,andit
supervisestheclimatechanges.EUMETSATsatellitessenddata,totheADCinAntarcticaandGreen
Landafterbeingmeasured.Then,dataistransmittedintotheCentralFacility(CF)inDarmstadt
toproducedataoflevelb2.Afterward,dataisdistributedtotheregionalandglobalEUMETCast
groundstationliketheMDEOgroundstationinstalledatAbdelmalekEssaâdiUniversity(ElAmrani,
Rochon,El-Ghazawi,Altay,&Rachidi,2013).Finally,RSBDdataarereadytobedownloadedand
processed.WehavenotonlyusedtheMDEORSdatabutalsosomeNASAsatellites,thesedataare
providedandmanagedbytheEarthObservationSystemDataandInformationSystem(EOSDIS)and
distributedintotwelvesdatacentersintheworld(“EOSDIS,”2017).Tomaketheresearchandthe
filterofthesatelliteisproductseasier,wehaveusedtheReverbsearchenginetodiscardunnecessary
RSdata.WecollectedalsopollutionandaerosolsproductsfromtheGodardEarthsciencesData

Table 6. Used satellites sensors specifications

Instrument Abbreviation Type (Spectral Resolution) Spatial 
Resolution

TROPOMI TroposphericMonitoringInstrument Spectrometer(NIRUV) High

OLCI OceanandLandColorInstrument Optical High

TANSO-FTS FourierTransformSpectrometer Spectrometer(NIR) High

MISR Multi-angleImagingSpectroRadiometer Spectroradiometer(NIR) High

MODIS ModerateResolutionImagingSpectrometer Spectrometer(IR) High-Low

AIRS AtmosphericInfraredSounder Sounder(IR) Low

AMSU AdvancedMicrowaveSoundingUnit Sounder(Microwave) Low

MLS MicrowaveLimbSounder Sounder(Microwave) Low

OMI OzoneMonitoringInstrument HyperspectralImaging(Visible) Low

MHS MicrowaveHumiditySounder Sounder(Microwave) Low

VIIRS VisibleInfraredImagingRadiometerSuite Radiometer(NIR) Low

IASI InfraredAtmosphericSoundingInterferometer Sounder(IR) Low

ASCAT AdvancedScatterMeter Scattermeter Low

GOME-2 GlobalOzoneMonitoringExperiment–2 Spectrometer(UV) Low

SEVIRI SpinningEnhancedVisibleandInfraredImager Radiometer(NVIR) Low
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andInformationServicesCenter(GESDISC).WehavecollectedRSdataalsofromotherfederal
agenciesprovidingfreeandNRTRSdatasuchastheInfusingSatelliteDataintoEnvironmental
Applications(NESDIS)ofNOAA(“NOAANationalEnvironmentalSatellite,Data,andInformation
Service(NESDIS) |,”2018).Moreover,wehaveacquiredRSdatafromtheCopernicusplatform
builtbyESA.WehavegatheredalsodatafromsomeMeteorologicalGroundStation(MGS)through
thesewebsites:www.weatherunderground.comandwww.worldweatheronline.cominordertoapply
adatavalidation.Inaddition,wehavedevelopedaRaspberryPIrobot,equippedwithMQsensors
inordertosupportRSdatavalidation.Figure5showsthedifferentdatasourceswiththeirsatellites,
instrumentsandtheirproductsdetails.Table7containstheUnifiedResourcesLocator(URLs)of
theusedsatellitesdatasources.

6.3. Ground Sensor Data of Raspberry Robot
InternetofThings(IOT)istheoneoflatestrevolutionsofinternet.Thestorywasbeginning
intheearlyof1980s.TheconceptofIOTistointerconnectabignumberofthingsorsensors
throughinternetandwillbeabletocommunicatewitheachother(Zanella,Bui,Castellani,
Vangelista, & Zorzi, 2014). IOT become more exploited in many applications such as:
detecting wildfire in forest, waste management, air pollution and noise monitoring, traffic
congestion and city energy consumption (Perera, Zaslavsky, Christen, & Georgakopoulos,
2012).However,ourresearchfocussesonlytotheintegrationoftheIOTintheenvironmental
issues,particularly,climatechangesandairpollutionmonitoring.TheEuropeanUnion(EU)
officiallyaimstoreducegreenhousegasemissionsby2020,thus,anurbanIOTmighthelp
monitoringtheAQincrowdedareaandcouldoptimizethehealthofpeoplebyfindingthe
healthiestarea(Zanellaetal.,2014).

Figure 5. Used RS data sources

Table 7. RS data sources

Data Source Download Link

MDEO https://www.eumetsat.int/website/home/Data/DataDelivery/EUMETCast/index.html

EOSDIS https://earthdata.nasa.gov/earth-observation-data/near-real-time/download-nrt-data
https://www.ospo.noaa.gov/

NESDIS ftp://ftp-npp.bou.class.noaa.gov/

Copernicus https://scihub.copernicus.eu/
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In our application, we have built and mounted a Raspberry PI 3 robot, see Figure 7,
wellequippedwithmanyMQsensorsmeasuring tracesgasesandclimaticvariablessuchas
temperature,humidityandsunlight.Thebatteryof this robotcandelay sixteenhours, could
communicatewithinternetviaWireless-Fidelity(Wi-Fi)(Arya,Bhadoria,&Chaudhari,2018)
ormobilenetworks,andcouldbelocatedwithahighaccuracyusingthelongitudeandlatitude
calculatedbytheGlobalPositionSystem(GPS)dongle.TheMQgassensorsseriesmeasure
anddetectmanygasesparticularly(CO,CO2,CH4,NH4,andsmoke),seeTable8.However,the
Raspberryrobotcannotreadthedigitalsignalfromsensor;tofixthisproblem,wehaveused
theMCP3008microchipshowedinFigure6.TheMCP3008isalow-costchannel10-bit-analog
todigitalconverter(Bhadoria&Chaudhari,2019).Thischipcouldreadthedigitaloutputfrom
sensorswithagoodprecisiontothatinanArduinocard.Thus,ourpurposeistomeasurethe

Figure 6. The MCP3008 microchip and Raspberry PI 3

Table 8. Used MQ sensors specifications

Sensor is Name Detected Gas

MQ-2

LPG

CO

SMOKE

MQ-3

CO

CH4

LPG

MQ-4

LPG

CH4

ALCHOOL

MQ-6

CH4

C3H8

C2H5OH

MQ-7

CO

CH4

H2

MQ-135

CO2

CO

NH4
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densityofpollutantgasesinthegroundarea.Theobtainedvaluesfromtherobotareunitless.
Consequently,wehaveused somemathematical equations to convert them into thePart per
Million(PPM)unit.Finally,allthemeasureddataarestoredintoaremoterelationaldatabase
tobeexploitedafterinNRT.

Figure 8 shows a screenshot of the measured values by the Raspberry Pi robot using the
aforementionedMQsensors.Theconnectionwasdoneby theSecureShell (SSH)protocol.We
noticethattherearemanypollutantdatasetssuchastheconcentrationoftheCO2CH4,CO,NH4,
LiquefiedPetroleumGas(LPG),andthesmokewiththePPMunit.Moreover,thisrobotmeasures
alsothetemperatureandthehumiditywithhighaccuracy.Allthesedatasetsarerecalculatedaftera
delayoftensecondandstoredintoaremotedatabase.

Figure 7. Raspberry PI robot

Figure 8. A screenshot of the Raspberry PI measured values
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7. STATISTICAL RESULTS

Thissectionincludesthestatisticalresultsconcerningthevariety,volume,andvelocityofthereceived
RSdata.

7.1. The Variety of RS Data
Varietyrefers to thedataform:structured,semi-structuredorunstructured.RSBDarebecoming
morediverseduetothewiderangeoftheiruseinearthsciencesdisciplinessuchas,environmental
monitoring,climatesupervisionandoceanography.RSBDarecommonlystoredinsemi-structured
filesincludingtheBinaryUniversalFormfortheRepresentationofmeteorologicaldata(BUFR)
assumedbytheWorldMeteorologicalOrganization(WMO)(Zaytar&Amrani,2017),theHierarchical
DataFormat(HDF5)developedbytheNationalCenterforSupercomputingApplications(NCSA),
theNetworkCommonDataForm(NetCDF)createdbytheUniversityCorporationforAtmospheric
Research(UCAR)university,andsoon.Theseformatshavevariousphysicalstructures.Accordingly,
decryptingthesekindsoffilesdemandsomespecifiedlibrariesandinterfaces,thatmakethereadof
RSBDdatamoredifficultfornon-expertendusers.Figure9showsthemostusedfileisformatsin
thisresearch.Wehavetoprocessfortytwopercentofthebinaryfiles,thirty-oneofNetCDFfiles,
twentypercentofHDF5filesandonlyfivepercentoftheBUFRfiles.Todecryptthisformat,wehave
madeinusesomePythonlibrariessuchastheBUFRextract(BUFREXC)(FrancisBreame,2018)
andthepybufr_ecmwf(ECMWF)(Siemen,Lamy-Thepaut,Li,&Russell,2007).Furthermore,the
MGSprovidedatasetsinNRTwithJSONandXMLformat,includingusefulvaluesoftemperature,
humidityandsoone.Inaddition,theRaspberryPi3robotsuppliesuswiththeNRTdata.

7.2. Measuring RS Data Volume
Withtherecentadvancesinsensorsandearthobservation,thereareadelugeofRSdata.Currently,
morethantwohundredsatellitesareinorbitcapturingmulti-spatialandmultispectraldatafrom
sensors.Figure10showstheuseddatavolumeacquiredfromtheMDEO,theNASA,theNOAA,the
ESAsatellites,someMGSandtheRaspberryPisensors,respectively.WenoticethatNetCDFand
theHDF5productsareheavierthantheBUFRandthebinarydata.However,dataacquiredfromthe
MGSandtheRaspberryPisensorshaveverylowsizeapproximatelyoneGigabytes(GB)because
theyareflatandJSONfiles.Thetotaldownloadedvolumefromtheaforementionedsourcesismore
thanonehundredGBstoredinsidemorethanelevenhundredfilesperdayandsumpsupthirty-seven
Terabytes(TB)peryear.Thisamountofgenerateddataisconsideredaslowbigandmanageable
comparatively with other pioneer datacenter such as the EOSDIS and the Chinese Academy of
Sciences(CAS)reachingsixTBperday.

Figure 9. Daily percent of RS data is format (%)
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7.3. The Velocity of RS Data
Velocityassignstotherateofwhichdatacome,andhowfastmustbeprocessed,bytheageofInternet
andthewiderangeofusingsatellitessensorsandIOT,arapidprocessingmustbeachievedtodeduce
usefuldeepinsightsinNRT,helingindecisionmaking.Velocityvariesinfunctionofdatacategory.
Therearetwokindofdataprocessing:theNRTorstreamingdataandthebatchdata.Streamingdata
aretreatedassoonaspossibleinordertokeeppotentialvalueanddatafreshness.Moreover,data
arrivecontinuouslyoccurringenormousvolumes(Sunetal.,2016).However,batchdataarestored
inchunkswithinaspecified,finitesizeandtheirprocessingtakesalongtime,anditneedsmultiple
CentralProcessingUnit(CPU)andmemories(Russom,2011).Figure11showstheMDEO,NASA,
NOAAandESARSBDvelocity.Wenoticeanimportantdailynumberoffilescomingwithabig
size.Forinstance,theSuomiNationalPolar-orbitingPartnership(NPP)satelliteprovidesdataofthe
OMPSsensorswithahighratereachingtwothousandfileperday,EPS-Africachannel,providesabout
fourthousandfilesdaily,theSentinel-5Paffordsalsoahugedailydataencompassingforty-eightGB.
Similarly,theNASAandNOAAdatahavealsoanimportantvelocity,seeFigure10and11.Thus,
RSBDcomeinNRT,MDEOdataareavailablewithafrequencyandlatencyofthirtyminutes(Min).
However,theNASAdatahaveafrequencyoffiveMinandtwohoursoflatency.Asaresult,RSBD
areregardedasbatchdatasets,because,theyneedabigcapacityofstorage,CPUandmemoriesto
beprocessed.Figure12displaysthedailysizeofRSdata.

Fromtheaforementionedstatisticalresultsandfromtheattributedefinitionbasedinthefour
salient(Venue,Volume,VelocityandVariety)ofbigdataweconfirmthatRSdataarebigdataas
illustratedinFigure13.

8. THE PRoPoSED BIG DATA ARCHITECTURE

DesigningaBDarchitectureis thebestwaytosplit theproblemsofBDprocessing.Wehaveto
designandmakeinplacewellalltheessentialcomponentsofBD,whereeachlayerhasaspecific
function(Erraissi,2017b).Thesearchitecturehelpstotracethedatapipeline,bothbatchandstreaming
processing.Generally,wefindsixlayersintheBDarchitecture.Thedatasourceslayer,theingestion
layer,theHadoopstorage,management,infrastructure,securityandthemonitoringlayer,seeFigure
14. In the following subsections we explain the architecture in detail: Section 8.1 explains data
sources,Section8.2describesingestionlayer,Section8.3describesstoragelayer,Section8.4details

Figure 10. Daily RS data is volume (GB)
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processingandquerylayer,Section8.5depictvisualizationlayerandfinallywecanseemonitoring
layerinSection8.6.

8.1. Data Sources
ThislayerdefinesthevariousentriesofRSdataacquiredfromthedifferentvenueswithahuge
volume,highvelocityandvariety,thatneedanefficienttreatmentintheingestionlayer.Inour
case, therearefivemaindatasourcesprovidinginNRTRSBD.Whichare theMDEOground
station of EUMETSAT data, the EOSDIS data access of NASA, the NESDIS data access of

Figure 11. Daily number of RS file
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NOAA,theCopernicusplatformbuiltandoperatedbyESA,theMGSandtheRaspberryPIrobot
sensorsdata.TheroleofthislayeristoautomaticallyconnectwithmanyFileTransferProtocol
(FTP)orHypertextTransferProtocol(HTTPS)protocolsusingtheWGETandCURL,doingthe
authentication,selectingtheinterestingchannelsandproductstobedownloadedandfinallymaking
dataavailableinNRTtobepreprocessed.

Figure 12. Daily size of RS data (GB)
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8.2. Ingestion Layer
ThispartofBDarchitecturesisveryimportantsinceitinvolvesconnectiontoplentydatasources,
filters,subsets,extractsandremovesnoisedandinaccuratedatasets(Erraissi,Belangour,&Tragha,
2018).FromFigure15,wenotice that themain inputof the ingestion layerare theunprocessed
satellitedata.Theoutputcontainstherefinedandaccuratedatasetstobeintegratedandstoredand
processed.Inaddition,theingestionlayercommunicateswithaMySQLdatabaseincludingallrequired
informationanddatabaseoftheacquireddata.OuringestionlayerdecompressesandfiltersRSBD
oftheselectedcountriesusingtheirsatelliteorbitscrosstimes,andboundingrectangleoflongitude
andlatitude.Then,manyenvironmentalandpollutantsvariablessuchastemperature,humidityand
theconcentrationofseveraltracegazesparticularlyCO,CO2,NOx,CH4areextractedfromplenty
convertedfiles.Thefinalstepinthislayeristosubsetandremoveinaccuratevaluesbeforetobe
storedinsidedistributedfilessystemespeciallytheHadoopHDFS,AmazonS3orGlusterFS.This
ingestionlayerhasbeendesignedforRSBDpreprocessing,itisabletohandleenormousinputof

Figure 13. The four salient of remote sensing big data

Figure 14. The proposed BD architecture
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data,extractthemeaningfulinformationfromsatellitedata.Thisingestionlayerhasbeendeveloped
bymanyseparatedandcooperativescripts.Java,PythonandBASHaretheprincipalprogramming
languagesusedinthisinvestigation.TheBashwasexploitedtoconnectautomatically,todownload
RSBDfromthevarioussourcesandtomanagethebignumberoffiles.Pythonscriptsaremainly
usedtoextract,exploreandwritethefinaloutputdatasets.

8.3. Storage Layer
ThislayerisdedicatedtostoreBDinsidedistributedfilesystemamongalotofclusters.Inourstudy,
wearelookingforwardtostoringtheintegrateddataoccurredfromtheoutputoftheingestionlayer
toaHadoopDistributedFileSystem(HDFS)becauseitisoneofthebesttoolsatnowthatenables
holdinghugevolumeofdata,provideseasieraccessandallowsdataredundancytopreventdataloses
incaseoffailureordamage.Furthermore,theHDFSfacilitatesparalleldataprocessingmainmaster/
slaveistopology(Wangetal.,2015).Figure16showsthegeneralarchitectureoftheHDFSthat
willbeusedtostorethepreprocessedsatellitedata.TheclustercontainsaNamenodeasaMaster
thatkeepsthedirectorytreeofallfilesinthefilesystem,andtrackswhereacrosstheclusterthefile
dataiskept.AndaDatanodeasaslavestoringdata.AndaBackupnodeasthenamestatesitsmain
roleistoactasthedynamicbackupfortheFilesystemNamespace(Metadata)inthePrimaryName
nodeoftheHadoopEcosystem.

8.4. Processing and Query Layer
Thislayerincludesallnecessarytoolsforstreamingandbatchprocessing.Inourcase,forinstance,
wecansite:MapReduce,Storm,andSparkarethekeyelementsintheHadoopmanagementlayer.
Thesetoolsarerapid,scalable,reliableandeasytooperate.Thus,StormandSparkarecommonly
usedinstreamprocessing(Erraissi,2017a).WewillusetootheMapReducebecauseitisverysuitable
forbatchprocessingsuchasRSBD.Theprocessinglayercontainsalsoquerylanguagessuchas:
Pig,Hive,Sqoopandsoon,inordertoaccessunstructured,semi-structuredandstructureddata.In

Figure 15. The input and output of the RS ingestion layer
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ourresearch,thislayerwillcontainsomenovelalgorithmshelpingindataoptimization,validation
andinterpolation.Furthermore,itwillcontainapredictionsoftwarebasedinArtificialIntelligent
(AI)algorithmshelpingindecision-makingconcerningtheAQandclimatechangesissues.Figure
17illustratesthegeneralarchitectureoftheMapReduceformworkthatwillbeexploitedtoprocess
thestoreddata.AMapReduceprogramiscomposedofamapprocedurewhichperformsfiltering
and sorting (suchas sorting the temperatureby latitude, longitude and time intoqueues), anda
reducefunction,whichperformsasummaryoperation(suchascalculatingtheaveragetemperature
ineachqueue).InourresearchMapReducewillbeusedmainlytoenhancethequalityofsatellite
data,interpolating,fusingandvalidatingremotesensingdataandfinallyapplyingsomeAImodel
topredictclimatechangesandpollutiondata.

8.5. Visualization Layer
ThefinalstepofRSBDprocessingisthevisualization,ithelpstoshowthefinalresultsintocharts,
mapsthathelpanalystsandscientistsunderstandingfasterandclearlyanddeducingpotentialinsights.
Thereareseveraltoolsdedicatedtothedatavisualization,particularly,thecustomdashboard,Kibana.

Figures 18 and 19 show respectively the Vertical Mixing Ration (VMR) with the Part per
MillionorBillionunit(PPMv-PPBv)oftheOzone(O3),CarbonMonoxide(CO)ofMoroccoin
11/06/2018.Thealtitudeofthismeasurementisbetween0-200meters.Thesemapsareanexampleof
thevisualizationtoolsshowingthelowtroposphericairpollutionofMoroccohelpinginthedecision

Figure 16. The general architecture of the HDFS

Figure 17. The general architecture of the MapReduce
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makers.Wenoticethatthedensityofthetracegasesissignificantnearindustrialzoneslocatedin
Casablanca,SafiandTangier.MoreovertheconcentrationoftheCOandO3arehighinthecoastal
areasnearportsduetothehighactivitiesofthemaritimetransportactivities.

8.6. Monitoring Layer
BDplatformiscomposedwithplentyframeworks,toolsandphysicalmaterialsthatmustbemanaged
andwellconfigured,thisiswhy,anditexistsseveralmonitoringsystemsforeachBDdistribution
like:AmbariforHortonworksdataplatform,ClouderamanagerforClouderadistributionandWeb
ConsoleforIBMInfosphereBigInsights.Thismonitoringsystemincreasesurelytheperformance
ofBDplatform.

9. CoMPARISoN

ThissectionincludesabriefcomparisonintermoftheusedRSdata,processingandapplications
betweenourstudyandsomeothers.FromTable9wenoticethatalltheaforementionedstudiescitedin
therelatedworkissection(seeTable1)processRSdataforanenvironmentalapplication,particularly:
airpollutionmonitoring,forestfiredetection,climatechangessupervisionandearthquakesprediction.
Thus,ourinvestigationaimstoapplyRStechniquesinallthesetopics.

Weremarkalsothatallofthesestudiesacquiredatafromonesatelliteormore.However,in
thispaperweacquireRSdatafromelevensatellitesandsixteensensors.Asaresult,ourinput
ofsatellitedataisveryconsistentwithlessgaps.Wenoticethatthestudies1-2-4useasingle
machineforprocessingmakinganimportantexecutiontime.However,inthisstudy,wehave

Figure 18. VMR of O3 (PPBv)
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developedadistributedarchitecturebasedintheHadoopparadigm.Accordingly,theprocessing
isscalableandoptimized.

10. CoNCLUSIoN

Duringthislastdecade,airpollutionandclimatechangeshavebeentwophenomenonthataffect
environmentissafetyandhumanishealth.Thisisduetotheemissionofpollutantgasesparticularly,

Figure 19. VMR of CO (PPMv)

Table 9. Comparison among related works

Study
RS Data RS Data Processing RS 

ApplicationSources Satellites Sensors Size/Day Velocity/Day Architecture Tools

This
study 4 11 16 >37Gb >36000Files

Single&
distributed
(Hadoop)

Java
Python
Bash

Airpollution
Forestfire
Climate
changes

1 1 1 1 ~566Mb ~2000Files Single Python AirPollution

2 1 1 1 ~10Mb ~8Files Single AEPA Earthquake
prediction

3 1 1 1 ~500Mb ~5Files Distributed
(Hadoop) Pig Climate

changes

4 2 2 4 >1Gb >2200Files Single Java Airpollution
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CO,CO2,NOxandsoon,fromindustrials,transportandagricultureactivities.Thus,thecontinuous
monitoringofatmosphericcompositioninNRTbecomehighlysignificant.Thekeysolutionisto
employRStechniquesthatprovideaglobalscalesatellitesdatainNRT.Ourresearchaimstomonitor
abnormalclimatechangesandsuperviseAQespeciallyinMorocco.WecollectedRSBDinNRT
fromsixsourceswhicharetheMDEOgroundstationofEUMETSATdata,theEOSDISdataof
NASA,theNESDISdataofNOAA,theCopernicusplatform,someMGSdataandtheRaspberry
PIsensorsdata.Thehandicapisthatthesedatasetshavenotonlyahugevolumeandvelocitybut
alsocomewithdifferentfileformatssincetheycoveraglobalscale,andtheycomefromdifferent
satellitessensorswithawidespectralresolution.Accordingly,wehaveprovedthatRSdataareBD
accordingtothefoursalient:volume,variety,velocityandveracity.Inourcase,RSBDareheavyin
termofsizereachingonehundredGBperday,storedindifferentfileisextensionsincluding(BIN,
BUFR,NetCDF,HDF5,etc.)andhaveahighvelocityaveragedwithineleventhousanddailyfiles.
ThereisnodoubtthattheexistingsystemsandarchitecturesaresolimitedtohandletheNRTRSBD.
Asaresult,wehaveadoptedtheHadooparchitecturetoRSBDthatprocessesefficientlythiskindof
data.Thisarchitectureiscomposedofsixmainlayersasfollow:thedatasources,dataingestion,data
storage,dataprocessing,datavisualizationandthemonitoringlayer.Theaforementionedarchitecture
automaticallycollects,filters,extractsandstoresdataintoHDFS.Moreover,theprocessinglayer
willincludesomeAIalgorithmsincreasingdataaccuracy.Finally,thevisualizationlayerwillshow
datainNRTintointeractivesmapsandchartshelpingindecisionmakers.Thisarchitectureshould
besuppliedwithanothercloudcomputingarchitecturethatmayoptimizethetimeexecution.This
taskwouldbeaninterestingworktobeconductedinthefuture.
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