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ABSTRACT

Usingsatelliteimageryandremotesensingdataforsupervisedandself-supervisedlearningproblems
canbequitechallengingwhenpartsoftheunderlyingdatasetsaremissingduetonaturalphenomena
(clouds,fog,haze,mist,etc.).Solvingthisproblemwillimproveremotesensingdataaugmentation
andmakeuseofitinaworldwheresatelliteimageryrepresentsagreatresourcetoexploitinany
bigdatapipelinesetup.Inthispaper,theauthorspresentagenerativeadversarialnetwork(GANs)
modelthatcangeneratenaturalatmosphericnoisethatservesasadataaugmentationpreprocessing
tooltoproduceinputtosupervisedmachinelearningalgorithms.
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INTRodUCTIoN

Remotesensingdataisthecornerstoneofmodernenvironmentalmonitoring.Bothrule-basedand
AI-poweredsystemsheavilyrelyonhigh-resolutionsatelliteimageryindomainssuchasagriculture,
forestry,disastermanagement,geologyandmanymore.

Inrecentyears,manydeeplearningarchitectureshavebeenusedtotacklesomeofthemost
challengingremotesensing-relatedproblems,newstate-of-the-artresultsareestablishedinfar-apart
domainssuchasbuildingfootprints(Bischke,B,2019),landuseclassification(Zhang,C,2018),
icebergdetection(Zhang,X,2018),deforestation(Shah,U,2017),weatherforecasting(Lin,S,2018),
Povertyestimation (Perez,A,2019), andmore.This surprising success is linked to themassive
amountsofdailyimagerycollectedfromsatellites,and,inmanycases,tothehighspectralresolution
thatcomeswiththedata,includinguptodozensofvisualbandsandallowingforrichdatamining
usingdeepneuralnetworks.

Acommonissuewhenpre-processingsatelliteimageryforself-supervisedtasksisthelackof
adequateinput(ordatafeatures),weonlyhavereal(ground-data)imagesandwe’reresponsiblefor
creatinginputdatafeaturestolearnacertaintask,aprimeexampleiswhenwewanttocreatean
image-to-imageinterpolatorwheretheinputimagehassomemissingpixelsandtheoutputimageis
complete,thisproblemisthemainmotivatorbehindtheproposedapproach.
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Generally speaking, when collecting sensor information, we are dealing with data that is
incomplete,andwewanttolearnthedistributionofthatmissinginformationsowecanreproduce
itwhileengineeringtraininginputdata.Inourcase,weareinterestedinaugmentingsynthetically
generatednoisetosatelliteimagessothatdownstreammodelsaretrainedforreal-worldcases.For
aproblemlikeimageinterpolation,thepre-processedinputdatashouldsimulatetheincompleteness
oftheremotesensingdatawereceive.

Thegoalofthispaperistosyntheticallygenerateremotesensingnoisethatsimulatesnatural
noisefoundwhiledirectlycollectingsatelliteimagery,themaincontributionofthisworkconsistsof
amodelarchitecturebasedongenerativeadversarialnetworks(orGANs).Wetrainedamodelthat
canlearntheunderlyingnoisestructurefrompre-processed50 50× pixelpatchescontainingmissing/
damagedpixelsrepresentedby0 ,andhealthypixelsrepresentedby1 .Aftertraining,thegenerator
producesnoisesamplesthatareindistinguishablefromtherealdistributionofsatellitenoiseimages.

The proposed generative adversarial network is comprised of the following elements
describedbelow.

Real data
Acollectedandpre-processeddatasetconsistingof1M50x50pixelimageswithnoiseassociated
withnaturalphenomenasuchasatmosphericandweatherconditions,sensorquality,andsatellite
position.Eachimagepixeliseitheravalidmeasurementrepresentedby1 oraninvalid,missing,or
damagedpixel,representedby0 theoriginalimageryisdirectlycollectedfromMDEO’s(ElAmrani,
C,2013)datapipeline,wediscardedtheactualmeasurements tofocusonlearningthe2Dnoise
distributioninsteadofthedistributionoftheunderlyingvalues.Followingarethedatapre-processing
stepstogetthefinalpatches:

1. DownloadimagetileswithouttimenorlocationfiltersfromMDEO’sstorageservers;
2. ExtractN N× patchesfromallimagetiles.
3. Filtertokeeppatcheswithnoisepixel(representedas0s)percentagerangingfrom 40% 

to 60% .
4. Assignarandomvaluerangingfrom0to0.3toeachmissingpixel,andarandomvalueranging

from0.7to1.toeachhealthypixel.

Random Input
Uniformlyrandomvectorsfedtothegenerator,sometimescalledinputentropy,representtheInput
totheGeneratorNetwork.InOurcase,theserandomvectorsarecomprisedof100uniformrandom
values∈ 


0 1, .

The Generator
Responsibleforproducingvectorrepresentationsof 50 50× pixelpatcheswithnoiserangingfrom
40%  to 60%  zeroedpixels.Thegenerator is trainedusing the feedback loopcoming from the
discriminator’sdecisions,inotherwords,theerrorisback-propagatedusingpredictionscomingfrom
thediscriminator.

The discriminator
Representsafeed-forwardneuralnetworkresponsiblefordecidingwhetheranoisedsatellitepatch
isrealornot.Simplyput,it’sabinaryclassifiertrainedonbothrealpatchescomingfromthepre-
processeddatadistributionandfakeimagepatchesproducedbytheGenerator.
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