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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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Journal of Cognitive Informatics and Natural Intelligence (converted to gold Open Access January 1, 2021), is distributed 
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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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Training Loop
Initializespre-trainingfunctionsandhyper-parameterssuchasthecostfunctionsforthegenerator
anddiscriminatornetworks,theoptimizers,thebatchsize,thenumberofepochs,parametersthat
controlthetrainingbalancebetweenD .( ) andG .( ) andtheactualtrainingloop.

ReLATed WoRK

Generativeadversarialnetworkshavebeensuccessfullyappliedtomanyproblemsincomputervision
andintersectingareasofinterest,whilenonewasspecificallytargetedatgeneratingsyntheticsatellite
imagerynoise,thefollowingaresomeofthemostprominentusecasesingeneratingvisualattributes,
transformingorcompressingvisualdata,andharnessingimagequality.

OneofthemostprominentapplicationsusingGANswithvisualdataiswhat’scalled“Domain
transfer”.It’susedinadaptationproblemswhereweareinterestedinscenariosinwhichamodel
trainedonasourcedistributionisusedinthecontextofadifferentbutrelatedtargetdatadistribution.
Theworkof(Isola,P,2017)usesconditionaladversarialnetworksasageneral-purposesolutionto
learnamapping(oratranslation)fromaninputimagetoanoutputimage.Anothermethod(Xian,
W,2018)makesuseof texture to control image synthesis, allowing for complete control of the
synthesizedvisualobjects.

Additionally, problems relating to image inpainting and quality enhancement have found
interestingsolutionsusingGANs.Theworkof(Xian,W,2018)targetscontext-basedpixelpredictions,
itusescontextualvisualinformationtopredictmissingpartsorregionsofinterestofanimage,the
sharpnessoftheresultswasfurtherenhancedbyintroducinganadversarialcomponenttothesuggested
model.Arelatedbutmorepopularproblemissuper-resolutionusingGANs,theworkof(Ledig,C.,
2017)forexample,proposesanadversarialapproachwithtwocostfunctions(adversarialandcontent
losses)thatiscapableofinferringphoto-realisticnaturalimagesat 4× upscalingfactors.

Lastly,generatinghigh-resolutionsyntheticorinteractiveimageryhasseenmanyeffortsusing
GANs,(Karras,T,2017)outlinesbestpracticesaroundtraining,architecting,andevaluatingGANs-
basednetworksforgeneratinghigh-qualityimages.(Nam,S.,2018)givesaglimpseintohowwecan
manipulateimagesusingnaturaltext,bylearningtherelationshipbetweenthesemanticvisualattributes
ofanimageandthelatentattributesofthesuggestednaturaldescriptiontext.Finally,(Shrivastava,
A.,2017)suggestsamodeltoenhancethequalityofsyntheticallygeneratedorsimulateddatato
serveasinput,bylearning,inanunsupervisedmanner,fromarealdatadistribution.Aninteresting
approachwastakenby(Ganguli,S.,2019)toautomaticallygeneratestandardmaplayersfromraw
satellite imagery using conditional GANs with reconstruction and style loss, learning semantic
relationsbetweenimageryandconceptssuchas“land”,“sea“,“road”.

PRoBLeM

Toproperlystatetheproblem,wedefinethefollowingentities:

• x :Representssatelliteimagery(realorfake),asingledatapointisamatrixofshape 50 50× 
pixels,eachpixelholdinganumericalvaluebetween 0 and1 (afternormalization);

• z :Theinputnoisetothegenerator,representsavectorcomprisedof100 randomvaluesbetween
0 and1 ;

• G z
g

,θ( ) :Thegeneratorfunction,ortheGeneratorneuralnetwork;

• θ
g

:Theparameters,ortheweightsofthegeneratornetworkG .( ) ;
• D x

d
,θ( ) :Thediscriminatorfunction,orthediscriminatorneuralnetwork;
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• θ
d

:Theparameters,ortheweightsofthediscriminatornetworkD .( ) .

Tooptimizeforasmoothlossfunction,ground-datapixelvaluesweretransformedsothatvalues
between 0 0. and 0 3. representamissingpixel(insteadofsimply 0 ,andvaluesbetween 0 7. and
1 0. representanavailablepixelmeasurement(insteadof1 ).
D X( ) outputstheprobabilitythatX camefromtherealdatadistribution(pre-processedsatellite

patches)ratherthanp
z

(thegenerator’slearneddistribution).Wetrainthediscriminatortomaximize
theprobabilityofcorrectlyassigningthetruelabeltox andthefalselabeltosamplesfrom p

z
.We

alsosimultaneouslytrainthegeneratortominimize log D G z1− ( )( )( ) .
D .( )  andG .( ) play the following two-playerminimaxgamewithvalue functionV G D,( ) 

(Goodfellow,I.,2014):

min max V E log D x E log D G
G D x p x z p zd z

� � � � �
� � � �

= ( )( )




+ −

∼ ( ) − ( ) 1 xx( )( )( )






In other words, the problem of generating a new flattened 50x50 noised satellite image is
equivalenttosamplingfromthe“RemoteSensingNaturalNoiseDistribution”comingfromMDEO’s
datastore.Weaimtosolvetheproblemofgeneratingarandomvariableforaspecificprobability
distribution.

APPRoACH

Wepresentthefollowingarchitecturesforthegeneratoranddiscriminatorneuralnetworks.

Generator
Thegeneratorismodeledasafeed-forwardneuralnetworkthattakesasinputauniformrandom
variableandreturnsarandomvariablethatfollowsthetargetdistribution(realnoisedimages):

• Input:tensorsofshape batchsize� ,�100( ) ,consistingofinitializedrandomvaluesbetween 0 
and1 :

• Output:tensorsofshape batchsize� ,�,� ,�1 50 50( ) .1-channel 50 50�× .generatednoiseimages.
• 1st (input)layer:256 outputfeatures.
• 2nd layer: 512 outputfeatures.
• 3rd layer:1024 outputfeatures.
• 4th layer:2048 outputfeatures.
• 5th (output)layer:2500 ( 50 50�× )outputfeatures.
• LeakyReLU(Xu,B.,2015)( f x max x max xα α( ) = ( )− −( )0 0, , ):usedasanactivationfunction

foralllayersexcepttheoutputlayer.

• Sigmoid(S x
e x

( ) =
+ −

1

1
):usedasanactivationfunctionfortheoutputlayer(sincewewant

valuesbetween 0 and1 ).
• 1-Dbatchnormalization(Ioffe,S.,2015):usedforthemiddle3layerstoimprovetheperformance

andstabilityofthegeneratornetwork.

Thenetworkreshapesthefinaloutputvectortoanimageof 50 50�× pixelsand1-channel.
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The discriminator
Thenetworkfirstflattensimagestovectorsofsize2 500, beforefeedingthemintothefirstlayer:

• Input:tensorsofshape batchsize� ,�,� ,�1 50 50( ) ,consistingofreal/fakeimagepatches 0 and1 .
• Output:tensorsofshape batchsize� ,�1( ) ,representtheprobabilitiesthateachimagepatchisreal.
• 1st (Input)layer: 512 outputfeatures.
• 2nd layer:256 outputfeatures.
• 3rd (output)layer:1 outputfeature(aprobability).
• LeakyReLU:usedasanactivationfunctionforthefirsttwolayers.
• Sigmoid:usedasanactivationfunctionforthelastoutputlayer(toproduceaprobability).
• 1-Dbatchnormalization:usedforthemiddle2layerstoimprovetheperformanceandstability

ofthediscriminatornetwork.

Training
Optimizers and Loss Function
Forthenetworks’lossfunctions,wechosebinarycross-entropy,whichmeasuresthedistancebetween
thepredictionsvectorandthetargetlabelsvector,thelosscanbedescribedas:

l x y l l l y logx y log x
N
T
n n n n n

, { ,..., } , . .( ) = = − + −( ) −( )
1

1 1 
 

Figure 1. The generator learns the distribution of real noise, output vector is reshaped to a matrix to produce the noise mask

Figure 2. Example: Takes in an image and outputs a single value that represents the probability that the image is real
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wherex representsthepredictiontensor,y isthetargettensor,andN isthebatchsize.
Asfortheoptimizers,wechosetheAdamoptimizer(Kingma,D.P.,2014),adaptivemoment

estimation(Adam)computesadaptivelearningratesforeachparameter.Itstoresanexponentially
decayingaverageofpastsquaredgradientsv

t
andanexponentiallydecayingaverageofpastgradients

m
t
where:

m m g
t t t
= + −( )−β β

1 1 1
1 

v v g
t t t
= + −( )−β β

2 1 2
21 

withparametersβ β
1 2
, .Adamfightszero-relatedbiasesintheparametersbycomputingbias-corrected

1stand2nd-momentestimates,m
t

� andv
t

� (Ruder,S.,2016),theoptimizationalgorithmisasfollows:

θ θ
η

t t

t
v

+ = −
+

1 � 


Thefollowingalgorithmshowcasesahigh-leveloverviewofthetrainingloop:

Algorithm1:TrainingLoop

Data: G(θg
0
), D(θ

d0
), DataLoader, Epochs, gOptimizer, dOptimizer, 

loss, S [Entropy]. 
Result: G(θg ), D(θ

d
).

begin 
  for e ∈ epochs do
    for batch ∈ DataLoader do
         /* Calculate Discriminator Losses */ 
         dLossReal ← loss(D(batch),1s)
         dLossFake ← loss(D(G(S)),0s)
         dLoss ← dLossReal + dLossFake
         /* Optimize with Back-propagation */ 
         dLoss.backward() 
         dOptimizer.step() 
         /* Control Generator Training */ 
         if (step % n_critic = 0) then
              dDecisions ← D(G(S))
              gLoss ← loss(dDecisions,1s)
              /* Optimize with Back-propagation */ 
              gLoss.backward() 
              gOptimizer.step() 
         step ← step + 1
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ReSULTS

ThetrainingwasconductedonacloudGPUinstancewiththefollowingspecifications:

• GPUs:Acloud-basedTeslaP100environment
• CPUs:4
• Memory:24GBRAM
• DataStorage:250GBSSD

Trainingspecificationsareoutlinedbelow:

• Batchsize:256 imagesperbatch;
• Epochs:weseta100 epochsfortheentiretyofthetrainingloop.aftertraining,bothdiscriminator/

generatorlosseshadconverged;
• η ,thelearningrateofbothgenerator/discriminatoroptimizersissetto 0 0002. ;
• β

1
0 5= . andβ

2
0 999= . .

Training balance between the generator and discriminator was reached by continuously
trainingthediscriminatorwhiletrainingthegeneratorinintervalscontrolledbytwoparameters:
step andn

critic
,wheren

critic
wassetto10 ,meaning,thegeneratornetworkwastrainedevery

10 consecutivebatches.

Training Loop
Aftertraining,weminimizedthelossofboththediscriminatorandgeneratornetworks.Ingenerative
adversarialnetworks,therearenoideallossvaluesthatmustbereachedbythegenerator/discriminator
forthenetworkstoreachanequilibrium,aslongasbothlossesdecreaseinacontrolledmanner.After
training,thediscriminatorcouldn’tdistinguishbetweenrealnoiseandgeneratedremotesensingnoise.

Weimprovedonthemodel’sinceptionscores(Salimans,T.,2016)tostabilizetheperformanceof
ourunconditionalGANs,theKullback-Leiblerformulawasusedtocalculatethescore,KLdivergence
measureshowsimilaranddifferenttwoprobabilitydistributionsare,tocalculatetheinceptionscore,
weaveragedtheexponentialKLdivergencescoreoverallimages.Table1showcasesthefinalloss
valuesandtheaccuracyofthediscriminatoraftertraining.

Aftertrainingthegeneratortoproduce50x50patchesofnoise,weprojectthemodel’snoiseto
maskhealthypatcheswithzerosandproducenaturallynoisedsatelliteimagerythatcanbeusedfor
severalself-supervisedlearningproblemssuchas2-DInterpolationandsuper-resolution.

FURTHeR WoRK

Thismodelcanbeconsideredthefirststeptowardsahighlysophisticatedsyntheticnoisegenerator
forremotesensingimageryandsensormeasurementsingeneral,improvementstothemodelmay

Table 1. Overall loss and the discriminator final accuracy

Metric Score

GeneratorLoss 0.53

DiscriminatorLoss 0.77

DiscriminatorAccuracy 56%
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includeparametricnoisecontrol,e.g.specifyingtheamountofnoise(theproposedmodelgenerates
0 4. to 0 6. noise)andgeneratingimagesofdynamicresolutions.

We can achieve parametric noising by using a conditional generative adversarial network
(CGANs)(Mirza,M.,2014),inwhichweaddaconditioninglayerasaninputtoboththegenerator
anddiscriminatortoproducenoiseinspecificpercentages,bychangingthefollowingtermsinthe
optimizationminimaxproblem:

log D x log D x y( )( )⇒� ( ( | )) log D G z log D G z y1 1− ( )( )( )⇒ −� ( ( ( | ))) 

wherethediscriminatorD .( ) andgeneratorG .( ) areoptimizedonconditionalparameters.
Another interesting research direction is to learn representations between noise parameters

andthedistributionofthenoiseusingInfoGAN(Chen,X.,2016)byaddingmorechannelstothe
imagecontaininginformationaboutmeasurementconditions,thiscanleadtominimizingtheratio
ofdamagedpixelsinthefuturebyfiguringoutthemostcontributingfactorsingeneratingthenoise.

Aparametricgeneratorwillneedmoredataandhyper-parameterstuningtosolvetheissueof
instabilityandnon-convergenceofthelossfunctioninGANs,thiscanalsobeaddressedinthefuture
bycollectingmoredata,movingfromafully-connectedarchitecturetoaconvolutionalneuralnetwork
andtrainingonbiggerpatches.

CoNCLUSIoN

Deeplearningopensthedoortolimitlessapplicationsindomainssuchasenvironmentalscience,
agriculture,pollution,disastermonitoring,andmanyothers(Pouyanfar,S,2019).Remotesensingdata
providers(Klaes,K,2007)alsoplayacentralroleinthedevelopmentofthefieldandinadvancing
environmentalresearchusingmachinelearninganddatascience,withoutbigdataresources,deep
learningmethodsfallshort.Fortunately,wehaveawealthofsatelliteimageryandremotesensing
datatotrainandmakeuseofourmodelsinliveproductionsystems.

Webelievethatartificialintelligencewillrevolutionizeclimatescienceandlaythegroundto
buildeffectivesolutionsthataddresstheenvironmentalproblemswearefacingtoday.Byusinghigh-
resolutionimagery,remotesensingdata,andsatellitesensor-basedimageryingeneral,wecangaina
deeperunderstandingoftheatmosphericprocessesandbuildsystemsthatlearncomplexdependencies
andcorrelationsandcancontributetomanydomainssuchasenergy,pollution,agriculture,oceans,
andclimatescience.

Inthispaper,weproposedamodelarchitecturebasedongenerativeadversarialnetworksto
solve the problem of synthetic generation of remote sensing noise for self-supervised machine
learningtasks.Ourmodellearnsthedistributionofremotesensingnoisefromarealsourcedataset
comprisedof1Mpatchesofsatelliteimagesandcangeneratenewnoisemasksthatcomefromthe
samesourcedistribution.Experimentalresultsshowthestableconvergenceofbothgeneratorand
discriminatornetworksandshowcase the indistinguishabilityof thegenerator’sexportedpatches
fromtherealdataset.
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