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ABSTRACT

With theadventof hyperspectralimagingspectrometerscomestheneedfor proceduresthatdetectandinterrogatespec-
tral quantitiesof interest. Suchproceduresor algorithmsplay a key role in the disseminationand interpretationof
hyperspectraldata. Validationof thesealgorithmsinvolveswell-characterized�eld collectioncampaignsthat canbe
timeandcostprohibitive. Radiometrically, aswell asgeometrically, correctsyntheticimageryoffersalgorithmdevelop-
ersasurrogateto potentiallyunattainable�eld campaigns.Theimagesimulationsurrogatemustideallymatchrealworld
scenesin bothspatialandspectralcomplexity for oneto havefaith in algorithmperformance.To thisend,thereis aneed
to develop syntheticscenes,basedon real world data,which encompassfull 3-dimensionalgeometriccomplexities as
well aswide-area,spectrallycomplex backgrounds.Prior work hasbeendoneon the inclusionof backgroundsinto a
syntheticenvironment,however, this work did not generatewide-areaimagerywith all thecomplexities realizedin real
world data.

This paperinvestigatesthegenerationof a wide areasyntheticscenerenderedby theDigital ImagingandRemote
SensingImageGeneration(DIRSIG) model.Thelargeareasceneor “MegaScene”describedin this paperis 0.6square
milesandcontainsanorderof magnitudeincreasein objects,materials,andspectra,ascomparedto previously rendered
scenes.Hyperspectralanalysisusingoff-the-shelfclassi�cationandtarget detectionalgorithmswasperformedon the
datato illustratequantitative andqualitative �delity .
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1. INTRODUCTION

1.1.The DIRSIG Model
TheDigital ImagingandRemoteSensingImageGeneration(DIRSIG) modelis a complex syntheticimagegeneration
applicationwhichproducessimulatedimageryin thevisiblethroughthermalinfraredregions.1 Themodelis designedto
producebroad-band,multi-spectralandhyperspectralimagerythroughtheintegrationof a suiteof �rst principlesbased
radiationpropagationsubmodels.Thesesubmodelsareresponsiblefor tasksrangingfrom thebi-directionalre�ectance
distribution function (BRDF) predictionsof a surfaceto the dynamicscanninggeometryof a line scanningimaging
instrument.In additionto submodelsthathave beenspeci�cally createdfor theDIRSIGmodel,severalof thesecompo-
nents(e.g. MODTRAN andFASCODE)arethemodelingworkhorsesfor themulti- andhyperspectralcommunity.

1.2.Historical Perspective
The maturity of scenesimulationtools for usein the evaluationof hyperspectralalgorithmshasbeenexploredin the
past.2 Theresultingimagerylacked theextensive spatialandspectralcomplexity presentin realworld imagedataand
theperformanceof commonhyperspectralalgorithmsrun on thesyntheticdatawasfoundto beextremelyoptimistic. It
wasdeterminedthat thesimulatedimageryneededsigni�cant improvementsin orderto matchthespatialandspectral
complexity of realworld imagedata.

The scenesimulationwork beingconductedat the RochesterInstituteof Technology(RIT) hasbeenfocusedon
developinga radiometricallyrigorousscenesimulationcapability. TheDIRSIG modelis capableof producingimagery
that featuresmixedpixels,complex in-situ illumination loadingsandthespectralstatisticsobserved in realworld ma-
terials.We werecon�dent that thephysicsimplementedby themodelwasextensive enoughto createrealisticimagery
whenrobustinputdatabaseswhereutilizedandthepropersensormodelingwasemployed.
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1.3.Goalsand Scope

Oneof theprimarygoalsof thismodelingeffort is to produceimagerythatcanbeusedto testtheperformanceof spatial
andspectralimageexploitationalgorithms.If themodelingtoolscansuccessfullyreproduceimagerywith spatialand
spectral“clutter” comparableto real-world imagery, thencandidatealgorithmscanbe extensively testedover a wider
rangeof environmentalconditionsat a signi�cant costsavingsover �eld collections.In additionto theconvenienceof
creatingsyntheticdataover a wide variety of environmentalconditionsandimageacquisitionapproaches,a synthetic
datasetcanprovide “perfect” groundtruth without thetechnicalandlogisticalchallengesof runninga successful�eld
campaign.As we will discusslater, thesyntheticimagegroundtruth canprovide thealgorithmtesterwith very detailed
insightsinto theperformanceof thealgorithmthatcannotbematchedby �eld collections.It shouldbenoted,however,
thattheauthorsdonotbelieve thatsyntheticdatashouldeverwholly replacereal-world imagedatafor algorithmtesting.
Instead,syntheticdatashouldbe considereda powerful tool to assistin the testingof algorithmsandpotentiallyasa
surrogatewhenrealdatais notavailable.

This paperwill discussrecentadvancesmadein thewide areahyperspectralimagesimulation.Speci�cally, we will
discussthe importanceof detailedsceneconstructiontechniquesleveragedby carefullyplannedandexecutedground-
truth collections.We will alsodiscussanddemonstratetheeffect thatmodeling�delity hason algorithmperformance.
Thescopeandresultsdiscussedin thispaperarelimited to thesolaror re�ective regionof thespectrum.

2. BACKGROUND

To produceimagerythatcontainsthespatialandspectralcomplexity of �eld collecteddata,theimagegenerationmodel
must be able reproducea large set of radiative mechanismsthat combineto producethe spectralsignaturesthat are
collectedby realworld imaginginstruments.TheDIRSIG modelattemptsto incorporatea wide arrayof theseimage
forming processeswithin one modelingenvironment. To drive thesepredictive codes,the model must have access
to robust characterizationsof the elementsto be modeled. For example,input databasesdescribeeverything from a
chemicaldescriptionof theatmosphereasa functionof altitudeto thespectralcovarianceof a speci�c materialin the
scene.In many cases,accessto thesesupportingdatabasesis thelimiting factorin the�delity of theproducedimagery.

Oncethe propertiesof elementsin the syntheticscenearewell de�ned, the radiative transfermodelis responsible
for predictingthemovementof photonswithin thesceneandeventuallyinto themodeledsensor. In this paper, we will
focuson how theDIRSIG modeladdressesfour (4) importantaspectsof scenemodeling:(i) geometriccomplexity, (ii)
spatial-spectraldiversity, (iii) directionalre�ectanceandillumination loadingand(iv) spectralmixing.

2.1.GeometricComplexity

The DIRSIG modelutilizes scenesthat areconstructedof facetizedand functionalsurfaces. A ray traceris usedto
determinesurfacesalong pathswithin scenethat contribute to radiance�ux es at speci�c points. In general,scene
modelingtoolshave soughtto strike a compromisebetweenscenecoverageandgeometricdetail. Becauseof thelabor
resourcesassociatedwith theircreationandtherun-timeresourcesrequiredto executethemodel,large-areasceneshave
typically containedelementsthataremodeledwith lessgeometricdetail.Withoutgeometricdetailit is dif�cult to model
someof the radiometricmechanismsthat arisein objectswith signi�cant geometriccomplexity (e.g. a treecanopy).
TheDIRSIG modelhasbeenhistoricallyusedfor modelingsmallareaswith a high level of geometricandradiometric
�delity . DIRSIGscenesthathavebeencreatedin thepastwerecommonlyontheorderof fractionsof asquarekilometer.
At theonsetof theMegaSceneproject,thegoalwasto demonstratethatthemodelcouldbeusedto simulatescenesthat
weremany squarekilometersin sizewithout a compromisein eithergeometricor radiometric�delity . In additionto
largeareacoverage,the �nal scenedemonstratesa level of radiometriccomplexity muchgreaterthanthatseenin past
renderings.

Thescenegeometryfor theMegaScenewasconstructedto mimic anareaonthenortheastsideof RochesterNY. The
areahasa combinationof urbanandsuburbanresidential,industrialandforestedareas.This areais partof anintensive
collectionregion thatRIT regularly images(eitherwith in-houseor externallytaskedsensors)andcollectsgroundtruth
within. The proximity to the RIT campusallows for easyaccessto the candidateareathusallowing for rigorousdata
collectionsof surfaceopticalproperties.

In this paper, we will discussthe�rst completedregion or “tile” thatmeasures1.4squarekilometerswithin a much
larger region. Thesceneconstructionprocessbeganusing10 meterUSGSdigital elevationmodel(DEM) datawhich



wasfacetizedby analgorithmoptimizedfor �tting elevationdatawith facetizedsurfaces.3 Theremainingelementsin
thescenewerecreatedusingasuiteof off-the-shelftoolsthatproducefacetizedmodels.

2.1.1.SourceGeometry

Theresidentialhousingin theareawassurveyedandacandidatelist of ten(10)geometricallyuniquehousingtypeswas
created.A list of speci�c commercialandgovernmentbuildingsto beconstructedwasalsocreated.Facetizedmodelsof
all thebuildingsweredevelopedin theRhinoceros4 computeraideddesign(CAD) package(seeFigure1a). In addition
to thebuildings,a varietyof othersceneelementsincludingvehicles,swimmingpools,etc.werebuilt with Rhinoceros.
A survey of thetreesin theareayieldeda setof six (6) differentspeciesthatwould needto begeometricallymodeled.
For this task,theTreeProfessionalsoftwarepackage5 wasutilized which allows theuserto createspeciesspeci�c 3D
modelsof varioustrees(seeFigure1b). For theMegaSceneproject,three(3) geometricvariantswerecreatedfor each
species.

a) b)

Figure1. (a)Exampleof ahousegeneratedwith Rhinocerosanda(b) screengrabof theTreeProfessionalsoftwarepackageillustrat-
ing a renderedNorwayMaple.

2.1.2.Geometricand Attrib ute Instancing

Instancingis thegeneralpracticeof usingasmallernumberof basisobjectsto simulatea largenumberobjects.Attribute
instancingis the practiceof usinga singlegeometricobjectto createa larger setof objectscomposedfrom the same
geometrybut with differentattributes. For example,a singlehousestyle may be usedto createa setof housesof the
samestylebut with differentroo�ng andsidingmaterials.Geometryinstancingentailstheuseof translation,scaleand
rotationtransformsthatareappliedon-the-�y to abaseobjectto createa largernumbervirtual objectsthatuseafraction
of theoverheadassociatedwith a full copy of theobject. For example,geometricinstancingcanusea setof exemplar
treesconsistingof a few hundredthousandfacetsto modelan entire forestcontainingthousandsof treesthat would
potentiallyrequirebillions of facetsto model.

TheMegaScenemakesextensiveuseof bothattributeandgeometryinstancing.Thebasesetof houseswereattributed
with differentmaterialsto producea setof �fty (50) geometricallyandspectrallyuniquehouses.The sameapproach
wasappliedto thetreesto produceasetof twenty(18)geometricallyandspectrallyuniquetrees.Objectsweremanually
insertedontotheterrainbaseusinganin-housesoftwaretool developedspeci�cally for thistask.Thisgraphicalinsertion
tool allows theuserto projectco-registeredair photodata(in thiscaseKodakCitiPix imagery)ontotheterrainsothatit
canbeusedas“tracingpaper”in orderto guidetheinsertionof buildings,houses,trees,etc.Eachgeometricinstanceof
theseelementsin thescenecanhave a differentsetof translation,scaleandrotationvaluesassociatedwith it. The�rst
tile in theMegaScenecontainsover 5,000objectinstanceswhich accountfor a virtual facetcountof over 500,000,000
facets.



2.2.Spatial-SpectralDiversity

Imagesimulationmodelsarefacedwith thechallengeof modelinga potentiallyin�nite numberof opticalelementsin
thescenethathave uniqueopticalproperties.Themodelingcommunitymustinventwaysto introducethespatialand
spectralcomplexity observedin realworld scenesusinga �nite numberof inputs.

Thestrategy usedby theDIRSIG modelbeginswith theassumptionthata realworld scenecontainsa �nite setof
classesor endmembersthatanimageanalystor algorithmwould useto describethescene.Thesewill includecommon
backgroundmaterialssuchasasphalt,grass,soil, building materials,etc. in addition to target speci�c materials. In
somecases,this classlist may be further subdivided into freshversusagedasphalt,healthy versusstressgrass,etc.
Theseclassesarisefrom the groupingof regions within the imageor scenethat have similar spatialand/orspectral
characteristics.The MegaScenehasa top-level materialmap that de�nes the variousmaterialsusedon the terrain
surfacefor regionsof the scene.This materialmapwascreatedusinga traditionalclassi�cationalgorithmon CitiPix
RGB imageryof theactualsite. It wasfound that theGaussianMaximumLikelihood(GML) classi�cationalgorithm
yieldedacceptableresultsfor thesix (6) primaryterrainmaterials(new asphalt,old asphalt,healthy grass,stressedgrass,
etc.). The outputof the GML was usedto attribute the surfaceterrain. All othermaterialswere introducedvia the
standardDIRSIGper-facetattributionprocess.Therearecurrently110uniquematerialswithin the�rst tile.

Within eachof thesematerialsor classesexists somedegreeof variation which is commonlyreferredto as tex-
ture. The appearanceof texture in observed imageryresultsfrom spatialvariationsin re�ectance(arisingfrom inho-
mogeneitiesandnaturalvariationwithin thematerial),orientation,surfacestructure,shadingor a combinationthereof.
Thesespatialandspectralpatternsarecharacteristicof thematerialitself, andthey introducea degreeof uncertaintyto
the analystandalgorithmalike regardingthe categorizationof a given observation. For example,a region of healthy
grassandregion of stressedgrassmayeventuallymeetwithin a largerregion. Thatboundarymustbede�ned by some
thresholdthatcategorizesonelocationas“healthy” andanotheras“stressed”whenin factthey maybealmostidentical.

To simulatetexturein targets,DIRSIG utilizesa largedatabaseof re�ectancecurvesfor a givenmaterial(presumed
to representthe variationsfrom inhomogeneities)6 and a directionalre�ectancemodel to introducevariancesdue to
orientationandsurfacestructure.7 To introducespatialvariationsin spectralre�ectance,a texture imageis assigned
to thematerialclasswhich representsthespatialvariationin re�ectancefor a speci�ed wavelengthregion. During the
renderingprocess,amappingmechanismidenti�es apixel in thetextureimagethatis thenusedto drive theselectionof
a spectralre�ectancecurve from a largedatabaseof spectralmeasurements.This mappingtechniqueusesa statistical
mechanismthatrelatesthevariationin thetextureimageto variationsin thespectraldatabase(seeFigure2). Theselected
spectralre�ectancecurve is thenmappedto thegeometriclocationandutilizedin all thespectralcomputationsinvolving
thatlocation.

Themostcritical elementof thismodelingprocessis theavailability of well characterizedre�ectancespectrafor each
material. To correctlyintroducethe spectralvarianceandcovarianceobserved in real materials,the texture algorithm
musthave accessto a largenumberof re�ectancecurvesthatde�ne thespectralmean,varianceandcovariancefor each
material. Historically, spectralre�ectancedatabaseshave containedlimited observationsfor eachmaterial. Many of
the databasesthat containmultiple measurementsfor a grassmaterial,for example,actuallycontainmeasurementsof
different typesof grassasopposedto many observationswithin oneregion of grass. In order to feedthis simulation
activity, RIT embarkedon anextensive groundcollectioncampaignaimedat building spectralre�ectancedatabasesfor
materialswithin theMegaScenearea.UsinganASD Field Spectrometer, hundredsof materialsweremeasuredusinga
collectionschemewhereeachmaterialwasextensively characterizedwith multipleobservations.Thecomplex geometry
of the trees,buildings andotherobjectsusedwithin the sceneintroducevariability dueto orientationandshadowing.
Later, wewill discusshow themixing processintroducesadditionalstructureto thespectralstatisticsof thescene.

2.3.Dir ectionalRe�ectanceand Illumination Loading

The re�ected energy from a surfaceis a productof the the illumination loadingsincident upon the surfaceand the
geometryspeci�c re�ectancefactorfor eachoneof thoseloadings.Thesegeometryspeci�c re�ectancefactorscanbe
describedfor real world materialsby the bi-directionalre�ectancedistribution function (BRDF). Many modelsmake
assumptionsthat the radianceby a surfaceis simply the directly re�ected solar energy. In somecases,modelswill
incorporatea diffuse term that usesa diffuse re�ectancein conjunctionwith an estimateof the diffuse illumination
load. In many cases,this diffuseillumination will be basedon a unobstructedsky assumption.In reality, the diffuse
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Figure2. A ¯ow diagramillustratingthetexturemethodologythatis usedto introducespatialvariationsin spectralre¯ectance.

illumination loadincludesindirectsolarenergy thatis scatteredontothesurfacefrom nearbyobjectsandthesky. When
a targetof interestis in shade(theabsenceof directsolarillumination), theindirectsolarloadis themajor illumination
source. When this illumination is scatteredby the sky, cloudsor treeswe refer to this illumination as “sky shine”,
“cloud shine” and“tree shine”, respectively. Theseillumination sourceshave beengiven specialnamesbecausethe
hyperspectralcommunityhasdiscoveredthat thesesources“color” the target of interestandmake it harderto detect
usingtraditionalspectraldetectionmethods.

TheDIRSIG modelattemptsto incorporatemany of thesechallengingmechanismsinto thepredictedsignaturesby
usingadirectionalre�ectancemodelandabackgroundsamplingmethod.In operation,theDIRSIGray tracercastsrays
into thehemisphereabovethetargetto predictboththedirectandindirectillumination loadincidentuponthetarget.For
eachof theserays,the incidentirradianceis calculated,weightedby the geometryspeci�c re�ectancefactorandthen
addedto there�ectedradiance.This incidentirradiancecalculationincorporatesthecontributionfrom multiply scattered
photonsbecausethedirectly re�ectedenergy from “background”surfacesalsois computed.For example,if oneof the
backgroundrayshits a leaf, thesunlightscatteredby theleaf backtowardthetargetwill becomputed.Thesameholds
truefor acloud,building,etc.As aresultof thisapproach,theDIRSIGmodelhasbeenusedto demonstratethein�uence
of phenomenologicaleffectsincludingtreeshineon there�ectedradiancespectrumof a target.

2.4.SpectralMixing

Spectralmixing is thetermthatweusedto describetheintegrationof severaluniqueor “pure” spectrawithin theareaof
a pixel elementon thefocal plane.Theresultingmeasuredspectrumis a weightedcombinationof the“pure” elements
that werecontainedwithin the footprint of the projectedpixel on the ground. For example,if the footprint of a pixel
overlapsthe transitionof a roadway into dirt, the resultingpixel spectrumwill not representeitherthe roadway or the
dirt, but rathera combinationof the two. The mathematicsof this “mixing” processis usuallycategorizedinto two
assumptions:linear andnon-linearmixing. Underthe linearmixing assumptiona setof spectrallyconstantweighting
factorscanbe de�ned that combinethe pureelementsinto the �nal spectrum.Undernon-linearmixing assumptions,
theseweightingfactorsarenotspectrallyconstant.

TheDIRSIG modelproducesmixedspectravia two mechanisms.Eachpixel is sub-sampledby thesensormodel,
andthe sub-detectorspectralradiancesarecombinedusingthe weightsde�ned by the spectralpoint spreadfunction
(PSF)for the pixel element.This spatialmixing within a pixel elementon the focal planeis a linear mixing process.
SincetheDIRSIGradiative transferenginemodelstransmissiveelements,any pathwithin thescenecanalsobethought
of asa non-linearmixtureof a seriesof transmissive andnon-transmissive elements.For example,a paththatintersects



a treeleaf andthegroundwill includetheradiancere�ectedby the leaf andtheradiancere�ectedby thegroundunder
theleaf. However, thegroundradiancewill beweightedby thetransmissionof theleafwhich is not spectrallyconstant.
As a result,the�nal spectrumis not thesumof thetwo participatingspectraweightedby two scalarmixing fractions.

3. SIMULA TIONS

To evaluateboth the qualitative andquantitative �delity of the sceneandsimulationsystema seriesof output images
wereproduced.Thehyperspectralimagecubeswereproducedusingasimpli�ed modelof theHYDICE imagingsystem.
Themodeledimagingplatformwas�o wn straightandlevel at analtitudeyielding a 1 metergroundsamplingdistance
(GSD).The atmospherefor this simulationwasthe MODTRAN “Mid-Latitude Summer”built-in atmosphericpro�le
without any aerosolcontributions.Theacquisitiontime of daywaschosento provide high sunillumination conditions.
The�nal imagecube(seeFigure3) measures320pixelswideby 1,350scanlineswith 210spectralchannels(asde�ned
by anominalHYDICE spectralcalibration).

a)

b) c) d)

Figure3. (a)HYDICE simulationandthree(b-d)additionalclose-upsof thescene.

In theseinitial simulations,the sensorwasmodeledwithout the spectral“smile” (spatiallyvarying response)and
the spectralnoiseassociatedwith the actualsystem. Therefore,the algorithmresultsthat will be presentedwill still
re�ect optimisticperformancecomparedto theimageryfrom theactualinstrument.A moreappropriateatmosphereand
the inclusionof theseadditionalinstrumentcharacteristicswill be incorporatedinto latersimulationsandperformance
studies.

3.1.Model Fidelity Trades

In orderto demonstratetheimpactof differentmodelingoptionson theoutputimagery, a suiteof hyperspectralimages
cubeswerecreatedusingdifferentmodelingoptions. The �rst major modelingdifferencefocusedon the inclusionof
transitionre�ectancemeasurementsin the materialre�ectancedatabases.This will be discussedin depthaspart of
the resultsdiscussion.The secondmodelingoption was concernedwith the amountof sub-pixel samplingthat was
utilized. A sub-pixel samplingrateof 1 x 1 resultsin purepixelsandsamplingratesgreaterthan1 x 1 resultin mixed
pixels. The amountof oversamplingimpactsthe clusteringof the backgroundclassesandde�nes the minimum sub-
pixel fraction that a target could manifestitself as in the image. For example,when using 3 x 3 sub-samplingthe
minimumtargetcontribution is 1 out of 9 samplesor approximately11%pixel �ll. The�nal parameterof interestwas



theenablingof rigorousBRDFcalculations.Whenthefull BRDFcalculationis enabled,themodelattemptsto quantify
theincidentirradiancefrom thehemisphereabove thetargetratherthanassumeit is open,unobstructed,sky. Whenthis
calculationis performed,the model incorporatesmultiply bouncedphotonsfrom backgroundobjectswhich resultsin
phenomenologicaleffectsincluding“treeshine”.A summaryof thesesimulationsis capturedin Table1.

Name Transitions Sub-Pixel BRDF
hydice0-1x No 1x1 No
hydice1-1x Yes 1x1 No
hydice2-2x Yes 2x2 No
hydice2-3x Yes 3x3 No
hydice3-2x Yes 2x2 Yes

Table1. Summaryof simulatedimagerythatwascreatedfor algorithmevaluation.

3.2. ImagePreparation

Beforetheimageexploitationalgorithmswereappliedto thedatacubes,theimagesweresubsampledto remove known
atmosphericabsorptionbands.In addition,the�rst � ve(5) channelsof theimageshadto beremoveddueto thelimits of
the�eld re�ectancedataacquiredwith theASD �eld spectrometer. Thesenoisyregionsof thespectrumwill bereplaced
by measurementsperformedwith astrongerilluminateor with a lab instrument.

4. RESULTS

4.1.Spatial and SpectralAnalysis

4.1.1.Spatial Analysisof Transition Regions

The resultsof the DIRSIG texture methodologycanbe seenin Figure4 which containsa subsectionof the synthetic
imagethatcontainsgrassytransitionregions.Figure4ashowsaninitial resultwherethesupportingre�ectancedatabases
did notaccountfor thevariability presentin theactualscene(seeFigure4c). Figure5 illustrateswherethe�eld collection
teammeasureda vary narrow re�ectanceregion within the stressedandhealthy grass.What wasmissingfrom these
measurementswasthere�ectancesin theoverlapregionwherethere�ectancesof thehealthy grassandstressgrasswere
similar. Without thesere�ectancesin thedatabase,the transitionbetweenthe two materialtypesbecomesvery abrupt
(seeFigure4a). To remedythis, we combinedandsynthesizedthe missingre�ectancesby mixing existing curvesin
eachdatabase.The resultingspectraldatabasewasusedto producethe imagein Figure4b. Here,the curve selection
algorithmis ableto draw on a spectraldatabasethat containsall the relevant spectralnuancesfound in a grassregion
that transitionsfrom a healthy to stressedstate.Figure4c is a high resolutionaerialimageof thesameregion usedfor
comparison.Thisapproachof generatinghybrid databaseswasusedfor othermaterialsaswell.

4.1.2.SpectralAnalysisof Transition Regions

In a hyperspectralimage,the clustersassociatedwith eachmaterialwithin the scenehave potentiallyuniquehyperdi-
mensionalshapesthat cannotbe representedwith parametricmodels. Many hyperspectralclusteringalgorithmsfail
becausethey attemptto �t parametricmodelsto datathat is inherentlynon-parametric.Oneof the reasonsthat some
algorithmsperformbetterthanexpectedon syntheticdatais thattheimagegenerationmodelsutilize similar parametric
assumptions.As a result, the well-behaved modeleddatacanbe exploited by thesealgorithms. Oneof the goalsof
this modelingeffort wasto demonstratethat syntheticimagegenerationmodelscanbebuilt usingnon-parametricap-
proachesto producerealisticdata.Thespectralclusteringandcorrelationbetweenoneor moreclassescanbeexplored
usingENVI' s8 n-Dimensionalvisualizer. This tool canprojecthyperspectraldataontoa2D planeandallows theuserto
interactively view thecorrelationandoverlapbetweenclasses.

Two regionsof grass(healthy andstressed)wereanalyzedin ENVI' s n-Dimensionalvisualizer. Figure6 illustrates
theprojectionof bands31,47,and52 from thesuiteof simulationsdescribedin Table1. Theclassclustersin Figure6a
furtherdemonstratethe lack of overlapin thethehydice0-1xsimulationdiscussedin the lastsection.Theintroduction
of themissingtransitioncurvesresultsin theoverlapobservedin Figure6b. However, sincethemodelis producingpure



a) b) c)

Figure 4. Simulatedimagesof grassregions (soccerand track ®elds) showing (a) no transitions(b) with transitionsand(c) high
resolutionaerialimagefor comparison.

Figure5. Hypotheticalhistogramshowing distributionsof healthy andstressedgrass.

pixelscreatedfrom adiscretesetof re�ectancecurvesfor eachmaterial,theclustersappearaspointsin thehyperdimen-
sionalspace.Theintroductionof pixel mixing in Figures6cand6d resultsin nearlycontinuousclusters.As theamount
of sub-pixel samplingandspectralmixing increasesthespectralclustersgetnarrower.

a) b) c) d)

Figure6. Projectedgrassclassfor the(a)hydice0-1x,(b) hydice1-1x,(c) hydice2-2xand(d) hydice2-3xsimulations.



4.2.Algorithm Performance

TheMegaSceneandtheproducedimageryis not intendedto beanexactmatchto arealdatasetbut ratherrepresentative
of adatacollectedfrom arealscene.To establishtherobustnessof thesyntheticimagery, theperformanceof commonly
usedhyperspectralalgorithmswasevaluatedin thecontext of commonlyobservedalgorithmperformance.

4.2.1.Classi�cation

Oneof the �rst algorithmperformanceevaluationsentailedtheapplicationof anunsupervisedclassi�cationalgorithm.
We usedthek-means11 clusteringalgorithmbecauseof its simplicity andwidely understoodnature.Thealgorithmwas
usedto �nd seven(7) classeswith two (2) to four (4) iterationsto re-calculateclassmeans(seeFigure7).

The algorithmwasrun on the hydice0-1xdatasetwhich containedno BRDF effects,no grasstransitionsregions
andpurepixels (seeFigure7(a-c)). We seefrom the resultsthat thealgorithmhasadequatelyidenti�ed andclustered
themajorclassesfoundin theoriginal materialmap(seesection2.2). Theexcellentperformancewasexpectedbecause
thespectral“clutter” in theimagecubeis very well behavedwithout theadvancedmodelingoptionsenabled.Thepure
pixels in the imageryareeasyto categorizeinto a classevenwith thesimpleminimumdistancetechniquewhich is at
theheartof thek-meanalgorithm.SinceFigures7aand7b arealmostidentical,thealgorithmhasconvergedafterthree
iterations.Thek-meansalgorithmwasalsoappliedto thehydice3-2xdataset(seeFigure7(d-f)). This imagecubewas
generatedwith the BRDF effectsenabled,the enhancedgrasstransitiondatabasesand2 x 2 pixel sub-sampling.The
performanceof thealgorithmis signi�cantly differentfrom thoseobservedwith thesimplesimulation. Many regions,
includingvarioustypesof grassandasphalt,aremisclassi�eddueto theBRDF effectsandthespectralmixing present
in thedata. Additionally the resultsshow that theclusteringalgorithmfound it moredif�cult to adequatelycategorize
all thepixelsafterfour iterations,while thepreviousdatasetconvergedafterthree.

a) b) c)

d) e) f)

Figure 7. Resultsof k-meansclusteringalgorithm. All imageshave 7 classes.Images(a-c)areresultsfrom thehydice0-1xdataset
with (a)2, (b) 3, and(c) 4 iterations.Images(d-f) areresultsfrom thehydice3-2xdatasetwith (a)2, (b) 3, and(c) 4 iterations.



4.2.2.TargetDetection

To explore theutility of thesimulatedimageryin theevaluationof targetdetectionalgorithms,we testeda pair of off-
the-shelfalgorithmscontainedin ENVI on paneltargetsthat we deployed in the scene.The panelswereassigneda
man-madespectrumthathasvegetationcharacteristics.Threepanelsmeasuring1/2 meter, 1 meterand2 metersin size
wereinsertedinto thesceneresultingin atotalof twenty-four(24)panels(eight(8) of eachsize).Thepanelswereplaced
in bothwideopenandshadedlocations(seeFigure8).

a) b) c)

Figure 8. (a) Threepanelsin a parkinglot area(b) a singlepanelin a treeshadow and(c) a singlepanelin a hardshadow behinda
building.

The�rst algorithmthatwastestedwastheSpectralAngleMapper(SAM)9 algorithm.Thisalgorithmclassi�esindi-
vidualpixelsin thesceneby treatingthehyperspectralsignaturesashyperdimensionalgeometricvectorsandperforming
a dot productof the pixel spectrumof interestto the target spectrum. If the resultingangleis below a userde�ned
threshold,thepixel is classi�edastarget. This algorithmis extremelyfastbut performspoorly whenthepixel spectrum
undergoesnon-linearscalingsdueto illumination loadchanges(e.g. shadowing) or contaminationdueto spectralmix-
ing. Theperformanceof thisalgorithmis generallywell understoodwhich is why it wasincludedin thisdemonstration.
ThesecondtargetdetectionalgorithmwastheMatchedFilter (MF).9 TheMatchedFilter belongsto a generalclassof
algorithmsthatattemptto �nd pixelssimilar to the targetspectrumby projectingthe imageinto a hyperspectralspace
thatmaximizestheseparationbetweenthetargetspectrumandthebackground.

Theresultsfor both targetdetectionalgorithmsis summarizedusingreceiver-operatorcharacteristic(ROC) curves.
TheROCcurvedescribestherelationshipbetweentheprobabilityof a truedetectionandtheprobabilityof a falsealarm.
Theperformanceof a givenalgorithmwill beaffectedby many parametersincludingthegeneralspectralcomplexity of
thescene,thesimilarity of the target to thebackground,thesizeof the target,etc. An idealalgorithmwould approach
a 100% detectionrate while accruingzero falsealarms(0%). In the absenceof the ideal algorithm, the algorithm
developmentcommunityworksto createalgorithmsthatmovethe“shoulder”of thesecurvestowardsidealperformance
(theupper-left sideof anROC plot). Historically, algorithmswhich aregenerallyacceptedas“poor” have beenshown
to performideally on syntheticdata,which furtherdemonstratesthe lack of realismin thedata.Within thecon�nes of
known andacceptedphysicalprocesses,themodelingcommunityworksto createdimagerythatmovestheROC curve
shoulderin theoppositedirectionfrom idealdetection(lower-right). This region is synonymouswith theperformance
of algorithmsthatthatoperateon realworld imagery.

To createa ROC curve, the analysistools musthave accessto truth datathat de�nes wherethe targetsare in the
imagery. Whenrealworld datais utilized to measurealgorithmperformance,the truth mapsaregeneratedusing�eld-
gatheredgroundtruth measurementswhich arethenmappedto pixelswithin thescene.Dueto theinherentuncertainty
of thetargetlocationandthepixel/targetoverlap,thedetectionanalysiscanonly beperformedonapertargetbasis.For
example,whena detectionwithin an acceptabledistancefrom the estimatedlocationof the target occurs,the event is
recordedasapositivedetection.Additionaldetectionsof thesametargetarediscounted.

The ROC curvesweregeneratedusinga truth mapthat wasderived from the truth mapscreatedby the DIRSIG
modelduringthesimulation.This truth mapallows usto createpixel-basedROC curvesratherthantarget-basedROC
curves.Pixel-basedROCcurvescanbecreatedbecausethepreciselocationandpixel overlapof thetargetis known. This
pixel-basedapproachallows algorithmtestersto exploreminimumpixel �ll detectionrates.Thetargetspectrumfor the



panelwasimagederivedfrom apurepixel in the“hydice0-1x”simulation.TheROCcurvesin Figure9 demonstratethe
performanceof theSpectralAngleMapperandMatchedFilter algorithmsonthesyntheticdatasets.For eachalgorithm,
a ROC curve wasgeneratedusingdifferentamountsof sub-pixel sampling.As the samplingrateincreases,the target
canpotentiallybecomeasmallerfractionof thetotal pixel spectrum.Theinitial detectionrates(low probabilityof false
alarms)in this demonstrationareexpectedto high becausemany of the target panelsarefully resolved at the 1 meter
groundsamplingdistance.
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Figure 9. ROC curvesfor SpectralAngle Mapper(left) andSpectralMatchedFilter (right) usingdifferentsub-pixel mixing amounts
(notedifferentPfaaxisscales).

Theresultsfor theSAM algorithmbehave asexpected.As theamountof sub-pixel samplingincreasestheability to
detectthetargetsdecreasesin anorderedfashion.TheMF resultsarenot initially intuitive sincetheperformanceof the
algorithmdoesnot alwaysdecreaseasthesamplingincreases.Presently, we believe that the increasedlevel of mixing
“tightens” the hyperspectralclustersassociatedwith the backgroundclasseswhich resultsin easierseparationof the
targetfrom thebackground.Theeffectof mixing onthevarianceof theclassescanbeobservedin then-D visualizations
in Figure6. Accordingto the CentralLimit Theorem,the variancewill eventuallyconverge asthe sub-pixel mixing
increases.As a result,theperformancetrendis expectedto behave similarly to thoseobservedwith theSAM algorithm
whenhighersub-pixel samplingratesareutilized.

5. SUMMARY

The large areascenedatabasedescribedin this paperis the productof a comprehensive geometricconstructioneffort
coupledwith a carefullyplannedandexecuted�eld collectionto supporttheopticalpropertydatabases.Theresulting
databasehasbeendemonstratedto providea level of geometricandspatial-spectralcomplexity overa largeareathatwe
believe is groundbreaking.

The initial demonstrationsof the sceneand the generatedimageryhave focusedon evaluatingthe �delity of the
generatedimagesetsandonquantifyingtheimportanceof severalmodeling�delity tradesavailablewithin theDIRSIG
model.Theimagerygeneratedof theMegaSceneby theDIRSIGmodelhasbeenshown to containcomplex hyperdimen-
sionalclassclusterswith theshapeandoverlapthatis observedin realhyperspectralimagery. Thesimulatedimagesalso
demonstratedalgorithmperformancetrendssimilar to thoseobservedrunningthesamealgorithmsonsimilar real-world
data. The importanceof well constructedsupportingdatabasesbuilt from well collectedbackgroundre�ectanceswas
alsoexplored.Finally, theimpactof pixel mixing onalgorithmperformancewasalsodemonstrated.



Thealgorithmperformancedemonstrationswereperformedon noise-freeimages.The impactof uncorrelatedand
spectrallycorrelatednoisesourceswithin theinstrumentsystemarebelievedto have a signi�cant impacton theperfor-
manceof spectralalgorithms.A back-endinstrumentmodellike theHySIM modeldevelopedby Veridianwould further
enhancethevalidity of thegeneratedimageryandresultingalgorithmperformance.

Thesecondtile of theMegaSceneregion is nearingcompletion.Thecombinedareaof thetwo tiles will encompass
anareathatis approximately1 km x 2 km. Thenext phaseof thiseffort focusesonextendingthemodelingcoverageinto
the3 - 14 micronregion. To enablethis region, thethermodynamicpropertiesof thematerialswill needto be�nalized
andthe�eld collectionteamwill needto augmentthere�ectancedatabaseswith thethermalregionspectralemissivities.

REFERENCES
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