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ABSTRACT

With theadwentof hyperspectraimagingspectrometersomesthe needfor procedureshatdetectandinterrogatespec-
tral quantitiesof interest. Such procedurer algorithmsplay a key role in the disseminatiorand interpretationof
hyperspectrablata. Validation of thesealgorithmsinvolves well-characterizedeld collection campaignghat canbe
time andcostprohibitive. Radiometricallyaswell asgeometricallycorrectsyntheticimageryoffersalgorithmdevelop-
ersasurrogteto potentiallyunattainableeld campaignsTheimagesimulationsurrogatemustideally matchrealworld
scenesn bothspatialandspectracompleity for oneto have faithin algorithmperformanceTo this end,thereis aneed
to develop syntheticscenesbasedon real world data,which encompaséull 3-dimensionafjeometriccompleities as
well aswide-areaspectrallycomplex backgrounds Prior work hasbeendoneon the inclusionof backgroundsnto a
syntheticervironment,however, this work did not generatavide-areamagerywith all the compleities realizedin real
world data.

This paperinvestigatesthe generatiorof a wide areasyntheticscenerenderecby the Digital Imagingand Remote
SensingmageGeneratior(DIRSIG) model. Thelarge areasceneor “MegaScene’tlescribedn this paperis 0.6 square
milesandcontainsanorderof magnituddancreasen objects materialsandspectraascomparedo previously rendered
scenes.Hyperspectrahnalysisusing off-the-shelfclassi cation andtarget detectionalgorithmswas performedon the
datato illustratequantitatve andqualitatve delity .
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1. INTRODUCTION

1.1. The DIRSIG Model

The Digital Imagingand RemoteSensingmageGenerationDIRSIG) modelis a complex syntheticimagegeneration
applicatiorwhich producesimulatedmageryin thevisible throughthermalinfraredregions! Themodelis designedo
producebroad-bandmulti-spectralandhyperspectraimagerythroughtheintegrationof a suiteof rst principlesbased
radiationpropa@tion submodelsThesesubmodelsreresponsibldor tasksrangingfrom the bi-directionalre ectance
distribution function (BRDF) predictionsof a surfaceto the dynamicscanninggeometryof a line scanningimaging
instrument.In additionto submodeldhathave beenspeci cally createdor the DIRSIG model,several of thesecompo-
nents(e.g. MODTRAN andFASCODE)arethe modelingworkhorsegor the multi- andhyperspectratommunity

1.2. Historical Perspectve

The maturity of scenesimulationtools for usein the evaluationof hyperspectrahlgorithmshasbeenexploredin the
past? Theresultingimagerylacked the extensie spatialandspectralcompleity presentn realworld imagedataand
the performanceof commonhyperspectrahlgorithmsrun on the syntheticdatawasfoundto be extremelyoptimistic. It

wasdeterminedhat the simulatedimageryneededsigni cant improvementsin orderto matchthe spatialandspectral
compleity of realworld imagedata.

The scenesimulationwork being conductedat the Rochestetnstitute of Technology(RIT) hasbeenfocusedon
developingaradiometricallyrigorousscenesimulationcapability The DIRSIG modelis capableof producingimagery
that featuresmixed pixels, comple in-situ illumination loadingsandthe spectralstatisticsobseredin realworld ma-
terials. We werecon dent thatthe physicsimplementedy the modelwasextensve enoughto createrealisticimagery
whenrobustinput databasewhereutilized andthe propersensomodelingwasemployed.

Furtherinformation: www.cis.rit.edus dirsig
emmett@cis.rit.edyphone:(585)475-7778
brovn@cis.rit.eduphone:(585)475-7194



1.3. Goalsand Scope

Oneof the primarygoalsof this modelingeffort is to produceimagerythatcanbe usedto testthe performancef spatial
andspectraimageexploitation algorithms. If the modelingtools cansuccessfullyeproduceémagerywith spatialand
spectral‘clutter” comparabléo real-world imagery thencandidatealgorithmscanbe extensiely testedover a wider
rangeof environmentalconditionsat a signi cant costsavingsover eld collections.In additionto the corvenienceof
creatingsyntheticdataover a wide variety of ervironmentalconditionsandimageacquisitionapproachesa synthetic
datasetcanprovide “perfect” groundtruth without the technicalandlogistical challengef runninga successfuleld
campaignAs we will discusdater, the syntheticimagegroundtruth canprovide the algorithmtesterwith very detailed
insightsinto the performancef the algorithmthatcannotbe matchedoy eld collections.It shouldbe noted,however,
thattheauthorsdo not believe thatsyntheticdatashouldever wholly replacereal-world imagedatafor algorithmtesting.
Instead,syntheticdatashouldbe considereda powerful tool to assistin the testingof algorithmsand potentiallyasa
surrogatewhenreal datais notavailable.

This paperwill discusgecentadvancesnadein thewide areahyperspectraimagesimulation.Speci cally, we will
discussthe importanceof detailedsceneconstructiontechniquedeveragedoy carefully plannedand executedground-
truth collections.We will alsodiscussanddemonstratéhe effect thatmodeling delity hason algorithmperformance.
Thescopeandresultsdiscussedn this paperarelimited to the solaror re ective region of the spectrum.

2. BACKGROUND

To produceimagerythatcontainghe spatialandspectracompleity of eld collecteddata theimagegeneratiormodel
mustbe able reproducea large setof radiatve mechanismghat combineto producethe spectralsignatureghat are
collectedby realworld imaginginstruments.The DIRSIG modelattemptsto incorporatea wide array of theseimage
forming processesvithin one modeling ervironment. To drive thesepredictive codes,the model must have access
to robust characterizationsf the elementsto be modeled. For example,input databaseslescribeeverything from a
chemicaldescriptionof the atmospherasa function of altitudeto the spectralcovarianceof a speci ¢ materialin the
sceneln mary casesaccesso thesesupportingdatabasess thelimiting factorin the delity of theproducedmagery

Oncethe propertiesof elementsn the syntheticscenearewell de ned, the radiatve transfermodelis responsible
for predictingthe mavementof photonswithin the sceneandeventuallyinto the modeledsensor In this paper we will
focuson how the DIRSIG modeladdressefour (4) importantaspect®f scenemodeling: (i) geometriccompleity, (i)
spatial-spectradiversity, (iii) directionalre ectanceandilluminationloadingand(iv) spectraimixing.

2.1. Geometric Complexity

The DIRSIG model utilizes sceneghat are constructedf facetizedand functional surfaces. A ray traceris usedto
determinesurfacesalong pathswithin scenethat contribute to radiance ux es at speci ¢ points. In general,scene
modelingtools have soughtto strike a compromisebetweerscenecoverageandgeometricdetail. Becauseof the labor
resourcesssociateavith their creationandtherun-timeresourcesequiredto executethe model,large-areascenehave
typically containecelementghataremodeledwith lessgeometriadetail. Without geometriadetailit is dif cult to model
someof the radiometricmechanismshat arisein objectswith signi cant geometriccompleity (e.g. atreecanofy).
The DIRSIG modelhasbeenhistorically usedfor modelingsmallareaswith a high level of geometricandradiometric
delity . DIRSIG sceneshathave beencreatedn thepastwerecommonlyontheorderof fractionsof asquarekilometer
At the onsetof the MegaScengroject,the goalwasto demonstrat¢hatthe modelcould be usedto simulatesceneghat
weremary squarekilometersin sizewithout a compromisen eithergeometricor radiometric delity . In additionto
large areacoverage the nal scenedemonstratea level of radiometriccomplity muchgreaterthanthatseenin past
renderings.

Thescenggeometryfor the MegaSceneavasconstructedo mimic anareaonthenortheassideof RochesteNY. The
areahasa combinationof urbanandsutlurbanresidentialjndustrialandforestedareas.This areais partof anintensive
collectionregion thatRIT regularlyimages(eitherwith in-houseor externallytasked sensorspndcollectsgroundtruth
within. The proximity to the RIT campusallows for easyaccesdo the candidateareathusallowing for rigorousdata
collectionsof surfaceoptical properties.

In this paperwe will discusshe rst completedegion or “tile” thatmeasured.4 squarekilometerswithin amuch
larger region. The sceneconstructionprocessbegan using 10 meterUSGSdigital elevation model (DEM) datawhich



wasfacetizedby analgorithmoptimizedfor tting elevationdatawith facetizedsurfaces’ Theremainingelementsn
the scenewerecreatedusinga suiteof off-the-shelftoolsthatproducefacetizednodels.

2.1.1.Source Geometry

Theresidentiahousingin theareawassuneyedanda candidatdist of ten(10) geometricallyuniquehousingtypeswas
createdA list of speci c commerciabndgovernmentouildingsto be constructedvasalsocreated Facetizednodelsof
all the buildings weredevelopedin the Rhinocero$ computeraideddesign(CAD) packagegseeFigurela). In addition
to the buildings, a variety of othersceneslementsncludingvehicles swimmingpools,etc. werebuilt with Rhinoceros.
A suney of thetreesin the areayieldeda setof six (6) differentspecieghatwould needto be geometricallymodeled.
For this task, the Tree Professionasoftware packagé was utilized which allows the userto createspeciesspeci ¢ 3D
modelsof varioustrees(seeFigure 1b). For the MegaScenegroject,three(3) geometricvariantswerecreatedor each
species.

a) b)

Figure 1. (a) Exampleof ahousegeneratedavith Rhinocerosaanda (b) screergrabof the TreeProfessionasoftwarepackageéllustrat-
ing arenderedNorway Maple.

2.1.2.Geometricand Attrib ute Instancing

Instancingis thegenerapracticeof usingasmallernumberof basisobjectsto simulatealargenumberobjects.Attribute

instancingis the practiceof usinga single geometricobjectto createa larger setof objectscomposedrom the same
geometrybut with differentattributes. For example,a single housestyle may be usedto createa setof housesf the

samestyle but with differentroo ng andsiding materials.Geometryinstancingentailsthe useof translationscaleand
rotationtransformshatareappliedon-the- y to abaseobjectto createalargernumbervirtual objectsthatusea fraction

of the overheadassociatedvith a full copy of the object. For example,geometricinstancingcanusea setof exemplar
treesconsistingof a few hundredthousandfacetsto modelan entire forest containingthousandf treesthat would

potentiallyrequirebillions of facetsto model.

TheMegaScenenakesextensve useof bothattributeandgeometnjinstancing.Thebasesetof housesvereattributed
with differentmaterialsto producea setof fty (50) geometricallyandspectrallyuniquehouses.The sameapproach
wasappliedto thetreesto producea setof twenty (18) geometricallyandspectrallyuniquetrees.Objectsweremanually
insertecontotheterrainbaseusinganin-housesoftwaretool developedspeci cally for thistask. This graphicalinsertion
tool allows the userto projectco-ragisteredair photodata(in this caseKodakCitiPix imagery)ontotheterrainsothatit
canbeusedas*“tracing paper”in orderto guidetheinsertionof buildings, housestrees etc. Eachgeometrianstanceof
theseelementsn the scenecanhave a differentsetof translation scaleandrotationvaluesassociatedvith it. The rst
tile in the MegaSceneontainsover 5,0000bjectinstancesvhich accountfor a virtual facetcountof over 500,000,000
facets.



2.2. Spatial-Spectral Diversity

Imagesimulationmodelsarefacedwith the challengeof modelinga potentiallyin nite numberof optical elementsn
the scenethat have uniqueoptical properties.The modelingcommunitymustinventwaysto introducethe spatialand
spectracompleity obseredin realworld scenesisinga nite numberof inputs.

The stratg)y usedby the DIRSIG modelbegins with the assumptiorthata realworld scenecontainsa nite setof
classeor endmemberthatanimageanalystor algorithmwould useto describethe scene.Thesewill includecommon
backgroundmaterialssuchas asphalt,grass,soil, building materials,etc. in additionto target speci ¢ materials. In
somecasesthis classlist may be further subdvided into fresh versusagedasphalt,healtlty versusstressgrass,etc.
Theseclassesarisefrom the groupingof regions within the image or scenethat have similar spatialand/orspectral
characteristics. The MegaScenehasa top-level material map that de nes the various materialsusedon the terrain
surfacefor regionsof the scene.This materialmapwas createdusing a traditional classi cation algorithmon CitiPix
RGB imageryof the actualsite. It wasfound thatthe Gaussiarviaximum Lik elihood (GML) classi cationalgorithm
yieldedacceptableesultsfor the six (6) primaryterrainmaterialgnew asphaltpld asphalthealtlty grassstressedgjrass,
etc.). The outputof the GML was usedto attribute the surfaceterrain. All other materialswere introducedvia the
standardIRSIG perfacetattribution processTherearecurrently110uniquematerialswithin the rst tile.

Within eachof thesematerialsor classesxists somedegreeof variation which is commonlyreferredto astex-
ture. The appearancef texturein obsened imageryresultsfrom spatialvariationsin re ectance(arisingfrom inho-
mogeneitieandnaturalvariationwithin the material),orientation surfacestructure shadingor a combinationthereof.
Thesespatialandspectralpatternsare characteristiof the materialitself, andthey introducea degreeof uncertaintyto
the analystand algorithmalike regardingthe cateyorizationof a given obsenation. For example,a region of healtty
grassandregion of stressedjrassmay eventuallymeetwithin alargerregion. Thatboundarymustbe de ned by some
thresholdhatcateyorizesonelocationas“healthy” andanotheras“stressed'whenin factthey maybealmostidentical.

To simulatetexturein targets,DIRSIG utilizesa large databasef re ectancecurvesfor a given material(presumed
to representhe variationsfrom inhomogeneitie$) and a directionalre ectancemodelto introducevariancesdue to
orientationand surfacestructure’  To introducespatialvariationsin spectralre ectance,a texture imageis assigned
to the materialclasswhich representshe spatialvariationin re ectancefor a speci ed wavelengthregion. During the
renderingprocessa mappingmechanisnidenti es apixel in thetextureimagethatis thenusedto drive the selectionof
a spectralre ectancecurve from alarge databasef spectraimeasurementsThis mappingtechniqueusesa statistical
mechanisnthatrelateghevariationin thetextureimageto variationsin thespectrabatabaséseeFigure2). Theselected
spectrate ectancecurwe is thenmappedo thegeometridocationandutilizedin all the spectracomputationsnvolving
thatlocation.

Themostcritical elemenbf thismodelingprocesss theavailability of well characterizede ectancespectrdor each
material. To correctlyintroducethe spectralvarianceand covarianceobsened in real materials the texture algorithm
musthave accesdo alarge numberof re ectancecurvesthatde ne the spectraimean varianceandcovariancefor each
material. Historically, spectralre ectancedatabasefiave containedimited obsenationsfor eachmaterial. Many of
the databasethat containmultiple measurementfr a grassmaterial,for example,actually containmeasurementsf
differenttypesof grassasopposedo mary obsenationswithin oneregion of grass. In orderto feedthis simulation
actiity, RIT embarled on anextensive groundcollectioncampaigraimedat building spectrake ectancedatabasefor
materialswithin the MegaScenarea.Usingan ASD Field Spectrometehundredf materialsveremeasuredisinga
collectionschemeavhereeachmaterialwasextensiely characterizegvith multiple obsenations. The complex geometry
of the trees,buildings and other objectsusedwithin the sceneintroducevariability dueto orientationand shadaving.
Later, we will discusshow the mixing processntroducesadditionalstructureto the spectraktatisticsof thescene.

2.3.Directional Re ectanceand lllumination Loading

The re ected enegy from a surfaceis a productof the the illumination loadingsincident upon the surface and the
geometryspeci ¢ re ectancefactorfor eachoneof thoseloadings. Thesegeometryspeci ¢ re ectancefactorscanbe
describedor real world materialsby the bi-directionalre ectancedistribution function (BRDF). Many modelsmake
assumptionghat the radianceby a surfaceis simply the directly re ected solarenegy. In somecasesmodelswill

incorporatea diffuse term that usesa diffuse re ectancein conjunctionwith an estimateof the diffuse illumination
load. In mary casesthis diffuseillumination will be basedon a unobstructedsky assumption.In reality, the diffuse
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Figure 2. A ow diagramillustratingthetexture methodologythatis usedto introducespatialvariationsin spectrake ectance.

illumination loadincludesindirectsolarenegy thatis scatteredntothe surfacefrom nearbyobjectsandthe sky. When
atamgetof interestis in shadgthe absencef directsolarillumination), theindirectsolarloadis the majorillumination
source. Whenthis illumination is scatteredoy the sky, cloudsor treeswe refer to this illumination as “sky shine”,
“cloud shine” and “tree shine”, respectiely. Theseillumination sourceshave beengiven specialnamesbecausehe
hyperspectratommunityhasdiscoreredthat thesesources'color” the target of interestand malke it harderto detect
usingtraditionalspectradetectionrmethods.

The DIRSIG modelattemptgo incorporatemary of thesechallengingmechanisménto the predictedsignaturesy
usingadirectionalre ectancemodelandabackgroundamplingmethod.In operationthe DIRSIG ray tracercastsays
into the hemispherabove thetargetto predictboththedirectandindirectilluminationloadincidentuponthetarget. For
eachof theserays, the incidentirradianceis calculatedweightedby the geometryspeci c re ectancefactorandthen
addedo there ectedradiance Thisincidentirradiancecalculationincorporateshe contrikution from multiply scattered
photonsbecauséehe directly re ected enegy from “background”surfacesalsois computed.For example,if oneof the
backgroundayshits a leaf, the sunlightscatteredy the leaf backtoward the targetwill be computed.The sameholds
truefor acloud,building, etc. As aresultof thisapproachthe DIRSIG modelhasbeenusedto demonstrat¢éhein uence
of phenomenologicaffectsincludingtreeshineon there ectedradiancespectrunof atarget.

2.4. Spectral Mixing

Spectramixing is thetermthatwe usedto describeheintegrationof severaluniqueor “pure” spectrawithin theareaof
a pixel elementon the focal plane. The resultingmeasuredgpectrums a weightedcombinationof the “pure” elements
that were containedwithin 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 representitherthe roadway or the
dirt, but rathera combinationof the two. The mathematicf this “mixing” processs usually cateyorizedinto two
assumptionstinear andnon-linearmixing. Underthe linear mixing assumptiora setof spectrallyconstantveighting
factorscanbe de ned that combinethe pure elementsnto the nal spectrum.Undernon-linearmixing assumptions,
theseweightingfactorsarenot spectrallyconstant.

The DIRSIG modelproducesnixed spectravia two mechanismsEachpixel is sub-sampledby the sensomodel,
andthe sub-detectospectralradiancesare combinedusing the weightsde ned by the spectralpoint spreadfunction
(PSF)for the pixel element. This spatialmixing within a pixel elementon the focal planeis a linear mixing process.
Sincethe DIRSIG radiative transferenginemodelstransmissie elementsary pathwithin the scenecanalsobethought
of asa non-lineamixture of a seriesof transmissie andnon-transmissie elementsFor example,a paththatintersects



atreeleafandthe groundwill includetheradiancere ected by the leaf andthe radiancere ected by the groundunder
theleaf. However, the groundradiancewill beweightedby thetransmissiorof theleaf whichis not spectrallyconstant.
As aresult,the nal spectrunis notthesumof thetwo participatingspectraveightedby two scalamixing fractions.

3. SIMULATIONS

To evaluateboth the qualitatve and quantitatve delity of the sceneand simulationsystema seriesof outputimages
wereproduced.Thehyperspectraimagecubesvereproducedisingasimpli ed modelof theHYDICE imagingsystem.
The modeledmagingplatformwas o wn straightandlevel at analtitudeyielding a 1 metergroundsamplingdistance
(GSD). The atmospherdor this simulationwasthe MODTRAN “Mid-Latitude Summer”built-in atmospherigro le
without ary aerosolcontributions. The acquisitiontime of daywaschoserto provide high sunillumination conditions.
The nal imagecube(seeFigure3) measure820pixelswide by 1,350scanlineswith 210spectrachannelgasde ned
by anominalHYDICE spectrakalibration).

a)

b) c) d)
Figure 3. (a) HYDICE simulationandthree(b-d) additionalclose-upf the scene.

In theseinitial simulations,the sensorwas modeledwithout the spectral‘smile” (spatially varying responseand
the spectralnoise associatedvith the actualsystem. Therefore,the algorithmresultsthat will be presenteawill still
re ect optimisticperformanceomparedo theimageryfrom the actualinstrument A moreappropriateatmospherand
theinclusionof theseadditionalinstrumentcharacteristicsvill be incorporatednto later simulationsandperformance
studies.

3.1. Model Fidelity Trades

In orderto demonstrat¢he impactof differentmodelingoptionson the outputimagery a suiteof hyperspectraimages
cubeswere createdusing differentmodelingoptions. The rst major modelingdifferencefocusedon the inclusion of
transitionre ectancemeasurement® the materialre ectancedatabases.This will be discussedn depthas part of
the resultsdiscussion. The secondmodelingoption was concernedwith the amountof sub-pixel samplingthat was
utilized. A sub-pixel samplingrateof 1 x 1 resultsin purepixelsandsamplingratesgreaterthanl x 1 resultin mixed
pixels. The amountof oversamplingimpactsthe clusteringof the backgroundclassesand de nes the minimum sub-
pixel fraction that a target could manifestitself asin the image. For example,whenusing 3 x 3 sub-samplinghe
minimumtarget contrikutionis 1 out of 9 samplesor approximatelyl1%pixel Il. The nal parameteof interestwas



theenablingof rigorousBRDF calculations Whenthefull BRDF calculationis enabledthe modelattemptdo quantify
theincidentirradiancefrom the hemispherebove thetametratherthanassumat is open,unobstructedsky. Whenthis
calculationis performedthe modelincorporatesnultiply bouncedphotonsfrom backgroundobjectswhich resultsin
phenomenologicaffectsincluding“tree shine”. A summaryof thesesimulationss capturedn Tablel.

| Name [ Transitions| Sub-Piel | BRDF |

hydice0-1x No 1x1 No
hydicel-1x Yes 1x1 No
hydice2-2x Yes 2x2 No
hydice2-3x Yes 3x3 No
hydice3-2x Yes 2x2 Yes

Table 1. Summaryof simulatedmagerythatwascreatedor algorithmevaluation.

3.2.lmage Preparation

Beforetheimageexploitationalgorithmswereappliedto the datacubestheimageswveresubsampledo remove known
atmospheri@absorptiorbands.In addition,the rst ve (5) channelof theimageshadto beremoreddueto thelimits of
the eld re ectancedataacquiredwith the ASD eld spectrometeiThesenoisyregionsof the spectrumwill bereplaced
by measurementgerformedwith a strongeiilluminate or with alabinstrument.

4. RESULTS
4.1. Spatial and Spectral Analysis
4.1.1.Spatial Analysis of Transition Regions

The resultsof the DIRSIG texture methodologycanbe seenin Figure 4 which containsa subsectiorof the synthetic
imagethatcontainggrassytransitionregions. Figure4ashovs aninitial resultwherethe supportinge ectancedatabases
did notaccounfor thevariability presentn theactualscengseeFigure4c). Figure5illustrateswherethe eld collection
teammeasured vary narrov re ectanceregion within the stressedind healtty grass. What was missingfrom these
measurementsasthere ectancedn theoverlapregionwherethere ectancesof thehealtty grassandstresggrasswvere
similar. Without thesere ectancesin the databasethe transitionbetweernthe two materialtypesbecomesvery abrupt
(seeFigure4a). To remedythis, we combinedand synthesizedhe missingre ectancesby mixing existing curvesin
eachdatabase The resultingspectraldatabasevasusedto producetheimagein Figure4b. Here,the curve selection
algorithmis ableto drawv on a spectraldatabasehat containsall the relevant spectralnuancedoundin a grassregion
thattransitionsfrom a healtly to stressedtate. Figure4c is a high resolutionaerialimageof the sameregion usedfor
comparisonThis approactof generatingiybrid databasewasusedfor othermaterialsaswell.

4.1.2.Spectral Analysis of Transition Regions

In a hyperspectralmage,the clustersassociatedvith eachmaterialwithin the scenehave potentially uniquehyperdi-
mensionalshapeghat cannotbe representedvith parametricmodels. Many hyperspectratlusteringalgorithmsfail
becausdahey attemptto t parametriomodelsto datathatis inherentlynon-parametric.One of the reasonghat some
algorithmsperformbetterthanexpectedon syntheticdatais thatthe imagegeneratiormodelsutilize similar parametric
assumptions.As a result, the well-behaed modeleddatacan be exploited by thesealgorithms. One of the goalsof
this modelingeffort wasto demonstratehat syntheticimagegeneratiormodelscanbe built usingnon-parametri@p-
proachego producerealisticdata. The spectralklusteringandcorrelationbetweeroneor moreclassesanbe explored
usingENVI's® n-Dimensionaisualizer Thistool canprojecthyperspectratlataontoa 2D planeandallows the userto
interactvely view the correlationandoverlapbetweerclasses.

Two regionsof grass(healtlty andstressedyvereanalyzedn ENVI's n-Dimensionalisualizer Figure6 illustrates
theprojectionof bands31,47,and52 from the suiteof simulationsdescribedn Table1. Theclassclustersn Figure6a
further demonstrate¢he lack of overlapin the the hydice0-1xsimulationdiscussedn the lastsection. The introduction
of themissingtransitioncurvesresultsin theoverlapobseredin Figure6b. However, sincethemodelis producingpure
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Figure 4. Simulatedimagesof grassregions (soccerand track ®elds) shaving (a) no transitions(b) with transitionsand (c) high
resolutionaerialimagefor comparison.

Figure 5. Hypotheticalhistogramshaving distributionsof healtly andstressedrass.

pixelscreatedrom adiscretesetof re ectancecurvesfor eachmaterial the clustersappeaiaspointsin the hyperdimen-
sionalspace.Theintroductionof pixel mixing in Figures6c and6d resultsin nearlycontinuousclusters.As theamount
of sub-pixel samplingandspectraimixing increaseshe spectraklustersgetnarraver.

a) b) <) d)

Figure 6. Projectedyrassclassfor the (a) hydice0-1x,(b) hydice1-1x,(c) hydice2-2xand(d) hydice2-3xsimulations.



4.2. Algorithm Performance

TheMegaScenandthe producedmageryis notintendedo beanexactmatchto arealdatasetbut ratherrepresentatie
of adatacollectedfrom arealsceneTo establisithe robustnes®f the synthetidimagery the performancef commonly
usedhyperspectradlgorithmswasevaluatedn the context of commonlyobseredalgorithmperformance.

4.2.1.Classi cation

Oneof the rst algorithmperformancevaluationsentailedthe applicationof anunsupervisedlassi cationalgorithm.
We usedthek-mean$! clusteringalgorithmbecausef its simplicity andwidely understoodiature. Thealgorithmwas
usedto nd seven(7) classesvith two (2) to four (4) iterationsto re-calculateclassmeangseeFigure?).

The algorithmwasrun on the hydiceO-1xdatasetwhich containedno BRDF effects, no grasstransitionsregions
andpurepixels (seeFigure 7(a-c)). We seefrom the resultsthatthe algorithmhasadequatelydenti ed andclustered
themajorclassedoundin the original materialmap(seesection2.2). The excellentperformancavasexpectedbecause
the spectral‘clutter” in theimagecubeis very well behaedwithout the advancedmodelingoptionsenabled.The pure
pixelsin theimageryareeasyto cateorizeinto a classevenwith the simple minimum distancetechniquewhich is at
the heartof the k-meanalgorithm. SinceFigures7aand7b arealmostidentical,the algorithmhascorvergedafterthree
iterations.The k-meansalgorithmwasalsoappliedto the hydice3-2xdataset(seeFigure 7(d-f)). Thisimagecubewas
generatedvith the BRDF effectsenabledthe enhancedjrasstransitiondatabaseand2 x 2 pixel sub-sampling.The
performanceof the algorithmis signi cantly differentfrom thoseobsened with the simple simulation. Many regions,
including varioustypesof grassandasphaltaremisclassi eddueto the BRDF effectsandthe spectralmixing present
in the data. Additionally the resultsshav thatthe clusteringalgorithmfoundit moredif cult to adequatelycateyorize
all thepixelsafterfour iterationswhile the previous datasetcorvergedafterthree.

a) b) ©)

d) e) f)

Figure 7. Resultsof k-meansclusteringalgorithm. All imageshave 7 classesimages(a-c) areresultsfrom the hydiceO-1xdataset
with (a) 2, (b) 3, and(c) 4 iterations.Imageqd-f) areresultsfrom the hydice3-2xdatasetwith (a) 2, (b) 3, and(c) 4 iterations.



4.2.2. Target Detection

To explorethe utility of the simulatedimageryin the evaluationof target detectionalgorithms,we testeda pair of off-

the-shelfalgorithmscontainedin ENVI on paneltamgetsthat we deployed in the scene. The panelswere assigneca
man-madespectrunthathasvegetationcharacteristicsThreepanelsmeasurindl/2 meter 1 meterand2 metersin size
wereinsertednto thescenaesultingin atotal of twenty-four(24) panelgeight(8) of eachsize). The panelavereplaced
in bothwide openandshadedocations(seeFigure8).

a) b) <)

Figure 8. (a) Threepanelsin a parkinglot area(b) a singlepanelin atreeshadev and(c) a singlepanelin a hardshadev behinda
building.

The rst algorithmthatwastestedwvasthe SpectralAngle Mapper(SAM)? algorithm. This algorithmclassi esindi-
vidual pixelsin thesceneby treatingthe hyperspectrasignaturesashyperdimensionajjeometriocvectorsandperforming
a dot productof the pixel spectrumof interestto the target spectrum. If the resultingangleis belowv a userde ned
thresholdthepixel is classi ed astarget. This algorithmis extremelyfastbut performspoorly whenthe pixel spectrum
undegoesnon-linearscalingsdueto illumination load changege.g. shadaving) or contaminatiordueto spectraimix-
ing. The performancef this algorithmis generallywell understoodvhichis why it wasincludedin this demonstration.
The secondametdetectionalgorithmwasthe MatchedFilter (MF).° The MatchedFilter belongsto a generaklassof
algorithmsthatattemptto nd pixels similar to the target spectrumby projectingthe imageinto a hyperspectraspace
thatmaximizeghe separatiotbetweerthetargetspectrumandthe background.

Theresultsfor bothtarget detectionalgorithmsis summarizedisingrecever-operatorcharacteristi¢ROC) curves.
TheROC curve describesherelationshipbetweerthe probability of atrue detectiorandthe probabilityof afalsealarm.
Theperformancef a givenalgorithmwill beaffectedby mary parameterincludingthe generakpectrakcompleity of
the scenethe similarity of thetargetto the backgroundthe sizeof thetarget, etc. An ideal algorithmwould approach
a 100% detectionrate while accruingzero false alarms(0%). In the absenceof the ideal algorithm, the algorithm
developmenttommunityworksto createalgorithmsthatmove the“shoulder” of thesecurvestowardsideal performance
(the upperleft sideof an ROC plot). Historically, algorithmswhich aregenerallyaccepteds“poor” have beenshovn
to performideally on syntheticdata,which further demonstratethe lack of realismin the data. Within the con nes of
known andaccepteghysical processeshe modelingcommunityworksto createdmagerythatmovesthe ROC curve
shoulderin the oppositedirectionfrom ideal detection(lower-right). This region is synorymouswith the performance
of algorithmsthatthatoperateon realworld imagery

To createa ROC curwe, the analysistools musthave accesdo truth datathat de nes wherethe targetsarein the
imagery Whenrealworld datais utilized to measurealgorithmperformancethe truth mapsaregeneratedising eld-
gatheredgroundtruth measurementshich arethenmappedo pixelswithin the scene Dueto theinherentuncertainty
of thetargetlocationandthe pixel/tagetoverlap,the detectionanalysiscanonly be performedon a pertargetbasis.For
example,whena detectionwithin an acceptablalistancefrom the estimatedocation of the target occurs,the eventis
recordedasa positive detection. Additional detectionf the sametargetarediscounted.

The ROC curveswere generatedising a truth map that was derived from the truth mapscreatedby the DIRSIG
modelduring the simulation. This truth mapallows usto createpixel-basedROC curvesratherthantarget-basedkOC
curwes.Pixel-basedROC curvescanbecreatedecauseheprecisdocationandpixel overlapof thetargetis known. This
pixel-basedapproachallows algorithmtesterdo exploreminimumpixel Il detectiorrates.Thetargetspectrunfor the



panelwasimagederivedfrom apurepixel in the“hydice0-1x"simulation.The ROC curvesin Figure9 demonstratéhe
performancef the SpectralAngle MapperandMatchedFilter algorithmson the syntheticdatasets.For eachalgorithm,
a ROC cune wasgeneratedisingdifferentamountsof sub-pixel sampling. As the samplingrateincreasesthe tamget
canpotentiallybecomea smallerfraction of thetotal pixel spectrumTheinitial detectiorrates(low probability of false
alarms)in this demonstratiorare expectedto high becausamary of the target panelsarefully resohed at the 1 meter
groundsamplingdistance.

Spectral Angle Mapper Spectral Matched Filter
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Figure 9. ROC curvesfor SpectralAngle Mapper(left) andSpectraMatchedFilter (right) usingdifferentsub-pi>el mixing amounts
(notedifferentPfa axisscales).

Theresultsfor the SAM algorithmbehae asexpected.As the amountof sub-pixel samplingincreaseshe ability to
detectthetamgetsdecreases anorderedfashion.The MF resultsarenotinitially intuitive sincethe performancef the
algorithmdoesnot alwaysdecreasasthe samplingincreasesPresentlywe believe thatthe increasedevel of mixing
“tightens” the hyperspectratlustersassociatedvith the backgroundclassesvhich resultsin easierseparatiorof the
targetfrom thebackgroundTheeffect of mixing onthevarianceof theclassesanbeobseredin then-D visualizations
in Figure 6. Accordingto the CentralLimit Theorem,the variancewill eventually corverge asthe sub-pixel mixing
increasesAs aresult,the performancdrendis expectedto behae similarly to thoseobseredwith the SAM algorithm
whenhighersub-pidel samplingratesareutilized.

5. SUMMARY

The large areascenedatabaselescribedn this paperis the productof a comprehensie geometricconstructioneffort
coupledwith a carefully plannedandexecuted eld collectionto supportthe optical propertydatabasesThe resulting
databaséasbeendemonstratetb provide alevel of geometricandspatial-spectratompleity over alarge areathatwe
believe is groundbreaking.

The initial demonstration®f the sceneandthe generatedmagery have focusedon evaluatingthe delity of the
generatedmagesetsandon quantifyingtheimportanceof severalmodeling delity tradesavailablewithin the DIRSIG
model. Theimagerygeneratedf theMegaScendy theDIRSIG modelhasbeenshavn to containcomplex hyperdimen-
sionalclassclusterswith theshapeandoverlapthatis obseredin realhyperspectralmagery Thesimulatedmagesalso
demonstratedlgorithmperformancerendssimilar to thoseobsenedrunningthe samealgorithmson similar real-world
data. Theimportanceof well constructedsupportingdatabasesuilt from well collectedbackgrounde ectanceswas
alsoexplored.Finally, theimpactof pixel mixing on algorithmperformancevasalsodemonstrated.



The algorithm performancelemonstrationsvere performedon noise-freeimages. The impactof uncorrelatecand
spectrallycorrelatedhoisesourceswithin theinstrumentsystemarebelievedto have a signi cant impacton the perfor
manceof spectraklgorithms.A back-endnstrumenimodellik e the HySIM modeldevelopedby Veridianwould further
enhancehevalidity of thegeneratedmageryandresultingalgorithmperformance.

The secondile of the MegaSceneegion is nearingcompletion.The combinedareaof thetwo tiles will encompass
anareathatis approximatelyl km x 2 km. Thenext phaseof this effort focusen extendingthe modelingcoverageinto
the 3 - 14 micronregion. To enablethis region, the thermodynamigropertiesof the materialswill needto be nalized
andthe eld collectionteamwill needto augmenthere ectancedatabasewith thethermalregion spectrakmissvities.
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