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ABSTRACT

A millimeter-wave(MMW) radar clutter imagesynthesizer
thatwill createfaithful polarimetricclutter imagesis being
developedasa suiteof PCI softwareapplicationsknownas
SPRI,the Simulatorof Polarimetric Radar Images. SPRI
will enablethe userto createnew clutter imagesfrom ex-
isting images,such asaerial photographyor radar images
froma sensorat a differentfrequencythanthatdesired.The
usercanalsocreatesynthesizedimagesfromscratch. Since
the techniquesto implant hard targetsare well developed,
SPRI is expectedto haveapplication in automatictarget
recognition(ATR)development,sensorevaluation,andpos-
sibly in soldiertraining.

SPRIrandomlygeneratesa complex scatteringmatrix for
each pixel in an imageregion which statistically satisfies
a measuredor derivedMueller matrix describingtheclut-
ter in that region. Fromthe scatteringmatrix, radar cross
sectionsper unit area of every pixel can be obtainedfor
anytransmit-receivepolarizationpair, aswell asanyother
polarimetric quantity. Theresultsof a fidelity testwill be
shown,where35-GHzsynthesizedclutter is comparedto the
actualLincoln Lab 35-GHzsyntheticaperture radar (SAR)
sceneon which it is based. Examplesare presentedof a
simulatedclutter imageat 35-GHzcreatedfromaerial pho-
tography, anda 95-GHzclutter imagecreatedfrom35-GHz
imagery.

INTRODUCTION

Radarimageshave proven to be invaluabletools in the re-�
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motesensingcommunity, with regard to both civilian and
military applications.With theadventof SyntheticAperture
Radar(SAR), very high resolutionimagescan be readily
generatedat both centimeterand millimeter wavelengths.
For many tasks,suchas testingAutomatic Target Recog-
nition (ATR) algorithms,it is desirableto have a particular
radarimagetakenwith a particularsensorunderparticular
conditions. Suchradarimagesareoften unavailable,due
to the fact thata radarobservationlike the onedesiredhas
neverbeenperformed,or becauseanexisting imagecannot
bereleased.To maketheobservationwouldbevery expen-
sive,andevenmoresoif thesensorhasyet to bebuilt.

Not all applicationsrequirereal images. Training of per-
sonnelto read radar images,for example,do not require
realimages.TheaforementionedATR testingis anotherex-
amplewherereal imagesare not required. Evaluationof
proposedsensorsprior to prototypingis anotherapplication
of synthesizedimagery.

Themajority of any radarimageconsistsof clutter. Clutter
behavesaccordingto aparticularstatisticaldistribution,and
this behavior is usedto model the clutter. Remainingob-
jectsin animageconsistof man-madetargetswhichmayor
maynotbehave like clutterdoes.In SPRI,theSimulatorof
PolarimetricRadarImages,polarimetricclutter simulation
will becombinedwith existing targetinjectiontechniques.

Thecluttergenerationin SPRIdependsontwo parts:aclut-
terdatabaseanda simulationalgorithm.Thesimulational-
gorithm convertsrandomnumbersinto complex scattering
matrices,

�
, which arestatisticallyappropriatefor theclut-

terbeingmodeled.Thescatteringmatrix
�

is a ����� matrix
givenby ���	��
��
� 
����
���� 
������ (1)

whichrelatesthemagnitudeandphaseof thescatteredelec-
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Figure1: Singlelook Ka-bandSAR imageusedfor verify-
ing thehomogeneoussimulationalgorithmof SPRI.HH is
in red, VV is in greenandVH is in blue. The depression
angleis 3.8� andillumination is from the left. Treesin the
upperleft of theimagearecastinglong shadows acrossthe
image.

tric field of either � or � polarizationto thatof theincident
field at � or � polarization.But theconversionrequiresin-
formationon the covarianceof the

�
matrix elementsthat

is uniqueto theparticularclutterbeingmodeled.A clutter
databaseof measuredMueller matricesfor varioustypesof
clutter underdifferentconditionsprovidesthe information
requiredfor thesimulatoralgorithm.

EXAMPLES OF SIMULATED IMAGES

Theimageryusedwasobtainedby theLincolnLab33.6GHz
SAR [1] on behalfof theArmy ResearchLaboratory. The
imageis oneframeof many acquirednearHillsboro, MD,
on theEasternShore,about50 km Eastof Annapolis,MD,
in theSpringof 1992.Theparticularimageconsideredhere
is from mission335,pass5, level 4, frame216. It has2048
pixels in the rangedirectionand512pixels in the azimuth
direction; pixel resolutionis 22.87cm in both directions.
The dataare single look complex and fully polarimetric.
This imageis shown in Figure1, andan aerialphotograph
of the sameareatakenat aboutthe sametime is shown in
Figure2. ThePCIprogramDILL wasusedto readthe8-8-4
dataandsave theimageto aPCI imagedatabase.

A Fidelity Test: Simulation as a Lossy Compression

Thefirst imagesimulatedwill demonstratetwo featuresof
themostbasicpartsof SPRI:first, it will show how thealgo-
rithm is implementedin PCI,andsecond,it will show how
faithful thesimulationalgorithmis in re-creatingrealdata.

The first stepis to segmentthe imageinto regionsof rea-
sonablehomogeneity. This wasachievedby convertingthe

Figure2: Aerial photoof region in thepreviousfigure.This
photographandtheimagein thepreviousFigurearenotco-
registered.Theverticalbandsacrossthephotoareartifacts.

Figure3: Regionsextractedfrom theoriginal radarimage.

VV, HH, andVH amplitudechannelsto decibels,sothatthe
fadingvariationwouldbeconstantacrosstheimage[2](PCI
programLLOG), and successively applying an enhanced
Leeadaptivedespecklingfilter [3](PCI programFELEE)on
eachof thesechannels.Theresultingdespeckledchannels
wereusedasthe input to an unsupervisedclusteringalgo-
rithm [4](PCI programISOCLUS),theoutputof whichwas
sieved(PCI programSIEVE) to blendregionssmallerthan
32 pixels into their mostappropriateneighbors.This pro-
cessfound 11 regions in the image,of which 4 are used
in characterizingthe intensity roll-off at eachedgeof the
imagein the rangedirection. For eachregion, theaverage
Muellermatrixwascalculatedfrom theoriginal singlelook
data(PCIprogramMMMSLC). Theseregionsareshown in
Figure3.

For a testof the simulation,theseregionsandthe Mueller
matricesextractedfrom themwereusedto reconstructthe
radarimageusingthealgorithmof Leeet al. [5] (PCI pro-
gramSIMSLC).Threecomplex numbersof whiteGaussian
noisearegeneratedfor eachpixel, as representedin Fig-
ure4. TheseGaussiannoisenumbersaremultiplied by the
appropriateeigenvaluesandeigenvectorsof thecovariance
matricesfor theregionsshown in Figure3 to createthesim-
ulatedimage.Thecovariancematrix is a rearrangementof
theinformationin theMueller matrix. Theresultingsimu-
lation is shown in Figure5.

Thematchbetweenthesimulatedimageandtheoriginalim-
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Figure4: Threechannelsof noiseusedto simulatean im-
age.

Figure5: Thesimulatedimagegeneratedfrom thenoisein
Figure4 andthe averageMueller matricesassociatedwith
eachregion in Figure3.

ageis very goodoverall, but thesimulationis not anexact
re-creationof theimagein Figure1. On apixel by pixel ba-
sis,theoriginal imageandthesimulatedimageareverydif-
ferent.But on a statisticalbasis,thetwo agreeveryclosely,
evenfor polarimetricquantitieslike co-polarizedphasedif-
ferences.Oneotherwayin whichtheoriginalimageandthe
simulatedimagediffer is in thesensorartifacts:in theorig-
inal imageseveralstreaksexist in range,dueto avery large
scatterersat thesameazimuthpositionbut justoff to theleft
of theimage.Thesestreaksapparentlydonotobey Rayleigh
statisticsandthusarenotsimulatedfaithfully. Sensordegra-
dationpost-processingis requiredto properlycreatethese
imageartifacts.

In a sense,this exerciseresultsin a lossy compressionof
the full polarimetric imagedown to a simple bitmap and
110realnumbers(11Muellermatriceswith 10independent
numberseach).While theoriginal andthesimulatedimage
matchclosely in their amplitudedistributions, thereis no
guaranteethateitherimagehasthecorrectimageintensity.
That is, if therewereany calibrationerrorsin the original
imagegivenby Figure1, theerrorshave beensimulatedin
Figure5 aswell.

Simulation from Aerial Photography

As an additionalexampleof the simulationalgorithm,the
aerialphotographof Figure2 wasusedasthebasisfor gen-

Figure6: Regionsextractedfrom theaerialphotograph.

Figure7: SimulatedKa-bandimageusingtheaerialphoto-
graphto determinethe regionsandthe actualradarimage
to determinetheMuellermatrices.Becausetheaerialphoto
wasfrom directlyoverhead,thelayoutof thefieldsarecor-
rect,but thetreesdo notcastlong shadows.

eratingthe regions to be filled with clutter. The segmen-
tationof thephotographinto regionsis shown in Figure6.
Usingtheseregions,andthesameaveragedMueller matri-
cesasusedin theprevioussimulation,theimagein Figure7
is simulated.A striking differencebetweenthe actualim-
ageof Figure1 andthis simulationis observed: the trees
do not castshadows in this simulation.This is becausethe
aerialphotographwasfrom overhead,while theoriginal im-
agewastakenfrom neargrazing. Shadows mustbeadded
in thiscase;shadowswill beincorporatedin futureversions
of SPRI.

Simulation from Ka-band to W-band

A third exampleof a simulatedimageaddressesthe prob-
lem of translatinga SAR sceneobserved at onefrequency
to a SAR sceneat a different frequency. For this simula-
tion, theregionsaredeterminedfrom theoriginal SAR im-
ageasdepictedin Figure3, but theMueller matriceswere
extractedfrom the Universityof Michigan millimeterwave
phenomenologyprogram[6], which includesdatafrom the
U.S. Departmentof Defense’s SmartWeaponsOperability
Enhancementprogram[7]. For the shadow regions, the
Mueller matricesfor thetreesweresimply scaleddown by
afactorrangingbetween2 and10. Theresultingsimulation
appearsin Figure8.
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Figure 8: SimulatedW-band imageusing the actualKa-
bandradarimageto determinetheregionsandMuellerma-
trices from the University of Michigan’s phenomenology
program.

CONCLUSIONS

The University of Michigan hasmadethe first component
of SPRI:theSimulatorof PolarimetricRadarImages.This
first componentof SPRIis a radarsimulatorwhichcancre-
atehigh-resolutionpolarimetricsingle-lookclutter images.
The simulator draws on a user-specifiedgeometryand a
databaseof Mueller matricesfor theregionswithin thatge-
ometry to createradarclutter images. The user-specified
geometrymay be from an existing SAR image at a dif-
ferentradarfrequency from that desired,an existing aerial
photograph,or theuser’s imagination.The Mueller matrix
databaseis beingdevelopedby theUniversityof Michigan
at 35 GHz and95 GHz, but existing data(ARL, Lincoln
Lab)mayalsobeused.

Futureenhancementsto SPRIincludestheincorporationof
shadows,texture,hardtargetimplantation,andsensordegra-
dation. A numberof internalverificationsareongoing,to
assurethatthesimulatorproducesclutterwith theappropri-
atestatistics.Externaltestscanfall undertwocategories:an
absolutetest,in whichasimulatedimageis checkedagainst
a real image,and a functional test, in which a simulated
imageis comparedto a real imagefor its intendeduseas
anAutomaticTarget Recognitionalgorithmtestbed.In the
absolutetest, sufficient groundtruth must be collectedin
conjunctionwith theacquisitionof a realimage.Suchatest
wouldbedifficult to perform,asfew realimageshavesuffi-
cientgroundtruthdataassociatedwith them.Thefunctional
testcouldbeperformedin theabsenceof sufficient ground
truth by evaluatingATR approacheswith known probabil-
ity of detectionandknown falsealarm rateson the simu-
lation. TheMIMEX datasetprovidesa uniqueopportunity
to simulatemillimeterwaveimagesfrom aerialphotography
andfrom centimeterwave images,andto crosscheckthese
simulationsagainstrealmillimeterwaveimagesof thesame

scene.
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