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ABSTRACT

SPRI consistsof a suite of image processingorogramsfor producingrealistic millimeterwave (MMW) radarimages
artificially on a workstation. The heartof the simulationapproachs a polarimetricRayleighclutter simulatorcoupled
to a clutter database The simulatorproduceshigh resolutionsingle-lookpolarimetricimages. Hard tamgetscanthenbe
embeddedhto this cluttermap,andtheresultanimagecanbedegradedn resolution humberof looks, polarizationgtc.to

matchthatwhichwould beobseredby arealsensarExampleof simulatedmagesandcomparisonsf thesesimulations
to actualimagesarepresented.

TheMMW Clutter Databasés the mostcomprehense to-datedatabasef over 3500Mueller matricesfor mary kindsof
terrestrialcluttermeasuredt 35and95 GHz, mary of which areatincidenceanglescloseto grazing.Thedatabaseanbe
accessetlia aWorld Wide Webflexible interfacethatenablesiatato becombinedn nev anduniquewaysspecifiedby the
user anddisplayedn eithertalular or graphicalformat. The structureandaccesgprocedureo the databasaredescribed.

*Preparedhroughcollaboratie participationin the AdvancedSensorgConsortiumsponsoredy the U.S. Army Research.aboratoryunderthe
Federated.aboratoryProgram Cooperatre AgreemenDAAL01-96-2-0001.
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1. INTRODUCTION

Radarmageshave provento beinvaluabletoolsin theremotesensingcommunity with regardto bothcivilian andmilitary
applications.With the adwent of SyntheticApertureRadar(SAR), very high resolutionimagescanbe readily generated
at both centimeterand millimeter wavelengths. For mary tasks,suchastesting Automatic Target Recognition(ATR)
algorithmsiit is desirableto have a particularradarimagetakenwith a particularsensomunderparticularconditions.Such
radarimagesareoftenunavailable,dueto the factthata radarobsenrationlike the onedesiredhasnever beenperformed,
or becausean existing imagecannotbe released.To make the obseration would be very expensve, andevenmoreso if
thesensohasyetto be built.

Not all applicationsrequirereal images. Training of personneko readradarimages,for example,do not requirereal

images.The aforementioned\TR testingis anotherexamplewhererealimagesarenot required.Evaluationof proposed
sensorgrior to prototypingis anotherapplicationof synthesizedmagery This documentdescribeghe techniquedor

radarimagesimulationusingSPRI,the Simulatorof PolarimetricRadarimages.

The majority of ary radarimageconsistsof clutter Clutterbehaesaccordingto a particularstatisticaldistribution, and
the first sectionof this paperexploresthe ways of describingthat distribution with the Rayleighdistribution. Then, a
generalizatiorof this distribution is madeto the polarimetriccase,andthe algorithmfor generatingRayleigh-distribited
polarimetricdatais given. Remainingobjectsin animageconsistof man-madeargetswhich mayor may notbehae like
clutterdoes.Polarimetricclutter simulationis combinedwith existing targetembeddingechniques.

Thecluttergeneratiordepend®n two parts:a clutterdatabas@nda simulationalgorithm. The simulationalgorithmcon-
vertsrandomnumbersnto complec scatteringnatrices S, which arestatisticallyappropriatdor theclutterbeingmodeled.
But the conversionrequiresinformationon the covarianceof the S matrix elementghatis uniqueto the particularclutter
beingmodeled. A clutter databasef measuredviueller matricesfor varioustypesof clutter underdifferentconditions
providestheinformationrequiredfor the simulatoralgorithm.

Several radarimage simulators( [1-3] for example)have beenintroduced,and very mary collectionsof radardataof
terrainhave beenpublished( [4-10] for someexamples).This paperdocuments simulatorof radarimagesfor terrainat
millimeter wavelengthscoupledwith anonline databas®f measurementsf carefully selectechomogeneouslutter All
of thesemeasurements the Clutter Databaseareat millimeter wavelengthsandarefully polarimetric.

2. CLUTTER AND THE RAYLEIGH DISTRIBUTION

For this simulatorto function realistically the statisticalnatureof clutter mustbe accuratelycharacterizedWe foundthat
the Rayleighmodelfor fadingis appropriatefor clutter which is homogeneousandthat inhomogeneouslutter canbe
describedasa collectionof homogeneouslutter but with varyingnormalizedradarcrosssection(RCS)[11]. Thus,the
mostgeneralype of cluttercanbe generatedisingthe Rayleighmodel,to accountfor the fading,coupledwith the Bayes
rule,to accountfor the variationsin thenormalizedRCS.

This sectionsummarizeghe conclusionsoundin [11]. That studyinvestigatedhe statisticalnatureof clutter obsered
neargrazingincidenceandat 95 GHz for threespecificcasef clutter: bareground,snav cover over a bareground,and
a heterogeneouscenecontainingbareground,trees,bushesandtall grassesThe baregroundconstituteshomogeneous
clutterunderhomogeneousonditionsandthe magnitudeof the amplitudeis Rayleighdistributed. While the snav cover
is homogeneouslutter, the conditionsunderwhich it wasobsered areheterogeneousndthe Bayesrule is emplo/edto
describethe clutter distribution. The Bayesrule integratesvariationsdueto signalfadingwith the underlyingvariations
in thebackscatteringoeficient associateavith the heterogeneityThe heterogeneouscends alsosuccessfullydescribed
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with the Bayesrule.

For thepurposeof furtheringdiscussionlet usestablisranomenclaturef the scatteringprocessanddescribadts statistical
nature. Assumea polarimetricradarimageof homogeneouterrainconsistsof a large numberof pixels, N, eachof area
A. For eachpixel, thebackscattemeasuredby the systemis in theform of the scatteringnatrix S, where[12]:

S, Sun
S=| 2w Do | 1
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The elementf S arethe comple scatteringamplitudesassociatedvith the four differentcombinationsof transmitand
receve linearpolarizations ElementS, whereS representary oneof Sy, Syn, Shy OF Spp, maybeexpresseds

S=58+j8"=|S|e?, 2)

whereS’ = R€S], 5" = Im[S],|S] is the magnitudeof S and¢ is its phaseangle. Thejoint probability densityfunction
of therealandimaginarypartsof S areeachGaussiardistributedwith zeromeansandequalvariancesandis given by
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wheres is the standardieviation.
Thepdfof V = 2,/x|S| is givenby
_ T V
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whereV is the meanvalueof V andit is relatedto the standarcdeviation s by V = /Z(2\/7 s) = v/2rs. Theterm
“Rayleigh fading” is usedto describethe scatteringprocessfor ary quantity associatedvith statisticallyhomogeneous
clutter eventhoughit is only the receved voltage magnitudethat is Rayleighdistributed while the distributions of the
backscatteregower and otherquantitiesarenot. For intensity (power) or intensity relatedquantities,suchasthe radar
crosssectionper unit areawhenexpressedn unitsof (m?/m?), the pdf for a singlesampledravn from a populationwith
mean/ = V2 becomesnexponential[4,13]:

p(I| 1) = zep[-1/T], 120 ©

whereT is the meanvalueof I andl = V? = 47r\S|2. If a scenewith varying I wasimagedby a one-lookper pixel
radar theobseredintensityof theresultantspeckledadarimagewould be characterizetyy a pdf givenby the Bayesrule
as[14]:

p(7) = /0 T D (D df ®)

where[ is the meanintensity (in linear units of m?/m?), and p(I) is the pdf of the meanintensitieswhich vary from
region to region in a typical radarimage. To apply this Bayesformula, we shall corvert the integral into a summation
over obsered meanvaluesfor homogeneouslutter underhomogeneousonditions. If we denoteby I, the meanvalue
obtainedby averagingmary independensampleof homogeneouslutter, aswould be containedn the Clutter Database,
then(6) mayberewrittenas

Ny
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wherewe have replacedp(I | I) with the exponentialpdf givenby (5).

For lineardetectionthe equivalentexpressionsare

v = [ oV | V) p(V) dV ®)

for thecontinuousaseand

(9)

for thediscretecase.

In our previouswork [11], we comparedhedistributionspresentedh this sectionwith thoseobtainedrom measurements
madeby the Army Research.aboratory{9] aspartof the SmartWeapongperabilityEnhancemenproject[15].

We confirmedthatthe Rayleighfadingmodelis quite suitablefor characterizinghe backscattedistribution for homoge-
neousterrainunderhomogeneousonditions,andwe demonstratedhat the Bayesformula provides a physically based
approachor characterizinghe distributions for heterogeneouterrain. As a result,a comprehense databasef clutter

measurementsf homogeneouterrainshouldbesuficientfor generatingimulatedradarimagesof heterogeneouscenes.

3. THE CLUTTER DATABASE

We have collecteda Clutter Databasef mary polarimetricmeasurementsf the Mueller matrix of terrainat millimeter-
wave (MMW) frequenciesandat neargrazingincidence. Eachof thesemeasurementsepresentsn averageover mary
independensamplesof homogeneouslutterunderhomogeneousonditions. In additionto the Mueller matrix, we have
includedin the Clutter Databaseaxtensve groundtruth so that modelsfor the radarbackscattemay be generatedrom
the datatakinginto accountthe underlyingphysicalparametersvhich control the backscatterThesemodels,or the data
itself, canbe usedto modelnot only homogeneouslutter underhomogeneousonditions,but alsounderheterogeneous
conditions,asoutlinedin the previous section.The next sectiondescribesn detailhow thisis donepolarimetrically

The Clutter Databasas anonline repositoryfor calibratedpolarimetricbackscattemeasurementsAs of January2001,
the Clutter Database&ontainsover 3500Mueller matricesmeasuredt Ka- andW-bands Most of this datais in anangular
rangeneargrazing,but somemeasuremengxist atnearlyall anglesof incidence All of thedatais fully polarimetric,and
thereforethe backscatteringoeficient valuesareavailablenot only in thelinearbasis(VV, HH, and HV polarizations)
but alsoin thecircularbasis(L L, RR, and L R polarizations).

The Clutter Databasds a growing, living entity. In additionto ongoingMMW measurementbeing conductedat the
Universityof Michigan,previous polarimetricbackscattemeasurementst otherfrequenciegsuchasL-, C- andX-bands)
may alsosomedaybe includedin the Clutter Databaseln principle, othermeasurementsf clutter, suchasbistaticmea-
surementsmeasurementsf extinction within scatteringmedia,or RCSmeasurementsf hardtargetscould becomepart
of the Clutter Database.

3.1. Measurement System Description
Thefully polarimetricultra-fastwidebandmillimeterwave scatterometesystemgdevelopedat The Universityof Michigan,

wasusedin conductingthe majority of thesemeasurements.he systemconsistof two RF-frontendunits (oneat 35 GHz
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andthe otherat 95 GHz) and an IF transcerer (transmit/receie) module. The scatterometesystemoperatesn Real
ApertureRadarmode(RAR) with anangularresolutionof 2 and1.4 degreesat 35 and95 GHz respectirely. In addition,
thetwo scatterometersave 1 foot rangeresolution(500 MHz systems).

The principle of operationof the ultra-fastscatterometesystemcanbe summarizedasfollows: The transcerer module
generates C-bandpulsechirpedover 500 MHz. The chirpedpulseis upcorvertedin the RF-frontendunitsto the desired
MMW frequenciesand transmittedas either a vertically or horizontally polarizedpulse. The backscatteredesponse,
interceptedy thereceve antennais downcorvertedin the RF-frontendunitsto C-bandandsentbackto thelF transcerer
module. Insidethe transceier, the receved signalis downcorvertedonceagainto basebandnddetecteddirectly using
a Digitizing Oscilloscope. The datais thentransferredo a personalcomputerwherethe time domainresponseand/or
the frequeny domainresponsef the tamget (or clutter) undertestcanbe extracted. An importantfeatureof this system
is the high speedwith which it acquiresthe completescatteringmatrix, therebypreservingphasecoherencebetween
polarizations Detailsaboutthis systemmaybefoundin [16].

3.2. Other Sources of Data

TheUniversityof Michiganhasattemptedo collectpolarimetricMMW datafrom asmary sourcesaspossiblgor inclusion
in the Clutter Database.The Clutter Databasancludesnumerousmeasurementsollectedsince 1991 with a network
analyzethasedscatterometesystem17] designedandbuilt by the University of Michigan.

Othersourcesof datainclude clutter measuredy the Army Research.aboratorywith their polarimetricW-bandmono-
pulseradar[18] aspartof the SmartWeaponperabilityEnhancemerniSWOE) program[9], andmeasurementsf clutter
by the University of Massachusetist 35,95 and225GHz [6].

3.3. Accessing the Clutter Database

The Clutter Databasas available online free of chage but it is passwerd protected.A passwerd canbe obtainedby an
institution (Universityor corporation)n acountrywhichis partof NATO whenalletterof needis recevedatthe University
of Michiganfrom theinstitution’s governmentsponsoror from the Army Researctaboratory Contactthe authorsatthe
emailaddresdistedfor detailedinformationon accessinghe Clutter Database.

A brief overview of the contentf the Clutter Databasés availableat
http://larch.eecs.umich.ef-derco/dutterhdp
This World Wide Websiteis not passwerd protected.

QueryBuilderthegenericwebinterfaceto an SQL databaseandthe Clutter Databasén particular is locatedat
http://larch.eecs.umich.efbgi-bin/querybuilder/querybuilder.cg

but requiresa password for accesgo the Clutter Database.A descriptionof QueryBuilders capabilities,and several
examplesof queriesof the Clutter Databaseganbefoundat
http://larch.eecs.umich.eftgi-bin/querybuilder/querybuilderhdp.cgi

This World Wide Websiteis alsonot passwerd protected.



3.4. Clutter Database Structure

Thedatabasés writtenin StructuredQueryLanguaggSQL), amulti-vendorsupportediatabaséanguage SQL describes
an industry standardor communicatingwith databasesand SQL supportsmary kinds of fastconditionalsearche®f a
database.

TheWWW interfaceto thedatabasenownn asQueryBuilder simply mimicsthesyntaxof the'Select’ query thecommand
for extractinginformationfrom an SQL-compatablelatabaseln additionto the QueryBuilderhelp page,detailson the
constructiorof ‘Select’ queriescanbefoundfrom numerousooks( [19,20], for example).

The particularvariantof SQL usedfor the Clutter Databases MySQL, a free software packageoptimizedfor speedand
robustnessMySQL is notcompletelycompatiblewith the ANSI SQL92standardbut theincompatiblefeatureof MySQL
have beenavoidedin its implementatiorfor the Clutter Database.

Thedatabaseonsistof anumberof files, eachof which, in the parlanceof SQL, constitutesatable.

The maintableis denotedthe Mueller table,andit containsnot only the Mueller matrix databut all the parametersn
Table1l. Thedateandtime areincludedin all tables. In fact, they jointly constitutethe primary key in eachtable (that
is, they mustbe uniquefor eachentryandcanbe usedto index the entries)andcanbe usedto crossreferencedatain the
tables.

The Clutter Databaseconsistsof multiple tables. The main tableis the ‘mueller’ table, which containsthe measured
Mueller matricesof clutter for mary kinds of terrainundermary conditions. The muellertable containsthe following
groupsof information:

1. acquisition(dateandtime of themeasurementheorganizationvhichacquiredhe data the organizationwhich paid
for thedata,etc.),

2. radarparameterg¢centerfrequeng, banddesignationbandwidth,angleof incidencegtc.),
3. radarreturn(the Mueller matrix elementsg? in linearandcircularbasis phasedifferencestatistics etc.),and

4. clutterclassificationtamgetclassestoughnesswetnessspeciesiamesetc.).

In additionto themaintable,therearetheancilliary informationtablesandthe groundtruth tables.Theancilliary informa-
tion tablessupplementthemuellertableinformationontheradarsystemsthegroundtruth tablessupplementthemueller
tableinformationon theclutterclassesin both casestherecordsin thesetablesarecross-indeged to the muellertablevia
thetime anddateof theradarmeasuremengsthisis (nearly)a uniquekey for the data.

Presentlytwo tablescontainthe ancilliary datafor two typesof sensoiconfigurationsvailableat the University of Michi-
ganfor the measurementsThe UFWBR table, for the Ultra-FastWide-BandRadarsensorandthe NWA table, for the
Network Analyzerbasedradarsensorcontaindataaboutthe measuremenwhich areintendedio be usedprimarily by the
University of Michiganstaf for dataverification.

Severaladditionaltablescontaindetailedgroundtruth measurementshe namesof which eachstartwith “gt_." Examples
of thesetablesincludegt_alfalfa, gt.corn,gt.grass gt snaw, gt soybean gt suriace,andgt tree.

To facilitatea detaileddescriptiorof thecontentof themuellertableandtheancilliary andgroundtruth tables arelatively
smalltablecalled'HELP’ containsa descriptionof the columnnamesfor eachtable and meaningof the datacontained
therein.



Column variabletype units meaning
time_msmt time HH:MM:SS Time of Measurement
datemsmt date DDMMYYYY Dateof Measurement

rf_ctr real GHz sensorcenterfrequeny
rf_bw real GHz RF bandwidth(GHz)
targ_type char(5) pointdistijother tamgettype

descript varchar(32) field descriptionof target

ptsindep real estnumberof independensamples
msmtmode char(32) NWA|UFWBR sensor

angdep real degy depressiomngle

anggraz real dgy grazingangle

anginc real degy incidenceangle(90-anggraz)
anglook real dgy look angle(90-angdep)
mll real (seebelow) avg modifiedmuellermatrix
m44 real
sig.w real dB or dBsm sigmaVV polarization
sig_hh real dB or dBsm sigmaHH polarization
sigIx real dB or dBsm sigmalin. crosspolarization
sigll real dB or dBsm sigmalLL polarization
sigrr real dB or dBsm sigmaRR polarization
sig.cx real dB or dBsm sigmacirc. crosspolarization
sigmaunits char(5) RCSYsigma0 sigmatype
alphac real copolcorrelation
zetac real degy copolmeanphasedifference
alphax real crosspokorrelation
zetax real degy crosspoimeanphasdlifference
targ_class char(12) cluttertypecode
specdomlat  varchar(16) dominantspecied.atin name
specdomcom varchar(16) dominantspeciecommonname
targ_site varchar(16) addres®f measuremertite
photahost char(8) hostsystemfor photos
photapath char(32) pathto photodirectory
photafile char(12) list of photofiles
targ_comm varchar(32) tagetcomments

Tablel: Fieldsof the Mueller table.



3.5. TheMu€éller Matrix

ThemodifiedMueller matrix (hereaftekknown asthe Mueller matrix) is given by

My, My Mz My
Moy May Moag Moy
Mz, Msy; Msz Msy
My Mgy My Myy

?%2 %Q (Re{ S5, S }) —(Sm{S%Su})

|Shal” (Re{ShpShot) —(Sm{ S}, }) (10)
2<§R6{S’UUS;;’U}> 2<§Re{SUhSI>;h,}> <§Re{SUUS;;h + Svhs;;v}> <%m{svhs;7(.v - S’UUS;;}I}>
2(%?’)’&{5””5;:1)}) 2<%m{‘svhs;:h}) <%m{svv‘sl>:h + Svh‘s;:v}> <§R6{Sm,5;:h - Svh‘s;:v}>

andis a completedescriptionof polarimetricscatteringbehaior for statisticallyhomogeneouslutter The symbol ()

denotesensembleaveraging. The form of the Mueller matrix arisesfrom the fact thatthe modified Stokesvector which
describeghe intensityandpolarizationstateof anelectromagnetievave, representing wave incidenton clutter, is trans-
formedby matrix multiplicationwith the Mueller matrix into theappropriatanodifiedStokesvectorrepresentinghewave
scatteredrom the clutter The expressionabore is valid for boththe Forward ScatteringAlignment (FSA) andthe Back-
scatteringAlignment (BSA) corventions,however, asthe S matrix is defineddifferently in thesecorventions,a given
Mueller matrix full of numbersmustbe specifiedasto which alignmentis used. The Clutter Databasausesthe BSA
corvention. Theinterestedeaderis referredto Ulaby andElachi[12] for acompletetreatmenbf thesetopics.

4. THE SIMULATOR ALGORITHM

This sectiondescribes recipefor repeatedlyfinding randomvaluesfor the S matrix which are statisticallycorrectfor a
particularhomogeneouslutter Thatis, theS elementsareindividually Rayleighdistributed but which togethersatisfya
particularMueller matrix. Thealgorithmapproachs foundin anappendixto anarticleby Lee, et al. [21].

4.1. Simulating Scattering Matricesfrom a Mueller Matrix

Let usdescribehescatteringmatrix S, givenby (1), asavector:
Shh
z=| Sy (1)
Shv
Then,the covariancematrix C is givenby C = (z z') (wherez! indicatesthe conjugateransposef z), or, explicitly,
(ISul) (SuSh) (SuSty)

C= | (SuSin) (ISul’) (SuSiu) |- (12)
<Sh'u5;;h> <Shvs;v> <|Shv‘2>



This representationf the polarimetricbackscatteis a simplerearrangementf the informationcontainedn the Mueller
matrix, which is storedin the Clutter Database.

For Rayleighdistributedscatteringthe covariancematrix is sufiicient to describethe distribution of the S matrix, with the
joint pdf of the S matrix elementsgyivenby [22]:

p(z) = ﬁexp(—zf .C7L. z) (13)

This equationis a polarimetricgeneralizatiorof (3).

If we do aneigenanalysison the covariancematrix, we canexpressit as
C=V.A. V! (14)

whereA is the diagonalmatrix consistingof the real eigevaluesof the Hermitianmatrix C, andV is a matrix consisting
of the properly orderedeigewectorsof C. Sinceeacheigetvector canbe arbitrarily scaled,a scalingwhich makes'V
unitaryis chosensothatV—! = V1 and|V| = 1 [23]. Then,it is possibleto expressthe distritution as

1 -1 -1
p(Z)dZ = mexp(—ZT -V-A -V -z)dz
1
-~ vi.T.
- 7r3|A|@(p( y' - Toy)ds

= %F-‘XIO(—yT -y) dy = p(y)dy (15)

wherel is theidentity matrix,
1
z=V-A2.y (16)

1
andA? is thediagonalmatrix of squareroots(arbitrarybranch)of the eigevaluesof C.

The pdf of y, asgiven by the lastequalityof (15), is the pdf of 3 independentomplex Gaussiamrandomvariableseach
with zeromeanandunit variance.SuchGaussiarrandomvariablesareeasilyobtained[24]. Thus,(16) suggestshatthe
appropriatdinearcombinatiornof asetof 3 independentomplex Gaussiamandomvariablescangive theelementof theS
matrix which hasthe propertiesof the desiredMueller matrix. The S matrix generatioralgorithmis, therefore asfollows:

First, make mary individual measurementévia SAR or scatterometerdf the particularclutter type underthe desired
conditions. EachmeasuredS matrix is convertedto a Mueller matrix and all of theseMueller matricesare averaged
togetherto form a single “averageMueller matrix” which representghe statisticalpolarimetric characteristicof that
clutter Thisinformationis storedin the Clutter DatabaseThis processs depictedin the top portionof the flow chartin
Fig. 1.

For simulation,we mustidentify a region in animageasa particularcluttertype. Then,the appropriateaverageMueller

matrix is extractedfrom the Clutter DatabaseThis Mueller matrixis corvertedto a covariancematrix, andthis covariance
matrix is decomposethto a unitary matrix of eigewvectorsanda diagonalmatrix of squarerootsof the eigervalues.This

processs portrayedn the middle of Fig. 1 with singleheadedarrows.

A randomnumbergeneratotis then emplo/ed to createthreeindependenizero-mearunit-variancecomplex Gaussian
randomnumbersfor eachpixel in the imageregion. Theserandomnumbersarelinearly combinedaccordingto (16) to
createthe simulatedS matrix values.Figurel shaws this procesgowardsthe bottomwith doubleheadedarrows.
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Figurel: Flow diagramfor the Simulationalgorithm.

For the next pixdl in theimageregion, thealgorithmrepeatsstartingwith therandomnumbergeneratarSincethe average
Mueller matrix is the sameacrossthe region, we do not needto calculatenew eigemwaluesor eigervectors. That s,
subsequenpixelsin aregioninvolve only the processhavn in Figurel with doubleheadedarrows.

For the next region in the image,a new averageMueller matrix appropriatefor the clutter in this next region mustbe
extractedfrom the Clutter Database Thatis, thefirst pixel of eachregion involvesthe entireprocesshovn in Figurel

(i.e. themiddle andbottomportionsof the flow chart).

If we subdvide theareafor a particularcluttertypein theimageto besimulatednto appropriatelyinterleared regions,for
whichthe conditionsdiffer slightly, we cansimulatetextureandnon-Rayleighifadingstatisticsmuchlik e thatfor thesnaov

discusseaarlier

5. EXAMPLESOF SIMULATED IMAGES

By homogeneousimulationit is meantthattheimageis brokenup into regions,andeachregion containsRayleighclutter
thatcanbedescribedy asingleMueller matrix. Thisis a majorassumptioraboutthe natureof the dataobsered, but we
shallseethatthisis adequatdor usingSPRIasalossySAR imagecompressiomlgorithm. Furtheruseof this assumption
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Figure2: Singlelook Ka-bandSAR imageusedfor verifying the homogeneousimulationalgorithmof SPRI.HH is in

red,VV isin greenandHV isin blue. Thedepressiomngleis 3.8 andilluminationis from theleft. Treesin theupperleft

. .

Figure 3. Aerial photo of region in the previous figure. This photographandthe imagein the previous Figure are not

of theimagearecastinglong shadavs acrosgsheimage.

co-rajistered.Thebandsacrosghe photoareartifacts.

is madein thesubsequergubsectionsvherea SAR imageis simulatedirom anaerialphotograptandwherea SAR image
atKa-bandis usedto simulatethe samesceneat W-band.

The imageryusedwasobtainedby the Lincoln Lab 33.6 GHz SAR [25,26] on behalfof the Army Research.aboratory
Theimageis oneframeof mary acquirednearHillsboro, MD, onthe EasterrShore about50 km Eastof Annapolis,MD,
in the Springof 1992. The particularimageconsideredereis from mission335, pass5, level 4, frame216. It has2048
pixelsin therangedirectionand512 pixelsin the azimuthdirection; pixel resolutionis 22.87cm in both directions.The
dataaresinglelook comple andfully polarimetric. Thisimageis shavn in Figure2, andanaerialphotograptof thesame
areataken ataboutthe sametime is shavn in Figure3.

5.1. A Fidelity Test: Simulation asa L ossy Compression

Thefirstimagesimulatedwill demonstratéwvo featuresof themostbasicpartsof SPRIfirst, it will shav how thealgorithm
displayedin Figurel is implementedandsecondijt will shav how faithful the simulationalgorithmis in re-creatingreal
data.

The first stepis to sgmentthe imageinto regions of reasonabldhomogeneity This was achiezed by converting the
VV, HH, andVH amplitudechanneldo decibels,so that the fading variationwould be constantacrossthe image[27],
and successiely applying an enhanced.ee adaptve despecklindfilter [28] on eachof thesechannels. The resulting
despeckledhannelsvereusedastheinputto anunsuperviseadlusteringalgorithm[29] the outputof which wassievedto
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Figure5: Threechannelf noiseusedto simulateanimage.

blendregionssmallerthan32 pixelsinto their mostappropriateneighbors This procesgound 11 regionsin theimage,of
which 4 areusedin characterizinghe intensityroll-off at eachedgeof theimagein the rangedirection. For eachregion,
the averageMueller matrix wascalculatedrom theoriginal singlelook data. Theseregionsareshawvn in Figure4.

For a testof the simulation, theseregions and the Mueller matricesextractedfrom them were usedto reconstructthe
radarimageusingthealgorithmdescribedn this paperThreecomple numbersof white Gaussiamoisearegeneratedor
eachpixel, asrepresentedh Figure5. TheseGaussiamoisenumbersare multiplied by the appropriatesigevaluesand
eigewvectorsfor theregionsshavn in Figure4 accordingo (16) to createthe simulatedmage. Theresultingsimulationis
shavn in Figure6. While the fadingfor individual regionsdefinedin Figure4 is polarimetricallyRayleigh,the fadingfor
thetreesfieldsandshadevs, is non-Rayleighasdescribedy the polarimetricequivalentto (7), sinceeachof theseclutter
area;aarecomposef severalregions.

The matchbetweenthe simulatedimageandthe original imageis very good overall, but the simulationis not an exact

re-creationof the imagein Figure2. On a pixel by pixel basis,the original image and the simulatedimage are very

different. But on a statisticalbasis,the two agreevery closely even for polarimetricquantitieslike co-polarizedphase
differences.One otherway in which the original imageandthe simulatedimagediffer is in the sensorartifacts: in the

original imageseveral streaksexist in range,dueto very large scatterersat the sameazimuthpositionbut just off to the

left of the image. Thesestreaksapparentlydo not obey Rayleighstatisticsandthusare not simulatedfaithfully. Sensor
degradationpost-processing requiredto properlycreatethesemageartifacts.

In a sensethis exerciseresultsin a lossy compressiorof the full polarimetricimagedown to a simplebitmapand110
realnumberq11 Mueller matriceswith 10 independenbhumberseach).While the original andthe simulatedmagematch
closelyin their amplitudedistributions, thereis no guaranteghat eitherimagehasthe correctimageintensity Thatis, if
therewereary calibrationerrorsin the originalimagegivenby Figure2, theerrorshave beensimulatedn Figure6 aswell.
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Figure6: Thesimulatedmagegeneratedrom thenoisein Figure5 andtheaverageMueller matricesassociateavith each

regionin Figure4.
Figure7: Regionsextractedfrom the aerialphotograph.

5.2. Simulation from Aerial Photography

As anadditionalexampleof thesimulationalgorithm the aerialphotograptof Figure3 wasusedasthebasisfor generating
theregionsto befilled with clutter The segmentationof the photographinto regionsis shavn in Figure7. Usingthese
regions,andthe sameaveragedMueller matricesasusedin the previous simulation,theimagein Figure8 is simulated A
striking differencebetweerthe actualimageof Figure2 andthis simulationis obsered: thetreesdo not castshadavs in
this simulation. This is becausehe aerial photographwasfrom overheadwhile the original imagewastaken from near
grazing. Built into the simulatoris the ability to add shadavs to simulatedimages. This is particularly usefulwhenan
imageis to besimulatedrom anothetimagetakenata differentdepressiomngle.In this casethesimulatorcandetermine
theheightsof objectsin theoriginalimagebasedntheshadevs they castandaddthepropershadavs to thenew simulated
image.

In arecentresearcteffort conductedat The University of Michigan[30], a new techniquefor determiningthe extinction
ratethroughatreecanopy from the measuredadarbackscatteresponsavasdeveloped. Thetechniques beingapplied
now to all treecanoly datameasuredby the University of Michiganandthe computedextinction rateswill beincorporated
into the MMW Clutter DatabaseThe simulatorwill be ablethento usethe extinction ratesandMueller matricesof trees
to simulatemorerealisticshadvs.

5.3. Simulation from Ka-band to W-band

A third example of a simulatedimage addresseshe problemof translatinga SAR sceneobsered at one frequeng to
a SAR sceneat a differentfrequeng. For this simulation,the regions are determinedrom the original SAR imageas
depictedin Figure4, but the Mueller matriceswere extractedfrom the University of Michigan Clutter Database For the
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Figure8: SimulatedKa-bandimageusingthe aerial photographto determinethe regions andthe actualradarimageto
determinghe Mueller matrices.Becausehe aerialphotowasfrom directly overheadthe layout of the fieldsarecorrect,

but thetreesdo not castlong shadavs.

G

Figure9: SimulatedW-bandimageusingthe actualKa-bandradarimageto determinethe regionsand Mueller matrices

from the University of Michigan's phenomenologyrogram.

shadwov regions,the Mueller matricesfor the treeswere simply scaleddown by a factorrangingbetween2 and10. The
resultingsimulationappearsn Figure9.

6. CONCLUSIONS

This paperintroducesSPRI:the Simulatorof PolarimetricRadarimages.SPRIis aradarsimulatorwhich cancreatehigh-
resolutionpolarimetricsingle-lookclutterimages. The simulatordravs on a userspecifiedgeometryand a databasef
Mueller matricesfor the regionswithin thatgeometryto createradarclutterimages.The userspecifiedgeometrymay be
from an existing SAR imageat a differentradarfrequeng from thatdesired,an existing aerialphotographor the users
imagination.

For realisticsimulationstheUniversityof Michiganhasconstructednonlinedatabasef fully polarimetricmeasurements
of clutterat35and95 GHz. As of January2001 this ClutterDatabaseontainsover 3500Mueller matricesof terrainclutter,
muchof it neargrazingincidence EachMueller matrix representainaverageof mary individual polarimetricbackscatter
measurementsf a particularhomogeneousluttertype. Thesemeasurementsomefrom several sourcesThe University
of Michigan’s ultra-fast wide-bandradarsspecificallydesignedfor this project, an earlier generatiometwork-analyzer
basedadarstheU. S. Army Research.aboratorys 95 GHz monopulseadar andthe University of Massachusettgulse
radars.
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This paperdemonstratethat a Rayleighfading simulatoris sufiicient for simulatingmostclutter, eventhoseexhibiting
textureandotherheterogeneities.
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