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ABSTRACT

SPRI consistsof a suite of imageprocessingprogramsfor producingrealistic millimeter-wave (MMW) radar images
artificially on a workstation. The heartof the simulationapproachis a polarimetricRayleighclutter simulatorcoupled
to a clutter database.The simulatorproduceshigh resolutionsingle-lookpolarimetricimages.Hard targetscanthenbe
embeddedinto thiscluttermap,andtheresultantimagecanbedegradedin resolution,numberof looks,polarization,etc.to
matchthatwhichwouldbeobservedby arealsensor. Examplesof simulatedimages,andcomparisonsof thesesimulations
to actualimages,arepresented.

TheMMW ClutterDatabaseis themostcomprehensive to-datedatabaseof over 3500Mueller matricesfor many kindsof
terrestrialcluttermeasuredat35and95GHz,many of whichareat incidenceanglescloseto grazing.Thedatabasecanbe
accessedvia aWorld WideWebflexible interfacethatenablesdatato becombinedin new anduniquewaysspecifiedby the
user, anddisplayedin eithertabular or graphicalformat.Thestructureandaccessprocedureto thedatabasearedescribed.

�
Preparedthroughcollaborative participationin theAdvancedSensorsConsortiumsponsoredby theU.S.Army ResearchLaboratoryunderthe

FederatedLaboratoryProgram,Cooperative AgreementDAAL01-96-2-0001.
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1. INTRODUCTION

Radarimageshaveprovento beinvaluabletoolsin theremotesensingcommunity, with regardto bothcivilian andmilitary
applications.With theadvent of SyntheticApertureRadar(SAR), very high resolutionimagescanbe readily generated
at both centimeterand millimeter wavelengths. For many tasks,suchas testingAutomatic Target Recognition(ATR)
algorithms,it is desirableto have a particularradarimagetakenwith a particularsensorunderparticularconditions.Such
radarimagesareoftenunavailable,dueto thefact thata radarobservation like theonedesiredhasnever beenperformed,
or becauseanexisting imagecannotbereleased.To make theobservation would bevery expensive, andevenmoresoif
thesensorhasyet to bebuilt.

Not all applicationsrequirereal images. Training of personnelto readradarimages,for example,do not requirereal
images.TheaforementionedATR testingis anotherexamplewherereal imagesarenot required.Evaluationof proposed
sensorsprior to prototypingis anotherapplicationof synthesizedimagery. This documentdescribesthe techniquesfor
radarimagesimulationusingSPRI,theSimulatorof PolarimetricRadarImages.

Themajority of any radarimageconsistsof clutter. Clutterbehavesaccordingto a particularstatisticaldistribution, and
the first sectionof this paperexploresthe waysof describingthat distribution with the Rayleighdistribution. Then,a
generalizationof this distribution is madeto thepolarimetriccase,andthealgorithmfor generatingRayleigh-distributed
polarimetricdatais given. Remainingobjectsin animageconsistof man-madetargetswhich mayor maynot behave like
clutterdoes.Polarimetriccluttersimulationis combinedwith existing targetembeddingtechniques.

Thecluttergenerationdependson two parts:aclutterdatabaseandasimulationalgorithm.Thesimulationalgorithmcon-
vertsrandomnumbersinto complex scatteringmatrices,

�
, whicharestatisticallyappropriatefor theclutterbeingmodeled.

But theconversionrequiresinformationon thecovarianceof the
�

matrix elementsthat is uniqueto theparticularclutter
beingmodeled. A clutter databaseof measuredMueller matricesfor varioustypesof clutter underdifferentconditions
providestheinformationrequiredfor thesimulatoralgorithm.

Several radarimagesimulators( [1–3] for example)have beenintroduced,andvery many collectionsof radardataof
terrainhave beenpublished( [4–10] for someexamples).This paperdocumentsa simulatorof radarimagesfor terrainat
millimeter wavelengths,coupledwith anonlinedatabaseof measurementsof carefullyselectedhomogeneousclutter. All
of thesemeasurementsin theClutterDatabaseareatmillimeter wavelengthsandarefully polarimetric.

2. CLUTTER AND THE RAYLEIGH DISTRIBUTION

For this simulatorto functionrealistically, thestatisticalnatureof cluttermustbeaccuratelycharacterized.We foundthat
the Rayleighmodel for fading is appropriatefor clutter which is homogeneous,andthat inhomogeneousclutter canbe
describedasa collectionof homogeneousclutterbut with varyingnormalizedradarcrosssection(RCS)[11]. Thus,the
mostgeneraltypeof cluttercanbegeneratedusingtheRayleighmodel,to accountfor thefading,coupledwith theBayes
rule, to accountfor thevariationsin thenormalizedRCS.

This sectionsummarizesthe conclusionsfound in [11]. That studyinvestigatedthe statisticalnatureof clutter observed
neargrazingincidenceandat 95 GHz for threespecificcasesof clutter: bareground,snow cover over a bareground,and
a heterogeneousscenecontainingbareground,trees,bushes,andtall grasses.Thebaregroundconstituteshomogeneous
clutterunderhomogeneousconditionsandthemagnitudeof theamplitudeis Rayleighdistributed. While thesnow cover
is homogeneousclutter, theconditionsunderwhich it wasobservedareheterogeneous,andtheBayesrule is employedto
describetheclutter distribution. The Bayesrule integratesvariationsdueto signalfadingwith the underlyingvariations
in thebackscatteringcoefficient associatedwith theheterogeneity. Theheterogeneoussceneis alsosuccessfullydescribed
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with theBayesrule.

For thepurposeof furtheringdiscussion,let usestablishanomenclatureof thescatteringprocessanddescribeits statistical
nature.Assumea polarimetricradarimageof homogeneousterrainconsistsof a largenumberof pixels, � , eachof area�

. For eachpixel, thebackscattermeasuredby thesystemis in theform of thescatteringmatrix
�

, where[12]:�����	��
�
 � 
�
� 
�
 � 
�
���� (1)

Theelementsof
�

arethecomplex scatteringamplitudesassociatedwith the four differentcombinationsof transmitand
receive linearpolarizations.Element� , where � representsany oneof ��
�
 , � 
�
 , � 
�
 or � 
�
 , maybeexpressedas� � ����������� � ��� � � �� "!$# (2)

where � � � Re% �'& # � �(� � Im % �'& #)� � � is themagnitudeof � and * is its phaseangle.Thejoint probabilitydensityfunction
of therealandimaginarypartsof � areeachGaussiandistributedwith zeromeansandequalvariancesandis givenby+�, � � # � � �.- � /02143�5 exp 687:9 � � 5 �;� � � 5�<�= 0�3 5?> (3)

where
3

is thestandarddeviation.

Thepdf of @ � 0BA 1 � � � is givenby+�, @ �DC@ - � 1 0 @C@ 5 exp EF7 1 G , @ = C@ - 5"H # @JI:K # (4)

where
C@ is the meanvalueof @ andit is relatedto the standarddeviation

3
by

C@ �ML N 5 , 0BA 1�3 - � A 02143
. The term

“Rayleigh fading” is usedto describethe scatteringprocessfor any quantityassociatedwith statisticallyhomogeneous
clutter, even thoughit is only the received voltagemagnitudethat is Rayleighdistributed while the distributions of the
backscatteredpower andotherquantitiesarenot. For intensity(power) or intensityrelatedquantities,suchasthe radar
crosssectionperunit areawhenexpressedin unitsof , m5 = m5 - , thepdf for a singlesampledrawn from a populationwith
mean

CO �QPN C@ 5 becomesanexponential[4,13]:+�, O � CO - � / CO exp 6R7 O = CO > # O I;K (5)

where
CO

is the meanvalueof
O

and
O � @ 5 � G 1 � � � 5 . If a scenewith varying

CO
wasimagedby a one-lookper pixel

radar, theobservedintensityof theresultantspeckledradarimagewouldbecharacterizedby apdf givenby theBayesrule
as[14]: +�, O - �TSVUW +�, O � CO - +�, CO -YX CO (6)

where
CO

is the meanintensity (in linear units of m
5 =

m
5
), and +�, CO - is the pdf of the meanintensitieswhich vary from

region to region in a typical radarimage. To apply this Bayesformula, we shall convert the integral into a summation
over observed meanvaluesfor homogeneousclutterunderhomogeneousconditions. If we denoteby

CO�Z
themeanvalue

obtainedby averagingmany independentsamplesof homogeneousclutter, aswould becontainedin theClutterDatabase,
then(6) mayberewrittenas +�, O - � /� W\[^]_Z�`'a /CO�Z exp , 7 O = CO�Z - (7)
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wherewe have replaced+�, O �'CO - with theexponentialpdf givenby (5).

For lineardetection,theequivalentexpressionsare+�, @ - � SbUW +�, @ � C@ - +�, C@ -4X C@ (8)

for thecontinuouscase,and +�, @ - � 10 � Wc[^]_Z�`'a @C@ 5Z exp d�7 1 Gbe @ C@ Z�f 5"g (9)

for thediscretecase.

In ourpreviouswork [11], wecomparedthedistributionspresentedin thissectionwith thoseobtainedfrom measurements
madeby theArmy ResearchLaboratory[9] aspartof theSmartWeaponsOperabilityEnhancementproject[15].

We confirmedthat theRayleighfadingmodelis quitesuitablefor characterizingthebackscatterdistribution for homoge-
neousterrainunderhomogeneousconditions,andwe demonstratedthat the Bayesformula providesa physicallybased
approachfor characterizingthe distributions for heterogeneousterrain. As a result,a comprehensive databaseof clutter
measurementsof homogeneousterrainshouldbesufficient for generatingsimulatedradarimagesof heterogeneousscenes.

3. THE CLUTTER DATABASE

We have collecteda ClutterDatabaseof many polarimetricmeasurementsof theMueller matrix of terrainat millimeter-
wave (MMW) frequenciesandat neargrazingincidence.Eachof thesemeasurementsrepresentsan averageover many
independentsamplesof homogeneousclutterunderhomogeneousconditions.In additionto theMueller matrix, we have
includedin the Clutter Databaseextensive groundtruth so that modelsfor the radarbackscattermay be generatedfrom
thedatataking into accounttheunderlyingphysicalparameterswhich control thebackscatter. Thesemodels,or thedata
itself, canbeusedto modelnot only homogeneousclutterunderhomogeneousconditions,but alsounderheterogeneous
conditions,asoutlinedin theprevioussection.Thenext sectiondescribesin detailhow this is donepolarimetrically.

The Clutter Databaseis an online repositoryfor calibratedpolarimetricbackscattermeasurements.As of January2001,
theClutterDatabasecontainsover3500MuellermatricesmeasuredatKa- andW-bands.Mostof thisdatais in anangular
rangeneargrazing,but somemeasurementsexist atnearlyall anglesof incidence.All of thedatais fully polarimetric,and
thereforethebackscatteringcoefficient valuesareavailablenot only in thelinearbasis( @�@ , hih , and hj@ polarizations)
but alsoin thecircularbasis( kDk , lml , and knl polarizations).

The Clutter Databaseis a growing, living entity. In addition to ongoingMMW measurementsbeingconductedat the
Universityof Michigan,previouspolarimetricbackscattermeasurementsatotherfrequencies(suchasL-, C- andX-bands)
mayalsosomedaybe includedin theClutterDatabase.In principle,othermeasurementsof clutter, suchasbistaticmea-
surements,measurementsof extinction within scatteringmedia,or RCSmeasurementsof hardtargetscouldbecomepart
of theClutterDatabase.

3.1. Measurement System Description

Thefully polarimetricultra-fastwidebandmillimeter-wavescatterometersystem,developedatTheUniversityof Michigan,
wasusedin conductingthemajorityof thesemeasurements.Thesystemconsistsof two RF-frontendunits(oneat35GHz
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and the other at 95 GHz) and an IF transceiver (transmit/receive) module. The scatterometersystemoperatesin Real
ApertureRadarmode(RAR) with anangularresolutionof 2 and1.4 degreesat 35 and95 GHz respectively. In addition,
thetwo scatterometershave 1 foot rangeresolution(500MHz systems).

The principleof operationof theultra-fastscatterometersystemcanbe summarizedasfollows: The transceiver module
generatesa C-bandpulsechirpedover 500MHz. Thechirpedpulseis upconvertedin theRF-frontendunitsto thedesired
MMW frequenciesand transmittedas either a vertically or horizontally polarizedpulse. The backscatteredresponse,
interceptedby thereceiveantenna,is downconvertedin theRF-frontendunitsto C-bandandsentbackto theIF transceiver
module. Insidethe transceiver, the received signal is downconvertedonceagainto basebandanddetecteddirectly using
a Digitizing Oscilloscope.The datais then transferredto a personalcomputerwherethe time domainresponseand/or
the frequency domainresponseof the target (or clutter)undertestcanbeextracted.An importantfeatureof this system
is the high speedwith which it acquiresthe completescatteringmatrix, therebypreservingphasecoherencebetween
polarizations.Detailsaboutthis systemmaybefoundin [16].

3.2. Other Sources of Data

TheUniversityof MichiganhasattemptedtocollectpolarimetricMMW datafromasmany sourcesaspossiblefor inclusion
in the Clutter Database.The Clutter Databaseincludesnumerousmeasurementscollectedsince1991 with a network
analyzer-basedscatterometersystem[17] designedandbuilt by theUniversityof Michigan.

Othersourcesof dataincludecluttermeasuredby theArmy ResearchLaboratorywith their polarimetricW-bandmono-
pulseradar[18] aspartof theSmartWeaponsOperabilityEnhancement(SWOE)program[9], andmeasurementsof clutter
by theUniversityof Massachusettsat35,95 and225GHz [6].

3.3. Accessing the Clutter Database

The Clutter Databaseis availableonline free of charge but it is password protected.A password canbe obtainedby an
institution(Universityor corporation)in acountrywhichis partof NATO whenaletterof needis receivedat theUniversity
of Michiganfrom theinstitution’s governmentsponsor, or from theArmy ResearchLaboratory. Contacttheauthorsat the
emailaddresslistedfor detailedinformationon accessingtheClutterDatabase.

A brief overview of thecontentsof theClutterDatabaseis availableat
http://larch.eecs.umich.edu/o deroo/clutterhelp
ThisWorld Wide Websiteis notpassword protected.

QueryBuilder, thegenericwebinterfaceto anSQLdatabase,andtheClutterDatabasein particular, is locatedat
http://larch.eecs.umich.edu/cgi-bin/querybuilder/querybuilder.cgi
but requiresa password for accessto the Clutter Database.A descriptionof QueryBuilder’s capabilities,and several
examplesof queriesof theClutterDatabase,canbefoundat
http://larch.eecs.umich.edu/cgi-bin/querybuilder/querybuilderhelp.cgi
ThisWorld Wide Websiteis alsonotpassword protected.
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3.4. Clutter Database Structure

Thedatabaseis written in StructuredQueryLanguage(SQL),amulti-vendorsupporteddatabaselanguage.SQLdescribes
an industrystandardfor communicatingwith databases,andSQL supportsmany kinds of fastconditionalsearchesof a
database.

TheWWW interfaceto thedatabase,known asQueryBuilder, simplymimicsthesyntaxof the‘Select’query, thecommand
for extractinginformationfrom an SQL-compatabledatabase.In additionto the QueryBuilderhelp page,detailson the
constructionof ‘Select’ queriescanbefoundfrom numerousbooks( [19,20], for example).

Theparticularvariantof SQL usedfor theClutterDatabaseis MySQL, a freesoftwarepackageoptimizedfor speedand
robustness.MySQL is notcompletelycompatiblewith theANSI SQL92standard,but theincompatiblefeaturesof MySQL
have beenavoidedin its implementationfor theClutterDatabase.

Thedatabaseconsistsof anumberof files,eachof which, in theparlanceof SQL,constitutesa table.

The main table is denotedthe Mueller table,and it containsnot only the Mueller matrix databut all the parametersin
Table1. The dateandtime areincludedin all tables. In fact, they jointly constitutethe primary key in eachtable(that
is, they mustbeuniquefor eachentryandcanbeusedto index theentries)andcanbeusedto crossreferencedatain the
tables.

The Clutter Databaseconsistsof multiple tables. The main table is the ‘mueller’ table, which containsthe measured
Mueller matricesof clutter for many kinds of terrainundermany conditions. The mueller tablecontainsthe following
groupsof information:

1. acquisition(dateandtimeof themeasurement,theorganizationwhichacquiredthedata,theorganizationwhichpaid
for thedata,etc.),

2. radarparameters(centerfrequency, banddesignation,bandwidth,angleof incidence,etc.),

3. radarreturn(theMuellermatrixelements,p W in linearandcircularbasis,phasedifferencestatistics,etc.),and

4. clutterclassification(targetclasses,roughness,wetness,speciesnames,etc.).

In additionto themaintable,therearetheancilliary informationtablesandthegroundtruth tables.Theancilliary informa-
tion tablessupplementsthemuellertableinformationontheradarsystems;thegroundtruthtablessupplementsthemueller
tableinformationon theclutterclasses.In bothcases,therecordsin thesetablesarecross-indexedto themuellertablevia
thetimeanddateof theradarmeasurement,asthis is (nearly)auniquekey for thedata.

Presently, two tablescontaintheancilliarydatafor two typesof sensorconfigurationsavailableat theUniversityof Michi-
ganfor the measurements.The UFWBR table,for the Ultra-FastWide-BandRadarsensor, andthe NWA table,for the
Network Analyzer-basedradarsensor, containdataaboutthemeasurementwhichareintendedto beusedprimarily by the
Universityof Michiganstaff for dataverification.

Severaladditionaltablescontaindetailedgroundtruth measurements,thenamesof whicheachstartwith “gt .” Examples
of thesetablesincludegt alfalfa,gt corn,gt grass,gt snow, gt soybean,gt surface,andgt tree.

To facilitateadetaileddescriptionof thecontentsof themuellertableandtheancilliaryandgroundtruthtables,arelatively
small tablecalled‘HELP’ containsa descriptionof thecolumnnamesfor eachtableandmeaningof the datacontained
therein.
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Column variabletype units meaning
time msmt time HH:MM:SS Timeof Measurement
datemsmt date DDMMYYYY Dateof Measurement

rf ctr real GHz sensorcenterfrequency
rf bw real GHz RFbandwidth(GHz)

targ type char(5) point
�
distr

�
other targettype

descript varchar(32) field descriptionof target
pts indep real estnumberof independentsamples

msmt mode char(32) NWA
�
UFWBR sensor

angdep real deg depressionangle
anggraz real deg grazingangle
ang inc real deg incidenceangle(90-anggraz)
ang look real deg look angle(90-angdep)

m11 real (seebelow) avg modifiedmuellermatrix
...

m44 real
sig vv real dB or dBsm sigmaVV polarization
sig hh real dB or dBsm sigmaHH polarization
sig lx real dB or dBsm sigmalin. crosspolarization
sig ll real dB or dBsm sigmaLL polarization
sig rr real dB or dBsm sigmaRR polarization
sig cx real dB or dBsm sigmacirc. crosspolarization

sigmaunits char(5) RCS
�
sigma0 sigmatype

alphac real copolcorrelation
zetac real deg copolmeanphasedifference

alphax real crosspolcorrelation
zetax real deg crosspolmeanphasedifference

targ class char(12) cluttertypecode
specdom lat varchar(16) dominantspeciesLatin name

specdom com varchar(16) dominantspeciescommonname
targ site varchar(16) addressof measurementsite

photohost char(8) hostsystemfor photos
photopath char(32) pathto photodirectory
photofile char(12) list of photofiles
targ comm varchar(32) targetcomments

Table1: Fieldsof theMueller table.
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3.5. The Mueller Matrix

ThemodifiedMueller matrix (hereafterknown astheMuellermatrix) is givenby

q �srttuwv axa v a 5 v azy v a Pv 5 a v 5x5 v 5 y v 5 Pv y?a v y 5 v yxy v y Pv P a v P 5 v P y v PxP
{}||~ �

rttttu
� � � 
�
 � 52� � � � 
�
 � 52� �z� �2� ���
"
 � 
�
���� 7 ����� � ���
"
 � 
�
��2�� � � 
�
 � 5 � � � � 
�
 � 5 � ��� �2� ���
�
 � 
�
 ��� 7 ����� � ���
�
 � 
�
 �2�0 �z� �2� � 
�
 � �
�
 ��� 0 ��� �2� � 
�
 � �
�
 �2� �F� �2� � 
�
 � �
�
 �V� 
�
 � �
�
 ��� �z��� � � 
"
 � �
�
 7 � 
�
 � �
�
 ���0 �z��� � � 
�
 ���
�
 ��� 0 �z��� � � 
"
 ���
�
 ��� ����� � � 
�
 ���
�
 �V� 
"
 ���
�
 �2� �F� �2� � 
�
 ���
�
 7 � 
�
 ���
�
 ���

{}||||~ (10)

and is a completedescriptionof polarimetricscatteringbehavior for statisticallyhomogeneousclutter. The symbol
� �

denotesensembleaveraging.The form of theMueller matrix arisesfrom the fact that themodifiedStokesvector, which
describestheintensityandpolarizationstateof anelectromagneticwave, representinga wave incidenton clutter, is trans-
formedby matrixmultiplicationwith theMuellermatrix into theappropriatemodifiedStokesvectorrepresentingthewave
scatteredfrom theclutter. Theexpressionabove is valid for boththeForwardScatteringAlignment(FSA) andtheBack-
scatteringAlignment (BSA) conventions,however, as the

�
matrix is defineddifferently in theseconventions,a given

Mueller matrix full of numbersmust be specifiedas to which alignmentis used. The Clutter Databaseusesthe BSA
convention.Theinterestedreaderis referredto UlabyandElachi[12] for acompletetreatmentof thesetopics.

4. THE SIMULATOR ALGORITHM

This sectiondescribesa recipefor repeatedlyfinding randomvaluesfor the
�

matrix which arestatisticallycorrectfor a
particularhomogeneousclutter. That is, the

�
elementsareindividually Rayleighdistributedbut which togethersatisfya

particularMueller matrix. Thealgorithmapproachis foundin anappendixto anarticleby Lee,et al. [21].

4.1. Simulating Scattering Matrices from a Mueller Matrix

Let usdescribethescatteringmatrix
�

, givenby (1), asavector:� � ru � 
�
��
�
� 
�
 {~ (11)

Then,thecovariancematrix � is givenby � �J� ������� (where�B� indicatestheconjugatetransposeof � ), or, explicitly,

� � rtttu � � � 
�
 � 5 � � � 
�
 � �
�
 � � � 
�
 � �
�
 �� � 
�
 ���
�
 � � � � 
�
 � 5 � � � 
�
 ���
�
 �� � 
�
 ���
�
 � � � 
�
 ���
�
 � � � � 
�
 � 5 �
{}|||~ � (12)
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This representationof thepolarimetricbackscatteris a simplerearrangementof the informationcontainedin theMueller
matrix,which is storedin theClutterDatabase.

For Rayleighdistributedscattering,thecovariancematrix is sufficient to describethedistribution of the
�

matrix,with the
joint pdf of the

�
matrix elementsgivenby [22]:+�,�� - � /1 y � � � exp �27 � ��� ��� a � ��� (13)

Thisequationis apolarimetricgeneralizationof (3).

If we do aneigenanalysison thecovariancematrix,wecanexpressit as� ��� �) ¡� � � a (14)

where   is thediagonalmatrix consistingof therealeigenvaluesof theHermitianmatrix � , and
�

is a matrix consisting
of the properlyorderedeigenvectorsof � . Sinceeacheigenvector canbe arbitrarily scaled,a scalingwhich makes

�
unitaryis chosen,sothat

� � a �¢� � and
� �£��� / [23]. Then,it is possibleto expressthedistribution as+�,�� -¤X � � /1 y � � � exp ��7 � � � � ��  � a � � � a � ��� X �� /1 y �   � exp ��7¦¥ � ��§¨� ¥ � X �� /1 y exp ��7¦¥ ��� ¥ � X ¥ � +�, ¥ -¤X ¥ (15)

where§ is theidentity matrix, � ��� ��  a5 � ¥ (16)

and   a5 is thediagonalmatrixof squareroots(arbitrarybranch)of theeigenvaluesof � .

Thepdf of ¥ , asgivenby the lastequalityof (15), is thepdf of © independentcomplex Gaussianrandomvariables,each
with zeromeanandunit variance.SuchGaussianrandomvariablesareeasilyobtained[24]. Thus,(16) suggeststhat the
appropriatelinearcombinationof asetof © independentcomplex Gaussianrandomvariablescangivetheelementsof the

�
matrixwhichhasthepropertiesof thedesiredMuellermatrix. The

�
matrixgenerationalgorithmis, therefore,asfollows:

First, make many individual measurements(via SAR or scatterometer)of the particularclutter type underthe desired
conditions. Eachmeasured

�
matrix is converted to a Mueller matrix and all of theseMueller matricesare averaged

togetherto form a single “averageMueller matrix” which representsthe statisticalpolarimetriccharacteristicsof that
clutter. This informationis storedin theClutterDatabase.This processis depictedin thetop portionof theflow chartin
Fig. 1.

For simulation,we mustidentify a region in an imageasa particularclutter type. Then,theappropriateaverageMueller
matrix is extractedfrom theClutterDatabase.ThisMuellermatrix is convertedto acovariancematrix,andthiscovariance
matrix is decomposedinto a unitarymatrix of eigenvectorsanda diagonalmatrix of squarerootsof theeigenvalues.This
processis portrayedin themiddleof Fig. 1 with singleheadedarrows.

A randomnumbergeneratoris then employed to createthreeindependentzero-meanunit-variancecomplex Gaussian
randomnumbersfor eachpixel in the imageregion. Theserandomnumbersarelinearly combinedaccordingto (16) to
createthesimulated

�
matrix values.Figure1 shows thisprocesstowardsthebottomwith doubleheadedarrows.
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Figure1: Flow diagramfor theSimulationalgorithm.

For thenext pixel in theimageregion, thealgorithmrepeatsstartingwith therandomnumbergenerator. Sincetheaverage
Mueller matrix is the sameacrossthe region, we do not needto calculatenew eigenvaluesor eigenvectors. That is,
subsequentpixelsin a region involve only theprocessshown in Figure1 with doubleheadedarrows.

For the next region in the image,a new averageMueller matrix appropriatefor the clutter in this next region mustbe
extractedfrom theClutter Database.That is, thefirst pixel of eachregion involvestheentireprocessshown in Figure1
(i.e. themiddleandbottomportionsof theflow chart).

If wesubdivide theareafor aparticularcluttertypein theimageto besimulatedinto appropriatelyinterleavedregions,for
whichtheconditionsdiffer slightly, wecansimulatetextureandnon-Rayleighfadingstatistics,muchlike thatfor thesnow
discussedearlier.

5. EXAMPLES OF SIMULATED IMAGES

By homogeneoussimulationit is meantthattheimageis brokenup into regions,andeachregioncontainsRayleighclutter
thatcanbedescribedby asingleMueller matrix. This is amajorassumptionaboutthenatureof thedataobserved,but we
shallseethatthis is adequatefor usingSPRIasa lossySARimagecompressionalgorithm.Furtheruseof thisassumption
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Figure2: Singlelook Ka-bandSAR imageusedfor verifying thehomogeneoussimulationalgorithmof SPRI.HH is in

red,VV is in greenandHV is in blue.Thedepressionangleis 3.8³ andillumination is from theleft. Treesin theupperleft

of theimagearecastinglong shadows acrosstheimage.

Figure3: Aerial photoof region in the previous figure. This photographandthe imagein the previous Figurearenot

co-registered.Thebandsacrossthephotoareartifacts.

is madein thesubsequentsubsectionswhereaSARimageis simulatedfrom anaerialphotographandwhereaSARimage
atKa-bandis usedto simulatethesamesceneatW-band.

The imageryusedwasobtainedby theLincoln Lab 33.6GHz SAR [25,26] on behalfof theArmy ResearchLaboratory.
Theimageis oneframeof many acquirednearHillsboro,MD, on theEasternShore,about50km Eastof Annapolis,MD,
in theSpringof 1992. Theparticularimageconsideredhereis from mission335,pass5, level 4, frame216. It has2048
pixels in therangedirectionand512pixels in theazimuthdirection;pixel resolutionis 22.87cm in bothdirections.The
dataaresinglelook complex andfully polarimetric.This imageis shown in Figure2, andanaerialphotographof thesame
areatakenataboutthesametime is shown in Figure3.

5.1. A Fidelity Test: Simulation as a Lossy Compression

Thefirst imagesimulatedwill demonstratetwo featuresof themostbasicpartsof SPRI:first, it will show how thealgorithm
displayedin Figure1 is implemented,andsecond,it will show how faithful thesimulationalgorithmis in re-creatingreal
data.

The first step is to segment the imageinto regions of reasonablehomogeneity. This was achieved by converting the
VV, HH, andVH amplitudechannelsto decibels,so that the fadingvariationwould be constantacrossthe image[27],
and successively applying an enhancedLee adaptive despecklingfilter [28] on eachof thesechannels. The resulting
despeckledchannelswereusedastheinput to anunsupervisedclusteringalgorithm[29] theoutputof whichwassievedto
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Figure4: Regionsextractedfrom theoriginal radarimage.

Figure5: Threechannelsof noiseusedto simulateanimage.

blendregionssmallerthan32 pixelsinto their mostappropriateneighbors.This processfound11 regionsin theimage,of
which 4 areusedin characterizingthe intensityroll-off at eachedgeof theimagein therangedirection.For eachregion,
theaverageMueller matrixwascalculatedfrom theoriginal singlelook data.Theseregionsareshown in Figure4.

For a test of the simulation,theseregions and the Mueller matricesextractedfrom them were usedto reconstructthe
radarimageusingthealgorithmdescribedin thispaperThreecomplex numbersof white Gaussiannoisearegeneratedfor
eachpixel, asrepresentedin Figure5. TheseGaussiannoisenumbersaremultiplied by theappropriateeigenvaluesand
eigenvectorsfor theregionsshown in Figure4 accordingto (16) to createthesimulatedimage.Theresultingsimulationis
shown in Figure6. While thefadingfor individual regionsdefinedin Figure4 is polarimetricallyRayleigh,thefadingfor
thetrees,fieldsandshadows, is non-Rayleighasdescribedby thepolarimetricequivalentto (7), sinceeachof theseclutter
areasarecomposedof severalregions.

The matchbetweenthe simulatedimageandthe original imageis very goodoverall, but the simulationis not an exact
re-creationof the imagein Figure 2. On a pixel by pixel basis,the original imageand the simulatedimageare very
different. But on a statisticalbasis,the two agreevery closely, even for polarimetricquantitieslike co-polarizedphase
differences.Oneotherway 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 Rayleighstatisticsandthusarenot simulatedfaithfully. Sensor
degradationpost-processingis requiredto properlycreatetheseimageartifacts.

In a sense,this exerciseresultsin a lossycompressionof the full polarimetricimagedown to a simplebitmapand110
realnumbers(11Muellermatriceswith 10 independentnumberseach).While theoriginalandthesimulatedimagematch
closelyin their amplitudedistributions,thereis no guaranteethateitherimagehasthecorrectimageintensity. That is, if
therewereany calibrationerrorsin theoriginal imagegivenby Figure2, theerrorshavebeensimulatedin Figure6 aswell.
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Figure6: Thesimulatedimagegeneratedfrom thenoisein Figure5 andtheaverageMuellermatricesassociatedwith each

region in Figure4.

Figure7: Regionsextractedfrom theaerialphotograph.

5.2. Simulation from Aerial Photography

As anadditionalexampleof thesimulationalgorithm,theaerialphotographof Figure3 wasusedasthebasisfor generating
the regionsto be filled with clutter. Thesegmentationof thephotographinto regionsis shown in Figure7. Using these
regions,andthesameaveragedMueller matricesasusedin theprevioussimulation,theimagein Figure8 is simulated.A
striking differencebetweentheactualimageof Figure2 andthis simulationis observed: thetreesdo not castshadows in
this simulation. This is becausetheaerialphotographwasfrom overhead,while theoriginal imagewastaken from near
grazing. Built into the simulatoris the ability to addshadows to simulatedimages.This is particularlyusefulwhenan
imageis to besimulatedfrom anotherimagetakenatadifferentdepressionangle.In thiscase,thesimulatorcandetermine
theheightsof objectsin theoriginal imagebasedontheshadowsthey castandaddthepropershadowsto thenew simulated
image.

In a recentresearcheffort conductedat TheUniversityof Michigan[30], a new techniquefor determiningtheextinction
ratethrougha treecanopy from themeasuredradarbackscatterresponsewasdeveloped.The techniqueis beingapplied
now to all treecanopy datameasuredby theUniversityof Michiganandthecomputedextinction rateswill beincorporated
into theMMW ClutterDatabase.Thesimulatorwill beablethento usetheextinction ratesandMueller matricesof trees
to simulatemorerealisticshadows.

5.3. Simulation from Ka-band to W-band

A third exampleof a simulatedimageaddressesthe problemof translatinga SAR sceneobserved at one frequency to
a SAR sceneat a different frequency. For this simulation,the regionsaredeterminedfrom the original SAR imageas
depictedin Figure4, but theMueller matriceswereextractedfrom theUniversityof MichiganClutterDatabase.For the
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Figure8: SimulatedKa-bandimageusingthe aerialphotographto determinethe regionsandthe actualradarimageto

determinetheMueller matrices.Becausetheaerialphotowasfrom directly overhead,thelayoutof thefieldsarecorrect,

but thetreesdo not castlongshadows.

Figure9: SimulatedW-bandimageusingtheactualKa-bandradarimageto determinethe regionsandMueller matrices

from theUniversityof Michigan’s phenomenologyprogram.

shadow regions,theMueller matricesfor the treesweresimply scaleddown by a factorrangingbetween2 and10. The
resultingsimulationappearsin Figure9.

6. CONCLUSIONS

ThispaperintroducesSPRI:theSimulatorof PolarimetricRadarImages.SPRIis a radarsimulatorwhichcancreatehigh-
resolutionpolarimetricsingle-lookclutter images.The simulatordraws on a user-specifiedgeometryanda databaseof
Mueller matricesfor theregionswithin thatgeometryto createradarclutter images.Theuser-specifiedgeometrymaybe
from anexisting SAR imageat a differentradarfrequency from thatdesired,anexisting aerialphotograph,or theuser’s
imagination.

For realisticsimulations,theUniversityof Michiganhasconstructedanonlinedatabaseof fully polarimetricmeasurements
of clutterat35and95GHz. As of January2001,thisClutterDatabasecontainsover3500Muellermatricesof terrainclutter,
muchof it neargrazingincidence.EachMuellermatrix representsanaverageof many individual polarimetricbackscatter
measurementsof a particularhomogeneouscluttertype. Thesemeasurementscomefrom severalsources:TheUniversity
of Michigan’s ultra-fast wide-bandradarsspecificallydesignedfor this project, an earlier generationnetwork-analyzer
basedradars,theU. S.Army ResearchLaboratory’s 95 GHz monopulseradar, andtheUniversityof Massachusetts’pulse
radars.

14



This paperdemonstratesthat a Rayleighfadingsimulatoris sufficient for simulatingmostclutter, even thoseexhibiting
textureandotherheterogeneities.
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