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Abstract

Polar seaice characteristicprovide important inputs to
modelsof severalgeophysicalprocesses.Many forward
electromagneticscatteringmodelshavebeenproposedto
predictthenormalizedradarcrosssection,��� , from sea
icecharacteristics.Thesemodelsarebasedonverysmall-
scaleice featuresandgenerallyassumethattheregionof
interestis spatiallyhomogeneous.Unfortunately, space-
bornescatterometerfootprintsarevery large (5-50 km)
andusuallycontainvery heterogeneousmixturesof sea
icesurfaceparameters.In thispaper, weapplyscatterom-
eterdatato largescaleinversemodeling.Giventhelim-
ited resolution,we adopta simplegeometricopticsfor-
wardscatteringmodeltoanalyzesurfaceandvolumescat-
tering contributionsto observed Ku-bandsignatures.A
model inversiontechniquebasedon recursive optimiza-
tion of an objective function is developed. Simulations
demonstratethe performanceof the methodin the pres-
enceof noise. The inversemodel is implementedus-
ing Ku-bandimagereconstructeddatacollectedby the
NASA scatterometer. Theresultsareusedto analyzeand
interpreta ��� phenomenonoccurringin theArctic.

Introduction

Several satellite instrumentshave proven the utility of
scatterometersin monitoringtheArctic andAntarcticre-
gions.Amongtheseis theNASA scatterometer(NSCAT).
Ku-bandNSCAT datahave beenusedin a numberof
cryospherestudies[1, 2]. NSCAT observationscan be
interpretedthroughaccuratebackscattermodeling. For-
wardscatteringmodelshavebeendevelopedto relatekey
surfaceparametersto theseobserved signatures.Many
critical seaice parametersareof interestto the field of
cryosphereremotesensing[3]. Among thesearethick-
ness,surfaceroughness,salinity, snow cover, andage.An
accurateknowledgeof theseparameters,amongothers,
is important in understandingvariousgeophysicalpro-
cessessuchas local andglobal weatherpatterns,atmo-
sphericandoceaniccirculation,andheattransfercycles.
While directly estimatingtheparametersmentionedcan
be difficult, we proposea stepin this directionthrough
a betterunderstandingof large-scaleseaice scattering
properties.Ratherthandealwith small-scaleice charac-
teristics,we adopta simplifiedmodelingapproachto in-
fer key electromagneticscatteringcharacteristics.These

are,of course,relatedto the desiredphysicalproperties
of theseaice.

Thus, this paperdescribesthe developmentand im-
plementationof a large-scalemodelinversionmethology
basedon a simpleforwardscatteringmodel.Thegoalof
the study is to provide an automatedmeansfor the in-
versionof microwavescatteringmodelsovervastregions
ratherthansmall individual homogeneousregions. The
resultingseaice parametermapsallow for interpretation
of theevolutionof scatteringmechanismsover theentire
cryosphere.

TheNSCAT InstrumentandImageReconstruction

Microwave � � signaturesof seaicecontainimportantin-
formationaboutsurfacecharacteristics.The goal of in-
versemodelingis to extractor estimatethoseparameters
from � � measurements.Theobservedsignaturesarealso
a functionof instrumentdesignandmeasurementcollec-
tion specificationssuchasfrequency, polarization,spatial
footprintsize,andincidenceangle.Thissectiondescribes
the NSCAT instrumentusedcandthe imagereconstruc-
tion algorithmsusedto producetheenhancedresolution
imagery.

NSCAT hasa numberof characteristicsthat make it
usefulin monitoringseaice [2]. It is a dual-polarization
Ku-bandscatterometerwith multiple fan beams.Multi-
ple NSCAT passesover thepolar regionsareusedto re-
construct��� imagery. To improvethenominalresolution
of NSCAT measurements,resolutionenhancementalgo-
rithmscanbeappliedto generateimages.Thesemethods
rely upona parameterizationof thedependenceof ��� on
incidenceangles.Variousordermodelscanbeusedwith
increasingsensitivity to noiseasorder is increased.In
general,��� (in dB) canbemodeledwith by�������	��
���������������	����
������������	����
! "�$#%#�# (1)

where � is the incidenceangle,A is � � normalizedto
40� , B is thelinear incidenceangledependenceof ��� , C
is the quadraticincidenceangledependenceof ��� , and
soforth. For a limited rangeof incidenceanglesof [20� ,
60� ] NSCAT ��� is found to have a nearlylinear depen-
denceon � . Higherordermodelscanbeusedto moreac-
curatelyrepresentthedependencethoughthehigherco-
efficientsbecomeincreasinglysensitive to noise.

Severalreconstructionmethodsexist for thegeneration
of scatterometerimagery. For this studya polar stereo-
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graphicprojectionwasusedin all imageproducts.The
AVE algorithmis onereconstructiontechniquefor scat-
terometerimageproduction[4]. A polynomialfit is used
for eachpixel to estimatethepertinentcoefficients.For a
particularpixel, thepolynomialfit measurementsetcon-
sistsof all themeasurementswhosespatialfootprint re-
sponseincludethatpixel. AVE imagesareproducedfor
eachpolynomialcoefficient.

Anotherimagereconstructionmethodis thescatterom-
eter imagereconstruction(SIR) algorithm[4]. SIR is a
modifiedmultivariatemultiplicativealgebraicreconstruc-
tion techniquewhichusesmultiplepassesof asatellitein-
strumentto increasespatialresolution.SIR resultsin in-
creasedreconstructionartifactsaswell asincreasedreso-
lution. For thisreason,only thefirst order ��� vs. � model
is usedfor SIR imagery.

Large-scaleForwardModelingof SeaIceBackscatter

Forwardmodelsof seaice backscatterhave beendevel-
opedwhich predict ��� asa function of incidenceangle
andimportantsurfaceparameters.Variousseaice char-
acteristicsaffect observedsignatures.For example,sur-
faceroughnessreducesspecularreflectionsandincreases
backscatter. Geophysically, this parameteris important
in modulatingwind sheeringforceson the ice packand
can be an indicator of internal stresses. Liquid water
contentalsoinfluencesbackscattersignatures.Increased
watercontentresultsin lesspenetrationby incidentmi-
crowave pulses.Hence,thebackscatteris dominatedby
thesurfacescatteringresponse.Snow coveraddsanother
layer to themultilayerstructure.Very dry snow appears
electricallytransparentat many microwave frequencies.
However, assnow liquid watercontentincreases,thesea
ice signatureis increasinglymasked. In addition,seaice
salinityplaysarolein determiningbackscatterresponses.
Brinepocketsincreasetheeffectivepermitivitty andpro-
videvolumescatteringelements.Sincebrinepocketsare
commonlyellipsoidal in shape,the orientationof these
inclusionsinfluencethe ��� polarizationresponse.Both
snow cover andbrine pocket distribution arecloselyre-
latedtoseaiceage.Oldericeformstypicallyhavegreater
accumulatedsnow cover. Also, seaice agingresultsin
increasedbrine drainage.Volumescatteringair bubbles
oftenremainin theplaceof old brineinclusions.

A simpleforwardscatteringmodelassumesthatseaice
scatteringconsistsof incoherentlysummedsurfaceand
volumescatteringresponses[5, 6],���& � ���' �(���)���& � ���' ��*! �+-, �/.0�132547698 �;: (2)

where� �& measured��� ,

� �' surfacescattering��� ,� �) volumescattering��� ,�<: measurementincidenceangle,* planewavepower transmissioncoefficient,, numberdensityof scattereringelements,�/.=��� perparticle,1
volumeattenuationcoefficient.

Thisbulk modeldoesnotrequireadetaileddescriptionof
the ice medium. Instead,several large scaleparameters
areusedto representthemeanresponsein the region of
interest.Following Swift [6] threeprimaryvolumescat-
teringparametersarecombinedinto onevariable,thevol-
umescatteralbedogivenby> � , � .1 # (3)

Thoughit is a generalparameter, > is relatedto seaice
featuressuchas the numberof volumescatteringbrine
pocketsandair bubbles. It is alsosensitive to theeffec-
tive permitivitty of the seaice layersbelow the surface.
Highly salinebrinepocketshave higher � . thanair bub-
bles resulting in greater > valuesfor the samenumber
density, , .

Surfacescatteringis alsoanintegral componentof the
backscattermodel.Assumingthatthesurfacecanbemod-
eled as an ensembleof reflective facetswith Gaussian
slope distributions, a geometricoptics solution can be
used[6, 7] sothat,

���' �@? �A�	
CB	D/EAFHG9IKJ!L�M  KN I0	O  47698%P �;: Q (4)

where

? ���	
�SRT�U*7���	
 nadirpowerreflectioncoefficient,O
RMSsurfaceslope.

The geometricoptics solution is derived under the as-
sumptionthatthewavelengthis significantlysmallerthan
the typical roughnessdimensions.At 14 GHz, the cor-
respondingwavelengthis approximately2.1cm. Hence,
themodelaccountsfor roughnessfeatureswhicharemuch
larger than this, while smallerroughnessesmay not be
fully accountedfor in the model. We expect that large
surfaceroughnessdueto waveactionandicepacksheer-
ing forcesarewithin theboundsof thisassumption.How-
ever, very small-scaleroughnessdueto suchphenomena
as wind rougheningand small surfaceinhomogeneities
arenot accountedfor in the model. For thepurposesof
this paper, we define V � 0	O  to simplify themodelin-
version.

Figure1 shows thetotal scatteringv-pol responsesfor
sample? �A��
 , V , and > values. The plots illustrate that
the theoretical� � vs. � signaturescannot alwaysbefit
with a linear approximationbetween20� and 60� . A
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Figure 1: Modelgeneratedcomposite(volume+ surface)
v-pol scatteringresponsesfor samplecombinationsof? �A��
 , V , and > . The curves show the nonlinearnature
of ��� asa functionof incidenceangle.

linear model is appropriatefor plot (a), but (b) and (c)
clearlyrequirehigherordertermsto accuratelyrepresent
theincidenceangledependence.In general,thelinearde-
pendenceassumptiondoesnot fit well in scenarioswith
relatively low V values. Swift wasableto fit suchplots
to SASS ��� observationsof multiyearice in the Arctic,
demonstratingtheability to invertthemodelandestimate
thethreefundamentalparameters.

Model InversionMethodology

Thetheoreticalscatteringmodelproposedby Swift is de-
fined by threebasicparameters,? ���	
 , V , and > . These
valuescanbeestimatedfrom observedNSCAT ��� signa-
turesgiven sufficient incidenceanglesampling. In this
section,an automatedinversiontechniqueis presented
for determiningthethreeparametersfrom NSCAT recon-
structedimagery.

Theinversionapproachconsistsof theautomatedsteep-
estdescentoptimizationof anobjectivefunction.Theob-
jectivefunctionprovidesof measureof theerrorbetween
observedsignaturesandestimatedmodelparameters,

W �A��� Q ? �A��
 Q V Q > 
X� YCZ[J L�\ P Z;]
�����A�<:^
_�`���& ���;:^
^ab (5)

whereW
total squaredmodelingerror,� � �A� : 
 observed ��� at � : ,� �& ���;:^
 modeled��� at �;:cd
vectorcontaining] ?

�A��
 Q V Q > abe .

Hence,
W �A� � Q cd 
 isameasureof theaccuracy of themodel

parametersin thepredictiontheobservedsignature.The� � ��� : 
 responseis computedgiventhe � � vs. � variable
orderpolynomialfit coefficientsfor a particularpixel in
the reconstructedimagery. Sincetotal squarederror is

a sufficient statistic for meansquarederror, the inver-
sionmethodis aminimummeansquarederrortechnique.
Simulatedthree-dimensionalobjective functions(given
anobserved ��� signature)indicatethatthefunctionhasa
well definedminimumwithin therangeof expected? ���	
 ,V , and > . Hence,theoptimalparametersarefoundat thecd

yieldingminimum
W �A� � Q cd 
 .

Onemethodof automatedoptimizationof anobjective
function is the steepestdescentapproach.Steepestde-
scentlocatesthe minimum of a function in an iterative
fashionthroughthe estimationof the local slope. The
slopeis obtainedfrom thepartialderivativesof theobjec-
tive function. We define f ��� � Q cd 
 asa vectorcontaining
the negative partial derivatives. f �A� � Q cd 
 can be com-
putedfor any locationvector

cd
andpointsin thedirection

of steepestdescent.
A recursivealgorithmfor computingthemodelparam-

eters,andthussearchingfor theminimumof
W �A� � Q cd 
 is

givenby,cd �Agh�iRj
-� cd �Agk
l�3mn��go
lp f ��go
 Q gq� Q � Q R Q 0 Q #�#%#
(6)

wherem vectorof stepsizesfor eachmodelparameter,p Schurelementby elementvectorproduct.

The step size m can be chosenin a numberof ways.
Steepestdescentalgorithmsoftenusestepsizesthatare
a functionof theobjectivefunction.Hence,smallersteps
aretakencloserto theminimum. For this study, a fixed
stepsizeis used,mr�

]
�s# �	�tR Q �t# ��� 0 Q �t# ��� 0 a e (7)

yielding modelparameterestimateresolutionsof 0.001,
0.002,and0.002for ? ���	
 , V , and > , respectively.

Thealgorithmis initializedwith arbitrary
cd ���	
 . Simu-

lationsindicatethattheminimumis foundaslongas
cd �A��


is in therangeof possibleseaice parametervalues.For
a given imagesetof polynomialfit coefficients, the al-
gorithmis run for eachpixel. Theresultingproductsare
imagesof ? ���	
 , V , and > usedin determiningthespatial
distributionof importantsurfaceparameters.

The algorithmhasvariousstrengthsthat make it use-
ful in model inversion. First, the proposedalgorithmis
fully automated.Many previousinversemodelingstudies
focusingon fitting observedandforwardmodeledsigna-
tureshavereliedonuserinterfaceto manuallyperturbthe
modelparametersuntil a satisfactorymatchis obtained.
Thetechniquepresentedin thispaperrequiresnouserin-
teractionandquickly estimatesmodelparametersgiven
an observed ��� vs. � response.This facilitatesthepro-
ductionof modelparameterimagesequencesfrom scat-
terometerimagery. In addition, if the the ��� incidence
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angledependencemodelis sufficient (of highenoughor-
der) thealgorithmfinds thebestparametersin themini-
mummeansquarederrorsense.

Theestimatedparametersprovide, in effect, themean
responsesover the pixel region. Theseareuseful on a
macroscopiclevel whenviewing entireseaicepacks.We
note that the productsof the inversion techniquehave
limited utility on very small scales;becausethe model
is basedon a specificforward model,the quality of the
resultingparameterestimatesaredirectly relatedto the
quality of the original forwardmodel. We expectsome
errorsincethe forwardmodeldoesnot accountfor such
thingsascomplex seaice permitivitties andsmall-scale
roughnessfeatures.

InverseModelSimulations

To evaluatethecapabilityof theinversiontechnique,sim-
ulationsaredesignedandimplemented.First,the“ground
truth” modelparameters? ���	
 , V , and > arerun through
the forwardmodelto producea ��� vs. � response.This
signatureis thensampledin incidenceanglebetween20�
and 40� to simulatescatterometermeasurementcollec-
tion. At this point, Monte Carlo scatterometernoiseis
addedto eachmeasurementusingthenoisemodel,���G �A�;:u
-�������A�;:u
��!R"�(v��A� Qxw;y 
z
 (8)

where� �G �A� : 
 noise-added��� at incidenceangle� : ,� � �A� : 
 originalnoiseless��� ,v��A� Qxw y 
 normallydistributedrandomvariable.

The multiple noise-corruptedmeasurementsareusedto
obtainpolynomialfit coefficients. Variabledegreepoly-
nomialsareusedto determinethe effect of modelorder
on the inversion. The coefficientsare then input to the
inversemodel resultingin surfaceparameterestimates.
Error analysisis performedwith the original parameter
valuesandtheinversemodelresults.

For 6 day NSCAT imagesgeneratedat the SIR and
AVE spatialresolutionsof 4.45km,averagepixel regions
usuallyencounterat least10 hits. Hence,for thesimula-
tions, incidenceanglesamplingis performedrandomly
from auniformdistributionbetween20� and60� with 10
samplesfor eachrealization. In addition,measurement
noiseis simulatedusing Eq. 8 and various w y values.
Typical NSCAT w y levels are in the range0 to 0.1. In
fact, for theNSCAT Antarcticv-pol datacollectedfrom
1996day270to 275,97%of the w y valuesarebelow 0.1
and86%arebelow 0.05.

To offer near-comprehensive simulationswhich con-
sidera broadrangeof ( ? ���	
 , V , > ) triplet combinations,
synthetic“ground truth” imagesareconstructedof each

(a) {j|~}7� (b) � (c) �
Figure 2: “Truth” parameterimages,? �A��
 , V , and > , used
in themodelsimulations.

parameterthatrepresentall possiblesamplecombinations
of theparameterswithin theranges,

? �A��
!� ]
�s# �sR Q �t# �;a QV � ]
�s# ��� Q �t# �9a Q> �
]
�s# ��� Q �s# ��au#

Thesevaluesrepresentrangeswhichcovertypicalseaice
surfaceparameters.The imagesaregeneratedusing25
evenlyspacedsamplesof eachparameterresultingin

0 ���
combinations.Figure2 shows the truth images. These
areinputto thesimulationprocessthroughthegeneration
of noise-corruptedpolynomialcoefficient imageswhich
usedasinputsto theinversemodel.

The simulationsarerun usingthe 10 incidenceangle
sampleschemedescribedpreviously. Noise levels ( w;y )
areconsideredat 0.02incrementsfrom 0 to 0.1. There-
sultsaresummarizedgraphicallyin Figures3-5. In Fig-
ure3, the ? �A��
 estimatesareshown with w;y valuesof 0,
0.04,and0.08. The imageframesdemonstrateincreas-
ing ability in the algorithm to accuratelyrepresentthe
left-to-right increasinggradientasmodelorderincreases.
Nearlyall imagesshow that the algorithmhasdifficulty
in areascorrespondingwith very low V values. As pre-
viously noted,extremelylow V correspondto scattering
responsesthatareprimarily containedbelow the20� limit
for NSCAT data.Theimagesalsoexhibit thathigheror-
dermodelsareincreasinglysensitive to noiseevidentas
specklingin the estimateframes. Thus,a tradeoff ex-
istsbetweenability to estimateparametersaccurately(on
average)andsensitivity to measurementnoise.

The performanceof the algorithm in estimatingV is
shown in Figure 4. The imagepanelsreveal that first-
ordercoefficientsarenot sufficient to accuratelyrepre-
sentsurfaceroughnessinducedcharacteristicsof thefor-
wardscatteringmodel. Thefirst-orderframesarenearly
constantin value. In contrast,thesecondto fourth-order
modelsaremuchmoresuccessfulin reproducingtheup-
ward V gradientsin the truth image. Like ? ���	
 , the V
estimatesareincreasinglysensitive to noiseasorderin-
creases.
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Figure 3: Inversemodel ? �A�	
 parameterestimatesat var-
ious ��� vs. � modelordersandnoiselevels. Columns
containincreasingmodelorders. Rows containincreas-
ing w;y from 0 to .08at .04increments.

Figure 4: Inversemodel V parameterestimatesat various� � vs. � modelordersandnoiselevels. Columnscon-
tain increasingmodelorders.Rowscontainincreasingw<y
from 0 to .08at .04increments.

Estimatesof thefinal parameter, > areshown in Figure
5. Similar trendswith ordervalueexist for > estimates
aswith theprevioustwo. Thefirst-ordermodelhasdif-
ficulty generatingtheconstantframesin thetruth image.
However, all of the higherordermodelsappearto per-
form relatively well.

In orderto provideaquantitativemeasureof algorithm
performanceoverall thepossibleparametercombinations,
the medianabsoluteerror is used. This metric is com-
putedfor eachparameterasthemedianof theensemble
of absoluteerrorsover the entire truth image. The es-
timateimageshave few very largeerrorscausedby poor
samplingor extremenoise.However, thefew outlierscan
skew anaverageerrormetric. Themedianabsoluteerror
is usedto reducetheconfusingeffectsof thesesoutliers.

In the interestof space,the correspondingerror plots
arenot included. However, all of the plots indicatethat
parameterestimateerror is lower for higherordermod-

Figure 5: Inversemodel > parameterestimatesat various��� vs. � modelordersandnoiselevels. Columnscon-
tain increasingmodelorders.Rowscontainincreasingw<y
from 0 to .08at .04increments.

els in the absenceof noise. However, as w y rises, the
secondor third-orderestimateshave the lowestmedian
absoluteerror. The curvesalso show that higher order
modelsareincreasinglysensitive to w y evidentin steeper
slopesin the error plots. The first-ordermodel is rela-
tively insensitiveto w y in all threefiguressincethismodel
performsthemostaveraging.Fromtheseresults,wecon-
cludethat thesecondor third order ��� vs. � polynomial
coefficientsprovide thebestinputsto the inversemodel
in the presenceof noise. Sinceboth offer similar error
characteristics,the secondorder model will be usedin
the implementationswith actualNSCAT datapresented
in thefollowing section.

Results

Theinversionmethodis appliedto second-orderNSCAT
reconstructedv-pol AVE imagery( � ) , � ) , and � ) ) to
studythebehavior of the techniqueandto interpretphe-
nomenonobserved in the reconstruction��� images. A
setof threeArctic AVE imagesrepresentingtheonsetof
Arctic summeris usedasinversemodelinputs. The ice
maskedimageseriesis illustratedin Figure6. TheArctic
icepackis characterizedby largeregionsof multiyearice
exhibiting high � ) valuesnearthecentersof theimages.
Youngerformsof icehavelower � ) signatures.Thephe-
nomenonexaminedin thissequenceis theannualdropin��� observationsdueto the passageof warm fronts over
the ice packinducingsignificantsurfacemelting. While
thefirst imageshavehighmultiyear ��� signaturesdiffer-
entiatingthis ice typefrom lower ��� first yearice,by the
endof the imagesequence,the two typesareindistigu-
ishable.

Figure7 containsthe imageestimatesof Arctic ? ���	
 .
We note that the noisy valuesnearthe pole are due to
insufficient incidenceanglesamplingcausedby satellite
orbit geometryandthe NSCAT measurementcollection
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Figure 6: IcemaskedNSCAT Arctic � ) SIRimageseries.

configuration.Unsatisfactorysamplingof the incidence
anglespectrumresultsin poorestimatesof polynomialfit
coefficients in the imagereconstruction.Consequently,
very low confidenceis placedonthenear-poleparameter
estimates.Thegeneraltrendin the ? �A�	
 imageryconsists
of relatively high andlow valuesfor multiyearandfirst
yearseaice, respectively. Themelt eventcauses? �A��
 to
dropquickly over theentiremultiyeararea.

Thespatialdistribution of V surfaceroughnessvalues
areshown in Figure8. Multiyear ice hastypically highV levels in contrastto lower observationsover first year
ice. Newer iceformsaretypically lessdeformedthanold

Figure 7: Inversemodel estimatesof Arctic ? �A��
 . The
greyscaleimagedisplayrangeis ? ���	
z� [0,0.1].

ice thathasbeensubjectedto wavedeformation,icepack
sheering,andlarge-scaleroughnesscausedby melt and
freezecycles.As thesequenceprogresses,V valuesdrop
until nearlytheentiremultiyearregionappearssimilar to
the first year V observations. The sourceof the change
maybedueto surfacesmoothingof featuresdueto melt-
ing andthecreationof meltponds.

Thefinal estimateimagesof Arctic volumescattering
albedois shown in Figure9. Theseimagesillustratethe
intensevolumescatteringcontributionscharacteristicof
multiyear ice. Varying levels of > within multiyear re-
gions can be relatedto the numberdensityof volume
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Figure 8: Inversemodel estimatesof Arctic V . The
greyscaleimagedisplayrangeis V � [0.1,0.45].

scatterersandmeanvolumescatteringelementcrosssec-
tions. Areasof youngerice have much lower > due to
highersalinityanddielectricloss.Theimageprogression
shows > decreasingastemperaturerisesandsurfacemelt-
ing occurs. In the last imageframe, volumescattering
hasbeenalmostcompletelymasked by increasedwater
contentwhich reducespenetrationdepth.Suchsignature
maskingmakesthevariousicetypescompetelyindistigu-
ishableatKu-band.

Theseresultsillustratetheutility of the inversemodel
in interprettingthesourcesof scatteringphenomenaob-
served in the reconstructedNSCAT imagery. Sincethe

Figure 9: Inversemodel estimatesof Arctic > . The
greyscaleimagedisplayrangeis > � [0,0.45].

methodis fully automated,largeensemblesof measure-
mentscanbe invertedproviding estimatesof the spatial
distribution andmagnitudeof importantsurfaceparam-
eters. Theseparameterscan then be relatedto seaice
typesaspreviouslydescribed.In general,olderice types
suchasmultiyear ice exhibit very high ? �A�	
 and > val-
uesin theabsenceof significantsurfacemelt. In contrast,
first year ice and other relatively young ice typeshave
muchlower ? ���	
 and > . Smootherice typeshave typi-
cally lower V levels. Temporalvariationsin theparame-
terscanbeusedto understandtheevolutionof scattering
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mechanismswithin thevariousicetypesasconsideredin
thissection.

Conclusions

This studyhaspresentedan inversiontechniqueapplied
to a simple, but robust forward scatteringmodel. The
methodis fully automatedrequiring no user interface.
Consequently, large scatterometerpolynomialfit coeffi-
cientimagesrepresentingtheincidenceangledependence
of ��� canbeusedasinputsto theinversemodel.Theal-
gorithm is usedto determinethe spatialdistribution of
threeimportantsurfaceparameters,the power reflection
coefficientat nadir, ? ���	
 , theRMS surfaceslope,

O
(rep-

resentedby V � 0�O  in the inversemodel),andthevol-
umescatteringalbedo,> .

Simulationsof themethoddemonstratethecapability
of the algorithm. Higher order incidenceangledepen-
dencemodelsyield betterestimatesof thesurfaceparam-
etersin theabsenceof noise.Whennoiseis introduced,a
trade-off existsbetweenthecapabilityto estimatea wide
rangeof possibleparametercombinationsandsensitivity
to noise.Thefirst ordermodelperformsreasonablywell
for ? ���	
 and> estimationbut cannoteffectivelyreproduce
true V values.A goodbalanceis foundin usinga second
ordermodel.

The inversemodelis appliedto NSCAT Arctic image
sequences.The resultsshow that the parameterimages
have consistentspatialdistributions. Themethodis also
usedto analyzedrastic � � decreasesover multiyear ice
in the Arctic asthesummerseasonbegins. Theaccom-
panying surfacemelt causesall threeparametersto de-
creaseabruptly. Surfaceroughnessappearsto bereduced
andincreasedwatercontentmasksthevolumescattering
contribution that give multiyearice its characteristically
high ��� signature.
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