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Abstract

A new physically-basedlisaggrgation methodis developedto improve the spatialresolution
of the surfacesoil moistureextractedfrom the Soil Moistureand OceanSalinity (SMOS)data.The
approachcombinesthe 40 km resolutionSMOS multi-angularbrightnesstemperaturesnd 1 km
resolutionauxiliary data composedof visible, nearinfrared and thermal infrared remote sensing
dataandall the surfacevariablesinvolved in the modelingof land surface-atmosphermteraction
available at this scale(soil texture, atmospheridorcing, etc.). The methodsuccessiely estimates
a relative spatial distribution of soil moisturewith ne scaleauxiliary data, and normalizesthis
distribution at SMOS resolutionwith SMOS data. The main assumptiorrelies on the relationship
betweenthe radiometric soil temperatureinverted from the thermal infrared and the microwave
soil moisture.Basedon syntheticdata generatedvith a land surface model, it is shavn that the
radiometricsoil temperaturecan be usedas a tracer of the spatial variability of the 0-5 cm soil
moisture.A sensitvity analysisshawvs that the algorithm remainsstablefor big uncertainitiesin
auxiliary dataandthatthe uncertainityin SMOSobsenationseemso bethelimiting factor Finally,

a simple applicationto the SGP97/A/HRR dataillustratesthe usefullnesof the approach.

Index Terms

Surfacesoil moisture,disaggrgation, SMOS mission,multi-spectralremotesensing synegy.
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A CombinedModeling and
Multi-Spectral/Multi-ResolutiorRemote
SensingApproachfor Disaggrgation of

Surface Soil Moisture: Applicationto SMOS

Con guration

I. INTRODUCTION

Soil moistureis a key hydrologicalvariablethat plays an importantrole in land surface-
atmospherénteractionsBy controllingthe partition of rainfall into runoff andin®Itration and
availableenegy at the surfaceinto sensibleandlatentheat ux, soil moistureplaysa crucial
role in boundarylayer developmentand thereforein climate modelingat both regional and
global scale.

Microwave satellitesensordave provento be effective for soil moisturesensingoecaus®f
the large contrastbetweenthe dielectric propertiesof liquid water (80) andthoseof dry soil
(4). This resultsin a wide rangeof valuesfor the soil-watermixture (4-40) which impactthe
naturalmicrowave emissionfrom the soil. In particular sensorsperatingat low frequencies
(L-Band) suchas PBMR, ESTAR have beenfound to be very effective in inferring surface
soil moistureat differentspace-timescaleg1]-[4].

The Soil Moisture and OceanSalinity (SMOS) mission [5] has beenrecently selected
by the EuropeanSpaceAgeng/ (ESA) andit is scheduledor launchin 2007. This L-band
radiometelis basedon aninnovative two-dimensionahperturesynthesisoncept.This sensor
hasnew and signi®cantcapabilitiesin termsof multi-angularviewing con®gurationsThis
allows for simultaneouslyretrieving the 0-5 cm soil moistureand vegetationbiomass[6]
with a samplingcycle rangingfrom 1 to 3 daysanda meangroundresolution(pixel size)
of about40 km. This instrumentwill then provide the much neededglobal dataset of soil
moistureand other surface variablesto be implementedin generalcirculation and climate
models.

At regional scale, recentefforts have been dedicatedtowards the improvementof the
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modelingof land surface-atmosphermteractionthrougha three-dimensionalepresentation
of hydrological processedy incorporatingmore realistic land-surbce schemesand spatial

information suchas surface soil moisturefrom remotesensing[7]. The useof SMOS data

with its 40 km resolutionin suchhydrologicalmodelsis not straightforvard. The scaleat

which most hydrological processegrunoff, in®Itration, evapotranspirationetc.) should be
capturedfor improving the understandingand subsequenththe representatiorof surface

processedn regional modelsis of aboutl to 10 km [8]-[11].

To overcomethis dif®culty, differentapproachefiave beenrecentlyadoptedto distribute
®ne scalesoil moisturewithin passve microwave pixels. For example,Pellenget al. (2003)
[12] coupleda Soil VegetationAtmospherelransfer(SVAT) modelto distributedhydrological
formalism.Lumpedvaluesof soil moisturewerethendisaggrgatedusingsimplerelationships
betweem€meanvalues,local topographyandsoil depthinformation.A differentapproachwas
proposedby Kim and Barros(2002) [13] who showved that the space-timestructureof soil
moisture®elds can be statistically explained by the scalingbehaior of auxiliary datasuch
as topography soil texture, vegetationwater contentand rainfall. Basedon these®ndings,
they [14] developedtime-varying linear combinationsof the spatialdistributions of relevant
auxiliary datato interpolatecoarseresolutionsoil moisture. The so-called4-D variational
dataassimilationschemewas usedby Reichleet al. (2001) [15] to estimatesoil moisture
values at the scale of one fourth the resolution of microwave data. Bindlish and Barros
(2002) [16] combinedactive-passie microvave remote sensingto interpolatethe coarse
resolutionbrightnesstemperatureThe downscaledbrightnesstemperaturesvere then used
to retrieve soil moistureestimatesat the scaleof active microwave data.Similarly, Chauhan
etal. (2003)[17] usedlinearregressiondetweera vegetationindex, surfacetemperaturand
soil moisture.By aggreatingthe vegetationindex and surfacetemperaturea linkage model
was developedat the scaleof the microvave obsenation, and then applied at ®ne scaleto
disaggrgate microwave soil moistureinto high-resolutionsoil moisture.

The objective of the paperis to develop a new physically-basedlisaggrgation method
to improve the spatial resolutionof the surface soil moisture extractedfrom SMOS. The
approachs basedon an original combinationof the 40 km resolutionSMOS multi-angular
brightnesgsemperatureand1 km resolutionauxiliary datacomposeaf visible, nearinfrared
andthermalinfraredremotesensingdataandall the surfacevariablesnvolvedin themodeling
of landsurface-atmospheliateractionavailableat this scale(soil texture,atmospheridorcing,

etc.). The approachfor disaggrgating SMOS soil moistureinvolves two steps.First, the
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disaggregated soil moisture is expressedas function of the radiometric soil temperature
derived from ®ne scale auxiliary data, and two parametersde®nedat SMOS scale. The
two parameterare the SMOS scalesoil moistureand a paramete®xing the rangecovered
by disaggrgatedvalues.The secondstepconsistsof inverting both parametersrom SMOS

data.

We begin in sectionll by presentinghe modelsusedanddescribingthe main stepsof the
method.In sectionlll, we list the assumptionsmplicitely madein the developmentof the
method.Theseassumptionare®rst checledin sectionlV with a syntheticscenerepresenting
a heterogeneouSMOS pixel. In sectionV, the robustnessof the disaggrgation methodis
testedby generatinga speci®ednoiseto be addedto the syntheticinput datasetin section
VI, thedisaggrgationmethodis appliedto the datacollectedduringthe 1997 SouthernGreat
PlainsHydrology Experimentand the dataof AVHRR channelsl, 2, 4 and5. In the ®nal
section,we summarizehe differentresultsof the paperandwe discussaboutthe applicability
of sucha disaggrgation schemeon an operationalbasis.

The results presentedn this paperare mostly basedon synthetic data generatedwith
physically-basednodelsto evaluatethe approachWe underlinethe fact that using synthetic
data doesnot allow us to addressa numbera complicationsthat will be encounteredn

operationalsettings.

[I. METHOD

A disaggrgationmethodof the 40 km resolutionSMOS soil moistureis developedin this
section.The threemodelsusedare ®rst presentedeforewe describethe main stepsof the

method.

A. Models

Thedisaggrgationmethoduseshreemodels:anL-bandradiatve transfermodel,athermal
infraredradiatve transfermodelanda land surfacemodel.In this section thethreemodelsare
describedandthe consisteng betweenthe differentsurfacevariablesinvolved is discussed.

1) L-bandradiative transfermodel: a radiatve transfermodel at L-band (RT model) is
usedto simulatethe angularand bi-polarized SMOS brightnesstemperaturesA complete
descriptionis givenin [6]. Using the tau-omga formalism [18]-[20] and neglecting atmo-

sphericeffects, the L-band brightnessemperaturel B( ;p) at the incidenceangle andat
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1 2.
oo

TB( ;p)

W; X = (T To; Te; We; b;! 5 hg; Qs; Sand; Clay)

Fig. 1. Schematicdiagramshaving the input/outputdata of the L-band radiatve transfer(RT) model. The input are:
the 0+5 cm soil moistureW , the soil surface temperaturels, the deepsoil temperatureT,, the canoly temperatureTe,
the vegetationwater contentW¢, the so-calledb parametef vegetation,the single-scatteringlbedoof the canoy ! , the
roughnesgarametehs, the polarization-mixingparameteQs andthe soil texture composef sandandclay fractions.The
ouputis a vectornotedTB of bi-polarizedand multi-angularbrightnesstemperaturesit is composedf 2n independent

brightnesstemperatures.

polarizationp (H or V) canbe expresseds:

TB( ;p) = Tee( ;P)exp(  =cos)+Te(1 !)[1 exp( =cos)][1+ry( ;p)exp( =cos)]
1)
with T, the effective soil temperatureT. the canoly temperatureg, the soil emissvity, r,
the soil re ectivity (relatedto the soil emissvity by r, = 1 e,), thenadiroptical depthof
the canopy and! the single-scatteringlbedoof the canopy. The parameterizationf [21] is
usedto computethe effective soil temperaturel, asfunction of the deepsoil temperaturd’,
(approximatelyat 50 cm) andthe soil surfacetemperaturels (approximatelycorresponding
to a depthinterval of 0-5 cm). The soil microwave emissvity e, for polarizationp is
calculatedfrom the soil dielectric permittivity parameterizedvith soil texture [22] andfrom
the incidenceangle usingthe FresnelequationsThe soil roughnesss accountedor using
the simpleapproactof [23] basedon the roughnesparametehg andthe polarization-mixing
parameteiQs. At L-band,the single-scatteringalbedoof the canoyy is small (we took 0.05
for both polarizations).The nadir optical depth is relatedto the vegetationwater content
W, by = bW, [24]. Theinput dataof RT modelarelistedin the schematiaiagramof Fig.
1 whereW is the 0-5 cm soil moistureand Sand and Clay are the sandand clay fraction
of soil. The outputof RT modelis a vectorTB of bi-polarizedand multi-angularbrightness
temperatures.
2) Thermalinfrared radiative transfermodel: a radiatve transfermodel in the thermal

infrared(RT-TIR model)is usedto invertthe radiometricsoil temperaturédrom bi-directional
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radiometric surface temperaturd25]-[31]. Assumingsurface emissvity is closeto 1, the

radiometricsurfacetemperaturel oo ) at angle is simply computedas:
Tadl )= 1 fe( ) Ts+ fe()Te (2)

with Ty the radiometriceffective soil (the mixture of sunlit and shadaeved soil) temperature,
T, the radiometriceffective canoyy (the mixture of sunlitandshadeved canopy) temperature
andf.( ) the angularfractional vegetationcover. The inversionof componentemperatures
(i.e. the radiometricsoil temperatureand the radiometriccanopy temperatureyequiresthe
radiometricsurfacetemperatureat two distinct anglesT,,¢( 1) and T,o¢( 2) andthe viewing
angle-dependentegetationfraction which can be estimatedusing visible and nearinfrared
dataat the sameresolution.Following [32], the fractional vegetationcover f ¢( ) at angle
can be obtainedwith the semi-empiricalmodel:

NDVlma( ) NDVI() P 3
NDVImad ) NDVlimin() ©

whereN DV I ,in( ) is the baresoil NDVI, NDVI,.( ) the NDVI at 100%,andp the ratio
of aleaf angledistribution termto a canojy extinction term. The input/ouputdataof RT-TIR

fe()=1

modelin the inversemodeare shavn in Fig. 2.

Note thatthe secondAlong-Track ScanningRadiometei(ATSR-2)on boardthe European
RemoteSensingsatelliteis a possiblesourceof bi-angularthermalinfrareddata.This instru-
mentis currently able to provide quasi-simultaneoumultispectral(from visible to thermal
infrared) measurementat two view angles(approximately0 and 53 at surface).

3) Land surfacemodel: a land surface (LS) model is usedto simulatethe radiometric
soil temperatureunder differerentsurface conditionswithin the SMOS pixel. A complete
descriptionis providedin [33]. Brie y, the soil is divided into a top soil layer on which soil
evaporationdependsand a deeplayer which mainly controls vegetationtranspiration.The
top soil layer is characterizedy a resistanceo evaporationwhich dependson surface soil
moistureW . Similarly, the deepsoil layeris characterizedby its soil watercontentwW, usedin
the parameterizatiof stomatalcontrol on transpiration.The surfaceis describedaccording
to the two-layerformalismof [34]. LS modelsolvestwo differentenegy balanceequations
from which soil and vegetationtemperaturesre derived through an iteratve scheme.The
atmospheriovariablesare solar radiationS, air temperaturel ,, air relatve humidity ¢, and
wind velocity u, at a referenceheight. The vegetationcharacteristicsisedas inputs are the

leaf areaindex LAl andthe canopy heighth.. Soil textural propertiesare derived from sand
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and clay fractionsasin [35], [36]. The input dataof LS model are listed in the schematic
diagramof Fig. 2. The outputof interestasit is shovn in the developmentof the methodis
the radiometricsoil temperaturels.

4) Consistencybetweenmodels: the three modelspresentedcabore were chosenso that
the differentsurfacevariablesinvolved be consistenbetweenthem.In particular the 0-5cm
microwave soil moistureinvolved in RT modelis consistentwith the 0-5 cm surface soll
moistureof the top layer of LS model. Similarly, the radiometricsoil temperaturanverted
with RT-TIR model haspreciselythe samede®nition as the top soil temperaturesimulated
by LS model.In LS model,the temperatureof the top soil layer is indeedusedto compute
the netradiationof soil. Note that the soil surfacetemperaturenvolvedin RT model,which
correspondsipproximatelyto a depthinterval of 0-5cm is not perfectlyconsistentvith the 1
mm radiometricsoil temperatureénvolvedin modelsRT-TIR andLS. However, asRT model
ponderghe soil surfacetemperaturavith the deepsoil temperaturéo computethe microwave
effective soil temperaturethe authorsconsiderthat the radiometricsoil temperaturels is a

good approximationof the integrated0-5 cm soil temperatureasinput of RT model.

B. Disaggregation Method

The disaggregationof the soil moistureextractedfrom SMOSdatainvolvestwo successie
stepsin a®rststep,auxiliary dataat 1 km resolutionareusedto describehe spatialvariability
of surfacesoil moisturewithin the40 km resolutionSMOSpixel. In asecondstep,therelative
distribution of surface soil moistureobtainedin step 1 is normalizedat SMOS scalewith
SMOS obsenation.

In stepl, it is assumedhat the radiometricsoil temperatureinverted from dual-angle
measuremenh thethermalinfrared[25], [31] canprovide someinformationaboutthe spatial
variability of surfacesoil moisture[29], [30]. By linking at ®rst orderthe disaggrgatedsoll
moistureto the inverted radiometric soil temperaturea relative soil moisture distribution
dependingon two SMOS scale parameterds expressed.n step 2, the normalization of
the relative distribution consistsof calibratingboth parametersy linking the soil moisture
distribution to SMOS obsenration via RT model.

Both stepsare conceptuallyequivalent to the method developed by Sivapalan[37] to
disaggrgate water storagewithin a landscapeln that study the spatial variability of local
water storagewas expressedas a function of a local topographicdndex. Local water storage

was then a function of two parametersle®nedat the scaleof the hillslope: a parameteffy
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Fig. 2. Schematiadiagramshaving the input/outputdataof the radiatve transfermodelin the thermalinfrared (RT-TIR
model) and the input/outputdata of the land surface (LS) model. RT-TIR modelis usedin the inverse modeto invert
the radiometricsoil temperaturels from the radiometricsurfacetemperatureat two distinct anglesTrad( 1) and Trad( 2).
The inversion of Ts requiresthe directional fractional vegetationcover obtainedwith optical dataat both anglesf ¢( 1)
andf¢( 2). LS modelis usedto simulatethe radiometricsoil temperaturel's underdifferent surface conditionswithin the
SMOSpixel. The input are: LAI, the canopy heighthc, the soil texture composef sandand clay fractions,the deepsoil

moistureW5, the solarradiationS, the air temperaturel,, the relative humidity of air g, andthe wind velocity u..

controllingthe meanlevel of waterstorageanda parametef ;, calledthe contrastparameter
®xing the rangecoveredby local valueswithin the landscapeln a secondstep,oneparameter
(fo) of the water storagedistribution was calibratedcomparingthe averageof distributed
valuesto the value measuredt the scaleof the hillslope.

However, an essentialdifferencebetweenthe disaggrgationof SMOS dataandthe study
caseof Sivapalan[37] is that the available information at regional scaleis multiple in our
case.As it shavn in the developmentof the method,the fact that eachSMOS obsenation
is composeddf multi-angular/multi-independerdrightnesstemperaturesllows to calibrate
simultaneoushpoth parameters , andf ;.

The two main stepsof the disaggrgationmethod(i.e. estimatea relative distribution, and
normalizethe relative distribution) are describedoelov and shovn in Fig. 3.

1) Estimatea relative soil moistue distribution: the typical resolutionof 1 km that is
currentlyobtainedin the thermalinfraredandthe correlationbetweenthe radiometricsurface

temperatureand the soil water contentmakes the radiometric surface temperatureuseful
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for disaggreation purposes[17]. The point is that the link betweenthe remotely sensed
radiometric surface temperatureTl,,q and the microwave nearsurface soil moisture W is
relativelly indirectandis functionof the surfaceconditionsthatarelikely to varyin spaceln
particular the spatialvariability of vegetationcover (andsoil texture, atmosphericonditions,
etc.) at the scaleof 1 km may induce a systematicnoise on the relationshipbetweenT ,q
andW. To accountfor both dif®culties, the disaggrgation methodsuccessiely invertsthe
radiometricsoil temperaturels which is more directly relatedto W than T,,q and extracts
speci®callythe informationon W thatis containedin T; usingLS modelandthe available
information on the surface conditionswithin the SMOS pixel.

a) Invert the radiometricsoil tempeature T the correlationbetweenthe radiometric
surfacetemperatureand nearsurface soil moisturecan be explainedby the surfacethermal
inertiaconcept.The surfacethermalinertiais affectedby soil watercontentwith two distinct
bio-physicalprocessesthe evaporationat soil level of the nearsurfacesoil moistureandthe
transpirationat plant level of the root-zonesoil moisture.Both phenomendendsto counter
synegistically the increaseof componentemperaturesandthereforethe radiometricsurface
temperature However, the nearsurface soil temperatureover a vegetatedsurfaceis more
relatedto the nearsurface soil moistureand the vegetationtemperaturas more relatedto
the root-zonesoil moisture[29], [30]. It follows that the nearsurface soil temperaturds
more valuablethan the radiometricsurface temperaturdor disaggrgation purposesof the
0-5 cm microwave soil moisture.As a matterof fact, the disaggrgation methodusesthe
soil temperatureatherthanthe radiometricsurfacetemperatureGiven that the 0-5 cm soill
temperaturas not obsered in the thermalinfrared,the 1 mm radiometricsoil temperature
is assumedo be invertedfrom bi-angularthermalinfrared dataas shovn beforein Section
.A.2..

Note that the inversion of the radiometric soil temperatureis a necessarystep of the
disaggrgationmethod.We underlinethe fact that the disaggrgationmethodcannotbe used
in theregionswheretherobustnes®f theinversionprocesof theradiometricsoil temperature
Ts is poor (e.g. areaswith relatively high vegetationcover).

b) Extract the informationcontainedin T the disaggregationstratey is basedon the
spatial correlationbetweensurface soil moisture and the remotely sensedradiometricsoil
temperatureOne dif®culty to link surface soil moistureto the radiometricsoil temperature
is the dependencef the radiometricsoil temperaturdo the variablescontainedn the vector

Y of Fig. 2 (e.g. LAI, soil texture, atmospheridorcing). To overcomethis dif®culty, the
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methodsimulatesthe variability of the radiometricsoil temperaturghat is speci®callydue
to the variablescontainedin Y. In practice,two radiometricsoil temperaturegre simulated
with LS model. First, LS modelis usedto simulatethe radiometricsoil temperaturenoted
Ty (index | refersto local scale)associatedvith the measuredocal surfaceconditionsY,™

(exponent™ refersto a measuredr known variable):
Ty = LS(Wi;Y\™) (4)

Second,LS modelis usedto simulatethe radiometricsoil temperaturenoted Ty associated
with the surfaceconditionsaggreatedat the scaleof the SMOS pixel Yg (index ¢ refersto

SMOS resolutionor global scale):
Ty = LS(Wi; Yo) (5)

whereYg is computedaveragingthe local surfaceconditionsY,™ over the SMOS pixel:

X .
Ye() = & Ym0 (6)
1=1
with N the numberof sub-piels containedin the SMOS pixel (40 40 = 1600in our
case).The difference(Ty Tg) representghe predictedcontribution of the radiometric
soil temperaturdahatis due to the varibility of Y, within the SMOS pixel. By substracting

(T Tg) to the measuredadiometricsoil temperaturély", we obtaina theoreticalvariable

called Projectedsoil temperaturely" andformally de®nedby:

T =Tg" (T T_sl) (7)

By de®nition, the spatial variability of Projectedsoil temperatureas attributed uniquely to
the spatialvariability of nearsurfacesoil moisture.The disaggrgationmethodcantherefore
useT4" to explain the spatialvariability of W,.

c) Estimatea relative spatial distribution: arelative spatialdistribution of soil moisture
is expressedy linking the disaggregatedsoil moistureW, to Projectedsoil temperaturély"
at ®rst order:

W, = fo+ fiTq" (8)

with fo andf; two parametersle®nedat SMOS scale.
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Fig. 3. Thetwo successie stepsof the methodare presentedin stepl, a relative spatialdistribution of soil moistureis
estimatedfrom the radiometricsoil temperaturely” invertedwith RT-TIR model and from LS model predictionsgiving
the contritution of the radiometricsoil temperaturedueto surfaceconditions' heterogeneitfTsy Ty ). The disaggreated
soil moistureis thena function of two SMOS scaleparameterg, andf;. In step2, the local relationshipderived in step
1 is rewritten at global scaleto make the SMOS scalesoil moistureWg appearin the expression.Both parameterdVg

andf, aretheninvertedfrom SMOSdatato normalizethe distribution.
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2) Normalizethe relative distribution: in the secondstep of the disaggrgation method,
therelative soil moisturedistribution of (8) is normalizedat the scaleof the SMOSpixel. The
normalizationconsistsof usingthe multi-angularSMOS obsenation to calibrateparameters
fo andf .

From a theoreticalpoint of view, the calibrationof f , andf ; canbe comparedo theinver-
sion procesaisedby the SMOSmission.As explainedin [6] the approactof SMOSis based
on the useof the multi-angular/multi-independei@MOS obsenation to infer simultaneously
soil moistureand vegetationwater content.Although f o andf ; are abstractparametersour
approachis similar to [6] becausd , andf; areboth de®nedat the scaleof the SMOS pixel
aswell as SMOS soil moistureand SMOS vegetationwater content.In fact, the key to the
calibrationof the couple(f o; f1) is double:(i) the L-bandangularsignatureof a SMOS pixel
dependn bothfo andf; and(ii) the SMOS obsenation is composeddf multi-angular(at
leasttwo independentprightnessemperatures.

In practice,the normalizationof the relative distribution of (8) is performedby looking
for a particularsolution of the couple(fo;f1) suchthatthe SMOS scalesoil moistureWg
appearsn the expressionof W,. Both parameter&Vg andf; aretheninvertedby matching
the SMOS obsenation simulatedfrom the disaggrgated soil moisture and the measured
SMOS obsenation.

a) Find a particular solution: we look for a particularsolutionof the couple(f o; ) to
make the SMOS scalesoil moistureWg appearin the expressionof the disaggrgatedsoil
moisture.Let f suchas:

fo=Wg fi<Tq > ()]

where< T4" > is the Projectedsoil temperatureaggreyated(linearly) over the SMOS pixel.

b) Expressthe disaggregatedsoil moistue: replacingf ¢ in (8) by the expressionof (9),

we obtaina new expressionof the disaggrgatedsoil moisture,which is now a function of
the couple(Wg;f1):

Wi(Wg;f1) = We + fo(Tq" < Tq" >) (10)

In this expressionwe clearly seethe function of eachparameterWg parametedetermines
the effective level of the distribution at SMOS scalewhereasthe contrastparameterof the
distribution f ; ®xesthe rangecoveredby disaggrgatedvalues.

c) Build a cost function: a cost function is built in order to evaluate the distance

betweenthe SMOS obsenation simulatedfrom the disaggrgatedsoil moistureof (10) and
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the measuredSMOS obsenation. The costfunction F is de®nedas:
X 2

F(Wg;f1) = — RT w;X™ TB{ (11)

1=1

with W, the ®ne scale soil moisture expressedin (10) and TBY the measuredSMOS
obsenation. The costfunction F is thenminimizedto invert the couple(Wg;f1). Note that
the problemof retrieving the couple(Wg; 1) from SMOS datais theoreticallywell de®ned
becauseghe numberof independenSEMOS obsenrationscontainedn TB¢ is superiorto the
numberof unkonwns,which is two. This statemenis a priori true whatever the nature of
RT model.

d) Invert Wg: the SMOS scalesoil moistureWg is invertedby settingf; = O:
wg" = Argmin,,_F (Ws; 0) (12)

with WXV the inverted SMOS scalesoil moisture.

e) Invertf: the contrastparametef ; is invertedby ®xing W = WIV:
f™ = Argmin F(WZ";f1) (13)

with fiVv the inverted contrastparameterof the output distribution. At this point, the soil
moisturedistribution is entirely determinedand is characterizedy the couple (WIV; fIv),
Notethatthe descriptiongivenabove is the ®rst readingof the method.For an understanding
in depthof the differentstepsof the method,readersare encouragedo referto AppendixA

wherethe threeloopsinvolvedin the algorithmare presented.

[11. ASSUMPTIONS

In this section,the assumptionsmplicitely madeduring the developmentof the method

arelisted.

A. Correlation betweerthe radiometricsoil tempeature and the microwavesoil moistue

The correlationbetweenthe 1 mm radiometricsoil temperaturanvertedfrom dual-angle
measurementn the thermal infrared and the 0-5 cm L-band soil moistureis the main
assumptionof the method.In particular it is assumedhat the spatial variationsof the 1
mm radiometric soil temperatureare linearly correlatedwith the spatial variationsof the
integrated 0—5 cm soil temperatureThis assumptionis requiredto make the radiometric

soil temperatureconsistentwith the 0—5 cm microwave soil moisture[17]. Note that a bias
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betweerthe radiometricsoil temperatur@ndthe 0—5 cm soil temperaturas expectedto have
no effect on the disaggrgationmethodbecausehe radiometricsoil temperatureés only used
to provide a relative spatial distribution of the 0-5 cm soil temperaturgand thereforeof
the 0—5 cm microwave soil moisture).In the next, “soil temperature’and “radiometric soil
temperature’are alternatvely usedto refer to the samevariableinvertedfrom the thermal
infrared. Similarly, “soil moisture” hasto be understoodn the next sectionsasthe 0-5cm

L-band soil moisture.

B. Geneal assumptions

In the disaggrgation method,the generalassumptionsre:

1) remotesensingdatain the visible, nearinfraredandthermalinfraredarerepresentatie
of thesurfacestateatthetime of SMOSobsenation. Thisis particularlyimportantgiven
that SMOS datawill be collectedat aboutsunriseand that the optimal conditionsfor
the applicationof the methodoccurat aboutnoonwhenthe contrastin soil temperature
is generallymaximum (high evaporatve demandconditions). The synepgistic use of
SMOS and optical data require thereforethat the relative spatial variability of soil
moisture within the SMOS pixel doesnot changemuch betweenboth obsenation
times. Note that the assumptiorrelieson the relative variability only (not the absolute
valuesof soil moisture)becauseptical dataprovide a variability of soil moisturethat
is relative to the SMOS scalesoil moisture.

2) all local auxiliary data have the samespatial characteristicsjn particular the same
resolution(aboutl km).

3) the sameareais monitoredby the differentview anglesof SMOS.

4) disaggrgated brightnesstemperaturesorrespondapproximatelyto the sameset of

incidenceanglesasthe setof incidenceanglesat which the SMOS pixel is obsered.

C. Deepsoil moistue and tempeature

The deepsoil moistureW, is usedby the disaggrgationmethodvia LS modelto project
the soil temperaturan (7). As deepsoil moistureis generallynot known at the scaleof 1
km, it is assumedhat a rough value can be obtainedeitherwith an interpolationtechnique
of in situ measurementsr with a SVAT type model. One shouldnote that the accurag on

deepsoil moistureis likely to have a negligible effect on the disaggrgatedsoil moisture
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asthe radiometricsoil temperaturas practically uncorrelatedvith deepsoil moisture[29],
[30].
The sameassumptions madefor the deepsoil temperaturd,, which is usedby RT model

to simulatethe local microwave emissionin (11).

IVV. APPLICATION TO A SYNTHETIC SCENE

In this section,the methodis testedwith a syntheticscene.We describe®rst the setup
to generatea heterogeneouSMOS pixel. We discussnext aboutthe value of the increment
of the contrastparameter f ;, which is an importanttask on the algorithmic level. Finally,
the resultsof the applicationare presentedand the validity of the assumptionabout the

correlationsoil temperature/soimoistureis ®rst checled.

A. Geneate a syntheticscene

Our 40 km size syntheticsceneis composedof the ensembleof surface variablesand
parametersle®nedat the local scaleof 1 km andof the 40 km resolutionSMOSobsenation.
Theprocedurdollowedto generata heterogeneouSMOSpixel consistof thefollowing: (1)
all independensurfacevariablesand parametergi.e. all variablesexceptsurfacecomponent
temperaturesaregeneratedvithin a givenrange,delimitedby a minimal andmaximalvalue;
(2) the ensembleof generatedsurfacevariablesare injectedinto LS modelto computethe
valueof soil temperaturdéor eachsub-piel; (3) local microwave emissionsaresimulatedwith
RT modelon eachsub-pixel; (4) SMOS obsenation is generatedaveragingthe contribution
of eachsub-pixel over the SMOS pixel.

Soil moistureis generatedvith three different ranges:5-20 %, 10-25% and 15-30 %.
An arbitrary spatialstructureis usedso that the outputdistribution canbe visually compared
to the generatedlistribution. The spatial structureis the samefor the three soil moisture
ranges.

LAl andsoil texturearegeneratedheterogeneoushyithin the SMOSpixel with anarbitrary
spatialstructure independenfrom eachother We considerthat the vegetationcover andthe
soil texture are the surfacevariablesmostimportantto ®rst checkthe methodas vegetation
is involved in both LS and RT model and soil texture parameterizeshe relationshipsoil
temperature/soimoistureby conditioning the evaporationrate at the surface soil. Canopy
heightand vegetationwater contentare arbitrarily setto 1/6 and 1/2 of LAl respectrely as

in [38]. The minimum and maximumvaluesof LAl arerespectiely 0.5 and3.0. Within the
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Fig. 4. Radiometricsoil temperaturgeneratedy LS modelasa function of the generatedurfacesoil moisturefor three
rangesof surface soil moisture:5+20 %, 10+25 % and 15+30 %. The relationshipbetweenradiometricsoil temperature
and surface soil moistureis madenoisy by the spatialvariability of LAI. This is a function of soil texture (sandand clay
fractions).

syntheticscenefwo typesof soil texturerepresentetty sandandclay fractionsaregenerated.
A sandysoil with 67 % sandand9 % clay is generatedver the left-handside of the scene
anda sandyclay loam soil with 11 % sandand 27 % is generatedver the right-handside.
Both typesof soil are homogeneousver half a SMOS pixel sothatthe respecitre effects of
LAl andsoil texture on the disaggrgatedsoil moisturecan be visually separated.

The heterogeneityf ary surfacevariableotherthanvegetationandsoil textureis expected
to have in principle the sameeffect on the methodas the heterogeneityof vegetation:the
heterogeneityof ary input variableto the LS model will systematicallyincreasethe noise
in the correlationsoil temperature/soimoisture.For the visibility of the results,the surface
variablesotherthanLAl andsoil texture arethereforesetto homogeneousalues.The values
of air temperaturetelative humidity of air, solarradiation,wind speeddeepsoil temperature
anddeepsoil moistureare setrespectiely to 25 C, 20 %, 800Wm 2, 2 ms %, 20 C and20
%.

The variationsof the generatedoil temperatureasfunction of the generatedoil moisture
arepresentedn Fig. 4. One obsenresthat the relationshipbetweensoil temperatureand soil
moistureis madenoisy by the heterogeneityof vegetationcover. This is a function of soil
texture.

SyntheticSMOSobsenationsaregeneratedyy consideringwo differentcon®gurationsin
the caseof con®guration'3 independent BY'”, SMOSobsenationis composeaf the nadir
brightnesgemperaturendthe horizontalandvertical polarizedbrightnesgsemperaturesvith
anincidenceangleof 40 degrees.In the caseof con®guration‘l1 independent B SMOS

obsenation is composedf the nadir brightnessemperatureand the horizontaland vertical
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polarizedbrightnessemperaturesvith anincidenceangleof 10, 20, 30, 40 and 50 degrees.
Both obsenation con®gurationsare usedto assesshe potentialof the angularcapabilitiesof
SMOS sensorto retrieve (WIV; f Iv).

B. Signof the contrast parameterf ;

The disaggregation algorithm increaseghe contrastparameterf ; from 0 to an extremal
value (seeAppendix A for detail) to minimize the costfunction F (WIV; f,). If the absolute
value of the increment f, is directly relatedto the accurag on the output soil moisture
distribution, its signis imposedby the surfaceconditionsat the time of SMOS obsenation.
In (10) we clearly seethat the sign of the contrastparameterdependson the variation of
Projectedsoil temperaturevith respectto soil moisture.In fact, the slopeof the correlation
betweenrProjectedsoil temperaturendsoil moisturedependson atmosphericonditions.For
example,whenatmospheridorcing behaes asa thermalenegy sourcetowardsthe surface
(high solarradiationin particular),soil temperaturas a decreasingunction of soil moisture
by thermalinertia. Corversely whenatmospheridorcing behaesasa sink of thermalenegy
towardsthe surface (usually during the night), soil temperaturgendsto increasewith soil
moisture. In the presentcasewhere the evaporatve demandis high (S = 800 Wm ?2),
Projectedsoil temperaturas a decreasingunction of soil moisture.The contrastparameter

is thereforenegative. In the simulations,the value of the increment f, is setto 0.1.

C. Results

The disaggrgationmethodis appliedto threesyntheticscenesorrespondingo the three
rangesof the generatedoil moisture.The setof SMOS brightnesgemperaturesisedfor the
presentapplicationcorrespondso con®guration“3 independeniT B'”. Note that identical
resultsare obtainedwith con®guration“11 independenT B " sinceno noiseis addedon
SMOSobsenation.In Fig. 5 arepresentedhe imagesof the disaggrgatedsoil moistureto be
comparedwith the imagesof the generatedoil moisture.For the threesoil moistureranges,
the spatial structureof the generatedsoil moistureis well restoredby the disaggrgation
method and the impact of the heterogeneityof vegetationcover is not detectableon the
disaggregatedsoil moisture Concerninghe heterogeneityf soil texture,thejunctionbetween
both soil typesis slightly apparenton the vertical line at the middle of the images.These
gualitative resultsarealsovisible in Fig. 6 showving the scatterplots of the disaggrgatedsoil

moistureversusthe generatedsoil moisturefor the three soil moistureranges.
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threegeneratedsoil moistureranges.Column 1: the generatedsoil moisturerangesfrom 5 to 20 %; column2: from 10 to
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Fig. 6. Soil moisturedisaggrgatedby the methodas a function of the generatedsoil moisture. Three rangesof sail
moistureare considered5+20 %, 10+25% and 15+30%.
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TABLE |
RESULTS OF THE OUTPUT DISTRIBUTION IN TERMS OF THE INVERTED SMOS SCALE SOIL MOISTURE W& (%), THE
INVERTED CONTRAST PARAMETERf 1" (%/K) AND THE ERROR SD (%) ON THE DISAGGREGATED SOIL MOISTURE

DISTRIBUTION, CORRESPONDING TO 3 DIFFERENT RANGES OF SOIL MOISTURE.

Range InvertedSMOS scale Invertedcontrastparameter Error
of soil moisture soil moisture on the outputdistribution
WV (%) £V (9/K) SD (%)
5+20 % 14.5 1.1 0.61
10+25% 195 1.0 0.56
15+30% 24.5 1.6 1.30

The quantitatve resultsin terms of the inverted SMOS scale soil moisture W™ (%),
the inverted contrastparameterf [ (%/K), andthe error SD (%) on the ouput distribution
computedasthe standarddeviation betweerdisaggrgatedandgeneratedaluesarepresented
in Tablel. We obsenre that f iV hasdifferent valuesfor the threerangesof the generated
soil moisture.To interpretthis result, the variationsof Projectedsoil temperatureversusthe
generatedsoil moistureare shovn in Fig. 7. As obsened on the graphs,the slope of the
relationshipbetweenProjectedsoil temperatureand soil moisturevarieswith the rangeof
soil moistureand decreasesigni®cantlyfor high values.As a matterof fact, to accountfor
lower sensitvity of Projectedsoil temperatureio soil moisturein the soil moisturerange
15-30 %, the algorithm estimatesan optimal contrastparameterhigher in absolutevalue
( 1.6 %/K) thanthe one ( 1.0 %/K) invertedfor the soil moisturerange 10-25%. The
samephenomenoris alsoobsered for low soil moisturevalues.The differencesn termsof
fiv petweenthe different soil moisturerangesare explainedby a loss of sensitvity of soil
temperaturdor extremesoil moisturevalues.

Thesaturatiorof Projectedsoil temperaturdor low andhigh soil moisturevaluesrepresents
a limitation of the disaggrgationmethod.As the main assumptiorrelies on the linearity of
the variationsof Projectedsoil temperaturethe non-linearity of thesevariationscannotbe
taken into accountby the method.In fact, saturationphenomenamply systematicerrorson
the disaggrgatedsoil moisturedistribution. For example,the error SD is estimatedto be
0.6 % for the soil moisturerangel0-25% whereaghis quantityis evaluatedto be 1.3 % for

the soil moisturerange15-30%, wherethe assumptiorof linearity is not aswell veri®edas
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Fig. 7. Projectedsoil temperatureTq" as a function of the generatedsoil moisture. Three rangesof soil moistureare
considered5+20 %, 10+25% and 15+30 %.

for the casel0-25%. Neverthelesspne shouldnote that the error on the disaggrgatedsoil

moisture,which is lessthan 1.3 % in the conditionsof the simulations,is still satisfying.

V. SENSITIVITY

To test the disaggrgation method in conditions closer to the operationalapplication,
speci®cuncertainitiesare generatedn the syntheticinput datasetThe sensitvity analysisis
conductedby addingan increasinggaussiamoiseseparatelyon ®ne scaleauxiliary dataand
on SMOSobsenation. As it is shovn in Fig. 3, local auxiliary dataprovide the information
on the spatialvariability of soil moisturewhereasSMOS obsenation de®nesthe solvability
of the disaggreationproblemby inverting the couple(W2"; f V). The syntheticsceneused

for the sensitvity analysiscorrespondgo the soil moisturerange10-25%.

A. Effect of a prescribednoiseon local input data

In this subsectionthe sensitvity analysisaimsto quantify the error on the disaggrgated
soil moisturethat is speci®callyattributed to the uncertaintyin local auxiliary information.
Two cases2 K on Tq" and 20% on LAI ™" and“4 K on Tq" and 50% on LAI ™" are
considered.They correspondrespectiely to a gaussiannoisesof 2 K and 4 K for soil
temperatur@anda gaussiamoiseof 20 % and50 % for LAI, evaluatedasa percentag®f the
generatedalue.Therobustnes®f the disaggrgationmethodis evaluatedoy computingthree
parametersthe invertedSMOS scalesoil moistureW ™ (%), the invertedcontrastparameter
f I (%/K) andthe error SD (%) on the ouputdistribution computedasthe standardieviation
betweenhe disaggrgatedandgeneratedoil moisture.The statisticalresultscomputedrom

200 independentlatasetsare presentedn Tablell in termsof meanand standarddeviation
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TABLE I
RESULTS OF THE SENSITIVITY ANALY SIS FOR CONFIGURATIONS “3 INDEPENDENT TBZ ” AND 11 INDEPENDENT
TBZ". THE STATISTICAL RESULTS ARE GIVEN IN TERMS OF MEAN AND STANDARD DEVIATION OF THE INVERTED
SMOS SCALE soIL MOISTURE WEY (%), THE INVERTED CONTRAST PARAMETERf 1" (%/K) AND THE ERROR SD (%)

ON THE DISAGGREGATED SOIL MOISTURE DISTRIBUTION.

Inverted SMOS scale Inverted contrastparameter Error
soil moisture on the outputdistribution
W (%) £1V (%/K) SD (%)
Input Noise 3TBY 11TBY 3TBY 11TBY 3TBY 11TBY

Mean(SD) Mean(SD) Mean(SD) Mean (SD) Mean(SD) Mean (SD)

No noise 19.5(0) 19.5(0) 1.0 (0) 1.0(0) 0.6 (0) 0.6 (0)
2K onT4" 20%onLAl ™ 19.5(0.0)  19.5(0.0) 1.0 (0.0) 1.0(0.0)  1.6(0.0) 1.6 (0.0)
4K onT4" 50%onLAl ™ 19.3(0.1)  19.3(0.1) 0.9(0.2) 1.0(0.2)  3.3(0.3) 3.4(0.3)
1K onTBY 19.6(0.3)  19.5(0.1) 0.9(0.72)  0.9(0.59) 2.9(1L.1) 2.2(1.3)
2K onTBY 19.5(0.5)  19.5(0.3) 1.0(0.73)  1.0(0.68)  3.0(1.0) 2.7(1.1)
4K on TBY 19.5(1.0)  19.5(0.5) 1.0(0.75)  1.0(0.73)  3.2(0.9) 2.9(1.0)

of the threeparametersin the caseof con®guration‘3 independent BL' ", which is a priori
less favorable than con®guration“11 independenfl BY”, and using the dataset“4 K on
T4" and50% on LAI ™", which is more noisy than the dataset'2 K on T4" and 20% on
LAI ™", the output disaggrgatedsoil moistureis still satisfyingin termsof WV, f IV and
SD. In particulay parametersV¥ andfi™ vary not mucharoundthe valuesobtainedwith
non noisy data. The uncertaintiesn auxiliary datathus transmita non biasednoiseto the
ouputdisaggregatedsoil moistureandhave no impacton the retrievability of both parameters
WZV andf . Note thatthe resultsobtainedfor con®gurations3 independent BY” and“11
independenT BY" are statisticallythe same,which is consistentwith the fact that this ®rst

sensitvity studydealsspeci®callywith local auxiliary dataand not with SMOS obsenation.

B. Effect of a prescribednoiseon SMOSobservation

The secondpart of the sensitvity analysisis conductedoy addinga noisespeci®callyon
SMOS obsenation. Three casesare considereda noiseof 1K, 2K and 4K is successiely
generatechindaddedon SMOSbrightnessemperature$or respectrely case*l K on TB”,
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“2KonTBg and“4 K onTBZ". Statisticalresultsaregivenin termsof meanandstandard
deviation of the three ouput parametersthe inverted SMOS scale soil moisture W™ (%),
the inverted contrastparameterf IV (%/K) and the error SD (%) on the ouput distribution
computedasthe standarddeviation betweenthe disaggrgatedand generatedsoil moisture.
The statisticalresultscomputedfrom 200 independentlatasetsare presentedn Tablell for
both con®gurations'3 independent B ” and“11 independenT BZ". TheinvertedSMOS
scale soil moisture W™ is particularly stable whatever the obseration con®guration.On
the other hand, the inverted contrastparameteif [V shawvs importantvariationsaroundthe
valueobtainedwith nonnoisydata( 1.0%/K). Thesevariationsaredirectly attributedto the
uncertaintyin SMOSobsenation. Theresultscorrespondingo con®guratioril1 independent
TBZ" arebetterthanthoseof con®guration“3 independeniT BY'” in termsof sensitvity.
However, theincreaseof the numberof independenbrightnesgemperaturedoesnotimprove
signi®cantlythe robustnessf the inversionprocesf the contrastparameterThe sensitvity
analysisthus shaws that the uncertainityin SMOS obsenation is, in the conditionsof the

simulationsperformed,the limiting factor of the disaggrgationmethod.

VI. A SIMPLE APPLICATION TO SGP97/AVHRR DATA

The disaggregation methodis now testedwith real data. The data collectedduring the
1997 SouthernGreat Plains Hydrology Experiment(SGP97)are usedsyneqistically with
AdvanceVery High ResolutionRadiometei(AVHRR) channelsl, 2, 4 and5. In this section,
we successiely describethe datachoserfor the application,we presenthe two modelsused
to invert the soil temperaturdrom AVHRR data,we describethe methodologyfollowed to
extractthe spatialvariability of soil moisturefrom AVHRR dataand®nally we discussabout

the resultsof the disaggreation.

A. Thedata

Analysis is basedon data collected during the 1997 SouthernGreat Plains Hydrology
Experiment(SGP97)run within central OklahomabetweenJune 18 and July 16, 1997.
During SGP97,L-band surface brightnesstemperatureobsenationswere acquiredwith the
Electronically ScannedThinned Array Radiometer(ESTAR) o wn aboarda P3B aircratft.
The 800 m brightnesstemperatureamagery was obtainedon June18, 19, 20, 25, 26, 27,
29 and 30, andon July 1, 2, 3, 11, 12, 13, 14, and 16 at around11:00 CST. The auxiliary

datainvolved in the radiatve transferat L-band —the L-band effective soil temperaturethe

May 3, 2005 DRAFT



JUURNAL UF IRMBEA CLASO FILES, VUL, 1, NU. 11, NUVENIDBbER £ZUUZ

so-calledb parametervegetationwater content,surfaceroughnesssoil bulk densityand soil
texture—were gridded[4] at the sameresolutionasESTAR brightnessemperatureThe 0-5
cm soil moisturewas then invertedand mappedby [4] at the resolutionof 800 m over an
areaof about50 200 km?.

During the SGP97campaign,NOAA-14/AVHRR overpassedhe areaalmost every day
at approximatelyl4:30 CST. Day July 12 was chosenfor the analysisbecausehis day is
cloudlessand shows the most importantrangeof the soil moistureinverted from ESTAR
dataover the areacoveredby both AVHRR and ESTAR obsenations.

To useAVHRR datasynegistically with SGP97data,thediscrepang betweerAVHRR and
ESTAR resolutionis removed by resamplindinearly AVHRR datafrom the actualresolution
of 1.1 km to 800 m. The areacovered by both ESTAR and AVHRR obsenationson day
July 12 is composedof 3694 sub-pixels at 800 m resolution,which representsan areaof
about2400km?. In the analysis,this arearepresentshe coarseresolution“SMOS pixel”.

Within the SMOS pixel, the available L-band datais the nadir brightnesstemperature
derved from ESTAR data. The point is the disaggrgation methodpresentedn the paper
requiresmultiple (at leasttwo) independenbrightnesgemperaturesf the sameareato cali-
bratethe disaggreatedsoil moisture(i.e. retrieve the couple(W2"; f i) of the soil moisture
distribution). The SMOS angularbrightnessemperaturesisedare thereforegeneratedising
RT modelasin theapplicationwith syntheticdata:the SMOSangularbrightnesgsemperatures
are computedaveragingthe local angularbrightnesstemperaturesimulatedover eachsub-
pixel composingthe SMOS pixel. The inputs of RT model are the 800 m resolutionsoil
moistureinvertedfrom ESTAR dataandthe 800 m resolutionauxiliary datainvolvedin the
radiative transferat L-band.

Both the radiometricsurfacetemperaturerl,,g and NDVI are derived from AVHRR data.
The radiometric surface temperatureis estimatedusing the split-windowv technique.The

equationgiving T,,q asfunction of AVHRR channels4 and5 is:

TBAVHRR4 TBAVHRRS 1

Trag= TBAVHRR 1 + 50 (14)

4

wherethe ®rst two termsare the radiometricsurface temperaturecomputedwith the split-

window techniqug39], andthethird termis the correctionfor surfaceemissvity [40]. In the
analysistheratio s= 4 istakento be 1.33asin [41] andthe meanemissvity in AVHRR
channels4 and 5 is taken to be 0.96. NDVI is derived from the re ectancesof AVHRR
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channelsl and 2:
RAVHRRZ RAVHRRl

NDVI = RAVHRRZ 4 RAVHRR1 (15)

The parametersnvolvedin (3) to computethe fractional vegetationcover from NDVI were
setrespectrely to 0 and0.60for ND VI i, andNDV | o and 0.625for p asin [42]. The
imagesof the fractional vegetationcover and the surfacetemperatureover the areacovered
by both AVHRR and ESTAR obsenationson day July 12 are presentedn Fig. 8.

B. The methodolgy

The methodologyfollowed to disaggrgate surface soil moisture within the 2400 km?
SMOS pixel consistsof the following: (1) invert the soil temperaturdrom AVHRR data(2)
usethe AVHRR soil temperaturesa tracerof the spatialvariability of ®ne scalesoil moisture
and (3) calibrate the disaggregated values of soil moisture using the SMOS obsenation
generatedvith RT model.

The soil temperaturel" is invertedfrom AVHRR radiometricsurface temperaturerl Ty
given AVHRR fractionalvegetationcover f [". Formally, the invertedsoil temperatureat ®ne
scaleis computedas:

T m — Trad|m fClm TC|m
sl = 1 Clm

with T" the canopy temperaturatthelocal scaleof 800m. As the canojy temperaturés not

(16)

availablewith thesedata,it is roughly approximatedo the air temperatureThe assumption
that the canopy temperatures closeto the air temperaturas basedon the fact that, except
for extremesoil waterde®cit, plantsareableto maintainhomeostasiby variousmeang43].
Thevalueof air temperaturaisedin the inversionof the soil temperatures the averageof all
the in situ measurementavailable within the SMOS pixel at the time of AVHRR overpass.
Next, a relative soil moisturedistribution is obtainedby linking ®ne scalesoil moistureto

the invertedsoil temperatureas:
Wi = W + o (Tg" < T4 >) (17)

with W the SMOSscalesoil moistureandf ; the contrastparametef®xing therangecovered
by disaggregatedvalues.

Finally, the relative soil moisturedistribution of (17) is normalizedat SMOS scaleusing
the generatedSMOS obsenation. This implies theinversionof the SMOSscalesoil moisture
W[V andthe contrastparameterf [ as describedn the developmentof the disaggreation
method(Sectionll).

May 3, 2005 DRAFT



JUURNAL UF IRMBEA CLASO FILES, VUL, 1, NU. 11, NUVENIDBbER £ZUUZ

)]
Fractional
vegetation cover
derived
from AVHRR
(b)
Surface temperature
derived
from AVHRR
(°C)
(C) > 30
25 Soil moisture
20 disaggregated
15 at 800 m resolution
5
(d) > 30
25 Soil moisture
20 jnverted
5 from ESTAR data
D
5

Fig. 8. Imageswithin the 2400 km* SMOS pixel of (a) the fractional vegetationcover (m?/m?) derived from AVHRR
channelsl and 2, (b) the surface temperature(C) derived from AVHRR channels4 and 5, (c) the soil moisture (%)
disaggrgatedby the methodand (d) the soil moisture(%) invertedfrom ESTAR data.
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