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Abstract

A new physically-baseddisaggregationmethodis developedto improve the spatialresolution

of thesurfacesoil moistureextractedfrom theSoil MoistureandOceanSalinity (SMOS)data.The

approachcombinesthe 40 km resolutionSMOS multi-angularbrightnesstemperaturesand 1 km

resolutionauxiliary data composedof visible, near-infrared and thermal infrared remotesensing

dataandall the surfacevariablesinvolved in the modelingof land surface-atmosphereinteraction

available at this scale(soil texture, atmosphericforcing, etc.). The methodsuccessively estimates

a relative spatial distribution of soil moisturewith �ne scaleauxiliary data,and normalizesthis

distribution at SMOS resolutionwith SMOS data.The main assumptionrelieson the relationship

betweenthe radiometricsoil temperatureinverted from the thermal infrared and the microwave

soil moisture.Basedon syntheticdatageneratedwith a land surfacemodel, it is shown that the

radiometricsoil temperaturecan be usedas a tracerof the spatial variability of the 0–5 cm soil

moisture.A sensitivity analysisshows that the algorithm remainsstablefor big uncertainitiesin

auxiliary dataandthattheuncertainityin SMOSobservationseemsto bethelimiting factor. Finally,

a simpleapplicationto the SGP97/AVHRR dataillustratesthe usefullnessof the approach.

Index Terms

Surfacesoil moisture,disaggregation,SMOSmission,multi-spectralremotesensing,synergy.

The authorsaregrateful for funding from the CNESprogram“ProgrammeAtmosph�ere OcéanBiosph�ere”.
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A CombinedModeling and

Multi-Spectral/Multi-ResolutionRemote

SensingApproachfor Disaggregation of

SurfaceSoil Moisture:Application to SMOS

Con�guration

I . INTRODUCTION

Soil moistureis a key hydrologicalvariablethat plays an importantrole in land surface-

atmosphereinteractions.By controllingthepartitionof rainfall into runoff andin®ltration and

availableenergy at thesurfaceinto sensibleandlatentheat�ux, soil moistureplaysa crucial

role in boundarylayer developmentand thereforein climate modelingat both regional and

global scale.

Microwavesatellitesensorshave provento beeffective for soil moisturesensingbecauseof

the large contrastbetweenthe dielectricpropertiesof liquid water(80) andthoseof dry soil

(4). This resultsin a wide rangeof valuesfor thesoil-watermixture (4-40)which impactthe

naturalmicrowave emissionfrom the soil. In particular, sensorsoperatingat low frequencies

(L-Band) suchasPBMR, ESTAR have beenfound to be very effective in inferring surface

soil moistureat differentspace-timescales[1]–[4].

The Soil Moisture and OceanSalinity (SMOS) mission [5] has beenrecently selected

by the EuropeanSpaceAgency (ESA) and it is scheduledfor launchin 2007.This L-band

radiometeris basedon aninnovative two-dimensionalaperturesynthesisconcept.This sensor

hasnew and signi®cantcapabilitiesin termsof multi-angularviewing con®gurations.This

allows for simultaneouslyretrieving the 0–5 cm soil moistureand vegetationbiomass[6]

with a samplingcycle rangingfrom 1 to 3 daysand a meangroundresolution(pixel size)

of about40 km. This instrumentwill then provide the much neededglobal dataset of soil

moistureand other surfacevariablesto be implementedin generalcirculation and climate

models.

At regional scale, recent efforts have been dedicatedtowards the improvementof the
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modelingof land surface-atmosphereinteractionthrougha three-dimensionalrepresentation

of hydrologicalprocessesby incorporatingmore realistic land-surfaceschemesand spatial

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

with its 40 km resolutionin suchhydrologicalmodelsis not straightforward. The scaleat

which most hydrological processes(runoff, in®ltration, evapotranspiration,etc.) should be

capturedfor improving the understandingand subsequentlythe representationof surface

processesin regional modelsis of about1 to 10 km [8]–[11].

To overcomethis dif®culty, differentapproacheshave beenrecentlyadoptedto distribute

®ne scalesoil moisturewithin passive microwave pixels.For example,Pellenqet al. (2003)

[12] coupledaSoil VegetationAtmosphereTransfer(SVAT) modelto distributedhydrological

formalism.Lumpedvaluesof soil moisturewerethendisaggregatedusingsimplerelationships

betweenmeanvalues,local topographyandsoil depthinformation.A differentapproachwas

proposedby Kim and Barros(2002) [13] who showed that the space-timestructureof soil

moisture®elds can be statisticallyexplainedby the scalingbehavior of auxiliary datasuch

as topography, soil texture, vegetationwater contentand rainfall. Basedon these®ndings,

they [14] developedtime-varying linear combinationsof the spatialdistributionsof relevant

auxiliary data to interpolatecoarseresolutionsoil moisture.The so-called4-D variational

dataassimilationschemewas usedby Reichleet al. (2001) [15] to estimatesoil moisture

valuesat the scale of one fourth the resolutionof microwave data. Bindlish and Barros

(2002) [16] combinedactive-passive microwave remote sensingto interpolatethe coarse

resolutionbrightnesstemperature.The downscaledbrightnesstemperatureswere then used

to retrieve soil moistureestimatesat the scaleof active microwave data.Similarly, Chauhan

et al. (2003)[17] usedlinearregressionsbetweena vegetationindex, surfacetemperatureand

soil moisture.By aggregatingthe vegetationindex andsurfacetemperature,a linkagemodel

was developedat the scaleof the microwave observation, and then appliedat ®ne scaleto

disaggregatemicrowave soil moistureinto high-resolutionsoil moisture.

The objective of the paperis to develop a new physically-baseddisaggregation method

to improve the spatial resolutionof the surface soil moistureextractedfrom SMOS. The

approachis basedon an original combinationof the 40 km resolutionSMOSmulti-angular

brightnesstemperaturesand1 km resolutionauxiliary datacomposedof visible,near-infrared

andthermalinfraredremotesensingdataandall thesurfacevariablesinvolvedin themodeling

of landsurface-atmosphereinteractionavailableat thisscale(soil texture,atmosphericforcing,

etc.). The approachfor disaggregating SMOS soil moisture involves 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 parametersare the SMOSscalesoil moistureanda parameter®xing the rangecovered

by disaggregatedvalues.The secondstepconsistsof inverting both parametersfrom SMOS

data.

We begin in sectionII by presentingthemodelsusedanddescribingthe main stepsof the

method.In sectionIII, we list the assumptionsimplicitely madein the developmentof the

method.Theseassumptionsare®rst checkedin sectionIV with a syntheticscenerepresenting

a heterogeneousSMOS pixel. In sectionV, the robustnessof the disaggregation methodis

testedby generatinga speci®ednoiseto be addedto the syntheticinput dataset.In section

VI, thedisaggregationmethodis appliedto thedatacollectedduringthe1997SouthernGreat

PlainsHydrology Experimentand the dataof AVHRR channels1, 2, 4 and 5. In the ®nal

section,we summarizethedifferentresultsof thepaperandwe discussabouttheapplicability

of sucha disaggregationschemeon an operationalbasis.

The resultspresentedin this paper are mostly basedon syntheticdata generatedwith

physically-basedmodelsto evaluatethe approach.We underlinethe fact that usingsynthetic

data doesnot allow us to addressa numbera complicationsthat will be encounteredin

operationalsettings.

I I . METHOD

A disaggregationmethodof the40 km resolutionSMOSsoil moistureis developedin this

section.The threemodelsusedare®rst presentedbeforewe describethe main stepsof the

method.

A. Models

Thedisaggregationmethodusesthreemodels:anL-bandradiativetransfermodel,a thermal

infraredradiative transfermodelanda landsurfacemodel.In thissection,thethreemodelsare

describedandthe consistency betweenthe differentsurfacevariablesinvolved is discussed.

1) L-band radiative transfermodel: a radiative transfermodel at L-band (RT model) is

usedto simulatethe angularand bi-polarizedSMOS brightnesstemperatures.A complete

descriptionis given in [6]. Using the tau-omega formalism [18]–[20] and neglecting atmo-

sphericeffects, the L-bandbrightnesstemperatureTB(� ; p) at the incidenceangle� andat
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RT model

PSfragreplacements

W; X = (Ts; T2; Tc; Wc; b;! ; hs; Qs; Sand;Clay)

TB(� ; p)

� 1 � 2� i
� n

Fig. 1. Schematicdiagramshowing the input/outputdata of the L-band radiative transfer(RT) model. The input are:

the 0±5 cm soil moistureW , the soil surface temperatureTs, the deepsoil temperatureT2 , the canopy temperatureTc,

the vegetationwatercontentWc, the so-calledb parameterof vegetation,the single-scatteringalbedoof the canopy ! , the

roughnessparameterhs, thepolarization-mixingparameterQs andthesoil texturecomposedof sandandclay fractions.The

ouput is a vector notedTB of bi-polarizedand multi-angularbrightnesstemperatures.It is composedof 2n independent

brightnesstemperatures.

polarizationp (H or V) canbe expressedas:

TB(� ; p) = Teep(� ; p)exp(� � =cos� )+ Tc(1� ! )[1� exp(� � =cos� )][1+ r p(� ; p)exp(� � =cos� )]

(1)

with Te the effective soil temperature,Tc the canopy temperature,ep the soil emissivity, r p

thesoil re�ectivity (relatedto thesoil emissivity by r p = 1� ep), � thenadiropticaldepthof

the canopy and! the single-scatteringalbedoof the canopy. The parameterizationof [21] is

usedto computetheeffective soil temperatureTe asfunctionof thedeepsoil temperatureT2

(approximatelyat 50 cm) and the soil surfacetemperatureTs (approximatelycorresponding

to a depth interval of 0–5 cm). The soil microwave emissivity ep for polarization p is

calculatedfrom the soil dielectricpermittivity parameterizedwith soil texture [22] andfrom

the incidenceangle� usingthe Fresnelequations.The soil roughnessis accountedfor using

thesimpleapproachof [23] basedon theroughnessparameterhs andthepolarization-mixing

parameterQs. At L-band,the single-scatteringalbedoof the canopy is small (we took 0.05

for both polarizations).The nadir optical depth� is relatedto the vegetationwater content

Wc by � = bWc [24]. The input dataof RT modelarelisted in theschematicdiagramof Fig.

1 whereW is the 0–5 cm soil moistureandSand andClay are the sandandclay fraction

of soil. The outputof RT model is a vectorTB of bi-polarizedandmulti-angularbrightness

temperatures.

2) Thermal infrared radiative transfermodel: a radiative transfermodel in the thermal

infrared(RT-TIR model)is usedto invert theradiometricsoil temperaturefrom bi-directional
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radiometricsurface temperature[25]–[31]. Assumingsurface emissivity is close to 1, the

radiometricsurfacetemperatureTrad(� ) at angle� is simply computedas:

Trad(� ) =
�
1 � f c(� )

�
Ts + f c(� )Tc (2)

with Ts the radiometriceffective soil (the mixture of sunlit andshadowed soil) temperature,

Tc the radiometriceffective canopy (themixtureof sunlit andshadowedcanopy) temperature

and f c(� ) the angularfractional vegetationcover. The inversionof componenttemperatures

(i.e. the radiometricsoil temperatureand the radiometriccanopy temperature)requiresthe

radiometricsurfacetemperatureat two distinct anglesTrad(� 1) andTrad(� 2) and the viewing

angle-dependentvegetationfraction which can be estimatedusing visible and nearinfrared

dataat the sameresolution.Following [32], the fractional vegetationcover f c(� ) at angle�

canbe obtainedwith the semi-empiricalmodel:

f c(� ) = 1 �
�

N DVI max(� ) � N DVI (� )
N DVI max(� ) � N DVI min(� )

� p

(3)

whereN DVI min(� ) is the baresoil NDVI, N DVI max(� ) the NDVI at 100%,andp the ratio

of a leaf angledistribution term to a canopy extinction term.The input/ouputdataof RT-TIR

model in the inversemodeareshown in Fig. 2.

Note that the secondAlong-TrackScanningRadiometer(ATSR-2)on boardthe European

RemoteSensingsatelliteis a possiblesourceof bi-angularthermalinfrareddata.This instru-

ment is currently able to provide quasi-simultaneousmultispectral(from visible to thermal

infrared)measurementsat two view angles(approximately0 and53 at surface).

3) Land surfacemodel: a land surface (LS) model is usedto simulatethe radiometric

soil temperatureunder differerentsurface conditionswithin the SMOS pixel. A complete

descriptionis provided in [33]. Brie�y , the soil is divided into a top soil layer on which soil

evaporationdependsand a deeplayer which mainly controlsvegetationtranspiration.The

top soil layer is characterizedby a resistanceto evaporationwhich dependson surfacesoil

moistureW. Similarly, thedeepsoil layeris characterizedby its soil watercontentW2 usedin

the parameterizationof stomatalcontrol on transpiration.The surfaceis describedaccording

to the two-layer formalismof [34]. LS modelsolvestwo differentenergy balanceequations

from which soil and vegetationtemperaturesare derived throughan iterative scheme.The

atmosphericvariablesare solar radiationS, air temperatureTa, air relative humidity qa and

wind velocity ua at a referenceheight.The vegetationcharacteristicsusedas inputsare the

leaf areaindex LAI andthe canopy heighthc. Soil textural propertiesarederived from sand
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and clay fractionsas in [35], [36]. The input dataof LS model are listed in the schematic

diagramof Fig. 2. The outputof interestas it is shown in the developmentof the methodis

the radiometricsoil temperatureTs.

4) Consistencybetweenmodels: the threemodelspresentedabove were chosenso that

thedifferentsurfacevariablesinvolvedbeconsistentbetweenthem.In particular, the0–5cm

microwave soil moistureinvolved in RT model is consistentwith the 0–5 cm surfacesoil

moistureof the top layer of LS model.Similarly, the radiometricsoil temperatureinverted

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 net radiationof soil. Note that the soil surfacetemperatureinvolved in RT model,which

correspondsapproximatelyto a depthinterval of 0–5cm is not perfectlyconsistentwith the1

mm radiometricsoil temperatureinvolved in modelsRT-TIR andLS. However, asRT model

pondersthesoil surfacetemperaturewith thedeepsoil temperatureto computethemicrowave

effective soil temperature,the authorsconsiderthat the radiometricsoil temperatureTs is a

goodapproximationof the integrated0–5 cm soil temperatureas input of RT model.

B. Disaggregation Method

Thedisaggregationof thesoil moistureextractedfrom SMOSdatainvolvestwo successive

steps.In a®rst step,auxiliarydataat1 km resolutionareusedto describethespatialvariability

of surfacesoil moisturewithin the40 km resolutionSMOSpixel. In asecondstep,therelative

distribution of surfacesoil moistureobtainedin step1 is normalizedat SMOS scalewith

SMOSobservation.

In step 1, it is assumedthat the radiometricsoil temperatureinverted from dual-angle

measurementin thethermalinfrared[25], [31] canprovide someinformationaboutthespatial

variability of surfacesoil moisture[29], [30]. By linking at ®rst orderthe disaggregatedsoil

moisture to the inverted radiometricsoil temperature,a relative soil moisturedistribution

dependingon two SMOS scale parametersis expressed.In step 2, the normalizationof

the relative distribution consistsof calibratingboth parametersby linking the soil moisture

distribution to SMOSobservation via RT model.

Both stepsare conceptuallyequivalent to the method developedby Sivapalan[37] to

disaggregatewater storagewithin a landscape.In that study, the spatialvariability of local

waterstoragewasexpressedasa function of a local topographicindex. Local waterstorage

was then a function of two parametersde®nedat the scaleof the hillslope: a parameterf0
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LS model

RT�TIR modelPSfragreplacements

W; Y = (LAI ; hc; Sand;Clay; W2; S;Ta; qa; ua)

Trad(� )

Ts

Tc

f c(� )

� 1 � 2

Fig. 2. Schematicdiagramshowing the input/outputdataof the radiative transfermodel in the thermalinfrared(RT-TIR

model) and the input/outputdata of the land surface (LS) model. RT-TIR model is usedin the inversemode to invert

the radiometricsoil temperatureTs from the radiometricsurfacetemperatureat two distinct anglesTrad(� 1) and Trad(� 2).

The inversion of Ts requiresthe directional fractional vegetationcover obtainedwith optical data at both anglesf c(� 1)

and f c(� 2). LS model is usedto simulatethe radiometricsoil temperatureTs underdifferentsurfaceconditionswithin the

SMOSpixel. The input are:LAI, the canopy heighthc, the soil texture composedof sandandclay fractions,the deepsoil

moistureW2 , the solar radiationS, the air temperatureTa, the relative humidity of air qa andthe wind velocity ua.

controlling themeanlevel of waterstorageanda parameterf 1, calledthecontrastparameter,

®xing therangecoveredby local valueswithin thelandscape.In a secondstep,oneparameter

(f 0) of the water storagedistribution was calibratedcomparingthe averageof distributed

valuesto the valuemeasuredat the scaleof the hillslope.

However, an essentialdifferencebetweenthe disaggregationof SMOSdataandthe study

caseof Sivapalan[37] is that the available information at regional scaleis multiple in our

case.As it shown in the developmentof the method,the fact that eachSMOS observation

is composedof multi-angular/multi-independentbrightnesstemperaturesallows to calibrate

simultaneouslyboth parametersf 0 andf 1.

The two main stepsof the disaggregationmethod(i.e. estimatea relative distribution, and

normalizethe relative distribution) aredescribedbelow andshown in Fig. 3.

1) Estimatea relative soil moisture distribution: the typical resolutionof 1 km that is

currentlyobtainedin thethermalinfraredandthecorrelationbetweentheradiometricsurface

temperatureand the soil water contentmakes the radiometric surface temperatureuseful
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for disaggregation purposes[17]. The point is that the link betweenthe remotely sensed

radiometric surface temperatureTrad and the microwave near-surface soil moisture W is

relativelly indirectandis functionof thesurfaceconditionsthatarelikely to vary in space.In

particular, thespatialvariability of vegetationcover (andsoil texture,atmosphericconditions,

etc.) at the scaleof 1 km may inducea systematicnoiseon the relationshipbetweenTrad

and W. To accountfor both dif®culties, the disaggregationmethodsuccessively inverts the

radiometricsoil temperatureTs which is more directly relatedto W than Trad and extracts

speci®callythe informationon W that is containedin Ts usingLS modeland the available

informationon the surfaceconditionswithin the SMOSpixel.

a) Invert the radiometricsoil temperature Ts: the correlationbetweenthe radiometric

surfacetemperatureand near-surfacesoil moisturecan be explainedby the surfacethermal

inertiaconcept.Thesurfacethermalinertia is affectedby soil watercontentwith two distinct

bio-physicalprocesses:the evaporationat soil level of the near-surfacesoil moistureandthe

transpirationat plant level of the root-zonesoil moisture.Both phenomenatendsto counter

synergistically the increaseof componenttemperatures,andthereforetheradiometricsurface

temperature.However, the near-surface soil temperatureover a vegetatedsurface is more

relatedto the near-surfacesoil moistureand the vegetationtemperatureis more relatedto

the root-zonesoil moisture[29], [30]. It follows that the near-surface soil temperatureis

more valuablethan the radiometricsurface temperaturefor disaggregation purposesof the

0–5 cm microwave soil moisture.As a matterof fact, the disaggregation methodusesthe

soil temperatureratherthanthe radiometricsurfacetemperature.Given that the 0–5 cm soil

temperatureis not observed in the thermal infrared, the 1 mm radiometricsoil temperature

is assumedto be invertedfrom bi-angularthermalinfrareddataasshown beforein Section

II.A.2..

Note that the inversion of the radiometric soil temperatureis a necessarystep of the

disaggregationmethod.We underlinethe fact that the disaggregationmethodcannotbe used

in theregionswheretherobustnessof theinversionprocessof theradiometricsoil temperature

Ts is poor (e.g.areaswith relatively high vegetationcover).

b) Extract the informationcontainedin Ts: the disaggregationstrategy is basedon the

spatial correlationbetweensurface soil moistureand the remotely sensedradiometricsoil

temperature.One dif®culty to link surfacesoil moistureto the radiometricsoil temperature

is thedependenceof the radiometricsoil temperatureto thevariablescontainedin thevector

Y of Fig. 2 (e.g. LAI, soil texture, atmosphericforcing). To overcomethis dif®culty, the
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methodsimulatesthe variability of the radiometricsoil temperaturethat is speci®callydue

to the variablescontainedin Y. In practice,two radiometricsoil temperaturesaresimulated

with LS model.First, LS model is usedto simulatethe radiometricsoil temperaturenoted

Tsl (index l refersto local scale)associatedwith the measuredlocal surfaceconditionsY m
l

(exponentm refersto a measuredor known variable):

Tsl = LS(Wl ; Y m
l ) (4)

Second,LS model is usedto simulatethe radiometricsoil temperaturenotedTsl associated

with the surfaceconditionsaggregatedat the scaleof the SMOSpixel YG (index G refersto

SMOSresolutionor global scale):

Tsl = LS(Wl ; YG) (5)

whereYG is computedaveragingthe local surfaceconditionsY m
l over the SMOSpixel:

YG(i ) =
1
N

NX

l=1

Y m
l (i ) (6)

with N the numberof sub-pixels containedin the SMOS pixel (40 � 40 = 1600 in our

case).The difference(Tsl � Tsl ) representsthe predictedcontribution of the radiometric

soil temperaturethat is due to the varibility of Yl within the SMOS pixel. By substracting

(Tsl � Tsl ) to themeasuredradiometricsoil temperatureTs
m
l , we obtaina theoreticalvariable

calledProjectedsoil temperatureTs
m
l and formally de®nedby:

Ts
m
l = Ts

m
l � (Tsl � Tsl ) (7)

By de®nition, the spatial variability of Projectedsoil temperatureis attributed uniquely to

the spatialvariability of near-surfacesoil moisture.The disaggregationmethodcantherefore

useTs
m
l to explain the spatialvariability of Wl .

c) Estimatea relativespatialdistribution: a relative spatialdistribution of soil moisture

is expressedby linking the disaggregatedsoil moistureWl to Projectedsoil temperatureTs
m
l

at ®rst order:

Wl = f 0 + f 1Ts
m
l (8)

with f 0 and f 1 two parametersde®nedat SMOSscale.
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Fig. 3. The two successive stepsof the methodarepresented.In step1, a relative spatialdistribution of soil moistureis

estimatedfrom the radiometricsoil temperatureTs
m
l invertedwith RT-TIR model and from LS model predictionsgiving

the contribution of the radiometricsoil temperaturedueto surfaceconditions' heterogeneity(Tsl � Tsl ). The disaggregated

soil moistureis thena function of two SMOSscaleparametersf 0 andf 1 . In step2, the local relationshipderived in step

1 is rewritten at global scaleto make the SMOS scalesoil moistureWG appearin the expression.Both parametersWG

andf 1 are then invertedfrom SMOSdatato normalizethe distribution.
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2) Normalizethe relative distribution: in the secondstepof the disaggregation method,

therelative soil moisturedistributionof (8) is normalizedat thescaleof theSMOSpixel. The

normalizationconsistsof usingthe multi-angularSMOSobservation to calibrateparameters

f 0 and f 1.

Froma theoreticalpoint of view, thecalibrationof f 0 andf 1 canbecomparedto the inver-

sionprocessusedby theSMOSmission.As explainedin [6] theapproachof SMOSis based

on theuseof themulti-angular/multi-independentSMOSobservation to infer simultaneously

soil moistureandvegetationwatercontent.Although f 0 and f 1 areabstractparameters,our

approachis similar to [6] becausef 0 andf 1 areboth de®nedat the scaleof the SMOSpixel

aswell asSMOS soil moistureandSMOSvegetationwatercontent.In fact, the key to the

calibrationof thecouple(f 0; f 1) is double:(i) theL-bandangularsignatureof a SMOSpixel

dependson both f 0 andf 1 and(ii) the SMOSobservation is composedof multi-angular(at

leasttwo independent)brightnesstemperatures.

In practice,the normalizationof the relative distribution of (8) is performedby looking

for a particularsolution of the couple(f 0; f 1) suchthat the SMOS scalesoil moistureWG

appearsin the expressionof Wl . Both parametersWG andf 1 are theninvertedby matching

the SMOS observation simulatedfrom the disaggregatedsoil moistureand the measured

SMOSobservation.

a) Find a particular solution: we look for a particularsolutionof thecouple(f 0; f 1) to

make the SMOS scalesoil moistureWG appearin the expressionof the disaggregatedsoil

moisture.Let f 0 suchas:

f 0 = WG � f 1 < Ts
m
l > (9)

where< Ts
m
l > is the Projectedsoil temperatureaggregated(linearly) over the SMOSpixel.

b) Expressthedisaggregatedsoil moisture: replacingf 0 in (8) by theexpressionof (9),

we obtain a new expressionof the disaggregatedsoil moisture,which is now a function of

the couple(WG; f 1):

Wl (WG ; f 1) = WG + f 1(Ts
m
l � < Ts

m
l > ) (10)

In this expression,we clearly seethe function of eachparameter:WG parameterdetermines

the effective level of the distribution at SMOS scalewhereasthe contrastparameterof the

distribution f 1 ®xesthe rangecoveredby disaggregatedvalues.

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

betweenthe SMOSobservation simulatedfrom the disaggregatedsoil moistureof (10) and
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the measuredSMOSobservation. The cost function F is de®nedas:

F (WG; f 1) =












1
N

NX

l=1

RT
�
Wl ; X m

l

�
� TB m

G












2

(11)

with Wl the ®ne scale soil moisture expressedin (10) and TBm
G the measuredSMOS

observation.The cost function F is thenminimizedto invert the couple(WG; f 1). Note that

the problemof retrieving the couple(WG; f 1) from SMOSdatais theoreticallywell de®ned

becausethe numberof independentSMOSobservationscontainedin TB m
G is superiorto the

numberof unkonwns,which is two. This statementis a priori true whatever the natureof

RT model.

d) Invert WG: the SMOSscalesoil moistureWG is invertedby settingf 1 = 0:

W inv
G = ArgminWG

F (WG; 0) (12)

with W inv
G the invertedSMOSscalesoil moisture.

e) Invert f 1: the contrastparameterf 1 is invertedby ®xing WG = W inv
G :

f inv
1 = Argminf 1

F (W inv
G ; f 1) (13)

with f inv
1 the invertedcontrastparameterof the output distribution. At this point, the soil

moisturedistribution is entirely determinedand is characterizedby the couple(W inv
G ; f inv

1 ).

Note that thedescriptiongivenabove is the®rst readingof themethod.For anunderstanding

in depthof the differentstepsof the method,readersareencouragedto refer to AppendixA

wherethe threeloops involved in the algorithmarepresented.

I I I . ASSUMPTIONS

In this section,the assumptionsimplicitely madeduring the developmentof the method

are listed.

A. Correlation betweenthe radiometricsoil temperature and the microwavesoil moisture

The correlationbetweenthe 1 mm radiometricsoil temperatureinvertedfrom dual-angle

measurementin the thermal infrared and the 0–5 cm L-band soil moisture is the main

assumptionof the method.In particular, it is assumedthat the spatial variationsof the 1

mm radiometricsoil temperatureare linearly correlatedwith the spatial variationsof the

integrated0–5 cm soil temperature.This assumptionis requiredto make the radiometric

soil temperatureconsistentwith the 0–5 cm microwave soil moisture[17]. Note that a bias
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betweentheradiometricsoil temperatureandthe0–5cm soil temperatureis expectedto have

no effect on thedisaggregationmethodbecausethe radiometricsoil temperatureis only used

to provide a relative spatial distribution of the 0–5 cm soil temperature(and thereforeof

the 0–5 cm microwave soil moisture).In the next, “soil temperature”and “radiometric soil

temperature”are alternatively usedto refer to the samevariable invertedfrom the thermal

infrared.Similarly, “soil moisture”hasto be understoodin the next sectionsas the 0–5 cm

L-bandsoil moisture.

B. General assumptions

In the disaggregationmethod,the generalassumptionsare:

1) remotesensingdatain thevisible, near-infraredandthermalinfraredarerepresentative

of thesurfacestateat thetimeof SMOSobservation.This is particularlyimportantgiven

that SMOSdatawill be collectedat aboutsunriseand that the optimal conditionsfor

theapplicationof themethodoccurat aboutnoonwhenthecontrastin soil temperature

is generallymaximum(high evaporative demandconditions).The synergistic use of

SMOS and optical data require thereforethat the relative spatial variability of soil

moisture within the SMOS pixel does not changemuch betweenboth observation

times.Note that the assumptionrelieson the relative variability only (not the absolute

valuesof soil moisture)becauseoptical dataprovide a variability of soil moisturethat

is relative to the SMOSscalesoil moisture.

2) all local auxiliary data have the samespatial characteristics,in particular the same

resolution(about1 km).

3) the sameareais monitoredby the differentview anglesof SMOS.

4) disaggregatedbrightnesstemperaturescorrespondapproximatelyto the sameset of

incidenceanglesas the setof incidenceanglesat which the SMOSpixel is observed.

C. Deepsoil moisture and temperature

The deepsoil moistureW2 is usedby the disaggregationmethodvia LS model to project

the soil temperaturein (7). As deepsoil moistureis generallynot known at the scaleof 1

km, it is assumedthat a rough valuecanbe obtainedeitherwith an interpolationtechnique

of in situ measurementsor with a SVAT type model.Oneshouldnote that the accuracy on

deepsoil moistureis likely to have a negligible effect on the disaggregatedsoil moisture
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as the radiometricsoil temperatureis practicallyuncorrelatedwith deepsoil moisture[29],

[30].

Thesameassumptionis madefor thedeepsoil temperatureT2, which is usedby RT model

to simulatethe local microwave emissionin (11).

IV. APPLICATION TO A SYNTHETIC SCENE

In this section,the methodis testedwith a syntheticscene.We describe®rst the setup

to generatea heterogeneousSMOSpixel. We discussnext aboutthe valueof the increment

of the contrastparameter� f 1, which is an important task on the algorithmic level. Finally,

the resultsof the applicationare presentedand the validity of the assumptionabout the

correlationsoil temperature/soilmoistureis ®rst checked.

A. Generate a syntheticscene

Our 40 km size syntheticsceneis composedof the ensembleof surface variablesand

parametersde®nedat the local scaleof 1 km andof the40 km resolutionSMOSobservation.

Theprocedurefollowedto generateaheterogeneousSMOSpixel consistsof thefollowing: (1)

all independentsurfacevariablesandparameters(i.e. all variablesexceptsurfacecomponent

temperatures)aregeneratedwithin a givenrange,delimitedby a minimal andmaximalvalue;

(2) the ensembleof generatedsurfacevariablesare injectedinto LS model to computethe

valueof soil temperaturefor eachsub-pixel; (3) local microwaveemissionsaresimulatedwith

RT modelon eachsub-pixel; (4) SMOSobservation is generatedaveragingthe contribution

of eachsub-pixel over the SMOSpixel.

Soil moistureis generatedwith threedifferent ranges:5–20 %, 10–25% and 15–30%.

An arbitraryspatialstructureis usedso that theoutputdistribution canbe visually compared

to the generateddistribution. The spatial structureis the samefor the three soil moisture

ranges.

LAI andsoil texturearegeneratedheterogeneouslywithin theSMOSpixel with anarbitrary

spatialstructure,independentfrom eachother. We considerthat the vegetationcover andthe

soil texture are the surfacevariablesmost importantto ®rst checkthe methodasvegetation

is involved in both LS and RT model and soil texture parameterizesthe relationshipsoil

temperature/soilmoistureby conditioning the evaporationrate at the surface soil. Canopy

heightandvegetationwatercontentarearbitrarily set to 1/6 and1/2 of LAI respectively as

in [38]. The minimum andmaximumvaluesof LAI arerespectively 0.5 and3.0. Within the
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Fig. 4. Radiometricsoil temperaturegeneratedby LS modelasa function of the generatedsurfacesoil moisturefor three

rangesof surfacesoil moisture:5±20 %, 10±25 % and 15±30 %. The relationshipbetweenradiometricsoil temperature

andsurfacesoil moistureis madenoisy by the spatialvariability of LAI. This is a function of soil texture (sandandclay

fractions).

syntheticscene,two typesof soil texturerepresentedby sandandclay fractionsaregenerated.

A sandysoil with 67 % sandand9 % clay is generatedover the left-handsideof the scene

anda sandyclay loam soil with 11 % sandand27 % is generatedover the right-handside.

Both typesof soil arehomogeneousover half a SMOSpixel so that the respective effectsof

LAI andsoil texture on the disaggregatedsoil moisturecanbe visually separated.

Theheterogeneityof any surfacevariableotherthanvegetationandsoil textureis expected

to have in principle the sameeffect on the methodas the heterogeneityof vegetation:the

heterogeneityof any input variable to the LS model will systematicallyincreasethe noise

in the correlationsoil temperature/soilmoisture.For the visibility of the results,the surface

variablesotherthanLAI andsoil texturearethereforesetto homogeneousvalues.Thevalues

of air temperature,relative humidity of air, solarradiation,wind speed,deepsoil temperature

anddeepsoil moisturearesetrespectively to 25 C, 20 %, 800 Wm� 2, 2 ms� 1, 20 C and20

%.

The variationsof the generatedsoil temperatureasfunction of the generatedsoil moisture

arepresentedin Fig. 4. Oneobservesthat the relationshipbetweensoil temperatureandsoil

moistureis madenoisy by the heterogeneityof vegetationcover. This is a function of soil

texture.

SyntheticSMOSobservationsaregeneratedby consideringtwo differentcon®gurations.In

thecaseof con®guration“3 independentTBm
G ”, SMOSobservation is composedof thenadir

brightnesstemperatureandthehorizontalandverticalpolarizedbrightnesstemperatureswith

an incidenceangleof 40 degrees.In thecaseof con®guration“11 independentTBm
G ” SMOS

observation is composedof the nadir brightnesstemperatureand the horizontalandvertical
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polarizedbrightnesstemperatureswith an incidenceangleof 10, 20, 30, 40 and50 degrees.

Both observationcon®gurationsareusedto assessthepotentialof the angularcapabilitiesof

SMOSsensorto retrieve (W inv
G ; f inv

1 ).

B. Signof the contrast parameterf 1

The disaggregation algorithm increasesthe contrastparameterf 1 from 0 to an extremal

value(seeAppendixA for detail) to minimize the cost function F (W inv
G ; f 1). If the absolute

value of the increment� f 1 is directly relatedto the accuracy on the output soil moisture

distribution, its sign is imposedby the surfaceconditionsat the time of SMOSobservation.

In (10) we clearly seethat the sign of the contrastparameterdependson the variation of

Projectedsoil temperaturewith respectto soil moisture.In fact, the slopeof the correlation

betweenProjectedsoil temperatureandsoil moisturedependson atmosphericconditions.For

example,whenatmosphericforcing behavesasa thermalenergy sourcetowardsthe surface

(high solarradiationin particular),soil temperatureis a decreasingfunction of soil moisture

by thermalinertia.Conversely, whenatmosphericforcing behavesasa sink of thermalenergy

towardsthe surface(usually during the night), soil temperaturetendsto increasewith soil

moisture. In the presentcasewhere the evaporative demandis high (S = 800 Wm� 2),

Projectedsoil temperatureis a decreasingfunction of soil moisture.The contrastparameter

is thereforenegative. In the simulations,the valueof the increment� f 1 is set to � 0.1.

C. Results

The disaggregationmethodis appliedto threesyntheticscenescorrespondingto the three

rangesof thegeneratedsoil moisture.The setof SMOSbrightnesstemperaturesusedfor the

presentapplicationcorrespondsto con®guration“3 independentTBm
G ”. Note that identical

resultsare obtainedwith con®guration“11 independentTBm
G ” sinceno noise is addedon

SMOSobservation.In Fig. 5 arepresentedtheimagesof thedisaggregatedsoil moistureto be

comparedwith the imagesof the generatedsoil moisture.For the threesoil moistureranges,

the spatial structureof the generatedsoil moisture is well restoredby the disaggregation

methodand the impact of the heterogeneityof vegetationcover is not detectableon the

disaggregatedsoil moisture.Concerningtheheterogeneityof soil texture,thejunctionbetween

both soil types is slightly apparenton the vertical line at the middle of the images.These

qualitative resultsarealsovisible in Fig. 6 showing thescatterplotsof thedisaggregatedsoil

moistureversusthe generatedsoil moisturefor the threesoil moistureranges.
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Fig. 5. Imagesof the main surfacevariables.Line 1: generatedLAI (m2 /m2); line 2: generatedsoil temperature(K); line

3: generatedsoil moisture(%); line 4: soil moisturedisaggregatedby the method(%). The threecolumnscorrespondto

threegeneratedsoil moistureranges.Column1: the generatedsoil moisturerangesfrom 5 to 20 %; column2: from 10 to
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Fig. 6. Soil moisturedisaggregatedby the methodas a function of the generatedsoil moisture.Three rangesof soil

moistureareconsidered:5±20 %, 10±25% and15±30%.
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TABLE I

RESULTS OF THE OUTPUT DISTRIBUTION IN TERMS OF THE INVERTED SMOS SCALE SOIL MOISTURE W INV
G (%), THE

INVERTED CONTRAST PARAMETER f INV
1 (%/K) AND THE ERROR SD (%) ON THE DISAGGREGATED SOIL MOISTURE

DISTRIBUTION, CORRESPONDING TO 3 DIFFERENT RANGES OF SOIL MOISTURE.

Range InvertedSMOSscale Invertedcontrastparameter Error

of soil moisture soil moisture on the outputdistribution

W inv
G (%) f inv

1 (%/K) SD (%)

5±20 % 14.5 � 1.1 0.61

10±25% 19.5 � 1.0 0.56

15±30% 24.5 � 1.6 1.30

The quantitative results in terms of the inverted SMOS scale soil moisture W inv
G (%),

the invertedcontrastparameterf inv
1 (%/K), and the error SD (%) on the ouput distribution

computedasthestandarddeviationbetweendisaggregatedandgeneratedvaluesarepresented

in Table I. We observe that f inv
1 hasdifferent valuesfor the threerangesof the generated

soil moisture.To interpretthis result,the variationsof Projectedsoil temperatureversusthe

generatedsoil moistureare shown in Fig. 7. As observed on the graphs,the slope of the

relationshipbetweenProjectedsoil temperatureand soil moisturevarieswith the rangeof

soil moistureanddecreasessigni®cantlyfor high values.As a matterof fact, to accountfor

lower sensitivity of Projectedsoil temperatureto soil moisturein the soil moisturerange

15–30 %, the algorithm estimatesan optimal contrastparameterhigher in absolutevalue

(� 1.6 %/K) than the one (� 1.0 %/K) inverted for the soil moisturerange10–25%. The

samephenomenonis alsoobserved for low soil moisturevalues.The differencesin termsof

f inv
1 betweenthe differentsoil moisturerangesare explainedby a lossof sensitivity of soil

temperaturefor extremesoil moisturevalues.

Thesaturationof Projectedsoil temperaturefor low andhighsoil moisturevaluesrepresents

a limitation of the disaggregationmethod.As the main assumptionrelieson the linearity of

the variationsof Projectedsoil temperature,the non-linearityof thesevariationscannotbe

taken into accountby the method.In fact, saturationphenomenaimply systematicerrorson

the disaggregatedsoil moisturedistribution. For example,the error SD is estimatedto be

0.6 % for thesoil moisturerange10–25% whereasthis quantityis evaluatedto be1.3 % for

the soil moisturerange15–30%, wherethe assumptionof linearity is not aswell veri®edas
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Fig. 7. Projectedsoil temperatureTs
m
l as a function of the generatedsoil moisture.Three rangesof soil moistureare

considered:5±20 %, 10±25% and15±30%.

for the case10–25%. Nevertheless,oneshouldnotethat the error on the disaggregatedsoil

moisture,which is lessthan1.3 % in the conditionsof the simulations,is still satisfying.

V. SENSITIVITY

To test the disaggregation method in conditions closer to the operationalapplication,

speci®cuncertainitiesaregeneratedon the syntheticinput dataset.The sensitivity analysisis

conductedby addingan increasinggaussiannoiseseparatelyon ®ne scaleauxiliary dataand

on SMOSobservation.As it is shown in Fig. 3, local auxiliary dataprovide the information

on the spatialvariability of soil moisturewhereasSMOSobservation de®nesthe solvability

of the disaggregationproblemby inverting the couple(W inv
G ; f inv

1 ). The syntheticsceneused

for the sensitivity analysiscorrespondsto the soil moisturerange10–25%.

A. Effect of a prescribednoiseon local input data

In this subsection,the sensitivity analysisaims to quantify the error on the disaggregated

soil moisturethat is speci®callyattributed to the uncertaintyin local auxiliary information.

Two cases“2 K on Ts
m
l and 20% on LAI m

l ” and “4 K on Ts
m
l and 50% on LAI m

l ” are

considered.They correspondrespectively to a gaussiannoisesof 2 K and 4 K for soil

temperatureanda gaussiannoiseof 20 % and50 % for LAI, evaluatedasa percentageof the

generatedvalue.Therobustnessof thedisaggregationmethodis evaluatedby computingthree

parameters:the invertedSMOSscalesoil moistureW inv
G (%), the invertedcontrastparameter

f inv
1 (%/K) andtheerrorSD (%) on theouputdistributioncomputedasthestandarddeviation

betweenthedisaggregatedandgeneratedsoil moisture.Thestatisticalresultscomputedfrom

200 independentdatasetsarepresentedin Table II in termsof meanandstandarddeviation
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TABLE II

RESULTS OF THE SENSITIVITY ANALYSIS FOR CONFIGURATIONS “ 3 INDEPENDENT TB m
G ” AND “ 11 INDEPENDENT

TB m
G ” . THE STATISTICAL RESULTS ARE GIVEN IN TERMS OF MEAN AND STANDARD DEVIATION OF THE INVERTED

SMOS SCALE SOIL MOISTURE W INV
G (%), THE INVERTED CONTRAST PARAMETER f INV

1 (%/K) AND THE ERROR SD (%)

ON THE DISAGGREGATED SOIL MOISTURE DISTRIBUTION.

InvertedSMOSscale Invertedcontrastparameter Error

soil moisture on the outputdistribution

W inv
G (%) f inv

1 (%/K) SD (%)

Input Noise 3 TB m
G 11 TB m

G 3 TB m
G 11 TB m

G 3 TB m
G 11 TB m

G

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 on Ts
m
l 20% on LAI m

l 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 on Ts
m
l 50% on LAI m

l 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 on TB m
G 19.6 (0.3) 19.5 (0.1) � 0.9 (0.72) � 0.9 (0.59) 2.9 (1.1) 2.2 (1.3)

2K on TB m
G 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 TB m
G 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 threeparameters.In thecaseof con®guration“3 independentTBm
G ”, which is a priori

less favorable than con®guration“11 independentTBm
G ”, and using the data set “4 K on

Ts
m
l and 50% on LAI m

l ”, which is more noisy than the dataset“2 K on Ts
m
l and 20% on

LAI m
l ”, the output disaggregatedsoil moistureis still satisfyingin termsof W inv

G , f inv
1 and

SD. In particular, parametersW inv
G andf inv

1 vary not mucharoundthe valuesobtainedwith

non noisy data.The uncertaintiesin auxiliary data thus transmita non biasednoiseto the

ouputdisaggregatedsoil moistureandhave no impacton theretrievability of bothparameters

W inv
G andf inv

1 . Notethattheresultsobtainedfor con®gurations“3 independentTBm
G ” and“11

independentTB m
G ” arestatisticallythe same,which is consistentwith the fact that this ®rst

sensitivity studydealsspeci®callywith local auxiliary dataandnot with SMOSobservation.

B. Effect of a prescribednoiseon SMOSobservation

The secondpart of the sensitivity analysisis conductedby addinga noisespeci®callyon

SMOS observation. Threecasesare considered:a noiseof 1K, 2K and 4K is successively

generatedandaddedon SMOSbrightnesstemperaturesfor respectively case“1 K on TB m
G ”,
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“2 K on TB m
G and“4 K on TB m

G ”. Statisticalresultsaregivenin termsof meanandstandard

deviation of the threeouput parameters:the invertedSMOS scalesoil moistureW inv
G (%),

the invertedcontrastparameterf inv
1 (%/K) and the error SD (%) on the ouput distribution

computedas the standarddeviation betweenthe disaggregatedandgeneratedsoil moisture.

The statisticalresultscomputedfrom 200 independentdatasetsarepresentedin Table II for

both con®gurations“3 independentTBm
G ” and“11 independentTB m

G ”. The invertedSMOS

scalesoil moistureW inv
G is particularly stablewhatever the observation con®guration.On

the other hand,the invertedcontrastparameterf inv
1 shows importantvariationsaroundthe

valueobtainedwith nonnoisydata(� 1.0 %/K). Thesevariationsaredirectly attributedto the

uncertaintyin SMOSobservation.Theresultscorrespondingto con®guration“11 independent

TB m
G ” are better than thoseof con®guration“3 independentTBm

G ” in termsof sensitivity.

However, theincreaseof thenumberof independentbrightnesstemperaturesdoesnot improve

signi®cantlytherobustnessof the inversionprocessof thecontrastparameter. Thesensitivity

analysisthus shows that the uncertainityin SMOS observation is, in the conditionsof the

simulationsperformed,the limiting factorof the disaggregationmethod.

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 usedsynergistically with

AdvanceVery High ResolutionRadiometer(AVHRR) channels1, 2, 4 and5. In this section,

we successively describethedatachosenfor theapplication,we presentthe two modelsused

to invert the soil temperaturefrom AVHRR data,we describethe methodologyfollowed to

extract thespatialvariability of soil moisturefrom AVHRR dataand®nally we discussabout

the resultsof the disaggregation.

A. Thedata

Analysis is basedon data collectedduring the 1997 SouthernGreat Plains Hydrology

Experiment(SGP97)run within central OklahomabetweenJune 18 and July 16, 1997.

During SGP97,L-band surfacebrightnesstemperatureobservationswere acquiredwith the

Electronically ScannedThinned Array Radiometer(ESTAR) �o wn aboarda P3B aircraft.

The 800 m brightnesstemperatureimagery was obtainedon June18, 19, 20, 25, 26, 27,

29 and 30, andon July 1, 2, 3, 11, 12, 13, 14, and16 at around11:00 CST. The auxiliary

datainvolved in the radiative transferat L-band–the L-band effective soil temperature,the
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so-calledb parameter, vegetationwatercontent,surfaceroughness,soil bulk densityandsoil

texture–weregridded[4] at the sameresolutionasESTAR brightnesstemperature.The 0–5

cm soil moisturewas then invertedand mappedby [4] at the resolutionof 800 m over an

areaof about50� 200 km2.

During the SGP97campaign,NOAA-14/AVHRR overpassedthe areaalmost every day

at approximately14:30 CST. Day July 12 was chosenfor the analysisbecausethis day is

cloudlessand shows the most important rangeof the soil moistureinverted from ESTAR

dataover the areacoveredby both AVHRR andESTAR observations.

To useAVHRR datasynergisticallywith SGP97data,thediscrepancy betweenAVHRR and

ESTAR resolutionis removedby resamplinglinearly AVHRR datafrom theactualresolution

of 1.1 km to 800 m. The areacoveredby both ESTAR and AVHRR observationson day

July 12 is composedof 3694 sub-pixels at 800 m resolution,which representsan areaof

about2400km2. In the analysis,this arearepresentsthe coarseresolution“SMOS pixel”.

Within the SMOS pixel, the available L-band data is the nadir brightnesstemperature

derived from ESTAR data.The point is the disaggregation methodpresentedin the paper

requiresmultiple (at leasttwo) independentbrightnesstemperaturesof the sameareato cali-

bratethedisaggregatedsoil moisture(i.e. retrieve thecouple(W inv
G ; f inv

1 ) of thesoil moisture

distribution). The SMOSangularbrightnesstemperaturesusedarethereforegeneratedusing

RT modelasin theapplicationwith syntheticdata:theSMOSangularbrightnesstemperatures

are computedaveragingthe local angularbrightnesstemperaturessimulatedover eachsub-

pixel composingthe SMOS pixel. The inputs of RT model are the 800 m resolutionsoil

moistureinvertedfrom ESTAR dataandthe 800 m resolutionauxiliary datainvolved in the

radiative transferat L-band.

Both the radiometricsurfacetemperatureTrad and NDVI are derived from AVHRR data.

The radiometric surface temperatureis estimatedusing the split-window technique.The

equationgiving Trad as function of AVHRR channels4 and5 is:

Trad = TB AVHRR4 +
TB AVHRR4 � TB AVHRR5

� 5
� 4

� 1
+ 50

1 � �
�

(14)

wherethe ®rst two termsare the radiometricsurfacetemperaturecomputedwith the split-

window technique[39], andthe third term is thecorrectionfor surfaceemissivity [40]. In the

analysis,the ratio � 5=� 4 is taken to be 1.33asin [41] andthe meanemissivity � in AVHRR

channels4 and 5 is taken to be 0.96. NDVI is derived from the re�ectancesof AVHRR
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channels1 and2:

N DVI =
RAVHRR2 � RAVHRR1

RAVHRR2 + RAVHRR1
(15)

The parametersinvolved in (3) to computethe fractionalvegetationcover from NDVI were

set respectively to 0 and0.60 for N DVI min andN DVI max and0.625for p as in [42]. The

imagesof the fractionalvegetationcover and the surfacetemperatureover the areacovered

by both AVHRR andESTAR observationson day July 12 arepresentedin Fig. 8.

B. Themethodology

The methodologyfollowed to disaggregate surface soil moisturewithin the 2400 km2

SMOSpixel consistsof the following: (1) invert the soil temperaturefrom AVHRR data(2)

usetheAVHRR soil temperatureasa tracerof thespatialvariability of ®nescalesoil moisture

and (3) calibrate the disaggregatedvalues of soil moisture using the SMOS observation

generatedwith RT model.

The soil temperatureTm
s is inverted from AVHRR radiometricsurface temperatureT m

rad

givenAVHRR fractionalvegetationcover f m
c . Formally, the invertedsoil temperatureat ®ne

scaleis computedas:

Ts
m
l =

Trad
m
l � f c

m
l Tc

m
l

1 � f c
m
l

(16)

with Tc
m
l thecanopy temperatureat thelocal scaleof 800m. As thecanopy temperatureis not

availablewith thesedata,it is roughly approximatedto the air temperature.The assumption

that the canopy temperatureis closeto the air temperatureis basedon the fact that, except

for extremesoil waterde®cit,plantsareableto maintainhomeostasisby variousmeans[43].

Thevalueof air temperatureusedin the inversionof thesoil temperatureis theaverageof all

the in situ measurementsavailablewithin the SMOSpixel at the time of AVHRR overpass.

Next, a relative soil moisturedistribution is obtainedby linking ®ne scalesoil moistureto

the invertedsoil temperatureas:

Wl = WG + f 1(Ts
m
l � < Ts

m
l > ) (17)

with WG theSMOSscalesoil moistureandf 1 thecontrastparameter®xing therangecovered

by disaggregatedvalues.

Finally, the relative soil moisturedistribution of (17) is normalizedat SMOSscaleusing

thegeneratedSMOSobservation.This implies the inversionof theSMOSscalesoil moisture

W inv
G and the contrastparameterf inv

1 as describedin the developmentof the disaggregation

method(SectionII).
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Fig. 8. Imageswithin the 2400 km2 SMOS pixel of (a) the fractional vegetationcover (m2 /m2) derived from AVHRR

channels1 and 2, (b) the surface temperature(C) derived from AVHRR channels4 and 5, (c) the soil moisture (%)

disaggregatedby the methodand(d) the soil moisture(%) invertedfrom ESTAR data.
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