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Variationalretrieval of temperatureandhumidityprofilesusingrain ratesversusmicrowavebrightnesstemperatures

Abstract

Thispaperassessestheperformanceof two differentapproachesfor theretrieval of temperatureandhumid-
ity profilesfrom thesatellitepassive microwavemeasurementsof theTropicalRainfall MeasuringMission
(TRMM) andof the SpecialSensorMicrowave Imagerin rainy areas.Both methodsarebasedon a one-
dimensionalvariationalretrieval (1D-Var)approach.Theinput to thefirst oneis rainfall ratesestimatedby a
standardretrieval algorithmfrom theraw brightnesstemperatures.In thesecondtechnique,1D-Vardirectly
usesthe brightnesstemperatures.The retrieval experimentsutilize new simplified physicalparameteriza-
tionsof convectionandlarge-scalecondensationspeciallydesignedfor variationalassimilationaswell asa
microwaveradiative transfermodel.

Several tropical andmid-latitudemeteorologicalsituationsarestudied. In all cases,it is found that both
1D-Var approachesareableto convergesatisfactorily andproduceconsistenttemperatureandspecifichu-
midity increments.However, theconvergenceof 1D-Var retrievalson surfacerainfall ratesandto a lesser
extentof 1D-Var retrievalson brightnesstemperaturesis reducedwhenprecipitationin the backgroundis
producedthroughconvectionandnot by large-scaleprocesses.Theresultsof thetwo 1D-Var methodsare
thencomparedin brightnesstemperatureandrainfall ratespaceandarevalidatedagainstindependentob-
servationsfrom theprecipitationradaron-boardTRMM. Finally, thesensitivity of the1D-Var retrievalsto
thespecificationof observationerrorstatisticsis studied.

1 Intr oduction

Theassimilationof observationsrelatedto cloudsandprecipitationhasbecomeanimportantissuefor anumber
of operationalweatherforecastingcentres,includingtheEuropeanCentrefor Medium-rangeWeatherForecasts
(ECMWF). In particular, therepresentationof thehydrologicalcycle in numericalweatherpredictionmodels
will be oneof themajor challengesin thenext few years.Observationsarealreadyavailablefrom theTrop-
ical Rainfall MeasuringMission (TRMM) since1997,from the satellitesof the US DefenseMeteorological
SatelliteProgram(DMSP) since1987,andfrom theAqua missionsinceMay 2002. This studyutilizes data
from the TRMM Microwave Imager(TMI) andfrom theDMSP SpecialSensorMicrowave/Imager(SSM/I).
In thecomingyears,an increasingamountof observationsrelatedto cloudsandprecipitationis likely to be-
comeavailablefrom lidars,radarsandimagersinstalledon boardsatellitemissionssuchastheSpecialSensor
Microwave Imager/SounderSSMIS(2003),CloudSat(2004),theCloud-AerosolLidar andInfraredPathfinder
SatelliteObservationsmission(CALIPSO;2004),theGlobalPrecipitationMission(GPM;2008)andtheEarth
CloudAerosolRadiationExperiment(EarthCARE;2008). Maximizing thebenefitsfrom this hugesourceof
datawill requirethedevelopmentof assimilationprocedurescapableof efficiently converting theinformation
on cloudsandprecipitationinto realisticincrementsapplicableto theforecastmodel’s variables(temperature,
humidity, wind, andpossiblycloudsandprecipitationthemselves).

MarécalandMahfouf(2000)developedaunidimensionalvariational(1D-Var)methodfor correctingindividual
profilesof theECMWFmodel’scontrolvariablesin orderto decreasethediscrepanciesthatoftenexist between
thesimulatedsurfacerainfall rates(RR) andcorrespondingretrievalsobtainedfrom TMI or SSM/I microwave
brightnesstemperatures(TB). MarécalandMahfouf (2002)alsodemonstratedthatanindirect”1D-Var + 4D-
Var” assimilationof TMI derived rainfall ratescould improve the quality of humidity, temperatureandwind
forecastsin theTropics. In their approach,thebackground-observation departureson surfacerainfall ratesare
first convertedinto total columnwatervapour(TCWV) incrementsasan outputfrom 1D-Var retrievals. The
correspondingTCWV pseudo-observationsarethenassimilatedin the4D-Var system.They alsoshowedthat
this indirectmethodis morerobustthanadirect4D-Varassimilationof theTMI rainfall rates,becauseof some
inconsistenciesbetweenthe innerandouterloopsof theECMWF 4D-Var assimilationsystem(Courtieret al.
(1994)).The”1D-Var+ 4D-Var” techniquethereforeseemsmoreappropriateto assimilatesuchdatauntil these
inconsistenciesareresolved.
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Insteadof performingthe 1D-Var retrievals on surfacerainfall ratesthat arederived from multi-channelmi-
crowave brightnesstemperaturesthroughvariousalgorithms,the1D-Var calculationscoulddirectly dealwith
theTBs. Thiswouldhomogenizetheapproachandcouldevenprovidemoreaccurateretrievals,sincethesensi-
tivitiesof TBsnotonly to rain,but alsoto cloudwaterandwatervapourcouldbeexploited(Moreaual. 2003).
This studyexploresthis new methodandcomparesits performancewith thatof theexisting 1D-Var retrieval
appliedto derivedrainfall rates.

Theplanof thepaperis asfollows. Section2 introducesthe1D-Var techniqueusedin thispaper. This includes
a descriptionof two new parameterizationsof moistprocessesthatwerespeciallydesignedfor assimilationin
orderto make a compromisebetweenphysicalrealismandlinearbehaviour. Themicrowave radiative transfer
modelusedin the1D-Varcomputationsis alsobriefly presented.Section3 dealswith theexperimentalset-up,
which includesthedescriptionof thecasesstudiedandof theobservationalandmodeldatasets(includingthe
specificationof errorstatistics).Themainresultsfrom the1D-Var experimentsarethendetailedin section4.
A discussionon thecomparisonof 1D-Var on surfacerainfall rateswith 1D-Var on TBsaswell asavalidation
of the1D-Var outputsagainstindependentsatellitedataareproposedin section5. This sectionalsopresentsa
studyof thesensitivity of the1D-Var retrievals to thespecificationof theobservationerrorstatistics.

2 The 1D-Var retrieval method

2.1 Generaldescription

Theobjective of 1D-Var is to find an optimal modelstatethatminimizesin a least-squaresensethedistance
betweenaselectedoutputquantityof themodelandits observedequivalent,givenabackgroundconstraint.In
thepresentstudy, two controlvariablesareconsideredin themodel: temperatureandspecifichumidity. They
aregivenin theform of individualverticalprofilesatagiventime. Theselectedoutputquantityto beoptimized
is eitherthesurfacerainfall rate(asin MarécalandMahfouf 2000)or themulti-channelmicrowave brightness
temperatures.The two corresponding1D-Var retrieval methodswill be hereafterreferredto as1D/RR and
1D/TB, respectively. Surfacerainfall rate is an output from the model’s convectionandlarge-scaleconden-
sationparameterizationsandcanbederived from observed microwave brightnesstemperaturesvia a retrieval
algorithm. On theotherhand,brightnesstemperaturescanbesimulatedby applyingtheparameterizationsof
moistprocessesto themodel’s controlvariablesfollowedby theapplicationof a microwave radiative transfer
model(RTM). Themain inputsto thelattermodelareprecipitationcontent,cloudwatercontent,cloudcover,
specifichumidity, air andsea-surfacetemperaturesandsurfacewind speed.In thepresentstudy, the1D-Var
methodsearchesfor themodel’s statevectorx thatminimizesthefollowing functional:

J � x ��� 1
2
� x � xb � T B � 1 � x � xb ��� 1

2
� H � x �	� yo � T R � 1 � H � x �	� yo � (1)

wherexb is the backgroundmodel state(i.e. the model’s control vector to be corrected),and H � x � is the
nonlinearobservationoperatorthatconvertsthemodel’svariablesinto eithersurfacerainfall ratesor microwave
brightnesstemperatures.yo denotesthecorrespondingobservedquantityandR is theerrorcovariancematrixof
theobservations,which includestheinstrumentalerrorsandtheerrorsof H. Matrix B containsthebackground
errorcovariancesfor themodel’s controlvariables(temperatureandspecifichumidity). Theresultof the1D-
Var retrieval is thereforea combinationof thebackgroundandof theobservation,weightedby the inverseof
their respective errorstatistics.

Theminimizationof the functionalis performedusingthequasi-Newton descentalgorithm(M1QN3) devel-
opedby Gilbert andLemaŕechal(1989). It requiresthecalculationof thegradientof thefunctionaldefinedin
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Eq.(1) whichwrites

∇J � x ��� B � 1 � x � xb ��� HT R � 1 � H � x �	� yo � (2)

whereHT is the transpose(or adjoint) of the Jacobianmatrix of the nonlinearobservation operator, H. In
this study, H consistsof new simplifiedparameterizationsof convectionandlarge-scalecondensationthatare
describedin thenext subsections.In thecaseof 1D/TB, H alsoincludestheRTM designedby Bauer(2002)
andMoreauet al. (2002)thattakesinto accountthescatteringof microwave radiationin precipitatingclouds.

2.2 Moist physicsand the radiati ve transfer model

2.2.1 Convection

Previousstudiesadvocatedanimprovementof thelinearizedversionof ECMWF’sparameterizationsof moist
processes,especiallyconvection,to beusedin thefull 4D-Var andin thesimpler1D-Var algorithmdeveloped
by Marécal and Mahfouf (2000). A modified versionof the operationalconvection schemewas therefore
developedfor thefuturevariationalassimilationof cloudsandprecipitationobservations.Themodifiedmass-
flux convection schemewas designedsuchas to retain somebasicsimilarities with the original mass-flux
schemefrom Tiedtke (1989)andat thesametime to remove thehigh degreeof complexity of thelatter, which
is a sourceof nonlinearities.Its detaileddescriptionandevaluationarepresentedin LopezandMoreau(2003)
but its mainfeatureswill besummarizedhere.

All typesof convection(shallow, mid-level, anddeep)aretreatedin a similar way. In particular, the closure
assumptionthat relatesthe model control variablesto the subgrid-scalecloud basemassflux is expressed
throughasingleformulationbasedon thereleaseof Convective AvailablePotentialEnergy (CAPE)in time. In
contrastwith theoperationalscheme,theequationsthatdescribetheverticalevolution of theupdraughtmass
flux, Mu, andof theupdraughtthermodynamicvariables,Φu, areuncoupled:

∂Mu

∂ z
�
��� ε � δ � Mu (3)

∂Φu

∂ z
�
� ε � Φu � Φ � (4)

whereΦ denotesfield valuesin theenvironment,andε andδ arethe fractionalentrainmentanddetrainment
rates,respectively. This uncouplingallows theremoval of theiterative calculationsinvolved in theoperational
codefor updatingthecloudbasemassflux, therebyleadingto aneasierdevelopmentof theadjoint.Theimpact
of thismodificationon theforecastis marginal.

Convectionis assumedto beactivatedonly if thebulk convective updraughtverticalvelocity remainspositive
at cloud base.The updraughtis assumedto originatefrom the surfaceonly if its initial vertical velocity, as
calculatedfrom the surfaceheatfluxesusingHoltslagandMoeng(1991), is positive. The departuresof the
updraughtfrom the environmentarealsoassumedto be dependenton the surfaceheatfluxes. If convection
cannotbe initiated from thesurface,theconvective ascentmayoriginatefrom higherlevels providedrelative
humidity exceeds80%. In this case,the initial verticalvelocity of thebulk updraughtis setequalto 1 m s� 1.
Regardlessof whethertheupdraughtoriginatesfrom thesurfaceorhigherup,theverticalevolutionof its kinetic
energy is computedfollowing SimpsonandWiggert(1969).

Basedon Siebesmaand Jakob (personalcommunication),ε is parameterizedas cε � � z � zst �
� 10� 5 where
cε=0.5andzst is thestartingaltitudeof theupdraught,while δ � ε , exceptcloseto cloudtop whereaconstant
organizeddetrainmentrateis added(δ � ε � 2 � 10� 4).
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Simplifiedcalculationsof downdraughtsandconvective momentumtransportbasedon theoperationalscheme
(Tiedtke 1989)arealsoincludedin the new parameterization.More importantly, the precipitationformation
rateis madeproportionalto theupdraughtcloudwatercontentasin Tiedtke (1989).

Reasonablywell-behaved physicalparameterizationsin termsof linearity arenecessaryto ensuretheconver-
genceof the1D-Var retrievals.Therefore,thelinearbehaviour of themodifiedconvectionschemecomparedto
theoperationalonehasalsobeenassessedthroughthecalculationsof nonlinearresiduals.For agivennonlinear
operatorM andits tangent-linearversionM � , thenonlinearresidualsaredefinedas

RESNL � M � x � λδx �	� M � x ��� M ��� x � λδx (5)

wherex denotesthe input temperatureand specifichumidity in the presentcase. The residualshave been
computedfor theconvective tendencies∂T � ∂ t and∂q � ∂ t thatareproducedby theconvectiveparameterization
M. The calculationsof Eq. (5) have beenrepeatedfor valuesof the scalingfactorλ rangingfrom 10� 5 to
1, and from � 10� 5 to � 1. The referencevector of perturbationsδx wassetequalto typical valuesof the
standarddeviation of the backgroundmodelerrors. An exampleof vertical profilesof sucherrorsis shown
in Fig. 1. Figure2 shows nonlinearresiduals,averagedover 100 convective profiles,that areobtainedwhen
specifichumidity perturbationsof varying sizeareappliedat the lowestmodel level. Resultsareshown for
this level becauseinput perturbationsimposedthereresult in maximumchangesin theprofilesof convective
tendencies.Thefield actuallyplottedin Fig. 2 is log10 � RESNL � RESmax

NL � whereRESmax
NL denotesthemaximum

valueof theresidualfor agivenplot andfor boththemodifiedandtheoperationalschemes.Thisnormalization
permitsthe comparisonof the residualsobtainedwith the two parameterizationsand the smallerthe values
of the plottedfield, the morevalid the linear assumption.Figure2 demonstratesthat the nonlinearresiduals
arealmostsystematicallyoneorderof magnitudesmallerwith thenew schemethanwith theoperationalone.
Asymmetriesaboutthey-axisresultfrom thefactthat largenegative moistureperturbationsat thesurfaceturn
off convection,therebyleadingto a lesslinearbehaviour of thescheme.Notethatsimilar conclusionscanbe
drawn wheninput perturbationsareimposedon temperatureinsteadof specifichumidity (LopezandMoreau
2003).

2.2.2 Clouds

TompkinsandJanisková (2003)have recentlydevelopeda new statisticaldiagnosticcloud schemethat is in-
tendedto beimplementedinsteadof thesimplifiedparameterizationcurrentlyusedin ECMWF4D-Vartangent-
linear andadjoint calculations(Janisková et al. 2002). A uniform ProbabilityDensityFunction(PDF) was
chosento describethesubgridscalefluctuationsof temperatureandtotalwaterin orderto make adjointdevel-
opmentseasierandto ensurea reasonabledegreeof consistency with theschemeusedin the full operational
forecastmodel(Tiedtke 1993). Thewidth of thePDFis assumedto increaselinearly whenrelative humidity,
RH , variesfrom 100%down to acritical threshold,RH0, beyondwhichcloudformationoccurs.Both theslope
of this lineardependenceandRH0 arefunctionsof thenormalizedpressureverticalcoordinateP � Psur f , where
P is thepressureon thecurrentlevel, andPsur f is thesurfacepressure.In particular, RH0 rangesfrom 50%in
themid-troposphereto 85%at thesurfaceandat upperlevels.

Large-scalecloud cover is expressedasa functionof RH andRH0, while convective cloudcover dependson
thediagnosticsourcetermassociatedwith convective detrainment.Thenew simplifiedcloudschemeincludes
aparameterizationof precipitationgenerationinspiredfrom Sundqvist(1989)andanoriginalparameterization
of precipitationevaporationbasedon thesubgridscalevariability of total water.

TompkinsandJanisková (2003)show that the linearity of thenew simplified cloud schemeis suitablefor its
usein 1D-Varand4D-Var.
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2.2.3 Microwave Radiative Transfer

For simulatingtheradiative transferin cloudsandprecipitationfor largedatavolumesthefastmodellingframe-
work RTTOV (Eyre1991,Saunderset al. 2002)hasbeenchosen.Themultiplescatteringis simulatedapplying
theδ -Eddingtonapproximationthathasprovento providesufficientaccuracy (Kummerow 1993)atmicrowave
frequencies.All hydrometeortypes(rain, snow, cloudliquid waterandcloudice) areassumedto bespherical
andtheir opticalpropertiesaretaken from pre-calculatedlook-upMie tablesto increasenumericalefficiency
(Bauer2002). For the purposeof variationalretrievals as well as to increasecomputationalefficiency, the
tangentlinearandtheadjointversionsof theRTM areemployed.

3 Experimental set-up

3.1 Meteorological events

Threerecentmeteorologicallyinterestingeventshavebeenidentifiedfor running1D-Var: Twotropicalcyclones
well sampledby both TMI andtheTRMM precipitationradar(PR) andoneextra-tropicalfront with a good
observationalcoveragefrom SSM/I.Thesecaseswerecorrectlyforecastby theECMWF operationalmodelin
termsof locationbut notwith regardsto their structureandrain intensity.

The first selectedsituation featuressuper-typhoon Mitag that developedover the WesternPacific in early
March2002. 1D-Var hasbeentestedat 1200UTC 5 March2002,whenthesuper-typhoonreachedits maxi-
mumintensityjust eastof thePhilippines(estimatedmean-sea-level pressureminimumof 930hPa locatedat
14.2� N/129.9� E).

The secondevent is tropical cycloneZoe that developedover the WesternPacific in the vicinity of the Fiji
Islands,between25 December2002 and 31 December2002. 1200 UTC 26 December2002 was the date
selectedfor runningthe1D-Var. At thattime, thestormwasin its intensificationphaseandits centralpressure
minimumof 975hPawaslocatedat10.7� S/174.1� E.

The third caseis an extra-tropicalfront that developedover the North Atlantic in January2002 andwhich
wasdominatedby large-scaleprecipitation.The1D-Varexperimentwasrunon themeteorologicalsituationat
1200UTC 9 January2002.

3.2 Observations

For super-typhoonMitag andtropicalcycloneZoe,TMI datafrom thetwo TRMM satelliteorbitsat1100UTC
5 March2002and1400UTC 26 December2002have beenused,respectively. In thecaseof themid-latitude
front, the1D-Varexperimentshave beenbasedon SSM/Idataat1130UTC 9 January2002.

Variousalgorithmshave beentestedfor retrieving surfacerainfall amountsfrom themulti-channelmicrowave
brightnesstemperaturesobservedby TMI andSSM/I.For TMI data,boththeTRMM standardrainfall product
2A12(Kummerow et al. 2001)andthePrecipitationradarAdjustedTMI Estimationof Rainfall (PATER;Bauer
et al. 2001)retrievalshave beenused.PATER employs independentrainfall estimatesfrom TMI andPRover
theircommonswathto derivearain-dependentcalibrationcurve. A similarprincipleis appliedherein orderto
applyPATER to SSM/I data(PATER-SSMI,thereafter)by simulatingtheSSM/I observationswith TMI data,
thatis by reducingthespatialresolutionandselectingthecommonchannels.

TMI surfacerainfall ratesderivedwith 2A12andPATERhavebeenusedin thecasesof Mitag andZoe.Onthe
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otherhand,PATER-SSM/I,BauerandSchluessel(1993)andFerraro(1996)have beenutilized on SSM/I TBs
in themid-latitudefrontal case.All observedrainfall retrievalshave thenbeenaveragedontotheGaussiangrid
of theECMWF modelthat correspondsto a T511spectraltruncation(i.e. to a grid point resolutionof about
40km), sothatobservationandmodelpointsareco-located.Thestandarddeviationsof theobservationerrors,
σobs, ontheretrievedrainfall rateshavebeenarbitrarilysetequalto 50%of therainfall ratefor Bauer-Schluessel
andFerraro.For the2A12 algorithm,the rainfall-dependent errorsderived by L’EcuyerandStephens(2002)
have beenapplied. For PATER, the errorshave beencalculatedaccordingto Baueret al. (2002) . Finally,
a minimum thresholdof 0.05mm h� 1 hasbeenassignedto σobs for all algorithmsso asto keepa non-zero
observationerroratnon-rainy points.

WhenusingTMI andSSM/I brightnesstemperaturesdirectly in the 1D-Var retrieval, the observed valueat
eachmodelgrid point hasbeensetequalto the valueat the closestTMI pixel in eachmicrowave channel,
in order to avoid interpolationproblems. For TBs, σobs hasbeenset to 3 K (resp. 6 K) for the vertically
(resp. horizontally)polarizedchannels,assumingno error correlationsbetweenchannels.Theseσobs values
aresupposedto representthecontributionsfrom boththeinstrumentalerrorsandtheerrorsin theobservation
operator. The uncertaintiesin the RTM may ariseboth from the δ -Eddingtonapproximation(Moreauet al.
2002)aswell asfrom the microphysicalassumptions,in particularon drop sizedistributionsandon the fall
velocity, shapeanddensityof hydrometeors.Largervaluesof σobs arespecifiedfor thehorizontalpolarization
to accountfor thehighernaturalvariablility of microwave TBs observedwith thispolarization.

Ideally, theobservation errorsin 1D-Var shouldalsoincludetheerrorsof the forwardmodel,but theseerrors
arecurrentlyneglectedbecausethey aredifficult to estimate,especiallyfor themoistphysicsparameterizations.
Thesensitivity of the1D-Var retrievalsto thespecificationof matrixR is assessedin section5.3.

Finally, it shouldbementionedthatat theendof theminimization,each1D-Var retrieval is quality-controlled
by rejectingit if theanalysis� observation departureexceeds� 3σobs. In this case,the retrieval is resetto the
background.

3.3 Background fields

Themodel’s backgroundfieldsthatenterthe1D-Varhave beenobtainedfrom three12-hourT511integrations
of the ECMWF model that werestartedat 0000UTC 5 March 2002for Mitag, at 0000UTC 26 December
2002 for Zoe and at 0000 UTC 9 January2002 for the North Atlantic front. The input fields include the
verticalprofilesof temperatureandwatervapour, but alsosometemperatureandspecifichumidity tendencies,
thesurfaceheatfluxesandthesurfacemomentumstressthatareneededfor runningthemodifiedconvection
schemedescribedin section2.2.1. For1D/TB, theuseof theRTM requiresadditionalinputfields,namely10m-
wind speed,surfacetemperature,and2 m-temperatureandhumidity. The covariancematrix of background
errorsB is taken from the operationalECMWF 4D-Var system(Rabieret al. 1997). Figure1 shows typical
valuesof thestandarddeviation of themodelbackgrounderrorson temperatureandspecifichumidity which
appearalong the leadingdiagonalof matrix B. The assumptionis madethat the temperatureand specific
humidityerrorsareuncorrelated.
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4 Results

4.1 Super-typhoon Mitag

4.1.1 1D-Var on TMI surface rainfall retrievals

Figure3displaystheresultsfor the1D-Varexperimentsonsuper-typhoonMitag: themodelbackgroundsurface
rainfall ratesareshown in panel(a). Observedrainfall ratesasretrievedwith the2A12algorithmfrom theTMI
TBs aredisplayedin panel(b). 1D-Var retrievals of surfacerainfall ratesareshown in panel(c). Panels(d)
and(e) displaythesamequantitieswhenthePATERalgorithmis utilized. All fieldsareexpressedin mm h� 1.
Although someheavy rain is correctly simulatedby the model in the vicinity of the typhoon’s core, panel
(a) indicatesthat the backgroundclearlydiffers from the observationsin the westernperipheryof the storm.
Indeed,threeregionswith heavy precipitationthatdo not appearin theTMI observationsaresimulatedby the
model.

Panels(c) and(e) demonstratethat the1D-Var procedureis ableto correcttheinitial temperatureandspecific
humidity profiles in suchway that the 1D-Var retrieved rainfall getsrathercloseto the observations. This
improvementon thepictureof thesimulatedtyphoonresultsfrom both the increaseandthedecreaseof pre-
cipitationat placeswheretheobservedvalueis higher, respectively lower, thanthemodel’s backgroundvalue.
However, it shouldbeemphasizedthat1D/RRis efficient only at pointswherethebackgroundprecipitationis
non-zero.At locationswherethe initial simulatedrainfall rateis zero,the Jacobianmatrix H is zero,which
impliesthat theminimizationis ineffective. In thepresentcase,1D/RRperformsratherwell becausethenew
simplifiedlarge-scalecondensationschemeproduceswidespreadvery light rainfall amountsaroundthestorm,
which admitsmoreobservationsto the retrieval procedure.Theproductionof morewidespreadprecipitation
in the tropicscomparedto theoperationalscheme,canbepartly explainedby therevisedrainfall evaporation
formulationusedin thesimplifiedparameterization(TompkinsandJanisková 2003).Earlier1D-Var testswith
a simplerparameterizationthat generatedmoreconfinedprecipitationled to muchlesssatisfactory retrieved
surfacerain rates.

Theconvergenceof theminimizationis usuallysatisfactory, exceptat a few grid pointsfor which theanalysed
rainfall ratesremainfar from theobservationsdueto nonlinearitiesin theobservationoperatorH. Oneshould
alsonotethattheobservedTMI rainfall ratesfrom PATERaresubstantiallylower thantheonesobtainedfrom
2A12. Sucha differencewasalreadydemonstratedby Marécalet al. (2002). Generally, theagreementof the
1D-Var retrieved rainfall rateswith thecorrespondingobserved valuesis betterwhenusingPATER retrievals
thanwith 2A12 data,whichcanbeexplainedby thefactthatthebackgroundis closerto PATERthanto 2A12.

Figure4 shows theverticalprofilesof 1D-Var temperatureandspecifichumidity incrementsaveragedover the
geographicaldomainof Fig.3, with adistinctionbetweenpointsfor whichthebackgroundrainfall rateis either
largeror lower thanthevalueretrievedfrom TMI. Theseprofilesclearly indicatethat thereduction(increase)
of the model surfacerainfall by the 1D-Var retrieval is achieved througha drying and heating(moistening
andcooling) of the tropospherebelow 300 hPa. This latter result canbe readily explainedby the fact that
theseincrementsaremainlyobtainedby activatingthelarge-scalecondensationschemeandnot theconvective
parameterization.Suchbehaviour waspreviously foundby Fillion andMahfouf (2000). A simpleconversion
of thetemperatureincrementsinto equivalentincrementsof saturationspecifichumidityshows thatthe1D-Var
correctionsontemperatureareapproximatelyfour timessmallerthanthecorrectionsonspecifichumidityatall
levels,whichconfirmstheresultsof MarécalandMahfouf (2000).However, thisconclusionis likely to depend
on thetypeof parameterizationsusedfor describingmoistprocesses.

Sincethe specifichumidity incrementslargely exceedthoseof temperature(whenconvertedinto saturation
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specifichumidityequivalents),theglobalimpactof the1D-Varprocedureonthemodelstatecanbesynthesized
in Fig.5, whichshowstheTCWV backgroundfield andthecorrespondingincrementsfor the2A12andPATER
experiments.Thisfigureindicatesthatin bothcasespositiveincrementsreaching5kgm� 2 (negativeincrements
down to � 10 kg m� 2) are neededto increase(decrease)the backgroundsurfacerainfall ratestowardsthe
observed values. The larger positive incrementsneededwith 2A12 areconsistentwith the higherobserved
rainfall ratesthatareretrievedwith thisalgorithmat thecentreof thestorm(seeFig. 3).

4.1.2 1D-Var on TMI brightness temperatures

Other1D-Varretrievalswereobtainedwith theminimizationdirectlyperformedontheTMI brightnesstemper-
aturesat10,19,22and37GHz in verticalpolarization(V) andat10,19and37GHz in horizontalpolarization
(H). Figure6 displaysthecorrespondingretrievedsurfacerainfall rates.Increasingthenumberof microwave
channelsusedin the 1D-Var retrieval is expectedto be beneficialespeciallybecauseof their complementary
sensitivity to temperature,watervapour, cloudwaterandprecipitation.For instance,theuseof the10GHzTBs
thatareparticularlysensitive to therain contentavoids thesaturationof thesignal(i.e. theweaksensitivities)
thatoccursin otherchannelsin heavy rainregions.However, addingchannelsalsoimpliesthatmoreconstraints
areimposedduring the minimization,which may hamperconvergenceif the relationbetweenthe brightness
temperaturesandthemodelcontrolvariablebecomesstronglynonlinear. Theoccurrencesof non-convergence
canbereducedby notusingthe37GHzchannelswhenthedepolarizationof observedandsimulatedTBsdoes
not exceeda specifiedfractionof thesimulatedclear-sky depolarization.It wasfoundthatsettingthis fraction
to 15%reducesthenumberof casesof non-convergenceby 40%.Notethatthe85GHzchannelshavebeendis-
cardedfor thetime beingdueto their strongsensitivity to ice for which theradiative transfercalculationsmay
notbeasaccurateasfor theliquid phase.Figure6 illustratesthefactthat1D/TB is ableto generatetemperature
andspecifichumidity incrementsthatleadto a substantialimprovementon thesimulatedsurfacerainfall rates
with respectto the rainfall observationsin Fig. 3.b andd. Thediscrepanciesbetweenobserved andanalysed
rainfall ratesarelargerwith theTB approachthanwith themethodbasedon rainfall retrievals. This is dueto
thefact that thetemperatureandspecifichumidity incrementsresultfrom simultaneouscorrectionsappliedto
therainprofilesbut alsoto theprofilesof cloudwater. Preliminarytestswith lesschannelsshowedthatadding
the10 GHz and37 GHz channelsleadsto a slight increaseof thesurfacerainfall ratesinsidethestormandto
a furtherdecreasein its vicinity. Theminimizationonly fails to converge at a few pointsandin thenorthwest
peripheryof thesuper-typhoon’s core.There,thedeparturesbetweensimulatedandobservedTBs reachsuch
highvaluesthattheminimizationproblembecomeshighly nonlinearsothatno reasonableanalysisincrements
canleadto theexpecteddecreaseof thesimulatedsurfacerainfall rates.

Figure7 shows thevertical profilesof temperatureandspecifichumidity incrementsproducedby 1D/TB. In
termsof shape,they look rathersimilar to theprofilesobtainedwith 1D/RRin Fig. 4. However, asfar astheir
magnitudeis concerned,temperatureincrementstendto be smallerwith theTB approachandthe maximum
incrementat level 50 (around850hPa) thatwasseenin Fig. 4 (left panels)is notpresentin Fig. 7 (left panels).
On theotherhand,thespecifichumidity incrementsagaindominateandareabouttwice ashighwhenTBsare
usedin theminimizationinsteadof surfacerain rates.

Figure8 displaysmapsof theTCWV incrementsobtainedfrom 1D/TB. Their spatialdistribution looksvery
similar to the oneshown in Fig. 5 for 1D/RR,with positive TCWV correctionsin thecoreof thestorm,and
negative valuesaroundit. It is reassuringthat two very different1D-Var methodscanleadto consistentincre-
mentpatterns.However, their magnitudeis muchstrongerwith absolutevaluesexceeding20 kg m� 2 locally.
As alreadymentioned,theselarger TCWV incrementscanbe explainedby the fact that whenworking with
TBs it is not only theamountof rain that is corrected,but alsotheamountsof watervapourandcloudwater.
Thespottyincrementsto thesouthof thestormaredueto thefact thatobservedTBs areinterpolatedontothe
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modelgrid usingtheclosestpointapproach.

4.2 Tropical cycloneZoe

In the caseof Zoe, Figure9 shows that 1D/RR incrementsimprove the surfacerainfall rateswith respectto
the PATER retrieval. However, andcontraryto the caseof Mitag for which an almostperfectmatchto the
observationswasachieved,theimprovementis mainly visible in thecoreof Zoe,while therainfall amountsin
thespirallingrainbandsin thewesternandsouthernperipheryarenot reducedenough.Evenin thecentralpart
of thestorm,theanalysedrainfall amountsarestill lower thantheobservedvalues.

Comparisonof thehatchedareasin Fig. 3.a andFig. 9.a shows that for Mitag mostof thesimulatedprecipi-
tation is fully resolved by the model(large-scaleascent),while in caseof Zoe, it mainly originatesfrom the
convectionscheme(subgridscaleprocesses).Thefact that theconvective parameterizationis still morelikely
to suffer from nonlinearitiesthanthelarge-scalecondensationschemeexplainsthelesssuccessfulperformance
of 1D/RRin thecaseof Zoe.

With 1D/TB theanalysedrainfall rates(Fig. 10) exhibit strongmodificationscomparedto thebackground.Al-
thoughobservedsurfacerainfall ratesarenotdirectlyinvolvedin 1D/TBminimization,theoverall improvement
on thisfield looksmoreconvincing thanwith 1D/RR.Theshapeof thecycloneandof thenorthernrainbandin
theanalysisagreevery well with thePATERretrieval (Fig. 9). Theintensityof therainfall ratesreachesvalues
larger then10 mm h� 1 thatcorrespondto positive TCWV incrementsof up to 10 kg m� 2 locally (not shown).
TCWV incrementsareagainmuchstrongerandmorewidespreadwith 1D/TB thanwith 1D/RR(not shown).
In contrastwith thecaseof 1D/RR,theperformanceof 1D/TB is notmuchaffectedby thefactthatconvection
dominatesin the background.Nonlinearitiesin theconvectionschemeareindeedlessdetrimentalin 1D/TB
thanin 1D/RR,becauseTBsareinfluencedby thefull verticalprofilesof cloudwaterandprecipitationandare
alsodirectly relatedto specifichumidity, besideany explicit link via themoistphysics.

4.3 A mid-latitude fr ont

Figure11 shows the1D/RRresultsfor themid-latitudefront with thefollowing layout: panel(a) displaysthe
backgroundsurfacerainfall rates,while panels(b), (d) and(f) correspondto theretrievalsfrom PATER,Bauer-
SchluesselandFerraro. Panels(c), (e) and(g) depict the respective 1D-Var retrieved surfacerainfall rates.
Themodel’s backgroundrainfall ratesaresystematicallyhigherthanthethreeconsistentSSM/I observations.
However, the geographicallocationandstructureof the simulatedfrontal rainbandmatchesthe observations
ratherwell. Thesecharacteristicsarevery similar to thegeneralbehaviour of theECMWF forecastingsystem
(Chevallier andBauer2003) that usesmoreelaboratemoist physicalparameterizations.Again, the 1D-Var
methodis ableto correctthetemperatureandspecifichumidity incrementssothatthe1D-Var retrievedsurface
rainfall ratesmatchalmostperfectlytheavailableSSM/Iobservations.Panels(b), (d) and(f) show thatsignifi-
cantdifferencesarefoundbetweentherain fieldsretrievedwith PATER-SSMI,Bauer-SchluesselandFerraro,
which is oneof themajor limitationsof 1D/RR.Theverticalprofilesof temperatureandspecifichumidity in-
crements(not shown) exhibit a shapecomparableto theonethatwasfoundfor super-typhoonMitag, but their
amplitudeis substantiallylower dueto thesmallersurfacerainfall departuresbetweenbackgroundandobser-
vations.Sincethebackgroundfield tendsto overestimatethesurfaceprecipitationalmostsystematicallyover
the domain,Fig. 12 shows that negative 1D-Var TCWV incrementsdominate,with extremevaluesreaching
� 5 kg m� 2 locally. Thevaluesandhorizontalstructureof theincrementslook very comparablewith all three
retrieval algorithms.
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Figure13 displaystheanalysedsurfacerainfall ratesfor the mid-latitudefront with 1D/TB usingSSM/I ob-
servations. The main changewith respectto the backgroundfield shown in Fig. 11.a is the reductionof the
intensityin thesouthernpartof thefrontal rainband(below 40� N) andtheslight reshapingof thefront. These
modificationsin theanalysissurfacerainfall ratesarealsopresentin Fig.14thatshowspositive1D-VarTCWV
incrementsin the westernpart of the rainbandthat locally exceed4 kg m� 2, with negative incrementsover
the restof thedomain. Theanalysedrainfall ratesagreefairly well with all threerainfall ratesretrievals and
in particularwith the Ferraroalgorithm(Fig. 11.e). It shouldbe mentionedthat the unchangedlight rainfall
valuesin thewake of thefront correspondto grid pointsthatwerenot treatedin 1D/TB to save computational
time (minimumthresholdof 0.3mmh� 1 in thebackground).

5 Evaluation

It wasshown that 1D/RR and1D/TB lead to consistentresultsboth in termsof analysedrainfall ratesand
TCWV increments.This sectiondealswith the evaluationof the two methodsbasedon SSM/I andTRMM
datathataretheonly reliableobservationsavailablein precipitationareasover ocean.First, the two methods
are statisticallycomparedin TB and RR space. Then, the consistency of the vertical profiles of analysed
rainfall ratesis assessedusingmeasurementsfrom TRMM/PRfor tropicalcyclonesMitag andZoe.Finally, an
assessmentof theimpactof theobservationerrorstatisticson the1D/TB retrievalsis presented.

5.1 Evaluation in TB and RR space

For eachof thethreemeteorologicalcases,brightnesstemperatureshave beencomputedfrom thebackground
fieldsandfrom theanalysesgivenby thetwo methods,usingtheRTM describedin section2.2.3. Thebiases
andthe standarddeviationsof background-observation andanalysis-observation departuresareshown in Ta-
ble 2 for Mitag, Zoeandthemid-latitudefront andfor eachavailablemicrowave frequency. Statisticsrefer to
the commonpointswhereboth methodssuccessfullyconverged. In all histogramsthe standarddeviation of
theanalysisdeparturesbothfor 1D/TB and1D/RRis reducedwith respectto thebackgrounddepartures.The
reductionis alwaysthreeto four timeslargerwith 1D/TB thanwith 1D/RRfor all channels.This is dueto the
factthatTBsaredirectly involvedin thecostfunctionof 1D/TB.

Thebiasesof 1D/RRand1D/TBanalysesaregenerallyreducedwhencomparedto thebackground.Theamount
dependson the meteorologicalcaseandmicrowave channel. In the Mitag case,the biasof the background
departureis smallcomparedto theothercases,with valueslower than5 K exceptat37GHz. Thetwo analyses
andthebackgroundexhibit similar biases,exceptat 37 GHz wherea noticeabledecreaseis found. In fact,the
largernegativebiasesof background-departuresfor the37GHzchannelsareanartefactof thesaturationof the
microwavesignalin therainy coreof thestormthatimpliestheabsenceof offsettinglargepositive biases,asis
thecasein theotherchannels.

In themid-latitudecasethebiasof thebackgrounddeparturesshows largenegative values,which corresponds
to thepresenceof anexcessiveamountof precipitationandcloudliquid waterin thebackgroundwith respectto
theobservations.Zoeexhibits oppositefeatureswith largepositive backgroundbiasesof up to 15 K at several
frequencies.For both cases,1D/TB analysisbiasesare reducedand do not exceeda few K. A significant
reductionof the bias is found with 1D/RR in the frontal case,but only a minor one in the caseof Zoe. In
the latter, the biasandthe standarddeviation of the surfacerainfall analysisdeparturesremainlarge, which
indicatesa poorconvergenceduringtheminimization.For Mitag andthemid-latitudecase,largely dominated
by thelarge-scalecondensationscheme,analmostperfectagreementis foundbetweenobservedandanalysed
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surfacerainfall rates.

Thesmallererrorsof theTB analysisdepartureswith 1D/TB comparedto 1D/RRdonotnecessarilycorrespond
to smallerdifferencesin termsof surfacerainfall rates,especiallyfor Mitag. This is dueto theambiguouslink
thatexistsbetweensurfacerainfall ratesandTBs thatintegrateinformationon thewholeatmosphericcolumn.
The uncertaintyon the surfacerainfall ratesobtainedwith the 2A12, PATER, Bauer-Schluesselor Ferraro
algorithmscanalsoprovide anexplanation.

5.2 Comparison with TRMM/PR rainfall rates

Verticalprofilesof rainfall rates(2A25 product;Iguchi et al. 2000)measuredby thePRon boardtheTRMM
platformhavebeenusedto validatetheanalysedrainfall ratesprofilesfrom 1D/RRand1D/TB.Theinitial 2A25
productwith a horizontal/vertical resolutionof 1.4 km/250m hasbeenaveragedto themodelgrid resolution
(about40 km/60 levels). Figure15 shows the meanvertical profilesof rainfall ratesfor Mitag andZoe. In
bothcases,theshapeof therain profile asobservedfrom thePRis characterizedby nearlyconstantvalueson
thevertical below 600hPa. In contrast,themeananalysedrain flux for Mitag increasesfrom 1.5 mm h� 1 at
600hPato 2.5mmh� 1 (resp.4.0)at900hPawith 1D/RR(resp.1D/TB).Thisparticularshapeis dueto thefact
thatthelarge-scalecondensationschemeis dominantin thiscase(seeFig.3.a)andthatit producesprecipitation
at all vertical levels. On theotherhand,for cycloneZoe (seeFig. 9.a), theconvective schemeis moreactive
andprecipitationgenerationmainly occursabove 600 hPa, with a nearlyconstantrainfall profile below this
level, as in the PR observations. The shapeof the analysedrain profile seemsto dependon which moist
physicalparameterizationis themostactive in thebackground.It shouldbenotedthatthepartitioningbetween
convective andlarge-scaleprecipitationremainscomparablein the1D-Var retrieval andin thebackground.

The biasesandthe standarddeviationsof the observation-analysis departuresshown in Table2 indicatethat
1D/RRperformsbetterfor Mitag thanfor Zoe.Thisbetterbehaviour in theMitag caseis alsoseenin Fig. 15.a.
For the 1D/RR retrieval, which optimizesthe surfacerainfall rates,the analysedprecipitationflux closely
matchesthe radarobservationsbelow 800 hPa. In the 1D/TB method,the analysedprecipitationprofile is
computedso as to optimize the TBs, which aremainly relatedto the integratedrain contentandnot to the
surfacerainfall. Hencea strongtilt of the analysedrain profile canbe seenin Fig. 15.a. This is requiredto
ensurea goodagreementbetweenthe simulatedandobserved integratedrain contents. In the caseof Zoe,
the analysedrain profilesfrom 1D/RR and1D/TB arecloserto the radarobservationsthanthe background.
However, the1D/TB retrieval bettermatchestheradarobservationsthan1D/RR,which is consistentwith the
resultsof thecomparisonwith PATERsurfacerainfall ratesshown in Fig. 9 andFig. 10andwith observedTBs
(Table2).

5.3 Sensitivity to observation error statistics

In orderto assessthe impactof theuncertaintieson thedefinition of the R matrix, sometestshave beenrun
with 1D/TB includingerrorcorrelationsbetweentheTMI channelsor largerstandarddeviationsof observation
errors.

Sinceinter-channelerror correlationscannotbe accuratelyknown, two valuesof 0.5 and0.8 that arerepre-
sentative of a low anda high level of correlation,respectively, have beentested. The correspondingbiases
andstandarddeviations of the departuresbetweenbackgroundor 1D-Var retrieval andobservationsaswell
asstatisticsof integratedcloud andrain wateraresummarizedin Table3 andTable4 for Mitag andZoe,re-
spectively. Statisticshave beencomputedover thepointswheretheconvergencewassuccessful.As expected,
theinclusionof inter-channelerrorcorrelationsbringsthe1D-Var retrievalscloserto thebackground,but this
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impactappearsmarginal.

Table3 andTable4 alsoshow statisticsobtainedwhenthe standarddeviationsof the observation errorsare
doubled.Again theimpacton thequality of the1D-Var resultsremainsweak.

Therefore,it appearsthatthe1D-Var retrievalsarenot very sensitive to thespecificationof matrixR. This can
beexplainedby thefactthatbecauseof theratherlargeerrorsspecifiedin thecurrentB matrix,thecontribution
of the backgroundterm,Jb, in the total costfunction (Eq. (1)) is usuallyvery small. This wasconfirmedby
someexperimentsin which Jb wasset to zero. Although Jb doesnot currentlyplay a significantrôle in the
1D-Var retrievals, future improvementsof the forecastingsystemwill increaseits contribution in J to some
extent.Similar resultswereobtainedwith 1D/RR.

6 Conclusions

In this study, 1D-Var retrieval experimentsbasedon retrieved surfacerainfall ratesasobserved from TMI or
SSM/Ihavebeencomparedto 1D-Var retrieval experimentsdirectlyperformedonthemicrowave TBs,for two
tropical cyclonesandan extratropicalfront. 1D/RR and1D/TB includenew simplified parameterizationsof
moistprocessesthatperformsimilarly to theparameterizationsusedin theoperationalforecastmodelfor the
simulationof cloudandprecipitatingsystems,ascanbeseenfrom comparingtheresultspresentedhereto the
onesdocumentedin Chevallier andBauer(2003).

Both 1D-Var methodsproduceconsistenttemperatureandspecifichumidity incrementsthatcorrecteitherthe
model’s surfacerainfall ratesor thesimulatedTBs towardsequivalentTMI or SSM/I observations.However,
1D/RRperformsbetterwhenlarge-scaleprecipitationdominatesin thebackground,dueto thestrongernonlin-
earitiesthatsometimesexist in convective conditions.1D/TB seemslessaffectedby thenatureof precipitation
in thebackground.In otherrespects,the1D-Var retrievalsarenot very sensitive to thedefinitionof theobser-
vationerrorstatistics,bothin termsof standarddeviationsanderrorcorrelations.Thiscanbeexplainedby the
currentweakcontribution of thebackgroundtermin thecostfunction.

To summarizethe respective advantagesanddrawbacksof the two 1D-Var methods,1D/RR (including the
surfacerainfall rateretrieval) hasthemain advantageof beingcomputationallycheaperthan1D/TB (that re-
quiressubstantialadditionaltime for theradiative transfercalculations).Thetwo majordrawbacksof 1D/RR
lie in its inefficiency wherever thebackgroundrainfall rateis zeroandin its dependenceon theperformance
of the selectedrainfall algorithm. On the otherhand,the fact that microwave TBs aresensitive not only to
precipitationbut alsoto watervapourandcloudwatermakesit possibleto correctthemodel’s controlvariables
outsideand inside rainy areasof the backgroundin a consistentmanner. 1D/TB also offers the possibility
of selectingwhich channelsshouldbe assimilatedaccordingto the meteorologicalconditions(e.g. clearor
cloudysky, light or heavy precipitation).This flexibility alsoappliesif oneconsidersthechangingavailability
of individual channelsduringthe lifetime of a given instrument.Onelimitation of both1D/RRand1D/TB is
theircurrentinapplicabilityover landdueto thedifficulty of dealingwith heterogeneitiesin surfaceemissivity.
Furthermore,dueto the lack of high-accuracy precipitationmeasurementsover ocean(exceptmaybefor the
TRMM/PR),1D-Var retrieval errorscannotbeproperlyestimated.

An importantissuethat will deserve someattentionin the future relatesto the biasesof the forward model
(moistphysicsand/orradiative transfer),whichmaydependon themeteorologicalsituationandwhich arenot
dealtwith at themomentin the1D-Var retrievals.

Sinceneitherof thetwo 1D-Var methodsclearlyoutperformstheother, their respective potentialfor thefuture
operationalassimilationof precipitationat ECMWF arecurrentlyunderinvestigationin ’1D-Var + 4D-Var’
experiments(Marécal and Mahfouf 2002) in which pseudo-observations of TCWV producedby 1D/RR or
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1D/TB on TMI andSSM/I dataareassimilatedin theECMWF forecastingsystem.Taking advantageof the
dynamicalcoherenceof 4D-Var, theseexperimentswill alsoallow theconsistency of the1D-Varretrievalswith
all otherobservationsto bechecked.
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Wewould like to thankVirginieMarécalandJean-Franc¸oisMahfouf for theirpioneeringwork onprecipitation
assimilationat ECMWF andfor their kind support.We aregratefulto INRIA (Institut NationaldeRecherche
enInformatiqueet enAutomatique)for providing theM1QN3 mimizationcode.This studywassupportedby
theEuropeanSpaceAgency projectsEuroTRMM-2(#12651/97/NL/NB)andEGPM(#3-10600/02/NL/GS).

TechnicalMemorandumNo. 412 13



Variationalretrieval of temperatureandhumidityprofilesusingrain ratesversusmicrowavebrightnesstemperatures

References

Bauer, P. (2002).Microwaveradiative transfermodellingin cloudsandprecipitation.PartI: Modeldescription.
Technicalreport.SatelliteApplicationFacility for NumericalWeatherPrediction,NWPSAF-EC-TR-005,
version1.0.

Bauer, P., Amayenc,P., Kummerow, C. D., andSmith,E. A. (2001). Over-oceanrainfall retrieval from multi-
sensordataof theTropicalRainfall MeasuringMission(TRMM). PartII: Algorithm implementation.J.
Ocean. Atmos. Tech., 18:1838–1855.

Bauer, P., Mahfouf,J.-F., Olson,W. S.,Marzano,F. S.,Michele,S.D., Tassa,A., andMugnai,A. (2002).Error
analysisof TMI rainfall estimatesover oceanfor variationaldataassimilation. Q. J. R. Meteorol. Soc.,
128:2129–2144.

Bauer, P. andSchluessel,P. (1993). Rainfall, total water, ice water, andwatervaporover seafrom polarized
microwave simulationsandspecialsensormicrowave/imagerdata.J. Geophys. Res., 98:20737–20759.

Chevallier, F. andBauer, P. (2003). Model rain andcloudsover oceans:comparisonwith SSM/I observations.
Mon. Weather Rev., 131:1240–1255.

Courtier, P., Thépaut,J.-N.,andHollingsworth,A. (1994).A strategy for operationalimplementationof 4D-Var
usinganincrementalapproach.Q. J. R. Meteorol. Soc., 120:1367–1388.

Eyre,J. R. (1991). A fastradiative transfermodelfor satellitesoundingsystems.Technicalreport. ECMWF
TechnicalMemorandumNo. 176.

Ferraro,R. R.,Weng,F., Grody, N. C.,andBasist,A. (1996).An eight-year(1987-1994)timeseriesof rainfall,
clouds,watervapor, snow cover, andseaicederivedfrom SSMImeasurements.Bull. Am. Meteorol. Soc.,
77:891–905.

Fillion, J.-L. andMahfouf, J.-F. (2000). Couplingof moist-convective andstratiformprecipitationprocesses
for variationaldataassimilation.Mon. Weather Rev., 128:109–124.
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Model level number Pressure(hPa)

20 36
25 96
30 202
35 353
40 539
45 728
50 884
55 979
60 1012

Table 1: Pressure(in hPa) on every five model levels betweenlevels 20 and60. Valuesaregiven assuminga surface
pressureof 1013.25hPa.
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Experiment Background No correl. Correl.� 0 � 5 Correl.� 0 � 8 2 � σobs

Channel(GHz) observation � model TB bias and standard deviation [K]

10 V � 1.8 11.6 � 2.0 3.1 � 2.4 3.4 � 2.8 3.9 � 1.8 3.7
19 V 0.6 14.6 1.9 2.4 0.8 3.2 0.1 4.1 1.9 2.5
21 V � 0.2 8.3 1.1 1.6 0.1 2.3 � 0.6 3.0 1.0 1.8
37 V � 5.4 16.2 � 1.5 3.8 � 2.8 4.0 � 3.4 4.6 � 1.9 3.9
10 H � 5.1 20.7 � 5.4 5.5 � 6.1 6.3 � 6.7 7.1 � 4.9 6.6
19 H � 2.9 27.0 � 0.4 4.7 � 2.4 6.2 � 3.8 7.5 � 0.4 5.1
37 H � 10.7 32.6 � 3.0 5.4 � 5.7 6.1 � 7.1 7.5 � 3.9 6.1

Integratedcontents mean and standard deviation [kg m � 2]

rain water 0.22 0.32 0.23 0.44 0.24 0.45 0.25 0.45 0.22 0.39
cloudwater 0.64 0.63 0.62 0.84 0.64 0.84 0.64 0.81 0.62 0.82

Table 3: Impactof the inclusionof TMI channelerrorcorrelationson the1D-Var retrievalsin thecaseof super-typhoon
Mitag: biasesandstandarddeviationsof observation� backgroundandobservation� analysisdeparturesfor all channels
used,andmeansandstandarddeviationsof integratedcloudandrainwatercontents.Standarddeviationsarein bold font.

Experiment Background No correl. Correl.� 0 � 5 Correl.� 0 � 8 2 � σobs

Channel(GHz) observation � model TB bias and standard deviation [K]

10 V 3.4 14.6 � 1.0 3.9 � 1.0 4.7 � 1.1 5.0 � 0.5 4.4
19 V 8.1 14.3 1.8 3.1 1.5 3.8 1.4 4.5 2.0 3.0
21 V 4.9 6.4 1.6 2.7 1.3 3.0 1.1 3.3 1.7 2.4
37 V 8.0 13.4 2.5 8.4 2.3 9.0 1.8 8.8 2.6 8.3
10 H 5.2 27.2 � 2.5 7.4 � 2.6 8.8 � 2.7 9.1 � 1.7 8.3
19 H 10.4 27.6 � 0.4 5.5 � 1.0 6.4 � 1.3 7.6 � 0.2 5.7
37 H 11.0 27.7 0.1 9.2 � 0.6 10.3 � 1.3 10.9 0.2 9.2

Integratedcontents mean and standard deviation [kg m � 2]

rainwater 0.44 0.62 0.56 0.64 0.58 0.64 0.57 0.64 0.54 0.60
cloudwater 0.62 0.51 0.92 0.92 0.94 0.91 0.92 0.89 0.90 0.90

Table 4: Sameasin Table3, but for tropicalcycloneZoe.
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Figure 1: Vertical profilesof typical valuesof the standarddeviation of the modelbackgrounderrorson temperature
(dashedline) andspecifichumidity (solid line). Units arein K andg kg � 1 respectively.
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Figure 2: Nonlinearresidualsof convectivetemperatureandspecifichumidity tendenciesasfunctionsof parameterλ that
determinesthesizeof theinputspecifichumidityperturbationsimposedon modellevel 60. Thedisplayedresidualshave
beenaveragedover onehundredconvective profiles. Thefield actuallyplottedis log10 ! RESNL " RESmax

NL # whereRESmax
NL

denotesthe maximumvalueof the residualfor a givenpair of input/outputparametersandfor both studiedconvection
schemes(i.e. for a givenrow of thefigure).Left: operationalscheme,right: new scheme.
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Figure 3: 1D-Varon TMI derivedsurfacerainfall ratesfor thecaseof super-typhoonMitag at 1200UTC 5 March2002:
Rain ratesfrom modelbackground(a), 2A12 (b) andPATER (d) andasfrom thecorresponding1D-Var analysis(c and
e respectively). Units are in mm h / 1. The white hatchedareaindicatesthe regionswheresurfaceconvective rainfall

representsmorethan50%of thetotal surfacerainfall.
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Figure 4: 1D-Varon TMI derivedsurfacerainfall ratesfor thecaseof super-typhoonMitag at 1200UTC 5 March2002:
Meanverticalprofilesof theincrementsin temperature(left panel)andspecifichumidity (right panel)whenusingrainfall
observationsfrom 2A12 (top) and from PATER (bottom). Casesfor which the backgroundrainfall rate needsto be
increased(resp. decreased)areplottedwith a dashedline (resp. solid line). Model level 60 is closeto the surfaceand

modellevel 21 roughlycorrespondsto 50 hPa.
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Figure 5: 1D-Varon TMI derivedsurfacerainfall ratesfor thecaseof super-typhoonMitag at 1200UTC 5 March2002:
Backgroundfield of TCWV (a)andTCWV incrementswhenusingsurfacerainfall ratesfrom 2A12(b) andfrom PATER

(c). Units arein kg m/ 2.
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Figure 6: 1D-Var on TMI microwave brightnesstemperaturesfor the caseof super-typhoon Mitag at 1200 UTC
5 March2002:1D-Var retrievedsurfacerainfall ratesin mm h/ 1.
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Figure 7: 1D-Var on TMI microwave brightnesstemperaturesfor the caseof super-typhoon Mitag at 1200 UTC
5 March 2002: Meanvertical profilesof the incrementsin temperature(left panel)andspecifichumidity (right panel).

Sameplottingconventionsasin Fig. 4.
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5 March2002:TCWV incrementsin kg m / 2.
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Figure 9: Sameasin Fig. 3 but for the caseof tropical cycloneZoeat 1200UTC 26 December2002: Rain ratesfrom
modelbackground(a),PATER (b) andasfrom thecorresponding1D-Varanalysis(c).
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Figure 10: 1D-Varon TMI microwavebrightnesstemperaturesfor thecaseof tropicalcycloneZoeat 1200UTC 26 De-
cember2002:1D-Var retrievedsurfacerainfall ratesin mm h / 1.
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Figure 11: 1D-Var on SSM/I derivedsurfacerainfall ratesfor the caseof the North-Atlantic front at 1200UTC 9 Jan-
uary2002: Rainratesfrom modelbackground(a), PATER (b), Bauer-Schluessel(d) andFerraro(f) andasin thecorre-

sponding1D-Varanalysis(c, eandg, respectively). Units arein mm h/ 1.
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Figure 12: 1D-Var on SSM/I derived surfacerainfall ratesfor the caseof North-Atlantic front at 1200 UTC 9 Jan-
uary 2002: Backgroundfield of TCWV (a) andTCWV incrementswhenusingsurfacerainfall ratesfrom PATER (b),

Bauer-Schluessel(c) andFerraro(d). Units arein kg m / 2.
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Figure 13: 1D-VaronSSM/I microwavebrightnesstemperaturesfor thecaseof North-Atlanticfront at 1200UTC 9 Jan-
uary2002:1D-Var retrievedsurfacerainfall ratesin mm h/ 1.
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Figure 14: 1D-VaronSSM/I microwavebrightnesstemperaturesfor thecaseof North-Atlanticfront at 1200UTC 9 Jan-
uary2002:TCWV incrementsin kg m/ 2.
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Figure 15: Horizontallyaveragedverticalprofilesof rainfall ratesfrom TRMM/PR observations,from thebackground,
from 1D/RRandfrom 1D/TB. Resultsareshown for Mitag (a)andZoe(b). Unitsarein mm h / 1.


	1 Introduction
	2 The 1D-Var retrieval method
	2.1 General description
	2.2 Moist physics and the radiative transfer model
	2.2.1 Convection
	2.2.2 Clouds
	2.2.3 Microwave Radiative Transfer


	3 Experimental set-up
	3.1 Meteorological events
	3.2 Observations
	3.3 Background fields

	4 Results
	4.1 Super-typhoon Mitag
	4.1.1 1D-Var on TMI surface rainfall retrievals
	4.1.2 1D-Var on TMI brightness temperatures

	4.2 Tropical cyclone Zoe
	4.3 A mid-latitude front

	5 Evaluation
	5.1 Evaluation in TB and RR space
	5.2 Comparison with TRMM/PR rainfall rates
	5.3 Sensitivity to observation error statistics

	6 Conclusions

