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Variationalretrieval of temperatureandhumidity profilesusingrain ratesversusmicrowave brightnesﬁemperaturec

Abstract

This paperassessethe performancef two differentapproachefor theretrieval of temperatur@andhumid-
ity profilesfrom the satellitepassie microwvave measurementsf the Tropical Rainfall MeasuringMission
(TRMM) andof the SpecialSensoMicrowave Imagerin rainy areas.Both methodsare basedon a one-
dimensionalariationalretrieval (1D-Var) approachTheinputto thefirst oneis rainfall ratesestimatedy a
standardetrieval algorithmfrom theraw brightnessemperaturesn the secondechnique 1LD-Var directly
usesthe brightnesgemperaturesThe retrieval experimentsutilize new simplified physicalparameteriza-
tionsof convectionandlarge-scalecondensatiospeciallydesignedor variationalassimilationaswell asa
microwave radiative transfermodel.

Several tropical and mid-latitude meteorologicakituationsare studied. In all casesit is found that both

1D-Var approachesareableto corverge satishctorily and produceconsistentemperatureand specifichu-

midity increments.However, the corvergenceof 1D-Var retrievals on surfacerainfall ratesandto a lesser
extentof 1D-Var retrievals on brightnesgemperaturess reducedwhen precipitationin the backgrounds

producedhroughcorvectionandnot by large-scalgrocessesThe resultsof thetwo 1D-Var methodsare
thencomparedn brightnesgemperaturendrainfall rate spaceandarevalidatedagainstindependenbb-

senationsfrom the precipitationradaron-boardTRMM. Finally, the sensitvity of the 1D-Var retrievalsto

the specificatiorof obsenationerror statisticss studied.

1 Intr oduction

Theassimilatiorof obserationsrelatedto cloudsandprecipitationhasbecomeanimportantissuefor anumber
of operationalveatheforecastingcentresincludingtheEuropearCentrefor Medium-rangéNVeatherf~orecasts
(ECMWEF). In particular the representationf the hydrologicalcycle in numericalweatherpredictionmodels
will be oneof the major challengesn the next few years. Obsenationsare alreadyavailable from the Trop-
ical Rainfall MeasuringMission (TRMM) since1997, from the satellitesof the US DefenseMeteorological
SatelliteProgram(DMSP) since1987,and from the Aqua missionsinceMay 2002. This study utilizes data
from the TRMM Microwave Imager(TMI) andfrom the DMSP SpecialSensomicrowave/Imager(SSM/I).
In the comingyears,anincreasingamountof obserationsrelatedto cloudsand precipitationis likely to be-
comeavailablefrom lidars,radarsandimagersinstalledon boardsatellitemissionssuchasthe SpecialSensor
Microwave Imager/SoundesSMIS(2003),CloudSat(2004),the Cloud-Aerosolidar andinfraredPathfinder
SatelliteObsenrationsmission(CALIPSO;2004),the GlobalPrecipitationMission(GPM; 2008)andthe Earth
Cloud AerosolRadiationExperiment(EarthCARE;2008). Maximizing the benefitsfrom this hugesourceof
datawill requirethe developmentof assimilationproceduresapableof efficiently converting the information
on cloudsandprecipitationinto realisticincrementsapplicableto the forecastmodels variables(temperature,
humidity, wind, andpossiblycloudsandprecipitationthemseles).

MarécalandMahfouf(2000)developedaunidimensionaVariational(1D-Var) methodfor correctingindividual

profilesof theECMWF models controlvariablesn orderto decreas¢éhediscrepanciethatoftenexist between
the simulatedsurfacerainfall rates(RR) andcorrespondingetrievals obtainedrom TMI or SSM/I microwvave

brightnesgemperature$éTB). MarécalandMahfouf (2002)alsodemonstratethatanindirect”1D-Var + 4D-

Var” assimilationof TMI derived rainfall ratescould improve the quality of humidity, temperatureandwind

forecastsn the Tropics. In their approachthe background-obseation departure®n surfacerainfall ratesare
first convertedinto total columnwatervapour(TCWV) incrementsasan outputfrom 1D-Var retrievals. The
correspondingd CWV pseudo-obseationsarethenassimilatedn the 4D-Var system.They alsoshaved that
thisindirectmethodis morerobustthanadirect4D-Var assimilationof the TMI rainfall rates becaus®f some
inconsistenciebetweerthe innerandouterloopsof the ECMWF 4D-Var assimilationsystem(Courtieret al.

(1994)).The”1D-Var + 4D-Var” techniquehereforeseemsnoreappropriaté¢o assimilatesuchdatauntil these
inconsistencieareresohed.
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Insteadof performingthe 1D-Var retrievals on surfacerainfall ratesthat are derived from multi-channelmi-
crowave brightnesgdemperaturethroughvariousalgorithms the 1D-Var calculationscould directly dealwith
theTBs. Thiswould homogenizeéheapproactandcouldevenprovide moreaccurateetrievals, sincethesensi-
tivities of TBs notonly to rain, but alsoto cloudwaterandwatervapourcouldbe exploited (Moreaual. 2003).
This study exploresthis new methodand comparests performancewith thatof the existing 1D-Var retrieval
appliedto derivedrainfall rates.

Theplanof the paperis asfollows. Section2 introduceghe 1D-Vartechniquausedin this paper Thisincludes
adescriptionof two new parameterizationsf moistprocessethatwerespeciallydesignedor assimilationin

orderto make a compromisébetweerphysicalrealismandlinearbehaiour. The microvave radiative transfer
modelusedin the 1D-Var computationss alsobriefly presentedSection3 dealswith the experimentaket-up,
whichincludesthe descriptionof the casesstudiedandof the obserationalandmodeldatasetgincludingthe
specificationof error statistics).The mainresultsfrom the 1D-Var experimentsarethendetailedin section4.

A discussioronthe comparisorof 1D-Var on surfacerainfall rateswith 1D-Var on TBs aswell asavalidation
of the 1D-Var outputsagainsindependensatellitedataareproposedn section5. This sectionalsopresenta
studyof the sensitvity of the 1D-Var retrievalsto the specificatiorof the obsenration error statistics.

2 The 1D-Var retrieval method

2.1 Generaldescription

The objective of 1D-Var is to find an optimal modelstatethat minimizesin a least-squarsensethe distance
betweera selectedutputquantityof the modelandits obsered equialent,givenabackgroundonstraint.in
the presenttudy two control variablesareconsideredn the model: temperatur@andspecifichumidity. They
aregivenin theform of individual verticalprofilesatagiventime. The selectedutputquantityto beoptimized
is eitherthe surfacerainfall rate(asin MarécalandMahfouf 2000)or the multi-channeimicrowave brightness
temperatures.The two correspondinglD-Var retrieval methodswill be hereafterreferredto as 1D/RR and
1D/TB, respectiely. Surfacerainfall rateis an outputfrom the models corvection and large-scaleconden-
sationparameterizationand canbe derived from obsered microwvave brightnesgemperaturesia a retrieval
algorithm. On the otherhand,brightnesgsemperaturesanbe simulatedby applyingthe parameterizationsf
moist processe$o the model’s control variablesfollowed by the applicationof a microwvave radiative transfer
model (RTM). The maininputsto the lattermodelareprecipitationcontent,cloud watercontent,cloud cover,
specifichumidity, air andsea-sudcetemperaturesindsurfacewind speed.In the presentstudy the 1D-Var
methodsearche$or the models statevectorx thatminimizesthe following functional:

30 = (X —%) Bk %,) + 5 (H(X) o) TRH() ~yo) @
wherex, is the backgroundmodel state(i.e. the models control vectorto be corrected),and H(x) is the
nonlinearobsenationoperatothatconvertsthemodels variablesnto eithersurfacerainfall ratesor microvave
brightnesgemperaturesy, denoteshecorrespondingbseredquantityandR is theerrorcovariancematrix of
theobsenations,whichincludestheinstrumentakrrorsandtheerrorsof H. Matrix B containghe background
error covariancedor the models control variables(temperaturendspecifichumidity). The resultof the 1D-
Var retrieval is thereforea combinationof the backgroundandof the obseration, weightedby the inverseof
their respeciie errorstatistics.

The minimizationof the functionalis performedusingthe quasi-Nevton descentlgorithm(M1QN3) devel-
opedby GilbertandLemagchal(1989). It requiresthe calculationof the gradientof the functionaldefinedin
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Eq. (1) which writes
0J(x) = B (x—x,) + HTR(H(X) —yo) 2)

whereHT is the transposgor adjoint) of the Jacobianmatrix of the nonlinearobseration operatoy H. In
this study H consistof new simplified parameterizationsf convectionandlarge-scalecondensatiothatare
describedn the next subsectionsin the caseof 1D/TB, H alsoincludesthe RTM designedoy Bauer(2002)
andMoreauet al. (2002)thattakesinto accounthe scatteringof microwave radiationin precipitatingclouds.

2.2 Moist physicsand the radiati ve transfer model
2.2.1 Convection

Previous studiesadwocatedanimprovementof thelinearizedversionof ECMWF's parameterizationsf moist
processesspeciallyconvection,to be usedin the full 4D-Var andin the simpler1D-Var algorithmdeveloped
by Marécal and Mahfouf (2000). A modified versionof the operationalcorvection schemewas therefore
developedfor the future variationalassimilationof cloudsandprecipitationobserations. The modifiedmass-
flux convection schemewas designedsuchasto retain somebasic similarities with the original mass-flux
schemdrom Tiedtke (1989)andat the sametime to remove the high degreeof compleity of thelatter, which

is a sourceof nonlinearities Its detaileddescriptionandevaluationarepresentedn LopezandMoreau(2003)
but its mainfeatureswill be summarizedere.

All typesof convection (shallav, mid-level, anddeep)aretreatedin a similar way. In particular the closure
assumptiorthat relatesthe model control variablesto the subgrid-scalecloud basemassflux is expressed
througha singleformulationbasedn thereleaseof Corvective AvailablePotentialEnegy (CAPE)in time. In
contrastwith the operationakchemethe equationghatdescribethe vertical evolution of the updraughtmass
flux, M, andof theupdraughthermodynamiwariables ®,,, areuncoupled:

oM,
5, = (e )My (3)
oD, —

where® denotedield valuesin the ervironment,ande andd arethe fractionalentrainmentainddetrainment
rates respectrely. This uncouplingallows theremoval of theiterative calculationsnvolvedin the operational
codefor updatingthecloudbasemasdlux, therebyleadingto aneasiemdevelopmentf theadjoint. Theimpact

of this modificationon the forecasts mamginal.

Corvectionis assumedo be activatedonly if the bulk corvective updraughtertical velocity remainspositive
at cloud base. The updraughtis assumedo originatefrom the surfaceonly if its initial vertical velocity, as
calculatedfrom the surface heatfluxes using Holtslagand Moeng (1991), is positve. The departureof the
updraughtirom the environmentare alsoassumedo be dependenbn the surface heatfluxes. If corvection
cannotbe initiated from the surface,the corvective ascentmay originatefrom higherlevels providedrelative
humidity exceeds80%. In this case theinitial vertical velocity of the bulk updraughis setequalto 1 m s~2.
Regardles®f whethertheupdraughbriginatesrom thesurfaceor higherup, theverticalevolution of its kinetic
enegy is computedollowing SimpsorandWiggert(1969).

Basedon Siebesmaand Jalob (personalcommunication),e is parameterizeds ¢, /(z— z4) + 10> where
c.=0.5andzy is the startingaltitudeof the updraughtwhile d = &, exceptcloseto cloudtop wherea constant
organizeddetrainmentateis added(d = £ + 2 x 1074).
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Simplified calculationsof dowvndraughtsandcorvective momentuntransportasedn the operationakcheme
(Tiedtke 1989)arealsoincludedin the new parameterizationMore importantly the precipitationformation
rateis madeproportionalto the updraughtloudwatercontentasin Tiedtke (1989).

Reasonablyvell-behaed physicalparameterizations termsof linearity arenecessaryo ensurethe corver-
genceof the 1D-Varretrievals. Thereforethelinearbehaiour of themodifiedcornvectionschemeomparedo
theoperationabnehasalsobeenassessethroughthecalculationof nonlinearesiduals For agivennonlinear
operatoM andits tangent-lineawersionM’, the nonlinearresidualsaredefinedas

RES, = M(Xx+Adx) — M(x) — M'[X]A dx (5)

wherex denotesthe input temperatureand specifichumidity in the presentcase. The residualshave been
computedor thecorvective tendencie® T /dt anddq/dt thatareproduceddy thecorvective parameterization
M. The calculationsof Eq. (5) have beenrepeatedor valuesof the scalingfactorA rangingfrom 107> to
1, andfrom —107° to —1. The referencevector of perturbationsdx was setequalto typical valuesof the
standarddeviation of the backgroundmodelerrors. An exampleof vertical profiles of sucherrorsis shavn
in Fig. 1. Figure2 shavs nonlinearresiduals averagedover 100 convectie profiles,that are obtainedwhen
specifichumidity perturbationf varying size are appliedat the lowestmodellevel. Resultsare shavn for
this level becausénput perturbationgmposedthereresultin maximumchangesn the profiles of corvective
tendenciesThefield actuallyplottedin Fig. 2 is log, ,(RES, /RES|H*) whereRES[* denoteghe maximum
valueof theresidualfor agivenplot andfor boththe modifiedandthe operationaschemesThis normalization
permitsthe comparisonof the residualsobtainedwith the two parameterizationandthe smallerthe values
of the plottedfield, the morevalid the linear assumption.Figure 2 demonstratethat the nonlinearresiduals
arealmostsystematicallyoneorderof magnitudesmallerwith the new schemeahanwith the operationabne.
Asymmetriesaboutthe y-axisresultfrom thefactthatlarge negative moistureperturbationstthe surfaceturn
off convection,therebyleadingto a lesslinear behaiour of the scheme Note thatsimilar conclusionsanbe
dravn wheninput perturbationsareimposedon temperaturénsteadof specifichumidity (LopezandMoreau
2003).

2.2.2 Clouds

Tompkinsand Janislova (2003) have recentlydevelopeda new statisticaldiagnosticcloud schemehatis in-
tendedo beimplementednsteadf thesimplifiedparameterizationurrentlyusedn ECMWF4D-Vartangent-
linear and adjoint calculations(Janiskva et al. 2002). A uniform Probability Density Function(PDF) was
chosento describehe subgridscalefluctuationsof temperatur@ndtotal waterin orderto make adjointdevel-
opmentseasierandto ensurea reasonablelegreeof consisteng with the schemeusedin the full operational
forecastmodel(Tiedtke 1993). The width of the PDFis assumedo increasdinearly whenrelative humidity,
RH, variesfrom 100%down to acritical threshold RH,,, beyondwhich cloudformationoccurs.Both theslope
of this lineardependencandRH,, arefunctionsof the normalizedpressurevertical coordinateP /Py, ;, where
P is the pressureon the currentlevel, andP,,  is the surfacepressureln particular RH, rangesfrom 50%in
themid-tropospher¢o 85%at the surfaceandat upperlevels.

Large-scalecloud cover is expressedasa functionof RH andRH,;,, while corvective cloud cover dependson
the diagnosticsourcetermassociatedavith corvective detrainmentThe new simplified cloud scheméncludes
aparameterizationf precipitationgeneratiorinspiredfrom Sundqvist{1989)andanoriginal parameterization
of precipitationevaporationbasedn the subgridscalevariability of total water

TompkinsandJaniskvéa (2003) shaw that the linearity of the nev simplified cloud schemds suitablefor its
usein 1D-Varand4D-Var.
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2.2.3 Microwave Radiative Transfer

For simulatingtheradiative transferin cloudsandprecipitationfor large datavolumesthefastmodellingframe-
work RTTOV (Eyre1991,Saunderst al. 2002)hasbeenchosenThemultiple scatterings simulatedapplying
the d-Eddingtonapproximatiorthathasprovento provide sufficientaccurag (Kummerav 1993)at microvave

frequenciesAll hydrometeotypes(rain, snaw, cloud liquid waterandcloudice) areassumedo be spherical
andtheir optical propertiesaretaken from pre-calculatedook-up Mie tablesto increasenumericalefficiency

(Bauer2002). For the purposeof variationalretrievals aswell asto increasecomputationakfficiengy, the
tangentinearandthe adjointversionsof the RTM areemplogyed.

3 Experimental set-up

3.1 Meteorological events

Threerecentmeteorologicallyinterestingeventshave beenidentifiedfor runninglD-Var: Twotropicalcyclones
well sampledby both TMI andthe TRMM precipitationradar(PR) and one extra-tropicalfront with a good
obsenrationalcoveragefrom SSM/I. Thesecaseswverecorrectlyforecasty the ECMWF operationamodelin
termsof locationbut not with regardsto their structureandrain intensity

The first selectedsituation featuressupertyphoon Mitag that developedover the WesternPacific in early
March 2002. 1D-Var hasbeentestedat 1200UTC 5 March 2002, whenthe supeftyphoonreachedts maxi-
mum intensityjust eastof the Philippines(estimatednean-sea-iel pressureninimum of 930 hPa locatedat
14.2N/129.9E).

The secondeventis tropical cyclone Zoe that developedover the WesternPacific in the vicinity of the Fiji
Islands,between25 December2002 and 31 December2002. 1200 UTC 26 December2002 was the date
selectedor runningthe 1D-Var. At thattime, the stormwasin its intensificationphaseandits centralpressure
minimumof 975hPawaslocatedat 10.7S/174.2E.

The third caseis an extra-tropicalfront that developedover the North Atlantic in January2002 and which
wasdominatedoy large-scalegrecipitation.The 1D-Var experimentwasrun on the meteorologicakituationat
1200UTC 9 January2002.

3.2 Observations

For supeftyphoonMitag andtropicalcycloneZoe, TMI datafrom thetwo TRMM satelliteorbitsat 1100UTC
5 March2002and1400UTC 26 Decembe2002have beenused respectiely. In the caseof the mid-latitude
front, the 1D-Var experimentshave beenbasedon SSM/I dataat 1130UTC 9 January2002.

Variousalgorithmshave beentestedfor retrieving surfacerainfall amountsrom the multi-channeimicrovave
brightnesgemperaturesbseredby TMI andSSM/I. For TMI data,boththe TRMM standardainfall product
2A12 (Kummerav et al. 2001)andthePrecipitatiorradarAdjustedTMI Estimationof Rainfall (PATER; Bauer
et al. 2001)retrievals have beenused.PATER emplgys independentainfall estimatesrom TMI andPR over
theircommonswathto derive arain-dependentalibrationcurve. A similar principleis appliedherein orderto
apply PATER to SSM/I data(PATER-SSMI,thereafterbpy simulatingthe SSM/I obserationswith TMI data,
thatis by reducingthe spatialresolutionandselectingcthe commonchannels.

TMI surfacerainfall ratesderivedwith 2A12 andPATER have beenusedin the case®f Mitag andZoe. Onthe
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otherhand,PATER-SSM/I,BauerandSchluesse{1993)andFerraro(1996)have beenutilized on SSM/I TBs
in the mid-latitudefrontal case All obseredrainfall retrievalshhave thenbeenaveragedntothe Gaussiaryrid
of the ECMWF modelthat corresponds$o a T511 spectraltruncation(i.e. to a grid point resolutionof about
40km), sothatobserationandmodelpointsareco-located.The standardieviationsof the obserationerrors,
O, ONtheretrievedrainfall rateshave beenarbitrarily setequalto 50%of therainfall ratefor BauerSchluessel
andFerraro. For the 2A12 algorithm, the rainfall-dependenerrorsderived by L'Ecuyer and Stepheng2002)
have beenapplied. For PATER, the errorshave beencalculatedaccordingto Baueret al. (2002). Finally,
a minimum thresholdof 0.05mm h~* hasbeenassignedo g, for all algorithmsso asto keepa non-zero

obsenrationerrorat non-rairy points.

Whenusing TMI and SSM/I brightnesstemperatureslirectly in the 1D-Var retrieval, the obsered value at
eachmodel grid point hasbeensetequalto the value at the closestTMI pixel in eachmicrowave channel,
in orderto avoid interpolationproblems. For TBs, g, hasbeensetto 3 K (resp. 6 K) for the vertically
(resp. horizontally) polarizedchannelsassumingno error correlationsbetweenchannels.Theseg,, . values
aresupposedo representhe contritutionsfrom boththe instrumentakrrorsandthe errorsin the obseration
operator The uncertaintiesn the RTM may ariseboth from the d-Eddingtonapproximation(Moreauet al.

2002)aswell asfrom the microphysicalassumptionsin particularon drop size distributions andon the fall

velocity, shapeanddensityof hydrometeorsLargervaluesof o, arespecifiedfor the horizontalpolarization
to accountfor the highernaturalvariablility of microvave TBs obseredwith this polarization.

Ideally, the obsenration errorsin 1D-Var shouldalsoincludethe errorsof the forward model,but theseerrors
arecurrentlyngglectedbecausé¢hey aredifficult to estimateespeciallyfor themoistphysicsparameterizations.
Thesensitvity of the 1D-Var retrievalsto the specificatiorof matrix R is assesseh section5.3.

Finally, it shouldbe mentionedhatat the endof the minimization,eachlD-Var retrieval is quality-controlled
by rejectingit if the analysis-obseration departureexceeds+30,, .. In this casetheretrieval is resetto the
background.

3.3 Background fields

Themodels backgroundieldsthatenterthe 1D-Var have beenobtainedirom three12-hourT511integrations
of the ECMWF modelthat were startedat 0000 UTC 5 March 2002 for Mitag, at 0000UTC 26 December
2002 for Zoe andat 0000 UTC 9 January2002 for the North Atlantic front. The input fields include the
vertical profilesof temperatur@ndwatervapour but alsosometemperaturendspecifichumidity tendencies,
the surfaceheatfluxesandthe suriacemomentumstressthat are neededor runningthe modified corvection
schemalescribedn section2.2.1 For 1D/TB, theuseof theRTM requiresadditionalinputfields,namelylOm-
wind speed surfacetemperatureand 2 m-temperaturend humidity The covariancematrix of background
errorsB is taken from the operationaECMWF 4D-Var system(Rabieret al. 1997). Figure1 shows typical
valuesof the standarddeviation of the modelbackgrounderrorson temperatureand specifichumidity which
appearalong the leadingdiagonalof matrix B. The assumptioris madethat the temperatureand specific
humidity errorsareuncorrelated.
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4 Results

4.1 Supertyphoon Mitag
4.1.1 1D-Var on TMI surfacerainfall retrievals

Figure3 displaysheresultsfor the 1D-VarexperimentonsupertyphoonMitag: themodelbackgroundguriace
rainfall ratesareshavn in panel(a). Obseredrainfall ratesasretrievedwith the 2A12 algorithmfrom the TMI

TBs aredisplayedin panel(b). 1D-Var retrievals of surfacerainfall ratesare shavn in panel(c). Panels(d)
and(e) displaythe samequantitiesvhenthe PATER algorithmis utilized. All fieldsareexpressedn mmh=1,
Although someheary rain is correctly simulatedby the modelin the vicinity of the typhoons core, panel
(a) indicatesthat the backgroundclearly differs from the obserationsin the westernperipheryof the storm.
Indeed threeregionswith heavy precipitationthatdo notappeaiin the TMI obserationsaresimulatedby the
model.

Panels(c) and(e) demonstratéhatthe 1D-Var procedurds ableto correcttheinitial temperaturendspecific
humidity profilesin suchway that the 1D-Var retrieved rainfall getsrathercloseto the obserations. This

improvementon the picture of the simulatedtyphoonresultsfrom both the increaseandthe decreasef pre-
cipitationat placeswherethe obsened valueis higher respectiely lower, thanthe models backgroundsalue.
However, it shouldbe emphasizedhat1D/RRis efficient only at pointswherethe backgroundprecipitationis

non-zero. At locationswherethe initial simulatedrainfall rateis zero,the Jacobiarmatrix H is zero, which

impliesthatthe minimizationis ineffective. In the presentase,1D/RR performsratherwell becaus¢he nev

simplifiedlarge-scalecondensatioschemeproducesvidespreadrery light rainfall amountsaroundthe storm,
which admitsmore obsenationsto the retrieval procedure.The productionof morewidespreadrecipitation
in the tropicscomparedo the operationaschemecanbe partly explainedby the revisedrainfall evaporation
formulationusedin the simplified parameterizatiofiTompkinsandJaniskova 2003). Earlier 1D-Var testswith

a simplerparameterizatiothat generatednore confinedprecipitationled to muchlesssatistctory retrieved
surfacerainrates.

The corvergenceof theminimizationis usuallysatishctory exceptatafew grid pointsfor whichtheanalysed
rainfall ratesremainfar from the obserationsdueto nonlinearitiesn the obseration operatoH. Oneshould
alsonotethatthe obsered TMI rainfall ratesfrom PATER aresubstantialljjower thanthe onesobtainedfrom
2A12. Suchadifferencewasalreadydemonstratethy Marécalet al. (2002). Generally the agreemenbf the
1D-Var retrieved rainfall rateswith the correspondingbsenred valuesis betterwhenusing PATER retrievals
thanwith 2A12 data,which canbe explainedby thefactthatthebackgrounds closerto PATER thanto 2A12.

Figure4 shavs the vertical profilesof 1D-Vartemperatur@ndspecifichumidity incrementswveragedoverthe
geographicatiomainof Fig. 3, with adistinctionbetweerpointsfor whichthebackgroundainfall rateis either
larger or lower thanthe valueretrieved from TMI. Theseprofilesclearlyindicatethatthereduction(increase)
of the model surfacerainfall by the 1D-Var retrieval is achieved througha drying and heating(moistening
and cooling) of the tropospherebelov 300 hPa. This latter resultcan be readily explainedby the fact that
thesencrementsaaremainly obtainedby activatingthe large-scalecondensatioschemeandnot the corvective
parameterizationSuchbehaiour waspreviously found by Fillion andMahfouf (2000). A simplecorversion
of thetemperaturéncrementsnto equivalentincrementof saturatiorspecifichumidity shawvs thatthe 1D-Var
correctionontemperatur@areapproximatelyffour timessmallerthanthe correctionson specifichumidity atall
levels,which confirmstheresultsof MarécalandMahfouf (2000).However, this conclusionis likely to depend
onthetypeof parameterizationssedfor describingmoistprocesses.

Sincethe specifichumidity incrementdargely exceedthoseof temperaturgwhen convertedinto saturation
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specifichumidity equivalents) theglobalimpactof the 1D-Var procedurenthe modelstatecanbesynthesized
in Fig. 5, whichshavs the TCWV backgroundield andthecorrespondingncrementgor the2A12andPATER
experiments Thisfigureindicateghatin bothcasegositive incrementseachings kg m—2 (negative increments
down to —10 kg m~2) are neededto increase(decreasejhe backgroundsurface rainfall ratestowardsthe
obsenred values. The larger positive incrementaneededwith 2A12 are consistentwith the higher obsered
rainfall ratesthatareretrievedwith this algorithmatthe centreof the storm(seeFig. 3).

4.1.2 1D-Var on TMI brightness temperatures

OtherlD-Varretrievalswereobtainedwith the minimizationdirectly performedonthe TMI brightnessemper
aturesat10,19,22and37 GHzin vertical polarization(V) andat 10,19 and37 GHzin horizontalpolarization
(H). Figure®6 displaysthe correspondingetrieved surfacerainfall rates.Increasinghe numberof microvave
channelausedin the 1D-Var retrieval is expectedto be beneficialespeciallypecausef their complementary
sensitvity to temperatureywatervapour cloudwaterandprecipitation.For instancetheuseof the 10 GHz TBs
thatareparticularlysensitve to the rain contentavoids the saturationof the signal(i.e. the weaksensitvities)
thatoccursin otherchannelsn heary rainregions.However, addingchannelslsoimpliesthatmoreconstraints
areimposedduring the minimization, which may hamperconvemgenceif the relationbetweenthe brightness
temperatureandthe modelcontrolvariablebecomestronglynonlinear The occurrencesf non-cowergence
canbereducedy notusingthe 37 GHz channelavhenthe depolarizatiorof obsered andsimulatedTBs does
not exceeda specifiedfractionof the simulatedclearsky depolarizationlt wasfoundthatsettingthis fraction
to 15%reduceshenumberof case®f non-cowergenceby 40%. Notethatthe 85 GHz channel$iave beendis-
cardedfor thetime beingdueto their strongsensitvity to ice for which theradiative transfercalculationsmay
notbeasaccurateasfor theliquid phase Figureé6 illustratesthefactthat1D/TB is ableto generatéemperature
andspecifichumidity incrementghatleadto a substantiaimprovementon the simulatedsurfacerainfall rates
with respecto therainfall obsenationsin Fig. 3.b andd. Thediscrepanciebetweenobsened andanalysed
rainfall ratesarelargerwith the TB approactthanwith the methodbasedon rainfall retrievals. This is dueto
the factthatthe temperatureandspecifichumidity incrementgesultfrom simultaneousorrectionsappliedto
therain profilesbut alsoto the profilesof cloudwater Preliminarytestswith lesschannelshavedthatadding
the10 GHz and37 GHz channeldeadsto a slightincreaseof the surfacerainfall ratesinsidethe stormandto
afurtherdecreasén its vicinity. The minimizationonly fails to corverge at a few pointsandin the northwest
peripheryof the supeftyphoons core. There,the departurebetweernsimulatedandobsened TBs reachsuch
high valuesthatthe minimizationproblembecomedighly nonlinearsothatno reasonablanalysisncrements
canleadto the expecteddecreasef the simulatedsurfacerainfall rates.

Figure 7 shaws the vertical profiles of temperatureand specifichumidity incrementgproducedoy 1D/TB. In

termsof shapethey look rathersimilar to the profilesobtainedwith 1D/RRin Fig. 4. However, asfar astheir
magnitudeis concernedfemperaturencrementgendto be smallerwith the TB approachandthe maximum
incrementatlevel 50 (around850hPa) thatwasseenin Fig. 4 (left panels)s not presenin Fig. 7 (left panels).
Ontheotherhand,the specifichumidity incrementsagaindominateandareabouttwice ashighwhenTBs are
usedin theminimizationinsteadof surfacerain rates.

Figure8 displaysmapsof the TCWV incrementsobtainedfrom 1D/TB. Their spatialdistribution looks very
similar to the oneshawn in Fig. 5 for 1D/RR, with positve TCWV correctionsin the core of the storm,and
negative valuesaroundit. It is reassuringhattwo very different1D-Var methodscanleadto consistentncre-
mentpatterns.However, their magnitudes muchstrongemwith absolutevaluesexceeding20 kg m=2 locally.
As alreadymentionedtheselarger TCWV incrementscan be explainedby the fact that whenworking with
TBsit is not only the amountof rain thatis correctedput alsothe amountsof watervapourandcloud water
Thespottyincrementdo the southof the stormaredueto thefactthatobsered TBs areinterpolatecdontothe
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modelgrid usingthe closestpointapproach.

4.2 Tropical cycloneZoe

In the caseof Zoe, Figure9 shavs that 1D/RR incrementamprove the surfacerainfall rateswith respectto
the PATER retrieval. However, and contraryto the caseof Mitag for which an almostperfectmatchto the
obsenationswasachieved, theimprovementis mainly visible in the coreof Zoe,while therainfall amountsn
thespirallingrainbandsn thewesternandsoutherrperipheryarenot reducedenough Evenin the centralpart
of thestorm,theanalysedainfall amountsarestill lower thanthe obseredvalues.

Comparisorof the hatchedareasin Fig. 3.aandFig. 9.a shavs thatfor Mitag mostof the simulatedprecipi-
tationis fully resohed by the model(large-scaleascent) while in caseof Zoe, it mainly originatesfrom the
convectionschemgsubgridscaleprocesses)The factthatthe cornvective parameterizatiors still morelikely
to suffer from nonlinearitiegthanthelarge-scalecondensatioschemeaxplainsthelesssuccessfuperformance
of 1D/RRin the caseof Zoe.

With 1D/TB theanalysedainfall rates(Fig. 10) exhibit strongmodificationscomparedo thebackgroundAl-

thoughobseredsurfacerainfall ratesarenotdirectlyinvolvedin 1D/TB minimization,theoverallimprovement
onthisfield looksmorecorvincing thanwith 1D/RR.The shapeof the cycloneandof thenorthernrainbandn

theanalysisagreevery well with the PATER retrieval (Fig. 9). Theintensityof therainfall ratesreachewvalues
largerthen10 mm h~! that correspondo positve TCWV incrementof up to 10 kg m—2 locally (not shawn).

TCWYV incrementsaareagainmuchstrongerandmorewidespreadvith 1D/TB thanwith 1D/RR (not shavn).

In contrastwith the caseof 1D/RR,the performancef 1D/TB is not muchaffectedby thefactthatcorvection
dominatesn the background.Nonlinearitiesin the convection schemeareindeedlessdetrimentalin 1D/TB

thanin 1D/RR,becausd Bs areinfluencedby thefull vertical profilesof cloudwaterandprecipitationandare
alsodirectly relatedto specifichumidity, besideary explicit link via the moistphysics.

4.3 A mid-latitude front

Figure11 shavs the 1D/RRresultsfor the mid-latitudefront with the following layout: panel(a) displaysthe
backgroundsurfacerainfall rateswhile panelgb), (d) and(f) correspondo theretrievalsfrom PATER, Bauer
Schluesseblnd Ferraro. Panels(c), (e) and(g) depictthe respectie 1D-Var retrieved surfacerainfall rates.
Themodels backgroundainfall ratesaresystematicallyhigherthanthethreeconsistenSSM/I obsenations.
However, the geographicalocationand structureof the simulatedfrontal rainbandmatcheghe obserations
ratherwell. Thesecharacteristicarevery similar to the generabehaiour of the ECMWF forecastingsystem
(Chevallier and Bauer2003) that usesmore elaboratemoist physical parameterizationsAgain, the 1D-Var
methodis ableto correctthetemperaturandspecifichumidity incrementsothatthe 1D-Var retrieved surface
rainfall ratesmatchalmostperfectlythe available SSM/1 obsenations.Panels(b), (d) and(f) shawv thatsignifi-
cantdifferencesarefoundbetweertherain fieldsretrieved with PATER-SSMI,BauerSchluesseandFerraro,
which is oneof the major limitations of 1D/RR. The vertical profilesof temperaturendspecifichumidity in-
crementgnot shavn) exhibit a shapecomparabldo the onethatwasfoundfor supertyphoonMitag, but their
amplitudeis substantialljower dueto the smallersurfacerainfall departuredbetweerbackgroundandobser
vations. Sincethe backgroundield tendsto overestimatehe surfaceprecipitationalmostsystematicallyover
the domain,Fig. 12 shavs that neggative 1D-Var TCWV incrementsdominate with extremevaluesreaching
—5kg m~2 locally. Thevaluesandhorizontalstructureof theincrementdook very comparablevith all three
retrieval algorithms.
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Figure 13 displaysthe analysedsurfacerainfall ratesfor the mid-latitudefront with 1D/TB using SSM/I ob-
senations. The main changewith respecto the backgroundield shavn in Fig. 11ais the reductionof the
intensityin the southerrpartof thefrontal rainband(belov 40°N) andthe slight reshapingf thefront. These
modificationsn theanalysissurfacerainfall ratesarealsopresenin Fig. 14 thatshaws positive 1D-Var TCWV
incrementsin the westernpart of the rainbandthat locally exceed4 kg m—2, with negative incrementsover
the restof the domain. The analysedainfall ratesagreefairly well with all threerainfall ratesretrievals and
in particularwith the Ferraroalgorithm (Fig. 11.e). It shouldbe mentionedthat the unchangedight rainfall
valuesin thewake of thefront correspondo grid pointsthatwerenot treatedin 1D/TB to sase computational
time (minimumthresholdof 0.3mmh~! in thebackground).

5 Evaluation

It wasshavn that 1D/RR and 1D/TB leadto consistentresultsboth in termsof analysedainfall ratesand
TCWV increments.This sectiondealswith the evaluationof the two methodsbasedon SSM/l and TRMM
datathatarethe only reliable obsenationsavailablein precipitationareasover ocean.First, thetwo methods
are statisticallycomparedin TB and RR space. Then, the consisteng of the vertical profiles of analysed
rainfall ratesis assessedsingmeasurementsom TRMM/PR for tropical cyclonesMitag andZoe. Finally, an
assessmemf theimpactof the obseration errorstatisticson the 1D/TB retrievalsis presented.

5.1 Evaluationin TB and RR space

For eachof thethreemeteorologicatasesbrightnessemperaturebave beencomputedrom the background
fieldsandfrom the analysegjiven by the two methodsusingthe RTM describedn section2.2.3 The biases
andthe standarddeviations of background-obseation andanalysis-obseation departuresareshovn in Ta-
ble 2 for Mitag, Zoe andthe mid-latitudefront andfor eachavailable microwvave frequeng. Statisticsreferto
the commonpointswhereboth methodssuccessfullycorverged. In all histogramshe standarddeviation of
theanalysisdeparturedothfor 1D/TB and1D/RRis reducedwith respecto the backgrounddeparturesThe
reductionis alwaysthreeto four timeslargerwith 1D/TB thanwith 1D/RRfor all channelsThisis dueto the
factthatTBs aredirectly involvedin the costfunctionof 1D/TB.

Thebiaseof 1D/RRand1D/TB analysesregenerallyreducedvhencomparedo thebackgroundTheamount
dependon the meteorologicakcaseand microvave channel. In the Mitag case,the bias of the background
departurds smallcomparedo the othercaseswith valueslowerthan5 K exceptat37 GHz. Thetwo analyses
andthebackgroundxhibit similar biasesgxceptat 37 GHz wherea noticeabledecreasés found. In fact,the
largernegative biasef background-depauresfor the 37 GHz channelsaareanartefictof the saturatiorof the
microwave signalin therainy coreof thestormthatimpliestheabsencef offsettinglarge positive biasesasis
thecasein theotherchannels.

In the mid-latitudecasethe biasof the backgrounddepartureshows large negative values which corresponds
to the presencef anexcessie amounof precipitationandcloudliquid waterin thebackgroundvith respecto
the obsenations. Zoe exhibits oppositefeatureswith large positive backgroundiasesof upto 15K at several
frequencies. For both cases,1D/TB analysisbiasesare reducedand do not exceeda few K. A significant
reductionof the biasis found with 1D/RR in the frontal case,but only a minor onein the caseof Zoe. In
the latter, the biasandthe standarddeviation of the surfacerainfall analysisdeparturesemainlarge, which
indicatesa poor corvergenceduring the minimization. For Mitag andthe mid-latitudecaseJargely dominated
by the large-scalecondensatioischemeanalmostperfectagreemenis found betweerobsered andanalysed
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surfacerainfall rates.

Thesmallererrorsof the TB analysigdeparturesvith 1D/TB comparedo 1D/RRdonotnecessarilgorrespond
to smallerdifferencesn termsof surfacerainfall rates,especiallyfor Mitag. Thisis dueto theambiguoudink
thatexistsbetweersurfacerainfall ratesand TBs thatintegrateinformationon thewhole atmosphericolumn.
The uncertaintyon the surfacerainfall ratesobtainedwith the 2A12, PATER, BauerSchluessebr Ferraro
algorithmscanalsoprovide anexplanation.

5.2 Comparisonwith TRMM/PR rainfall rates

Vertical profilesof rainfall rates(2A25 product;lguchiet al. 2000)measuredy the PR on boardthe TRMM
platformhave beenusedo validatetheanalysedainfall ratesprofilesfrom 1D/RRand1D/TB. Theinitial 2A25
productwith a horizontal/\ertical resolutionof 1.4 km/250m hasbeenaveragedo the modelgrid resolution
(about40 km/60 levels). Figure 15 shavs the meanvertical profiles of rainfall ratesfor Mitag and Zoe. In
both casesthe shapeof therain profile asobsered from the PRis characterizedy nearlyconstantvalueson
the vertical belov 600 hPa. In contrastthe meananalysedain flux for Mitag increasegrom 1.5 mmh1 at
600hPato 2.5mmh~! (resp.4.0)at900hPawith 1D/RR(resp.1D/TB). This particularshapds dueto thefact
thatthelarge-scaleeondensatioschemes dominantn this casgseefig. 3.a) andthatit producegprecipitation
at all verticallevels. On the otherhand,for cycloneZoe (seeFig. 9.a), the corvective schemds moreactive
and precipitationgeneratiormainly occursabore 600 hPa, with a nearly constantrainfall profile belav this
level, asin the PR obserations. The shapeof the analysedrain profile seemsto dependon which moist
physicalparameterizatiors the mostactive in thebackgroundlt shouldbe notedthatthe partitioningbetween
convective andlarge-scalerecipitationremainscomparablén the 1D-Var retrieval andin the background.

The biasesandthe standarddeviations of the obseration-analys departureshavn in Table 2 indicatethat

1D/RRperformsbetterfor Mitag thanfor Zoe. This betterbehaiour in theMitag caseis alsoseenin Fig. 15.a.

For the 1D/RR retrieval, which optimizesthe surfacerainfall rates,the analysedprecipitationflux closely
matchesthe radarobserationsbelov 800 hPa. In the 1D/TB method,the analysedprecipitationprofile is

computedso asto optimize the TBs, which are mainly relatedto the integratedrain contentand not to the

surfacerainfall. Hencea strongtilt of the analysedain profile canbe seenin Fig. 15.a. This is requiredto

ensurea good agreemenbetweenthe simulatedand obsered integratedrain contents. In the caseof Zoe,

the analysedain profilesfrom 1D/RR and 1D/TB are closerto the radarobserationsthanthe background.
However, the 1D/TB retrieval bettermatchegheradarobserationsthan 1D/RR, which is consistenwith the

resultsof thecomparisorwith PATER surfacerainfall ratesshavn in Fig. 9 andFig. 10 andwith obsered TBs

(Table?2).

5.3 Sensitvity to obsewation error statistics

In orderto assesshe impactof the uncertaintieon the definition of the R matrix, sometestshave beenrun
with 1D/TB includingerrorcorrelationdetweerthe TMI channelr largerstandardieviationsof obseration
errors.

Sinceinterchannelerror correlationscannotbe accuratelyknown, two valuesof 0.5 and 0.8 that arerepre-
sentatve of a low anda high level of correlation,respectiely, have beentested. The correspondingbiases
and standarddeviations of the departuredetweenbackgroundor 1D-Var retrieval and obserationsaswell
asstatisticsof integratedcloud andrain waterare summarizedn Table3 and Table 4 for Mitag andZoe, re-
spectvely. Statisticshave beencomputedover the pointswherethe corvergencewassuccessfulAs expected,
theinclusionof interchannelerror correlationsbringsthe 1D-Var retrievals closerto the backgroundput this
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impactappearsnaiginal.

Table 3 and Table4 alsoshawv statisticsobtainedwhenthe standarddeviations of the obseration errorsare
doubled.Againtheimpacton the quality of the 1D-Var resultsremainsweak.

Thereforejt appearghatthe 1D-Var retrievals arenot very sensitve to the specificatiorof matrix R. Thiscan
beexplainedby thefactthatbecausef theratherlarge errorsspecifiedn thecurrentB matrix, the contritution
of the backgrounderm, J,, in the total costfunction (Eq. (1)) is usuallyvery small. This wasconfirmedby
someexperimentsin which J, wassetto zero. Although J, doesnot currently play a significantrole in the
1D-Var retrievals, future improvementsof the forecastingsystemwill increaseits contrikution in J to some
extent. Similar resultswereobtainedwith 1D/RR.

6 Conclusions

In this study 1D-Var retrieval experimentsbasedon retrieved surfacerainfall ratesasobsered from TMI or
SSM/I'have beencomparedo 1D-Varretrieval experimentdirectly performedonthe microwave TBs, for two
tropical cyclonesandan extratropicalfront. 1D/RR and 1D/TB include new simplified parameterizationsf
moist processeghat performsimilarly to the parameterizationasedin the operationaforecastmodelfor the
simulationof cloudandprecipitatingsystemsascanbe seenfrom comparingthe resultspresentedhereto the
onesdocumentedn Chevallier andBauer(2003).

Both 1D-Var methodsproduceconsistentemperatureandspecifichumidity incrementghat correcteitherthe
models surfacerainfall ratesor the simulatedTBs towardsequvalentTMI or SSM/I obserations. However,

1D/RRperformsbetterwhenlarge-scalgrecipitationdominatesn the backgrounddueto the strongemonlin-
earitiesthatsometimesxist in convective conditions.1D/TB seemdessaffectedby the natureof precipitation
in thebackgroundlIn otherrespectsthe 1D-Var retrievals arenot very sensitve to the definition of the obser

vationerrorstatistics bothin termsof standardieviationsanderror correlations.This canbe explainedby the
currentweakcontritution of the backgroundermin the costfunction.

To summarizethe respectie advantagesand dravbacksof the two 1D-Var methods,1D/RR (including the
surfacerainfall rateretrieval) hasthe main advantageof beingcomputationallycheapethan1D/TB (thatre-
quiressubstantiahdditionaltime for the radiative transfercalculations).The two major dravbacksof 1D/RR
lie in its inefiiciengy wherever the backgroundainfall rateis zeroandin its dependencen the performance
of the selectedrainfall algorithm. On the otherhand,the fact that microvave TBs are sensitve not only to
precipitationbut alsoto watervapourandcloudwatermakesit possibleto correctthemodel’s controlvariables
outsideandinside rainy areasof the backgroundn a consistentimanner 1D/TB also offers the possibility
of selectingwhich channelsshouldbe assimilatedaccordingto the meteorologicakonditions(e.g. clearor
cloudysky, light or heary precipitation).This flexibility alsoappliesif oneconsiderghe changingavailability
of individual channelguring the lifetime of a giveninstrument.Onelimitation of both1D/RRand1D/TB is
their currentinapplicability over landdueto thedifficulty of dealingwith heterogeneitiem surfaceemissvity.
Furthermoredueto the lack of high-accurag precipitationmeasurementsver ocean(exceptmaybefor the
TRMM/PR), 1D-Var retrieval errorscannotbe properlyestimated.

An importantissuethat will desere someattentionin the future relatesto the biasesof the forward model
(moistphysicsand/orradiative transfer) which may dependon the meteorologicakituationandwhich arenot
dealtwith atthemomentin the 1D-Var retrievals.

Sinceneitherof thetwo 1D-Var methodsclearly outperformgahe other their respectie potentialfor the future
operationalassimilationof precipitationat ECMWF are currently underinvestigationin '1D-Var + 4D-Var’
experiments(Marécal and Mahfouf 2002) in which pseudo-obseations of TCWV producedby 1D/RR or
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1D/TB on TMI and SSM/I dataareassimilatedn the ECMWF forecastingsystem. Taking advantageof the
dynamicalcoherencef 4D-Var, thesesxperimentswill alsoallow theconsisteng of the 1D-Var retrievalswith
all otherobsenrationsto be checled.
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Modellevel number| PressuréhPa)

20 36

25 96

30 202

35 353

40 539

45 728

50 884

55 979

60 1012

Table 1: Pressurdin hPa) on every five modellevels betweenlevels 20 and 60. Valuesare given assuminga surface
pressuref 1013.25hPa.



Case typhoonMitag cycloneZoe Front

Experiment Guess 1D/TB 1D/RR Guess 1D/TB 1D/RR Guess 1D/TB 1D/RR

ChannelgGHz) observation—model TB bias and standard deviation [K]
10V -16 114| -20 28| -08 70| 60 140|-10 34| 30 11.2 — — — — — -
19V 09 144 20 22 41 86| 106 136| 13 30| 78 126| —-4.3 10.6 05 21 29 75
22V -0.1 8.2 11 1.7 25 48| 57 60| 11 27| 50 61| —-17 83 19 20 39 64
37V -53 159| -14 43 08 96| 102 128| 34 94| 99 132| -7.7 142| -18 32 0.5 10.8
10H —-4.7 204| -54 50| -32 124 10.1 259| -2.7 65| 45 207 — — — — — -
19H -2.1 26.7| -02 44 35 16.1|| 155 26.1| -1.6 5.2|10.0 239| —-10.2 205| —-12 43 3.6 14.3
37H —-10.2 321, -27 58 1.7 194 16.7 25.7| 1.0 119|143 256/ —175 30.1| -52 6.9 1.1 233

bias and standard deviation of PATER observations—model [mmh—1]
Surfacerainfall | —0.04 1.58| —0.45 1.73| —0.02 0.11| 2.6 46| 1.2 3.0| 20 35| -0.86 1.09| —042 0.91| —0.02 0.22

Table 2: 1D-Var statisticsfrom backgroundandanalysisfor the 1D/TB andthe 1D/RR experimentdor the threestudiedcases.Biasesand standarddeviations of
obsenation—backgroumn andobsenation—analysisdeparturesn termsof TBs andin termsof surfacerainfall rates.Standardleviationsarein bold font.



Experiment Background | Nocorrel. | Correl=0.5 | Correl=0.8 | 2x g,
Channe(GHz) observation—model TB bias and standard deviation [K]
10V -18 116 -20 31| -24 34|-28 39|-18 37
19V 06 146 19 24| 08 32| 01 41| 19 25
21V —-0.2 83 11 16 01 23|-06 30 10 138
37V —-54 16.2| -15 38| -28 40|-34 46|-19 39
10H -51 20.7| -54 55|-61 63|-67 71|-49 6.6
19H —-29 270| -04 47|,-24 6.2|-38 75|-04 51
37H -10.7 326| -30 54| -57 61|-71 75]|-39 6.1
Integratedcontents mean and standard deviation [kg m—?]
rain water 0.22 0.32| 0.23 0.44| 0.24 045| 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 theinclusionof TMI channelerror correlationson the 1D-Var retrievalsin the caseof supertyphoon
Mitag: biasesandstandarddeviationsof obsenation—background andobsenation—analysisdeparturegor all channels
usedandmeansandstandardieviationsof integratedcloudandrain watercontents Standardieviationsarein bold font.

Experiment Background| Nocorrel. | Correl=0.5 | Correl=0.8 | 2x 0,
ChannelGHz) observation—model TB bias and standard deviation [K]
10V 34 146|-10 39| -10 47| -11 50|-05 44
19V 81 143| 18 31| 15 38| 14 45| 20 3.0
21V 49 64 16 27| 13 30| 11 33| 17 24
37V 80 134| 25 84| 23 90| 18 88| 26 83
10H 52 272|-25 74| -26 88|-27 91|-17 83
19H 104 276|-04 55|-10 64|-13 76|-02 57
37H 110 277, 01 92| -06 103|-13 109| 02 9.2
Integratedcontents mean and standard deviation [kg m—?]
rain water 0.44 0.62| 056 0.64| 0.58 0.64| 0.57 0.64| 0.54 0.60
cloudwater 0.62 0.51| 092 0.92| 094 0.91| 092 0.89| 0.90 0.90

Table 4: Sameasin Table3, but for tropicalcycloneZoe.
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Figure 1. Vertical profiles of typical valuesof the standarddeviation of the modelbackgrounderrorson temperature
(dashedine) andspecifichumidity (solid line). Units arein K andg kg~ respectiely.
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Figure 2: Nonlinearresidualof corvectivetemperatur@andspecifichumidity tendenciegasfunctionsof parametea that

determineghesizeof theinput specifichumidity perturbationsmposedon modellevel 60. The displayedresidualshave

beenaveragedover onehundredcorvective profiles. The field actuallyplottedis log, (RES,, /RES(™) whereRES[™

denoteghe maximumvalue of the residualfor a given pair of input/outputparametersndfor both studiedcorvection
schemegi.e. for agivenrow of thefigure). Left: operationakchemeright: new scheme.
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Figure 3: 1D-Varon TMI derivedsurfacerainfall ratesfor the caseof supertyphoonMitag at 1200UTC 5 March 2002:

Rainratesfrom modelbackgrounda), 2A12 (b) andPATER (d) andasfrom the correspondind.D-Var analysis(c and

e respectiely). Units arein mm h~1. The white hatchedareaindicatesthe regions wheresurface corvective rainfall
representsnorethan50% of thetotal surfacerainfall.
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Figure 4: 1D-Varon TMI derivedsurfacerainfall ratesfor the caseof supertyphoonMitag at 1200UTC 5 March 2002:

Meanvertical profilesof theincrementsn temperaturgleft panel)andspecifichumidity (right panel)whenusingrainfall

obsenationsfrom 2A12 (top) and from PATER (bottom). Casesfor which the backgroundrainfall rate needsto be

increasedresp. decreasedare plottedwith a dashedine (resp. solid line). Model level 60 is closeto the surfaceand
modellevel 21 roughly corresponds$o 50 hPa.
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Figure5: 1D-Varon TMI derivedsurfacerainfall ratesfor the caseof supertyphoonMitag at 1200UTC 5 March 2002:
Backgroundield of TCWV (a) andTCWV incrementsvhenusingsurfacerainfall ratesfrom 2A12 (b) andfrom PATER
(c). Units arein kg m=2.
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Figure 6: 1D-Var on TMI microwave brightnesstemperaturedor the caseof supertyphoon Mitag at 1200 UTC
5 March2002: 1D-Var retrievedsurfacerainfall ratesin mmh=1.
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Figure 7. 1D-Var on TMI microwave brightnesstemperaturedor the caseof supertyphoon Mitag at 1200 UTC
5 March 2002: Meanvertical profilesof theincrementsn temperaturdleft panel)andspecifichumidity (right panel).
Sameplotting corventionsasin Fig. 4.
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Figure 8: 1D-Var on TMI microwave brightnesstemperaturesor the caseof supertyphoon Mitag at 1200 UTC
5 March2002: TCWV incrementsn kg m—=2,
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Figure 9: Sameasin Fig. 3 but for the caseof tropical cycloneZoe at 1200UTC 26 December2002: Rain ratesfrom
modelbackgrounda), PATER (b) andasfrom the correspondind D-Var analysis(c).
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Figure 10: 1D-Varon TMI microwave brightnessemperaturefor the caseof tropical cycloneZoeat 1200UTC 26 De-
cember2002: 1D-Var retrieved surfacerainfall ratesin mmh=1,
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Figure 11: 1D-Var on SSM/I derived surfacerainfall ratesfor the caseof the North-Atlantic front at 12200UTC 9 Jan-

uary 2002: Rainratesfrom modelbackgrounda), PATER (b), BauerSchluesse{d) andFerraro(f) andasin the corre-

spondinglD-Var analysig(c, e andg, respectiely). Units arein mmh~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) and TCWV incrementsvhenusing surfacerainfall ratesfrom PATER (b),
BauerSchluesse(c) andFerraro(d). Units arein kg m=2.
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Figure 13: 1D-Varon SSM/I microwave brightnesdemperaturefor the caseof North-Atlanticfront at 1200UTC 9 Jan-
uary2002: 1D-Var retrievedsurfacerainfall ratesin mmh~1.
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Figure 14: 1D-Varon SSM/I microwave brightnesdemperaturefor the caseof North-Atlanticfront at 1200UTC 9 Jan-
uary2002: TCWV incrementsn kg m—2,
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Figure 15: Horizontally averagedvertical profilesof rainfall ratesfrom TRMM/PR obsenations,from the background,
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from 1D/RRandfrom 1D/TB. Resultsareshavn for Mitag (a) andZoe (b). Unitsarein mmh—1.
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