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List of Symbols

List of the mostcommonsymbolsusedin the thesis. Units are speci ed betweensquare

braclets.

* A : analysiserrorcovariancematrix

* B : backgrouncerrorcovariancematrix

* bt_bcor: biascorrectedbrightnesgemperaturgK]

* bt _fg: rst guesdrightnesgsemperaturgK]

* bt_obs: obsenedbrightnesgemperaturgK]

* bt_ret: retrievedbrightnesgemperaturgK]

* di; : level to spaceopticaldepthfrom level j for channei []
* H : forewardoperator

* H : tangentinearof H

* HT : adjointof H

* L(v; ) : upwellingradianceatthetop of theatmospher@w/(m? sr)]
* J : costfunction[-]

* Jp : backgroundtostfunction[—]

* Jo : obsenationalcostfunction[-]

* K : gainmatrix



Pi(TB) : modi ed Planckfunctionfor channel at brightnessemperaturd B
[W/(m? sr)]

P (v; T) : Planckfunctionatfrequeny v andtemperaturd [W/(m? sr)]
q: verticalpro le of speci ¢c humidity [g/kg]
bm : 2 metersspeci ¢ humidity [g/kg]
R : obsenationalerrorcovariancematrix [K ?]
SST : seasurfacetemperaturgK]
T : verticalpro le of temperaturgK]
TB : brightnesgemperatur¢K]
TB; : brightnesgemperaturdor channeli [K]
Tom : 2 metersgemperaturgK]
Ts : surfacetemperaturgK]
%, . analysiseld
xp . backgroundeld
¥o . obsenationvector[K]
. emissvity [-]
s . Surfaceemissvity [—]
. transmittancé-]
s . Surfacetransmittancé-|
ij - levelto spaceransmittancdrom level j for channei []
. anglefrom zenithatthe surface[rad]

v : frequeng [s ]
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Abstract

The quality of temperatureand humidity retrievals from the infrared SEVIRI sensorson
the geostationarpMeteosatSecondGeneratiofMSG) satellitesis assessetly meansof a
onedimensionalvariationalalgorithm. The studyis performedwith the aim of improving
the spatialand temporalresolutionof available obserationsto feed analysissystemsde-
signedfor high resolutionregional scalenumericalweatherprediction(NWP) models.The
non-hydrostatidorecastmodel COSMO (COnsortiumfor Small scaleMOdelling) in the
ARPA-SIM operationakon gurationis usedto provide backgroundelds. Only clearsky

obsenationsover seaareprocessed.

An optimised1D-VAR set-upcomprisingof thetwo watervapourandthethreewindow
channelss selected.lt maximisesthe reductionof errorsin the modelbackgroundsvhile
ensuringeaseof operationalmplementatiorthroughaccuratéiascorrectionproceduresnd

correctradiatve transfersimulations.

The 1D-VAR retrieval quality is rstly quanti ed in relatve termsemploying statistics
to estimatethereductionin thebackgroundnodelerrors.Additionally theabsoluteetrieval
accuray is assessedomparingthe analysiswith independentadiosondeand satelliteob-
senations.Theinclusionof satellitedatabringsa substantiateductionin thewarmanddry
biasespresentn the forecastmodel. Moreover it is shovn thatthe retrieval pro les gener

atedby the 1D-VAR arewell correlatedvith theradiosondeneasurements.

Subsequentlyhe 1D-VAR techniquds appliedto two three—dimensionalase—studies:
a falsealarm case-studyccurredin Friuli-Venezia—Giuliaon the 8th of July 2004 anda

heavry precipitationcaseoccurredn Emilia—Romagnaegion betweerfBth and12th of April
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2005. Theimpactof satellitedatafor thesetwo eventsis evaluatedin termsof increments
in theintegratedwatervapourandsaturationvatervapourover the column,in the 2 meters

temperatur@andspeci ¢c humidity andin the surfacetemperature.

To improve the 1D-VAR techniquea methodto calculate o w—dependenmodelerror
covariancematricesis also assessedThe approachemplo/s membersrom an ensemble
forecassystengeneratedby perturbingphysicalparameterisatioschememsidethemodel.
The improved set—upappliedto the caseof 8th of July 2004 shavs a substantiaheutral

impact.
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INTRODUCTION

0.1 Theinitial condition problem

At the beginning of the meteorologicakciencethe Newtonian philosophywas dominant:
assumedknown the initial stateandthe physicallaws describingthe dynamicalevolution

of theatmosphereis nal stateatary futureinstantcould beforecastedThedeterministic
approachs still usednowadaysputit is well known thatthemorecarryingonin theforecast
time themorethereis probabilitythatthe outcoming elds areaffectedby errors.In factthe
presencef non—lineaitermsin thedynamicequationss sourceof greatdifferencegor fore-

castsproducedstartingfrom very little differentinitial conditions,hencea little difference
betweerthe usedinitial conditionandthe*“truth” determinesnerroneougpredictionin the

atmosphericystemevolution andthe amplitudeof theseerrorsgrow in time.

In mathematicatermsthe problemof doinga forecastis a problemat theinitial condi-

tions,which canatleastnumericallybe solvedwhenthesethreetasksareful lled:

- the de nition of a network observingsystemcollectingall available meteorological

data;

- thede nition of ananalysismethodto build thebestapproximatiorof theatmospheric
initial statefrom all availabledata;this analysiswill betheinputof themeteorological

model;

- thede nition of a setof motionequationsj.e. a mathematicatranslationof the laws
of conseration of enegy, momentum,and masstogetherwith the stateequationof

thegases.
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Theknowledgeof the bestinitial atmospheristatewould improve the forecastoutcom-
ing, hencethe incrementof datafrom the network observingsystemandthe productionof

moreaccurateanalysesanbe consideredhenew challenge®f thefuture.

0.2 Conceptof analysis

Theanalysiscanbe de ned asthe bestaccuratemageof the true stateof theatmospherat
agiventime, producedby meansf assimilationtechniquesandit canbe usedastheinitial
statein a NumericalWeatherPrediction(NWP) Model.

Thebasicinformationof theassimilatiortechniquegonsistsn thecollectionof different
kindsof obsenations.Underthehypothesigshatthemodelis overdeterminety theobsena-
tionstheanalysigproblemreducego aninterpolationmodel,neverthelesshis never happens
in thereality sincedataare sparseandsometime®nly indirectly relatedto the modelvari-
ables.To avoid complicationsandto de ne awell-posedoroblemis necessaryo introducea
backgroundeld, asa priori estimateof the modelstate.The collectionof differentkinds of
obsenationstogetherwith the backgroundeld aretakenasinputto the assimilationtech-
niquesproviding asoutputanalysisincrementghataddedto the backgroundeld resultin

thewantedanalysis.

Thedifferentkinds of assimilationtechniquesanbedividedin two maincateoriesde-

pendingon thefactthatthey usestatisticaimethodsor not.

Themostimportanttechniquevherethe statisticalapproachs missingis the Newtonian
relaxationor nudgingtechniqugHoke andAnthes,1976[18]). Thismethodnvolvesadding
atermto the prognosticnodelequationghateffectively nudgeghe solutiontowardsobser
vations.Thenudgingtermis time dependenandshouldbelargeenoughthatit hasaneffect
onthesolution,but smallenoughsothatit doesnotdominateover otherterms(Staufer and
Seaman]990[41]). In practicethenudgingtermis oftenno largerthanthe magnitudeof the
leastdominanttermin the equation.This techniques widely usedin Limited AreaModel

(LAM) wherethe applicationof othermethodsvould resultproblematic.
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Thenudgingtechniquecanbeappliedonly onthe prognostiovariablesof LAMs andthis
is avery big limitation of this method.Hencethe assimilationof remotesensingdata,like
radiance®bsenedfrom satelliteandre ectivity obseredfrom radar have to be performed

in otherways.

In the statisticalapproachmethodsthereis a mathematicatepresentatiof the uncer
tainty of the data,both of modeldataandof obsenationaldata. The error statisticsare so
modelledusingprobabilisticconceptsandtheanalysisalgorithmis de ned on the basisthat
the analysiserrorsmustbe minimal in a root meansquaresense. This is the core of the
main variationalassimilationtechniquegf1D-VAR, 3D-VAR and4D-VAR) andof the Ol
(Optimuminterpolation)technique.Their capabilitiesareso generakthatthey conceptually

permittheassimilationof arny kind of obsenation;thatis why of theirimportance.

In particularthe 1D-VAR approachs the simplestvariationalmethod(with respecto
3D-VAR, wherethe assimilationis donealsoin the othertwo horizontaldirections,and
to 4D-VAR, wherebeyond to the threespatialdirectionsthe time dimensionis taken into
account)andis usedto assimilatedataalonga columnover a grid point of the model. A
very usefulexampleis the satellitedataretrieval problem,in which the 1D-VAR algorithm
performsalocal analysisof oneatmosphericolumn(themodelstate)atthelocationof each

satellitesounding.

0.3 Satellite data assimilation

Theassimilatiorof satellitedervedobsenationsin NWP modelsmakesit continuougprogress
with the advancesn dataassimilationtechniquesandthe ever increasingguality andavail-
ability of remoteobsenations(Danielsetal., 2004[7]) . While somelimited geostationary
dataareassimilatedn theform of cloudtrackwinds (Schmetzetal., 1993[36]), up to now
their mainusein operationaNWP modelshasbeenthe updateof radiancesndthe outcom-
ing of derived products.The poor numberof channelsavailable,their broadspectralwidth

andthehigh signal-to—noiseatio whichimposedow spatialresolutionhaspreventedwider
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use.Neverthelesswith respecto radianceobsenationsfrom polarorbiting satellites data
from geostationarylatformsoffer highertemporalresolutionwhich is crucial for regional
NWP,

New generatiorgeostationargatelliteshave improvedcapabilities.The MSG satellites,
whoseMSG-1launchedn August2002is the rst prototype,provide measurementaith
doublespatialresolutionandtemporalcoveragecomparedvith its predecessavieteosat—7.
Its 15 minutesrepetitioncycle and 3 km nominal spatialsamplingpermitsthe monitoring
of localisedphenomenandrapidly evolving weathersystemganakingit a potentiallygood
quality obsenationalsystemnot only for globalatmosphericNWP modelsbut alsofor high

resolutionLAM models.

Moreover the SEVIRI radiometeron boardof MSG satellitesmeasuresadiationin 12
spectrakchannelsyith respecto theonly 3 channelof Meteosat—7spanninghevisible to
theinfraredwith amuchnarraver bandsize. It is clearly desirableto exploit the wealthof
radianceinformationfrom this nenv generatiorof geostationargatellites particularlywith
the prospecbf evenhigherspectral-resolutiosoundersuchasthe Geostationarymaging
Fourier TransformSpectrometeandthe AdvancedBaselineSoundemwhich areplannedto

beplacedin geostationargrbit on GOES—R(GurkaandSmith,2004[16])

A possiblewvayto evaluatetheusefulnessf any new typeof obsenationsin globalor re-
gionaloperationalinalysissystematareasonableostis to useaonedimensionabariational
approach(1D-VAR). To convert modeldatain forecastedsatelliteradiancedastradiatve
transfermodelshave beendesignedthey representhe cruciallink betweermodelprognos-
tic variablesandsatellitedata. In this casethe assimilationis performedin two steps.The

rst stepconsistsn the productionof 1D-VAR retrieved pro les in which 1D-VAR seeks
optimal, in a leastsquaresensemodelvariables(e.g. temperaturehumidity, etc.) which
t theobseredvariableswithin speci ed modelandobsenationalerrors. The secondstep
incorporateshe 1D—-VAR retrieved productsas“pseudo—obsertions”into the assimilation

systemof the modelitself.
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Oneweaknes®f this methodologyis to introducecorrelationsbetweenthesepseudo—
obsenationsand the model statesincemodelvariablesare usedas rst guessin the min-
imisation performedduring the 1D-VAR technique. However this techniquehasalready
beenprovenrobustfor operationaliseevenwhenemplgying highly non—linearobsenration
operatorgCourtieret al., 1994 [6]) andthe “1D-VAR + 4D-VAR” schememplemented
at ECMWF to assimilaterainy—radiancegrom two microwvave sensorsSSM/l and TRMM
(Marécaland Mahfouf, 2002[22]) is a demonstratiorof this fact. Moreover, sincethe -
nal productsof the 1D-VAR algorithmarebasicthermo—dynamic/dynamimodelvariables,
they canbe introducedin lesscomplex assimilationsystemssuchasthe nudginganalysis,

which do notusevariationaltechniquesandthusdo not permitdirectradianceassimilation.

Theaim of thisthesisis thereforeto studythepotentialfor a1D—-VAR retrieval usingthe
fastradiatvetransfermodelRTTOV-7. Theretrievedvariablesaretemperaturandhumidity
pro les andsurfacevariablesdervedfrom SEVIRI obsenationsin clearsky conditionsfor
theirassimilationinto thenudgingschemeof the LAM COSMO-LAMI, which ARPA-SIM

runsdaily to provide weatherforecastdor theltalian peninsula.

0.4 Scienti c questionsto be addressed

Thework hasthe endto provide answergo thesescienti ¢ questions:

- How to establishthe bestsetof channelavhich maximisethe “information content”

broughtby satellitedatainto the analysisandthe analysiserrorreduction?

- How muchis the impactof the 1D-VAR techniqueappliedto speci ¢ selectedcase

studiesin termsof precipitationandsurfacevariables?

- How thebackgrouncerrorcovariancanatrixdependsntheregionandonthesynoptic

situation?How animprovedconstructiorof this matrix canbe performed?

The structureof thethesisis asfollows. In the chapterl the assimilatiormethodsbased
on statisticalapproachare treatedputting particularattentionon the 1D-VAR technique.
Chapter2 givesa generalview of the obserationaldataalreadyusedinside the assimila-

tion techniquedn the main NWP models,shawving the differencesbetweenconventional
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andnon—conentionaldata;subsequentlyrstly the new geostationargatellitedata,which
areusedin this study arepresentedindsecondlyinformationon LAM usedin this thesis,
COSMO,andits internalassimilationschemethe nudging,aregiven. Chapter3 explains
thecomponentsf the1D-VAR techniquethefastradiatve transfermodelusedto simulate
the brightnesgemperaturegsection3.1), the cloud detectionmethod(section3.2) andthe
backgroundand obsenational error covariancematricescalculation(section3.3); section
3.4 reportsthe 1D-VAR conceptuaperformancean termsof analysiserror reduction,sec-
tion 3.5 describeghe biascorrectionmethodand nally section3.6 describeghe retrieval
accurag of the 1D-VAR techniquecomparingthe analysiswith independentadiosoundes
and satellite obsenations. In chapter4 the useof the 1D-VAR methodin the COSMO
modelis assessetbr two three—dimensionatase—studiess falsealarm case—studynda
heary precipitationcase—studyin section4.3 a possibleimprovementof the background
error covariancematrix usedin the 1D-VAR methodis discussedFinally in chapter5 the

conclusion®btainedn thiswork aredrawn.
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Chapter 1

1D+VAR FRAMEW ORK

1.1 Basicconceptsof data assimilation

Thebasicobjectveinformationthatcanbeusedio produceheanalysigs acollectionof ob-
senedvaluesprovidedby obsenationsof thetruestate.If themodelstateis overdetermined
by the obsenations,thenthe analysisreducego aninterpolationproblem.Anyway in most
caseghe analysisproblemis underdeterminedecausealataare sparseand someof them
only indirectly relatedto the modelvariables.In orderto make it a well-posedproblemit
is necessaryo rely on somebackground informationin theform of ana priori estimateof
themodelstate. The backgroundnformationcanconsistin a climatologyor atrivial state;
they canconsistalsoin the outputof a previous analysisusingsomeassumptiorof consis-
teng in time of themodelstate Jik e stationarity(hypothesi®f persistencedr theevolution
predictedby a forecastmodel. In a well-behaed systemone expectsthat this allows the
informationto be accumulatedh time into the modelstate, andto propagateo all variables
of themodel:thisis properlythe basisconceptf dataassimilation.In otherwordsthedata
assimilationis ananalysigechniqudan whichthe obsenedinformationis accumulatednto
the modelstateby taking advantageof consisteng constraintswith laws of time evolution

andphysicalproperties.

The rst stepin the mathematicaformalisationof the analysisproblemis the de nition
of thework space As in aforecastmodel,the collectionof numberseededo representhe

atmosphericstateof the modelis collectedasa columnmatrix calledthe state vector x.
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How the vectorcomponentselateto the real statedepend®n the choiceof discretisation,

whichis mathematicallyequivalentto a choiceof basis.

It is importantto distinguishbetweerreality itself, which is morecomplex thanwhatcan
berepresentedsa statevectoritself, andthebestpossiblerepresentatioof reality asa state
vector which it usuallydenotedby %, , thetrue state at the time of the analysis.An other
importantvalueof the statevectoris %, thea priori background estimateof thetrue state
beforetheanalysidgs carriedout, valid atthe sametime. Finally the analysis is denotedby

*a Whichis whatis wanted.

1.2 Control spacevariables

In practiceit is often corvenientnot to solve the analysisproblemfor all componentof
themodelstate,or it is necessaryo reducethe resolutionor domainof analysisbecausef
insufcient computermpower. In thesecaseghe work spaceof the analysisis not the model
space put the spaceallowedfor the correctiongo the backgroundgcalledcontrol variable
space. Thenthe analysisproblemis to nd a correctionor analysis increment % such
that

Xa = %Xp + % (1.2)

is ascloseaspossibleto x; . Sofor theresolutionof the analysisprobleminsteado look

for %, onecanlook for x, %, in asuitablesubspace.

1.3 Observations

For a givenanalysisa numberof obsenedvaluesis used;they aregatherednto anobser-
vation vector y. To usethemin theanalysigprocedurat is necessaryo beableto compare
themwith thestatevector It would beniceif eachdegreeof freedomwereobsenreddirectly,
soy could beregardedasa particularvalueof the statevector In practicetherearefewer
obsenationsthanvariablesin the modelandthey areusuallyirregularly disposedso that

the only correctway to compareobsenationswith the statevectoris throughthe useof a
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functionfrom the modelstatespaceto the obsenationspacecalledanobservation opera-
tor thatis denotedoy H. ThisoperatogeneratethevaluesH (%) thattheobsenationswould
take if boththey andthe statevectorwereperfect,in theabsenc®f any modellingerror In
practiceH is a collectionof interpolationoperatordrom the modelgrid to the obsenation
points,andthencorversionfrom modelvariableso the obsenedparametersThekey point
in dataanalysiss theuseof the discrepanciebetweerobsenationsandstatevector;thisis

givenby thevectorof departurestthe obsenationpoints:

y H(x) (1.2)

Whencalculatedvith thebackground, thesedifferencesrecalledinnovations, while
with the analysisx, analysis residuals. Their studyprovidesimportantinformationabout

the quality of theassimilationprocedure.

1.4 The modelling of errors

Torepresenthefactthatthereis someuncertaintyin thebackgroundin theobsenationsand
in the analysissomemodelof the errorsare assumedetweenthesevectorsandtheir true
counterparts.The correctway to do this is to assumesomeprobability density function

(pdf) for eachkind of error.

Givena backgroundeld x, just beforedoing an analysis,thereis oneandonly one

vectorof errorsthatseparatethebackgroundeld from thetruestate:

- = Xp ¥ (1.3)

If it were possibleto repeateachanalysisexperimenta large numberof times, under
exactly the sameconditions,but with differentrealisationf errorsgeneratedy unknovn
causes;, wouldbedifferenteachtime. Statisticssuchasaveragesyariancesandhistograms
of frequencie®f  canbecalculatedIn thelimit of averylargenumberof realisationst is
expectedthatthe statisticscorverge to valueswhich dependonly on the physicalprocesses
responsibldor the errors,not on ary particularrealisationof theseerrors. Whenanother

analysiswill bedoneunderthe sameconditions,it is not expectedto know the error~, but
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at leastits statistics. The bestinformationaboutthe distribution of ~, is given by the limit
of the histogramwhenthe classesarein nitely small,whichis a scalarfunction of integral

1 calledthe probability density function of ~,.

Theerrorsin thebackgroundandin the obsenationsaremodelledasfollows:

background errors: ~, =%, %, of averagey, andcovariance = (v, )+ -b)7.
They arethe estimationerrorsof the backgroundstate j.e. the differencebetweerthe

backgroundstatevalueandthe“true” value.They do notincludediscretisatiorerrors.

observation errors: ~, =y  H(%) of average-, andcovarianceR = (~v ~)(~ ~o)T.
They containerrorsin the obsenation procesginstrumentakrrors,dueto theinstru-
mentalnoiseandto the limited scaleresolutionof the instrumentitself) errorsin the
designof the operatorH andrepresentatienessrrorsi.e. discretisatiorerrorswhich

preventx; from beinga perfectimageof thetrue state.

analysis errors: ~, =%, %, of average~,. A measuré~, ~.k of theseerrorsis

givenby thetraceof theanalysiserrorcovariancematrix A ,

Tr(A) = kw k2 (1.4)

They are the estimationerrorsof the analysisstatewhich mustbe minimised. The
averageof errorsarecalledbiases andthey arethe sign of a systematigroblemin
the assimilationsystem:a modeldrift, or a biasin the obsenations,or a systematic

errorin theway they areused.

1.5 Statistical interpolation with leasttsquaesestimation

Thefundamentaéquatiorfor linearanalysisn agenerahlgebraidormistheleast squares
estimation, alsocalledBest Linear Unbiased Estimator (BLUE). A brief explanationof

thistool usednowadaysn meteorologicandoceanographisciencess reportechere.
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1.5.1 Notation

Thedimensionof the modelstateis n andthe dimensionof the obsenationvectoris p. Let

denote

x¢ truemodelstateof dimensiom

xp backgroundnodelstateof dimensiom

%, analysismodelstateof dimensiom

y vectorof obsenationsof dimensionp

H obsenrationoperatorfrom dimensiom to p

B covariancematrix of thebackgrounderrorsxy, x; of dimensiom x n
R covariancematrix of theobserationerrorsy  H[x;] of dimensionp x p

A covariancematrix of theanalysiserrorsxy  x; of dimensiom x n

1.5.2 Hypotheses

Thefollowing hypothesesreassumed:

Linearized obsewvation operator: the variationsof the obsenation operatorin the
vicinity of the backgroundstatearelinear, i.e. for arny x closeenoughto xy,, H(x) -

H(xp) =H(* %p), whereH is alinearoperator;
Non-trivial errors: B andR arepositive de nite matrices;

Unbiasederrors: theexpectatiorof thebackgroundaindobsenationerrorsis zeroi.e.

Xp X =% H(x)=0

Linear analysis theaimis to nd ananalysisde ned by correctionsto the back-

groundwhich dependdinearly on backgroundbsenationdepartures.

Optimal analysis the analysisis consideredhat stateclosesto the “true” statein a

rootmeansquaresensei.e. it is aminimumvarianceestimate.
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1.5.3 BLUE theorem

Using the de nitions and the hypothesesbove explainedthe following theoremleast—

squares analysis estimation canbederived(Daley, 1991[8]):

a The optimal leasttsquaresstimatoror BLUE analysis is de ned by the following

interpolationequations:

Xa = %p + K(y Hxp])

(1.5)
K=BHT(HBH "+ R) !
wherethelinearoperatoK is calledthegain or weight matrix of theanalysis.
b Theanalysis error covariance matrix is for ary K :
A=( KH)B(I KH) +KRK?T (1.6)
andif K is theoptimalleast—squaregain,the expressiorbecomes
A=(1 KH)B 1.7)

¢ TheBLUE analysigs equvalentlyobtainedasasolutionto thevariational optimisa-

tion problem:

X2 = ArgminJ
(1.8)
Ix)=(x xp)"B '(x xp)+(y HXD'R ‘(y Hx])

whered is calledthe costfunction of the analysisthe rst termon theleft is called

backgrounderm J, andthesecondermontheleft obserationtermJ,.
d Theanalysisx, is optimal i.e. it is closestn anr.m.s.sensdo thetrue statex;,

e If the backgroundand the obsenation error pdfs are Gaussiarthen %, is also the

maximumlik elihoodestimatorof ;.
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1.6 The onexdimensionalvariational analysis

The adwantageof the variationalanalysismethodg4D-VAR, 3D-VAR and1D-VAR) is to
avoid the computationof the gain matrix K completelyby looking for the analysisasan
appropriatesolutionto the equivalentminimisationproblemde ned by the costfunction J
in the equation(1.8). The solutionis soughtiteratively by performingseveral evaluations
of the costfunction J andof its gradientin orderto approactthe minimumusinga suitable

descenalgorithm;in particularfor the 1D-VAR techniquehe gradients :

A
Jix)

Figurel.1: Schematiaepresentationf the variationalcost-functionminimisation(herefor
simplicity in a two-variablemodel space): the quadraticcost function hasthe shapeof
a paraboloidwith the minimum at the optimal analysisx*,. The minimisationworks by
performingseveral line-searcheso move the control variablesx to areaswherethe cost-
functionis smaller usuallyby looking at the local slope(the gradient)of the cost-function.

rJ=2B (¢ %) 2H'R Yy H[x) (1.9)
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The approximatiorlies in the factthatonly a smallnumberof iterationsare performed.
The minimisationcanbe stoppedby limiting arti cially the numberof iterations,or by re-
quiring that the norm of the gradientkr J*)k decrease®y a prede ned amountduring
the minimisation,which is anintrinsic measureof how muchthe analysisis closerto the
optimumthanthe initial point of the minimisation. The geometryof the minimisationis

suggestedh Fig. 1.1 (F. BouttierandP. Courtier 1999[1]).

Usually theinitial point of the minimisation,or rst guess, is takenequalto the back-
groundx;, . Thisis notcompulsoryhowever, soit isimportantto distinguishclearlybetween
thetermsbackground, whichis usedin thede nition of the costfunction,and rst guess,
which is usedto initiate the minimisationprocedure. If the minimisationis satishctory
the analysiswill not dependsigni cantly onthechoiceof rst guesshut it will alwaysbe

sensitve to thebackground.
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Chapter 2

OBSERVATIONAL DATA AND
MODEL DATA

Consideringhe typesof available obserationswe candistinguishthemin two main cate-

gories:
conventionalobsenations,i.e. in situ obsenations;

non—conentionalobsenations,i.e. remotesensingobsenations;

2.1 Conventional data

Therearea lot of differenttypesof conventionaldatausedin meteorologicabssimilation

systemsHerethe mostimportantarerecalled:

SYNOPdata,i.e. conventionalsurfaceweatherstationreports,comprehendingres-
sure,humidity, and10 meterwind obsenations.They have usuallyatemporalresolu-

tion of 3 hoursanda spatialresolutionof someten of kilometers;

SHIP data,i.e. corventionalweatherreportsfrom soundingships,andDRIBU data,
i.e. conventionalweatherreportsfrom drifting buoys, comprehendingressureand

wind obsenrations;

TEMP data,i.e. upperair datafrom radiosondesgcomprehendingemperaturewind
andhumidity data. Theradiosondegareusuallylaunchedwice aday atOO UTC and

at12 UTC, andtheir horizontalresolutionis somehundredof kilometers;
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PILOT data,i.e. wind measurements the free atmospherdrom stationlaunching

balloons;

PROFILERS, measuringwind with remotesensingproceduresprovide wind speed

andwind directionobsenationsat very high temporalresolution.

AIREP data(manualaircraftreports) AMDAR (Aircraft MeteorologicalDataRelay)
and ACARS (automaticaircraft reports)provide temperatureandwind obsenations.
The AMDAR and ACARS systemsusually provide more informationthan AIREP;
furthermoreduringlandingandtake—of the ACARS provide datain quantity quality

andlocationcomparable¢o radiosondes.

2.2 Nonzcornventional data

Basicallytherearetwo typesof non—conentionaldata: satellitedataandradardata.

During the lasttwentyyearstherehasbeena signi cant increasean the quantity quality
anddifferenttypesof satelliteobsenations.Radiance®bsenredby satelliteinstrumentgive

indirectinformationon temperatur@andhumidity in theatmosphere.

TIROS1(Television InfraRedObsenation Satellites) Jaunchedby United Stateghe 1st
April 1960,hasbeenthe rst meteorologicakatelliteusedfor meteorologicabhpplications.
Evenif this datecanbe consideredhe beginning of the useof satellitedatain the meteoro-
logical sciencepnly in the 70'sandmorein the 80's the meteorologistbegunto realizethe

greatpotentialityof satellitedata.

In factsatelliteobsenationscancoverareasvhich areinaccessibléo corventionaltypes
of obsenations;furthermoresatelliteobserationsusuallyhave ahigherresolutionbothtem-
porally andspatiallythanthe corventionalobsenations. Hencethesemoredetailedobser
vations,if opportunelyused,canhave a greatpositive impacton the de nition of theinitial

condition,whichis the mandatorystepfrom which theforecastagins.
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Radardata,with respecto satellitedata,areusedfor meteorologicabpplicationsrom
longertime. Theradars,observingthe interactionsbetweerelectromagneticadiationsand
the cloud microphysicscangive informationaboutmeteorologicakventsfor a circle area
centeredn the radarlocationfor a radiusrangingaroundto somehundredof kilometers.
Their temporalresolutionis comparableo satellitedata, but their coverageis very much

smaller

In thisthesisghemainaimis to understanthow muchtheuseof satellitedatacanimprove
theforecastsn NumericalWeathePrediction(NWP) models soin thenext sectionggeneral

informationon the satellitess recalled.

2.3 Polar and geostationarysatellites

Basicallytwo typesof meteorologicatatellitesexist: geostationargatellitesandpolarsatel-

lites.

A polar orbiting satellitecirclesthe earthat a nearpolar inclination, meaningthat it
always passeslmostexactly above the poles. The satellite passeghe Equatorand
eachlatitude at the samelocal solartime eachday, meaningthat the satellitepasses
overheadat essentiallythe samesolartime throughoutall season®f theyear The
polar satelliteorbit is muchcloserto the earththana geostationargatelliteorbit. Its
altitudeusuallyrangedrom 700to 800 km with orbital periodsof 98 to 102 minutes,
andthuscanseea smallerpartof the earthbelon thana geostationargatellite,but in

a ner detail;

The geostationarysatellitescircle the earthin a geosynchronouserbit which means
they orbittheequatoriaplaneof theearthataspeednatchingheearthsrotation. This
allows to themto hover continuouslyover one positionon the surface. The geosyn-
chronousplaneorbit is about35800km in altitudeso they arehigh enoughto take a

full disk view of theearth.

Thetwo typesof weathersatellite,polar andgeostationarycanbe seenascomplementary

Eachtypehasadwantagesnddisadwantagesandanidealobservingsystemshouldcombine
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Figure2.1: lllustrationof the daily coverageof a polarsatellitein sun-synchronousrbit.

boththeseelements.

Figure2.2: Geographicaareacoveredby geostationargatellitespositionedatO longitude.

The polarsatellitespermita global coverageof the earthin a givenwindow of time, i.e.
they registerinformationfrom every point of the earthbut not continuouslyin time. Each
pointontheearths surfaceis obseredatbestevery orbit for polarregionsandatworsttwice
adayfor equatoriaregions.Oneof the positve advantage®f the polarsatellitess thegood
groundresolutionbecaus®f their low orbit (seeFig. 2.1). The geostationargatellitesgive

information of the crossedareaof the earth, the disk, but in this casethe obsenration of

30



eachpointin thedisk is continuousn time with a capabilityof samplingwhich canreach
few minutes.Furthermoreonly onegroundstationis necessarjor satellitemonitoring. The
disadwantagef thegeostationargatellitesconsistsn thelackingof obsenationsin thepolar
regionsandin alower spatialresolution,dueto the heightof the orbit, with respecto the

polarsatelliteseeFig. 2.2).

2.4 The global systemof operational meteorological satel-

lites

Theglobalsystemof operationameteorologicatatellitesvasorganizedat the beginningof

90'sandincludesselectedjeostationanandpolarorbit satellites:
GEOSRTIONARY SATELLITES

— Two NOAA's (NationalOceanicand AtmosphericAdministrations) geostation-
ary satellitescalledGOES(GeostationarpperationaEnvironmentalSatellites)
areusediogethemover America.Oneof these GOES—Easis positionedat75 W
and monitorsNorth and SouthAmericaand mostof the Atlantic Ocean,while
thelatter, GOES—Vest,is positionedat 135 W andmonitorsNorth Americaand

thePaci ¢ Ocearbasin;

— the Japanesgeostationargatellite GMS (GeostationaryMeteorologicalSatel-

lite) positionedat 140 E;

— the RussiangeostationargatelliteGOMS (GeostationaryOperationaMeteoro-

logical Satellite)/Elecktrgositionedat 76 E;

— theEUMETSAT (EUropearorganisatiorfor the exploitationof METeorological
SATellites)'s geostationargatellite, METEOSAT, positionedat0 thatmonitors

Europe the MediterranearasinandAfrica.
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Figure2.3: Theglobalsystemof meteorologicakatellites.

Furthermorealsolndian seriesof communication/meteorologicgkostationargatel-
lites, INSAT, positionedat 74 E hasoperatedor mary yearsbut unfortunatelythe
data/productdhave not generallybeenmadeavailable to the global meteorological

community

POLARSATELLITES

— Two NOAA's polarsatellitescalledsimply NOAA, andoneRussiampolarsatel-
lite, calledMETEOR.

Fig. 2.3shavstheglobaloperationakatellites.

2.5 The Meteosatseries

Meteosatseriesrefersto whichever geostationangatelliteshasbeenor is currently opera-
tional over Europe , MediterranearbasinandAfrica at an altitude of about35800km. EU-
METSAT operateshe Meteosaseriesof geostationargatellitesvhich have senedthe me-
teorologicalcommunitysince1977. The table 2.1 showns the Meteosatmissionsand their

durationfrom Meteosat—1o nowadays.
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Meteosatsatellite series
Satellite Launchdate | Missionduration(years)
Meteosat+1 23/11/1977 8
Meteosat+2 19/06/1981 10
Meteosat+3 15/06/1988 7
Meteosat+4 06/03/1989 7
Meteosat+5 02/03/1991 ongoing
Meteosat+6 20/11/1993 ongoing
Meteosat+7 02/09/1997 ongoing
MSG+1—> Meteosat+§ 28/08/2002 ongoing
MSG*2— Meteosat+9| 22/12/2005 ongoing

Table2.1: Meteosatsatellitesmissionssincel977,yearof the launchof Meteosat—1until
today The symbolb> meanghatMSG-1hasbeenrenamedVieteosat—8vhenit became
operationabn February2004. MSG-2is now in the secondpart of the commissioninge-
riod, thatis why of thesymbolb , andwill berenamedeteosat—&fterthecommissioning
perioditself. Furthermorethe launchesof MSG-3and MSG—4 are plannedfor 2008 and
2012respectiely.

2.6 Radiometric instrument speci cations

MVIRI (MeteosatVisible and Infrared Resolutionlmager), a high resolutionradiometer
with threespectralbands ,wasthe main payloadof Meteosat—7andits predecessorandit
providedinformationon only threechannelsvith atemporalresolutionof 30 minutes.The
nen generationof MetosatgeostationaryMeteosatSecondGeneration(MSG), satellites

have two differentinstrumenton board:

the meteorologicalnstrumentthatis the main payload SEVIRI (SpinningEnhanced

Visible andInfraredResolutionimager)

theclimateresearchnstrumentGERB (GeostationarfarthRadiationBudget)

2.6.1 SEVIRI

SEVIRI is the opticalimagingradiometeron boardthe MSG satellites.Its twelve different

spectralchannelsprovide twenty times more informationthanthe precedenMETEOSAT
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Figure2.4: ComparisorbetweerMVIRI andSEVIRI performances

satellite(Meteosat—7)pffering new capabilitiesin cloud imagingandtracking,fog detec-
tion, measurementsf earthsurfacesand cloud top temperaturestracking ozonepatterns,
aswell asmary otherimproved performancesA new imageis provided every 15 minutes
insteadof every 30 minutes(seeFig. 2.4). This, togethemwith theenhancedmagery results
in animportantincreasen capabilitiesfor monitoringweatheipatternsover Atlantic Ocean,
Europeand Africa andfor the predictionof severe stormsandother potentiallyhazardous

phenomendk e hurricanes.

SEVIRI comprehends$welve imaging channelsand for eachof theseit providesthe
obsenred radianceor the equvalentbrightnessemperaturgbt_obs). Thereare two visi-
ble channelsrespectrely at 0.6 and0.8 m, which areessentiafor cloud detectioncloud

tracking,scenddenti cation andthemonitoringof landsurfacesandaerosol.Theonly near
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Figure2.5: Absorptionbandsof watervapour carbonedioxid and ozonein the spectrum
coveredby SEVIRI instrument

infraredchannelstheoneat1.6 m, usefulto discriminatebetweerice andwatercloudsand
betweersnav andcloud. Thewatervapourin theatmospheré monitoredoy two channels,

at6.2and7.3 mrespectrely, whichsupportheightassignmenfor semi-transpareitouds.

Apart from the High ResolutionVisible (HRV) channel,obtainedintegratingthe infor-
mationcomingfrom the precedentwo visible channelsthe remainingchanneldall in the
infrared spectrum. Threeof theseinfraredchannelsat 8.7, 10.8and12.0 m, arein the
infraredwindow andgive informationon landandseasurfacetemperatureanotheroneis at
3.9 mandis primarily usedfor detectionof low cloud andfog at night andfurthermoreis
guiteimportantfor the detectionof forest res. Finally the othertwo infraredchannelsat
9.7and13.4 m, arelocalisedin the middle of the main Oz absorptiorbandandinsidethe

mainCO, absorptiorbandrespectrely (seeFig. 2.5).

The operatingprinciple of SEVIRI instrumentis asfollows: a seriesof mirrors within

the radiometerdirect the radiationoriginating from the earthsurface, its atmosphereand
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Figure2.6: Spectrabandsof SEVIRI channels
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Figure2.7: Imageacquisitionby the SEVIRI radiometer

cloud systemsyreceved via an openingin the side of the satellite,onto an array detectors.
Readingsaretakenfrom the detectorsaapproximatelyevery 24 microsecondsisthe satellite
spins,sothatthe spinis usedto scanthe earthin the East-Westdirection. After every scan

line amirror is steppedn the South-Northdirectionin orderto acquiresubsequergcanlines.
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Onecompleterevolution of the satellitelasts0.6 secondspf which only about30 mil-
lisecondsare available over the earthdisk to acquireone scan. For eachscanstepseveral
imagelines areacquired(3 lines for nominalchannelsand 9 lines for the HRV channel).
Theremaining570millisecondsareusedmainly for scanmirror steppingdatatransmission
andmeasurementdirectedat deepspaceusedfor removal of noisefrom the data(seeFig.
2.7). Thenominalrepeatcycle for a completescanof thefull earthdiskis 15 minutes,this

includesmeasuremendf on—boardcalibrationsourcesandscanmirror retrace.

Thenominalimagesizefor all channelgLevel 1.5image)exceptfor theHigh Resolution
Visible (HRV) is 3712by 3712pixels (N-S by E-W), the samplingdistances de ned to be
exactly 3km by 3km atthe sub—satellitgpoint. For theHRV channekheimagesizeis 11136
by 5568 pixels (N-S by E-W), the samplingdistancede ned to be exactly 1km by 1km at

the sub—satellitgooint.

The scansof dataaretaken at constantangularstepsandthis togetherwith the natural
curvatureof the earthmeanghatasthe satellitescansaway from the sub—satellitgooint the
areacoveredby the pixels is greaterthan at the sub—satellitepoint. For exampleat mid
latitudesthe distancebetweertwo consecutie pointsfor thenominalchannelss abouts km

(moredetailscanbefoundin the EUMETSAT website www.eumetsat.de).

2.6.2 GERB

The GERBIinstruments a broadbandgcanningadiometetusedto derive thethermalradia-
tion emittedby the earth. The EarthRadiationBudgetis the balancebetweerthe radiation
comingfrom the Sunandthe re ected and scatteredsolarradiation, plus thermalinfrared
emissionsfrom earthto space GERB measureshe shortwave andtotal radiationfrom the
earthaboutevery 6 minutes.Long-wave (thermal)radiationis alsoobtained by subtraction

of thetwo measurements.

At thecoreof the GERBIinstrumenis abroadbandthree—mirrottelescopéousedn the

InstrumentOptical Unit. Theinstruments overall massis 25 kg andits power consumption
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is nominallylessthan32 W (endof life) duringoperations.

2.7 The Limited AreaModel COSMO

The regional forecastmodel usedin this thesisis COSMO, a fully—compressible(non—
hydrostatic)primitive equationmodelwithout ary scaleapproximation,developedby the
COSMO Consortium(COnsortiumfor Small-scaleMOdelling), which coordinateghe co-
operationof Germauy, Italy, Switzerland,Greeceand Poland(detailscanbe foundin the
COSMOweb sitewww.cosmo-model.@). Dueto theun ltered setof equationsthe verti-
calmomentunequations notapproximateallowing a betterdescriptionof non—-hydrostatic
phenomenauchas moist corvection, breezescirculationsand somekinds of mountain—
inducedwaves. Furthermoreit includesan explicit Eulerianhorizontaladwectionscheme
anda full setof physicalparameterisationfor large scalecondensatior{Steppeleret al.,
2003[42]), corvection(Tiedtke, 1989[44]), radiation(Ritter andGeleyn, 1992[30]) In this
senseCOSMO hasbeenessentiallydesignedor meso— andmeso— scaleswherenon—

hydrostaticeffectsbegin to play anessentiatole in the evolution of atmospherico ws.

The Italian implementationof COSMO, called COSMO-LAMI (COSMO - Limited
Area Model Italy) andmanagedy ARPA-SIM in the frameavork of an agreemenamong
UGM (Uf cio Generalali Meteorologia) ARPA—-SIM andARPA—Piemonteconsistof two
runsaday(at00and12 UTC) for 72 hourswith a spatialhorizontalresolutionof 7 km and
40levelsin theverticalbetweerthe surfaceandthetop of thetropospherataround30 hPa;
thehorizontalmodeldomainis setto coverltaly, themajorpartof the Mediterraneaseaand
the Alpine region (seeFig. 2.8 for the operationadomainspeci cation). Hourly boundary
conditionsare provided by the DWD global model GME of the GermanWeatherService
(DeutschemVetterDiensDWD) (Majewski etal, 2002[20]) COSMOassimilatiorsystemis
basedn anudgingschemgSchraf andHess,2003[37]) in which Newtonianrelaxationof
prognosticvariablesis performedtowardsobsened valueswith weightingfunctionswhich

arefunctionboth of spaceandtime coordinates.
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All the NWP modelsuseassimilatiortechniquego feedthe availableobsenrations;ary-
way only the useof high resolutionmodelscanpermitto assimilatehigh resolutionsatellite
data,suchasMSG radianceswith aremarkablemprovementof the forecasts.Hence,de-
tailed high—resolutioranalysesave to be ableto producefrequentlyand quickly andthis
shouldbe donethoroughuseof asynopticand high—frequeng obsenationssuchasaircraft
andremotesensingdata.Up to now theobsenationsusedin the COSMOassimilatiortech-

nique,callednudging,wereonly corventionaldata:

- radiosond@®bsenationsincludingwind, temperatur@andhumidity;

- surfacelevel datafrom SYNOR SHIP andBUQY stationsproviding pressurewind

andhumidity obsenations;

2.7.1 Assimilation of obsewationsin COSMO: the nudging technique

Thenudging( or Newtonianrelaxation) techniqueconsistf relaxingthemodel's prognos-
tic variablestowardsprescribedsalueswithin a predeterminedime window. In thescheme
usedinside COSMOnudgingis performedtowardsdirect obsenations,which seemdo be

betterthannudgingtowardsthreedimensionabnalysegSchraf andHess,2003[37]).

Thebasicequationof nudgingconsistof introducingarelaxationterminto the prognos-
tic variable (;t) andis givenby:

. X
@g’t) = F( ;%) +G Wk OL ke (53 1)] (2.1)

K(obs)

whereF denoteghe modeldynamicsand physicalparameterisations, 2°s the value of
thek™ obsenationin uencing the grid point attime t, % the obserationlocation,G a
constantallednudgingcoefcient andWy is anobsenation—dependenteightwhosevalue
is alwaysbetweerD and1 (exceptfor surfacepressure)Thedifferencen thesquarebraclet
betweenobsened and model valueis called obsenation increment,and the completead-
ditional so—callednudgingterm determineghe analysisincrementwhich is de ned asthe
changeexplicitly imposedon the modelvalue by the nudging. SettingWy equalto 1 and

neglectingdynamicsandphysicscontributions,the modelvalueat the obsenation location
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Figure2.8: COSMO-LAMI operationadomainandits correspondengrographyin meters

relaxesexponentiallytowardsthe obseredvaluewith ane—foldingdecayrateof 1/G , cor-

respondingo abouthalf anhour.

Supposinghatthe model elds have to berelaxed towardsthe obseredvalueswithout

signi cantly perturbingthe dynamicbalanceof the model,the nudgingterm shouldremain

smallerthanthelargesttermof the dynamicsseeFig. 2.9) (DomsandSchattler1999[9]).

The factorsWy take into accountthe weightswy givento the differentobsenrationsin-

uencing thenudgingtermfor aspeci c grid point. Theseweightswy in theirturntake into

accountthe quality andrepresentatenesf the obseration , andthe temporaldistance

w;, thehorizontaldistancesvy, andtheverticaldistancev, betweertheobsenationandthe

targetgrid point. In mathematicakquationtermsthisis translatedn thisway:
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Figure2.9: Conceptualillustrationof the concepif nudging

Wk = ka (22)
i Wi
Wic = WiWyy Wz (2.3)

2.7.2 Advantagesand disadvantagesof nudging techniquein compari-

sonto other thr eexdimensionakssimilation methods

It is worth noting thatthe nudgingapproaclonly takesinto accountthe datadensityat the
targetgrid pointsandngglectsthe relative positionsbetweerthe obsenationthemselesin

contraryto optimuminterpolation(Ol).

Furthermoren contrasto Ol andmulti-dimensionaVariationaimethod{3D-VAR, 4D—
VAR) thereis no mathematidormalismto determinea theoreticallyoptimal solutionto the
analysisproblem.Hencethereareseveralfree parameterandtheoreticatonsiderationsan
only provide roughestimationdor their optimal speci cation. The appropriatevaluescan

only bedeterminedy meansf physicalreasoningandtuning experiments.
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Another problemin comparisonto 3D-VAR and 4D-VAR is relatedto the fact that,
similarly to Ol, obsenationincrementhave to be expressedn modelspaceratherthanob-
senation space.This meanghatfor an obsenrationalinformationof any kind, obsenation
incrementhave to be derivedalwaysin termsof the prognosticnodelvariablesin orderto

beusedin thenudging.Thatlimitation is not presenin thevariationalschemes.

For examplein orderto assimilateadarre ectivity obsenationsin avariationalscheme,
re ectivity valuesshouldbe obtainedfrom the model elds in orderto computeobsena-
tion incrementsof re ectivity which would be usedfor the analysis;jinsteadin the nudging
methodincrementsof temperaturehumidity, wind , etc. have to be deducedrom the ob-
senedre ectivity. Neverthelesshis operationcomprisesnoredegreesof freedomrequires

moreassumptionsvith lesscon denceandis thereforemoreproneto errors.

Neverthelesghesedisadwantagesn the nudgingtechniquewith respecto Ol, 3D-VAR
and4D-VAR, it allows to usethe obsenationsin the bestway in COSMO.In factOIl and
3D-VAR do not allow to take into accountthe exact obsenation time of asynopticdata
andthey malke it necessaryo neglectmostof the high—frequeng dataunlessthe analysis
schemas appliedvery frequently;evenif Ol or 3D-VAR wereappliedwith ahightemporal
frequeng thiswould increasehecomputationatostandcouldresultin problematasynop-
tic analysistimeswhendatadensitymay becomevery low andinhomogeneousMoreover
thegeostrophi@approximationusuallya key ingredientof suchschemess of limited valid-

ity in themeso—scale.

Four-dimensionamethodsoffer potentialadvantagesincethey includethe modeldy-
namicsin the assimilationprocesdirectly. As variationalmethodsallow to compareob-
senationswith the model statein obsenation space,they appearin principle bestsuited
for the useof mary typesof remotesensingdata. This would be right, but the 4AD-VAR is
too expensve for operationablpplicationin COSMO consideringhe smallamountof time
availableto producethe analysesin factthe calculationsof tangentinearandof the adjoint
of the COSMOmodelwould requirevery big humanresourcesfurthermoreup to now these

two productsthetangentinearandtheadjointof themodel,arenotavailableandthis avoids
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thisapproachatthebasis.

Thesearethe reasonavhy the nudgingtechniques operationallyusedas assimilation
approachnside COSMO.
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Chapter 3

1D+VAR SET+UP

In ourapproacho assimilatesatellitedatatwo stepsarenecessaryas rst stepthe 1D-VAR
algorithmis usedto corvert satellitedatain vertical pro les of temperatureand humidity
andin othersurfacevariableswhich togetherrepresenthe control vector while in the sec-

ondstepthesepro les areincludedin the datato be nudgedn thethe COSMOmodel.

In this studythe control vectorx containsvertical pro les of temperatureandspeci ¢
humidity, 2m temperature2m speci ¢ humidity and seasurfacetemperaturd i.e. x, =
(T; 9, ®m; Tom; SST)) derived from the regional non-hydrostatidorecastmodel COSMO.
H istheradiatvetransfemodelRTTOV-7 (Radiatve Transfermodelfor Televisioninfrared
orbiting satellite OperationaNertocalSounder)Saundergt al., 2002[33]) for which also
thetangentiinearandadjointversionsareavailableandwhichis explainedin moredetailin
thesection3.1. Theobsenationvectory containsa selectionof the eightavailableinfrared
SEVIRI channels.

The 1D-VAR minimisationusesanadaptedsersionof a 1D-VAR schemehatwas rst
developedatECMWEF (EuropearCenterfor MediumrangeéWeatheiForecastfor theassimi-
lation of rain affectedmicrowave radiancegMarécalandMahfouf,2000[21]) andemployed
for cloud analysis(Chevallier etal., 2004[5]). It nds thesolutionx, throughthe minimi-
sationof J(%). Successfutorvergenceis achieved employing a minimiser basedon the
routinesM1QN3 (by Gilbert and Lemaréchal 1989 [15]) which is designedto minimise

functionsdependingon a very large numberof variables.It implementsa limited memory
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Figure3.1: Sketchof thewhole 1D-VAR schemausedin thisthesis

guasi-N&vtoniantechniquewith adynamicallyupdatedscalaror diagonalpreconditionerA

simpli ed sketchof thewhole 1D-VAR algorithmis givenin the Fig. 3.1.

At a given modeltime—stepand grid—point, the nudgingprocedureusesboth pastand
future obserationswithin 1  t with eachobsenationweightedby its relative proximity in
timeandspacen contrasto othercorventionalobsenrations,1D—-VAR retrievalsaregener
atedduringthe assimilationcycle andtheir values,evenif requiredby the nudgingscheme,
arenotknown beforethe nominalobsenationtime. To avoid doublingthe analysisrun or a
time—consumingnalysisbackwardintegrationa differentapproacthasbeenfollowedto si-
multaneouslyproduceandingestlD-VAR non—corentionalobsenationsinto the nudging

scheme.

The procedureamplementeds schematisedn Fig. 3.2. For eachsatelliteobsenation
two minimisationsareperformedusingbackgroundro les at T,=Typs andT, 1 = Ty
with = 15min. Thesetwo retrievals arethencombinedto provide the necessargonti-
nuity in time. More speci cally, referringto Fig. 3.2,atT, ; two 1D-VAR retrievals are
createdusingbackgroundgro les x, (T, 1); onewith obserationy (T, ;) andanothemwith

obsenationy(T,). At eachinstantbetweenl,, ; andT, thetwo 'pseudo—obsemtions'are
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combinedusinga triangularfunction.

The spreadover spaceof the resulting1D-VAR incrementsusesGaussianveighting
functions. The choiceof thetime interval andof the spatialweightis somehav arbitrary
andwill betunedfor the operationaimplementation.In this chapteronly retrievals which

aresynchronousvith the satelliteobsenationsareconsidered.

CLCLEELEEY 3
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—
1
CELELT

AHALYS[S INTEGRATION

Figure 3.2: Sketch of the assimilationsystemdesignedior COSMO to include 1D-VAR
retrievedpro les into the nudgingscheme.Two successie minimisationsare performedby
usingpro les generate@tT, andT, ;= T, 15min (seetext for moredetails).

Beforeenteringthe 1D-VAR packagehe modeltemperatureand humidity pro les are
preprocesselly (i) addingstratospherizaluesupto 1hPaontop of COSMOstandardevels
usingaclimatologicaldatabasextractedfrom theERA-40(EcmwfRe—Analysisyeanalysis
(Uppalaetal., 2005[46]), (ii) attributinga givenpro le to the obsenationlocationusinga
bilinearinterpolationbetweerthe four closesigrid points;(iii) performingquality checksto
ensurehepro les arein therangeof applicabilityof theradiationcodeRTTOV-7. TheSST
valueis prescribedrom aSST externalanalysisnvhichis performeddaily atOOUTC. It uses
Cressman-typweightingto blend NCEP (National Centersor EnvironmentalPrediction)
analysis(Reynoldsetal., 2002[29]) with buoy andship obserations. The 2m temperature

andhumidity arediagnosticvariables.They arefunctionsof the SST andthetemperature
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andhumidity valuesof the rst modellevel takinginto accountboundarylayer stability.

3.1 The fastradiati vetransfer model RTT OVx7

To exploit satellitesoundingdatain a NWP modelthe useof a fastradiative transfermodel

is mandatoryIn particulartheradiatve transfermodelmustsatisfytheserequirements:
- it mustbefastenougltsothatit canbeusedn nearreal-timewith meteorologicatiata;
- it mustbe however highly accuraten its calculations;

- it mustbeableto performthe computationdothin presencef cloudsandin presence

of clearsky.

The original basisfor the fastradiatve transfermodelRTTOV-7 is basedon Eyre and
Woolf, 1988[11]. This wassuccessiely modi ed by Eyre, 1991[12], Rayer 1995[28],
Rizzi andMatricardi,1998[31] andSaundersandMatricardi,1999[34] and[35].

The simulationof transmittancesn RTTOV-7 is basedon a regressionschemewith a
variety of predictorsfrom the pro le variables. The regressionis performedin terms of
departure$rom areferencepro le, for mixedgaseswatervapouror ozone.Theformulation

to predictthelayeropticaldepthis:

X
dij = dyj 1+ & Xy (3.1)
k=1
whered;; is thelevel to spaceopticaldepthfrom levelj andchannel, K is thenumber
of predictors,anda;jx areprede nedcoefcients. For the mixed gasegherearenow 10

predictorsfor watervapourl5 andfor ozonell.

The optical depthso obtainedare rstly correctedmultiplying the optical depthby a

factor ; (correctionfactor)for eachchannel andthenconvertedto transmittances:

dlcJ = idi;j (32)
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g = exp( df) (3.3)

Thetransmittancearecalculatedbn 43 x edpressurdin hPa) listedbelow:

A, .29, .69, 1.42,2.611,4.407,6.95,10.37,14.81,20.4, 27.26,35.51,45.29,56.73,
69.97,85.18,102.05,122.04,143.84,167.95,194.36,222.94,253.71,286.6,321.5,358.28,
396.81,436.95,478.54,521.46,565.54,610.6,656.43,702.73,749.12,795.09,839.95,
882.8,922.46,957.44,985.88,1005.43,1013.25

Theradiancesretheoreticallycalculatedothin clearsky andin cloudy—sk conditions.
In clear-sky conditionsthetop of theatmospherepwellingradiancel(v; ), atafrequeng

v andviewing angle from zenithatthe surface,neglectingscatteringeffects,is written as:

Z Z
L (v; )= s(vi ) s(v; )P(v; Ts)+ IF’(v;T)d +(1 s(vi ) 2(v; )

S

'P(v;T
(V2 )OI

(3.4)

where ¢ is thesurfacetransmittance,s is the surfaceemissvity andP (v; T) represents

the outputof the Planckfunctionatfrequeng v andtemperaturd .

The outputof RTTOV-7 is usedto simulatemultilevel infrared and microwave cloudy
radianceandthe RTTOVCLD routinesnow suppliedwith RTTOV-7 provide this capability
(seeFig. 3.3). Cloudsareassumedo be grey bodieswith their contributionto theradiances
computedfrom their horizontalcoveragen;, andtheir emissvity ! in eachvertical layer
i of the users model. ! is derived from the cloud liquid and/orice water pathl' by the

relationship:

=1 exp'k (3.5)

wherek!, is the extinction coefcient at frequeny v. Its valuevariesaccordingto the
phaseof thecloudwater the particlesizesandthetemperatureThis allowstheradiancesor
semi—transparemtoudto beexpressedsalinearcombinatiorof L¢'" (v; ) andsinglelayer
blackbody clouds. The coefcients of the linear combinationarefunctionsof then' and |,

anddependon theway the cloudylayersoverlap. Cloudabsorptions takeninto accountn
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RTTOVCLD
Computes cloudy
radiances

RTTOV INTRADOV EMISCLD AITOSU BRIGV
Computes gas Interpolate cloud Computes cloud Computes weight Convert radiances
transmittance to model levels emissivity of cloud layers to br. temps

Figure3.3: Simpli ed schemeof RTTOVCLD usedto simulatecloudyradiances

theinfraredspectrunfollowing EbertandCurry, 1992[14] for ice waterandSmithandShi
,1992[40] for liquid water(moredetailscanbe foundin the RTTOV-7 userguidepresent

in Met—Ofce website http://www.metofce.gov.uk/).

Thecornversionof radiancesn forecastedrightnessemperatures doneusingthecon-
ceptof modi ed Planckfunction. If the Planckfunction doesnot vary too muchover the
channekesponséunction, it canbe evaluatedat the centralfrequeng of thechannelsThis
canbeaccuratdor narrov channelsput for the broadchannelslike the SEVIRI channels,
the conceptof modi ed Planckfunction mustbe introducedandit takesaccountof the av-
eragingof thetrue Planckfunctionoverthe spectraresponsef channei for thebrightness
temperaturd B (Matricardietal.,2001[23]). Themodi ed Planckfunctionfor channel is
givenby:

Cl;i
exp—2i—] 1

aj+bTB

Pi(TB) = (3.6)

wherecy;, i, & andh arepre—computedoefcients for eachchannelicy; is equalto
clvi3 andc,; is equalto c,v; wherec; andc, arethenormalPlanckfunctioncoefcients, v; is
thecentralfrequeng of thechanneland nally a andl arethesocalledband correction
coef cients (Weinrebetal., 1981[48]).

The correspondeninversionof equation3.6 corverting radiancesn forecastedright-

nessemperaturess:

C2;i
C1:i

In(1+ 5-) &

TBi = [ 1=h (3.7)
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It is worth notingthatup to now the RTTOV-7 schemas appliedfor the 1D-VAR algo-
rithm only in clear-sky conditionsover the seapoints. This limitation is dueto thedif culty
to accuratelyestimatethe surfaceemissvity over the land, wherethe presencef asphalt,
humanbuildings, roadsand plantscomplicatesthis task. On the other handthe seasur
faceemissvity is well known for the differenttwelve SEVIRI channels.In section3.2 the

algorithmusedto deteciclearsky pointsfrom SEVIRI datais described.

3.2 CMa and CT productsandthe ag processing

Sincethe retrieval of cloud contaminatedgixelsis very complicated both for problemsin
the simulationof radiancesn the radiative transfermodel RTTOV—7 andfor problemsto
detectwhichtypesof cloudsarepresentn thepixels,the 1D-VAR algorithmatthe moment

is performedonly for clearsky pointsover sea.

Two specialalgorithms,the CMa (Cloud Mask) algorithmandthe CT (Cloud Table)al-
gorithm, areso usedto detectif the pixel is cloud contaminatecndto discriminatewhich
type of cloudis presenin the pixel respectiely. They aredevelopedwithin the SAFNWC
(SatelliteApplicationFacilitiesfor NoWCasting)ontext andaim to supportnowcastingap-
plications,and additionally the remote—sensingf continentaland oceanicsurfaces. Both
thesealgorithmsare basedon multispectralthresholdsechniquesappliedto eachpixel of

theimage.

The setof thresholdsappliedin the CT and CMa algorithmsdependsmainly on the
illumination conditionswhereaghe valuesof the thresholdehemselesmaydependon the
illumination, the viewing geometry the geopotentialocationand NWP modeldata(more
detailscanbefoundin SAFNWC web-sitehttp://nwcsaf.inm.es/)While the outputof the
CMa productconsistonly in the detectionf a pixel of a satelliteimageis contaminatedy

clouds,the outputof the CT productconsistan thefollowing twenty cateyories:

0) : nonprocessedueto the presencef corrupteddataor to theabsencef thedata;

1) : cloudfreelandwith no contaminatiorby snow/ice coveredsurface;
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Figure3.4: Exampleof SEVIRI CT (top panel)andthecorrespondent_prc (bottompanel)
overthe COSMO-LAMI domainat 04:15UTC of 14thFebruary2007.

2) : cloudfreeseawith no contaminatiorby snow/ice coveredsurface;

3) : landcontaminatedby snaw;
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4) : seacontaminatedy snow/ice;

5) : verylow andcumuliformclouds;

6) : verylow andstratiformclouds;

7) : low andcumuliformclouds;

8) : low andstratiformclouds;

9) : mediumandcumuliformclouds;
10) : mediumandstratiformclouds;
11) : highopaqueandcumuliformclouds;
12) : high opaqueandstratiformclouds;
13) : very high opaqueandcumuliformclouds;
14) : very high opaqueandstratiformclouds;
15) : high semitransparerthin clouds;
16) : high semitransparemheanlythick clouds;
17) : high semitransparerthick clouds;
18) : high semitransparergbove low or mediumclouds;

19) : fractionalclouds(sub—pixel waterclouds);

At this momentthe 1D-VAR algorithmis appliedonly for clearsky pointsover seabut
aryway the corvergencerequiredby the minimisationof the costfunction could be unsuc-
cessful. Hencetherearefour possibilitiesfor the ag processingsalue( g_prc) (seeFig.
3.4):

0) it meanghatthecorvergenceis reached,
2) it meanghatthecornvergenceis notreached;

4) it meandghatthepixel is overland,;
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8) it meanghatthepixelis cloud—contaminated;

By de nition the corvergenceis reachedf the minimisationby the M1QN3 algorithm

determinesreductionof anorderof magnitudeof the costfunction.

3.3 Thebackgrounderror covariancematrix B andthe ob-
servation error covariance matrix R

Thebackgrounderror covariancematrix B de ne therelatve weightgivento eachforecast
variablein thede nition of theanalysedeld andfor thisreasont is of vital importanceto

the 1D-VAR procedureThe B matrix canbe obtainedn differentways:

oneof thesewaysis to comparethe vertical pro les of temperature@ndwatervapor
obseredby radio—soundingsvith respecto the onesforecastedby COSMOandex-
tractedat the sameobsenration/forecastime. The main disadwantageof this method
resultin the factthatthe obsened valuesdo not completelycover the vertical range
of COSMOpro les; in factwhile the forecastpro les startcloseto the surfaceand
reachabout30 hPa at the top of atmospher€TOA), usuallythe obsened valuesare
missingover 300 hPa. This determineghe impossibility to correctly estimatethe B
matrix in the levelsfrom 300 hPa to TOA. Furthermoreanothercrucial disadantage

of theradio-soundingss their poor spatialresolutioncovering;

thesecondvay is to compareheverticalpro les forecastedy COSMO,for example
theverticalpro les extractedfrom a COSMOforecastat +24hwith theanalysisatthe
sameforecasttime, but usuallythe analysesandthe rst forecasthoursin the model

aremoderatelyaffectedby the spin—upproblem;

thethird approachs to compareverticalpro les extractedrom two differentforecasts,
for exampleat +36 hoursextractedfrom the rst forecastwith the+12hoursextracted

from thelatter, but correspondertb the sameforecastime.

The B matrix is estimatedn this thesisusingthe third approachcomparingdifferent
forecastof temperaturendhumidity pro les, alsocalledthe Parrish—Derbemethod(Par-

rishandDerber 1992[25]). 12hand36hforecastsarecomparedatthe samenominaltime,
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Figure3.5: Structureof thebackgroundaerrorcovariancematrix: B isasquareandsymmetric
matrix with the numberof rows andcolumnsequalto the (numberof the stratospheritevels
plusmodelverticallevels) multiplied by two [the numberof pro les variablesn the control
vector T and(] plusthree[the numberof the surfacevariablesusedin the control vector
bm, Tom @andSST]

the atmosphericelds at 12h forecastsare consideredhe bestestimateof the real stateof
the atmospherandthe differencewith the 36h forecastprovidesan estimateof the model
uncertaintiesT,,, anda, errorestimatesre0:9K and0:5gK g !, respectiely. Sincethese
arediagnosticvariablesno cross-correlatioms allowedwith the othervariables. The SST
erroris insteadprescribedo 0:75K accordinglyto the estimatecerrorof the NCEPanalysis

(Reynoldsetal., 2002[29]). Thestructureof the B matrixis sketchedn theFig. 3.5.

Fig. 3.6 shavs the auto—correlatiorerrorsin temperatureandhumidity pro les for four
monthsworth of data. For the temperaturgéhe covariancepresent negative lobe between
200-300nPa, wherethe stratospheritnversionis placed,andthelower levels,while on the
diagonalthe maximumpositive valueof 1.8 K2 is reached For the watervapourthe signif-
icantvaluesarebelonv 300 hPa andthe maximumvalueis reachedn the diagonalaround

800hPa.

The R matrix is insteadprescribedo be a diagonalmatrix (seeFig. 3.7), whoseerrors
in theobseredandsimulatedbrightnessemperatureareassumedo be 1 K andtheerrors
of the obsenrationsfor the differentchannelsare supposedo be uncorrelateceachother

Finally therankof R is equalto the numberof channelsisedin the minimisationalgorithm.
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Figure 3.6: Backgrounderror covariancematricesfor vertical pro les of COSMO-LAMI
temperatur@andhumidity backgroundelds. The B matrix hasbeencalculatedusingfore-
castcomparisonsit +12hand+36haveragedver four monthsworth of data.
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Figure3.7: Structureof the obsenationerror covariancematrix: assumedhe uncorrelation
of theerrorsbetweerthe differentchannelsandthatfor every channethe obsenationaland
simulatederroris of 1 K, R is adiagonalmatrix with valuesl onthediagonal.

3.4 1DzVAR conceptualperformance

Conceptuallyt is possibleto calculateA andthusestablisithe expectedoerformancef the
retrieval schemewithout explicitly performingsimulatedretrievals onceit is assumedhat
a successfuminimisationtechniqueexists for nding a solution. For the caseof a control
vectorxy, constitutedof temperatureand humidity variablesandfor clearsky radiancest

hasalreadybeenproventhatthe linearapproximatiorof the obseration operatorH is ver

55



ied to guaranteecorvergenceof the minimisationprocess(Eyre et al., 1993[13]). The
expectedquality of the analysiscanthereforebe usedasana priori metricto de ne the best
channelkcombinationto usein anoperationcontext. To thisendit is alsousefulto introduce
theconcepbf DataResolutionMatrix (DRM) andModel ResolutionMatrix (MRM) which,
if the assumptions madethatyy,. = H (*4ue ) i.€. thaterrorsderiving from the obser
vation operatorarenull, links the analysisto the true value eitherin physical(*ye ) or in

obsenational(yyue ) space Rodgers2000[32]) :

Xa Xp = KH (Xtue xp) = MRM (%ge %p) (3.8)

¥Ya ¥b = HK (Yrwe ¥b) = DRM (Ywwe  ¥b) (3.9)

Therefore for thosechanneldor which theradiatve transfersimulationis accuratethe
DRM guanti esthecontribution of eachwavelengthto theglobalquality of theanalysis.The
diagonalelementf this matrix indicatehow muchweighta datumhasin its own analysis
andthey canberegardedasa measuref theimportanceof thatdata.Anotherusefulmetric
of the gainin informationderving from eachchannelis the “degreesof freedomfor the
signal” (DFS)[32] which canbe calculatedoy normalisingthe JacobiarusingR  *2,H%=
R ™2H andconsideringeparatelgachvectorii which correspondso theline of H °linked
to agivenchannel:

DFS= % (3.10)

Fig. 3.8 shows the diagonalelementsof the DRM andthe DFS calculatedfor a sam-
ple of COSMO-LAMI backgroundpro les randomlyextractedfrom the 20 days(the rst
twenty daysof SeptembeP006)datasetvailable. The DFSandDRM estimatethe impor-
tanceof a channelfrom a differentpoint of view. The DRM which canalsobe calculatedas
HAH TR ! usesA toestimatewhichisthemostusefulchannein theanalysisbetweerall
the onesused.Insteadthe DFS measuresiow mucha channeln isolationis ableto reduce

themodelerrorde ned by B in theobsenrationalspace.

The two watervapourchannelsat 6.2 m and7.3 m have the largestimpactin the
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Figure 3.8: On the left panelaverageddataresolutionmatrix (DRM) diagonalvaluesfor
input backgroundoro les randomlyextractedfrom the 20 daysdatasetvailable,while on
theright panelaverageddegreeof freedomfor signals(DFS) calculatedor eachof theeight
infraredSEVIRI channelsandfor the samedatasetsfor the DRM calculations.
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accurag of the analysisandin reducingthe backgrounderrorsand shouldbe includedin

the 1D-VAR retrieval. Also thewindow channelsat10.8 m, 8.7 m and12.0 m show

non—n@gligible DFS values. Sincethe useof theseadditionalwavelengthscould be very
efcient in reducingerrorsnearthegroundit is worth investigatingheirimpactin changing
the 1D-VAR retrievals.

Four setof wavelengthsare selectedby progressiely addingto the two watervapour
channelghe window channelgpossessinghe highestbRM andDFS values. Thesegroups
arethentestedto de ne the bestsetto be usedin the 1D-VAR retrieval scheme.Table3.1
summarisehefour groups.Set“ch8” in which all channelsareincludedinto the analysiss

usedasabenchmarko asseshe quality of the othersets.

Figg. 3.9and3.10reportanestimationof the verticalresolutionof the analysedro les
andthe standarddeviation of the analysiserrors(i.e. squareroot of diagonalelementsof
matrix A ) respectrely for the channelcombinationsunderexamination. Following Purser

etal., 1993[26] the vertical resolutionat eachheightis calculatedasthe ratio betweenthe
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Table3.1: Setsof channelsundertestto de ne the bestchannelcombinationto be usedin
the 1D-VAR retrieval.

Setld ChannelFrequency m )

ch2 6.2 7.3

ch3 6.2 7.3 10.8

ch4 6.2 7.3 10.8 12.0

ch5 6.2 7.3 8.7 10.8 12.0

ch8 39 6.2 73 87 9.7 108 12.0 134

modelverticalthicknessandthe correspondingliagonalelementof the MRM. If theanaly-
sisis equalto thetrueatmospheristate MRM reducedo theidentity matrixandthemodel
layer thicknessequalsthe vertical resolutionat eachheight. Otherwisethe vertical resolu-
tion providesinformationon the verticalsmoothingof the analysiscomparedo the original

backgroundelds.

ch2 e ch3 ---- chd -—-e- ch5 —— ch8
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Figure3.9: Vertical resolutionof the analysedro les calculatedasratio betweernthe fore-
castmodelverticalthicknessandthe correspondingliagonalelementof the Model Resolu-
tion Matrix (MRM).

Theuseof all 8 infraredchanneldeadsto maximumtemperaturerrorreductionof 11%
in the troposphereand a remarkablemprovementin the humidity estimation. This is an
uppertheoreticalimit of errorreductionwhich canbeachievzedonly if theradiative transfer
simulationin eachchannelis correct. The inclusionof the window channelat 12.0 m in
setch3 alreadyproducesa substantiadecreasef the analysiserrorsboth in temperature
andhumidity andanincreasean the vertical resolutionbelonv 600 hPa. The additionaluse

of channelsl0.8 m and8.7 m hasthe effect of increasingthe accurag of the humidity
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analysisn thelower levels. For this addednformationit is thereforedecidedthatsetch5is

selectedasa standardor the 1D-VAR retrieval scheme.

Thetwo gasmonitoringchannelsat9.7 m and13.4 m donotholdalargeinformation
content(Fig. 3.8). Moreover, the radiancesn thesetwo channelsare stronglyin uenced
by the columnartotal amountof ozoneand carbondioxide respectrely. SinceCO, and
O3 concentrationsreneitherdiagnosticallynor prognosticallypredictedoy COSMO, large
inaccuraciesn theradiatve transfersimulationare expectedat thesewavelengths.The as-
sumptionsof equations3.9 and3.10could not be veri ed. Thetwo channelsaretherefore
discardedAnalogouslythe3.9 m channelwhichhasbeenshovnto detectanon-ngligible
portion of solarshortwave radiationduring daytimeis blacklisted(Schumanret al., 2002
[38]). It is worth noting that the overall small numberof channelson SEVIRI and their
quitebroadbandsizesmake theexpectedlD-VAR incrementverticalresolutionquitelarge.

Sharpfeaturessuchastemperaturénversionswon't be presentin the analysisncrements.
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Figure 3.10: Expectederror reductionin the standarddeviation (SDV) of the background
temperatureand humidity pro les for the selectedcombinationsof channelsdescribedn
table3.1. TheanalysisSDV is calculatecassquareroot of thediagonalelementof A .

3.5 The biascorrection method

All theradiatve transfermodelsinvolvedto assimilatesatellitesoundingradiancegbeyond
to the NWP modelsthemseles) are subjectto errors. Theseerrors,which arise mainly
from errorsin the spectroscopidataon which the radiatve transfermodelsarebasedcan

becomparabléo or greatethantheinstrumennoise andsothey mustbetakeninto account.
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Theimportanceof theradiancebiasproblemhasbeenrecognisedor mary yearsandem-
pirical correctionscheme$ave beendeveloped(Smithetal., 1984[39], Chedinand Scott,
1984[2] andSusskindet al., 1983[43]). Someworks have demonstratethata successful
biascorrectionschemanusttake into accountthe spatiallyvaryingandai—massdependent
natureof the radiancebiasegKelly andFlobert,1988[19], McMillin etal., 1989[24] and
Uddstrom,1991[45]). In practicethis imposeshe applicationof analgorithmthatreduces
statisticallythe differencedetweenthe simulatedbrightnessemperaturesbtainedby the

rst guessmodel elds (bt_fg) andthe brightnesgsemperatur@bsened by the satellitera-
diometer(bt_obs). So beforebeingusedthe satellitedata(the brightnesgemperaturesare
biascorrectedbt_bcor)usinga schemeawhich is basedon four ai—massdependenpredic-

tors(following the guidelinesof HarrisandKelly, 2001[17]):

theverticalthicknesdbetweerf00and300hPa;
theverticalthicknesdbetweer?00and70 hPa;
the2 metersemperature;

thewatervapourcontentin the columnof atmosphere.

In Fig. 3.11the performancef thebiascorrectionrmethodappliedto two weeksof avail-

abledatais shown. It is evidentfor all the ve channelsareductionof thebias.

Assumingthatthe modelis unbiasedthis guaranteeshatthe 1D-VAR analysisworks
in anoptimalway andthatinaccurag in the radiatve transfermodeland-or changego the
instrumentcharacteristicever time do not spoil the informationcontainedn theradiances
whencorvertedinto temperaturandhumidity. In thefollowing wewill referalwaysto bias—

correctedbrightnesgemperaturesvhenobsenedbrightnesgemperaturearementioned.

3.6 1DzVAR actual performance

The 1D-VAR retrieval performance$iave beenassessedstly in relatve termsof error
reductionin the backgroundorecast elds, thenin absolutetermscomparingthe analysis

againstadiosondeandSST independentbsenations.
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Figure3.11: Statisticsperformanceof the biascorrectionschemeappliedto two weeksof
availabledatafor the 5 channelselectedor the 1D-VAR.

3.6.1 Statisticsof model departuresfrom obsewations

Therelative quality of theretrieval procedures quanti ed by thereductionin thebackground
departuregbt _bcominusbt_fg) comparedo theanalysisdeparturegbt bcominusbt_ret).
This expectedreductionis a metric of theimproved t of the analysisT B s to the obsera-
tionscomparedo thebackgroundThetwo dimensionaprobabilitydensityfunctions(PDF)
of the model T B s (calculatedapplyingthe operatorH to %) versusthe obsened onesfor
all channelsndicatethattheresidualbiasesstill presentn thebackgroundfterthebiascor-
rectionprocedurearereducedn the analysedrl B s andthe variancesaregreatlydecreased
by the 1D-VAR procedurg g.3.12). The magnitudeof the PDF's standarddeviation can
be regardedasa measureof the modelvariability. Large backgroundrl B s departuresare
presenin thetwo watervapourchannelsmostly dueto inaccuraciesn theforecastf high
tropospherénumidity. However the largestSDV reductionis obtainedat 6.2 and7.3 m

shawing the signi cant informationcontentprovided by thesetwo channelsn theanalysis.
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Figure3.12: Two dimensionaProbabilityDensityFunction(PDF)of backgroundlepartures
(upperpanels)andanalysisdepartureglower panels)or an exampledatasettaken on the
18 of SeptembeR006andfor the5 channelselectedor the 1D-VAR.

Fig. 3.13shavs the meanlD-VAR analysisincrementdn the temperaturendhumid-
ity pro les. Highervaluesof standarddeviation indicatea greatersensitvity of the model
backgroundo a particularsatelliteobsenation. As a con rmation of the expectedimpact
on the temperatureoro les (Fig. 3.10) mostof the information contentis spreadover the
wholetropospheravith a maximumat around600 hPa. Humidity pro les undego mostof
thechangesn thelower anduppertropospherat 800hPaand200hPa. 1D-VAR hasweak
effect on the 2 meterstemperatureandhumidity, while a non-ngligible impactis recorded

for the SST analysisncrementswith aSDV of 0.45K (notshawn).

It is worth noting that in variationalassimilationsystemone shouldexpectthe whole
domainaveragedmeananalysisincrementgo be null for eachvariablesinceobsenrations
aresupposedo be unbiased.The factthat the temperatureand humidity vertical meanin-
crementsare closeto zeroindicatesthat the biascorrectionprocedurevorks well andthat

the nal analysiswill bein balancewith the modelminimisingspin—upproblems.

Neverthelessthe two dimensionalmeanincrementistributionsin Fig. 3.14shov how
heatandwaterare redistrituted by the 1D-VAR insidethe domain. The incrementshave

beenaveragedor thewholeperiodunderexaminationoverboxesof 0.05degreesandplotted

62



200/ 1 200f _ .
400 1 400t
© F i L
o
N 600 1 600] !
800 | 1 800;

Figure3.13:1D-VAR analysismeanincrementganalysisninusbackground)n thetemper
ature(left panel)andspeci ¢c humidity (right panel)pro les.

in termsof columnintegratedwatervapourandsaturationmixing ratio. Positve (Negatie)
differencedetweernbseredandbackgroundr B s aretransformedn increasegdecreases)
of temperaturepro les and decreasegincreasespf watervapour Since1lD-VAR incre-
mentslie in the columnspaceof the kalmangain matrix (HB ), the relative contribution of
temperaturandhumidity to the T B'sincrementss de ned by the minimisationprocessg,
andgs,; areof the sameorderof magnitudeshaving thatthe mostef cient corvergenceis
obtainedby changingbothtemperatur@andhumidity in the column. It shouldbe notedthat
in somecircumstancethe 1D-VAR incrementganleadto supersaturatestates Thesemay
occurasaconsequencef the presencef cloudsthatthecloudclearingalgorithmhasfailed
to detect,or a poor estimateof the SST with an errorexceedingthe estimatedackground
error, for example. While thesesupersaturatestatescanbe usedto spotweaknessems the

cloudclearingalgorithm,thesepro les shouldhowever bediscarded.

3.6.2 Comparisonswith independentobsewations

As anindependenvalidationof the 1D-VAR productsfadiosondeneasurement@ndinde-
pendeniSST datasetareemplo/ed. Radiosondeseasurement@retakenatthreestations

includedin the ARPA-SIM operationaldomainof COSMO-LAMI closeto the seawhich
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Figure3.14: 1D-VAR analysismeanincrementganalysisminus background)n the inte-
gratedcolumnwatervapour(leftpanel)andsaturationvatervapour(right panel).

Table3.2: Radiosondefocationsselectedor validationof the LD-VAR retrievedpro les.

ID NAME HEIGHT (m) LAT (dey) LON (deg)
16320 BRINDISI 15 40.6 17.9
16560 P CAGLIARI/ECOSMQAS 4 39.2 9.1
16429 TRAPANI/BIRGI 7 37.9 12.5

areblacklistedfrom theanalysissoto represenarealindependensourceof validation. The

radiosondeemplojedarestandardVAISALA RS-92.

Thereis asigni cant reductionin mean-biasndroot meansquargRM S) errorsin the
temperaturero les throughouthetropospherehothatOOUTC (g. 3.15)and12UTC( g.
3.16). Theimprovementin the humidity estimationis lessevident. Despitethe questionable
signi cance of around100 soundingsit appearghatthe 1D—-VAR introducesa moistbias
in the humidity pro les especiallyduring daytime(12 UTC) while still reducingtheRM S
error. However, it shouldberecalledthat, while the RS-92soundshave beenshown to pro-
vide accuratehumidity measurementat night, they suffer from a signi cant day-timebias
of around10 % in relatve humidity dueto sensoreating(Voémel etal., 2006,[47]). This

couldbetheorigin of theapparentlay-timemoistbiasin the LD-VAR analyses.

The effect of the 1D-VAR analysisto reducethe obsered modelbiascanalsobe quan-
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Figure 3.15: Model backgroundand analysis biases (meanand RM S) when com-
pared with radiosondeobserations. The F factor is dened as (RM Sgps s
RM Srps a)=RM Sgps g andquanti esthefractionof obseredbiasvariability corrected
by theanalysis.Seetext for details.

tied in termsof the fraction of obsened biasvariability correctedby the analysisde ned

as:

_ RMS(Xros  Xg) RMS(Xrps Xa)

F
RMS(Xrps Xg)

(3.11)

whereRM S(Xrps Xg) andRM S(Xrps Xa) aretherootmeansquareerrorsof the
backgrouncandanalysisdeparturesiespectrely. If F = 1 thenthe 1D-VAR analysispro-
ducespro les which correlateperfectlywith theradiosondesbsenations,if F = 0thenthe
effectof 1D—VAR is null, if it is negative thenthe 1D-VAR analysisprocedureleteriorates
thebackground.

ThisfractionF is overall positive with peaksof 0:8 for temperatur@and0:4 for humidity.
Thenegative valuesof F in thespeci ¢ humidity pro les shavs de cienciesin the 1D-VAR
retrieval especiallyat high verticallevels but this mayalsobe partially explainedby sound-
ing inaccuraciesvhich areknown to be non-ngligible attheselevels. For levelsabove 600

hPatheanalysedl.D—VAR produces substantiaimprovemento the humidity pro les.

As anindependensourceof validationof the analysedSST two differentdatasetgor
theMediterraneamndthe Adriatic (ADR) seasareused:theoptimally interpolated Ol) mi-
crovave (MW) SST productsproducedy RemoteSensingSystemghereaftecalledMED)
andthe ADRICOSM producedby the ISAC-CNR institutein Rome,IT (hereaftercalled
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Figure3.16: As for Fig. 3.16but for 12 UTC obsenations

ADR). To guarante¢heirindependencom thebackgrounagnalysedsST thetwo datasets
employ microwvave sensorsand independentlgorithmscomparedo the prescribedSST
givento COSMOasa boundaryconditionwhich usessatelliteinfraredchannelg§Reynolds

etal.,2002[29]).

The MED datasets availabledaily andMW SST sare'normalised'to adaily minimum
SST, de ned to occurat approximately8 AM, local time. It usestwo microwave sensors
(TMI andAMSR-E) sensor®n boardof TRM andAQUA (Cheltonetal., 2000[3], Donlon
etal., 2002[10]) and possessea nal resolutionof a quarterdegree( 25km). Although
theseMW productsareat a lower spatialresolutionthanstandardnfraredSST s, they have
a muchlarger spatialandtemporalcoveragesinceretrieval is also possiblefor cloud con-
taminatedspots. Othersatelliteobsenationsderiing from microwave sensorsusedin the
1D-VAR canthereforeimprove the SST analysis. This is the mainreasorwhy SST has

beenincludedin the controlvector

Figg. 3.17and3.18show two dimensionaPDFsof themodelSST versushemeasured
MED andADR datasetstespectrely. The backgroundSST s arederived from ananalysis
whichis performedat00 UTC andis employedduringall COSMO-LAMI integrations.The
non-zerobiasandRM S error betweenthe modelbackgroundSST s andthe new datasets
arenotonly dueto differencesn thedatausedout alsoto thefactthatthey effectively referto
two differentanalysigimes. COSMOSST sdo notevolve overtime. The 1D-VAR analysis
is ableto reducethe biasonly in the ADR datasetwhile the RM S is reducedbothin ADR
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Figure3.17: Two-dimensionaprobability densityfunction of model(backgroundandanal-
ysis) versusobsened SST for the MED dataset. The right-endmostmap shows the data
localisation. The datacover the whole period of 20 daysstartingfrom the 1st September

2006.

andin MED dataset.Sincein the ADR datasethe daily differenceof the seatemperature

canbemorerelevant,this resultmeanghattheinfraredproductis improved.
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Figure3.18: Sameasfor Fig. 3.17but for the ADR dataset.

67



Chapter 4

THREExZDIMENSION AL
CASExSTUDIES

This chapterdiscusseshe applicationof the 1D-VAR assimilationof satelliteradiancedor
two selectedtasestudies:afalsealarmcaseoccurredn Friuli-Venezia—Giuliaegionin July
2004anda heary precipitationcaseoccurredn the Emilia—Romagnaegion in April 2005.
For eachof thema brief descriptionof the synopticsituationis givenandCOSMOanalysis
andforecastelds producedvith andwithoutthecontribution of the 1D-VAR retrievedpro-

les arecompared.

The analysisof thesedifferenceshave beendividedin two phasesThe elds are rstly
analysedluringthetwelve hoursassimilatiorcycle andthenduringthethirtysix hoursmodel
forecast.Theinitial conditionsfor theassimilatiorperiodareprovidedby the GME analysis.
Thehourly boundaryconditionsareprovidedby the GME forecastdothfor theassimilation
andfor theforecast.t is worth notingthatin boththe case—studiethe horizontalintegration
domaincorrespondso the COSMO-LAMI operationabne,but a differentnumberof ver
tical levelsis used:35 levels for the Friuli-Venezia—Giuliscaseand40 levelsfor the latter
one. Theuseof only 35 verticallevelsin the falsealarmcase—studys imposedfor doinga
couplingwith ensemblenembergreviously run with only 35 vertical levels (moredetails

of this couplingis donein sectior4.3).

Sincethe mainaim of thesecase—studiess to evaluatethe impactof the useof MSG-1
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satellitedatain the assimilationcycle, two differentassimilationshave beenperformed:

the rst onewhereonly the corventionalobsenationsareassimilated;

the secondonewherealso MSG-1 satellitedataare assimilatedusing the 1D-VAR

approaclasdiscussedn chapter3.

As next steptwo differentforecastdave beenperformedusingthetwo differentanalyses
oneat atime. Henceboththe assimilationaswell astheforecastsarein the sametempo-
ral window andthe only differencebetweeneachotheris the presence/lackingf MSG-1
satellitedatain input. To betterevaluatetheimpactof MSG satellitedatathe differencef
someoutputvariablesare plotted both for the assimilationandfor the forecastperiod;the

consideredvariablesare:

theintegratedwatervapourover the column;
theintegratedsaturationwvatervapourover the column;
the2 metersemperaturd oy, ;

the2 metersspeci ¢ humidity tpm ;
thesurfacetemperaturd;

the precipitation eld.

Theinclusionin the consideredrariablesof the integratedsaturationvatervapourover
the columnallows to translatehumidity informationinto temperaturéncrementsandto per
formin thisway a directcomparisorbetweerthesetwo variables.Furthermorehe forecast

wind elds attheendof theassimilationperiodsareplotted.

4.1 A falsealarm casestudy : 8th of July 2004

The meteorologicakituationfor this event canbe explainedasfollows: a frontal system,
linkedto a large low depressionocalisedon the WesternEurope,in the night betweenthe
7thandthe 8th of July 2004wasmoving towardsto lower latitudes.Themeteorologicasys-

temreachedrstly the North—Westernregionsof Italy andsubsequentlyhe otherNorthern
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Figure4.1: Synopticsituationat 00 UTC of the 8th July 2004

regions.

This synopticsituationoccursvery frequentlyand usually determinesnajor effectsin
termsof precipitationovertheWesterrmAlps and,afterthefront passagegverFriuli-Venezia—
Giulia, VenetoandTrentinoregions.Looking at severalNWP modelvariablesandin partic-

ularto theforecastegrecipitationarisk scenariovasannounced.

For this casestudy the temporalwindow of the two assimilationsstartsat 00 UTC of
the 8th of July 2004andlasts12 hours. The forecastsare performedfor the next 36 hours
startingat 12 UTC of the 8th of July (seeFig. 4.2).

ASSIMILATION

Figure4.2: Schemef thetemporaWwindowsfor assimilationsin greencolour, andforecasts,
in yellow, for thefalsealarmcase—study

To distinguishbetweerthetwo assimilationsandthetwo forecastsyith andwithoutthe

useof the MSG-1satellitedata,the experimentsarelabelledasfollows:

- ASS_MSG1_20040708ndFOR_MSG1_2004070®r theassimilationrandthefore-
castwhereMSG-1satellitedataareassimilatedisingthe 1 D—VAR approachin COSMO;
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- ASS_NUDG_20040708ndFOR_NUDG_20040708or theassimilatiorandthefore-
castwhereMSG-1satellitedataarenot assimilatedsoonly the corventionaldataare

assimilatedy the nudgingtechnique.

4.1.1 Assimilation

ASSIMILATION CYCLE : +10 hrs ASSIMILATION CYCLE : +11 hrs ASSIMILATION CYCLE : +12 hrs

Figure4.3: CT productfor the temporalwindow of the assimilationwith a temporalfre-
queng of 1 hour.

Evenif bothCT productandthe g_prc areavailableevery 15 minutesthey areplotted
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for all the case—studieselectedn this thesiswith atemporalfrequeny of 1 hour

TheCT product(seeFig. 4.3),with thesamecolourpalettede nedin section3.2,allows

theview of the front passag@ver the north of Italy duringthe rst hoursof the 8th of July

2004.

10
ASSIMILATION CYCLE : +1 hrs

10

ASSIMILATION CYCLE : +2 hrs

ASSIMILATION CYCLE : +3 hrs

ASSIMILATION CYCLE : +4 hrs

ASSIMILATION CYCLE : +5 hrs

ASSIMILATION CYCLE : +6 hrs

Lo

e

Lo

40

35

5 0
ASSIMILATION CYCLE : +7 hrs

5 10

0
ASSIMILATION CYCLE : +8 hrs

10

0
ASSIMILATION CYCLE : +9 hrs

- —

s

s

0
ASSIMILATION CYCLE : +10 hrs

0
ASSIMILATION CYCLE : +11 hrs

s 0 15
ASSIMILATION CYCLE : +12 hrs

Figure4.4: g_prc duringtheassimilationtemporalwindow with atemporalfrequeng of 1

hour
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The g_prc, with the samecolourpalettede ned in section3.2, obtainedfor the assimi-
lation temporalwindow (seeFig. 4.4) shaws thatthe dataassimilatedduringthe rst hours
aremostlylocalisedover the north of the Adriatic sea,while atthe middleandatthe endof
the periodthe availabledatapointsareconcentrate@n the Tyrrhenianseaandon the West-

ernMediterranearseacloseto the African coasts.

This datalocalisationhasanimpacton theinitial positionof the differencedor the con-
sideredvariables.In fact, exceptfor Ts, the modelvariableincrementsarelocalisedon the

northof the Adriatic seaduringthe rst hoursof assimilation.

During the assimilationintegrationtheseincrementsarespreadn spaceandtime by the

nudgingscheme.

In particularthe integratedwatervapourincrementgseeFig. 4.5) for the rst assimila-
tion hoursremainlocalisedwvhereobsenedradianceseachcornvergeny in the1D-VAR and
arethusassimilated.This producessigni cant positive incrementsof about0.5—1.0kg/m?

onthenorthof the Adriatic seaandin the Venetoregion.

The magnitudeof thesedifferencegeachethe maximumat the endof the assimilation
perioditself whenthe differencesare appreciablealmostover the integrationdomain; the
mostpositive incrementsare presenton the Liguria region andon the Ligurian sea,andin
the Mediterranearseanorh of Tunisia, while remarkablenegative incrementsare present

overtheseabetweerCorsicaandSardiniaislandsandwestof the Tuscary region.

For theintegratedsaturationwatervapouroverthe column(seeFig. 4.6) thedifferences
aresigni cant atthe begginningof theassimilationperiodonly over the Venetoregion, while
in the middle of the periodthe largestdifferencesarelocalisedover the seabetweersSicily,
Sardiniaandthe African coasts.The spreadingf thesestructureandtheiramplituderesults

smallerthanfor theintegratedwatervapourone.

TheT,, andy, differencesoverthe assimilationcycle period(shavn in Figg. 4.7 and
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Figure 4.5: Differences in kg/m? between ASS MSG1 20040708 and
ASS_NUDG_20040708f the integrated water vapour in the column during the as-
similationtemporalwindow with atemporalfrequeng of 1 hour.

4.8respectrely) shav aprogressie spreadingpf modeldifferencesn time. Forthe T, (see
Fig. 4.7)differencedetweerthetwo runsattheendof theassimilationperiodaregenerally
negative over the Tyrrhenianseawhile they arepositive in the north of the Adriatic sea,but

both thesedifferenceshave generallyan amplitudeof 0.5 K. The mostpositive differences

are presentin the south—easbf Sardinia,westof Corsicaand over the WesternAlps; the
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Figure 4.6: Differences in kg/m? between ASS MSG1 20040708 and
ASS_NUDG_20040708f the integrated saturationwater vapour in the column dur-
ing theassimilationtemporalwindow with atemporalfrequeng of 1 hour.

mostnegative valuesareinsteadpresenin the south—wesbf Sardinia,in Liguria, Tuscayy,

in the CentralAlps andin Friuli-Venezia—Giuliaegion.

For the o, (seeFig. 4.8) the differencesat the endof the assimilationperiodhave the

mostpositive valueson the Tyrrheniansea,south—westandeastof Sardinia,while the most
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Figure4.7: Differencesn K betweenASS MSG1 20040708andASS_NUDG_20040708
of theforecasted',,, duringtheassimilatiortemporalwindow with atemporalfrequeng of
1 hour.

negative valuesarein Sardinia,Corsicaandin Friuli-Venezia—Giulia.

In the forecastmodelthe assumptions madethatthe SST vary slowly duringthe fore-
castintegrationwhile this assumptiorcannotbe consideredsalid for the temperaturever
land. Hencethe SST valuesarekeptconstanto the analysedSST provided by the GME

boundaryconditionswhile Ty is diagnosedy aland—schemefig. 4.9 shavsthat T differ-
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Figure 4.8: Differences in g/kg between ASS MSG1 20040708 and
ASS_NUDG_20040708f the forecastedq,, during the assimilation temporal win-
dow with atemporalfrequeng of 1 hour.

encevertheassimilationperiodresultvery similarto T, differenceverland.

It is worth noting thatthe assimilationof clearsky radiancesver the north of Adriatic
seaat the beginning of the assimilationis not ableto remove the cloud cover presenin the
assimilationrun ASS_NUDG_20040708 0t shavn) andthis will be subjectof furtherde-

velopmentof the COSMOmodelsystemin the next future.
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Figure4.9: Differencesn K betweenASS MSG1 20040708andASS_NUDG_20040708
of the forecasted’s duringthe assimilationtemporalwindow with atemporalfrequeng of
1 hour.

Since this casestudy concernsa false alarm caseoccurredin Friuli-Venezia—Giulia
the forecastprecipitationscumulatedover the 12 hoursof the two assimilationshave been
plotted only for the north of Italy (seeFig. 4.10). The overestimationof precipitation
in Liguria region forecastby the run ASS_NUDG_20040708%s also presentin the run
ASS_MSG1_20040708.hemainremarkablaifferencedetweerthetwo forecastprecipi-
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Figure 4.10: Twelve hours cumulated precipitation in mm from 00 UTC of the
8th of July 2004 forecastedby the runs ASS_MSG1_20040708&top left panel) and
ASS NUDG_20040708top right panel), the differences(ASS_MSG1_2004070&inus
ASS NUDG_20040708)f the two forecastprecipitation elds (bottomleft panel)andthe
correspondentbsenations(bottomright panel).

tationsarelocalisedover the north of Adriatic seawheretherun ASS MSG1 20040708n-
crementgheprecipitationeld. There ectivity measuredby theradarlocalisedat Gattatico
(one of the two radarsof the Hydro—MeteorologicalServiceof Emilia—Romagnaegion,
ARPA-SIM) betweenl10:12UTC and11:42UTC of the 8th of July 2004 with a tempo-
ral frequeng of half an hour shavs clearly the presenceof hydrometeorsn the north of
the Adriatic seaand closeto the Venetocoasts(seeFig. 4.11),just in the areaswherethe
precipitation eld forecastedy ASS MSG1 20040708s largerthanthe oneforecastedy
ASS_NUDG_20040708his canbe consideredh qualitative con rmation thatthe assimila-
tion of MSG—1datahasapositiveimpactin theforecastegbrecipitationandin the production

of theanalysistself.

Finally theten meterswind elds forecastedy the two assimilationsat 12 UTC of the

8th of July have similar structurewith somechangesn intensityanddirectionmoreevident
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Figure4.11: Radarre ectivity in dBZ atthe mediumrangeobsenred by the radarlocalised
atGattaticoat 10:12UTC (topleft panel),10:42UTC (topright panel),11:12UTC (bottom
left panel)and11:42UTC (bottomright panel)of the 8th of July 2004respectrely

Figure4.12: 10 meterswind eld in m/sforecastedat the endof the assimilationwindow
for ASS_MSG1_20040708eft panel)landASS NUDG_20040704gright panel)plottedto-
gethermwith theorographyeld (in meters).

in theLiguriansea.(seeFig. 4.12)

4.1.2 Forecast

Theamplitudeof thedifference®f theintegratedwatervapourwith respecto the saturation
integratedwatervapouronesremainsgreateralsoover the forecastperiod. This meanghat

this greatenimpactfor the integratedwatervapourpersistsalsoduring the forecast,where
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Figure 4.13: Differences in kg/m? between FOR_MSG1_ 20040708 and
FOR_NUDG_2004070&®f the integratedwater vapourin the column during the fore-
casttemporalwindow with atemporalfrequeng of 3 hours.

the dataassimilations not performed(seeFigg. 4.13and4.14).

In particularthe largestamplitudeof the integratedwatervapourdifferencess initially
localisedover the Tyrrhenianseawith positive differencesin the southand negative dif-

ferencedan the northrespectrely. Carryingon in forecasttime the differencesare shifted
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Figure 4.14. Differences in kg/m? between FOR_MSG1_ 20040708 and
FOR_NUDG_20040708f the integrated saturationwater vapour in the column dur-
ing theforecastemporalwindow with atemporalfrequeng of 3 hours.

towardsthe eastinorth—eastlirectionwith a correspondenteductionof thedifferencesn the

north—-wesof COSMO-LAMI domain.

Thiseffectis dueto thefactthattheboundaryconditionshave moreimpactontheNorth—

Westernpartbecaus¢he o w at high elevationcomesfrom thatdirection. Thereductionis
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Figure4.15: Differencesn K betweerFOR_MSG1 20040708ndFOR_NUDG_20040708
of the T, duringtheforecastemporalwindow with atemporalfrequeng of 3 hours.

evenmoreevidentfor theintegratedsaturationvatervapour(seeFig. 4.14);thedifferences
initially localisedin the centerpart of COSMO-LAMI domainat the end of the forecast

remainlocalisedonly in the north—easpartof the domainitself.

Thereductionof the differencess lessevidentfor the othervariables(T,n, Gbm andTy)

(seeFigg. 4.15,4.16and4.17respectiely).
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Figure 4.16: Differences in g/kg between FOR MSG1 20040708 and
FOR_NUDG_2004070&f the o, during the forecasttemporalwindow with a tem-
poralfrequeng of 3 hours.

For the 2 metersvariablesthe differencereductionis greaterover seawestof Corsica
and Sardiniaislandsthanover land. It is worth noting that the variablesT,,, and g, are
diagnosedn COSMOmodelfrom the temperaturendthe speci ¢ humidity at the ground
andthe lowestmodellevel taking into accountthe atmosphericstability; this combinedto

theconstantSST explainswhy the reductionof the 2 metersvariablesdifferencess larger
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Figure4.17:Differencesn K betweerFOR_MSG1 20040708ndFOR_NUDG_20040708
of the T duringtheforecastemporalwindow with atemporalfrequeng of 3 hours.

over seathanoverland.

Theprecipitationelds obtainedy therunsFOR_MSG1 2004070&ndFOR_NUDG_20040708
have very similar structures.The overestimatiorof the precipitationover the Central Alps
is presenin boththe forecastsvhile the overestimationsn Friuli-Venezia—Giuliajust the

region wherethe falsealarmwasannouncedpresenin FOR_NUDG_2004070& remark-
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ablyreducedn FOR_MSG1_ 20040708 Thedifferenceof theforecastelds of precipitation

shavsthepresencef alittle phasedisplacemenof the structuregseeFig. 4.18).
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Figure 4.18: Twentyfour hours cumulatedprecipitationin mm from 12 UTC of the
8th of July 2004 forecastedby the runs FOR_MSG1 20040708 (top left panel) and
FOR_NUDG_20040708top right panel),the differencesfFOR_MSG1 20040708minus
FOR_NUDG_20040708)f the two forecastprecipitation elds (bottomleft panel)andthe
correspondentbsenations(bottomright panel).
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4.2 A heavy precipitation casexstudy. 9th of April 2005

The meteorologicakituationfor this eventdeterminecheary precipitationsover the whole
Emilia—Romagnaegion duringthetwo daysof 10thand11thof April 2005dueto thepres-
enceof a cyclonic depressiomver the Central-\®sternMediterranearasin. This synoptic
situation(seeFig. 4.19)wastriggeredby thearrival of a polarair massmovedfrom its orig-
inal positionin Greenlandowardsto lower latitude by a jet streampresenton the north of

the Atlantic.

Figure4.19: EuropeanCenterfor Medium rangeWeatherForecasf ECMWF) analysisat
250hPaat12 UTC of 8th of April 2005.

Thearrival of the cold front happenedn the night betweerthe 8th andthe 9th of April
andproducedhemostsigni cant effectsin termsof precipitationin thefollowing days.The
cold air reachedhe Algerian coastsandtriggereda greatwarm air o w from the African

land towardsthe centralpart of the Mediterranearsea. This determinednoistandintense
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windsfrom south—easin the south—eagpartof Italy whichimpactedstronglywith the cold
air presenta slightly more to the west. Furthermorethe extensve cloud—systemgdriven
from the meridionalwinds at high altitudes,wasevenmoreintensi ed in Emilia—Romagna
regionfor thepresencef north—eastwvindsatthe surfacewhichimpactedwith the Apennine
mountains. The baric minimum on the day of 11th of April reachedhe positionbetween
Sardiniaand Sicily islandswhereit stationedfor the next 36 hoursconstrainingthe cloud

vortex to circle the centerof low pressurdseeFig. 4.20).

Figure4.20: Imagein the visible channelof Meteosat—7at 12 UTC of the 11th of April
2005.

For this case—studyhetemporalwindow of thetwo assimilationsstartat 12 UTC of the
9th of April 2005andlasts12 hours. The forecastsare performedfor the next 36 hours
startingat 00 UTC of the 9th of April (seeFig. 4.21). Similarly for the falsealarm case
previously discussedto distinguishbetweenthe two assimilationsand the two forecasts,

with andwithoutthe useof the MSG—-1satellitedata,they arehereaftericalledrespectiely:

- ASS_MSG1_20050408ndFOR_MSG1_2005040fr theassimilationrandthefore-
castwhereMSG-1satellitedataareassimilatedisingthe 1 D—VAR approachiin COSMO;
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Figure4.21: Schemeof the temporalwindows for assimilationsjn greencolour, andfore-
castsjn yellow, for the heavy precipitationcase—study

- ASS_NUDG_20050408ndFOR_NUDG_200504090r theassimilatiorandthefore-
castwhereMSG-1satellitedataarenot assimilatedsoonly the corventionaldataare

assimilatedy the nudgingtechnique.
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4.2.1 Assimilation

Figure4.22: CT productfor the temporalwindow of the assimilationwith a temporalfre-
queng of 1 hour

TheCT product(seeFig. 4.22),with thesamecolourpalettede nedin section3.2,showvs
thatthecloudcoverin this casestudyis very muchextendedandthis allows theassimilation
of a smallnumberof obseredradiancesasshown in the Fig. 4.23(the colour paletteused
is theonede ned in section3.2). Most of the assimilatedsatelliteobserationsarelocated

in the Ligurian seaandsouthof Sicily island.
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Figure4.23: g_prc for thetemporalwindow of the assimilationwith atemporalfrequeng
of 1 hour.

For the integratedwatervapourthe initial differences|ocalisedin the Ligurian seaand
in the southof Italy, arenegative; they arespreadn spaceduringthe assimilationtemporal
window by the nudging. At the endof the assimilationcycle the mostnegative differences
arepresentn the loniansea,while the mostpositive differencesare presentn the southof

the Adriatic sea,south—westf Sardiniaandin the Ligurian sea. The integratedsaturation
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Figure 4.24: Differences in kg/m? between ASS MSG1 20050409 and
ASS_NUDG_20050409f the integrated water vapour in the column during the as-
similationtemporalwindow with atemporalfrequeng of 1 hour.

watervapourdifferencegnotshowvn) arealmostnegligible overthewholeassimilatiorcycle.

For the 2 meterssurfacevariables,T,, and, (seeFigg. 4.25and4.26),initially the
differencesare concentratedn the southof Italy and westof Tunisiancoastsand subse-

guentlythey arespreadrom this original position. For this case—studyhe amplitudeof the
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Figure4.25: Differencesn K betweem@ASS MSG1_2005040&ndASS_NUDG_ 20050409
of theforecasted',,, duringtheassimilationtemporawindow with atemporalfrequeny of
1 hour.

differencesat the end of the assimilationarerarely greaterthan0.5K for the T,,, and0.5
g/kgfor theo, respectrely. It is worth notingthe almosttotal absencef impactin the oo,

overtheAlps.

Finally T differenceqseeFig. 4.27)arevery similar to the differencesn the T,,, over

land,andalsofor this variablethedifferencesarerarelygreateithan0.5K.
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Figure 4.26: Differences in g/kg between ASS MSG1 20050409 and
ASS_NUDG_2005040%f the forecasted,, during the assimilation temporal win-
dow with atemporalfrequeng of 1 hour.

Theforecastprecipitation elds for the twelve hoursof thetwo assimilationshov sim-
ilar structureswith very small differencesvhosegreateseamplituderangesaround10 mm.
Thecorresponderabsenationsshav thatboththeforecastgproduceaslightoverestimation
of the precipitationin the Venetoregion, while the othermaximaof precipitation presenin

Piemonteregion andin the Povalley, arewell localised(seeFig. 4.28).
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Figure4.27:Differencesn K betweem$ASS MSG1_2005040&ndASS_NUDG_ 20050409
of theforecasted's duringthe assimilationtemporalwindow with atemporalfrequeng of
1 hour.

Finally theforecasted O meterswvind elds forecastedby theassimilationatO0UTC of

10thof April areidenticalandno suchremarkablechangecanbereportedseeFig. 4.29).
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Figure 4.28: Twelve hours cumulated precipitation in mm from 12 UTC of the
9th of April 2005 forecastedby the runs ASS MSG1 20050409(top left panel) and
ASS_NUDG_20050409%top right panel), the differences(ASS_MSG1_2005040¢ninus
ASS NUDG_20050409f the two forecastprecipitation elds (bottomleft panel)andthe
correspondentbsenations(bottomright panel).

Figure4.29: 10 meterswind eld in m/sforecastedat the endof the assimilationwindow
for ASS_MSG1_2005040@eft panel)JandASS _NUDG_20050409right panel)plottedto-
getherwith theorographyeld (in meters).

96

47N

46 N

45N

44N



4.2.2 Forecast

Figure 4.30: Differences in kg/m?> between FOR_MSG1_ 20050409 and
FOR_NUDG_2005040®f the integratedwater vapourin the column during the fore-
casttemporalwindow with atemporalfrequeny of 3 hours.

At the beginningof theforecasimostof the negative integratedwatervapourdifferences
arelocalisedin the lonian seaand southof Sicily, while the mostpositive differencesare
presenbon the south—eastf France.The differencesseemto have a generalcyclonic rota-

tion in time andat the endof theforecastwith the greatestlifferencesn termsof amplitude
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presentcloseto the low pressurdocalisedbetweenSicily and Sardiniaislands(seeFig.
4.30). The integratedsaturationwater vapour like during the assimilationcycle, have al-

waysvaluesconcentratethetween0.1and0.1kg/m? (notshown).

Figure4.31:Differencesn K betweerFOR_MSG1_20050408ndFOR_NUDG_20050409
of theT,,, duringtheforecastemporalwindow with atemporalfrequeng of 3 hours.

For the T, andthe oy, the amplitudeof the differencess mostly of 0.5 K and 0.5

g/kg respectrely, which meanghatthedifferencesarenot signi cant overthealmostwhole
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Figure4.32:Differencesn K betweerFOR_MSG1 20050408ndFOR_NUDG_20050409
of thep, duringtheforecastemporalwindow with atemporalfrequeny of 3 hours.

domain(seeFig. 4.31and4.32).
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Figure4.33:Differencesn K betweerFOR_MSG1 20050408ndFOR_NUDG_20050409
of the T duringtheforecastemporalwindow with atemporalfrequeng of 3 hours.

TheT, differencesireverysimilarto the2 meterdemperaturelifferencesoverlandwith

differencesvhich almostalwaysrangefrom -0.5to0 0.5K (seeFig. 4.33).

It is worth notingthatfor this casestudy on the contraryof whathappenedor thefalse
alarmcasepreviously discussedthe variablesdifferencesandin particularthe integrated

water vapourdifferencesdo not reducevery muchin the forecast. This could be dueto
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the presencef a stationaryvortex of low pressurébetweenSicily and Sardiniaislands;in

factthis vortex reducegsheimpactof the boundaryconditionshourly provided by the GME

modelanddetermines morepersistencén the differenceshemseles.
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Figure 4.34: Twentyfour hours cumulatedprecipitationin mm from 00 UTC of the
10th of April 2005 forecastedby the runs FOR_MSG1 2005040%op left panel) and
FOR_NUDG_2005040%top right panel),the differencesfFOR_MSG1 20050409minus
FOR_NUDG_20050409f the two forecastprecipitation elds (bottomleft panel)andthe
correspondentbsenations(bottomright panel).

Theprecipitationeld forecastedy thetworunsFOR_MSG1 2005040%ndFOR_NUDG_20050409
arevery similar; it is worth notingthatevenif theamountof forecastegrecipitationis very
high, especiallyin the Apennineareasof Emilia—Romagnaegion, the differencesn the
northof Italy arevery smallandrangingbetween-10 and10 mm. Comparingthe obsena-
tionswith theforecastedelds it is clearthegoodlocalisationof thepeaksof theprecipitation
overthe Emilia—Romagna\penninedut boththeforecastoverestimatehe precipitationin

Liguria region (seeFig. 4.34).
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4.3 A possibleimprovementof the B matrix and
its usein the falsealarm casexstudy

Up to now following the Parrish—Derbemethodologythe 12 hoursforecasis assumedo be
the“truth” andit is usedto computethebackgrounderrorcovariancenatrix B . Nevertheless
this statisticalmethoddoesnottake into accounthe synopticsituationof the momentwhich
representghe mainforcing of the meteorologicabystem.Hencethe bestpossibleapproach
in thede nition of B isthecondensatiomsideB itself of bothclimatologicalandreal-time
information. Hencethe calculationof “climatological’ B matriceshasto be coupledwith
the calculationof synopticsituationdependenB matrices.Thecalculationof thisimproved

B matrix consistan thefollowing threesteps:

calculationof theclimatologicalB matrices;
calculationof the“Ensemblelslands”B matrices;

meming of theclimatologicalandensembleslandsB matrices.

This methodhasbeenappliedto the falsealarmcase—studwf 8th of July 2004andthe

severalstepsareexplainedin thefollowing threesubsection$4.3.1,4.3.2and4.3.3).

4.3.1 Calculation of the climatological B matrices

TheclimatologicalB matrix, originally calculatedonly over the whole domain,is now also
calculatedvertwelve subdomainsontainingthe samenumberof grid points(seeFig. 4.35)
usingthe Parrish—Derbemethod. For simplicity the climatologicalB matricesfor a given
variablewill beindicatedby the symbolB /2P " hencethe temperaturelimatologicalB
matriceswill be indicatedby the symbolB [, , while the watervapourclimatological B
matricesby B ?

clim *

Figg. 4.36and4.37shov theB . sandtheB?

clim aim S respectrely for the twelve subdo-

mains.

All thesetwelve B

aim S Shav the highestpositive valueson the diagonalin the lastten

levels; in particularfor the subdomainnumber?2 the variancesat theselevels reachthe
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Figure4.35: Thetwelve subdomainsvheretheclimatologicalB matricesarecalculated.

maximumvalueof 2.47K2. Furthermoreall the B/}, s have negative valuesin the cross—
correlationdetweerthe5th andthe 10thlevel andthe levelsat lower altitude,with negative

valueswhich arenotlower than-0.65K.

The BY

clim

s calculatedon the twelve subdomainshow signi cant valuesgreaterthan
zerolocaliseddown the 15thlevel; thecovariancedor the higherlevelshave valueslowerin
amplitude,sincethe presencef watervapourat thesealtitudesresultsscarce.The highest
positive value of covarianceis reachedn the subdomaimumber5 aroundthe 30th level
with avalueof 2.30(g/kg)?. Signi cant but very little negative values,nonlower than-0.1

(9/kg), arepresenbnly in the subdomaimumber3.

It is worth noting that for boththe B/, . s andBJ. s on the twelve subdomainghe

clim clim
positive covariancesaregreaterin amplitudethanthe negative ones.Finally the B |, s and

clim
Bq

aim S arecalculatedover the whole integrationdomain;their shapesaremoreregularthan

in the correspondemnnatricescalculatecdon thetwelve subdomaingseeFig. 4.38).
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sin K2 onthetwelve subdomains.

4.3.2 Calculation of the Ensemblelslands B matrices

2.47e+00
2,03e+00
1.66e+00
1.28e+00
9,09e-01
4,73e-01
9.83e-02
-2.76e-01
-6,50e-01

Theuseof theensemblenemberdo computeEnsembldslandsB matricesis basedn the

assumptiohattheensemblepreadcangiveanimportantcontributionto de ne thesynoptic
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Figure4.37:TheB Y. sin (g/kgy onthetwelve subdomains.

clim

dependentomponentf thebackgrouncderrorcovariancesFor thefalsealarmcase—studpf
the8th of July 2004 ve ensemblanemberavererun. Theinitial conditionsandthe bound-

ary conditionsusedto producegheensemblenemberss providedby GME modelof 00UTC
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Figure4.38: All domainB /. in K2 (left panel)andB .  in (g/kgy (right panel).

clim clim

of the8th of July 2004,while the perturbationgreobtainedvaryingsomeparameterisations

insidethe COSMO model. One of the ve memberss obtainedrunningthe operational
COSMOmodel,two of the otherfour membersareobtainedreplacingthe Tiedtke convec-
tion schemewhich is usedoperationallyin COSMOmodel,by the Kain-Fritschconvection
schemendremoving ary type of corvectionparameterisatioachemgexplicit corvection)
respectiely. Theremainingtwo areinsteadobtainedsettinga parameterelatedto thetur-

bulenceschemgrlam_heat)which hasvalue 1 for the operationalCOSMO model,to the

values0.1and50 respectrely (seeFig. 4.39).

Figure4.39: The different ve ensemblanembergroducedstartingfrom the GME initial
conditionsandboundaryconditionsvaryingthe COSMOparametersoncerninghecorvec-
tion parameterisatioachemeor theturbulenceparametergseethetext for moredetails).

TheensembleunsstartatO0 UTC of the8th of July2004andthe 12 hoursforecastelds

areusedin the calculations.The meanof the ensemblanemberss consideredur “truth”
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andthedeparturegrom this “truth” is usedto estimatehe spreacf theensemblanembers
for the variabletemperaturen eachpointandat eachlevel of the integrationdomain. This
three—dimensionakld is thencorvolvedwith a normalisedweightingfunction which has
maximumvalueat 3 km atthealtitudeswherethe useof satellitedatahasthe majorimpact;

theweightingfunction(seeFig. 4.40)hasbeenchoserto have thefollowing form:

(z  20)?

n (4.1)

W (z;zp; A) = zio exp

wherezy andA areparametersllowedto bechangedseeFig. 4.40).

Figure4.40: Weightingfunction of the temperaturespreadusedto determinethe ensemble
islands(zp = 2.0,A =6.0).

Finally apercentilegechniquas appliedto thistwo—dimensionaleld to detecigeograph-
ical areascalled“islands”,wheretheensembld matriceswill becalculated Thepercentile
techniquecanbeexplainedasfollows: rst of all theplthpercentileandthep2thpercentile,
with 0 < p1 < p2< 100, of thetwo dimensionaleld arecalculatedithenstartingfrom the
left cornerof the domainand proceedingn west—eastlirection rstly andin south—north
directionsecondlythe pointswherethetwo—dimensionaleld hasvaluebiggerthanthep2th

percentilearesearchedIf onepointssatis esthis condition,thenthis pointis considered
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point of anisland,andthe sizeof thisislandis obtainedproceedingrom this pointin each
of thefour cardinaldirectionsuntil thetwo—dimensionaleld reachesvaluelowerthanthe
plthpercentile.Theislandso obtainedis dismissedf the numberof pointsinsideitself is
lower thana minimum number otherwisethe pointsconstitutingthe islandarenot allowed

to beinsideotherislands(seeFig. 4.41).
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Figure4.41: Ensembldemperaturédwo—dimensionaleld obtainedconvolving the weight-
ing function with the ensemblespreadeld of the temperaturetop left panel)in K2, the
islandsobtainedby the percentilegechniqugthe minimumnumberof pointsconstitutingthe
islandsis setto 150, plis setto 70, and nally p2is setto 99) (top right panel),andthe
brightnessemperaturein K, of the10.8 m infraredchannelat 12 UTC of the 8th of July
2004 (bottompanel).

Theislandsareprincipally localisedwherethe cloud systemsarepresentTheensemble

B matriceswill becalculatedbnthese‘islands”.
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Figure4.42: TheB ! _sin K? ontheeightislands.

ens

For simplicity theensembld8 matricedor agivenvariablewill beindicatedoy thesym-
bol BYaiable " hencethe temperaturensembleB matriceswill be indicatedby the symbol

B {ns» While thewatervapourensembleB matricesby B 4,...

109



island 1 island 2 island 3

35 \.\l
30+
25F
o 200 ‘ o ]
3 0 @ @
15 - g N
10" ]
5, -
5 10 15 20 25 30 35 5 10 15 20 25 30 35 5 10 15 20 25 30 35
LEVEL LEVEL LEVEL
island 4 island 5 island 6
35 T T T T T
30+
25+
o 20F
>
(]
- 15}
10F ]
5, -
5 10 15 20 25 30 35 5 10 15 20 25 30 35 5 10 15 20 25 30 35
LEVEL LEVEL LEVEL
island 7 island 8
35 T T T
300
25+
o 20F ¢
>
w
- 15¢F
107 1
5, _

5 10 15 20 25 30 35 5 10 15 20 25 30 35
LEVEL LEVEL

Figure4.43: TheBY .sin (g/kgy ontheeightislands.

Boththe B[ .sandBY s calculatedon the ensembléslandsresultmoreirregularthan

sandBJ. s matrices(seeFigg. 4.42and4.43respectiely). The

clim

the correspondenB

T.
clim

T
valuesof B g

s calculatedon the ensembldslandsare always smallerthan the valuesof
B i S over the twelve subdomainsaryway the highestvaluesareasbeforepresenon the

diagonalin the levels closeto the surface(seeFig. 4.42). The B s calculatedon the en-
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LEVEL

sembleislandshave valueswhoseorderof magnitudes thesameof theB ;.. s, in particular

in theislandnumber7 is reachedhe maximumvalueof 3.22(g/kg)? in thediagonabetween
the25thandthe 30thlevel (seeFig. 4.43).

all domain all domain
35 T . 2.47¢+00 . 3.22e+00
30! | 2.03e+00 2.73e+00
95 1.66e+00 2.30e+00
20 1.28e+00 ) 1.87e+00
9.09¢-01 1.45¢+00
15 4.73e-01 9.49e-01
107 — 9.83e-02 i 1 5.22e-01
5 . ~2.76e—01 9.58e—02
PR R S R B B R —6,506—01 P N N B I AV R —3,316—01
5 10 15 20 25 30 35 5 10 15 20 25 30 35
LEVEL LEVEL

Figure4.44: All domainB [, in K2 (left panel)andB Y, in (g/kgy (right panel).

g
sandB j;,

containlower information than the correspondenB matricescalculatedon the ensemble
islands(seeFig. 4.44).

Over the wholedomaintheB |,

clim s arenot only morehomogeneoubut also

4.3.3 Merging of the two B matrices

Oncethe climatologicalB matricesandthe ensembleB matricesare calculated they are

meigedfor eachpoint of theintegrationdomain.Therearetwo possibilities:
if thepointfallsin thesubdomaimumbern andin theensembleslandnumberj, then
the o w—dependenB matrix for this pointis:
Bow dependent = 0:7B¢iim + 0:3Bens (4.2)
if the pointfalls in the subdomaimumberi but no ensemblaslandincludesit, then

the o w—dependenB matrix for this pointis:

Bow dependent — B clim (4.3)

111



Using this “improved” B matrix assimilationand forecastare performedfor the false
alarmcase—studyvith the samemannerdiscussedt the beginning of this chapter The as-
similationandtheforecastrecalledASS MSG1 20040708nsandFOR_MSG1 20040708ens

respectrely.

4.3.4 Assimilation

Figure4.45: g_prc duringtheassimilationtemporalwindow with atemporalfrequeng of
1 hour.

112



Fig. 4.45shaws the g_prc (the usedcolour paletteis de ned in section3.2) for the
assimilationperiod;mostof theassimilatedadiancesreconcentrateduringthe rst hours

of theassimilationandtheir numberdecreasesarryingonin theassimilatiortime itself.

Figure 4.46: Differences in kg/m? between ASS MSG1_2004070&ns and
ASS_NUDG_20040708f the integrated water vapour in the column during the as-
similationtemporalwindow with atemporalfrequeng of 1 hour.

Theintegratedwatervapourdifferencesave signi cant valuesalreadyin the rst hours

of theassimilatiorwith positive valuesbetweer2.5and3.0kg/m? northof Sicily islandand
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in thenorth—easpartof the COSMO-LAMI domain.Duringtheassimilatiorthedifferences
arespreadverthewholedomainandattheendof theassimilatiorreachvaluesgreaterthan
10kg/m? southof Sardiniasland,with themostpositive valuesin thesouthof the Tyrrhenian

seaandthe mostnegative onessouthof Sicily island(seeFig. 4.46).

Figure4.47: Twelve hourscumulatedprecipitationin mm from 00 UTC of the 8th of July
2004 forecastedby therun ASS_MSG1_2004070&ns(left panel)andthe correspondent
obsenations(right panel).

The forecastedorecipitationpresentsoverestimatiorof precipitationin Liguria region
andin thenorth—-wespartof the PoValley, while themaximaof precipitationin theWestern

Alps arewell localised(seeFig. 4.47).

4.3.5 Forecast

At the begginning of the forecastthe integratedwatervapourdifferenceshave valuesgreater
than10kg/n? southof Sardiniaislandandnegative valuessouthof Sicily. Thesedifferences
arereducedandshiftedtowardsthe eastdirectionduringtheforecast At theendof thefore-
castthemostsigni cant differencesarepresenpnly onthe Easterrpartof thedomain.This
is dueto the effect of the boundaryconditionsof the GME modelwhich drive the COSMO
model;in factthe synopticsituationwascharacterisedt high altitudeby intensenorth—west
winds(seeFig. 4.48).

Finally the forecastedorecipitation eld showvs an overestimatiorof precipitationover

the CentralAlps, in the Liguria region andalsoover Friuli-Venezia—Giuliavherethe false

alarmcasewasannouncedseeFig. 4.49).
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Figure 4.48: Differences in kg/n? between FOR MSG1 20040708ens and
FOR_NUDG_2004070&®f the integratedwater vapourin the column during the fore-
casttemporalwindow with atemporalfrequeng of 3 hours.

The non-remarkablémprovementof theforecastin Friuli-Venezia—Giuliaegion using
the o w-dependenB matrix could be dueto the factthatin this casethe assimilationof
pointsin thenorthof the Adriatic seaatthebeginningof theassimilationis not performedat
thecontraryof therun ASS MSG1 20040708.This doesnot permitto producethe precipi-

tationin thenorthof the Adriatic seaduringtheassimilatiorandresultsin anoverestimation
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Figure4.49: Twentyfourhourscumulatedprecipitationin mm from 12 UTC of the 8th of
July 2004forecastedy therun FOR_MSG1_2004070&ns(left panel)andthe correspon-
dentobsenations(right panel).

of precipitationin Friuli-Venezia—Giuliaegion in theforecast.
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Chapter 5

CONCLUSIONS

Therequiremento improve the predictionof severeweathereventsandlocalisedheavy pre-
cipitationregimesdrivenby deepcorvectionandcomplex orographyhasleadmary national
forecastcentredo steadilyincreaseheresolutionof regionalscalemodels posingunprece-
dentedproblemsto widely usedvariationaldataassimilationsystems. On the one hand,
analysisat 1 km resolutionrequiresdenseandfrequentobsenationsto capturespatiallyin-

coherentandquickly evolving structuregypical of themeso- scalesOntheotherhandthe

applicabilityof variationaltechniqguesuchas4D—-VAR imposeghelinearity of theobsena-

tion operatorandthevalidity of balancesmposedoy thelargescale o w (Rabieretal., 1998
[27]), which areviolatedat high resolutions.As the role of non-coventionalobsenations
suchasradaror new high resolutionsatelliteplatftormsbecomesrucial for regional mod-

elling atthekilometrescale the suitability of 3D-VAR/4D—-VAR analysissystemswhich al-

low directradiance/re ectrity assimilationremainswidely debatedChevallier etal., 2003
[4] andChevallier etal., 2004[5]).

A possiblevayto overcomethelinearity problemathighresolutionwhile still retaininga
variationalapproachs by performinganintermediatestepin which partof thesatelliteinfor-
mationis transferredo prognosticvariableincrementsvhich canthenbe usedas“pseudo-
obsenations”to beingestednto theassimilationsystem(MarécalandMahfouf,2000[21]).
The tractability of the assimilationproblemis enhancedind detailedstudiesof modelad-
justmentgelatedto a certainobsenrationarepossible Herethis simpli ed approachs used

anda 1D-VAR techniqudas employedto investigateghequality of temperatur@andhumidity
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retrievals from SEVIRI on boardof the geostationarMeteosatSecondGeneratiofMSG)
satellite. Sinceobsenationsfrom MSG platformsareavailableat 3 km resolutionandwith
15° repetitioncycle they cansubstantiallyenrichassimilationsystemsbasedon rapidly up-
datingcycles. Thestudyhasbeenperformedor clearsky measurementver seapointsand
for aperiodof 20 daysstartingfrom 1stSeptembeR006. Backgroundlata elds werepro-
vided by the regional non-hydrostatianodel COSMO-LAMI during its assimilationcycle

integration.

Betweenthe eight available infrared channelsof SEVIRI the two watervapourwave-
lengthsat 6.2 and 7.3 m have beenshownn to possesghe largest'information content’,
bothin termsof absolutereductionof backgrouncerrors(largestDFS) andrelative perfor
mancecomparedo the otheravailable wavelengthg(largestDRM) ( Rodgers,2000[32]).
They producea substantiateductionof backgrounderrorsbetween200 hPa and 600 hPa.
For the reductionof both temperatureand humidity errorsbelonr 600 hPa the inclusion of
wavelengthsat 8:7m , 108 m and120m is bene cial. The ozoneand carbondioxide
monitoring channelsareinsteadblacklisted. They were demonstratedo possesa poorin-
formation content(low valuesof DRM and DFS). Moreover inaccuraciesn the radiatve
transfercalculationsfor thesetwo wavelengthsare expectedas the concentratiorof both
gasess not predictedoy themodel. Thereforethetheoreticalkvaluationof theirimpactinto

theanalysisobtainedusingvaluesof the DFSandMRM canbenotreliable.

With this ve channelcon guration an expectedmaximumreductionof 11%in tem-
peratureand20%in speci ¢ humidity standarddeviationshasbeenestimated.The vertical
resolutionof the expectedanalysisincrementshasbeenfound quite coarseat roughly 10
km in thetropospher@andworseabore. Finally while the 1LD-VAR algorithmis notableto

reducethe 2m temperatur@andhumidity errorsit improvedthe backgroundsST .

The quality of the 1D-VAR productshasbeenassessetloth on modeldeparturestatis-
tics and comparingthe nal analysisto independenbbsenationscomingfrom collocated
radiosondesvhich were not includedin the analysis,and microwvave basedsatellite SST

products.Fromthe backgroundandanalysisstatisticsthe 1D-VAR methodologyin the se-
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lectedcon gurationwasshowvn to bearobusttechniqueo extracttemperatur@andhumidity
informationfrom satelliteradiances.The meanexpectedvariableincrementsverecloseto

zeroshaving the easeof performingair-massdependenbiascorrections.

Thewarmanddry biasegevealedn COSMO-LAMI backgroundelds by thecompari-
sonto theTEMP obsenationswerereducedubstantiallyn the1D—-VAR analysis Moreover
the 1D-VAR wasableto correctfor mostof the forecastmodelbias variability producing
pro les which were highly correlatedwith the radiosondeobsenations. In particularthe
analysedtemperaturgoro les shaved a maximumecorrelationof 80 % and the humidity

around40 %.

The assimilationof MSG satellite datais assessedor two three—dimensionatase—
studies:afalsealarmcaseoccurredn Friuli-Venezia—Giuliaegion on the 8th of July 2004
anda heavy precipitationcaseoccurredin Emilia Romagnaegion betweernthe 9th andthe
12th of April 2005. Both thesecase—studieareanalysedn two steps:the rst oneis the
assimilation,with initial conditionand boundaryconditionsprovided hourly by the GME
model,for twelve hoursandthe secondoneis the forecast,with boundaryconditionspro-
vided hourly by the GME model, for the subsequenthirtysix hours. The impactof the
1D-VAR techniqueis evaluatedin termsof variabledifferences:the integrated(over the
column)watervapourand saturationrwatervapour the T, , the g, andthe Ts. Theinte-
gratedsaturatiorwatervapourtranslatesiumidity informationinto temperaturelifferences

allowing a directcomparisorbetweerthesetwo variables.

During the assimilationperiod the differencesi,initially localisedin the points where
MSG satellitedataareassimilatedarespreadihe extensionandthe speedf this spreading
depend®n theconsideredrariableandon the numberof MSG satellitedatathatareassim-
ilated. For exampleduringthe assimilationperiodof the falsealarmcase-studyhe amount
of MSG satellitedataassimilateds largerthanin theheavry precipitationcase—studgndthis
determines moreintensespreadingf thedifferencesn the rst casefor all theconsidered
variables. It is worth noting thatin both the case—studieduring both the assimilationand

the forecastthe amplitudeof the integratedwatervapourdifferencess largerthanthe inte-
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gratedsaturatiorwatervapourin the columnproducedy thevariationof temperaturen the

columnusingthe 1D-VAR interfacedwith the nudgingtechnique.

During the forecastperiod the evolution of the differencedor the two case—studies
differentand affectedby the differentsynopticsituations. In factin the falsealarmcase—
study characterisethy intensenorth—westvinds at high altitudes the difference=f all the
consideredariabledecrease amplitudemainlyin thenorth—wespartof COSMO-LAMI
domain. This behaiour is moreevidentfor the integrateddifferencesf watervapourand
saturationwater vapourwherethe impactof the winds at high altitudeis bigger The dif-
ferencesof the 2 meters elds, T,,, and .y, shov a main reductionover the seaat west
of Corsicaand Sardiniaislands. It is worth noting that the variablesT,,, and g, areob-
tainedin COSMOmodelcombiningthetemperatur@ndthespeci ¢ humidity atthesurface
andatthelevel closestto the surfacerespectrely; furthermorethe SST is keptconstantn
COSMOduringtheforecast.Hencethesetwo constraintssincetheimpactof theboundary
conditionsis biggeron the north—-wespartof domain,explain why the biggestreductionof

the T, andgy, is justoverthesea.

The heavy precipitationcase—studyvasinsteadcharacterisedy a low pressurecenter
which stationedbetweenSicily and Sardiniaislands;this synopticsituationdeterminesa
weakimpactof the boundaryconditionsin theforecastandin factthe amplitudeof the dif-

ferencesn theforecastime remainthe samefor all thevariables.

Theimpactof MSG satellitedatais anyway moreevidentin the falsealarmcase—study
wheretheassimilationof thesenew generatiordataallows thelocalisationof a precipitation
cell in the north of the Adriatic seaduring the assimilationand a subsequenteductionof
the overestimatiorof precipitationin Friuli-Venezia—Giuliaegion duringtheforecast.The
presencef anextendedcloud systemin the heavy precipitationcase—studynsteadpermits
the assimilationof a very scarcenumberof MSG dataavoiding a possibleimprovementof
the forecast. This canbe considereda proof of the limitation in the assimilationof MSG

satellitedataonly in clearsky pointsover sea.
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An improvemenin thede nition of theB matrixis discussedisinga o w—dependerdp-
proach.Thisapproacthiriesto take into accountheerrorsof themodeldependinglsoonthe
synopticsituation. On the onehandParrish—DerbeB matricesare calculatedover twelve
COSMO-LAMI subdomainspbtaineddividing the domainin twelve partscontainingthe
samenumberof grid points. Thesematricesarealsocalled“climatological” B matrices.On
the otherhandensemblenembersare usedto selectthe areasvherethe modelerrorscan
vary remarkablywith respecto the climatologicalvalues.The selectionof theseareasalso
called“ensemblaslands”,is performedconvolving aprede nedweightingfunctionwith the
temperaturensemblespreadeld andapplyingto the two—dimensionaleld soobtaineda
percentiletechnique. Finally thesetwo typesof B matricesare appropriatelymeged to-
gether The o w—dependenB methodhasbeenappliedto thefalsealarmcase—studput no
remarkabléamprovementwith respecto the run without the assimilationof MSG satellite

datais obtained.

In summaryit hasbeenshowvn thathigh spatialandtemporalMSG obsenationscanbe
exploitedwith a 1D-VAR approachresultingin animprovedanalysisof T andq pro les in
clearsky over oceans.Furthermorehesenen generatiordatacanbe usedin operational
forecaststo detectpossiblescenariosof risk asit is demonstratedherefor a falsealarm
case—studyThe next stepwill beto extendthe useof theseMSG channelsover land and

investigataheirimpacton the subsequerforecastaisingdeterministicscores.
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