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List of Symbols

List of the mostcommonsymbolsusedin the thesis. Units arespeci�ed betweensquare

brackets.

* A : analysiserrorcovariancematrix

* B : backgrounderrorcovariancematrix

* bt_bcor: biascorrectedbrightnesstemperature[K]

* bt_fg : �rst guessbrightnesstemperature[K]

* bt_obs: observedbrightnesstemperature[K]

* bt_ret: retrievedbrightnesstemperature[K]

* di;j : level to spaceopticaldepthfrom level j for channeli [–]

* H : forewardoperator

* H : tangentlinearof H

* H T : adjointof H

* L(v; � ) : upwellingradianceat thetopof theatmosphere[W/(m2 sr)]

* J : costfunction[–]

* Jb : backgroundcostfunction[–]

* Jo : observationalcostfunction[–]

* K : gainmatrix
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* Pi (TB) : modi�ed Planckfunctionfor channeli at brightnesstemperatureTB

[W/(m2 sr)]

* P(v; T) : Planckfunctionat frequency v andtemperatureT [W/(m2 sr)]

* q : verticalpro�le of speci�c humidity [g/kg]

* q2m : 2 metersspeci�c humidity [g/kg]

* R : observationalerrorcovariancematrix [K 2]

* SST : seasurfacetemperature[K]

* T : verticalpro�le of temperature[K]
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* ~xb : background�eld
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* � : emissivity [–]

* � s : surfaceemissivity [–]

* � : transmittance[–]

* � s : surfacetransmittance[–]

* � i;j : level to spacetransmittancefrom level j for channeli [–]

* � : anglefrom zenithat thesurface[rad]

* v : frequency [s� 1]
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Abstract

The quality of temperatureand humidity retrievals from the infrared SEVIRI sensorson

the geostationaryMeteosatSecondGeneration(MSG) satellitesis assessedby meansof a

onedimensionalvariationalalgorithm. The studyis performedwith the aim of improving

the spatialand temporalresolutionof availableobservationsto feed analysissystemsde-

signedfor high resolutionregionalscalenumericalweatherprediction(NWP) models.The

non-hydrostaticforecastmodel COSMO (COnsortiumfor Small scaleMOdelling) in the

ARPA-SIM operationalcon�guration is usedto provide background�elds. Only clearsky

observationsoverseaareprocessed.

An optimised1D–VAR set-upcomprisingof thetwo watervapourandthethreewindow

channelsis selected.It maximisesthe reductionof errorsin the modelbackgroundswhile

ensuringeaseof operationalimplementationthroughaccuratebiascorrectionproceduresand

correctradiative transfersimulations.

The1D–VAR retrieval quality is �rstly quanti�ed in relative termsemploying statistics

to estimatethereductionin thebackgroundmodelerrors.Additionally theabsoluteretrieval

accuracy is assessedcomparingthe analysiswith independentradiosondeandsatelliteob-

servations.Theinclusionof satellitedatabringsasubstantialreductionin thewarmanddry

biasespresentin the forecastmodel. Moreover it is shown that theretrieval pro�les gener-

atedby the1D–VAR arewell correlatedwith theradiosondemeasurements.

Subsequentlythe1D–VAR techniqueis appliedto two three–dimensionalcase–studies:

a falsealarmcase–studyoccurredin Friuli–Venezia–Giuliaon the 8th of July 2004anda

heavy precipitationcaseoccurredin Emilia–Romagnaregion between9thand12thof April
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2005. The impactof satellitedatafor thesetwo eventsis evaluatedin termsof increments

in theintegratedwatervapourandsaturationwatervapourover thecolumn,in the2 meters

temperatureandspeci�c humidityandin thesurfacetemperature.

To improve the 1D–VAR techniquea methodto calculate�o w–dependentmodelerror

covariancematricesis alsoassessed.The approachemploys membersfrom an ensemble

forecastsystemgeneratedby perturbingphysicalparameterisationschemesinsidethemodel.

The improved set–upappliedto the caseof 8th of July 2004 shows a substantialneutral

impact.
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INTRODUCTION

0.1 The initial condition problem

At the beginning of the meteorologicalsciencethe Newtonianphilosophywasdominant:

assumedknown the initial stateandthe physicallaws describingthe dynamicalevolution

of theatmosphere,its �nal stateat any futureinstantcouldbeforecasted.Thedeterministic

approachis still usednowadays,but it is well known thatthemorecarryingonin theforecast

time themorethereis probabilitythattheoutcoming�elds areaffectedby errors.In factthe

presenceof non–lineartermsin thedynamicequationsis sourceof greatdifferencesfor fore-

castsproducedstartingfrom very little differentinitial conditions,hencea little difference

betweentheusedinitial conditionandthe“truth” determinesanerroneouspredictionin the

atmosphericsystemevolutionandtheamplitudeof theseerrorsgrow in time.

In mathematicaltermstheproblemof doinga forecastis a problemat the initial condi-

tions,which canat leastnumericallybesolvedwhenthesethreetasksareful�lled:

- the de�nition of a network observingsystemcollectingall availablemeteorological

data;

- thede�nition of ananalysismethodto build thebestapproximationof theatmospheric

initial statefrom all availabledata;thisanalysiswill betheinputof themeteorological

model;

- thede�nition of a setof motionequations,i.e. a mathematicaltranslationof thelaws

of conservation of energy, momentum,andmasstogetherwith the stateequationof

thegases.
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Theknowledgeof thebestinitial atmosphericstatewould improve theforecastoutcom-

ing, hencethe incrementof datafrom thenetwork observingsystemandtheproductionof

moreaccurateanalysescanbeconsideredthenew challengesof thefuture.

0.2 Conceptof analysis

Theanalysiscanbede�ned asthebestaccurateimageof thetruestateof theatmosphereat

agiventime,producedby meansof assimilationtechniques,andit canbeusedastheinitial

statein aNumericalWeatherPrediction(NWP) Model.

Thebasicinformationof theassimilationtechniquesconsistsin thecollectionof different

kindsof observations.Underthehypothesisthatthemodelis overdeterminedby theobserva-

tionstheanalysisproblemreducesto aninterpolationmodel,neverthelessthisneverhappens

in thereality sincedataaresparseandsometimesonly indirectly relatedto themodelvari-

ables.To avoid complicationsandto de�ne awell-posedproblemis necessaryto introducea

background�eld, asapriori estimateof themodelstate.Thecollectionof differentkindsof

observationstogetherwith thebackground�eld aretakenasinput to theassimilationtech-

niquesproviding asoutputanalysisincrementsthataddedto thebackground�eld resultin

thewantedanalysis.

Thedifferentkindsof assimilationtechniquescanbedividedin two maincategoriesde-

pendingon thefactthatthey usestatisticalmethodsor not.

Themostimportanttechniquewherethestatisticalapproachis missingis theNewtonian

relaxationor nudgingtechnique(HokeandAnthes,1976[18]). Thismethodinvolvesadding

a termto theprognosticmodelequationsthateffectively nudgesthesolutiontowardsobser-

vations.Thenudgingtermis timedependentandshouldbelargeenoughthatit hasaneffect

on thesolution,but smallenoughsothatit doesnotdominateoverotherterms(Stauffer and

Seaman,1990[41]). In practicethenudgingtermis oftennolargerthanthemagnitudeof the

leastdominantterm in theequation.This techniqueis widely usedin Limited AreaModel

(LAM) wheretheapplicationof othermethodswould resultproblematic.
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Thenudgingtechniquecanbeappliedonly on theprognosticvariablesof LAMs andthis

is a very big limitation of this method.Hencetheassimilationof remotesensingdata,like

radiancesobservedfrom satelliteandre�ectivity observedfrom radar, have to beperformed

in otherways.

In thestatisticalapproachmethodsthereis a mathematicalrepresentationof theuncer-

tainty of the data,bothof modeldataandof observationaldata. Theerror statisticsareso

modelledusingprobabilisticconceptsandtheanalysisalgorithmis de�ned on thebasisthat

the analysiserrorsmustbe minimal in a root meansquaresense.This is the coreof the

main variationalassimilationtechniques(1D–VAR, 3D–VAR and4D–VAR) andof theOI

(OptimumInterpolation)technique.Their capabilitiesaresogeneralthat they conceptually

permittheassimilationof any kind of observation;thatis why of their importance.

In particularthe 1D–VAR approachis the simplestvariationalmethod(with respectto

3D–VAR, wherethe assimilationis donealso in the other two 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 thesatellitedataretrieval problem,in which the1D–VAR algorithm

performsalocalanalysisof oneatmosphericcolumn(themodelstate)at thelocationof each

satellitesounding.

0.3 Satellitedata assimilation

Theassimilationof satellitederivedobservationsin NWPmodelsmakesit continuousprogress

with theadvancesin dataassimilationtechniquesandtheever increasingquality andavail-

ability of remoteobservations(Danielset al., 2004[7]) . While somelimited geostationary

dataareassimilatedin theform of cloudtrackwinds(Schmetzet al., 1993[36]), up to now

theirmainusein operationalNWPmodelshasbeentheupdateof radiancesandtheoutcom-

ing of derivedproducts.Thepoornumberof channelsavailable,their broadspectralwidth

andthehighsignal–to–noiseratiowhich imposeslow spatialresolutionhaspreventedwider

15



use.Nevertheless,with respectto radianceobservationsfrom polar–orbitingsatellites,data

from geostationaryplatformsoffer highertemporalresolutionwhich is crucial for regional

NWP.

New generationgeostationarysatelliteshave improvedcapabilities.TheMSG satellites,

whoseMSG–1launchedin August2002is the �rst prototype,provide measurementswith

doublespatialresolutionandtemporalcoveragecomparedwith its predecessorMeteosat–7.

Its 15 minutesrepetitioncycle and3 km nominalspatialsamplingpermitsthe monitoring

of localisedphenomenaandrapidly evolving weathersystemsmakingit a potentiallygood

qualityobservationalsystemnotonly for globalatmosphericNWPmodelsbut alsofor high

resolutionLAM models.

Moreover the SEVIRI radiometeron boardof MSG satellitesmeasuresradiationin 12

spectralchannels,with respectto theonly 3 channelsof Meteosat–7,spanningthevisible to

the infraredwith a muchnarrower bandsize. It is clearlydesirableto exploit thewealthof

radianceinformationfrom this new generationof geostationarysatellites,particularlywith

theprospectof evenhigherspectral–resolutionsounderssuchastheGeostationaryImaging

FourierTransformSpectrometerandtheAdvancedBaselineSounderwhich areplannedto

beplacedin geostationaryorbit onGOES–R(GurkaandSmith,2004[16])

A possiblewayto evaluatetheusefulnessof any new typeof observationsin globalor re-

gionaloperationalanalysissystematareasonablecostis to useaonedimensionalvariational

approach(1D–VAR). To convert modeldatain forecastedsatelliteradiancesfast radiative

transfermodelshavebeendesigned:they representthecruciallink betweenmodelprognos-

tic variablesandsatellitedata. In this casetheassimilationis performedin two steps.The

�rst stepconsistsin theproductionof 1D–VAR retrievedpro�les in which 1D–VAR seeks

optimal, in a leastsquaresense,modelvariables(e.g. temperature,humidity, etc.) which

�t theobservedvariableswithin speci�ed modelandobservationalerrors.Thesecondstep

incorporatesthe1D–VAR retrievedproductsas“pseudo–observations”into theassimilation

systemof themodelitself.
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Oneweaknessof this methodologyis to introducecorrelationsbetweenthesepseudo–

observationsandthe modelstatesincemodelvariablesareusedas �rst guessin the min-

imisation performedduring the 1D–VAR technique. However this techniquehasalready

beenprovenrobustfor operationaluseevenwhenemploying highly non–linearobservation

operators(Courtieret al., 1994[6]) andthe “1D–VAR + 4D–VAR” schemeimplemented

at ECMWF to assimilaterainy–radiancesfrom two microwave sensorsSSM/I andTRMM

(MarécalandMahfouf, 2002[22]) is a demonstrationof this fact. Moreover, sincethe �-

nalproductsof the1D–VAR algorithmarebasicthermo–dynamic/dynamicmodelvariables,

they canbe introducedin lesscomplex assimilationsystemssuchasthe nudginganalysis,

whichdo notusevariationaltechniquesandthusdo notpermitdirectradianceassimilation.

Theaimof this thesisis thereforeto studythepotentialfor a1D–VAR retrieval usingthe

fastradiativetransfermodelRTTOV–7. Theretrievedvariablesaretemperatureandhumidity

pro�les andsurfacevariablesderivedfrom SEVIRI observationsin clearsky conditionsfor

theirassimilationinto thenudgingschemeof theLAM COSMO–LAMI, whichARPA–SIM

runsdaily to provideweatherforecastsfor theItalianpeninsula.

0.4 Scienti�c questionsto beaddressed

Thework hastheendto provideanswersto thesescienti�c questions:

- How to establishthebestsetof channelswhich maximisethe “information content”

broughtby satellitedatainto theanalysisandtheanalysiserrorreduction?

- How muchis the impactof the 1D–VAR techniqueappliedto speci�c selectedcase

studiesin termsof precipitationandsurfacevariables?

- How thebackgrounderrorcovariancematrixdependsontheregionandonthesynoptic

situation?How animprovedconstructionof thismatrix canbeperformed?

Thestructureof thethesisis asfollows. In thechapter1 theassimilationmethodsbased

on statisticalapproachare treatedputting particularattentionon the 1D–VAR technique.

Chapter2 givesa generalview of the observationaldataalreadyusedinsidethe assimila-

tion techniquesin the main NWP models,showing the differencesbetweenconventional
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andnon–conventionaldata;subsequently�rstly thenew geostationarysatellitedata,which

areusedin this study, arepresentedandsecondlyinformationon LAM usedin this thesis,

COSMO,andits internalassimilationscheme,the nudging,aregiven. Chapter3 explains

thecomponentsof the1D–VAR technique:thefastradiativetransfermodelusedto simulate

thebrightnesstemperatures(section3.1), the clouddetectionmethod(section3.2) andthe

backgroundandobservationalerror covariancematricescalculation(section3.3); section

3.4 reportsthe 1D–VAR conceptualperformancein termsof analysiserror reduction,sec-

tion 3.5 describesthebiascorrectionmethodand�nally section3.6 describesthe retrieval

accuracy of the1D–VAR techniquecomparingtheanalysiswith independentradiosoundes

and satelliteobservations. In chapter4 the useof the 1D–VAR methodin the COSMO

model is assessedfor two three–dimensionalcase–studies,a falsealarmcase–studyanda

heavy precipitationcase–study;in section4.3 a possibleimprovementof the background

errorcovariancematrix usedin the1D–VAR methodis discussed.Finally in chapter5 the

conclusionsobtainedin thiswork aredrawn.
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Chapter 1

1D±VAR FRAMEW ORK

1.1 Basicconceptsof data assimilation

Thebasicobjectiveinformationthatcanbeusedto producetheanalysisis acollectionof ob-

servedvaluesprovidedby observationsof thetruestate.If themodelstateis overdetermined

by theobservations,thentheanalysisreducesto aninterpolationproblem.Anyway in most

casestheanalysisproblemis under–determinedbecausedataaresparseandsomeof them

only indirectly relatedto the modelvariables.In orderto make it a well–posedproblemit

is necessaryto rely on somebackground informationin theform of ana priori estimateof

themodelstate.Thebackgroundinformationcanconsistin a climatologyor a trivial state;

they canconsistalsoin theoutputof a previousanalysis,usingsomeassumptionof consis-

tency in timeof themodelstate,likestationarity(hypothesisof persistence)or theevolution

predictedby a forecastmodel. In a well–behaved systemoneexpectsthat this allows the

informationto beaccumulatedin time into themodelstate,andto propagateto all variables

of themodel:this is properlythebasisconceptof dataassimilation.In otherwordsthedata

assimilation is ananalysistechniquein which theobservedinformationis accumulatedinto

themodelstateby takingadvantageof consistency constraintswith laws of time evolution

andphysicalproperties.

The�rst stepin themathematicalformalisationof theanalysisproblemis thede�nition

of thework space.As in a forecastmodel,thecollectionof numbersneededto representthe

atmosphericstateof the model is collectedasa columnmatrix calledthe state vector ~x.
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How thevectorcomponentsrelateto thereal statedependson thechoiceof discretisation,

which is mathematicallyequivalentto achoiceof basis.

It is importantto distinguishbetweenreality itself, which is morecomplex thanwhatcan

berepresentedasastatevectoritself, andthebestpossiblerepresentationof realityasastate

vector, which it usuallydenotedby ~x t , the true state at the time of theanalysis.An other

importantvalueof thestatevectoris ~xb , thea priori background estimateof thetruestate

beforetheanalysisis carriedout,valid at thesametime. Finally theanalysis is denotedby

~xa which is whatis wanted.

1.2 Control spacevariables

In practiceit is often convenientnot to solve the analysisproblemfor all componentsof

themodelstate,or it is necessaryto reducetheresolutionor domainof analysisbecauseof

insuf�cient computerpower. In thesecasesthework spaceof theanalysisis not themodel

space,but thespaceallowedfor thecorrectionsto thebackground,calledcontrol variable

space. Thentheanalysisproblemis to �nd a correctionor analysis increment � ~x such

that

~xa = ~xb + � ~x (1.1)

is ascloseaspossibleto ~x t . Sofor theresolutionof theanalysisprobleminsteadto look

for ~xa onecanlook for ~xa � ~xb in asuitablesubspace.

1.3 Observations

For a givenanalysisa numberof observedvaluesis used;they aregatheredinto anobser-

vation vector ~y. To usethemin theanalysisprocedureit is necessaryto beableto compare

themwith thestatevector. It wouldbeniceif eachdegreeof freedomwereobserveddirectly,

so~y couldbe regardedasa particularvalueof thestatevector. In practicetherearefewer

observationsthanvariablesin the modelandthey areusually irregularly disposed,so that

the only correctway to compareobservationswith the statevectoris throughthe useof a
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functionfrom themodelstatespaceto theobservationspacecalledanobservation opera-

tor thatis denotedby H. ThisoperatorgeneratesthevaluesH(~x) thattheobservationswould

take if boththey andthestatevectorwereperfect,in theabsenceof any modellingerror. In

practiceH is a collectionof interpolationoperatorsfrom themodelgrid to theobservation

points,andthenconversionfrom modelvariablesto theobservedparameters.Thekey point

in dataanalysisis theuseof thediscrepanciesbetweenobservationsandstatevector;this is

givenby thevectorof departuresat theobservationpoints:

~y � H(~x) (1.2)

Whencalculatedwith thebackground~xb thesedifferencesarecalledinnovations, while

with theanalysis~xa analysis residuals. Their studyprovidesimportantinformationabout

thequalityof theassimilationprocedure.

1.4 The modelling of errors

To representthefactthatthereis someuncertaintyin thebackground,in theobservationsand

in the analysissomemodelof the errorsareassumedbetweenthesevectorsandtheir true

counterparts.The correctway to do this is to assumesomeprobability density function

(pdf) for eachkind of error.

Given a background�eld ~xb just beforedoing an analysis,thereis oneandonly one

vectorof errorsthatseparatesthebackground�eld from thetruestate:

~� b = ~xb � ~x t (1.3)

If it werepossibleto repeateachanalysisexperimenta large numberof times,under

exactly thesameconditions,but with differentrealisationsof errorsgeneratedby unknown

causes,~� b wouldbedifferenteachtime. Statisticssuchasaverages,variancesandhistograms

of frequenciesof ~� b canbecalculated.In thelimit of avery largenumberof realisationsit is

expectedthat thestatisticsconvergeto valueswhich dependonly on thephysicalprocesses

responsiblefor the errors,not on any particularrealisationof theseerrors. Whenanother

analysiswill bedoneunderthesameconditions,it is not expectedto know theerror~� b but
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at leastits statistics.Thebestinformationaboutthedistribution of ~� b is givenby the limit

of thehistogramwhentheclassesarein�nitely small,which is a scalarfunctionof integral

1 calledtheprobability density function of ~� b .

Theerrorsin thebackgroundandin theobservationsaremodelledasfollows:

� background errors: ~� b =~xb � ~x t , of average~� b andcovariancesB = (~� b � ~� b )(~� b � ~� b )T .

They aretheestimationerrorsof thebackgroundstate,i.e. thedifferencebetweenthe

backgroundstatevalueandthe“true” value.They donot includediscretisationerrors.

� observation errors: ~� o = ~y � H(~x) of average~� o andcovariancesR = (~� o � ~� o)(~� o � ~� o)T .

They containerrorsin theobservationprocess(instrumentalerrors,dueto the instru-

mentalnoiseandto the limited scaleresolutionof the instrumentitself) errorsin the

designof theoperatorH andrepresentativenesserrorsi.e. discretisationerrorswhich

prevent ~x t from beingaperfectimageof thetruestate.

� analysis errors: ~� a = ~xa � ~x t , of average~� a. A measurek~� a � ~� ak of theseerrorsis

givenby thetraceof theanalysiserrorcovariancematrixA ,

Tr (A ) = k~� a � ~� ak2 (1.4)

They are the estimationerrorsof the analysisstatewhich mustbe minimised. The

averagesof errorsarecalledbiases andthey arethesignof a systematicproblemin

the assimilationsystem:a modeldrift, or a biasin the observations,or a systematic

errorin theway they areused.

1.5 Statistical interpolation with least±squaresestimation

Thefundamentalequationfor linearanalysisin ageneralalgebraicform is theleast squares

estimation, alsocalledBest Linear Unbiased Estimator (BLUE). A brief explanationof

this tool usednowadaysin meteorologicalandoceanographicsciencesis reportedhere.
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1.5.1 Notation

Thedimensionof themodelstateis n andthedimensionof theobservationvectoris p. Let

denote

~x t truemodelstateof dimensionn

~xb backgroundmodelstateof dimensionn

~xa analysismodelstateof dimensionn

~y vectorof observationsof dimensionp

H observationoperatorfrom dimensionn to p

B covariancematrixof thebackgrounderrors ~xb � ~x t of dimensionn x n

R covariancematrixof theobservationerrors~y � H[ ~x t ] of dimensionp x p

A covariancematrixof theanalysiserrors ~xa � ~x t of dimensionn x n

1.5.2 Hypotheses

Thefollowing hypothesesareassumed:

� Linearized observation operator: the variationsof the observation operatorin the

vicinity of thebackgroundstatearelinear, i.e. for any ~x closeenoughto ~xb , H(~x) -

H(~xb ) = H (~x � ~xb ), whereH is a linearoperator;

� Non-tri vial errors: B andR arepositivede�nite matrices;

� Unbiasederrors: theexpectationof thebackgroundandobservationerrorsis zeroi.e.

~xb � ~x t = ~y � H( ~x t ) = 0

� Linear analysis: the aim is to �nd an analysisde�ned by correctionsto the back-

groundwhichdependslinearlyonbackgroundobservationdepartures.

� Optimal analysis: theanalysisis consideredthatstateclosestto the“true” statein a

rootmeansquaresense,i.e. it is aminimumvarianceestimate.
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1.5.3 BLUE theorem

Using the de�nitions and the hypothesesabove explainedthe following theoremleast–

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

a The optimal least±squaresestimatoror BLUE analysis, is de�ned by the following

interpolationequations:

� ~xa = ~xb + K (~y � H[ ~xb ])

K = BH T (HBH T + R)� 1

(1.5)

wherethelinearoperatorK is calledthegain or weight matrix of theanalysis.

b Theanalysis error covariance matrix is for any K :

A = (I � KH )B (I � KH )T + KRK T (1.6)

andif K is theoptimalleast–squaresgain,theexpressionbecomes

A = (I � KH )B (1.7)

c TheBLUE analysisis equivalentlyobtainedasasolutionto thevariational optimisa-

tion problem:

� ~xa = Ar g minJ

J(~x) = (~x � ~xb )T B � 1(~x � ~xb ) + (~y � H[~x])T R � 1(~y � H[~x])

(1.8)

whereJ is calledthe costfunction of theanalysis,the �rst termon the left is called

backgroundterm Jb andthesecondtermon theleft observationterm Jo.

d Theanalysis~xa is optimal, i.e. it is closestin anr.m.s.senseto thetruestate~x t

e If the backgroundand the observation error pdfs are Gaussianthen ~xa is also the

maximumlikelihoodestimatorof ~x t .
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1.6 The one±dimensionalvariational analysis

Theadvantageof thevariationalanalysismethods(4D–VAR, 3D–VAR and1D–VAR) is to

avoid the computationof the gain matrix K completelyby looking for the analysisasan

appropriatesolutionto theequivalentminimisationproblemde�ned by the costfunction J

in the equation(1.8). The solutionis soughtiteratively by performingseveral evaluations

of thecostfunctionJ andof its gradientin orderto approachtheminimumusinga suitable

descentalgorithm;in particularfor the1D–VAR techniquethegradientis :

Figure1.1: Schematicrepresentationof thevariationalcost-functionminimisation(herefor
simplicity in a two-variablemodel space): the quadraticcost function hasthe shapeof
a paraboloidwith the minimum at the optimal analysis~xa. The minimisationworks by
performingseveral line-searchesto move the control variables~x to areaswherethe cost-
functionis smaller, usuallyby lookingat thelocal slope(thegradient)of thecost-function.

r J = 2B � 1(~x � ~x t ) � 2HT R � 1(~y � H[~x]) (1.9)

25



Theapproximationlies in thefact thatonly a smallnumberof iterationsareperformed.

Theminimisationcanbestoppedby limiting arti�cially thenumberof iterations,or by re-

quiring that the norm of the gradientkr J(~x)k decreasesby a prede�nedamountduring

the minimisation,which is an intrinsic measureof how muchthe analysisis closerto the

optimumthan the initial point of the minimisation. The geometryof the minimisationis

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

Usually the initial point of theminimisation,or �rst guess, is takenequalto theback-

ground~xb . Thisis notcompulsory, however, soit is importantto distinguishclearlybetween

thetermsbackground, which is usedin thede�nition of thecostfunction,and�rst guess,

which is usedto initiate the minimisationprocedure. If the minimisationis satisfactory,

theanalysiswill not dependsigni�cantly on thechoiceof �rst guess,but it will alwaysbe

sensitiveto thebackground.
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Chapter 2

OBSERVATION AL DATA AND

MODEL DATA

Consideringthe typesof availableobservationswe candistinguishthemin two main cate-

gories:

� conventionalobservations,i.e. in situobservations;

� non–conventionalobservations,i.e. remotesensingobservations;

2.1 Conventional data

Therearea lot of differenttypesof conventionaldatausedin meteorologicalassimilation

systems.Herethemostimportantarerecalled:

� SYNOPdata,i.e. conventionalsurfaceweatherstationreports,comprehendingpres-

sure,humidity, and10meterwind observations.They haveusuallya temporalresolu-

tion of 3 hoursandaspatialresolutionof sometenof kilometers;

� SHIPdata,i.e. conventionalweatherreportsfrom soundingships,andDRIBU data,

i.e. conventionalweatherreportsfrom drifting buoys, comprehendingpressureand

wind observations;

� TEMP data,i.e. upperair datafrom radiosondes,comprehendingtemperature,wind

andhumidity data.Theradiosondesareusuallylaunchedtwice a day, at 00 UTC and

at12UTC, andtheirhorizontalresolutionis somehundredof kilometers;
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� PILOT data,i.e. wind measurementsin the free atmospherefrom stationlaunching

balloons;

� PROFILERS,measuringwind with remotesensingprocedures,provide wind speed

andwind directionobservationsat veryhigh temporalresolution.

� AIREP data(manualaircraftreports),AMDAR (Aircraft MeteorologicalDataRelay)

andACARS (automaticaircraft reports)provide temperatureandwind observations.

The AMDAR andACARS systemsusuallyprovide more information thanAIREP;

furthermoreduringlandingandtake–off theACARSprovide datain quantity, quality

andlocationcomparableto radiosondes.

2.2 Non±conventional data

Basicallytherearetwo typesof non–conventionaldata: satellitedataandradardata.

During thelast twentyyearstherehasbeena signi�cant increasein thequantity, quality

anddifferenttypesof satelliteobservations.Radiancesobservedby satelliteinstrumentsgive

indirectinformationon temperatureandhumidity in theatmosphere.

TIROS1(Television InfraRedObservationSatellites),launchedby UnitedStatesthe1st

April 1960,hasbeenthe�rst meteorologicalsatelliteusedfor meteorologicalapplications.

Evenif this datecanbeconsideredthebeginningof theuseof satellitedatain themeteoro-

logical science,only in the70'sandmorein the80's themeteorologistsbegunto realizethe

greatpotentialityof satellitedata.

In factsatelliteobservationscancoverareaswhichareinaccessibleto conventionaltypes

of observations;furthermoresatelliteobservationsusuallyhaveahigherresolutionbothtem-

porally andspatiallythantheconventionalobservations.Hencethesemoredetailedobser-

vations,if opportunelyused,canhave a greatpositive impacton thede�nition of theinitial

condition,which is themandatorystepfrom which theforecastbegins.
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Radardata,with respectto satellitedata,areusedfor meteorologicalapplicationsfrom

longertime. Theradars,observingthe interactionsbetweenelectromagneticradiationsand

thecloudmicrophysics,cangive informationaboutmeteorologicaleventsfor a circle area

centeredin the radarlocationfor a radiusrangingaroundto somehundredof kilometers.

Their temporalresolutionis comparableto satellitedata,but their coverageis very much

smaller.

In thisthesisthemainaimis to understandhow muchtheuseof satellitedatacanimprove

theforecastsin NumericalWeatherPrediction(NWP)models,soin thenext sectionsgeneral

informationon thesatellitesis recalled.

2.3 Polar and geostationarysatellites

Basicallytwo typesof meteorologicalsatellitesexist: geostationarysatellitesandpolarsatel-

lites.

� A polar orbiting satellitecirclesthe earthat a nearpolar inclination,meaningthat it

alwayspassesalmostexactly above the poles. The satellitepassesthe Equatorand

eachlatitudeat the samelocal solartime eachday, meaningthat the satellitepasses

overheadat essentiallythe samesolar time throughoutall seasonsof the year. The

polarsatelliteorbit is muchcloserto theearththana geostationarysatelliteorbit. Its

altitudeusuallyrangesfrom 700to 800km with orbital periodsof 98 to 102minutes,

andthuscanseea smallerpartof theearthbelow thana geostationarysatellite,but in

a �ner detail;

� The geostationarysatellitescircle the earthin a geosynchronousorbit which means

they orbit theequatorialplaneof theearthataspeedmatchingtheearth'srotation.This

allows to themto hover continuouslyover onepositionon the surface. The geosyn-

chronousplaneorbit is about35800km in altitudeso they arehigh enoughto take a

full diskview of theearth.

Thetwo typesof weathersatellite,polarandgeostationary, canbeseenascomplementary.

Eachtypehasadvantagesanddisadvantages,andanidealobservingsystemshouldcombine
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Figure2.1: Illustrationof thedaily coverageof apolarsatellitein sun-synchronousorbit.

boththeseelements.

Figure2.2: Geographicalareacoveredby geostationarysatellitespositionedat0� longitude.

Thepolarsatellitespermita globalcoverageof theearthin a givenwindow of time, i.e.

they registerinformationfrom every point of the earthbut not continuouslyin time. Each

pointontheearth'ssurfaceis observedatbesteveryorbit for polarregionsandatworsttwice

adayfor equatorialregions.Oneof thepositiveadvantagesof thepolarsatellitesis thegood

groundresolutionbecauseof their low orbit (seeFig. 2.1). Thegeostationarysatellitesgive

informationof the crossedareaof the earth,the disk, but in this casethe observation of
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eachpoint in thedisk is continuousin time with a capabilityof samplingwhich canreach

few minutes.Furthermoreonly onegroundstationis necessaryfor satellitemonitoring.The

disadvantageof thegeostationarysatellitesconsistsin thelackingof observationsin thepolar

regionsandin a lower spatialresolution,dueto theheightof the orbit, with respectto the

polarsatellites(seeFig. 2.2).

2.4 The global systemof operational meteorological satel-

lites

Theglobalsystemof operationalmeteorologicalsatelliteswasorganizedat thebeginningof

90'sandincludesselectedgeostationaryandpolarorbit satellites:

� GEOSTATIONARY SATELLITES

– Two NOAA's (NationalOceanicandAtmosphericAdministration's)geostation-

arysatellites,calledGOES(GeostationaryOperationalEnvironmentalSatellites)

areusedtogetheroverAmerica.Oneof these,GOES–East,is positionedat75� W

andmonitorsNorth andSouthAmericaandmostof the Atlantic Ocean,while

thelatter, GOES–West,is positionedat135� W andmonitorsNorthAmericaand

thePaci�c Oceanbasin;

– the JapanesegeostationarysatelliteGMS (GeostationaryMeteorologicalSatel-

lite) positionedat140� E;

– theRussiangeostationarysatelliteGOMS(GeostationaryOperationalMeteoro-

logicalSatellite)/Elecktropositionedat76� E;

– theEUMETSAT (EUropeanorganisationfor theexploitationof METeorological

SATellites)'s geostationarysatellite,METEOSAT, positionedat 0� thatmonitors

Europe,theMediterraneanbasinandAfrica.
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Figure2.3: Theglobalsystemof meteorologicalsatellites.

FurthermorealsoIndianseriesof communication/meteorologicalgeostationarysatel-

lites, INSAT, positionedat 74� E hasoperatedfor many yearsbut unfortunatelythe

data/productshave not generallybeenmadeavailable to the global meteorological

community.

� POLARSATELLITES

– Two NOAA'spolarsatellites,calledsimplyNOAA, andoneRussianpolarsatel-

lite, calledMETEOR.

Fig. 2.3shows theglobaloperationalsatellites.

2.5 The Meteosatseries

Meteosatseriesrefersto whichever geostationarysatelliteshasbeenor is currentlyopera-

tional over Europe,MediterraneanbasinandAfrica at analtitudeof about35800km. EU-

METSAT operatestheMeteosatseriesof geostationarysatelliteswhichhaveservedtheme-

teorologicalcommunitysince1977. The table2.1 shows the Meteosatmissionsandtheir

durationfrom Meteosat–1to nowadays.
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Meteosatsatelliteseries

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±8 28/08/2002 ongoing
MSG±2— Meteosat±9 22/12/2005 ongoing

Table2.1: Meteosatsatellitesmissionssince1977,yearof the launchof Meteosat–1,until
today. ThesymbolÐ> meansthatMSG–1hasbeenrenamedMeteosat–8whenit became
operationalon February2004. MSG–2is now in thesecondpartof thecommissioningpe-
riod, thatis why of thesymbolÐ , andwill berenamedMeteosat–9afterthecommissioning
perioditself. Furthermorethe launchesof MSG–3andMSG–4areplannedfor 2008and
2012respectively.

2.6 Radiometric instrument speci�cations

MVIRI (MeteosatVisible and Infrared ResolutionImager),a high resolutionradiometer

with threespectralbands,wasthe main payloadof Meteosat–7andits predecessorsandit

providedinformationon only threechannelswith a temporalresolutionof 30 minutes.The

new generationof Metosatgeostationary, MeteosatSecondGeneration(MSG), satellites

have two differentinstrumentson board:

� themeteorologicalinstrument,that is themainpayload,SEVIRI (SpinningEnhanced

VisibleandInfraredResolutionImager)

� theclimateresearchinstrument,GERB(GeostationaryEarthRadiationBudget)

2.6.1 SEVIRI

SEVIRI is theoptical imagingradiometeron boardtheMSG satellites.Its twelve different

spectralchannelsprovide twenty timesmoreinformationthanthe precedentMETEOSAT
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Figure2.4: ComparisonbetweenMVIRI andSEVIRI performances

satellite(Meteosat–7),offering new capabilitiesin cloud imagingandtracking,fog detec-

tion, measurementsof earthsurfacesandcloud top temperatures,trackingozonepatterns,

aswell asmany otherimprovedperformances.A new imageis providedevery 15 minutes

insteadof every30minutes(seeFig. 2.4).This, togetherwith theenhancedimagery, results

in animportantincreasein capabilitiesfor monitoringweatherpatternsoverAtlantic Ocean,

EuropeandAfrica andfor the predictionof severestormsandotherpotentiallyhazardous

phenomenalikehurricanes.

SEVIRI comprehendstwelve imaging channelsand for eachof theseit provides the

observed radianceor the equivalentbrightnesstemperature(bt_obs). Thereare two visi-

ble channels,respectively at 0.6 and0.8 � m, which areessentialfor clouddetection,cloud

tracking,sceneidenti�cation andthemonitoringof landsurfacesandaerosol.Theonly near
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Figure2.5: Absorptionbandsof watervapour, carbonedioxid andozonein the spectrum
coveredby SEVIRI instrument

infraredchannelis theoneat1.6� m,usefultodiscriminatebetweeniceandwatercloudsand

betweensnow andcloud.Thewatervapourin theatmosphereis monitoredby two channels,

at6.2and7.3� m respectively, whichsupportheightassignmentfor semi–transparentclouds.

Apart from theHigh ResolutionVisible (HRV) channel,obtainedintegratingthe infor-

mationcomingfrom theprecedenttwo visible channels,the remainingchannelsfall in the

infraredspectrum.Threeof theseinfraredchannels,at 8.7, 10.8 and12.0 � m, are in the

infraredwindow andgive informationon landandseasurfacetemperature,anotheroneis at

3.9 � m andis primarily usedfor detectionof low cloudandfog at night andfurthermoreis

quite importantfor thedetectionof forest�res. Finally the othertwo infraredchannels,at

9.7and13.4� m, arelocalisedin themiddleof themainO3 absorptionbandandinsidethe

mainC02 absorptionbandrespectively (seeFig. 2.5).

The operatingprincipleof SEVIRI instrumentis asfollows: a seriesof mirrors within

the radiometerdirect the radiationoriginating from the earthsurface,its atmosphereand

35



Figure2.6: Spectralbandsof SEVIRI channels

Figure2.7: Imageacquisitionby theSEVIRI radiometer.

cloudsystems,received via an openingin the sideof the satellite,onto an arraydetectors.

Readingsaretakenfrom thedetectorsapproximatelyevery 24 microsecondsasthesatellite

spins,so that thespin is usedto scantheearthin theEast-Westdirection. After every scan

lineamirror is steppedin theSouth-Northdirectionin ordertoacquiresubsequentscanlines.
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Onecompleterevolution of the satellitelasts0.6 seconds,of which only about30 mil-

lisecondsareavailableover the earthdisk to acquireonescan. For eachscanstepseveral

imagelines areacquired(3 lines for nominalchannelsand9 lines for the HRV channel).

Theremaining570millisecondsareusedmainly for scanmirror stepping,datatransmission

andmeasurementsdirectedat deepspace,usedfor removal of noisefrom thedata(seeFig.

2.7). Thenominalrepeatcycle for a completescanof thefull earthdisk is 15 minutes,this

includesmeasurementof on–boardcalibrationsourcesandscanmirror retrace.

Thenominalimagesizefor all channels(Level1.5image)exceptfor theHigh Resolution

Visible (HRV) is 3712by 3712pixels(N-S by E-W), thesamplingdistanceis de�ned to be

exactly3kmby 3kmat thesub–satellitepoint. For theHRV channeltheimagesizeis 11136

by 5568pixels (N-S by E-W), the samplingdistancede�ned to be exactly 1km by 1km at

thesub–satellitepoint.

Thescansof dataaretakenat constantangularsteps,andthis togetherwith thenatural

curvatureof theearthmeansthatasthesatellitescansaway from thesub–satellitepoint the

areacoveredby the pixels is greaterthan at the sub–satellitepoint. For exampleat mid

latitudesthedistancebetweentwo consecutivepointsfor thenominalchannelsis about5 km

(moredetailscanbefoundin theEUMETSAT websitewww.eumetsat.de).

2.6.2 GERB

TheGERBinstrumentis a broadbandscanningradiometerusedto derive thethermalradia-

tion emittedby theearth.TheEarthRadiationBudgetis thebalancebetweentheradiation

comingfrom the Sunandthe re�ected andscatteredsolarradiation,plus thermalinfrared

emissions,from earthto space.GERBmeasurestheshortwaveandtotal radiationfrom the

earthaboutevery6 minutes.Long-wave (thermal)radiationis alsoobtained,by subtraction

of thetwo measurements.

At thecoreof theGERBinstrumentis abroadband,three–mirrortelescopehousedin the

InstrumentOpticalUnit. Theinstrument'soverallmassis 25 kg andits power consumption
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is nominallylessthan32 W (endof life) duringoperations.

2.7 The Limited Ar eaModel COSMO

The regional forecastmodel usedin this thesisis COSMO, a fully–compressible(non–

hydrostatic)primitive equationmodelwithout any scaleapproximation,developedby the

COSMOConsortium(COnsortiumfor Small-scaleMOdelling), which coordinatesthe co-

operationof Germany, Italy, Switzerland,GreeceandPoland(detailscanbe found in the

COSMOwebsitewww.cosmo-model.org). Dueto theun�ltered setof equations,theverti-

calmomentumequationis notapproximate,allowing abetterdescriptionof non–hydrostatic

phenomenasuchas moist convection, breezescirculationsand somekinds of mountain–

inducedwaves. Furthermoreit includesan explicit Eulerianhorizontaladvectionscheme

anda full setof physicalparameterisationsfor large scalecondensation(Steppeleret al.,

2003[42]), convection(Tiedtke,1989[44]), radiation(Ritter andGeleyn, 1992[30]) In this

senseCOSMOhasbeenessentiallydesignedfor meso–� andmeso–
 scaleswherenon–

hydrostaticeffectsbegin to play anessentialrole in theevolutionof atmospheric�o ws.

The Italian implementationof COSMO, called COSMO–LAMI (COSMO – Limited

Area Model Italy) andmanagedby ARPA–SIM in the framework of an agreementamong

UGM (Uf�cio Generaledi Meteorologia),ARPA–SIM andARPA–Piemonte,consistsof two

runsa day(at 00 and12 UTC) for 72 hourswith a spatialhorizontalresolutionof 7 km and

40 levelsin theverticalbetweenthesurfaceandthetopof thetroposphereataround30hPa;

thehorizontalmodeldomainis setto coverItaly, themajorpartof theMediterraneanseaand

theAlpine region (seeFig. 2.8 for theoperationaldomainspeci�cation). Hourly boundary

conditionsareprovided by the DWD global modelGME of the GermanWeatherService

(DeutscherWetterDienstDWD) (Majewski etal, 2002[20]) COSMOassimilationsystemis

basedonanudgingscheme(Schraff andHess,2003[37]) in whichNewtonianrelaxationof

prognosticvariablesis performedtowardsobservedvalueswith weightingfunctionswhich

arefunctionbothof spaceandtimecoordinates.
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All theNWPmodelsuseassimilationtechniquesto feedtheavailableobservations;any-

wayonly theuseof high resolutionmodelscanpermitto assimilatehigh resolutionsatellite

data,suchasMSG radiances,with a remarkableimprovementof the forecasts.Hence,de-

tailed high–resolutionanalyseshave to be ableto producefrequentlyandquickly andthis

shouldbedonethoroughuseof asynopticandhigh–frequency observationssuchasaircraft

andremotesensingdata.Up to now theobservationsusedin theCOSMOassimilationtech-

nique,callednudging,wereonly conventionaldata:

- radiosondeobservationsincludingwind, temperatureandhumidity;

- surfacelevel datafrom SYNOP, SHIP andBUOY stationsproviding pressure,wind

andhumidityobservations;

2.7.1 Assimilation of observations in COSMO: the nudging technique

Thenudging( or Newtonianrelaxation) techniqueconsistsof relaxingthemodel'sprognos-

tic variablestowardsprescribedvalueswithin a predeterminedtime window. In thescheme

usedinsideCOSMOnudgingis performedtowardsdirectobservations,which seemsto be

betterthannudgingtowardsthreedimensionalanalyses(Schraff andHess,2003[37]).

Thebasicequationof nudgingconsistsof introducingarelaxationterminto theprognos-

tic variable (~x; t) andis givenby:

@ (~x; t)
@t

= F ( ; ~x; t) + G 

X

k( obs )

Wk(~x; t)[ kobs �  ( ~xk ; t)] (2.1)

whereF denotesthemodeldynamicsandphysicalparameterisations, obs
k thevalueof

thekth observation in�uencing thegrid point ~x at time t, ~xk theobservation location,G a

constantcallednudgingcoef�cient andWk is anobservation–dependentweightwhosevalue

is alwaysbetween0 and1 (exceptfor surfacepressure).Thedifferencein thesquarebracket

betweenobserved andmodelvalue is calledobservation increment,andthe completead-

ditional so–callednudgingterm determinesthe analysisincrementwhich is de�ned asthe

changeexplicitly imposedon the modelvalueby the nudging. SettingWk equalto 1 and

neglectingdynamicsandphysicscontributions,themodelvalueat theobservation location
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Figure2.8: COSMO–LAMI operationaldomainandits correspondentorographyin meters

relaxesexponentiallytowardstheobservedvaluewith ane–foldingdecayrateof 1/G , cor-

respondingto abouthalf anhour.

Supposingthat themodel�elds have to berelaxedtowardstheobservedvalueswithout

signi�cantly perturbingthedynamicbalanceof themodel,thenudgingtermshouldremain

smallerthanthelargesttermof thedynamics(seeFig. 2.9)(DomsandSchattler, 1999[9]).

The factorsWk take into accounttheweightswk givento thedifferentobservationsin-

�uencing thenudgingtermfor aspeci�c grid point. Theseweightswk in their turn take into

accountthequality andrepresentativenessof theobservation � k , andthe temporaldistance

wt , thehorizontaldistanceswxy andtheverticaldistancewz betweentheobservationandthe

targetgrid point. In mathematicalequationtermsthis is translatedin thisway:
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Figure2.9: Conceptualillustrationof theconceptof nudging

Wk =
wkP
j wj

wk (2.2)

wk = wtwxy wz� k (2.3)

2.7.2 Advantagesand disadvantagesof nudging techniquein compari-

sonto other thr ee±dimensionalassimilationmethods

It is worth noting that thenudgingapproachonly takesinto accountthedatadensityat the

targetgrid pointsandneglectstherelative positionsbetweentheobservation themselvesin

contraryto optimuminterpolation(OI).

Furthermorein contrasttoOI andmulti–dimensionalvariationalmethods(3D–VAR, 4D–

VAR) thereis no mathematicformalismto determinea theoreticallyoptimalsolutionto the

analysisproblem.Hencethereareseveralfreeparametersandtheoreticalconsiderationscan

only provide roughestimationsfor their optimal speci�cation. The appropriatevaluescan

only bedeterminedby meansof physicalreasoningandtuningexperiments.
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Another problemin comparisonto 3D–VAR and 4D–VAR is relatedto the fact that,

similarly to OI, observationincrementshave to beexpressedin modelspaceratherthanob-

servationspace.This meansthat for anobservationalinformationof any kind, observation

incrementshave to bederivedalwaysin termsof theprognosticmodelvariablesin orderto

beusedin thenudging.Thatlimitation is notpresentin thevariationalschemes.

For examplein orderto assimilateradarre�ectivity observationsin avariationalscheme,

re�ectivity valuesshouldbe obtainedfrom the model �elds in order to computeobserva-

tion incrementsof re�ectivity which would beusedfor theanalysis;insteadin thenudging

methodincrementsof temperature,humidity, wind , etc. have to be deducedfrom the ob-

servedre�ectivity. Neverthelessthisoperationcomprisesmoredegreesof freedom,requires

moreassumptionswith lesscon�denceandis thereforemoreproneto errors.

Neverthelessthesedisadvantagesin thenudgingtechniquewith respectto OI, 3D–VAR

and4D–VAR, it allows to usetheobservationsin thebestway in COSMO.In fact OI and

3D–VAR do not allow to take into accountthe exact observation time of asynopticdata

andthey make it necessaryto neglect mostof the high–frequency dataunlessthe analysis

schemeis appliedvery frequently;evenif OI or 3D–VAR wereappliedwith ahightemporal

frequency thiswould increasethecomputationalcostandcouldresultin problematasynop-

tic analysistimeswhendatadensitymaybecomevery low andinhomogeneous.Moreover

thegeostrophicapproximation,usuallyakey ingredientof suchschemes,is of limited valid-

ity in themeso–scale.

Four–dimensionalmethodsoffer potentialadvantagessincethey includethemodeldy-

namicsin the assimilationprocessdirectly. As variationalmethodsallow to compareob-

servationswith the modelstatein observation space,they appearin principle bestsuited

for theuseof many typesof remotesensingdata.This would beright, but the4D–VAR is

too expensive for operationalapplicationin COSMOconsideringthesmallamountof time

availableto producetheanalyses;in factthecalculationsof tangentlinearandof theadjoint

of theCOSMOmodelwouldrequireverybig humanresources,furthermoreupto now these

two products,thetangentlinearandtheadjointof themodel,arenotavailableandthisavoids
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thisapproachat thebasis.

Thesearethe reasonswhy the nudgingtechniqueis operationallyusedasassimilation

approachinsideCOSMO.

43



Chapter 3

1D±VAR SET±UP

In ourapproachto assimilatesatellitedatatwo stepsarenecessary:as�rst stepthe1D–VAR

algorithmis usedto convert satellitedatain vertical pro�les of temperatureandhumidity

andin othersurfacevariableswhich togetherrepresentthecontrolvector, while in thesec-

ondstepthesepro�les areincludedin thedatato benudgedin thetheCOSMOmodel.

In this studythe control vector~x containsvertical pro�les of temperatureandspeci�c

humidity, 2m temperature,2m speci�c humidity andseasurfacetemperature( i.e. ~xb =

(T; q; q2m ; T2m ; SST)) derived from the regional non-hydrostaticforecastmodelCOSMO.

H is theradiativetransfermodelRTTOV–7(RadiativeTransfermodelfor Televisioninfrared

orbiting satelliteOperationalVertocalSounder)(Saunderset al., 2002[33]) for which also

thetangentlinearandadjointversionsareavailableandwhich is explainedin moredetail in

thesection3.1. Theobservationvector~y containsa selectionof theeightavailableinfrared

SEVIRI channels.

The1D–VAR minimisationusesanadaptedversionof a 1D–VAR schemethatwas�rst

developedatECMWF(EuropeanCenterfor MediumrangeWeatherForecast)for theassimi-

lationof rainaffectedmicrowaveradiances(MarécalandMahfouf,2000[21]) andemployed

for cloudanalysis(Chevallier et al., 2004[5]). It �nds thesolution~xa throughtheminimi-

sationof J (~x). Successfulconvergenceis achieved employing a minimiserbasedon the

routinesM1QN3 (by Gilbert andLemaréchal,1989 [15]) which is designedto minimise

functionsdependingon a very largenumberof variables.It implementsa limited memory
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Figure3.1: Sketchof thewhole1D–VAR schemeusedin this thesis

quasi-Newtoniantechniquewith adynamicallyupdatedscalaror diagonalpreconditioner. A

simpli�ed sketchof thewhole1D–VAR algorithmis givenin theFig. 3.1.

At a given model time–stepandgrid–point, the nudgingprocedureusesboth pastand

futureobservationswithin 1 � t with eachobservationweightedby its relative proximity in

timeandspace.In contrastto otherconventionalobservations,1D–VAR retrievalsaregener-

atedduringtheassimilationcycle andtheir values,evenif requiredby thenudgingscheme,

arenot known beforethenominalobservationtime. To avoid doublingtheanalysisrun or a

time–consuminganalysisbackwardintegrationadifferentapproachhasbeenfollowedto si-

multaneouslyproduceandingest1D–VAR non–conventionalobservationsinto thenudging

scheme.

The procedureimplementedis schematisedin Fig. 3.2. For eachsatelliteobservation

two minimisationsareperformedusingbackgroundpro�les at Tn=Tobs andTn� 1 = Tn � �

with � = 15min . Thesetwo retrievals arethencombinedto provide the necessaryconti-

nuity in time. More speci�cally, referringto Fig. 3.2, at Tn� 1 two 1D–VAR retrievals are

createdusingbackgroundpro�les ~xb (Tn� 1); onewith observation~y(Tn� 1) andanotherwith

observation~y(Tn ). At eachinstantbetweenTn� 1 andTn thetwo 'pseudo–observations'are
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combinedusinga triangularfunction.

The spreadover spaceof the resulting1D–VAR incrementsusesGaussianweighting

functions.Thechoiceof thetime interval � andof thespatialweight is somehow arbitrary

andwill be tunedfor theoperationalimplementation.In this chapteronly retrievalswhich

aresynchronouswith thesatelliteobservationsareconsidered.

Figure3.2: Sketchof the assimilationsystemdesignedfor COSMO to include 1D–VAR
retrievedpro�les into thenudgingscheme.Two successiveminimisationsareperformedby
usingpro�les generatedatTn andTn� 1 = Tn � 15min (seetext for moredetails).

Beforeenteringthe1D–VAR packagethemodeltemperatureandhumidity pro�les are

preprocessedby (i) addingstratosphericvaluesupto 1hPaontopof COSMOstandardlevels

usingaclimatologicaldatabaseextractedfrom theERA–40(EcmwfRe–Analysis)reanalysis

(Uppalaet al., 2005[46]), (ii) attributing a givenpro�le to theobservation locationusinga

bilinearinterpolationbetweenthefour closestgrid points;(iii) performingquality checksto

ensurethepro�les arein therangeof applicabilityof theradiationcodeRTTOV–7. TheSST

valueis prescribedfrom aSST externalanalysiswhichis performeddaily at00UTC. It uses

Cressman–typeweightingto blendNCEP(NationalCentersfor EnvironmentalPrediction)

analysis(Reynoldset al., 2002[29]) with buoy andshipobservations.The2m temperature

andhumidity arediagnosticvariables.They arefunctionsof theSST andthe temperature
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andhumidityvaluesof the�rst modellevel takinginto accountboundarylayerstability.

3.1 The fast radiati vetransfer modelRTTOV±7

To exploit satellitesoundingdatain a NWP modeltheuseof a fastradiative transfermodel

is mandatory. In particulartheradiative transfermodelmustsatisfytheserequirements:

- it mustbefastenoughsothatit canbeusedin nearreal–timewith meteorologicaldata;

- it mustbehoweverhighly accuratein its calculations;

- it mustbeableto performthecomputationsbothin presenceof cloudsandin presence

of clearsky.

The original basisfor the fastradiative transfermodelRTTOV–7 is basedon Eyre and

Woolf, 1988[11]. This wassuccessively modi�ed by Eyre, 1991[12], Rayer, 1995[28],

Rizzi andMatricardi,1998[31] andSaundersandMatricardi,1999[34] and[35].

The simulationof transmittancesin RTTOV–7 is basedon a regressionschemewith a

variety of predictorsfrom the pro�le variables. The regressionis performedin termsof

departuresfrom areferencepro�le, for mixedgases,watervapouror ozone.Theformulation

to predictthelayeropticaldepthis:

di;j = di;j � 1 +
KX

k=1

ai;j;k X k;j (3.1)

wheredi;j is thelevel to spaceopticaldepthfrom level j andchanneli , K is thenumber

of predictors,andai;j;k areprede�nedcoef�cients. For the mixed gasestherearenow 10

predictors,for watervapour15 andfor ozone11.

The optical depthso obtainedare �rstly correctedmultiplying the optical depthby a

factor
 i (correctionfactor)for eachchanneli andthenconvertedto transmittances:

dc
i;j = 
 i di;j (3.2)
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� i;j = exp(� dc
i;j ) (3.3)

Thetransmittancesarecalculatedon43 �x edpressure(in hPa) listedbelow:

.1, .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

Theradiancesaretheoreticallycalculatedbothin clear–sky andin cloudy–sky conditions.

In clear–sky conditionsthetopof theatmosphereupwellingradiance,L(v; � ), atafrequency

v andviewing angle� from zenithat thesurface,neglectingscatteringeffects,is writtenas:

LClr (v; � ) = � s(v; � )� s(v; � )P(v; Ts) +
Z l

� s

P(v; T)d� + (1� � s(v; � )) � 2
s (v; � )

Z l

� s

P(v; T)
� 2

d�

(3.4)

where� s is thesurfacetransmittance,� s is thesurfaceemissivity andP(v; T) represents

theoutputof thePlanckfunctionat frequency v andtemperatureT.

The outputof RTTOV–7 is usedto simulatemultilevel infraredandmicrowave cloudy

radianceandtheRTTOVCLD routinesnow suppliedwith RTTOV–7 provide this capability

(seeFig. 3.3). Cloudsareassumedto begrey bodieswith their contribution to theradiances

computedfrom their horizontalcoveragen i , andtheir emissivity � i
v in eachvertical layer

i of the user's model. � i
v is derived from the cloud liquid and/orice waterpath l i by the

relationship:

� i
v = 1 � exp� l i k i

v (3.5)

wherek i
v is the extinction coef�cient at frequency v. Its valuevariesaccordingto the

phaseof thecloudwater, theparticlesizesandthetemperature.Thisallowstheradiancesfor

semi–transparentcloudto beexpressedasalinearcombinationof L Clr (v; � ) andsinglelayer

blackbodyclouds.Thecoef�cients of thelinearcombinationarefunctionsof then i and� i
v

anddependon theway thecloudylayersoverlap.Cloudabsorptionis takeninto accountin
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Figure3.3: Simpli�ed schemeof RTTOVCLD usedto simulatecloudyradiances

theinfraredspectrumfollowing EbertandCurry, 1992[14] for ice waterandSmithandShi

,1992[40] for liquid water(moredetailscanbefoundin theRTTOV–7 user–guidepresent

in Met–Of�ce websitehttp://www.metof�ce.gov.uk/).

Theconversionof radiancesin forecastedbrightnesstemperaturesis doneusingthecon-

ceptof modi�ed Planckfunction. If the Planckfunction doesnot vary too muchover the

channelresponsefunction,it canbeevaluatedat thecentralfrequency of thechannels.This

canbeaccuratefor narrow channels,but for thebroadchannels,like theSEVIRI channels,

theconceptof modi�ed Planckfunctionmustbeintroducedandit takesaccountof theav-

eragingof thetruePlanckfunctionover thespectralresponseof channeli for thebrightness

temperatureTB (Matricardietal.,2001[23]). Themodi�ed Planckfunctionfor channeli is

givenby:

Pi (TB) =
c1;i

exp[ c2;i

ai + bi T B ] � 1
(3.6)

wherec1;i , c2;i , ai andbi arepre–computedcoef�cients for eachchannel;c1;i is equalto

c1v3
i andc2;i is equalto c2vi wherec1 andc2 arethenormalPlanckfunctioncoef�cients, vi is

thecentralfrequency of thechannel,and�nally ai andbi arethesocalledband correction

coef�cients (Weinrebetal., 1981[48]).

The correspondentinversionof equation3.6 converting radiancesin forecastedbright-

nesstemperaturesis:

TB i = [
c2;i

ln(1 + c1;i

Pi
) � ai

]=bi (3.7)
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It is worth notingthatup to now theRTTOV–7 schemeis appliedfor the1D–VAR algo-

rithm only in clear–sky conditionsover theseapoints.This limitation is dueto thedif�culty

to accuratelyestimatethe surfaceemissivity over the land, wherethe presenceof asphalt,

humanbuildings, roadsand plantscomplicatesthis task. On the other handthe seasur-

faceemissivity is well known for thedifferenttwelve SEVIRI channels.In section3.2 the

algorithmusedto detectclear–sky pointsfrom SEVIRI datais described.

3.2 CMa and CT productsand the �ag processing

Sincethe retrieval of cloud contaminatedpixels is very complicated,both for problemsin

the simulationof radiancesin the radiative transfermodelRTTOV–7 andfor problemsto

detectwhich typesof cloudsarepresentin thepixels,the1D–VAR algorithmat themoment

is performedonly for clear–sky pointsoversea.

Two specialalgorithms,theCMa (CloudMask)algorithmandtheCT (CloudTable)al-

gorithm,aresousedto detectif thepixel is cloudcontaminatedandto discriminatewhich

typeof cloud is presentin thepixel respectively. They aredevelopedwithin theSAFNWC

(SatelliteApplicationFacilitiesfor NoWCasting)context andaimto supportnowcastingap-

plications,andadditionally the remote–sensingof continentalandoceanicsurfaces. Both

thesealgorithmsarebasedon multispectralthresholdstechniquesappliedto eachpixel of

theimage.

The set of thresholdsappliedin the CT and CMa algorithmsdependsmainly on the

illumination conditionswhereasthevaluesof thethresholdsthemselvesmaydependon the

illumination, the viewing geometry, the geopotentiallocationandNWP modeldata(more

detailscanbefound in SAFNWCweb–sitehttp://nwcsaf.inm.es/).While theoutputof the

CMa productconsistsonly in thedetectionif a pixel of a satelliteimageis contaminatedby

clouds,theoutputof theCT productconsistsin thefollowing twentycategories:

0) : nonprocesseddueto thepresenceof corrupteddataor to theabsenceof thedata;

1) : cloudfreelandwith nocontaminationby snow/icecoveredsurface;

50



Figure3.4: Exampleof SEVIRI CT (toppanel)andthecorrespondent�g_prc (bottompanel)
over theCOSMO–LAMI domainat04:15UTC of 14thFebruary2007.

2) : cloudfreeseawith no contaminationby snow/icecoveredsurface;

3) : landcontaminatedby snow;
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4) : seacontaminatedby snow/ice;

5) : very low andcumuliformclouds;

6) : very low andstratiformclouds;

7) : low andcumuliformclouds;

8) : low andstratiformclouds;

9) : mediumandcumuliformclouds;

10) : mediumandstratiformclouds;

11) : highopaqueandcumuliformclouds;

12) : highopaqueandstratiformclouds;

13) : veryhighopaqueandcumuliformclouds;

14) : veryhighopaqueandstratiformclouds;

15) : highsemitransparentthin clouds;

16) : highsemitransparentmeanlythick clouds;

17) : highsemitransparentthick clouds;

18) : highsemitransparentabove low or mediumclouds;

19) : fractionalclouds(sub–pixel waterclouds);

At this momentthe1D–VAR algorithmis appliedonly for clear–sky pointsover seabut

anyway theconvergencerequiredby theminimisationof thecostfunctioncouldbeunsuc-

cessful. Hencetherearefour possibilitiesfor the �ag processingvalue(�g_prc) (seeFig.

3.4):

0) it meansthattheconvergenceis reached;

2) it meansthattheconvergenceis not reached;

4) it meansthatthepixel is over land;
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8) it meansthatthepixel is cloud–contaminated;

By de�nition the convergenceis reachedif the minimisationby the M1QN3 algorithm

determinesa reductionof anorderof magnitudeof thecostfunction.

3.3 Thebackgrounderror covariancematrix B and the ob-

servation error covariancematrix R

Thebackgrounderrorcovariancematrix B de�ne therelative weightgivento eachforecast

variablein thede�nition of theanalysed�eld andfor this reasonit is of vital importanceto

the1D–VAR procedure.TheB matrix canbeobtainedin differentways:

� oneof thesewaysis to comparethe verticalpro�les of temperatureandwatervapor

observedby radio–soundingswith respectto theonesforecastedby COSMOandex-

tractedat thesameobservation/forecasttime. Themaindisadvantageof this method

resultin the fact that the observed valuesdo not completelycover the vertical range

of COSMOpro�les; in fact while the forecastpro�les startcloseto the surfaceand

reachabout30 hPa at the top of atmosphere(TOA), usuallythe observedvaluesare

missingover 300hPa. This determinesthe impossibility to correctlyestimatethe B

matrix in the levels from 300hPa to TOA. Furthermoreanothercrucialdisadvantage

of theradio-soundingsis theirpoorspatialresolutioncovering;

� thesecondway is to comparetheverticalpro�les forecastedby COSMO,for example

theverticalpro�les extractedfrom aCOSMOforecastat+24hwith theanalysisat the

sameforecasttime, but usuallytheanalysesandthe �rst forecasthoursin themodel

aremoderatelyaffectedby thespin–upproblem;

� thethird approachis tocompareverticalpro�les extractedfromtwodifferentforecasts,

for exampleat+36hoursextractedfrom the�rst forecastwith the+12hoursextracted

from thelatter, but correspondentto thesameforecasttime.

The B matrix is estimatedin this thesisusingthe third approach,comparingdifferent

forecastsof temperatureandhumidity pro�les, alsocalledtheParrish–Derbermethod(Par-

rish andDerber, 1992[25]). 12hand36hforecastsarecomparedat thesamenominaltime,
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Figure3.5:Structureof thebackgrounderrorcovariancematrix: B isasquareandsymmetric
matrixwith thenumberof rowsandcolumnsequalto the(numberof thestratosphericlevels
plusmodelverticallevels)multipliedby two [thenumberof pro�les variablesin thecontrol
vector, T andq] plus three[the numberof the surfacevariablesusedin the control vector,
q2m , T2m andSST]

the atmospheric�elds at 12h forecastsareconsideredthe bestestimateof the real stateof

theatmosphereandthedifferencewith the 36h forecastprovidesan estimateof themodel

uncertainties.T2m andq2m errorestimatesare0:9K and0:5gK g� 1, respectively. Sincethese

arediagnosticvariablesno cross-correlationis allowedwith theothervariables.TheSST

erroris insteadprescribedto 0:75K accordinglyto theestimatederrorof theNCEPanalysis

(Reynoldsetal., 2002[29]). Thestructureof theB matrix is sketchedin theFig. 3.5.

Fig. 3.6shows theauto–correlationerrorsin temperatureandhumidity pro�les for four

monthsworth of data.For thetemperaturethecovariancespresenta negative lobebetween

200–300hPa,wherethestratosphericinversionis placed,andthelower levels,while on the

diagonalthemaximumpositivevalueof 1.8K2 is reached.For thewatervapourthesignif-

icantvaluesarebelow 300hPa andthemaximumvalueis reachedon thediagonalaround

800hPa.

TheR matrix is insteadprescribedto bea diagonalmatrix (seeFig. 3.7),whoseerrors

in theobservedandsimulatedbrightnesstemperaturesareassumedto be1 K andtheerrors

of the observationsfor the differentchannelsaresupposedto be uncorrelatedeachother.

Finally therankof R is equalto thenumberof channelsusedin theminimisationalgorithm.

54



Figure3.6: Backgrounderror covariancematricesfor vertical pro�les of COSMO–LAMI
temperatureandhumidity background�elds. TheB matrix hasbeencalculatedusingfore-
castcomparisonsat+12hand+36haveragedover four monthsworthof data.

Figure3.7: Structureof theobservationerrorcovariancematrix: assumedtheuncorrelation
of theerrorsbetweenthedifferentchannelsandthatfor everychanneltheobservationaland
simulatederroris of 1 K, R is adiagonalmatrixwith values1 on thediagonal.

3.4 1D±VAR conceptualperformance

Conceptuallyit is possibleto calculateA andthusestablishtheexpectedperformanceof the

retrieval schemewithout explicitly performingsimulatedretrievals onceit is assumedthat

a successfulminimisationtechniqueexists for �nding a solution. For the caseof a control

vector~xb , constitutedof temperatureandhumidity variablesandfor clear–sky radiancesit

hasalreadybeenproventhat the linearapproximationof theobservationoperatorH is ver-
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i�ed to guaranteeconvergenceof the minimisationprocess(Eyre et al., 1993 [13]). The

expectedqualityof theanalysiscanthereforebeusedasanapriori metricto de�ne thebest

channelcombinationto usein anoperationcontext. To thisendit is alsousefulto introduce

theconceptof DataResolutionMatrix (DRM) andModelResolutionMatrix (MRM) which,

if the assumptionis madethat ~y true = H (~x true ) i.e. that errorsderiving from the obser-

vationoperatorarenull, links the analysisto the true valueeitherin physical(~x true ) or in

observational(~y true ) space( Rodgers,2000[32]) :

~xa � ~xb = KH (~x true � ~xb ) = MRM (~x true � ~xb ) (3.8)

~ya � ~yb = HK (~y true � ~yb ) = DRM (~y true � ~yb ) (3.9)

Therefore,for thosechannelsfor which theradiative transfersimulationis accurate,the

DRM quanti�esthecontributionof eachwavelengthto theglobalqualityof theanalysis.The

diagonalelementsof this matrix indicatehow muchweighta datumhasin its own analysis

andthey canberegardedasa measureof theimportanceof thatdata.Anotherusefulmetric

of the gain in informationderiving from eachchannelis the “degreesof freedomfor the

signal” (DFS)[32] which canbecalculatedby normalisingtheJacobianusingR � 1=2,H 0 =

R � 1=2H andconsideringseparatelyeachvector~h whichcorrespondsto theline of H 0 linked

to agivenchannel:

DF S =
~hT B~h

1 + ~hT B~h
(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

twentydaysof September2006)datasetavailable. TheDFSandDRM estimatethe impor-

tanceof a channelfrom a differentpointof view. TheDRM whichcanalsobecalculatedas

HAH T R � 1 usesA to estimatewhich is themostusefulchannelin theanalysisbetweenall

theonesused.InsteadtheDFSmeasureshow mucha channelin isolationis ableto reduce

themodelerrorde�ned by B in theobservationalspace.

The two water vapourchannelsat 6.2 �m and7.3 �m have the largestimpact in the
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Figure3.8: On the left panelaverageddataresolutionmatrix (DRM) diagonalvaluesfor
input backgroundpro�les randomlyextractedfrom the20 daysdatasetavailable,while on
theright panelaverageddegreeof freedomfor signals(DFS)calculatedfor eachof theeight
infraredSEVIRI channelsandfor thesamedatasetasfor theDRM calculations.

accuracy of the analysisandin reducingthe backgrounderrorsandshouldbe includedin

the 1D–VAR retrieval. Also the window channelsat 10.8 �m , 8.7 �m and12.0�m show

non–negligible DFS values. Sincethe useof theseadditionalwavelengthscould be very

ef�cient in reducingerrorsnearthegroundit is worth investigatingtheir impactin changing

the1D–VAR retrievals.

Four setof wavelengthsareselectedby progressively addingto the two watervapour

channelsthewindow channelspossessingthehighestDRM andDFSvalues.Thesegroups

arethentestedto de�ne thebestsetto beusedin the1D–VAR retrieval scheme.Table3.1

summarisethefour groups.Set“ch8” in which all channelsareincludedinto theanalysisis

usedasabenchmarkto assesthequalityof theothersets.

Figg. 3.9and3.10reportanestimationof theverticalresolutionof theanalysedpro�les

andthe standarddeviation of the analysiserrors(i.e. squareroot of diagonalelementsof

matrix A ) respectively for thechannelcombinationsunderexamination.Following Purser

et al., 1993[26] thevertical resolutionat eachheightis calculatedastheratio betweenthe
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Table3.1: Setsof channelsundertestto de�ne thebestchannelcombinationto beusedin
the1D–VAR retrieval.

SetId 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 3.9 6.2 7.3 8.7 9.7 10.8 12.0 13.4

modelverticalthicknessandthecorrespondingdiagonalelementof theMRM. If theanaly-

sisis equalto thetrueatmosphericstate,MRM reducesto theidentity matrixandthemodel

layer thicknessequalsthe vertical resolutionat eachheight. Otherwisethe vertical resolu-

tion providesinformationon theverticalsmoothingof theanalysiscomparedto theoriginal

background�elds.
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Figure3.9: Vertical resolutionof theanalysedpro�les calculatedasratio betweenthefore-
castmodelverticalthicknessandthecorrespondingdiagonalelementof theModel Resolu-
tion Matrix (MRM).

Theuseof all 8 infraredchannelsleadsto maximumtemperatureerrorreductionof 11%

in the troposphereanda remarkableimprovementin the humidity estimation. This is an

uppertheoreticallimit of errorreductionwhichcanbeachievedonly if theradiative transfer

simulationin eachchannelis correct. The inclusionof the window channelat 12.0�m in

setch3 alreadyproducesa substantialdecreaseof the analysiserrorsboth in temperature

andhumidity andan increasein the vertical resolutionbelow 600hPa. The additionaluse

of channels10.8�m and8.7 �m hastheeffect of increasingthe accuracy of thehumidity
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analysisin thelower levels.For thisaddedinformationit is thereforedecidedthatsetch5is

selectedasastandardfor the1D–VAR retrieval scheme.

Thetwo gasmonitoringchannelsat9.7�m and13.4�m donotholda largeinformation

content(Fig. 3.8). Moreover, the radiancesin thesetwo channelsarestronglyin�uenced

by the columnartotal amountof ozoneandcarbondioxide respectively. SinceCO2 and

O3 concentrationsareneitherdiagnosticallynor prognosticallypredictedby COSMO,large

inaccuraciesin theradiative transfersimulationareexpectedat thesewavelengths.Theas-

sumptionsof equations3.9 and3.10couldnot beveri�ed. The two channelsaretherefore

discarded.Analogouslythe3.9�m channelwhichhasbeenshown to detectanon-negligible

portion of solarshortwave radiationduring daytimeis blacklisted(Schumannet al., 2002

[38]). It is worth noting that the overall small numberof channelson SEVIRI and their

quitebroadbandsizesmaketheexpected1D–VAR incrementverticalresolutionquitelarge.

Sharpfeatures,suchastemperatureinversions,won't bepresentin theanalysisincrements.

Figure3.10: Expectederror reductionin the standarddeviation (SDV) of the background
temperatureandhumidity pro�les for the selectedcombinationsof channelsdescribedin
table3.1. TheanalysisSDV is calculatedassquarerootof thediagonalelementsof A .

3.5 The biascorrectionmethod

All theradiative transfermodelsinvolvedto assimilatesatellitesoundingradiances(beyond

to the NWP modelsthemselves) are subjectto errors. Theseerrors,which arisemainly

from errorsin thespectroscopicdataon which theradiative transfermodelsarebased,can

becomparabletoor greaterthantheinstrumentnoise,andsothey mustbetakeninto account.
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Theimportanceof theradiancebiasproblemhasbeenrecognisedfor many yearsandem-

pirical correctionschemeshave beendeveloped(Smithet al., 1984[39], ChedinandScott,

1984[2] andSusskindet al., 1983[43]). Someworkshave demonstratedthata successful

biascorrectionschememusttake into accountthespatiallyvaryingandair–massdependent

natureof the radiancebiases(Kelly andFlobert,1988[19], McMillin et al., 1989[24] and

Uddstrom,1991[45]). In practicethis imposestheapplicationof analgorithmthatreduces

statisticallythe differencesbetweenthe simulatedbrightnesstemperaturesobtainedby the

�rst guessmodel�elds (bt_fg) andthebrightnesstemperatureobservedby thesatellitera-

diometer(bt_obs). Sobeforebeingusedthesatellitedata(thebrightnesstemperatures)are

biascorrected(bt_bcor)usinga schemewhich is basedon four air–massdependentpredic-

tors(following theguidelinesof HarrisandKelly, 2001[17]):

� theverticalthicknessbetween900and300hPa;

� theverticalthicknessbetween200and70 hPa;

� the2 meterstemperature;

� thewatervapourcontentin thecolumnof atmosphere.

In Fig. 3.11theperformanceof thebiascorrectionmethodappliedto two weeksof avail-

abledatais shown. It is evidentfor all the� vechannelsa reductionof thebias.

Assumingthat the modelis unbiased,this guaranteesthat the 1D–VAR analysisworks

in anoptimalway andthat inaccuracy in theradiative transfermodeland=or changesto the

instrumentcharacteristicsover time do not spoil the informationcontainedin theradiances

whenconvertedinto temperatureandhumidity. In thefollowingwewill referalwaysto bias–

correctedbrightnesstemperatureswhenobservedbrightnesstemperaturesarementioned.

3.6 1D±VAR actual performance

The 1D–VAR retrieval performanceshave beenassessed�rstly in relative termsof error

reductionin the backgroundforecast�elds, thenin absolutetermscomparingthe analysis

againstradiosondesandSST independentobservations.
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Figure3.11: Statisticsperformanceof the biascorrectionschemeappliedto two weeksof
availabledatafor the5 channelsselectedfor the1D–VAR.

3.6.1 Statisticsof modeldeparturesfr om observations

Therelativequalityof theretrievalprocedureis quanti�edby thereductionin thebackground

departures(bt_bcorminusbt_fg) comparedto theanalysisdepartures(bt_bcorminusbt_ret).

This expectedreductionis a metricof the improved�t of theanalysisTBs to theobserva-

tionscomparedto thebackground.Thetwo dimensionalprobabilitydensityfunctions(PDF)

of themodelTBs (calculatedapplyingtheoperatorH to ~xb ) versustheobservedonesfor

all channelsindicatethattheresidualbiasesstill presentin thebackgroundafterthebiascor-

rectionprocedurearereducedin theanalysedTBs andthevariancesaregreatlydecreased

by the 1D–VAR procedure(�g.3.12). The magnitudeof the PDF's standarddeviation can

be regardedasa measureof the modelvariability. Large backgroundTBs departuresare

presentin thetwo watervapourchannels,mostlydueto inaccuraciesin theforecastof high

tropospherehumidity. However the largestSDV reductionis obtainedat 6.2 and7.3 �m

showing thesigni�cant informationcontentprovidedby thesetwo channelsin theanalysis.
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Figure3.12:Two dimensionalProbabilityDensityFunction(PDF)of backgrounddepartures
(upperpanels)andanalysisdepartures(lower panels)for an exampledatasettakenon the
18of September2006andfor the5 channelsselectedfor the1D–VAR.

Fig. 3.13shows themean1D–VAR analysisincrementsin the temperatureandhumid-

ity pro�les. Higher valuesof standarddeviation indicatea greatersensitivity of themodel

backgroundto a particularsatelliteobservation. As a con�rmation of the expectedimpact

on the temperaturepro�les (Fig. 3.10)mostof the informationcontentis spreadover the

wholetropospherewith a maximumat around600hPa. Humidity pro�les undergo mostof

thechangesin theloweranduppertroposphereat800hPaand200hPa. 1D–VAR hasweak

effect on the2 meterstemperatureandhumidity, while a non-negligible impactis recorded

for theSST analysisincrementswith aSDV of 0.45K (not shown).

It is worth noting that in variationalassimilationsystemoneshouldexpect the whole

domainaveragedmeananalysisincrementsto be null for eachvariablesinceobservations

aresupposedto beunbiased.The fact that the temperatureandhumidity verticalmeanin-

crementsarecloseto zeroindicatesthat the biascorrectionprocedureworkswell andthat

the�nal analysiswill bein balancewith themodelminimisingspin–upproblems.

Nevertheless,thetwo dimensionalmeanincrementdistributionsin Fig. 3.14show how

heatandwaterareredistributedby the 1D–VAR insidethe domain. The incrementshave

beenaveragedfor thewholeperiodunderexaminationoverboxesof 0.05degreesandplotted
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Figure3.13:1D–VAR analysismeanincrements(analysisminusbackground)in thetemper-
ature(left panel)andspeci�c humidity (right panel)pro�les.

in termsof columnintegratedwatervapourandsaturationmixing ratio. Positive (Negative)

differencesbetweenobservedandbackgroundTBsaretransformedin increases(decreases)

of temperaturepro�les and decreases(increases)of water vapour. Since1D–VAR incre-

mentslie in thecolumnspaceof thekalmangainmatrix (HB ), therelative contribution of

temperatureandhumidity to theTB 's incrementsis de�ned by theminimisationprocess.qv

andqsat areof thesameorderof magnitudeshowing that themostef�cient convergenceis

obtainedby changingbothtemperatureandhumidity in thecolumn.It shouldbenotedthat

in somecircumstancesthe1D–VAR incrementscanleadto supersaturatedstates.Thesemay

occurasaconsequenceof thepresenceof cloudsthatthecloudclearingalgorithmhasfailed

to detect,or a poorestimateof theSST with anerrorexceedingtheestimatedbackground

error, for example.While thesesupersaturatedstatescanbeusedto spotweaknessesin the

cloudclearingalgorithm,thesepro�les shouldhoweverbediscarded.

3.6.2 Comparisonswith independentobservations

As anindependentvalidationof the1D–VAR products,radiosondemeasurementsandinde-

pendentSST datasetsareemployed. Radiosondesmeasurementsaretakenat threestations

includedin the ARPA-SIM operationaldomainof COSMO–LAMI closeto the seawhich
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Figure3.14: 1D–VAR analysismeanincrements(analysisminusbackground)in the inte-
gratedcolumnwatervapour(leftpanel)andsaturationwatervapour(right panel).

Table3.2: Radiosondeslocationsselectedfor validationof the1D–VAR retrievedpro�les.

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

areblacklistedfrom theanalysissoto representa realindependentsourceof validation.The

radiosondesemployedarestandardVAISALA RS-92.

Thereis a signi�cant reductionin mean-biasandroot meansquare(RM S) errorsin the

temperaturepro�les throughoutthetroposphere,bothat00UTC (�g. 3.15)and12UTC (�g.

3.16).Theimprovementin thehumidityestimationis lessevident.Despitethequestionable

signi�canceof around100 soundings,it appearsthat the 1D–VAR introducesa moist bias

in thehumidity pro�les especiallyduringdaytime(12 UTC) while still reducingtheRM S

error. However, it shouldberecalledthat,while theRS-92soundshave beenshown to pro-

vide accuratehumidity measurementsat night, they suffer from a signi�cant day-timebias

of around10 % in relative humidity dueto sensorheating(Vömel et al., 2006,[47]). This

couldbetheorigin of theapparentday-timemoistbiasin the1D–VAR analyses.

Theeffect of the1D–VAR analysisto reducetheobservedmodelbiascanalsobequan-
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Figure 3.15: Model backgroundand analysis biases (mean and RM S) when com-
pared with radiosondeobservations. The F factor is de�ned as (RM SRD S� B �
RM SRD S� A )=RM SRD S� B andquanti�esthefractionof observedbiasvariability corrected
by theanalysis.Seetext for details.

ti�ed in termsof the fraction of observedbiasvariability correctedby theanalysisde�ned

as:

F =
RM S(X RD S � X B ) � RM S(X RD S � X A )

RM S(X RD S � X B )
(3.11)

whereRM S(X RD S � X B ) andRM S(X RD S � X A ) aretheroot meansquareerrorsof the

backgroundandanalysisdepartures,respectively. If F = 1 thenthe1D–VAR analysispro-

ducespro�les whichcorrelateperfectlywith theradiosondesobservations,if F = 0 thenthe

effect of 1D–VAR is null, if it is negative thenthe1D–VAR analysisproceduredeteriorates

thebackground.

This fractionF is overallpositivewith peaksof 0:8 for temperatureand0:4 for humidity.

Thenegativevaluesof F in thespeci�c humiditypro�les showsde�cienciesin the1D–VAR

retrieval especiallyat high vertical levelsbut this mayalsobepartially explainedby sound-

ing inaccuracieswhich areknown to benon-negligible at theselevels. For levelsabove600

hPa theanalysed1D–VAR producesasubstantialimprovementto thehumiditypro�les.

As an independentsourceof validationof the analysedSST two differentdatasetsfor

theMediterraneanandtheAdriatic (ADR) seasareused:theoptimally interpolated(OI) mi-

crowave(MW) SST productsproducedby RemoteSensingSystems(hereaftercalledMED)

and the ADRICOSM producedby the ISAC-CNR institute in Rome,IT (hereaftercalled
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Figure3.16:As for Fig. 3.16but for 12UTC observations

ADR). To guaranteetheir independencefrom thebackgroundanalysedSST thetwo datasets

employ microwave sensorsand independentalgorithmscomparedto the prescribedSST

givento COSMOasa boundaryconditionwhich usessatelliteinfraredchannels(Reynolds

etal., 2002[29]).

TheMED datasetis availabledaily andMW SSTsare'normalised'to adaily minimum

SST, de�ned to occurat approximately8 AM, local time. It usestwo microwave sensors

(TMI andAMSR-E)sensorson boardof TRM andAQUA (Cheltonetal., 2000[3], Donlon

et al., 2002[10]) andpossessesa �nal resolutionof a quarterdegree( 25km). Although

theseMW productsareat a lower spatialresolutionthanstandardinfraredSSTs, they have

a muchlarger spatialandtemporalcoveragesinceretrieval is alsopossiblefor cloud con-

taminatedspots. Othersatelliteobservationsderiving from microwave sensorsusedin the

1D–VAR canthereforeimprove the SST analysis.This is the main reasonwhy SST has

beenincludedin thecontrolvector.

Figg. 3.17and3.18show two dimensionalPDFsof themodelSST versusthemeasured

MED andADR datasets,respectively. ThebackgroundSSTs arederivedfrom ananalysis

which is performedat00UTC andis employedduringall COSMO–LAMI integrations.The

non-zerobiasandRM S errorbetweenthe modelbackgroundSSTs andthe new datasets

arenotonly duetodifferencesin thedatausedbut alsoto thefactthatthey effectively referto

two differentanalysistimes.COSMOSSTsdonotevolveovertime. The1D–VAR analysis

is ableto reducethebiasonly in theADR dataset,while theRM S is reducedbothin ADR
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Figure3.17: Two-dimensionalprobabilitydensityfunctionof model(backgroundandanal-
ysis) versusobserved SST for the MED dataset.The right-endmostmapshows the data
localisation. The datacover the whole periodof 20 daysstartingfrom the 1st September
2006.

andin MED dataset.Sincein theADR datasetthedaily differencesof theseatemperature

canbemorerelevant,this resultmeansthattheinfraredproductis improved.
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Figure3.18:Sameasfor Fig. 3.17but for theADR dataset.
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Chapter 4

THREE±DIMENSION AL

CASE±STUDIES

This chapterdiscussestheapplicationof the1D–VAR assimilationof satelliteradiancesfor

two selectedcasestudies:afalsealarmcaseoccurredin Friuli–Venezia–Giuliaregionin July

2004anda heavy precipitationcaseoccurredin theEmilia–Romagnaregion in April 2005.

For eachof thema brief descriptionof thesynopticsituationis givenandCOSMOanalysis

andforecast�elds producedwith andwithout thecontributionof the1D–VAR retrievedpro-

�les arecompared.

Theanalysisof thesedifferenceshave beendividedin two phases.The�elds are�rstly

analysedduringthetwelvehoursassimilationcycleandthenduringthethirtysix hoursmodel

forecast.Theinitial conditionsfor theassimilationperiodareprovidedby theGME analysis.

Thehourlyboundaryconditionsareprovidedby theGME forecastsbothfor theassimilation

andfor theforecast.It is worthnotingthatin boththecase–studiesthehorizontalintegration

domaincorrespondsto theCOSMO–LAMI operationalone,but a differentnumberof ver-

tical levels is used:35 levels for theFriuli–Venezia–Giuliacaseand40 levelsfor the latter

one.Theuseof only 35 vertical levelsin thefalsealarmcase–studyis imposedfor doinga

couplingwith ensemblememberspreviously run with only 35 vertical levels (moredetails

of this couplingis donein section4.3).

Sincethemainaim of thesecase–studiesis to evaluatetheimpactof theuseof MSG–1

68



satellitedatain theassimilationcycle, two differentassimilationshavebeenperformed:

� the�rst onewhereonly theconventionalobservationsareassimilated;

� the secondonewherealsoMSG–1satellitedataareassimilatedusingthe 1D–VAR

approachasdiscussedin chapter3.

As next steptwo differentforecastshavebeenperformedusingthetwo differentanalyses

oneat a time. Henceboththeassimilation,aswell astheforecasts,arein thesametempo-

ral window andthe only differencebetweeneachotheris the presence/lackingof MSG–1

satellitedatain input. To betterevaluatetheimpactof MSG satellitedatathedifferencesof

someoutputvariablesareplottedboth for the assimilationandfor the forecastperiod; the

consideredvariablesare:

� theintegratedwatervapourover thecolumn;

� theintegratedsaturationwatervapourover thecolumn;

� the2 meterstemperatureT2m ;

� the2 metersspeci�c humidityq2m ;

� thesurfacetemperatureTs;

� theprecipitation�eld.

The inclusionin theconsideredvariablesof the integratedsaturationwatervapourover

thecolumnallowsto translatehumidity informationinto temperatureincrementsandto per-

form in thisway a directcomparisonbetweenthesetwo variables.Furthermoretheforecast

wind �elds at theendof theassimilationperiodsareplotted.

4.1 A falsealarm casestudy : 8th of July 2004

The meteorologicalsituationfor this event canbe explainedasfollows: a frontal system,

linkedto a large low depressionlocalisedon theWesternEurope,in thenight betweenthe

7thandthe8thof July2004wasmoving towardsto lower latitudes.Themeteorologicalsys-

temreached�rstly theNorth–Westernregionsof Italy andsubsequentlytheotherNorthern
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Figure4.1: Synopticsituationat00UTC of the8thJuly2004

regions.

This synopticsituationoccursvery frequentlyandusuallydeterminesmajor effects in

termsof precipitationovertheWesternAlpsand,afterthefrontpassage,overFriuli–Venezia–

Giulia, VenetoandTrentinoregions.LookingatseveralNWPmodelvariablesandin partic-

ular to theforecastedprecipitation,a risk scenariowasannounced.

For this casestudy the temporalwindow of the two assimilationsstartsat 00 UTC of

the8th of July 2004andlasts12 hours. The forecastsareperformedfor thenext 36 hours

startingat12 UTC of the8thof July (seeFig. 4.2).

Figure4.2:Schemeof thetemporalwindowsfor assimilations,in greencolour, andforecasts,
in yellow, for thefalsealarmcase–study

To distinguishbetweenthetwo assimilationsandthetwo forecasts,with andwithout the

useof theMSG–1satellitedata,theexperimentsarelabelledasfollows:

- ASS_MSG1_20040708andFOR_MSG1_20040708for theassimilationandthefore-

castwhereMSG–1satellitedataareassimilatedusingthe1D–VAR approachin COSMO;
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- ASS_NUDG_20040708andFOR_NUDG_20040708for theassimilationandthefore-

castwhereMSG–1satellitedataarenotassimilated,soonly theconventionaldataare

assimilatedby thenudgingtechnique.

4.1.1 Assimilation

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

Evenif bothCT productandthe�g_prc areavailableevery 15 minutesthey areplotted

71



for all thecase–studiesselectedin this thesiswith a temporalfrequency of 1 hour.

TheCT product(seeFig. 4.3),with thesamecolourpalettede�ned in section3.2,allows

theview of thefront passageover thenorthof Italy duringthe�rst hoursof the8th of July

2004.

Figure4.4: �g_prc duringtheassimilationtemporalwindow with a temporalfrequency of 1
hour.
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The�g_prc, with thesamecolourpalettede�ned in section3.2,obtainedfor theassimi-

lation temporalwindow (seeFig. 4.4)shows that thedataassimilatedduringthe�rst hours

aremostlylocalisedover thenorthof theAdriatic sea,while at themiddleandat theendof

theperiodtheavailabledatapointsareconcentratedon theTyrrhenianseaandon theWest-

ernMediterraneanseacloseto theAfrican coasts.

This datalocalisationhasanimpacton theinitial positionof thedifferencesfor thecon-

sideredvariables.In fact,exceptfor Ts, themodelvariableincrementsarelocalisedon the

northof theAdriatic seaduringthe�rst hoursof assimilation.

During theassimilationintegrationtheseincrementsarespreadin spaceandtime by the

nudgingscheme.

In particularthe integratedwatervapourincrements(seeFig. 4.5) for the �rst assimila-

tion hoursremainlocalisedwhereobservedradiancesreachconvergency in the1D–VAR and

arethusassimilated.This producessigni�cant positive incrementsof about0.5–1.0kg/m2

on thenorthof theAdriatic seaandin theVenetoregion.

Themagnitudeof thesedifferencesreachesthemaximumat theendof theassimilation

period itself whenthe differencesareappreciablealmostover the integrationdomain; the

mostpositive incrementsarepresenton theLiguria region andon the Ligurian sea,andin

the Mediterraneanseanorh of Tunisia,while remarkablenegative incrementsare present

over theseabetweenCorsicaandSardiniaislandsandwestof theTuscany region.

For theintegratedsaturationwatervapourover thecolumn(seeFig. 4.6) thedifferences

aresigni�cant at thebeginningof theassimilationperiodonly over theVenetoregion,while

in themiddleof theperiodthelargestdifferencesarelocalisedover theseabetweenSicily,

SardiniaandtheAfrican coasts.Thespreadingof thesestructuresandtheiramplituderesults

smallerthanfor theintegratedwatervapourone.

TheT2m andq2m differencesover theassimilationcycle period(shown in Figg. 4.7and
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Figure 4.5: Dif ferences in kg/m2 between ASS_MSG1_20040708 and
ASS_NUDG_20040708of the integrated water vapour in the column during the as-
similationtemporalwindow with a temporalfrequency of 1 hour.

4.8respectively) show aprogressivespreadingof modeldifferencesin time. For theT2m (see

Fig. 4.7)differencesbetweenthetwo runsat theendof theassimilationperiodaregenerally

negativeover theTyrrhenianseawhile they arepositive in thenorthof theAdriatic sea,but

both thesedifferenceshave generallyanamplitudeof 0.5 K. Themostpositive differences

arepresentin the south–eastof Sardinia,westof Corsicaandover the WesternAlps; the
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Figure 4.6: Dif ferences in kg/m2 between ASS_MSG1_20040708 and
ASS_NUDG_20040708of the integrated saturationwater vapour in the column dur-
ing theassimilationtemporalwindow with a temporalfrequency of 1 hour.

mostnegativevaluesareinsteadpresentin thesouth–westof Sardinia,in Liguria, Tuscany,

in theCentralAlps andin Friuli–Venezia–Giuliaregion.

For theq2m (seeFig. 4.8) thedifferencesat theendof theassimilationperiodhave the

mostpositivevalueson theTyrrheniansea,south–westandeastof Sardinia,while themost
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Figure4.7: Dif ferencesin K betweenASS_MSG1_20040708andASS_NUDG_20040708
of theforecastedT2m duringtheassimilationtemporalwindow with atemporalfrequency of
1 hour.

negativevaluesarein Sardinia,Corsicaandin Friuli–Venezia–Giulia.

In theforecastmodeltheassumptionis madethattheSST vary slowly duringthefore-

castintegrationwhile this assumptioncannotbe consideredvalid for the temperatureover

land. HencetheSST valuesarekeptconstantto theanalysedSST providedby theGME

boundaryconditionswhile Ts is diagnosedby a land–scheme.Fig. 4.9shows thatTs differ-

76



Figure 4.8: Dif ferences in g/kg between ASS_MSG1_20040708 and
ASS_NUDG_20040708of the forecastedq2m during the assimilation temporal win-
dow with a temporalfrequency of 1 hour.

encesover theassimilationperiodresultverysimilar to T2m differencesover land.

It is worth notingthat theassimilationof clear–sky radiancesover thenorthof Adriatic

seaat thebeginningof theassimilationis not ableto remove thecloudcover presentin the

assimilationrun ASS_NUDG_20040708(not shown) andthis will besubjectof furtherde-

velopmentsof theCOSMOmodelsystemin thenext future.
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Figure4.9: Dif ferencesin K betweenASS_MSG1_20040708andASS_NUDG_20040708
of theforecastedTs duringtheassimilationtemporalwindow with a temporalfrequency 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_20040708is also presentin the run

ASS_MSG1_20040708.Themainremarkabledifferencesbetweenthetwo 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_20040708(top right panel), the differences(ASS_MSG1_20040708minus
ASS_NUDG_20040708)of thetwo forecastprecipitation�elds (bottomleft panel)andthe
correspondentobservations(bottomright panel).

tationsarelocalisedover thenorthof Adriatic seawheretherunASS_MSG1_20040708in-

crementstheprecipitation�eld. There�ectivity measuredby theradarlocalisedatGattatico

(one of the two radarsof the Hydro–MeteorologicalServiceof Emilia–Romagnaregion,

ARPA-SIM) between10:12 UTC and 11:42 UTC of the 8th of July 2004with a tempo-

ral frequency of half an hour shows clearly the presenceof hydrometeorsin the north of

the Adriatic seaandcloseto the Venetocoasts(seeFig. 4.11), just in the areaswherethe

precipitation�eld forecastedby ASS_MSG1_20040708is largerthantheoneforecastedby

ASS_NUDG_20040708;this canbeconsidereda qualitativecon�rmation thattheassimila-

tion of MSG–1datahasapositiveimpactin theforecastedprecipitationandin theproduction

of theanalysisitself.

Finally the tenmeterswind �elds forecastedby the two assimilationsat 12 UTC of the

8thof Julyhavesimilarstructurewith somechangesin intensityanddirectionmoreevident
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Figure4.11: Radarre�ectivity in dBZ at themediumrangeobservedby theradarlocalised
atGattaticoat10:12UTC (top left panel),10:42UTC (top right panel),11:12UTC (bottom
left panel)and11:42UTC (bottomright panel)of the8thof July2004respectively

Figure4.12: 10 meterswind �eld in m/s forecastedat the endof the assimilationwindow
for ASS_MSG1_20040708(left panel)andASS_NUDG_20040708(right panel)plottedto-
getherwith theorography�eld (in meters).

in theLiguriansea.(seeFig. 4.12)

4.1.2 Forecast

Theamplitudeof thedifferencesof theintegratedwatervapourwith respectto thesaturation

integratedwatervapouronesremainsgreateralsoover theforecastperiod.This meansthat

this greaterimpactfor the integratedwatervapourpersistsalsoduring the forecast,where
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Figure 4.13: Dif ferences in kg/m2 between FOR_MSG1_20040708 and
FOR_NUDG_20040708of the integratedwater vapour in the column during the fore-
casttemporalwindow with a temporalfrequency of 3 hours.

thedataassimilationis notperformed(seeFigg. 4.13and4.14).

In particularthe largestamplitudeof the integratedwatervapourdifferencesis initially

localisedover the Tyrrhenianseawith positive differencesin the southand negative dif-

ferencesin the north respectively. Carryingon in forecasttime the differencesareshifted
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Figure 4.14: Dif ferences in kg/m2 between FOR_MSG1_20040708 and
FOR_NUDG_20040708of the integrated saturationwater vapour in the column dur-
ing theforecasttemporalwindow with a temporalfrequency of 3 hours.

towardstheeastnorth–eastdirectionwith acorrespondentreductionof thedifferencesin the

north–westof COSMO–LAMI domain.

Thiseffect is dueto thefactthattheboundaryconditionshavemoreimpactontheNorth–

Westernpartbecausethe�o w at high elevationcomesfrom thatdirection.Thereductionis
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Figure4.15:Dif ferencesin K betweenFOR_MSG1_20040708andFOR_NUDG_20040708
of theT2m duringtheforecasttemporalwindow with a temporalfrequency of 3 hours.

evenmoreevidentfor theintegratedsaturationwatervapour(seeFig. 4.14);thedifferences

initially localisedin the centerpart of COSMO–LAMI domainat the endof the forecast

remainlocalisedonly in thenorth–eastpartof thedomainitself.

Thereductionof thedifferencesis lessevidentfor theothervariables(T2m , q2m andTs)

(seeFigg. 4.15,4.16and4.17respectively).
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Figure 4.16: Dif ferences in g/kg between FOR_MSG1_20040708 and
FOR_NUDG_20040708of the q2m during the forecast temporal window with a tem-
poralfrequency of 3 hours.

For the 2 metersvariablesthe differencereductionis greaterover seawestof Corsica

andSardiniaislandsthanover land. It is worth noting that the variablesT2m andq2m are

diagnosedin COSMOmodelfrom the temperatureandthespeci�c humidity at theground

andthe lowestmodellevel taking into accountthe atmosphericstability; this combinedto

theconstantSST explainswhy thereductionof the2 metersvariablesdifferencesis larger
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Figure4.17:Dif ferencesin K betweenFOR_MSG1_20040708andFOR_NUDG_20040708
of theTs duringtheforecasttemporalwindow with a temporalfrequency of 3 hours.

overseathanover land.

Theprecipitation�elds obtainedby therunsFOR_MSG1_20040708andFOR_NUDG_20040708

have very similar structures.Theoverestimationof the precipitationover theCentralAlps

is presentin both the forecastswhile theoverestimationsin Friuli–Venezia–Giulia,just the

region wherethefalsealarmwasannounced,presentin FOR_NUDG_20040708is remark-
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ablyreducedin FOR_MSG1_20040708.Thedifferenceof theforecast�elds of precipitation

showsthepresenceof a little phasedisplacementof thestructures(seeFig. 4.18).
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Figure 4.18: Twentyfour hours cumulatedprecipitation in mm from 12 UTC of the
8th of July 2004 forecastedby the runs FOR_MSG1_20040708(top left panel) and
FOR_NUDG_20040708(top right panel), the differences(FOR_MSG1_20040708minus
FOR_NUDG_20040708)of thetwo forecastprecipitation�elds (bottomleft panel)andthe
correspondentobservations(bottomright panel).
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4.2 A heavy precipitation case±study: 9th of April 2005

Themeteorologicalsituationfor this eventdeterminedheavy precipitationsover thewhole

Emilia–Romagnaregionduringthetwo daysof 10thand11thof April 2005dueto thepres-

enceof a cyclonic depressionover theCentral–WesternMediterraneanbasin.This synoptic

situation(seeFig. 4.19)wastriggeredby thearrival of apolarair massmovedfrom its orig-

inal positionin Greenlandtowardsto lower latitudeby a jet streampresenton thenorthof

theAtlantic.

Figure4.19: EuropeanCenterfor Medium rangeWeatherForecast(ECMWF) analysisat
250hPaat12UTC of 8th of April 2005.

Thearrival of thecold front happenedin thenight betweenthe8th andthe9th of April

andproducedthemostsigni�cant effectsin termsof precipitationin thefollowing days.The

cold air reachedthe Algerian coastsandtriggereda greatwarm air �o w from the African

land towardsthe centralpart of the Mediterraneansea.This determinedmoistandintense
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windsfrom south–eastin thesouth–eastpartof Italy which impactedstronglywith thecold

air presenta slightly more to the west. Furthermorethe extensive cloud–system,driven

from themeridionalwindsat high altitudes,wasevenmoreintensi�ed in Emilia–Romagna

regionfor thepresenceof north–eastwindsat thesurfacewhichimpactedwith theApennine

mountains.The baric minimum on the day of 11th of April reachedthe positionbetween

SardiniaandSicily islandswhereit stationedfor the next 36 hoursconstrainingthe cloud

vortex to circle thecenterof low pressure(seeFig. 4.20).

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

For this case–studythetemporalwindow of thetwo assimilationsstartat 12 UTC of the

9th of April 2005and lasts12 hours. The forecastsare performedfor the next 36 hours

startingat 00 UTC of the 9th of April (seeFig. 4.21). Similarly for the falsealarmcase

previously discussed,to distinguishbetweenthe two assimilationsand the two forecasts,

with andwithout theuseof theMSG–1satellitedata,they arehereaftercalledrespectively:

- ASS_MSG1_20050409andFOR_MSG1_20050409for theassimilationandthefore-

castwhereMSG–1satellitedataareassimilatedusingthe1D–VAR approachin COSMO;
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Figure4.21: Schemeof the temporalwindows for assimilations,in greencolour, andfore-
casts,in yellow, for theheavy precipitationcase–study

- ASS_NUDG_20050409andFOR_NUDG_20050409for theassimilationandthefore-

castwhereMSG–1satellitedataarenotassimilated,soonly theconventionaldataare

assimilatedby thenudgingtechnique.
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4.2.1 Assimilation

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

TheCT product(seeFig. 4.22),with thesamecolourpalettede�nedin section3.2,shows

thatthecloudcover in thiscasestudyis verymuchextendedandthisallowstheassimilation

of a smallnumberof observedradiancesasshown in theFig. 4.23(thecolourpaletteused

is theonede�ned in section3.2). Most of theassimilatedsatelliteobservationsarelocated

in theLigurianseaandsouthof Sicily island.
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Figure4.23: �g_prc for thetemporalwindow of theassimilationwith a temporalfrequency
of 1 hour.

For the integratedwatervapourthe initial differences,localisedin theLigurian seaand

in thesouthof Italy, arenegative; they arespreadin spaceduringtheassimilationtemporal

window by thenudging.At theendof theassimilationcycle themostnegative differences

arepresentin theIoniansea,while themostpositivedifferencesarepresentin thesouthof

theAdriatic sea,south–westof Sardiniaandin theLigurian sea.The integratedsaturation
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Figure 4.24: Dif ferences in kg/m2 between ASS_MSG1_20050409 and
ASS_NUDG_20050409of the integrated water vapour in the column during the as-
similationtemporalwindow with a temporalfrequency of 1 hour.

watervapourdifferences(notshown)arealmostnegligibleoverthewholeassimilationcycle.

For the2 meterssurfacevariables,T2m andq2m (seeFigg. 4.25and4.26), initially the

differencesare concentratedin the southof Italy and west of Tunisiancoastsand subse-

quentlythey arespreadfrom this original position.For this case–studytheamplitudeof the
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Figure4.25:Dif ferencesin K betweenASS_MSG1_20050409andASS_NUDG_20050409
of theforecastedT2m duringtheassimilationtemporalwindow with atemporalfrequency of
1 hour.

differencesat the endof the assimilationarerarelygreaterthan0.5 K for the T2m and0.5

g/kg for theq2m respectively. It is worthnotingthealmosttotalabsenceof impactin theq2m

over theAlps.

Finally Ts differences(seeFig. 4.27)arevery similar to thedifferencesin theT2m over

land,andalsofor this variablethedifferencesarerarelygreaterthan0.5K.
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Figure 4.26: Dif ferences in g/kg between ASS_MSG1_20050409 and
ASS_NUDG_20050409of the forecastedq2m during the assimilation temporal win-
dow with a temporalfrequency of 1 hour.

Theforecastprecipitation�elds for thetwelve hoursof thetwo assimilationsshow sim-

ilar structureswith very smalldifferenceswhosegreatestamplituderangesaround10 mm.

Thecorrespondentobservationsshow thatboththeforecastsproduceaslightoverestimation

of theprecipitationin theVenetoregion,while theothermaximaof precipitation,presentin

Piemonteregionandin thePovalley, arewell localised(seeFig. 4.28).

94



Figure4.27:Dif ferencesin K betweenASS_MSG1_20050409andASS_NUDG_20050409
of theforecastedTs duringtheassimilationtemporalwindow with a temporalfrequency of
1 hour.

Finally theforecasted10meterswind �elds forecastedby theassimilationsat00UTC of

10thof April areidenticalandno suchremarkablechangecanbereported(seeFig. 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_20050409minus
ASS_NUDG_20050409)of thetwo forecastprecipitation�elds (bottomleft panel)andthe
correspondentobservations(bottomright panel).

Figure4.29: 10 meterswind �eld in m/s forecastedat the endof the assimilationwindow
for ASS_MSG1_20050409(left panel)andASS_NUDG_20050409(right panel)plottedto-
getherwith theorography�eld (in meters).
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4.2.2 Forecast

Figure 4.30: Dif ferences in kg/m2 between FOR_MSG1_20050409 and
FOR_NUDG_20050409of the integratedwater vapour in the column during the fore-
casttemporalwindow with a temporalfrequency of 3 hours.

At thebeginningof theforecastmostof thenegative integratedwatervapourdifferences

are localisedin the Ionian seaandsouthof Sicily, while the mostpositive differencesare

presenton thesouth–eastof France.Thedifferencesseemto have a generalcyclonic rota-

tion in timeandat theendof theforecastwith thegreatestdifferencesin termsof amplitude
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presentcloseto the low pressurelocalisedbetweenSicily and Sardiniaislands(seeFig.

4.30). The integratedsaturationwatervapour, like during the assimilationcycle, have al-

waysvaluesconcentratedbetween-0.1and0.1kg/m2 (not shown).

Figure4.31:Dif ferencesin K betweenFOR_MSG1_20050409andFOR_NUDG_20050409
of theT2m duringtheforecasttemporalwindow with a temporalfrequency of 3 hours.

For the T2m and the q2m the amplitudeof the differencesis mostly of 0.5 K and 0.5

g/kgrespectively, whichmeansthatthedifferencesarenotsigni�cant over thealmostwhole
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Figure4.32:Dif ferencesin K betweenFOR_MSG1_20050409andFOR_NUDG_20050409
of theq2m duringtheforecasttemporalwindow with a temporalfrequency of 3 hours.

domain(seeFig. 4.31and4.32).
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Figure4.33:Dif ferencesin K betweenFOR_MSG1_20050409andFOR_NUDG_20050409
of theTs duringtheforecasttemporalwindow with a temporalfrequency of 3 hours.

TheTs differencesareverysimilar to the2 meterstemperaturedifferencesoverlandwith

differenceswhichalmostalwaysrangefrom -0.5to 0.5K (seeFig. 4.33).

It is worth notingthatfor this casestudy, on thecontraryof whathappenedfor thefalse

alarmcasepreviously discussed,the variablesdifferences,andin particularthe integrated

watervapourdifferences,do not reducevery much in the forecast. This could be due to
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the presenceof a stationaryvortex of low pressurebetweenSicily andSardiniaislands;in

fact this vortex reducestheimpactof theboundaryconditionshourly providedby theGME

modelanddeterminesamorepersistencein thedifferencesthemselves.
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Figure 4.34: Twentyfour hours cumulatedprecipitation in mm from 00 UTC of the
10th of April 2005 forecastedby the runs FOR_MSG1_20050409(top left panel) and
FOR_NUDG_20050409(top right panel), the differences(FOR_MSG1_20050409minus
FOR_NUDG_20050409)of thetwo forecastprecipitation�elds (bottomleft panel)andthe
correspondentobservations(bottomright panel).

Theprecipitation�eld forecastedby thetwo runsFOR_MSG1_20050409andFOR_NUDG_20050409

areverysimilar; it is worthnotingthatevenif theamountof forecastedprecipitationis very

high, especiallyin the Apennineareasof Emilia–Romagnaregion, the differencesin the

northof Italy arevery smallandrangingbetween-10 and10 mm. Comparingtheobserva-

tionswith theforecasted�elds it isclearthegoodlocalisationof thepeaksof theprecipitation

overtheEmilia–RomagnaApenninesbut boththeforecastsoverestimatetheprecipitationin

Liguria region (seeFig. 4.34).
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4.3 A possibleimpr ovementof the B matrix and

its usein the falsealarm case±study

Up to now following theParrish–Derbermethodologythe12hoursforecastis assumedto be

the“truth” andit is usedto computethebackgrounderrorcovariancematrixB . Nevertheless

thisstatisticalmethoddoesnot take into accountthesynopticsituationof themomentwhich

representsthemainforcingof themeteorologicalsystem.Hencethebestpossibleapproach

in thede�nition of B is thecondensationinsideB itself of bothclimatologicalandreal–time

information. Hencethe calculationof “climatological” B matriceshasto be coupledwith

thecalculationof synopticsituationdependentB matrices.Thecalculationof this improved

B matrix consistsin thefollowing threesteps:

� calculationof theclimatologicalB matrices;

� calculationof the“EnsembleIslands”B matrices;

� mergingof theclimatologicalandensembleislandsB matrices.

This methodhasbeenappliedto thefalsealarmcase–studyof 8th of July 2004andthe

severalstepsareexplainedin thefollowing threesubsections(4.3.1,4.3.2and4.3.3).

4.3.1 Calculation of the climatological B matrices

TheclimatologicalB matrix,originally calculatedonly over thewholedomain,is now also

calculatedovertwelvesubdomainscontainingthesamenumberof grid points(seeFig. 4.35)

usingtheParrish–Derbermethod.For simplicity theclimatologicalB matricesfor a given

variablewill be indicatedby thesymbolB variable
clim , hencethe temperatureclimatologicalB

matriceswill be indicatedby the symbolB T
clim , while the watervapourclimatologicalB

matricesby B q
clim .

Figg. 4.36and4.37show theB T
clim s andtheB q

clim s respectively for the twelve subdo-

mains.

All thesetwelve B T
clim s show thehighestpositive valueson thediagonalin the last ten

levels; in particular for the subdomainnumber2 the variancesat theselevels reachthe
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Figure4.35:ThetwelvesubdomainswheretheclimatologicalB matricesarecalculated.

maximumvalueof 2.47K2. Furthermoreall the B T
clim s have negative valuesin the cross–

correlationsbetweenthe5thandthe10thlevel andthelevelsat loweraltitude,with negative

valueswhicharenot lower than-0.65K.

The B q
clim s calculatedon the twelve subdomainsshow signi�cant valuesgreaterthan

zerolocaliseddown the15thlevel; thecovariancesfor thehigherlevelshavevalueslower in

amplitude,sincethepresenceof watervapourat thesealtitudesresultsscarce.Thehighest

positive valueof covarianceis reachedin the subdomainnumber5 aroundthe 30th level

with a valueof 2.30(g/kg)2. Signi�cant but very little negative values,nonlower than-0.1

(g/kg)2, arepresentonly in thesubdomainnumber3.

It is worth noting that for both the B T
clim s and B q

clim s on the twelve subdomainsthe

positivecovariancesaregreaterin amplitudethanthenegativeones.Finally theB T
clim s and

B q
clim s arecalculatedover thewhole integrationdomain;their shapesaremoreregular than

in thecorrespondentmatricescalculatedon thetwelvesubdomains(seeFig. 4.38).
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Figure4.36:TheB T
clim s in K2 on thetwelvesubdomains.

4.3.2 Calculation of the EnsembleIslands B matrices

Theuseof theensemblemembersto computeEnsembleIslandsB matricesis basedon the

assumptionthattheensemblespreadcangiveanimportantcontributiontode�ne thesynoptic
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Figure4.37:TheB q
clim s in (g/kg)2 on thetwelvesubdomains.

dependentcomponentof thebackgrounderrorcovariances.For thefalsealarmcase–studyof

the8thof July2004� veensemblememberswererun. Theinitial conditionsandthebound-

aryconditionsusedtoproducetheensemblemembersis providedby GME modelof 00UTC
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Figure4.38:All domainB T
clim in K2 (left panel)andB q

clim in (g/kg)2 (right panel).

of the8thof July2004,while theperturbationsareobtainedvaryingsomeparameterisations

inside the COSMO model. Oneof the � ve membersis obtainedrunning the operational

COSMOmodel,two of theotherfour membersareobtainedreplacingtheTiedtke convec-

tion scheme,which is usedoperationallyin COSMOmodel,by theKain-Fritschconvection

schemeandremoving any typeof convectionparameterisationscheme(explicit convection)

respectively. Theremainingtwo areinsteadobtainedsettinga parameterrelatedto thetur-

bulencescheme(rlam_heat),which hasvalue1 for the operationalCOSMOmodel,to the

values0.1and50 respectively (seeFig. 4.39).

Figure4.39: Thedifferent� ve ensemblemembersproducedstartingfrom theGME initial
conditionsandboundaryconditionsvaryingtheCOSMOparametersconcerningtheconvec-
tion parameterisationschemeor theturbulenceparameters(seethetext for moredetails).

Theensemblerunsstartat00UTC of the8thof July2004andthe12hoursforecast�elds

areusedin thecalculations.Themeanof theensemblemembersis consideredour “truth”
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andthedeparturesfrom this “truth” is usedto estimatethespreadof theensemblemembers

for thevariabletemperaturein eachpoint andat eachlevel of the integrationdomain.This

three–dimensional�eld is thenconvolvedwith a normalisedweightingfunctionwhich has

maximumvalueat3 km at thealtitudeswheretheuseof satellitedatahasthemajorimpact;

theweightingfunction(seeFig. 4.40)hasbeenchosento have thefollowing form:

W(z; z0; A) =
z
z0

exp
� � (z � z0)2

A

�
(4.1)

wherez0 andA areparametersallowedto bechanged(seeFig. 4.40).

Figure4.40: Weightingfunctionof the temperaturespreadusedto determinetheensemble
islands(z0 = 2.0,A = 6.0).

Finally apercentiletechniqueis appliedto thistwo–dimensional�eld to detectgeograph-

ical areas,called“islands”,wheretheensembleB matriceswill becalculated.Thepercentile

techniquecanbeexplainedasfollows: �rst of all thep1thpercentileandthep2thpercentile,

with 0 < p1 < p2 < 100,of the two dimensional�eld arecalculated;thenstartingfrom the

left cornerof the domainandproceedingin west–eastdirection�rstly andin south–north

directionsecondlythepointswherethetwo–dimensional�eld hasvaluebiggerthanthep2th

percentilearesearched.If onepointssatis�esthis condition,thenthis point is considereda
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point of an island,andthesizeof this islandis obtainedproceedingfrom this point in each

of thefour cardinaldirectionsuntil thetwo–dimensional�eld reachesavaluelower thanthe

p1thpercentile.The islandsoobtainedis dismissedif thenumberof pointsinsideitself is

lower thana minimumnumber, otherwisethepointsconstitutingthe islandarenot allowed

to beinsideotherislands(seeFig. 4.41).
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Figure4.41: Ensembletemperaturetwo–dimensional�eld obtainedconvolving theweight-
ing function with the ensemblespread�eld of the temperature(top left panel)in K2, the
islandsobtainedby thepercentiletechnique(theminimumnumberof pointsconstitutingthe
islandsis set to 150, p1 is set to 70, and�nally p2 is set to 99) (top right panel),andthe
brightnesstemperature,in K, of the10.8�m infraredchannelat 12 UTC of the8th of July
2004(bottompanel).

Theislandsareprincipally localisedwherethecloudsystemsarepresent.Theensemble

B matriceswill becalculatedon these“islands”.
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Figure4.42:TheB T
enss in K2 on theeightislands.

For simplicity theensembleB matricesfor agivenvariablewill beindicatedby thesym-

bol B variable
ens , hencethe temperatureensembleB matriceswill be indicatedby the symbol

B T
ens, while thewatervapourensembleB matricesby B q

ens.
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Figure4.43:TheB q
enss in (g/kg)2 on theeightislands.

Both theB T
enss andB q

enss calculatedon theensembleislandsresultmoreirregular than

the correspondentB T
clim s andB q

clim s matrices(seeFigg. 4.42and4.43 respectively). The

valuesof B T
enss calculatedon the ensembleislandsare alwayssmallerthan the valuesof

B T
clim s over thetwelve subdomains,anyway thehighestvaluesareasbeforepresenton the

diagonalin the levelscloseto thesurface(seeFig. 4.42). TheB q
enss calculatedon theen-
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sembleislandshavevalueswhoseorderof magnitudeis thesameof theB q
clim s, in particular

in theislandnumber7 is reachedthemaximumvalueof 3.22(g/kg)2 in thediagonalbetween

the25thandthe30thlevel (seeFig. 4.43).

Figure4.44:All domainB T
ens in K2 (left panel)andB q

ens in (g/kg)2 (right panel).

Over thewholedomaintheB T
clim s andB q

clim s arenot only morehomogeneousbut also

containlower information than the correspondentB matricescalculatedon the ensemble

islands(seeFig. 4.44).

4.3.3 Merging of the two B matrices

Oncethe climatologicalB matricesandthe ensembleB matricesarecalculated,they are

mergedfor eachpointof theintegrationdomain.Therearetwo possibilities:

� if thepoint falls in thesubdomainnumberi andin theensembleislandnumberj, then

the�o w–dependentB matrix for thispoint is:

B 
o w � dep enden t = 0:7B clim + 0:3B ens (4.2)

� if the point falls in the subdomainnumberi but no ensembleislandincludesit, then

the�o w–dependentB matrix for thispoint is:

B 
o w � dep enden t = B clim (4.3)
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Using this “improved” B matrix assimilationand forecastareperformedfor the false

alarmcase–studywith thesamemannerdiscussedat thebeginningof this chapter. Theas-

similationandtheforecastarecalledASS_MSG1_20040708_ensandFOR_MSG1_20040708_ens

respectively.

4.3.4 Assimilation

Figure4.45: �g_prc duringtheassimilationtemporalwindow with a temporalfrequency of
1 hour.
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Fig. 4.45 shows the �g_prc (the usedcolour paletteis de�ned in section3.2) for the

assimilationperiod;mostof theassimilatedradiancesareconcentratedduringthe�rst hours

of theassimilationandtheirnumberdecreasescarryingon in theassimilationtime itself.

Figure 4.46: Dif ferences in kg/m2 between ASS_MSG1_20040708_ens and
ASS_NUDG_20040708of the integrated water vapour in the column during the as-
similationtemporalwindow with a temporalfrequency of 1 hour.

Theintegratedwatervapourdifferenceshavesigni�cant valuesalreadyin the�rst hours

of theassimilationwith positivevaluesbetween2.5and3.0kg/m2 northof Sicily islandand
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in thenorth–eastpartof theCOSMO–LAMI domain.Duringtheassimilationthedifferences

arespreadoverthewholedomainandat theendof theassimilationreachvaluesgreaterthan

10kg/m2 southof Sardiniaisland,with themostpositivevaluesin thesouthof theTyrrhenian

seaandthemostnegativeonessouthof Sicily island(seeFig. 4.46).
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Figure4.47: Twelve hourscumulatedprecipitationin mm from 00 UTC of the8th of July
2004forecastedby the run ASS_MSG1_20040708_ens(left panel)andthe correspondent
observations(right panel).

The forecastedprecipitationpresentsoverestimationof precipitationin Liguria region

andin thenorth–westpartof thePoValley, while themaximaof precipitationin theWestern

Alps arewell localised(seeFig. 4.47).

4.3.5 Forecast

At thebeginningof theforecasttheintegratedwatervapourdifferenceshave valuesgreater

than10kg/m2 southof Sardiniaislandandnegativevaluessouthof Sicily. Thesedifferences

arereducedandshiftedtowardstheeastdirectionduringtheforecast.At theendof thefore-

castthemostsigni�cant differencesarepresentonly on theEasternpartof thedomain.This

is dueto theeffect of theboundaryconditionsof theGME modelwhich drive theCOSMO

model;in factthesynopticsituationwascharacterisedathighaltitudeby intensenorth–west

winds(seeFig. 4.48).

Finally the forecastedprecipitation�eld shows an overestimationof precipitationover

theCentralAlps, in theLiguria region andalsoover Friuli–Venezia–Giuliawherethefalse

alarmcasewasannounced(seeFig. 4.49).
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Figure 4.48: Dif ferences in kg/m2 between FOR_MSG1_20040708_ens and
FOR_NUDG_20040708of the integratedwater vapour in the column during the fore-
casttemporalwindow with a temporalfrequency of 3 hours.

Thenon-remarkableimprovementof theforecastin Friuli–Venezia–Giuliaregion using

the �o w-dependentB matrix could be dueto the fact that in this casethe assimilationof

pointsin thenorthof theAdriatic seaat thebeginningof theassimilationis notperformedat

thecontraryof therunASS_MSG1_20040708.Thisdoesnotpermitto producetheprecipi-

tationin thenorthof theAdriatic seaduringtheassimilationandresultsin anoverestimation
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Figure4.49: Twentyfourhourscumulatedprecipitationin mm from 12 UTC of the 8th of
July 2004forecastedby therun FOR_MSG1_20040708_ens(left panel)andthecorrespon-
dentobservations(right panel).

of precipitationin Friuli–Venezia–Giuliaregion in theforecast.
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Chapter 5

CONCLUSIONS

Therequirementto improvethepredictionof severeweathereventsandlocalisedheavy pre-

cipitationregimesdrivenby deepconvectionandcomplex orographyhasleadmany national

forecastcentresto steadilyincreasetheresolutionof regionalscalemodels,posingunprece-

dentedproblemsto widely usedvariationaldataassimilationsystems. On the one hand,

analysisat 1 km resolutionrequiresdenseandfrequentobservationsto capturespatiallyin-

coherentandquickly evolving structurestypicalof themeso-
 scales.Ontheotherhandthe

applicabilityof variationaltechniquessuchas4D–VAR imposesthelinearityof theobserva-

tion operatorandthevalidity of balancesimposedby thelargescale�o w (Rabieretal.,1998

[27]), which areviolatedat high resolutions.As the role of non-conventionalobservations

suchasradaror new high resolutionsatelliteplatformsbecomescrucial for regional mod-

elling at thekilometrescale,thesuitabilityof 3D–VAR/4D–VAR analysissystemswhichal-

low directradiance/re�ectivity assimilationremainswidely debated(Chevallier et al., 2003

[4] andChevallier etal., 2004[5]).

A possiblewayto overcomethelinearityproblemathighresolutionwhilestill retaininga

variationalapproachis by performinganintermediatestepin whichpartof thesatelliteinfor-

mationis transferredto prognosticvariableincrementswhich canthenbeusedas“pseudo-

observations”to beingestedinto theassimilationsystem(MarécalandMahfouf,2000[21]).

The tractability of the assimilationproblemis enhancedanddetailedstudiesof modelad-

justmentsrelatedto acertainobservationarepossible.Herethis simpli�ed approachis used

anda1D–VAR techniqueis employedto investigatethequalityof temperatureandhumidity
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retrievals from SEVIRI on boardof thegeostationaryMeteosatSecondGeneration(MSG)

satellite.Sinceobservationsfrom MSG platformsareavailableat 3 km resolutionandwith

150 repetitioncycle they cansubstantiallyenrichassimilationsystemsbasedon rapidly up-

datingcycles.Thestudyhasbeenperformedfor clearsky measurementsoverseapointsand

for a periodof 20 daysstartingfrom 1stSeptember2006.Backgrounddata�elds werepro-

vided by the regional non-hydrostaticmodelCOSMO–LAMI during its assimilationcycle

integration.

Betweenthe eight available infraredchannelsof SEVIRI the two watervapourwave-

lengthsat 6.2 and 7.3 �m have beenshown to possessthe largest'information content',

both in termsof absolutereductionof backgrounderrors(largestDFS)andrelative perfor-

mancecomparedto the otheravailablewavelengths(largestDRM) ( Rodgers,2000[32]).

They producea substantialreductionof backgrounderrorsbetween200 hPa and600 hPa.

For the reductionof both temperatureandhumidity errorsbelow 600 hPa the inclusionof

wavelengthsat 8:7�m , 10:8�m and12:0�m is bene�cial. The ozoneandcarbondioxide

monitoringchannelsareinsteadblacklisted. They weredemonstratedto possesa poor in-

formationcontent(low valuesof DRM andDFS). Moreover inaccuraciesin the radiative

transfercalculationsfor thesetwo wavelengthsare expectedas the concentrationof both

gasesis notpredictedby themodel.Therefore,thetheoreticalevaluationof their impactinto

theanalysisobtainedusingvaluesof theDFSandMRM canbenot reliable.

With this � ve channelcon�guration an expectedmaximumreductionof 11% in tem-

peratureand20%in speci�c humidity standarddeviationshasbeenestimated.Thevertical

resolutionof the expectedanalysisincrementshasbeenfound quite coarseat roughly 10

km in thetroposphereandworseabove. Finally while the1D–VAR algorithmis not ableto

reducethe2m temperatureandhumidityerrorsit improvedthebackgroundSST.

Thequality of the1D–VAR productshasbeenassessedbothon modeldeparturestatis-

tics andcomparingthe �nal analysisto independentobservationscomingfrom collocated

radiosondeswhich werenot includedin the analysis,andmicrowave basedsatelliteSST

products.Fromthebackgroundandanalysisstatisticsthe1D–VAR methodologyin these-
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lectedcon�gurationwasshown to bearobusttechniqueto extracttemperatureandhumidity

informationfrom satelliteradiances.Themeanexpectedvariableincrementswerecloseto

zeroshowing theeaseof performingair-massdependentbiascorrections.

Thewarmanddry biasesrevealedin COSMO–LAMI background�elds by thecompari-

sonto theTEMPobservationswerereducedsubstantiallyin the1D–VAR analysis.Moreover

the 1D–VAR wasableto correctfor mostof the forecastmodelbiasvariability producing

pro�les which were highly correlatedwith the radiosondeobservations. In particularthe

analysedtemperaturepro�les showed a maximumcorrelationof 80 % and the humidity

around40 %.

The assimilationof MSG satellite data is assessedfor two three–dimensionalcase–

studies:a falsealarmcaseoccurredin Friuli–Venezia–Giuliaregion on the8th of July 2004

anda heavy precipitationcaseoccurredin Emilia Romagnaregion betweenthe9th andthe

12th of April 2005. Both thesecase–studiesareanalysedin two steps:the �rst oneis the

assimilation,with initial conditionandboundaryconditionsprovided hourly by the GME

model,for twelve hoursandthesecondoneis the forecast,with boundaryconditionspro-

vided hourly by the GME model, for the subsequentthirtysix hours. The impact of the

1D–VAR techniqueis evaluatedin termsof variabledifferences:the integrated(over the

column)watervapourandsaturationwatervapour, the T2m , the q2m andthe Ts. The inte-

gratedsaturationwatervapourtranslateshumidity informationinto temperaturedifferences

allowing adirectcomparisonbetweenthesetwo variables.

During the assimilationperiod the differences,initially localisedin the points where

MSG satellitedataareassimilated,arespread;theextensionandthespeedof this spreading

dependson theconsideredvariableandon thenumberof MSG satellitedatathatareassim-

ilated. For exampleduringtheassimilationperiodof thefalsealarmcase–studytheamount

of MSGsatellitedataassimilatedis largerthanin theheavy precipitationcase–studyandthis

determinesamoreintensespreadingof thedifferencesin the�rst casefor all theconsidered

variables.It is worth noting that in both the case–studiesduring both the assimilationand

theforecasttheamplitudeof the integratedwatervapourdifferencesis larger thanthe inte-
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gratedsaturationwatervapourin thecolumnproducedby thevariationof temperaturein the

columnusingthe1D–VAR interfacedwith thenudgingtechnique.

During the forecastperiod the evolution of the differencesfor the two case–studiesis

differentandaffectedby the differentsynopticsituations. In fact in the falsealarmcase–

study, characterisedby intensenorth–westwindsat high altitudes,thedifferencesof all the

consideredvariablesdecreasein amplitudemainly in thenorth–westpartof COSMO–LAMI

domain. This behaviour is moreevident for the integrateddifferencesof watervapourand

saturationwatervapourwherethe impactof the winds at high altitudeis bigger. The dif-

ferencesof the 2 meters�elds, T2m andq2m , show a main reductionover the seaat west

of CorsicaandSardiniaislands. It is worth noting that the variablesT2m andq2m areob-

tainedin COSMOmodelcombiningthetemperatureandthespeci�c humidityat thesurface

andat the level closestto thesurfacerespectively; furthermoretheSST is keptconstantin

COSMOduringtheforecast.Hencethesetwo constraints,sincetheimpactof theboundary

conditionsis biggeron thenorth–westpartof domain,explain why thebiggestreductionof

theT2m andq2m is justover thesea.

The heavy precipitationcase–studywasinsteadcharacterisedby a low pressurecenter

which stationedbetweenSicily andSardiniaislands;this synopticsituationdeterminesa

weakimpactof theboundaryconditionsin theforecastandin fact theamplitudeof thedif-

ferencesin theforecasttime remainthesamefor all thevariables.

Theimpactof MSG satellitedatais anyway moreevident in thefalsealarmcase–study

wheretheassimilationof thesenew generationdataallowsthelocalisationof aprecipitation

cell in the north of the Adriatic seaduring the assimilationanda subsequentreductionof

theoverestimationof precipitationin Friuli–Venezia–Giuliaregion duringtheforecast.The

presenceof anextendedcloudsystemin theheavy precipitationcase–studyinsteadpermits

theassimilationof a very scarcenumberof MSG dataavoiding a possibleimprovementof

the forecast. This canbe considereda proof of the limitation in the assimilationof MSG

satellitedataonly in clear–sky pointsoversea.
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An improvementin thede�nition of theB matrixis discussedusinga�o w–dependentap-

proach.Thisapproachtriesto takeinto accounttheerrorsof themodeldependingalsoonthe

synopticsituation. On the onehandParrish–DerberB matricesarecalculatedover twelve

COSMO–LAMI subdomains,obtaineddividing the domainin twelve partscontainingthe

samenumberof grid points.Thesematricesarealsocalled“climatological” B matrices.On

the otherhandensemblemembersareusedto selectthe areaswherethe modelerrorscan

vary remarkablywith respectto theclimatologicalvalues.Theselectionof theseareas,also

called“ensembleislands”,is performedconvolving aprede�nedweightingfunctionwith the

temperatureensemblespread�eld andapplyingto thetwo–dimensional�eld soobtaineda

percentiletechnique.Finally thesetwo typesof B matricesareappropriatelymerged to-

gether. The�o w–dependentB methodhasbeenappliedto thefalsealarmcase–studybut no

remarkableimprovementwith respectto the run without the assimilationof MSG satellite

datais obtained.

In summary, it hasbeenshown thathigh spatialandtemporalMSG observationscanbe

exploitedwith a 1D–VAR approachresultingin animprovedanalysisof T andq pro�les in

clearsky over oceans.Furthermorethesenew generationdatacanbe usedin operational

forecaststo detectpossiblescenariosof risk as it is demonstratedherefor a falsealarm

case–study. The next stepwill be to extendthe useof theseMSG channelsover land and

investigatetheir impacton thesubsequentforecastsusingdeterministicscores.
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