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assimilation:
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By Heikki Jär vinen

Abstract

Thepurposeof theobservationpreprocessingandscreeningis to producea cleanarrayof observationsin aneasilyaccessible
format to be usedin the dataassimilation.At the preprocessingstagean array in a suitableformat is createdfor the data
assimilation.Observationscreeningthenselectsa subsetof observationsto bepresentedfor theassimilationitself. After the
assimilationstepa feedbackfile is createdusing the preprocessingsoftware.This file containsall the relevant information
regarding the useand impactof observationsin the assimilation.This enablesdetaileddiagnosticstudiesto be carriedout
afterwards on the performance of the assimilation and observing systems.
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1. OBSERVATION PREPROCESSING

1.1  The incoming observations

TheobservationsarriveatECMWFthroughGTS(GlobalTelecommunicationsSystem)andarestoredin adecod-

ed format in theRDB (ReportDataBase).Prior to thedataassimilationtheobservationsareextractedfrom the

database.Thesedatahave alreadyundergonesomerudimentaryquality control,e.g.a checkfor theobservation
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formatandposition,for theclimatologicalandhydrostaticlimits aswell asfor theinternalandtemporalconsist-

ency, respectively. Thenan observation file suitablefor assimilationis createdin an observation preprocessing

module.This entailsformatconversions,changeof someobservedvariables,like calculationof relative humidity

from dry andwetbulb temperatures,aswell asassignmentof observationerrorstatistics.Theresultingfile contains

all theobservationalinformationfrom thedatawindow (currentlysix hours)andis aninput for theIFS(Integrated

ForecastSystem).Theobservationscreeningthenselectsthebestqualityanduniqueobservations.In 3D-Varclose-

nessto themiddleof thedatawindow is preferredasthebackgroundis not interpolatedto theexact time of the

observationwhereasin 4D-Var thescreeningcanbeperformedhourly. Unlike theOI, the3D/4D-Vardataassimi-

lation is globalandthereforenoseparatedataselectionfor analysisboxesis needed(OI analysisinvolvesamatrix

inversionof the sizeof the numberof observationsandthereforethe analysisequationis solved separatelyfor

smaller areas where the number of observations is sufficiently small).

1.2  Bias correction

Thefeedbackfilesareextensively usedfor monitoringtheperformanceof theobservingandassimilationsystems.

Oneuseis to determinethebiascorrectionsfor someobservingsystems,currentlyfor TEMP temperatureobserva-

tions,TOVS radiances and scatterometer (SCATT) winds.

Biascorrection,in general,is averydifficult taskasthereis nofixedreferencepointwith respectto whichthebias

shouldbecorrected.If oneremoves,for instance,all thebiasbetweenthemodelbackgroundfield andtheTOVS

radiances,thereis a risk thatpartof theremovedbiasactuallyoriginatesfrom theforecastmodelratherthanfrom

theobservingsystem.In this case,thetrueeffect of thebiasremoval is thattheobservationswill actuallyenforce

themodelbiasin thesubsequentassimilations.Dueto therisksinvolved,oftenapolicy of “conservativebiascor-

rection” has been adopted, i.e. removing for instance only a half of the bias appearing in the observations.

Thebiaseschangein time dueto changesin observingandassimilationsystemsandthereforethebiascorrection

hasto beupdatedfrom timeto time.An updateto thebiascorrectioncoefficientsfor TOVS radiancesis performed

onceamonthonthepast2 to 4 weeksof radiancebackgrounddeparturestatistics.Thebiascorrectionis calculated

with anoff-line codeusingfeedbackfilesasinput.Thecoefficientsaresubstitutedto inputobservationsat thepre-

processing stage.

2. THE OBSERVATION SCREENING

TheECMWF3D/4D-Vardataassimilationsystemmakesuseof anincrementalminimizationschemeto reducethe

computationalcost.Thevariationaldataassimilationstartswith thefirst (high resolution)trajectoryrun. During

thisrunthemodelcounterpartsfor all theobservationsarecalculatedthroughthenon-linearobservationoperators.

As soonasthesebackgrounddeparturesareavailablefor observations,thescreeningcanbeperformed.Options

for 3D- and4D-screeningareavailable.3D-screeningtimewindow extendsover thewholeassimilationtimewin-

dow (currentlysix hours),whereasin 4D-screeningtheassimilationtimewindow is partitionedinto onehourtime

slots where the screening decisions are taken independently of the other time slots.

2.1  Screening of conventional observations

2.1 (a)  Preliminary checks of observations.Theobservationscreeningbeginswith apreliminarycheckof the

completenessof thereports.For instance,theobservationandbackgrounderrorsshouldnot bemissing,asother-

wise thebackgroundquality controlcannotbeperformed.Also thereportingpracticefor SYNOPandTEMP mass

observations (surface pressure and geopotential height) is checked.



Observations and diagnostic tools for data assimilation:

Meteorological Training Course Lecture Series

 ECMWF, 2002 3

Next theobservationsarescannedthroughfor blacklisting.Theblacklistconsistformally of two parts.First, the

selectionof variablesfor assimilationis doneusingthedataselectionpartof theblacklistfile. Thiscontrolswhich

observationtypes,variables,verticalrangesetc.will beselectedfor theassimilation.Somemorecomplicatedde-

cisionsarealsoperformedthroughthedataselectionfile. For instance,anorographicrejectionlimit is appliedin

thecaseof theobservationbeingtoo deepinsidethemodelorography. This partof theblacklistalsoprovidesa

handytool for experimentation.Second,a monthlymonitoringblacklist is appliedfor discardingthestationsthat

haverecentlybeenreportingin anexcessively noisyor biasedmannerascomparedwith theECMWFbackground

field.

2.1 (b)  Background quality control. Thebackgroundqualitycontrolis performedfor all thevariablesthatare

intendedto be usedin the assimilation.The procedureis asfollows. The varianceof the backgrounddeparture

canbeestimatedasa sumof observationandbackgrounderrorvariances , assumingthatthe

observationandthebackgrounderrorsareuncorrelated.After normalizingwith , theestimateof variancefor

thenormalizeddepartureis givenby . In thebackgroundqualitycontrol,thesquareof normalizedback-

grounddepartureisconsideredassuspectwhenit exceedsitsexpectedvariancemorethanbyapredefinedmultiple.

For thewind observations,thebackgroundqualitycontrolis performedsimultaneouslyfor bothwind components.

Thereis alsoa backgroundquality control for theobservedwind direction.For the SCATT winds,a testfor high

wind speedsandcold SST(possiblesea-ice)is applied.An exampleof thebackgroundquality control rejections

is givenin Fig. 1 . It shows that thebackgroundquality controleffectively cutsoff thetails of observationminus

background departure distribution.

Figure  1. An example of a histogram of background departures forAIREP temperature observations. Variational

and background quality control rejections are denoted by filled and outlined columns, respectively.

2.1 (c)  Vertical consistency of multi-level reports. Themulti-level reportsarecheckedfor theverticalconsist-

ency andtheduplicatedlevelsareremovedfrom thereports.Theverticalconsistency checkof multi-level reports
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is appliedin sucha way that if four consecutive layersarefoundto beof suspiciousquality, thentheselayersare

rejected, and in the case of geopotential observations also all the layers above these four are rejected.

2.1 (d)  Removal of duplicated reports. Theremoval of duplicatedreportsis performedby searchingpairsof

co-locatedreportsof thesameobservationtypesandthencheckingthecontentof thesereports.It may, for instance,

happenthatanAIREPreportisduplicatedhavingonlyaslightlydifferentstationidentifierbut theobservedvariables

insidethesereportsareexactly thesameones,or partiallyduplicated.Thepair-wisecheckingof duplicatesresults

in a rejection of some or all of the content of one of the reports.

2.1 (e)  Redundancy check. The redundancy checkof the reports,togetherwith the level selectionof multi-

level reports,is performednext for theactive reportsthatareco-locatedandoriginatefrom thesamestation.For

landSYNOPandPAOB reports,thereportclosestto thecentreof thescreeningtime window with mostactive data

is retainedwhereastheotherreportsfrom thatstationareconsideredasredundantandarethereforerejectedfrom

theassimilation.For shipSYNOPandDRIBU observationstheredundancy checkis donein aslightly modifiedfash-

ion. Theseobservationsareconsideredaspotentiallyredundantif themoving platformsarewithin a circle with a

radiusof onedegreelatitude.Also in this caseonly thereportclosestto thecentreof thescreeningtime window

with mostactive datais retained.All thedatafrom themulti-level TEMP andPILOT reportsfrom samestationare

consideredatthesametimein theredundancy check.Theprincipleis to retainthebestqualitydataatthesignificant

levels (i.e. the turningpointsof thesounding)andclosestto thecentreof thescreeningtime window. Onesuch

datumwill howeveronlyberetainedin oneof thereports.A windobservation,for instance,fromasoundingstation

maythereforeberetainedeitherin a TEMP or in a PILOT report,dependingon which onehappensto beof a better

quality. A SYNOPmassobservation,if madeatthesametimeandatthesamestationastheTEMP report,is redundant

if thereareany TEMP geopotentialheightobservationsthatareno morethan50hPa above theSYNOPmassobser-

vation.

2.1 (f)  Thinning. Finally, a horizontalthinningis performedfor theAIREP andTOVS reports.Thehorizontal

thinningof reportsmeansthatapredefinedminimumhorizontaldistancebetweenthenearbyreportsfrom thesame

platform is enforced.For AIREP reportsthe freedistancebetweenreportsis currentlyenforcedto about125km.

Thethinningof theAIREP datais performedwith respectto oneairliner at a time.Reportsfrom differentairliners

mayhowever bevery closeto eachother. In this removal of redundantreportsthebestquality datais retainedas

theprecedingqualitycontrolis takeninto account.In vertical,thethinningis performedfor layersaroundstandard

pressurelevelsthusallowing morereportsfor ascendinganddescendingflight paths.Thinningof TOVS reportsis

doneat two stages.First a minimum distanceof about70 km is enforced,andthereaftera repeatedscanis per-

formedto achieve thefinal separationof roughly250km betweenreportsfrom oneplatform.Thethinningalgo-

rithm is the sameasusedfor AIREPs but in caseof TOVS reportsa differentpreferenceorder is applied:a sea

soundingis preferredovera landone,aclearsoundingis preferredoveracloudyoneandfinally, theclosenessof

observationtimeto centreof thescreeningtimewindow is preferred.Fig.2 givesanexampleof theover-all usage

of TOVS reports. There is also an option for further thinning of SSM/I andSATOB observations within the IFS.
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Figure 2. Theusageof TOVS reportsin theassimilationon theNorthEasternAtlantic. Filled ringsmarkreports

contain one or more channels used in the assimilation, whereas the empty rings denote rejected reports. Most of

therejectionsaredueto thehorizontalthinningandmuchlessdueto thequality reasons.Notethatbothedgesof

the swath are rejected.

Theeffectof observationscreeningonSYNOPsurfacepressureobservationsis summarizedin Fig. 3 in thecaseof

3D-Var and4D-Var, demonstratingthe potentialof 4D-Var in usingobservationsfrom frequentlyreportingsta-

tions.
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Figure  3. The effect of the observation screening onSYNOP surface pressure observations. Column height gives

the number of observations available, while the shaded part displays those actually used in the assimilation. (a)

4D-screening for 4D-Var, and (b) 3D-screening for 3D/4D-Var

2.2  Screening of satellite radiances

TheTOVS radiances(currently120km resolution)arepreprocessedin adedicatedmodulewhichperformsseveral

functionsto allow theassimilationof TOVS radiancesin 4D-Var (theNESDISretrievalsarenot usedin 4D-Var

but only monitoredwith thebackgroundprofiles).Thismoduleis calledADVAR andit is calledfor eachTOVS ob-

servationwith themodelbackgroundtemperature,specifichumidityandozoneprofilesandsurfaceparametersin-

terpolatedto thelocationof theobservations.For eachanalysiscycletherearetypically 20,000TOVS observations

in total, for a dual polar orbiter system. In the screening run,ADVAR is called twice.

2.2 (a)  Input. Thefastradiativetransfermodelfor TOVS radiancesrequiresaninputprofile from 1000to 0.1

hPa.For thecurrent31 level modelthebackgroundprofilesareonly availableupto 10hPaandsoanextrapolation

hasto beperformedup to 0.1hPa for temperatureusingtheNESDISretrievalsto 1 hPaandthenasimpleextrap-

olationbasedon modelatmospheresabove this level. Climatologicalmeanprofilesareassumedfor watervapour

andozone.For thenext versionof theECMWFforecastmodelwith levelsin thestratospherethisextrapolationis

notnecessaryany more.Oncethefull profile from 1000to 0.1hPais definedandcheckedradiative transfermodel

is called to compute the background radiances from the background profiles.

2.2 (b)  Quality control. Several quality checksareappliedto the measuredandbackgroundradiances.The

gross checks applied are:
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(i) Checkthatthebackgroundprofile is within realisticlimits (e.g.temperaturein range150to 350K,

specific humidity positive and not supersaturated, ozone within climatological extremes).

(ii) Check that the measuredand backgroundbrightnesstemperaturesare presentfor all required

channels and within the range 150 to 350 K.

A series of more critical tests are then applied:

(i) Grossbackgroundcheck(i.e. measuredradiancedeparturesfrom the backgroundarelessthan20

K).

(ii) The backgroundtemperature,specifichumidity andozoneprofilesarechecked to make surethey

arecloseto or within therangeencompassedby thediverse32 (or 35 for ozone)profile datasetfor

which the radiative transfer model is valid.

(iii) A fine backgroundcheckwherethesquareof theradiancedeparturesareflaggedif they aregreater

than .

(iv) A check for cloud contaminationfor the HIRS channelsis included by checkingthe radiance

departure for HIRS channel 10 is inside the range –4 to +8 K.

(v) Radiancesat thetwo extremeedgepositionsof theswathareflaggedatpresentandnotusedin 4D-

Var.

(vi) Checksarealsomadethatthebiascorrectioncoefficients,satelliteid, andscanpositionareall valid

before proceeding.

2.2 (c)  Retrieval. Themaintaskfor ADVAR is to performa1D-Var retrieval of temperature,watervapourand

ozoneprofiles.Eachradianceprofile is assignedto be clear, partly cloudy or cloudy by NESDISanddifferent

TOVS channelsandobservationerrorsareusedfor eachtype.Thebackgrounderrorcovariances arealsospec-

ified in a file andfor temperaturearecloseto theglobalmeanbackgrounderrorsassumedin 4D-Var. For specific

humidity thebackgrounderrorsassumedin 1D-Var follow thesameformulationasin 4D-Varandthecorrelations

are the same as in 4D-Var.

Theminimisationof thecostfunctionis performedusingthemethodof Newtonianiterationandup to 5 iterations

areallowedbeforetheminimisationfails. If thecostfunctionof theobservedradiancein any of thechannelsex-

ceedsa predefinedthresholdthenthesetof radiancesis indicatedasinconsistent.Theoutputof 1D-Var includes

backgroundandretrievedtemperature,watervapourandozoneprofilestogetherwith severalretrievedsurfacepa-

rameters also included in the 1D-Var control vector.

A final checkonthestabilityof theretrievedprofile is providedin thecodebut not implementedastheprofilesare

not used in 4D-Var.

2.2 (d)  SSM/I radiances. SSM/I radiancesarealsoscreenedin asimilarmodulewhichperformsasimilarset

of functionsto ADVAR retrieving totalcolumnwatervapour, surfacewind speedandcloudliquid waterpath.At the

timeof writing theSSM/Iradiancesareusedoperationallyonly in apassivemodeenablingafull scaleperformance

monitoring.

2.2 (e)  Scatterometer processing. A horizontalthinningis performedfor theERSscatterometerreportswith

respectto theparticularmeasurementgeometryof the instrument.Thebackscatterdataareacquiredwithin indi-

vidualcellsrelatedto a450km widegrid with ameshof 25km in theacrossandalongtrackdirections.19meas-

urementnodesarethusdefinedacrossthescatterometer’s swath,while 19 rows arealsoconsideredin thealong

trackdirectionto gatherthedatain squaresof 19by 19points.Thethinningis thenachievedby keepingonly every

16 K BK � O F+ +[ ]×
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fourth point within thesesquares.Thedataarethususedat a resolutionof 100km insteadof theoriginal 25 km

sampling distance.

Apart from the thinning, the otherobservation dependentdecisionsinvolved by the screeningof the SCATT data

comeessentiallyfrom theapplicationof asea-icecontaminationtestfrom themodelseasurfacetemperatureanal-

ysis,usingaminimumthresholdof 273K, andahighwind rejectiontestwith anupperwind speedlimit setto 25

m/s for the higher of theSCATT and background winds.

An extraqualitycontrolis doneonthewind retrieval residualor so-called“normalizeddistanceto thecone”.This

quantityis testedin globalaverageover thesix hoursof theanalysiscycle for eachof the19 measurementnodes

acrosstheswath.All thedataarethenrejectedin bulk if anexcessive valueis foundfor any node(morethan1.3

timestheexpectedaverage)whereasthenumberof datatakeninto accountis judgedsignificant(morethan500).

While thefirst checkperformedlocally aimsatavoidinggeophysicaleffectsnotexplainedby thetransferfunction

(CMOD4), for examplerain or sea-stateeffectsin thevicinity of deeplows, this globalquality controlon distance

to theconeallows to detecttechnicalanomaliesnot reportedin realtimeby ESAandlikely to affect themeasure-

ments in a correlated way and at larger scales. Such anomalies occur typically in the case of orbital manoeuvres.

2.3  A summary of the current use of observations

A summary of the current status of use of observations in the 4D-Var data assimilation is given inTable 1 below.

TABLE 1 . A SUMMARY OF THE CURRENTUSE OF OBSERVATIONS IN THE 4D-VAR DATA ASSIMILATION AT THE

ECMWF. STANDS FOR SURFACE PRESSURE, 2 m FOR RELATIVE HUMIDITY AT 2 m LEVEL, AND FOR

BRIGHTNESSTEMPERATURE, RESPECTIVELY.

Observation
type

Variables used Remarks

SYNOP  and  used only over sea, in the tropics also
over low terrain(< 150m). Orographicrejection
limit 6hPa for , 100hPa for and800m for

ps

AIREP Not used in full resolution. Used only below 50
hPa

SATOB Selected areas and levels

DRIBU Orographic rejection limit 800 m for

TEMP Usedatsignificantlevels. only below 300hPa.
10 m  and  used over land only in tropics

over low terrain (< 150 m).
Orographic rejection limit 10 hPa for  and ,

100hPafor , 6 hPafor and–4hPafor

PILOT Used at significant levels. 10 m  and  used
over landonly in tropicsover low terrain(< 150

m).
Orographic rejection limit 10 hPa for  and

SATEM Selectedchannelsandareas.NESDISretrievals
are not used any more
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2.4  Compression of the CMA-file

After theobservationscreeningroughly15%of all theobserveddataareactive andthecompressedobservation

arrayfor theminimizationrunonlycontainsthosedata.Thatlargecompressionrateis mainlydrivenby thenumber

of TOVS dataasafterthescreeningthereareonly 10–20%of theTOVS reportsleft, whereasfor theconventional

observationsthefigureis around40%.As apartof thecompression,theobservationsareresortedamongtheproc-

essors for the minimization job in order to achieve a more optimal load balancing of the parallel computer.

2.5  A massively parallel computing environment

Themigrationof operationalcodesat theECMWFin 1996to supportamassively parallelcomputingenvironment

seta requirementfor reproducibility. Theobservationscreeningshouldresultin exactly thesameselectionof ob-

servationswhendifferentnumberof processorsareusedfor thecomputations.In theobservationscreeningthere

arethetwo basictypesof decisionsto bemade.Independentdecisions,ononehand,arethosewhereno informa-

tion of any otherobservationsor decisionsis needed.In a parallelcomputingenvironmentthesedecisionscanbe

happilymadeatdifferentprocessorsfully in parallel.For dependentdecisions,on theotherhand,aglobalview of

theobservationsis neededwhichimpliesthatsomecommunicationbetweentheprocessorsis required.Theobser-

vationarrayis however far too largeto becopiedfor eachindividual processor. Therefore,theimplementationof

observationscreeningat theECMWFis suchthatonly aminimumnecessaryinformationof thereportsis globally

communicated in order to provide the global view to the observations needed for the dependent decisions.

Theglobalview of theobservationsis providedin theform of aglobal“time-location”arrayfor selectedobserva-

tion types.Thisarraycontainscompactinformationof thereportsthatarestill activeat thisstage.For instance,the

observationtime,locationandstationidentifieraswell astheownerprocessorof thatreportareincluded.Thetime-

locationarrayis composedateachprocessorlocally andthencollectedfor mergingandredistributedfor eachproc-

essor. After theredistributionthearrayis sortedlocally attheprocessorsaccordingto theuniquesequencenumber.

Everyprocessorhasthusexactly thesameinformationto startwith andthedependentdecisionscanbeperformed

in a reproducible manner independently of the computer configuration.

Thetime-locationarrayis just enoughfor all thedependentdecisions,exceptfor theredundancy checkingof the

multi-level TEMP andPILOT reports.This is a specialcasein thesensethat the informationof eachandevery ob-

servedvariableandfrom eachlevel is needed.Thisactuallymeansthatthewholemulti-level reporthasto becom-

municated.Theotherway out of this would beto forcetheobservationclustersof themulti-level reportsalways

into oneprocessorwithout splitting them.In thatcasecodesresponsiblefor creationof theobservationarraysfor

assimilationshouldensurethatgeographicalintegrity of theobservationarraysdistributedfor processors.This is,

however, not possiblein all thecases,andtheobservationscreeninghasto beableto copewith this.Currently, it

PAOB Used south of 19oS.
Orographic rejection limit 800 m for

SCATT Not usedin full resolution.Usedif SSTwarmer
than 273 K or if both observed and background

wind less than 25 m/s

TABLE 1 . A SUMMARY OF THE CURRENTUSE OF OBSERVATIONS IN THE 4D-VAR DATA ASSIMILATION AT THE

ECMWF. STANDS FOR SURFACE PRESSURE, 2 m FOR RELATIVE HUMIDITY AT 2 m LEVEL, AND FOR

BRIGHTNESSTEMPERATURE, RESPECTIVELY.

Observation
type

Variables used Remarks
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is codedin suchawaythatonly alimited numberof multi-level TEMPandPILOT reports,basedonthetime-location

array, are communicated between the appropriate processors as copies of these common stations.

3. USE OF FEEDBACK INFORMA TION

Thefeedbackfilesareextensively usedfor monitoringtheperformanceof theobservingandassimilationsystems

andsomeof theuseis listedbelow (andsomeis discussedfurtherin thechapter“Diagnostictoolsfor anassimila-

tion system”).

• observation statistic generation

• station-by-station monitoring

• observation plotting

• bias correction (or bias tuning)

• observation and background error estimation

4. DIAGNOSTIC TOOLS FOR AN ASSIMILA TION SYSTEM

An operationalassimilationsystemis a (ever increasingly)complex machinerycomparablewith any large-scale

industrialapplication:theschedulingis tight, aneffective but robust functioningis requiredanda quick trouble-

shootingis neededin casesomethinggoeswrongin anoperationalrun.Thecomplexity of thesystemdictatesthat

severalaspectsof thesystemhave to bemonitoredanddiagnosedto makesuretheoutputis reliable.A numberof

diagnostictoolsarepresentedin this chapter. They arecollectedunderheadingsaccordingto their mostobvious

use.

4.1  Code development and trouble-shooting

4.1 (a)  Test the correctness of tangent linear and adjoint codes.In the IFS thereare tangentlinear and ad-

joint codesassociatedwith theforecastmodelandtheobservationoperators.A testfor thecorrectnessof thetan-

gent linear code can be derived from a Taylor expansion for the perturbed non-linear model state

by dividing by  and reorganizing to a formula which behaves asymptotically according to

It is bestto do thetestfor anindividual routineat thetimeof writing, but thetestcanalsobeappliedto thewhole

tangent linear model.

Theadjointandtangentlinearcodeshave to form anadjointpair which canbetestedusingthedefinitionof the

adjoint operator

wheretheinnerproductsaredefinedin their respectivespacesE andF. In practise, and are(randomlygener-

ated)input for tangentlinearandadjointcodes(subroutines),respectively, andtheinnerproductshave to resultin
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the same value within the computing accuracy.

IFScontainsa largenumberof tangentlinearandadjointroutineswhicharetestedat thetimeof writing. It is best

to dothetestingindividually for eachroutineandalsofor themodelasawhole.In theIFSthereis abuilt-in facility

to testthe tangentlinearandadjoint of the forecastmodelbut not observationoperators.From themaintenance

point of view, therearefrequentchangesto thenon-linearcode,theobservationoperatorsfor example,andeach

suchchangehasto be incorporatedin thecorrespondingtangentlinearandadjoint routines.Also changesin the

internaldatastructuresor subroutineargumentsneedto bedoneconsistentlyin thetangentlinearor adjointcodes.

Currentlyat ECMWF, thetangentlinearandadjointcodingis finished,however addingnew features,like a new

observation type which requiresa new observation operator, bringsalonga needfor developmentof the linear

codes.

4.1 (b)  Gradient test. Testingthegradientof thecostfunction is similar to thatof testingthe tangentlinear

code:thegradientof thecostfunctionmustasymptoticallypoint to thesamedirectionasis thedifferencebetween

two realizationsof thecostfunctionwhichareseparatedby asmallperturbationin modelstate.A Taylorexpansion

for the cost function is given by

The perturbation of cost function is given by

and therefore the quantity

approachesunity from below. Thereis arangeof ordersof magnitudeof for whichthisis true.Outsidetherange

it is not truebecauseof thecomputingaccuracy for toosmallvaluesof , or becauseof thegradientof beingnon-

quadraticfor too largevaluesof . In practise,thevalueif is repeatedlydecreasedby oneorderof magnitude

resulting in a printout with more and more of 9’s appearing until the computing accuracy is been reached.

A failurein thegradienttestis adefinitesignatureof anerrorsomewherein thevariationalassimilationsystemand

notnecessarilyjust in thetangentlinearor adjointcoding.Therearemany waysof trouble-shooting,oneof which

is to reducethedimensionof theproblem,for instancelimiting oneselfto a singleobservationcase.Thegradient

maypassthetestif a codingerror in theadjointcodecreatesonly a relatively smallerror in thegradient,so it is

important to keep testing the tangent linear and adjoint codes as explained above.

4.1 (c)  Convergence checks. Theminimizationof thecostfunctionfacesconvergencechecks.A trivial testof

convergenceis to checkthatthevalueof costfunctiondecreasesin everyiteration.This is actuallyabuilt-it feature

of thedecentalgorithmusedin theIFS.For quadraticminimizationproblems,thenormof thegradientof thecost

functionshoulddecreasein every iteration,apartfrom theroundingerrors.Thecostfunctionat ECMWF assimi-

lation systemis non-quadraticandthereforethenormof thegradientcanlocally belargerthanin thepreviousit-

erationswhen enteringa new “valley” in the cost function topology. The gradienttest is performedin every

minimizationat thefirst andthelastminimizationsteps,asdescribedabove.Theuseralsoreceivesanotefrom the

minimizationalgorithmif thenormof thegradienthasnotbeenreducedby morethatapredefinedfactorwhich is

dependent on the number of iterations.

4.1 (d)  break-down and screening statistics.Theobservationtermof thecostfunctiondescribesthemis-

fit of the model state to the observations scaled with their relative accuracy, which is for an individual datum
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The expectation for the term before the minimization is given by

andshouldalwaysbegreaterthanone.If thequality of thebackgroundandtheobservationsis similar thenthe

valueshouldbearoundtwo. Theobservationtermcanbebrokendown to contributionsfrom differentobservation

types,areasandobservedvariablesandanaverageJo contribution for thosecanbecomputedby dividing by the

cost function by the number of observations. A troublesome subset of observations will show up in this way.

Theprintoutof screeningstatisticscomprisestablesof thenumberof observationsrejected(andfor whichreason)

andthenumberusedin theassimilation,andrevealsfor instanceif anobservationtypeis missing.Thisdiagnostic

printout as well as theJo break-down are produced by default in IFS and together they tell reliably

• if two assimilationexperimentsuse the sameobservations as input (identical printout of the

screening statistics)

• if two assimilationexperimentshave been started from the same initial state (for the same

observations as input, the initial value of the cost function should be identical)

• if theversionof the IFS is thesamefor two experiments(for thesameobservationsasinput, also

the final value of the cost function should be identical)

In researchexperimentationat ECMWF, a commonwish for new experimentsis thatthereis a comparisonavail-

able, either an operational products or another experiment.

4.2  Experimentation

4.2 (a)  Forecast scores. Modificationsto theoperationalassimilationsystemareusuallyjustifiedwith posi-

tive or neutralforecastscores(definedby anomalycorrelation)ascomparedwith theoperationalscores.A com-

monpracticeis to performoneor severaltwo-weekassimilationexperimentsin orderto objectively seetheeffect

of thechangesin assimilationor forecastmodel.Oftentheexperimentsarerun for differentseasons,aswell. For

majorchangesin theoperationalsuitealsoa separatee-suiteparallelto theoperationsis run to ensurethequality

of the products and a smooth transition to the revised system.

Figure4 givesanexampleof theforecastscoresin atypicaltwo-weekpre-implementationexperiment.In thiscase

anhourlyobservationscreeningis testedin 4D-Var, i.e.allowing moreobservationsfrom frequentlyreportingsta-

tionsinto assimilation(dottedline). Theforecastscoresfor NorthernHemispherearecomparablewith 4D-Varex-

perimentusing six-hourly observation screening(dashed)and better than 3D-Var (full) but for the Southern

Hemispherethehourlyscreeningis clearlyabadoptionfor 4D-Var. Basedon theseexperimentsit wasdecidedto

continue4D-Varexperimentationusingthesix-hourlyscreeningof observations(or 3D-screening),andto investi-

gate the reasons behind the bad performance on the Southern Hemisphere.
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Figure 4.An exampleof theforecastscoresin atwo-weekassimilationexperimentfor NorthernHemisphere(top

panel) and Southern Hemisphere (bottom panel) for geopotential height at 1000hPa. Solid line is for 3D-Var,

dashedline for 4D-Varusingsameobservationsas3D-Var (3D-screening)anddottedline for 4D-Varusingextra

surface observations from frequently reporting stations (4D-screening).

4.2 (b)  Observation r.m.s. fit and histograms. Thefit of theobservationsto thebackgroundandanalysiscan

beconvenientlyexaminedby r.m.s.plotsandhistogramswhich areautomaticallygeneratedfor eachassimilation

experiment.An exampleof ther.m.s.plot for AIREP wind andtemperatureobservationsusedin anassimilationex-

perimentisgivenin Fig.5 . Onecanseethatther.m.s.differenceissmallerfor theanalysisdepartures(dottedlines)

thanfor thebackgrounddepartures(solid lines) - theanalysisis said“to havedrawnto thedata”.Thebiasesare

alsodisplayedandtheyhavegenerallybeenreducedin theassimilation.Notethatin theseplotsadesirablefeature

is asmallr.m.s.of thebackgrounddepartures.Thisvalueis generallysmaller,for instance,in 4D-Var thanin 3D-

Var indicatingimprovedaccuracyof the4D-Var assimilationcomparedto 3D-Var.A smallr.m.s.of theanalysis

departuresis howevernot a designcriterionassuch.Onecould,for instance,specifytoo smallobservationerrors

whichwouldresultin unrealisticallysmallr.m.s.of theanalysisdepartureswhichmightdeterioratethesubsequent

short range forecast, i.e. r.m.s. of the background departures would increase.

A similardiagnosticplot is thehistogramof departureswhich is usuallyplottedfor singlelevelobservations,like

SYNOPor DRIBU reports.Figure6 givesanexampleof histogramfor SATOB (or cloudtrack)wind observations.

Both thebackgroundandanalysisdeparturesaredisplayed.Onecannotethatthemeanandstandarddeviationof
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thedeparturedistributionis smallerafter theassimilationwhich meansthat informationhasbeenextractedfrom

theobservations.Thedistributionof backgrounddeparturesshouldbeapproximatelyGaussianwith meannearze-

ro.

Figure 5. An exampleof anr.m.s.plot for AIREP wind andtemperatureobservations.r.m.s.on theleft andbiason

the right, and number of observations used in the assimilation in the middle. Solid line is for background

departures and dotted for analysis departures.

4.2 (c)  Mean and r.m.s. of analysis increments. Theanalysisincrementscanbereconstructedaftertheassim-

ilation by subtractingthebackgroundfrom theanalysis.Themeanandr.m.s.of theseincrementfieldscanreveal

a lot of theperformanceof theassimilationsystem.First, largemeanincrementsmayresultfrom usingbiasedob-

servationswhichmaybefor instancedueto incorrectbiascorrection.It mayalsobeasignof anunsuccessfulmod-

el changewhich hasintroduceda modelbiaswhich mayappearonly locally. For instanceanalbedochangeover

snow coveredareasmaycausea biasto appearin thebackgroundwhich theunbiasedobservationstry to correct.

Second,ther.m.s.of theanalysisincrementsshouldbesmallwhich is asignof consistency of shortrangeforecast

and observations.
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Figure  6. An example of the histogram of theSATOB wind (v-component) fit to the analysis (top panel) and

background (bottom panel).

When4D-Var wasaboutto beimplementedat ECMWF, oneof thestrongpointsfor theimplementationwasthe

smalleranalysisincrementsin 4D-Var comparedwith 3D-Var. Laterwhena modificationof 4D-Var to usemore

observationsfrom frequentlyreportingstationsby applyingserialcorrelationof observationserrorswasdiscussed,

oneaspectfor theimplementationwasthefurtherreducedanalysisincrements(Fig.7 ), for instanceovertheNorth-

ernAtlantic. Theimpactdueto theadditionof moreobservationscanberevealedsimplyby comparingthediffer-

encebetweentheanalysesfrom thetwo assimilationsystemsin ther.m.s.sense(Fig. 8 ). Thelargestimpactis, as

expected,over theareaswheretheconventionalobservationalcoverageis notaverydenseone,andin areaswhere

the atmospheric flow tends to be more unstable, like the storm track areas.
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Figure  7. The improvement of the consistency of the background field with observations when using 4D-

screening (plus serial observation error correlation plus joint variational quality control). The quantity is the

1000hPa geopotential difference between r.m.s. of analysis increments in the experiment and its control, for

period 11 to 24 December 1997. Contours are+/−0.1, +/−0.25 and +/-0.50 decametres. Green (orange) areas

denote smaller (larger) analysis increments in the experiment than in its control.

Figure  8. The impact on analyses of applying 4D-screening (plus serial observation error correlation plus joint

variational quality control). The quantity is the 1000hPa geopotential r.m.s. of analysis differences between the

experiment and its control., for period of 11 to 24 December 1997. The contours are 0.35, 0.50,

0.75,.1.00,.1.50,.2.00 and 3.00 decametres. The largest impact is over the areas of sparse conventional

observational coverage.
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4.3  Operational monitoring

4.3 (a)  Cross-validation with satellite products. Theoperationaldepartmentat ECMWF is constantlymoni-

toring thequalityof theoperationalproduction,e.g.useandqualityof observations,theiravailability, characterof

theanalysisincrementsetc.Many of thesuggestionsfor improving theassimilationsystemactuallycomefrom the

resultsof this intensemonitoring.Moredetailsof theiractivitiesaregivenin theappropriateTrainingcoursemod-

ule.Onemethodwhich is usedbothby theoperationsandtheresearchis thecross-validationwith satelliteprod-

ucts.Therearesomeparametersfor which direct (in situ) observationsarescarce,like cloudsor positionof a

tropical storm, and for those a visual comparison with satellite products may be very useful.

4.3 (b)  Back-tracking problems with sensitivity products. An oftenoccurringsituationin weatherforecasting

is anunpredictedsmall scaleflow pattern,followedby a questionwhy it wasnot predicted.In thesecaseserror

back-trackinghaslong beenused(evenwith subjective forecasts).Theadjointmodelprovidesoneextra tool for

doingtheback-tracking.Sensitivity to analysis“errors” canbecalculatedusingtheadjointmodelin thefollowing

way. Two dayforecasterroris fedto theadjointmodelasaforcingandtheadjointcalculationsresultin agradient,

or sensitivity pattern,with respectto theinitial condition.Thissensitivity patterntellswhereandin whichdirection

theinitial conditionshouldbeperturbedin orderto achieveasmallertwo dayforecasterror. Of course,thetwo day

forecasterroris notentirelydueto aninaccurateinitial conditionbut alsodueto themodelerrorover thetwo day

integrationtime.Nevertheless,thissensitivity patterncangiveausefulcluefor theanalystaboutwherethereason

for the forecast failure may be found. This method has been successfully used at ECMWF.

4.4  Estimation and tuning

4.4 (a)  Observation and background errors. The specificationof observation andbackgrounderror covari-

ancesfor theassimilationsystemis anessentialstepwhichdeterminestherelativeweightof theobservationsand

thebackground,respectively. Thesestatisticsarenotknown exactlybut areestimatedfor eachassimilationsystem.

Therefore,astheobservingnetwork or theassimilationsystemchanges,thestatisticsmayrequiretuningfor opti-

mal performance.

Thereisareliablemethod(Hollingsworth-Lönnbergmethod)for observationandbackgrounderrorestimationover

datarich areas(asexplainedelsewherein LectureNotes).An exampleof thebehaviour of backgrounderrorcov-

ariancesis given in Fig. 9 for AIREP temperatureobservationsoverNorth Americaat 200hPa.Thebackground

departuresarecorrelatedatshortdistancesandthecorrelationrapidlydecreaseswith increasingdistance.With dis-

tancesoverabout500kmthereis hardlyany correlationleft. In theestimationmethodit is assumedthattheobser-

vationerrorsarenot correlatedbetweenthestations.This enablespartitioningtheperceivedshort-rangeforecast

errorvarianceinto contributionsfrom theobservationandbackgrounderrors.A curve is fitted (dashedline in Fig.

9 ) to thehistogramof covariancevalues(filled circlesin Fig. 9 ) andtheintersectof thefitted curve with theor-

dinategivesanestimateof thebackgrounderrorvariance,therestof perceivedshort-rangeforecasterrorvariance

being due to the observation error.

4.4 (b)  Verification of structure functions. Thestructurefunctionsarespecifiedfrom asampleof short-range

forecastdifferences(24-hourminus48-hourforecastdifferencesin theNMC method).TheHollingsworth-Lön-

nberg methodis not for re-tuningor changingthem,but themethodcanbeusedfor verifying how well theshape

of specifiedstructurefunctionsis supportedby thecovarianceof backgrounddepartures.An exampleof thespec-

ified structurefunctionis givenin Fig.10 for temperatureatmodellevel 10(about200hPa)atmid latitudes.Com-

paringFigs.9 and10 revealsthesharperhorizontalstructureof theshortrangeforecasterrorasestimatedfrom

AIREP observationsdepartures(calculatedat resolutionT213) thanthe modelledstructurefunction at truncation

TL159.Thedifferenceis partly explainedby theresolution.More importantly, themodelledstructurefunctionis
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aglobalonedominatedby SouthernHemispheremid latitudes,whereastheestimatedoneis from NorthernAmer-

ica with a very dense data coverage which tends to shorten the horizontal scale of short-range forecast error.

Figure 9. An exampleof backgrounderrorcovariancefor AIREP (ACAR) temperatureobservationsin 4D-Varover

the period of 1 September 97 - 14 October 97 over North America at 200hPa. In this case, the estimated

background error variance at zero distance is about 0.13K2 which would indicate a background error of about

0.36K. As the total perceived error variance is 1.03K2 (not shown), the estimated observation error is therefore

0.95K.

Figure 10.Thespecifiedstructurefunctionfor temperatureat latitude50oN. Notethatthehorizontalscaleof the

absissa is different fromFig. 9.
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