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By Heikki Jar vinen

Abstract

The purposeof the obsenration preprocessingndscreenings to producea cleanarrayof obsenationsin aneasilyaccessible
formatto be usedin the dataassimilation.At the preprocessingtagean arrayin a suitableformatis createdfor the data

assimilation.Obsenation screeninghenselectsa subsebf obsenationsto be presentedor the assimilationitself. After the

assimilationstepa feedbackfile is createdusingthe preprocessingoftware. This file containsall the relevant information

regarding the useand impact of obserationsin the assimilation.This enablesdetaileddiagnosticstudiesto be carried out

afterwards on the performance of the assimilation and observing systems.
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1. OBSERVATION PREPROCESSING

1.1 The incoming observations

Theobsenationsarrive at ECMWFthroughGTS (Global TelecommunicationSystem)andarestoredin adecod-
edformatin the RDB (ReportDataBase).Prior to the dataassimilationthe obserationsare extractedfrom the
database .Thesedatahave alreadyundegonesomerudimentaryquality control, e.g.a checkfor the obsenation
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(20 Observations and diagnostic tools for data assimilation:

formatandposition,for the climatologicalandhydrostaticlimits aswell asfor theinternalandtemporalconsist-
eng, respectrely. Thenan obsenation file suitablefor assimilationis createdin an obsenration preprocessing
module.This entailsformatcornversionschangeof someobsenedvariables)ik e calculationof relative humidity
from dry andwetbulb temperaturesggswell asassignmendf obsenationerrorstatisticsTheresultingfile contains
all theobsenationalinformationfrom thedatawindow (currentlysix hours)andis aninputfor theIFS (Integrated
ForecasSystem)Theobsenationscreeninghenselectghebestqualityanduniqueobsenations.In 3D-Varclose-
nessto the middle of the datawindow is preferredasthe backgrounds notinterpolatedo the exacttime of the
obserationwhereasn 4D-Var the screeninganbe performedhourly. Unlike the Ol, the 3D/4D-Var dataassimi-
lationis globalandthereforeno separatelataselectiorfor analysishoxesis needed Ol analysisnvolvesa matrix
inversionof the size of the numberof obsenationsand thereforethe analysisequationis solved separatelyfor
smaller areas where the number of obsgons is sufciently small).

1.2 Bias correction

ThefeedbacKiles areextensiely usedfor monitoringthe performancef the observingandassimilationsystems.
Oneuseis to determinehe biascorrectionsor someobservingsystemscurrentlyfor TEMP temperatur@bsena-
tions, TOVS radiances and scatterometgtATT) winds.

Biascorrection,in generaljs avery difficult taskasthereis nofixedreferencepointwith respecto which thebias
shouldbe correctedIf oneremoves,for instanceall the biasbetweerthe modelbackgroundield andthe TOVS
radiancesthereis arisk thatpartof theremovedbiasactuallyoriginatesrom theforecastmodelratherthanfrom
theobservingsystemIn this casethetrue effect of the biasremoval is thatthe obserationswill actuallyenforce
themodelbiasin the subsequerdassimilationsDueto therisksinvolved, oftenapolicy of “consenative biascor-
rection” has been adopted, i.e. resimg for instance only a half of the bias appearing in the oagens.

Thebiasexchangen time dueto changesn observingandassimilationsystemsandthereforethe biascorrection
hasto beupdatedrom timeto time. An updateto thebiascorrectioncoeficientsfor TOVS radiancess performed
onceamonthonthepast2 to 4 weeksof radiancebackgroundieparturestatistics Thebiascorrectionis calculated
with anoff-line codeusingfeedbacHiles asinput. The coeficientsaresubstitutedo input obsenationsatthe pre-
processing stage.

2. THE OBSERVATION SCREENING

TheECMWF 3D/4D-Vardataassimilatiorsystenmakesuseof anincrementaminimizationschemeo reducethe
computationatost. The variationaldataassimilationstartswith thefirst (high resolution)trajectoryrun. During
thisrunthemodelcounterpart$or all theobsenationsarecalculatedhroughthe non-linearobsenationoperators.
As soonasthesebackgrounddeparturesre availablefor obsenations,the screeningcanbe performed.Options
for 3D- and4D-screenin@reavailable.3D-screenindgime window extendsoverthewholeassimilationtime win-
dow (currentlysix hours),whereasn 4D-screeninghe assimilatiortime window is partitionedinto onehourtime
slots where the screening decisions arenidakdependently of the other time slots.

2.1 Screening of conventional observations

2.1 (a) Peliminary deds of observations.Theobsenationscreenindeginswith apreliminarycheckof the
completenessf thereports.For instancethe obsenationandbackgrounderrorsshouldnot be missing,asother-
wise the backgroundjuality control cannotbe performed Also the reportingpracticefor SyYNOPand TEMP mass
obsenrations (surfice pressure and geopotential height) is akbck
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Next the obsenationsarescannedhroughfor blacklisting. The blacklist consistformally of two parts.First, the
selectiorof variablesfor assimilationis doneusingthedataselectiorpartof the blacklistfile. This controlswhich
obsenationtypes,variablesyerticalrangesetc.will beselectedor theassimilationSomemorecomplicatedde-
cisionsarealsoperformedthroughthe dataselectiorfile. For instancean orographicrejectionlimit is appliedin
the caseof the obsenation beingtoo deepinsidethe modelorograply. This partof the blacklistalsoprovidesa
handytool for experimentationSeconda monthly monitoringblacklistis appliedfor discardingthe stationsthat
have recentlybeenreportingin anexcessiely noisyor biasedmannermscomparedvith the ECMWF background
field.

2.1 (b) Bakground quality contl. Thebackgroundyjuality controlis performedor all thevariableghatare
intendedto be usedin the assimilation.The procedures asfollows. The varianceof the backgrounddeparture
y —H(x,) canbeestimatedaisa sumof obserationand backgrouncbrrorvariancescrg + oﬁ , assuminghatthe
obseration andthe backgrouncerrorsareuncorrelatedAfter normalizingwith oy, the estimateof variancefor
thenormalizeddeparturés givenby 1 + og/ og . In thebackgroundjuality control,thesquareof normalizedback-
grounddeparturés considere@ssuspectvhenit exceedsts expectedvariancemorethanby apredefinednultiple.
For thewind obsenrations thebackgroundjuality controlis performedsimultaneouslyor bothwind components.
Thereis alsoa backgroundquality control for the obsened wind direction. For the SCATT winds, a testfor high
wind speedsindcold SST(possiblesea-ice)s applied.An exampleof the backgroundjuality controlrejections
is givenin Fig. 1 . It shaws thatthe backgroundjuality control effectively cutsoff thetails of obsenation minus
background departure distution.
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Figure 1. An gample of a histogram of background departuresfREr temperature obseations. \ariational
and background quality control rejections are denoted by filled and outlined columns, vepecti

2.1 (c) ‘értical consistency of multiNel reports. Themulti-level reportsarechecledfor theverticalconsist-
eng/ andthe duplicatedevelsareremovedfrom thereports.The vertical consisteng checkof multi-level reports
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is appliedin suchaway thatif four consecutie layersarefoundto be of suspiciousjuality, thentheselayersare
rejected, and in the case of geopotential olagrms also all the layers almthese four are rejected.

2.1 (d) Remeal of duplicatedeports. Theremoval of duplicatedreportsis performedby searchingpairsof
co-locatedeportsof thesameobsenationtypesandthencheckingheconteniof thesereportslt may, for instance,
happernthatanAiRepreportis duplicatechaving only aslightly differentstationidentifierbut theobsenedvariables
insidethesereportsareexactly the sameones or partially duplicated The pair-wise checkingof duplicategesults
in a rejection of some or all of the content of one of the reports.

2.1 (e) Redundancyhedk. Theredundang checkof the reports,togetherwith the level selectionof multi-
level reports,is performednext for the active reportsthatareco-locatedandoriginatefrom the samestation.For
land syNoPandPAOB reports thereportclosesto the centreof the screeningime window with mostactive data
is retainedwhereaghe otherreportsfrom thatstationareconsiderecisredundanandarethereforerejectedfrom
theassimilationFor shipsynopandbRriBU obsenationstheredundang checkis donein a slightly modifiedfash-
ion. Theseobsenationsareconsideredispotentiallyredundantf the moving platformsarewithin a circle with a
radiusof onedegreelatitude.Also in this caseonly the reportclosestto the centreof the screeningime window
with mostactive datais retained All the datafrom the multi-level TEMP andPILOT reportsfrom samestationare
consideregtthesameimein theredundang check.Theprincipleis to retainthebestquality dataatthesignificant
levels (i.e. the turning pointsof the sounding)and closestto the centreof the screeningime window. Onesuch
datumwill howeveronly beretainedn oneof thereports A wind obsenation,for instancefrom asoundingstation
may thereforeberetainedeitherin a TEMP or in aPILOT report,dependingon which onehappendo be of a better
quality. A syNoPmassbsenation,if madeatthesameime andatthesamestationastheTEmPreport,is redundant
if thereareary TEMP geopotentiaheightobsenationsthatareno morethan50hRa above the sSYNOPmassobser-
vation.

2.1 (f) Thinning Finally, a horizontalthinningis performedfor the AIREP and TOVS reports.The horizontal
thinningof reportsmeanghatapredefinedninimumhorizontaldistancebetweerthenearbyreportsfrom thesame
platformis enforced.For AIREP reportsthe free distancebetweernreportsis currentlyenforcedto about125km.
Thethinning of the AIREP datais performedwith respecto oneairliner atatime. Reportsfrom differentairliners
may however be very closeto eachother In this removal of redundanteportsthe bestquality datais retainedas
theprecedingquality controlis takeninto accountln vertical,thethinningis performedor layersaroundstandard
pressurdevelsthusallowing morereportsfor ascendingnddescendindlight paths.Thinningof TOVS reportsis
doneat two stagesFirst a minimum distanceof about70 km is enforced,andthereaftera repeatedscanis per-
formedto achieve thefinal separatiorof roughly 250 km betweernreportsfrom oneplatform. The thinning algo-
rithm is the sameasusedfor AIREPs but in caseof TOVS reportsa differentpreferenceorderis applied:a sea
soundings preferredover alandone,a clearsoundings preferredover a cloudy oneandfinally, the closenessf
obsenationtime to centreof thescreenindime window is preferredFig. 2 givesanexampleof theover-all usage
of TOVS reports. There is also an option for further thinning of SSM/Isands obserations within the IFS.
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TOVS reports 24/12/1997 09-15UTC
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Figure 2. Theusageof TOVS reportsin theassimilationon the North EasterrAtlantic. Filled ringsmarkreports
contain one or more channels used in the assimilation, whereas the empty rings denote rejected reports. Most of
therejectionsaredueto the horizontalthinningandmuchlessdueto the quality reasonsNote thatbothedgesof

the svath are rejected.

Theeffectof obsenationscreeningpn syNopPsurfacepressur@bsenationsis summarizedn Fig. 3 in the caseof
3D-Var and4D-Var, demonstratinghe potentialof 4D-Var in usingobsenrationsfrom frequentlyreportingsta-
tions.
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(a) Synop (4D-Var)
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(b) Synop (3D/4D-Var)
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Figure 3. The ééct of the obsertion screening oaYNOPsurface pressure obsations. Column height ges
the number of obseations &ailable, while the shaded part displays those actually used in the assimilation. (a)
4D-screening for 4D-at, and (b) 3D-screening for 3D/4Da¥/

2.2 Screening of satellite radiances

TheTOVS radiancegcurrently120km resolution)arepreprocesseith adedicatednodulewhich performsseveral
functionsto allow the assimilationof TOVS radiancesn 4D-Var (the NESDISretrievals arenot usedin 4D-Var
but only monitoredwith the backgroundrofiles). This moduleis calledAbvARr andit is calledfor eachTOVS ob-
senationwith themodelbackgroundemperaturespecifichumidity andozoneprofilesandsurfaceparameter-
terpolatedo thelocationof theobsenations For eachanalysiscycle therearetypically 20,000TOVS obsenations
in total, for a dual polar orbiter system. In the screeningADwR is called twice.

2.2 () Input. Thefastradiative transfermodelfor TOVS radiancesequiresaninputprofile from 1000to 0.1
hPa.For thecurrent31 level modelthebackgroundrofilesareonly availableup to 10 hPaandsoanextrapolation
hasto be performedupto 0.1 hPafor temperatureisingthe NESDISretrievalsto 1 hPaandthena simpleextrap-
olationbasedn modelatmosphereabove this level. Climatologicalmeanprofilesareassumedor watervapour
andozone For the next versionof the ECMWEF forecasimodelwith levelsin the stratospheréhis extrapolationis
notnecessarary more.Oncethefull profile from 1000to 0.1 hPais definedandchecledradiatve transfermodel
is called to compute the background radiances from the background profiles.

2.2 (b) Quality contl. Several quality checksareappliedto the measurecandbackgroundadiancesThe
gross checks applied are:
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® Checkthatthe backgroundorofile is within realisticlimits (e.g.temperaturén rangel50to 350K,
specific humidity positie and not supersaturated, ozone within climatologidatmes).

(i)  Checkthat the measuredand backgroundbrightnesstemperaturesare presentfor all required
channels and within the range 150 to 350 K.

A series of more critical tests are then applied:

() Grossbackgroundcheck(i.e. measuredadiancedeparturesrom the backgroundarelessthan 20
K).

(i)  Thebackgroundemperaturespecifichumidity and ozoneprofilesare checled to malke surethey
arecloseto or within the rangeencompassehly the diverse32 (or 35 for ozone)profile datasefor
which the radiatie transfer model isalid.

(i) A fine backgrounccheckwherethe squareof theradiancedeparturesreflaggedif they aregreater
than16x [KBKT + O + F].

(iv) A checkfor cloud contaminationfor the HIRS channelsis included by checkingthe radiance
departure for HIRS channel 10 is inside the range —4 to +8 K.

(v) Radiancestthetwo extremeedgepositionsof the swathareflaggedat presentindnot usedin 4D-
Var.

(vi) Checksarealsomadethatthe biascorrectioncoeficients,satelliteid, andscanpositionareall valid
before proceeding.

2.2 (c) Retrigal. Themaintaskfor ADVAR is to performa 1D-Varretrieval of temperaturewatervapourand
ozoneprofiles. Eachradianceprofile is assignedo be clear partly cloudy or cloudy by NESDIS and different
TOVS channelaandobserationerrorsareusedfor eachtype. ThebackgrouncderrorcovariancesB arealsospec-
ified in afile andfor temperaturarecloseto the globalmeanbackgrouncerrorsassumedn 4D-Var. For specific
humidity thebackgrouncerrorsassumedn 1D-Var follow the sameformulationasin 4D-Var andthe correlations
are the same as in 4Dalv/

Theminimisationof the costfunctionis performedusingthe methodof Newtonianiterationandupto 5 iterations
areallowed beforethe minimisationfails. If the costfunctionof the obseredradiancen ary of the channelsex-

ceedsa predefinedhresholdthenthe setof radiancess indicatedasinconsistentThe outputof 1D-Var includes
backgroundandretrievedtemperaturewatervapourandozoneprofilestogethemwith severalretrieved surfacepa-
rameters also included in the 1@Atontrol ector

A final checkonthestability of theretrievedprofile is providedin the codebut notimplementedasthe profilesare
not used in 4D-¥.

2.2 (d) SSM/ladiances. SSM/Iradiancesrealsoscreenedn asimilar modulewhich performsasimilar set
of functionsto ADVAR retrieving total columnwatervapour surfacewind speedandcloudliquid waterpath.At the
time of writing the SSM/Iradiancesreusedoperationallyonly in apassve modeenablingafull scaleperformance
monitoring.

2.2 (e) Scatt@meter pocessing A horizontalthinningis performedfor the ERSscatterometereportswith
respecto the particularmeasuremergeometryof theinstrument.The backscattedataareacquiredwithin indi-
vidual cellsrelatedto a 450km wide grid with ameshof 25 km in theacrossandalongtrackdirections.19 meas-
urementnodesarethusdefinedacrossthe scatterometes’ swath, while 19 rows arealsoconsideredn the along
trackdirectionto gatherthedatain square®f 19 by 19 points.Thethinningis thenachieredby keepingonly every
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fourth point within thesesquaresThe dataarethususedat a resolutionof 100 km insteadof the original 25 km
sampling distance.

Apart from the thinning, the otherobsenration dependentecisionsinvolved by the screeningof the SCATT data
comeessentiallyfrom the applicationof a sea-icecontaminatiortestfrom the modelseasurfacetemperatureanal-
ysis,usinga minimumthresholdof 273K, anda highwind rejectiontestwith anupperwind speedimit setto 25
m/s for the higher of thecarT and background winds.

An extra quality controlis doneon thewind retrieval residualor so-called'normalizeddistanceto thecone”. This
guantityis testedin globalaverageover the six hoursof the analysiscycle for eachof the 19 measurementodes
acrosghe swath.All the dataarethenrejectedin bulk if anexcessve valueis foundfor ary node(morethan1.3
timesthe expectedaveragewhereaghe numberof datatakeninto accountis judgedsignificant(morethan500).

While thefirst checkperformedocally aimsat avoiding geoplysicaleffectsnot explainedby thetransferfunction
(cmoD4), for examplerain or sea-stateffectsin thevicinity of deeplows, this global quality controlon distance

to theconeallows to detecttechnicalanomaliesiotreportedn realtime by ESA andlikely to affectthemeasure-
ments in a correlateday and at lager 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 obstons in the 4D-8r data assimilation is\@n inTable 1belaw.
TABLE 1. A SUMMARY OF THE CURRENTUSE OF OBSER/ATIONS IN THE 4D-VAR DATA ASSIMILATION AT THE

ECMWE ps STANDS FOR SURFACE PRESSURE2 M kA FORRELATIVE HUMIDITY AT 2 M LEVEL, AND 7', FOR
BRIGHTNESSTEMPERATURE, RESPECTIVEL.

Obseration Variables used Remarks
type
SYNOP u,v, ps,(orz),rh | u andv used only wer sea, in the tropics also
overlow terrain(< 150m). Orographiaejection
limit 6hPafor r&, 100hPafor z and800m for
ps
AIREP u,v, T Not used in full resolution. Used only bel®0
hPa
SATOB u,v Selected areas and/éds
DRIBU u,v, ps Orographic rejection limit 800 m fgss
TEMP u,v,T,q,2mrh | Usedatsignificantievels.q only below 300hPa.
10 mu andv used oer land only in tropics
over low terrain (< 150 m).
Orographic rejection limit 10 t&for z andv,
100hPafor z/T, 6 hPafor rA and—4 hPafor ¢
PILOT u,v Used at significant lels. 10 my andv used
overlandonly in tropicsoverlow terrain(< 150
m).
Orographic rejection limit 10 t&Pfor u andv
SATEM Ty SelectecchannelandareasNESDISretrievals
are not used gmmore
8 Meteorological Training CourseLecture Series

0 ECMWEF, 2002



Observations and diagnostic tools for data assimilation: £
A~ 4

TABLE 1. A SUMMARY OF THE CURRENTUSE OF OBSER/ATIONS IN THE 4D-VAR DATA ASSIMILATION AT THE
ECMWE. ps STANDS FOR SURFACE PRESSURE2 M rh FORRELATIVE HUMIDITY AT 2 m LEVEL, AND Tb FOR
BRIGHTNESSTEMPERATURE, RESPECTIVEL.

Obseration Variables used Remarks
type
PAOB ps Used south of 1%5.
Orographic rejection limit 800 m fagss
SCATT u,v Not usedin full resolution.Usedif SSTwarmer
than 273 K or if both obseed and background
wind less than 25 m/s

2.4 Compression of the CMA-file

After the obsenation screeningoughly 15% of all the obsened dataareactive andthe compressedbsenation
arrayfor theminimizationrunonly containghosedata.Thatlargecompressiomateis mainly drivenby thenumber
of TOVS dataasafterthe screeninghereareonly 10—20%of the TOVS reportsleft, whereador the corventional
obsenationsthefigureis around40%.As apartof the compressionthe obsenationsareresortedamongthe proc-
essors for the minimization job in order to agki@ more optimal load balancing of the parallel computer

2.5 A massively parallel computing environment

Themigrationof operationatodesatthe ECMWF in 1996to supporta massvely parallelcomputingernvironment
setarequiremenfor reproducibility The obsenation screeningshouldresultin exactly the sameselectionof ob-
senationswhendifferentnumberof processorareusedfor the computationsin the obsenationscreeninghere
arethetwo basictypesof decisiongo be made.Independentlecisionspn onehand,arethosewhereno informa-
tion of any otherobsenationsor decisionds neededIn a parallelcomputingervironmentthesedecisionscanbe
happilymadeat differentprocessorfully in parallel.For dependentlecisionspntheotherhand,a globalview of
theobsenationsis neededvhichimpliesthatsomecommunicatiorbetweerthe processorss required. The obser-
vationarrayis however far too large to be copiedfor eachindividual processorTherefore theimplementatiorof
obsenationscreeningatthe ECMWF is suchthatonly aminimumnecessarinformationof thereportsis globally
communicated in order to priole the global vier to the obsemtions needed for the dependent decisions.

Theglobalview of the obsenationsis providedin theform of aglobal“time-location” arrayfor selectecbsenra-
tion types.Thisarraycontainsccompacinformationof thereportsthatarestill active atthis stageFor instancethe
obsenationtime, locationandstationidentifieraswell astheownerprocessoof thatreportareincluded. Thetime-
locationarrayis composedteachprocessolocally andthencollectedfor meigingandredistritutedfor eachproc-
essorAfter theredistritutionthearrayis sortedocally attheprocessoraccordingo theuniquesequencaeumber
Every processohasthusexactly the samenformationto startwith andthe dependendecisionsanbe performed
in a reproducible manner independently of the computer configuration.

Thetime-locationarrayis just enoughfor all the dependentiecisionsgxceptfor the redundang checkingof the
multi-level TEMP andPILOT reports.Thisis a specialcasein the sensehattheinformationof eachandevery ob-
senedvariableandfrom eachlevelis neededThis actuallymeanghatthewholemulti-level reporthasto becom-
municatedThe otherway out of this would be to force the obsenation clustersof the multi-level reportsalways
into oneprocessowithout splitting them.In thatcasecodesresponsibldor creationof the obsenationarraysfor
assimilationshouldensurehatgeographicaintegrity of the obsenationarraysdistributedfor processorsThisis,
however, not possiblein all the casesandthe obsenation screeninghasto be ableto copewith this. Currently it
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is codedn suchawaythatonly alimited numberof multi-level TEMP andpPILOT reports basednthetime-location
array are communicated between the appropriate processors as copies of these common stations.

3. USE OF FEEDBACK INFORMA TION

ThefeedbacKiles areextensvely usedfor monitoringthe performancef the observingandassimilationsystems
andsomeof theuseis listedbelowv (andsomeis discussedurtherin the chapter'Diagnostictoolsfor anassimila-
tion system”).

. obsenration statistic generation

. station-by-station monitoring

. obsenation plotting

. bias correction (or bias tuning)

. obsenation and background error estimation

4. DIAGNOSTIC TOOLS FOR AN ASSIMILA TION SYSTEM

An operationabssimilationsystemis a (ever increasingly)comple« machinerycomparablevith ary large-scale
industrialapplication:the schedulings tight, an effective but robust functioningis requiredanda quick trouble-
shootingis neededn casesomethinggoeswrongin anoperationatun. Thecomplity of thesystendictatesthat
severalaspect®f the systemhave to be monitoredanddiagnosedo make surethe outputis reliable.A numberof
diagnostictools arepresentedn this chapter They arecollectedunderheadingsaccordingto their mostobvious
use.

4.1 Code development and trouble-shooting

4.1 (a) Bstthe corctness of tarent linear and adjoint codesln the IFS thereare tangentlinear and ad-
joint codesassociateavith the forecastmodelandthe obserationoperatorsA testfor the correctnessf thetan-
gent linear code can be dexd from a &ylor expansion for the perturbed non-linear model state

H(x+h) = H(x)+Hh +O(h]%)

by dividing by HA and reoganizing to a formula which betas asymptotically according to

lim d{(X+h)_H(X)D:
h oo OD Hh 0

It is bestto do thetestfor anindividual routineat thetime of writing, but thetestcanalsobe appliedto thewhole
tangent linear model.

The adjointandtangentinear codeshave to form an adjoint pair which canbe testedusingthe definition of the
adjoint operator

[AxyE = XADE

wheretheinnerproductsaredefinedin theirrespectre spaces andF. In practise x andy are(randomlygener-
ated)inputfor tangentinearandadjointcodes(subroutines)iespectiely, andtheinnerproductshave to resultin
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the same alue within the computing accusac

IFS containsa large numberof tangentinearandadjointroutineswhich aretestedat thetime of writing. It is best
to dothetestingindividually for eachroutineandalsofor themodelasawhole.In thelFSthereis abuilt-in facility
to testthe tangentlinear andadjoint of the forecastmodelbut not obsenation operatorsFrom the maintenance
point of view, therearefrequentchangego the non-linearcode,the obsenration operatordor example,andeach
suchchangehasto beincorporatedn the correspondingangentinearandadjointroutines.Also changesn the
internaldatastructuresr subroutineargumentaeedio be doneconsistentlyin thetangentinearor adjointcodes.
Currentlyat ECMWE, thetangentinearandadjointcodingis finished,however addingnew featureslike a new
obsenation type which requiresa new obsenation operatoy bringsalonga needfor developmentof the linear
codes.

4.1 (b) Gadient test. Testingthe gradientof the costfunctionis similar to that of testingthe tangentiinear
code:thegradientof the costfunctionmustasymptoticallypoint to the samedirectionasis the differencebetween
two realizationof thecostfunctionwhichareseparatety asmallperturbatiorin modelstate A Taylorexpansion
for the cost function is gen by

T(xg+8X) = J(xg) +(8%) ' T (xg) + O(5x°)

The perturbation of cost function isvgh bydx = —0(LlJ (X))

and therefore the quantity

[ (xq + OX) —J(xo)]/(a” DJ(XO)||2) = 1-0(a)

approacheanity from below. Thereis arangeof ordersof magnitudeof a for whichthisis true.Outsidetherange
it is nottruebecaus®f thecomputingaccurag for too smallvaluesof a , or becaus®f the gradientof beingnon-
quadraticfor too large valuesof a . In practisethevalueif a is repeatedlydecreasetty oneorderof magnitude
resulting in a printout with more and more of @ppearing until the computing accyréebeen reached.

A failurein thegradienttestis adefinitesignatureof anerrorsomevherein thevariationalassimilatiorsystemand
notnecessarilyustin thetangentinearor adjointcoding.Therearemary waysof trouble-shootingpneof which
is to reducethe dimensionof the problem,for instancdimiting oneselfto a singleobsenation case.The gradient
may passthetestif a codingerrorin the adjointcodecreatesonly arelatively smallerrorin the gradient,soit is
important to keep testing the tangent linear and adjoint codegaired abue.

4.1 (c) Cowemgence bedks. Theminimizationof thecostfunctionfacescorvergencechecksA trivial testof
convergencas to checkthatthevalueof costfunctiondecreasem everyiteration.Thisis actuallyabuilt-it feature
of thedecentalgorithmusedin theIFS. For quadratiominimizationproblemsthe normof the gradientof the cost
functionshoulddecreasén every iteration,apartfrom the roundingerrors.The costfunctionat ECMWF assimi-
lation systemis non-quadrati@ndthereforethe norm of the gradientcanlocally belargerthanin the previousit-
erationswhen enteringa new “valley” in the costfunction topology The gradienttestis performedin every
minimizationatthefirst andthelastminimizationstepsasdescribedbore. Theuseralsoreceivesanotefrom the
minimizationalgorithmif thenormof the gradienthasnotbeenreducedoy morethata predefinedactorwhichis
dependent on the number of iterations.

4.1 (d) J, break-down and seening statistics. The obserationtermof thecostfunctiondescribeshe mis-
fit of the model state to the obsations scaled with their relaé accurag, which is for an indiidual datum
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andshouldalwaysbe greaterthanone.If the quality of the backgroundandthe obsenationsis similar thenthe
valueshouldbearoundtwo. Theobsenrationtermcanbebrokendown to contritutionsfrom differentobsenation
types,areasandobsered variablesandan averagel, contritution for thosecanbe computedby dividing by the
cost function by the number of obsations. A troublesome subset of obsians will shev up in this vay.

Theprintoutof screeningtatisticscomprisegablesof thenumberof obsenationsrejectedandfor which reason)
andthenumberusedin theassimilationandrevealsfor instancef anobsenationtypeis missing.This diagnostic
printout as well as th&, break-devn are produced by daidlt in IFS and together th¢ell reliably

. if two assimilationexperimentsuse the sameobsenations as input (identical printout of the
screening statistics)

. if two assimilation experimentshave been startedfrom the sameinitial state (for the same
obsenrations as input, the initiakue of the cost function should be identical)

. if the versionof the IFS is the samefor two experiments(for the sameobsenationsasinput, also

the final \alue of the cost function should be identical)

In researchexperimentatiorat ECMWF, a commonwish for new experimentds thatthereis a comparisoravail-
able, either an operational products or anotkpeement.

4.2 Experimentation

4.2 (a) forecast scars. Modificationsto the operationakhssimilationsystemareusuallyjustified with posi-
tive or neutralforecastscoreqdefinedby anomalycorrelation)ascomparedvith the operationakcoresA com-
monpracticeis to performoneor severaltwo-weekassimilationexperimentsn orderto objectively seethe effect
of thechangesn assimilationor forecastmodel.Oftenthe experimentsarerun for differentseasonsaswell. For
major changesn the operationabkuitealsoa separate-suiteparallelto the operationss runto ensurethe quality
of the products and a smooth transition to thésesl system.

Figure4 givesanexampleof theforecasscoresn atypicaltwo-weekpre-implementatioexperimentln thiscase
anhourly obsenationscreenings testedn 4D-Var, i.e. allowing moreobsenrationsfrom frequentlyreportingsta-
tionsinto assimilation(dottedline). Theforecasiscoredor NorthernHemispher@arecomparablavith 4D-Var ex-
perimentusing six-hourly obsenation screening(dashed)and better than 3D-Var (full) but for the Southern
Hemispherghehourly screenings clearlyabadoptionfor 4D-Var. Basedontheseexperimentdt wasdecidedo
continuedD-Var experimentatiorusingthe six-hourly screeningf obsenations(or 3D-screening)andto investi-
gate the reasons behind the bad performance on the Southern Hemisphere.
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Figure 4. An exampleof theforecastscoresn atwo-weekassimilationexperimentfor NorthernHemispherdtop
panel) and Southern Hemisphere (bottom panel) for geopotential height at 4086lé line is for 3D-¥4,
dashedine for 4D-Var usingsameobsenationsas3D-Var (3D-screeninganddottedline for 4D-Var usingextra

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

4.2 (b) Observationm.s. fit and hisgrams. Thefit of the obsenationsto the backgroundandanalysiscan
be corvenientlyexaminedby r.m.s.plotsandhistogramavhich areautomaticallygeneratedor eachassimilation
experiment An exampleof ther.m.s.plot for AIREP wind andtemperatur@bsenationsusedin anassimilationex-
periments givenin Fig. 5. Onecanseethatther.m.s.differences smallerfor theanalysigdeparture¢dottedines)
thanfor the backgrounddeparturegsolid lines) - the analysisis said“to havedrawnto the data”. The biasesare
alsodisplayedandtheyhavegenerallybeenreducedn theassimilation Notethatin theseplotsa desirabldeature
is asmallr.m.s.of thebackgroundieparturesThis valueis generallysmaller for instancejn 4D-Varthanin 3D-
Var indicatingimprovedaccuracyof the4D-Var assimilationcomparedo 3D-Var. A smallr.m.s.of theanalysis
departuress howevemot a designcriterionassuch.Onecould, for instance specifytoo smallobservatiorerrors
whichwouldresultin unrealisticallysmallr.m.s.of theanalysigdeparturesvhich mightdeterioratehe subsequent
short range forecast, i.e. r.m.s. of the background departures would increase.

A similar diagnostiplot is the histogramof departuresvhichis usuallyplottedfor singlelevel observationdijke
SYNOP Or DRIBU reports.Figure6 givesanexampleof histogramfor SATOB (or cloud track) wind observations.
Both the backgroundandanalysisdeparturesredisplayed Onecannotethatthe meanandstandardieviationof
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the departuredistributionis smallerafterthe assimilatiorwhich meanghatinformationhasbeenextractedrom
theobservationsThedistributionof backgroundlepartureshouldbeapproximatelyGaussiarwith meannearze-
ro.
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Figure 5. An exampleof anr.m.s.plot for AIREP wind andtemperatur@bsenations.r.m.s.ontheleft andbiason
the right, and number of obsations used in the assimilation in the middle. Solid line is for background
departures and dotted for analysis departures.

4.2 (c) Mean andm.s. of analysis inements. Theanalysisncrementganbereconstructedftertheassim-
ilation by subtractinghe backgroundrom the analysis.The meanandr.m.s.of theseincrementfields canreveal
alot of theperformancef theassimilatiorsystem First, large meanincrementsnayresultfrom usingbiasedob-
senationswhichmaybefor instancedueto incorrectbiascorrectionlt mayalsobeasignof anunsuccessfuhod-
el changewhich hasintroduceda modelbiaswhich may appearonly locally. For instanceanalbedochangeover
shav coveredareagnay causea biasto appeaiin the backgroundvhich the unbiasebsenationstry to correct.
Secondther.m.s.of theanalysisncrementshouldbe smallwhichis asignof consisteng of shortrangeforecast
and obserations.
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Figure 6. An gample of the histogram of tlearos wind (v-component) fit to the analysis (top panel) and
background (bottom panel).

When4D-Var wasaboutto beimplementedcat ECMWF, oneof the strongpointsfor theimplementatiorwasthe
smalleranalysisincrementsn 4D-Var comparedvith 3D-Var. Laterwhena modificationof 4D-Var to usemore
obsenationsfrom frequentlyreportingstationsby applyingserialcorrelationof obsenationserrorswasdiscussed,
oneaspecfor theimplementatiowasthefurtherreducedanalysisncrementgFig. 7), for instanceovertheNorth-
ernAtlantic. Theimpactdueto the additionof moreobsenationscanberevealedsimply by comparinghediffer-
encebetweertheanalysedrom thetwo assimilationsystemsn ther.m.s.sensgFig. 8 ). Thelargestimpactis, as
expectedpvertheareaswvherethe corventionalobsenationalcoverages notavery denseone,andin areasvhere
the atmospheric flo tends to be more unstable dithe storm track areas.
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Figure 7. The impnement of the consistenof the background field with obsations when using 4D-
screening (plus serial obsation error correlation plus joinviational quality control). The quantity is the
1000hR geopotential diérence betweenm.s. of analysis increments in thgeriment and its control, for
period 11 to 24 December 1997. Contourst#r€.1, +/-0.25 and +/-0.50 decametres. Green (orange) areas

denote smaller (lger) analysis increments in theperiment than in its control.

Figure 8. The impact on analyses of applying 4D-screening (plus serialafmsenrror correlation plus joint
variational quality control). The quantity is the 1008rgeopotentialm.s. of analysis diérences 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. Thedaimpact iswer the areas of sparse gentional
obsenational coerage.
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4.3 Operational monitoring

4.3 (a) Coss-validation with satellite pducts. The operationadepartmenat ECMWF is constantlymoni-
toring thequality of theoperationaproduction e.g.useandquality of obsenations their availability, characteof
theanalysigsncrementstc.Many of thesuggestionfor improving theassimilatiorsystemactuallycomefrom the
resultsof thisintensemonitoring.More detailsof their actities aregivenin theappropriatélrainingcoursemod-
ule. Onemethodwhichis usedboth by the operationaandthe researchs the cross-alidationwith satelliteprod-
ucts. Thereare someparametergor which direct (in situ) obsenationsare scarceike cloudsor positionof a
tropical storm, and for those a visual comparison with satellite products mayyheseful.

4.3 (b) Bak-tradking pioblems with sensitivity pducts. An oftenoccurringsituationin weatherforecasting
is an unpredictedsmall scaleflow pattern,followed by a questionwhy it wasnot predicted.In thesecaseserror
back-trackinghaslong beenused(evenwith subjectve forecasts)The adjointmodelprovidesoneextratool for
doingtheback-tracking Sensitvity to analysis‘errors” canbe calculatedusingtheadjointmodelin thefollowing
way. Two dayforecasterroris fedto theadjointmodelasaforcing andtheadjointcalculationgesultin agradient,
or sensitvity patternwith respecto theinitial condition.This sensitvity patterrtellswhereandin whichdirection
theinitial conditionshouldbeperturbedn orderto achieze asmallertwo dayforecaserror Of coursethetwo day
forecasterroris notentirelydueto aninaccuratenitial conditionbut alsodueto the modelerrorover thetwo day
integrationtime. Neverthelessthis sensitvity patterncangive ausefulcluefor theanalystaboutwherethereason
for the forecastdilure may be found. This method has been successfully used at ECMWF

4.4 Estimation and tuning

4.4 (a) Observation and bkground erors. The specificationof obsenation and backgrounderror covari-
ancedor theassimilationsystemis anessentiastepwhich determinesherelative weightof the obsenationsand
thebackgroundrespectrely. Thesestatisticsarenotknowvn exactly but areestimatedor eachassimilatiorsystem.
Therefore asthe observingnetwork or the assimilationsystemchangesthe statisticsmayrequiretuningfor opti-
mal performance.

Thereis areliablemethod(Hollingsworth-Lonnbeg method)Yor obsenationandbackgroungerrorestimatiorover
datarich areagasexplainedelsavherein LectureNotes).An exampleof the behaiour of backgrouncerrorcov-
ariancess givenin Fig. 9 for AIREP temperaturebservation®ver North Americaat 200hPa.The background
departuresirecorrelatedatshortdistancesndthecorrelationrapidly decreasewith increasinglistanceWith dis-
tancesver about500kmthereis hardlyary correlationleft. In theestimatiormethodit is assumedhattheobser-
vation errorsarenot correlatedoetweerthe stations.This enablegartitioningthe perceved short-rangdorecast
errorvarianceinto contribtutionsfrom theobsenationandbackgrouncerrors. A cunweis fitted (dashedine in Fig.
9) to the histogramof covariancevalues(filled circlesin Fig. 9) andtheinterseciof thefitted curve with the or-
dinategivesanestimateof thebackgrouncerrorvariance therestof percevedshort-rangdorecasterrorvariance
being due to the obsetion error

4.4 (b) \érification of structue functions. The structurefunctionsarespecifiedfrom a sampleof short-range
forecastdifferenceg24-hourminus48-hourforecastdifferencesn the NMC method).The Hollingsworth-L6n-
nbeg methodis notfor re-tuningor changingthem,but the methodcanbe usedfor verifying how well the shape
of specifiedstructurefunctionsis supportedy the covarianceof backgroundieparturesAn exampleof thespec-
ified structurefunctionis givenin Fig. 10 for temperaturatmodellevel 10 (about200hR) at mid latitudes Com-
paringFigs.9 and10 revealsthe sharpehorizontalstructureof the shortrangeforecasterrorasestimatedrom
AIREP obsenationsdeparturegcalculatedat resolutionT213) thanthe modelledstructurefunction at truncation
TL159. Thedifferenceis partly explainedby the resolution.More importantly the modelledstructurefunctionis
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aglobalonedominatedy SoutherrHemispherenid latitudes whereaghe estimatedneis from NorthernAmer-
ica with a ery dense data werage which tends to shorten the horizontal scale of short-range forecast error

OBS. AND BACKGROUND ERRORS
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Figure 9. An exampleof backgrouncderrorcovariancefor AIREP (ACAR) temperatur@bsenationsin 4D-Var over
the period of 1 September 97 - 14 October @t dlorth America at 2001 In this case, the estimated
background errorariance at zero distance is about 0.48kich would indicate a background error of about
0.36K. As the total peroed error ariance is 1.03K(not shevn), the estimated obsetion error is therefore
0.95K.
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Figure 10. Thespecifiedstructurefunctionfor temperaturet latitude50°N. Notethatthe horizontalscaleof the
absissa is diérent fromFig. 9.
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