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1. INTRODUCTION

In recentyears,mucheffort hasbeenspentin the
developmentof variational data assimilationsystems
as the "next-generation"to replace previously used
schemes.g. the CressmanMM5), FDDA (MM5),
optimuminterpolationOl - NCER ECMWEF, HIRLAM,
NRL, etc)andanalysiscorrection(UKMO) algorithms.
Practicaladvantage®f thevariationalapproacho more
traditionaldataassimilationtechniquesnclude

e Obsenationscan be assimilatedn a relatvely
"raw" form without the needfor independentetrieval
prior to theassimilatiorstep,e.g. satelliteradiancegan
beassimilatedlirectly. Thisresultsin amoreconsistent
treatmenbf all obsenationsthroughuseof a common
definitionof modelerror In addition,errorsin theraw
obsenationsarelikely to belesscorrelated)eadingto
practicalsimplificationsin theanalysisalgorithm.

¢ A dgyree of flow-dependencesan be applied
in the backgrounderror covariancesusedas input to
the variational data assimilationsystem. In 3DVAR,
the semi-geostrophidransform, anisotropicrecursve
filter and additional analysisvariableshave all been
utilized for this purpose. In 4DVAR systems,the
use of the forecast model (or its tangent linear
(TL)) anda correspondin@djointmodelautomatically
impliesasynoptical-dependenaethebackgrounckrror
covariances.

¢ Approximatedynamicalbalancecan be imple-
mentedrelatively easilyvia "weak constraints'e.g. the
useof "unbalanced'tontrol variablesadditionalterms
in the costfunction or (in 4DVAR) the balanceof the
forecastmodelitself.
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¢ In 4DVAR, asynoptiadatacanbeinsertedwithin
amodeltimestepof its validity time,thusreducingtiime-
tendenyg errorsof staticdataassimilatiorsystems.

e Variational data assimilation systemscan be
formulatedin a variety of spacesncluding grid-point,
spectralpbsenationandEOF space.Eachformulation
hasits own meritsin particularcircumstances.

Having expoundedthe advantagesof variational
data assimilation it is wise to also recognise its
weaknesses. Although the variational analysis is
frequentlydescribeds"optimal”, thislabelis subjecto
a numberof assumptionsFirstly, givenbothimperfect
obsenations and prior (e.g. backgroundforecast)
information as inputs to the assimilationsystem,the
quality of the outputanalysiswill dependcrucially on
theaccurag of theirrespectie errors. Thespecification
of both obsenration and backgrounderror is a large
subjecin itself andonewhichis beingstudiedatNCAR
andmary otherestablishmentsSecondlyalthoughthe
variationalmethodallows for theinclusionof linearised
dynamical/physicaprocessesin reality errorsin the
NWP systemmay be relatedin a highly nonlinear
manner This limits the usefulnesf variationaldata
assimilationsystems,especiallyin the tropics and at
meso-andcorvective-scales.

Despitethe abose weaknesseghe use of varia-
tional methodshasled to significantimprovementsin
forecastverification in both operationaland research
communities. The list of operationalcentresrunning
VAR systemgyrows every year Following thefirst op-
erational 3DVAR at NCEP (Parrish & Derber 1992),
other centreshave followed with variantsof the ba-
sic algorithm - ECMWF (1996), CMC (1997), DAO
(1997),Meteo-Franc¢1998) NCEPEta(1998)lUKMO
(1999),FSL(2000)and NRL(2000). Globalincremen-
tal 4ADVAR is now implementecat ECMWF (1998)and
Meteo-Franc€2000)andhasled to significantforecast
improvements.

Giventhe short-term(1-2 year) goal of designing
a variational data assimilationsystemfor operational
useattheU.S.Air ForceWeatherAgeng/ (AFWA) and
Taiwan’s Civil Aviation Authority (CAA), our planhas
beento initially concentraten producingarespectable



(i.e. accurate,computationallyefficient and robust)
3DVAR system. The reasondor this are not just the
computationalesourcéssueof running4dDVAR butalso

¢ Many of thealgorithmsusedn 4DVAR arefound
in themuchlesscomputationallyexpensve 3DVAR sys-
tem (eg obsenation operators,minimization, precon-
ditioning, multivariate,backgrounderror specification,
dataassimilationdiagnostics).The only notableexcep-
tion is the adjointof the forecastmodel(andoptionally
its TL), requiredfor ADVAR. The3DVAR systenthere-
fore providesatraininggroundfor thesecrucialaspects
of variationaldataassimilation.

e Therearestill mary potentialwaysof improving
existing 3DVAR systemswithout resortingto 4DVAR.
These improvements include additional obsenation
typesmoresophisticatetbackgrounl/obsenationerors
and improved balance constraints. These methods
are referredto as "low-hangingfruit” in that they are
sometimegomputationallyery cheapandalsothereis
(andwill befor theforseeale future)muchobsenatioral
datathatis underusedor ignoredcompletelyin current
dataassimilatiorsystems.

e Previous 3/4DVAR systemshave beeninitially
developed for the global assimilation problem. It
is prudentto considerthe particular aspectsof the
mesoscalgeg differing balance,impact of moisture,
convection, etc) before following the path of other
systemsdevelopment.

The layout of the restof this reportis asfollows.
In section2, a summaryof the main featuresof the
MM5 3DVAR systemis given. Section3 describes
results of preliminary tests. Finally, future plans
for NCAR-MMM/MM5’ s dataassimilationefforts are
briefly describedn sectiord.

2. THE MM5 3DVAR SYSTEM

The goal of variational data assimilationis to
find the analysisx which minimizesa prescribedcost
functione.g.
J(X) = %(xb—x)TB_l(x
The varioussourcesf informationarethe background
vector X and its error covariance matrix B, the
obsenationvectory?, theobsenrationinstrumen€ error
andthe errorF associateavith the obsenationoperator
H which transformbetweenanalysisand obsenation
spacey = HX.

The fundamentalequationsof variational data
assimilationhave beenwritten dovn mary times in
previous works (e.g. Lorenc 1986, Courtier et al.
1994). The particularfeaturesof the MM5 3DVAR

—X)+= (y y)T(E+F)—1(y —y)(Epvariance matrix in the vertical.

systemare summarizedbelon. Many of the ideas
presentedhere found their first application in the
operationalglobal/mesoscal8DVAR system of the
UKMO describedn Lorencet al. (2000).

e Observation types currently assimilated
includesurface,rawinsonde aircraftandsatellitecloud
trackwinds. Totalprecipitablevater(TPW)andoceanic
surface wind speedretrievals from SSM/I data may
be assimilatedas may TPW retrievals from ground-
basedGPS data. A single Fortran90 derived data
type is usedto store all obsenations, with specific
sub-typesfor each obsenation platform. Codedin
this way, the introductionof new obsenation typesis
relatively straightforvard and efficient useis madeof
corememory

e Background error covariances are cur
rently derivedvia the NM C-method of scaledaveraged
forecastdifferencesalid atthe sametime.

e The MM5 3DVAR analysis domain is not
tied to the domainof the subsequerforecast(exceptin
cycling mode). This option may be useful in future
studiesof cold-startingmesoscale3DVAR from e.g.
globalanalysidackgrounl forecastsvhereobsenations
closeto, but outsidethe forecasdomainmaybeusedto
improvetheanalysisof lateral/topboundaries.

e The costfunction minimizationis performedin
terms of analysis increments. This formulation
restricts the impact of new obserations, and ary
imbalancedueto approximationsn the analysisto the
(relatively small) incrementsw/. The full analysisis
X% = xb + Tw'. The operatorl mayincludedynamical
initialization,changeof grid resolution/staggevariable
etc.

e The incrementalcost function minimization is
performedin preconditioned control variable
spacev definedoy w’ = Uv. ThetransformlU is chosen
to satisfy the approximationB ~ vUT via spatial
filtering andjudiciouschoiseof physicalvariables.The
analysis spaceis gridpoint in the horizontal and a
projection onto eigervectorsof the backgrounderror
This projection
allowsefficientdatacompressiomattheexpenseof some
spatial/temporadveragingof vertical error correlations
(calculatedusingNMC-methoddata).

¢ Horizontal background error correla-
tions arecurrentlyrepresentedsing anisotropicand
homogeneousecursvefilter algorithmsuppliedby Jim
Purser(NCEP).Horizontalfilter parameterarea func-
tion of verticaleigervector hencethe backgrouncerror
covariances non-separable.



Figure 1. Test3DVAR incrementresponseo threepressure
obserationsintroducedn themid-tropspher¢ 500hR). Both
temperaturéfull) andpressurédashedjncrementsareshowvn.
Thesyntheticobserationsareall giventhe sameO-B valueof
-1.5hR.

e The U transformincludesa final transform
of variable from streamfunctionyelocity potential,
unbalancedressureand specifichumidity (chosenas
theirerrorsarerelatively uncorrelateddo forecasmodel
variables. The codeincludesswitchesto experiment
with alternatve control variables,e.g. relative instead
of specific humidity.  The final incrementsw’ are
producedon the Arakawa-B grid and sigma-height
verticalcoordinateof thenon-hydrostatidM5V3. The
incrementsare multivariate through application of a
linearizedgeostrophic/gclostrophichalancesquation:

V2, = =V -p[fkx V +7- W +V - VY] (2)

and use of the hydrostatic approximation. The
linearizationis performedaroundthe backgroundxb.
The accurag of this approximationis tested via
statisticakregressiorof p;) onp usingforecasdifference
data.
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Figure 2. Minimization of the cost function (and its
componentsjor the MM5 3DVAR run with ananalysistime
of 127 on the 19th August1999. The domainis the 135km
EastAsia"Domain1" of the TaiwaneseCAA system.

3. PRELIMINARY RESULTS

Extensve testsare currently undervay to assess
the performanceof the MM5 3DVAR systemrelative
to the LITTLER packagepreviously usedwith MMS5.
Within 3DVAR itself, theaccurag of theadjointsof both
obsenationoperator&ndcortrol variabe trarsformsare
continuallymonitored,asis the invertibility of change
in physicalvariable.

Backgrounderror covariancesare testedvia sin-
gle/multipleobsenationtests. An exampleis shovn in
Figure(1). In this test,threemid-tropospheripressure
obsenationshave beenassimilatedn 3DVAR. Thever-
tical structureof theincrementsredefinedviatheeigen-
vectorsof the verticalcomponenbf B. The horizontal
structureis definedvia the recursve filter. Also shavn
in Figure (1) is the temperaturéncrementresponseo
thepressuréncrementsThisindicatesawarmanomaly
above andcoolanomalybeloy themaximum(negative)
pressuréncrement.Thetemperaturéncrementsarede-
rivedassumindhydrostatidalance.

Full 3DVAR analysescontaininga wide variety
of obsenations have beenproduced. The successful
minimizationof one caseis shavn in Figure(2). This
examplewasrunontheTaiwanese€CAA 135kmDomain
1whichcoversmostof EastAsia. Convergencgdefined
by a reductionin initial costfunction gradientof two
ordersof magnitude)is achievedin 31 iterations. The
obsenationsassimilatedwere 667 synops,65 metars,
87 ships,297 aireps,187 soundingsand 14748satellite
cloud track winds (SATOBs). On a DEC Alpha



workstation,3DVAR requiredjust 145s CPU for this
case.

Initial verificationof forecastsunfrom the 135km
domainaswell asthenestedlomainsat45kmandl15km
hasbegun. Resultdrom thesetestswill allow usto tune
the systemto be readyfor releaseto operationaland
researcltommunitiesn the next 12 months.

4. FUTUREWORK

The developmentof the MM5 3DVAR systemto
includethe above featureshascontinuedat a fastpace
sincethe freezingof aninitial univariateversionof the
codein Decemberl999. The systemalreadycontains
mary of the featurespresentin successfubperational
implementationsf 3DVAR. However, continuedesting
and tuning is certainly required before the code is
ready for releaseto both operationalcentres(the US
Air Forceand TaiwaneseCAA) andthe generalMM5
usercommunity In particulayr the backgrounderror
covariancesmust be tuned and the systemmust be
modifiedto run on parallelarchitectures All this work
is currentlyundervay.

A particulargoalin the developmentof the MM5
3DVAR systemhasbeento maintainflexibilities which
will enable aspectsof the MM5 3DVAR systemto
be usedin future WRF dataassimilationsystemse.g.

3/4DVAR, coupledvariational-ensemblsystems.This
effort will continue as the WRF data assimilation
systemmaturesandadditionalcapabilitiese.g. satellite
radiances,anisotropic recursve filters, extension to
4DVAR areincluded.

REFERENCES

Courtier P, Thepaut, J.-N. and Hollingsworth, A.,
1994: A Strategy For Operational Implemen-
tation of 4D-VAR, Using An Incremental Ap-
proach. Quart. J. Roy. Meteor. Soc., , 120,
1389-1408.

Lorenc,A.C.,1986: Analysis Methods For Numerical
Weather Prediction. Quart. J. Roy. Meteor.
Soc.,,112,1177-1194.

Lorenc,A. C.,Ballard,S.P, Bell, R. S.,Ingleby, N. B.,
Andrews,P.L. F,Barker, D. M., Bray, J.R.,Clayton,
A. C.,Dalby, T.,Li, D.,Payne,T., J.andSaunders.
W.,2000: The Met. Office Global 3-Dimensional
Variational Data Assimilation Scheme. Quart.
J. Roy. Meteor. Soc.,,126,2991-3012.

Parrish,D.F. andDerber J.C,1992: The National Me-
teorological Center’s Spectral Statistical Interpo-
lation Analysis System. Mon. Wea. Rev., 120,
1747-1763.



