
�������
INITIAL VERIFICATION OFTHE MM5 3DVAR DATA ASSIMILATION SYSTEM
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1. INTRODUCTION

In recentyears,mucheffort hasbeenspentin the
developmentof variational data assimilationsystems
as the "next-generation"to replace previously used
schemese.g. the Cressman(MM5), FDDA (MM5),
optimuminterpolation(OI - NCEP, ECMWF, HIRLAM,
NRL, etc)andanalysiscorrection(UKMO) algorithms.
Practicaladvantagesof thevariationalapproachto more
traditionaldataassimilationtechniquesinclude

� Observationscan be assimilatedin a relatively
"raw" form without the needfor independentretrieval
prior to theassimilationstep,e.g.satelliteradiancescan
beassimilateddirectly. Thisresultsin amoreconsistent
treatmentof all observationsthroughuseof a common
definitionof modelerror. In addition,errorsin theraw
observationsarelikely to be lesscorrelated,leadingto
practicalsimplificationsin theanalysisalgorithm.� A degree of flow-dependencecan be applied
in the backgrounderror covariancesusedas input to
the variationaldata assimilationsystem. In 3DVAR,
the semi-geostrophictransform, anisotropicrecursive
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 correspondingadjointmodelautomatically
impliesasynoptical-dependencein thebackgrounderror
covariances.� Approximatedynamicalbalancecan be imple-
mentedrelatively easilyvia "weakconstraints"e.g. the
useof "unbalanced"control variables,additionalterms
in the cost function or (in 4DVAR) the balanceof the
forecastmodelitself.
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� In 4DVAR, asynopticdatacanbeinsertedwithin
amodeltimestepof its validity time,thusreducingtime-
tendency errorsof staticdataassimilationsystems.� Variational data assimilation systemscan be
formulatedin a variety of spacesincluding grid-point,
spectral,observationandEOFspace.Eachformulation
hasits own meritsin particularcircumstances.

Having expoundedthe advantagesof variational
data assimilation it is wise to also recognise its
weaknesses. Although the variational analysis is
frequentlydescribedas"optimal", this labelis subjectto
a numberof assumptions.Firstly, givenbothimperfect
observations and prior (e.g. backgroundforecast)
information as inputs to the assimilationsystem,the
quality of the outputanalysiswill dependcrucially on
theaccuracy of theirrespective
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of both observation and backgrounderror is a large
subjectin itself andonewhichis beingstudiedatNCAR
andmany otherestablishments.Secondly, althoughthe
variationalmethodallowsfor theinclusionof linearised
dynamical/physicalprocesses,in reality errors in the
NWP system may be related in a highly nonlinear
manner. This limits the usefulnessof variationaldata
assimilationsystems,especiallyin the tropics and at
meso-andconvective-scales.

Despitethe above weaknesses,the use of varia-
tional methodshasled to significantimprovementsin
forecastverification in both operationaland research
communities. The list of operationalcentresrunning
VAR systemsgrows every year. Following thefirst op-
erational3DVAR at NCEP (Parrish & Derber, 1992),
other centreshave followed with variantsof the ba-
sic algorithm - ECMWF (1996), CMC (1997), DAO
(1997),Meteo-France(1998),NCEPEta(1998),UKMO
(1999),FSL(2000)andNRL(2000). Global incremen-
tal 4DVAR is now implementedatECMWF(1998)and
Meteo-France(2000)andhasled to significantforecast
improvements.

Given the short-term(1-2 year)goal of designing
a variational data assimilationsystemfor operational
useat theU.S.Air ForceWeatherAgency (AFWA) and
Taiwan’s Civil Aviation Authority (CAA), our planhas
beento initially concentrateon producinga respectable
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accurate,computationallyefficient and robust)
3DVAR system. The reasonsfor this are not just the
computationalresourceissueof running4DVAR butalso� Many of thealgorithmsusedin 4DVAR arefound
in themuchlesscomputationallyexpensive3DVAR sys-
tem (eg observation operators,minimization, precon-
ditioning, multivariate,backgrounderror specification,
dataassimilationdiagnostics).Theonly notableexcep-
tion is theadjointof theforecastmodel(andoptionally
its TL), requiredfor 4DVAR. The3DVAR systemthere-
foreprovidesa traininggroundfor thesecrucialaspects
of variationaldataassimilation.� Therearestill many potentialwaysof improving
existing 3DVAR systemswithout resortingto 4DVAR.
These improvements include additional observation
types,moresophisticatedbackground/observationerrors
and improved balanceconstraints. These methods
are referredto as "low-hangingfruit" in that they are
sometimescomputationallyverycheapandalsothereis
(andwill befor theforseeablefuture)muchobservational
datathatis under-usedor ignoredcompletelyin current
dataassimilationsystems.� Previous 3/4DVAR systemshave beeninitially
developed for the global assimilation problem. It
is prudent to consider the particular aspectsof the
mesoscale(eg differing balance,impact of moisture,
convection, etc) before following the path of other
systems’development.

The layout of the restof this report is 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 describedin section4.

2. THE MM5 3DVAR SYSTEM

The goal of variational data assimilation is to
find the analysisx which minimizesa prescribedcost
functione.g.
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Thevarioussourcesof informationarethebackground
vector x

0
and its error covariance matrix B, the

observationvectory 4 , theobservationinstrumentE error
andtheerrorF associatedwith theobservationoperator6

which transformbetweenanalysisand observation
spacey =

6
x.

The fundamentalequationsof variational data
assimilationhave been written down many times in
previous works (e.g. Lorenc 1986, Courtier
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1994). The particular featuresof the MM5 3DVAR

systemare summarizedbelow. Many of the ideas
presentedhere found their first application in the
operationalglobal/mesoscale3DVAR system of the
UKMO describedin Lorenc

��!:�8�,
(2000).

�<;>=@?.A�BDC�E"F.GIHKJLF)M�NOAP? currently assimilated
includesurface,rawinsonde,aircraftandsatellitecloud
trackwinds. Totalprecipitablewater(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 used to store all observations, with specific
sub-typesfor each observation platform. Coded in
this way, the introductionof new observation typesis
relatively straightforward and efficient useis madeof
corememory.�RQSE�TVUXWYBH�Z�J\[]A�BDBHYB^T'HPC�E"BGIE�J�T&AP? are cur-
rentlyderivedvia the _a` 	\bdce�+!�#Y
.� of scaled,averaged
forecastdifferencesvalid at thesametime.� The MM5 3DVAR EYJ�E�f-MX?.GI?g[�H�hRE�GIJ is not
tied to thedomainof thesubsequentforecast(exceptin
cycling mode). This option may be useful in future
studiesof cold-startingmesoscale3DVAR from e.g.
globalanalysisbackgroundforecastswhereobservations
closeto, but outsidetheforecastdomainmaybeusedto
improvetheanalysisof lateral/topboundaries.� The cost function minimizationis performedin
terms of E�J�EYf$MX?VG-?iG-J\T�BAPhRAPJjF.? . This formulation
restricts the impact of new observations, and any
imbalancedueto approximationsin theanalysis,to the
(relatively small) incrementsw k . The full analysisis
x l = x

0
+ m w k . Theoperatorm mayincludedynamical

initialization,changeof grid resolution/stagger, variable
etc. � The incrementalcost function minimization is
performed in N\BA�T&HKJ\[\G$F.GIHKJ\AP[]T&HKJjF.BDH�fnC�E"BG-E"=@f-A
spacev definedby w k = o v. Thetransformo is chosen
to satisfy the approximationB pqoro 2 via spatial
filtering andjudiciouschoiseof physicalvariables.The
analysis spaceis gridpoint in the horizontal and a
projection onto eigenvectorsof the backgrounderror
covariance matrix in the vertical. This projection
allowsefficientdatacompressionattheexpenseof some
spatial/temporalaveragingof verticalerrorcorrelations
(calculatedusingNMC-methoddata).�tsuHYBGIv'H�JjF.E�fw=\EYT.UXWKBHKZ\J\[xA&BDBHKByT'HKBVBAPf-E"zF.GIHKJ\? arecurrentlyrepresentedusingan isotropicand
homogeneousrecursivefilter algorithmsuppliedby Jim
Purser(NCEP).Horizontalfilter parametersarea func-
tion of verticaleigenvector, hencethebackgrounderror
covarianceis non-separable.



Figure1. Test3DVAR incrementresponseto threepressure
observationsintroducedin themid-tropsphere( 500hPa). Both
temperature(full) andpressure(dashed)incrementsareshown.
Thesyntheticobservationsareall giventhesameO-B valueof
-1.5hPa.

� The o transformincludesa final F.BDEYJ�?V{|HYBhH�{}C�E�BDGIE"=@f-A from streamfunction,velocity potential,
unbalancedpressureand specifichumidity (chosenas
theirerrorsarerelativelyuncorrelated)to forecastmodel
variables. The code includesswitchesto experiment
with alternative control variables,e.g. relative instead
of specific humidity. The final incrementsw k are
producedon the Arakawa-B grid and sigma-height
verticalcoordinateof thenon-hydrostaticMM5V3. The
incrementsare multivariate through application of a
linearizedgeostrophic/cyclostrophicbalanceequation:~ 2� k0 =

1 ~y� ���9�
k � v k + v

�.~
v k + v k �V~ v � (2)

and use of the hydrostatic approximation. The
linearizationis performedaroundthe backgroundx

0
.

The accuracy of this approximation is tested via
statisticalregressionof � k0 on � usingforecastdifference
data.

Figure 2. Minimization of the cost function (and its
components)for theMM5 3DVAR run with ananalysistime
of 12Z on the 19th August1999. The domainis the 135km
EastAsia "Domain1" of theTaiwaneseCAA system.

3. PRELIMINARY RESULTS

Extensive testsare currently underway to assess
the performanceof the MM5 3DVAR systemrelative
to the LITTLER packagepreviously usedwith MM5.
Within 3DVAR itself, theaccuracy of theadjointsof both
observationoperatorsandcontrol variabletransformsare
continuallymonitored,as is the invertibility of change
in physicalvariable.

Backgrounderror covariancesare testedvia sin-
gle/multipleobservationtests.An exampleis shown in
Figure(1). In this test,threemid-troposphericpressure
observationshavebeenassimilatedin 3DVAR. Thever-
ticalstructureof theincrementsaredefinedviatheeigen-
vectorsof theverticalcomponentof B. Thehorizontal
structureis definedvia therecursive filter. Also shown
in Figure(1) is the temperatureincrementresponseto
thepressureincrements.Thisindicatesawarmanomaly
aboveandcoolanomalybelow themaximum(negative)
pressureincrement.Thetemperatureincrementsarede-
rivedassuminghydrostaticbalance.

Full 3DVAR analysescontaininga wide variety
of observationshave beenproduced. The successful
minimizationof onecaseis shown in Figure(2). This
examplewasrunontheTaiwaneseCAA 135kmDomain
1whichcoversmostof EastAsia. Convergence(defined
by a reductionin initial cost function gradientof two
ordersof magnitude)is achieved in 31 iterations. The
observationsassimilatedwere 667 synops,65 metars,
87 ships,297aireps,187soundingsand14748satellite
cloud track winds (SATOBs). On a DEC Alpha



workstation,3DVAR requiredjust 145sCPU for this
case.

Initial verificationof forecastsrunfrom the135km
domainaswell asthenesteddomainsat45kmand15km
hasbegun.Resultsfrom thesetestswill allow usto tune
the systemto be readyfor releaseto operationaland
researchcommunitiesin thenext 12months.

4. FUTURE WORK

The developmentof the MM5 3DVAR systemto
includethe above featureshascontinuedat a fastpace
sincethe freezingof an initial univariateversionof the
codein December1999. The systemalreadycontains
many of the featurespresentin successfuloperational
implementationsof 3DVAR. However, continuedtesting
and tuning is certainly required before the code is
ready for releaseto both operationalcentres(the US
Air ForceandTaiwaneseCAA) andthe generalMM5
user community. In particular, the backgrounderror
covariancesmust be tuned and the systemmust be
modifiedto run on parallelarchitectures.All this work
is currentlyunderway.

A particulargoal in thedevelopmentof theMM5
3DVAR systemhasbeento maintainflexibilities which
will enableaspectsof the MM5 3DVAR systemto
be usedin future WRF dataassimilationsystemse.g.

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