
COMPUTATIONAL ASPECTS OF 4D-VAR CHEMICAL
DATA ASSIMILATION IN ATMOSPHERIC MODELS

A. SANDUa, D.N. DAESCUb, T. CHAIc, G.R. CARMICHAELc, J.H.
SEINFELDd, P.G. HESSe, T.L. ANDERSONf

aVirginia Ploytechnic Institute and State University, Blacksburg, VA 24061, USA
bPortland State University, City, Portland, OR 97207, USA
cThe University of Iowa, Iowa City, IA 52242-1297, USA
dCalifornia Institute of Technology, Pasadena, CA 91125, USA
eNational Center for Atmospheric Research, Boulder, CO 80307, USA
fUniversity of Washington, City, Seattle, WA 98195-1640, USA

Abstract. The taskof providing an optimal analysisof the stateof theatmosphererequires
the developmentof novel computationaltools that facilitate an efficient integration of
observationaldata into models.In this paperwe discusssomeof the computationaltools
recently developedfor the assimilationof chemical data into atmosphericmodels.We
review the discrete and continuousadjoint sensitivity approachesapplied to chemical
transportmodels. Software tools particularly tailored for direct and adjoint sensitivity
analysisof chemicalsystemsarepresented.Theadjointof thestate-of-the-artmodelSTEM-
III is discussed,togetherwith sensitivityand ozoneassimilationresultsfor a realistic test
problem. 
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1. INTRODUCTION
Our ability to anticipate and manage changes in atmospheric pollutant
concentrationsrelies on an accuraterepresentationof the chemicalstate of the
atmosphere.As our fundamentalunderstandingof atmosphericchemistryadvances,
novel computationaltools are neededto integrateobservationaldataand models
together to provide the best, physically consistentestimate of the evolving
chemicalstateof the atmosphere.Suchan analysisstatebetterdefinesthe spatial
and temporalfields of key chemicalcomponentsin relation to their sourcesand
sinks. This information is critical in designing cost-effectiveemission control
strategiesfor improvedair quality, for the interpretationof observationaldatasuch
as thoseobtainedduring intensive field campaigns,and to the executionof air-
quality forecasting.The developmentof the tools to integratemeasurementsand
modelsis also critical to the challengeof a full utilization of the vast amountsof
satellite chemicaldata in the tropospherethat are now becomingavailable,and
which will become more prevalent in the coming years.

Assimilation of chemical information is only now beginning in air
quality/chemistryarenas,but offers the samemotivationsas thoserealizedin the
field of meteorology.Assimilation techniquescan be utilized to producethree-
dimensional,time varying optimal representationsof the chemicalcompositionof
theatmosphere,that areconsistentwith the observedphysicalandchemicalstates.
Theseoptimal analysisstateswould be of great value to atmosphericchemistry
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research.In the caseof intensefield experiments,for example,the assimilationof
data in the forecastoperationswould improve the predictive capabilitiesof the
chemical transport models (CTMs), while in post-analysisthe merging and
integration of the flight observationsand modeled fields would provide a
comprehensive,analyzed,self-consistent,3-D chemicalanddynamicdataset that
all scientists could use to help interpret the measurements.The assimilation
techniquescan also be used to systematically improve our ability to refine
individual science components.For example, sensitivity and error analysis
embeddedin the simulationcan be usedto provide betterestimatesof chemical
emissionsinto theatmosphere(inversemodeling),andto providemethodologiesto
analyzethesimulationandto systematicallydesignoptimalmeasurementstrategies
(i.e., what measurementsare neededand where should they be conductedto
improve our depiction of the chemical state of the atmosphere).

Figure 1. Overview of our 4D-Var chemicaldata assimilation in atmospherictransport
models.Solid lines representcurrent capabilities. Dotted lines representnew analysis
capabilities that arise through the assimilation of chemical data

A schematicdiagramof the usesof 4D-Var dataassimilationin atmospheric
chemistryis presentedin Figure 1. A determinationof an optimal analysisstate
requires the use of both model and measurementdata. The traditional inter-
relationshipsbetweenpredictedandmeasuredquantities,wherethe measurements
areusedto provideinitial andboundaryconditionsfor themodelsandto evaluate
modelperformance,andthe modeledquantitiesprovidecontextand interpretation
of the measuredquantities,are includedin this framework.But this analysisgoes
well beyond these boundaries.The sensitivity and error analysis techniques
required to produce the optimal analysisstate provide new methodologiesfor
analyzing model simulations and providing the context for comparisonswith
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measurements.This envisionedintimate integrationof measurementsand models
representsformidable challenges.For example, the assimilation of chemical
quantitiesinto atmosphericmodelsgreatlyincreasedthecomputationburden(by at
least an order of magnitude).As describedin the following sections,a closer
integrationof measurementsand modelswill require significant advancesin: (i)
data assimilation techniques; (ii) numerical algorithms; (iii) software and
application-specific data mining strategies; and (iv) interfaces between
measurementsdata and model data. These four topics, along with science
applications, represent the major research elements of this analysis.

In this paper,we presentcomputationaltools developedfor 4D-Var chemical
data assimilation into atmospherictransportmodels.The paper is organizedas
follows. In Section 2 we review the mathematicaltheory of adjoint sensitivity
analysisapplied to air quality modeling. Computationaltools are presentedin
Section3. Numericalresultsfor thesimulationof EastAsia areshownin Section4.
Conclusions and future research directions are given in Section 5.

2. MATHEMATICAL CONSIDERATIONS
Variationalmethods(3D-Var, 4D-Var) providean optimal control approachto the
dataassimilationproblem.Four-dimensionalvariational(4D-Var) dataassimilation
allows the optimal combination of three sourcesof information: an a priori
("background")estimateof the state of the atmosphere;knowledge about the
physicaland chemicalprocessesthat govern the evolution of pollutant fields, as
capturedin themodel(CTM); andobservationsof someof thestatevariables.The
optimal analysisstateis obtainedthrougha minimization processto provide the
best fit to the backgroundestimateand to all observationaldata (spaceand time
distributed)availablein the assimilationwindow. The useof adjoint modelingto
evaluatethegradientof theobjectivefunctionalmakesfeasiblethe implementation
of the 4D-Var dataassimilationfor large-scaleatmosphericmodels.The practical
applicability of the 4D-Var requires an accuratemodel representationof the
atmosphericdynamics (perfect model assumption). In addition, the method
providesno directinformationon theerrorsin theassimilatedfields.Theoptimality
of 4D-Var andits relationshipwith theKalmanfilter is furtherdiscussedby Li and
Navon (2001). Computational aspects of 4D-Var are described below.

1. Atmospheric Chemistry and Transport Modeling
In what follows we denoteby u the wind field vector,K the turbulentdiffusivity
tensor,r the air density in mole/cm3, and ci the mole-fractionconcentrationof
chemicalspeciesi. The density of this speciesis r ci mole/cm3. Let V i

dep be the
depositionvelocity of speciesi, Qi the rateof surfaceemissions,andEi the rateof
elevatedemissionsfor this species.The rateof chemicaltransformationsfi depends
on absoluteconcentrationvalues;the rate at which mole-fractionconcentrations
change is then fi(r ci)/r .

Considera domain� which coversa regionof the atmosphere.Let n
�

be the
outwardnormalvectoron eachpoint of theboundary¶� .At eachtime momentthe
boundaryof the domainis partitionedinto ¶� = � IN Ç � OUT Ç � GR where� GR is the
ground level portion of the boundary;� IN is the set of (lateral or top) boundary
points where u×n

�

� 0 and �OUT the set where u×n
�

>0.
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The evolution of ic  in time is described by the material balance equations
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We refer to the system(1)–(5) as the forward (direct) model. To simplify the
presentation,in this paper we consideras parametersthe initial statec0 of the
model;it is known that this doesnot restrictthe generalityof the formulation.The
solution of the forward model c=c(t,c0) is uniquely determinedonce the model
parameters c0 are specified.

The direct model (1)–(5) is solvedby a sequenceof N time stepsof lengthDt
taken between t0 and t0=T. At each time step one calculatesthe numerical
approximation ck(x)»c(tk, x) at tk=t0+kDt such that

k k+1 k k+1

N-1
k+1 k N 0

[t ,t ] [t ,t ]
k =0

c = c , c = cÍÍ × ×Õ .                                     (6)

Here the numericalsolution operatorN is usually basedon an operatorsplitting
approach,wherethetransportstepsalongeachdirectionandthechemistrystepsare
takensuccessively.Formally, if we denoteby T thenumericalsolutionoperatorfor
directional transport, and by C the solution operator for chemistry we have

  Ä2Ä2Ä2ÄÄ2Ä2Ä2
[Ä]

t t t t t t t
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2. Continuous Adjoint Analysis
The adjoint of the tangent linear model defines the evolution of the adjoint variables
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To obtainthegroundboundaryconditionwe usethe fact that u×n
�

= 0 at ground

level. ö i is a forcing function yet to be defined. We refer to (8)–(12) as the

(continuous)adjointsystemof thetangentlinearmodel.Notethattheadjoint initial
condition is posed at the final time T.

Theadjoint system(9)–(12)dependson the stateof the forward model(i.e. on
the concentrationfields c(x,t)) through the nonlinear chemical term F(r c) and
possiblythroughthe forcing term ö for nonlinearfunctionals.This meansthat the
forwardmodelmustbe first solvedforward in time, thestatec(x,t) savedfor all t ,
then the adjoint model could be integrated backwards in time from T down to t0.

In practicea hybrid approachis used.The forward model is solved using a
numerical method, and the numerical approximation of the state is saved
periodically.Thesecheckpointsareusedin the definition of theadjoint equations.
The continuous adjoint equation (9)–(12) is a convection-diffusion-reaction
equation(with linearizedchemistry)andcanbesolvedby anynumericalmethodof
choice.In particularan operatorsplitting approachcould be employedusing the
same numerical methods as for solving the direct model
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The forcing function j i and the initial valuesl i
F are chosensuchthat the adjoint

variablesare the sensitivitiesof the cost functionalwith respectto statevariables
(concentrations)
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3. Discrete Adjoint Analysis
In this approachthe numericaldiscretizationof the (1)–(5) is consideredto be the
forwardmodel(6). This is a pragmaticview, asonly thenumericalmodelis in fact
availablefor analysis.For brevity thestateof thediscretizedmodelwill bedenoted
ci

k[j], wherei is thespeciesindex, j is thespacediscretizationindexandk the time
discretizationindex. ck[j] will refer to the vectorof all speciesat time level k and
grid level j. The cost functional is defined in terms of the discrete model state

0
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and one wants the derivatives of this functional with respect to the discrete model
parameters ci

0[j] . A perturbation dc0 in the parameters c0 propagates in time
according to the tangent linear discrete equation
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where N¢ is the tangentlinear operatorassociatedwith the solution operator N .
For an operatorsplitting approach(7) N¢ is built from the tangentlinear transport
and chemistry operators
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To eachtangentlinear operatorcorrespondsan adjoint operator(denotedherewith
a star superscript). The adjoint equation of (17) is
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such that the resulting (discrete) adjoint model is 
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This approachwas takento build the adjoint of the 3D chemicaltransportmodel
STEM. The exact formulation of discrete adjoint operators dependson the
numerical methods employed to solve the forward model.

Theforcing function j andtheinitial valuesl N arechosensuchthat theadjoint
variables are sensitivities of the functional with respect to the state variables
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4. Data Assimilation
In dataassimilationapplications,thecostfunctionalmeasuresthedistancebetween
model output and observations,as well as the deviationof the solution from the
background state.

0 0 b 1 0 b obs 1 obs

0

1 1
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NT Tk k k k
k

k

J c c c B c c c c R c c- , - ,æ ö æ ö æ ö æ ö
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= - - + - -å .        (21)

In the above the covariance matrix Raccounts for observation and
representativenesserrors.cb is thebackgroundconcentration(the initial guessin the
assimilationprocedure)and B the covariancematrix of the estimatedbackground
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error. The covariancematricesaccount for error correlationsbetweendifferent
speciesas well as different locations. The discreteadjoint model (19) is then
completely specified with

1 obs 1 0 bö[ ]äë[ ] 0k T k k T N
i i j k i j k ij e R c c e B c c j- , -æ ö æ ö

ç ÷ ç ÷, ,è ø è ø
= - + - , =                   (22)

whereei,j is a vectorof zeros,with a onein the positioncorrespondingto speciesi
and location j.

In the adjoint dataassimilationone distinguishesbetweenthe continuousand
thediscreteadjointmodeling,seeSirkesandTziperman(1997).Continuousadjoint
sensitivity in practice is solved numerically, resulting in a discretizationof the
continuousadjoint equations.On theotherhandthediscreteadjointsarecomputed
from the adjoint of the numericaldiscretization.The operationsof discretization
and adjoint usually do not commute,i.e. the discreteand the continuousadjoint
approacheslead to different results. The consistencyof discrete adjoints with
continuousadjointsis a topic of ongoingresearch.For dataassimilationproblems
oneneedsthe derivativeof the numericalsolution,i.e. the discreteadjointsare in
principle preferred.For sensitivity studiesusing the adjoint methodone wantsto
approximatethesensitivitiesof thecontinuousmodel,i.e. in this casea continuous
adjoint approach may be preferable.

3. COMPUTATIONAL TOOLS
In this section,we presentsoftwaredevelopedparticularlyfor dataassimilationinto
atmospheric models.

1. Stiff Numerical Methods
Atmosphericchemicalkinetics result in stiff ODE equationsthat require special
numericalintegrationmethodswhich are stable,preservelinear invariants(a.k.a.
mass) and are computationally efficient. Sandu et al. (1997) showed that
Rosenbrockmethodsare well suitedfor solving atmosphericchemistryproblems.
The forward discrete chemical model in STEM is given by a Rosenbrock
discretization of the chemical equations
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Sandu,Daescu,and Carmichael(2003) showedthat the correspondingchemical
discrete adjoint reads
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Here J denotesthe Jacobianand H (a 3-tensor)is the Hessianof the derivative
function f. Y i arethestagesolutionvectorscomputedby the forward method(23).
The formulation can be easily extended to non-autonomous systems.

The numerical experimentsreported here use the two stage,secondorder
RosenbrockmethodRos-2(Verwer, Spee,Blom, and Hunsdorfer,1999) which is
defined by the coefficients ã1 2 2= + / , 1 3 2m = / , 2 1 2m = / , 2 1 1a , = , and 2 1 2c , = - . 
Otherpopularnumericalintegrationmethodsfor stiff systemsareRungeKutta and
BackwardDifferentiationFormulas(BDF). The discreteadjointsof BDF schemes
are in general (for variable step sizes) inconsistentwith the continuousadjoint
equation.Runge Kutta methodson the other hand are well suited for adjoint
computations.

2. The Kinetic PreProcessor (KPP)
The implementation of numerical integrators for chemistry can be done
automaticallyusingthe Kinetic PreProcessorKPP softwaretools (Damian,Sandu,
Potra,and Carmichael,2002). KPP was recently extended(Daescu,Sandu,and
Carmichael,2000;Sandu,Daescu,and Carmichael,2002) to producea quick and
efficient implementation of the code for building adjoints and performing
sensitivityanalysisof chemicalkinetic systems.KPPbuildsFortranor C simulation
code for chemical systems with chemical concentrations changing in time according
to the law of massactionkinetics.Testspresentedby Daescuet. al. (2000)showed
a superiorperformanceover the adjoint codegeneratedwith the generalpurpose
adjointcompilerTAMC (Giering,1997).Wepresentherea tutorial examplefor the
adjointcodeimplementationin theKPPframework.For simplicity, we considerthe
problem ( )y f y¢= .

1. The Discrete Forward Model
The forward numerical integration, yi® yi+1, is performedusing the first order
linearly implicit Euler method (Hairer, Norsett, and Wanner, 1993) 

( ) 11( )i i i i i i
hJ t y I y y f t y+æ ö æ ö

ç ÷ ç ÷
è ø è ø

, - - = , , i=0, µ , N - 1,                      (25)

with a constantstep size h; the final time is reachedfor tN = Nh = tF. The
implementation of one forward integration step using KPP generated routines is:

SUBROUTINE LEULER(n,y,h,t)
.... 

C – compute the function, Jacobian 
CALL FunVar (n,t,y,fval) 
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CALL JacVar_SP (n,t,y,jac)

C – compute J-(1/h)*I and factorize it 
jac(lu_diag_v(1:n)) = jac(lu_diag_v(1:n)) -1.0d0/h
CALL KppDecomp (n, jac, ier) 

C – solve: [y^{i}-y^{i+1}] = ( J - (1/h)*I )**(-1) * fval
CALL KppSolve (jac, fval) 

C – update next step solution: y^{i+1} = y^{i} - [y^{i}-y^{i+1}]
y(1:n) = y(1:n) - fval(1:n) 
END 

2. Continuous Adjoint Implementation 
Thecontinuousadjoint systemë( )ë TJ y¢= - is integratedbackwardsin time. One
stepof the backwardintegration,l i+1®l i, usingthe linearly implicit Euler method
is written 

( )1 1 11 1( )ëë
Ti i i i

h hJ t y I+ + +, - = - .                                         (26)

The implementation is:

SUBROUTINE CAD_LEULER(n,y,ady,h,t)
.... 

C – compute J-(1/h)*I and factorize it
CALL JacVar_SP (n,t,y,jac)
jac(lu_diag_v(1:n)) = jac(lu_diag_v(1:n)) -1.0d0/h
CALL KppDecomp (n, jac, ier)

C – compute:  ( J-(1/h)*I )**(-1) *  ( -(1/h)*ady )
f(1:n) = (-1.0d0/h)*ady(1:n)
CALL KppSolveTR(jac,f,ady)
END 

Wenow analyzethecostof theforwardandbackwardintegrationsteps.Thesparse
LU factorizationKppDecompis thesame,andcpu(KppSolve)» cpu(KppSolveTR).
An adjoint function evaluationrequiresthe productJTl which is in generalmore
expensivethan evaluatingf. In addition,forward recomputationsmay be required
during the adjoint integration, therefore in general the adjoint step is more
expensivethanthe forward step(this is not the casefor the linearly implicit Euler,
however).

3. Discrete Adjoint Implementation
The discrete adjoint code is obtained by differentiating (1) with respect to yi. After
rearranging the terms we obtain

1i ik y y+= - , 11
ë

T
i iJ I z

h
+æ ö- =ç ÷

è ø
,                               (27)
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whereHi=¶Ji/¶yi is theHessian,a very sparse3-tensor.TheKPP implementationof
the discrete adjoint step is:

SUBROUTINE DAD_LEULER(n,y,ynext,ady,h,t)
....

C – compute J-(1/h)*I and factorize it
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CALL JacVar_SP (n,t,y,jac)
jac(lu_diag_v(1:n)) = jac(lu_diag_v(1:n)) -1.0d0/h
CALL KppDecomp (n, jac, ier)

C – compute k
k(1:n) = ynext(1:n)-y(1:n)

C – compute z
CALL KppSolveTR (jac,ady,z)

C – compute Hessian and (hess^T x z)*k
CALL HessVar ( y, hess )
CALL HessVarTR_Vec ( hess, z, k, ady1 )

C – update adjoints
ady(1:n) = -z(1:n)/h  - ady1(1:n) 
END 

On input ady=l i+1, y=yi, ynext=yi+1, t=ti, on output ady = l i.
It canbe seenthat discreteadjoint model is a more demandingcomputational

processandits efficient implementationis not a trivial task.Thediscreteadjoint for
linearly implicit methodsneedssecondorder derivatives(the Hessian)as well as
sparsetensor-vectorproducts.For this reason,the use of discrete adjoints in
atmosphericchemistryapplicationshasbeenpreviouslylimited to explicit or low
orderlinearly implicit numericalmethods(FisherandLary, 1995;Elbern,Schmidt,
and Ebel, 1997, 1999; Elbern and Schmidt, 1999; Daescu, et al., 2000).

4. KPP Numer ical L ibrary
The continuousadjoint model can be easily constructedusing KPP-generated
routinesand is integratedwith any userselectednumericalmethod.The discrete
adjointmodelsassociatedwith theRos1,Ros2,andRodas3integratorsareprovided
for variable step size integration. Drivers for adjoint sensitivity and data
assimilation applications are also included. In addition Several Rosenbrock methods
are implementedfor direct decoupledsensitivity analysis,namely Ros1, Ros2,
Ros3, Rodas3,and Ros4, togetherwith a modified version of the BDF direct-
decoupled 
integrator Odessa (Leis and Kramer, 1988).

The building blocks that KPP generates are listed in Table 1.

TABLE 1. KPP building blocks

KPP building blocks Description
FunVar time derivative of concentrations
HessVar Hessian of FunVar (in sparse format)
HessVar_Vec Hessian times user vectors
HessVarTR_Vec transposed  Hessian transpose times user vectors
JacVar Jacobian of FunVar in full format
JacVar_SP Jacobian of FunVar in sparse format
JacVarReactantProd Jacobian of ReactantProd
JacVar_SP_Vec sparse Jacobian times vector
JacVarTR_SP_Vec transposed sparse Jacobian times vector
KppDecomp sparse LU decomposition for the Jacobian
KppSolve solve sparse system with the Jacobian 
KppSolveTR solve sparse system with transposed Jacobian 
ReactantProd vector of reaction rates
STOICM stoichiometric matrix
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dFunVar_dRcoeff derivativesof FunVarwith respectto reactioncoefficients

(in sparse format)
dJacVar_dRcoeff derivativesof JacVarwith respectto reactioncoefficients

times user vector

3. Parallel Implementation and PAQMSG
Theforwardandadjoint three-dimensionalmodelsareparallelizedandwererun on
a clusterof Linux workstations.Parallelizationis basedon dimensionalsplitting as
supportedby our library PAQMSG(Miehe,Sandu,Carmichael,Tang,andDaescu,
2002).Thelibrary supportsdatatypesfor structuredgrids,andimplementsroutines
for data decomposition,allocation of local and global entities, data scattering,
gathering, and shuffling. We use the horizontal-vertical data decomposition
presentedin Figure2. With datain the horizontalslice format eachprocessorcan
computethe horizontal transport;then datais shuffled in vertical column format
andeachprocessorcancomputeradiation,vertical transport,chemistryandaerosol
processesin one column. The bulk of the computationsis donewith data in the
column partitioned format; PAQMSG implementsa static mapping schemeof
columns(tasks)to processorsthatensuresanexcellentloadbalancing.On a cluster
of workstationsall input andoutputis handledby themasterprocess(seeFigure3);
and all computations are done by the worker nodes.

Figure 2. The horizontal-vertical data decomposition scheme supported by PAQMSG.

 

Figure 2. The parallel adjoint STEM implements a distributed checkpointing scheme.

For the adjoint we use a two-level checkpointing scheme. The level-2
checkpointsstoretheconcentrationfields on thedisk every15 minutes,i.e. at every
operatorsplit step. Note that the linear transportschemedoes not require any
additionalcheckpointingstorage.The amountof level-2 checkpointdataincreases
fivefold if a nonlineartransportscheme(e.g.usingflux limiting) is used.Thelevel-
1 checkpointsstore the concentrationsfor each processinside the 15 minutes
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intervals; level-1 checkpointsuse memory buffers. For example, one forward
integrationof eachchemicalbox modelfor 15 minutessplit time intervalrequiresa
numberof smaller time steps;theseintermediateconcentrationsare stored in a
temporarymatrix and usedduring the backwardintegrationof the adjoint model.
Operatorsplitting andtherelativeshortsplit time intervalsmakeit feasibleto store
the level-1 checkpoints in memory.

The gas phase chemical mechanismis SAPRC-99 (Carter, 2000) which
considersthe gas-phaseatmosphericreactionsof volatile organic (VOCs) and
nitrogenoxides(NOx) in urbanandregionalsettings.The forward time integration
is done with the Rosenbrocknumerical integratorRos-2; the continuousadjoint
model uses Ros-2 on the same sequenceof steps as the forward chemical
integration. Both the forward and the adjoint models are implemented using KPP.

Forour EastAsia applicationdiscussedin thefollowing sectionthetotal level-2
checkpointinformationstoredis ~ 162MBytesof datafor eachhourof simulation;
or ~ 4 GBytesper 24 hoursof simulation.The level-2 checkpointsof the parallel
model are distributed as shown in Figure 2, where each node stores local
information on the local disk. This takes full advantageof the total storage
capabilitiesof thesystem.It alsodecreasesthe communicationoverheadwhenthe
parallelcomputationrunson a clusterof workstationssincethe gigabytesof data
are not transmitted over the (relatively slow) connection. The distributed
checkpointingstrategyis thereforeessentialfor both efficiencyandoverall storage
capacity.Note that for thestaticdomaindecompositionimplementedin PAQMSG
thelocal entities(i.e. horizontalslicesor setsof columnsof theconcentrationfield)
havethesamesizethroughoutthecomputation,which makestheimplementationof
the distributed checkpointing scheme very efficient. For a dynamic domain
decompositionstrategy,on the otherhand,the sizeof local entitieschangeduring
the computationand the implementationof distributed checkpointingbecomes
complicated.

TheEastAsia testcaseis run on a Beowulf clusterwith 20 nodes(Pentium4,
2GHz, 1GB RAM) and Gigabit ethernetconnection;the one hour forward and
backwardsimulationcorrespondsto 0-1 GMT on March 1st,2001.On 16 workers
theabsolutecpu time for a forward run is about2 minutesper hour of simulation;
and the cpu time for a forward-backwardrun is about 5 minutes per hour of
simulation.

4. NUMERICAL RESULTS
The adjoint of the STEM chemical transportmodel can be used in sensitivity
analysisstudiesandalsofor chemicaldataassimilation.We now presentthesetwo
important applications of the computational tools developed. The analyzed
problemsarein supportof theNASA TRAnsportandChemicalEvolutionover the
Pacific (TraceP)field experimentconductedin EastAsia. The simulatedregion is
EastAsia,andthesimulatedinterval is onemonthstartingat 0 GMT on March1st,
2001. The meteorologicalfields are given by a dynamic meteorologicalmodel
(RAMS) (Pielke et al., 1992), and the initial fields and boundary conditions
correspondto Trace-Pdata campaign.The grid has 90×60×18points and has a
horizontal resolution of 80Km×80Km. Details of the forward model simulation
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conditionsand comparisonwith observationsare presentedin Carmichaelet al.
(2003).

1. Adjoint Sensitivity Analysis
Sensitivitiesof the responsefunctionalg=g(c(tF)) with respectto thestatevariables
(at each time instant) are the adjoint variablesl (t), which can be obtainedby
integratingthe adjoint model backwardsin time. The distributionsof the adjoint
variablesin the three-dimensionalcomputationdomain,which areavailableat any
instant,providethe essentialinformation for the sensitivity analysis.For instance,
isosurfacesof adjoint variables delineate“influence regions”, i.e. areaswhere
perturbationsin some concentrationswill produce significant changesin the
response functional (e.g. ozone at Cheju Island at the final time).

Figure4 displaysthe influenceareasof ozoneat 24 hoursbeforethe final time
in case2 (March4–6)andcase8 (March22–26),respectively.Theinfluenceregion
for case8 is towardtheSouthandcloseto theChejuIsland,while thatfor case2 is
towardstheNorthwest.This differencereflectsdifferentmeteorologicalconditions,
as indicated by the wind fields shown in Figure 4.

Figure 4. Influenceareasof ozoneon ozoneat Chejuat 24 hoursbeforethefinal time from
(a) March 4–6, and (b) March 22–24.The isosurfacesof l o3=0.001 are shownas dark
objectsfor bothcases.Wind vectorsat 2kmabovethesealevelare also shownover lightly
gray-scaledtopography.The differencesin isosurfaceshapesand locations are due to
differences in meteorological fields.

2. Data Assimilation
Thepreliminarydataassimilationtestswereconductedusingthe twin experiments.
The descriptions are given in Table 2. 

TABLE  2. Descriptions of data assimilation experiments

Item Description
Reference run all chemical species initial concentrations available
Assimilation window 6 hours starting from t0=0 GMT on March 1st
Observations O3 and/orNO2 concentrationsat the end of the assimilation

window at all grid points from the reference run
Control parameters initial concentrations of O3 or NO2

Initial guess reference initial values increased by 20%
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Cost functional including both observation and background terms
Optimization algorithm L-BFGS (Byrd, Lu, and Nocedal, 1995)
Termination criteria costfunctionalreducedby morethan3 orders,or thenumber

of model integrations exceeds 15

We considerseveralscenarios,with the control variablesbeingO3 or NO2, and
the observed variables being O3 and/or NO2. The performanceof the data
assimilationprocedureis measuredby thedecreaseof thecostfunctionalvalueand
the error of control variables.The decreasesof the cost function value and RMS
errorversusthenumberof modelrunsduringtheoptimizationprocedureareshown
in Figure 5.

With O3 as control variables, the optimization procedureproducesa rapid
decreasein thecostfunctionvalue,anda gooddecreasein theRMS error.Most of
the information comesfrom O3 observations;additional NO2 observationsdo not
seemto bring noticeablebenefits.This may be due to the lack of scalingin our
formulationof thecostfunctional.Theseresultsimply thatozoneinitial conditions
is recoverable through data assimilation. For comparison we include the
optimizationof the costfunctionalwithout the backgroundterm (correspondingto
an infinite background covariance). As expected the cost function decreases further.

With NO2 ascontrolvariables,thedecreasein thecostfunction,andin theRMS
error, is not as pronouncedas that for O3. Again most of the information comes
form O3 measurements,with additionalNO2 measurementscontributingvery little to
the optimization process.After about 10 model runs the RMS errors tend to
stagnate,evenif thecostfunctionalcontinuesto decrease.Perturbingtheinitial NO2

concentrationby 20% results in only a small changein the final (observed)O3

concentration.This may beexplainedby the fact that NO2 levelsaredriven mostly
by emissions,and lessby the initial conditions,which affectsthe observabilityof
the initial NO2 field throughozonemeasurements.The resultsindicatethat further
algorithmic developmentsare neededfor assimilatingNO2. In particular a better
scaling of the cost function, through a rigorous definition of the covariance
matrices, is necessary.
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Figure 5. Theevolutionsof costfunctionand RMSerror of the control variable during the
optimizationprocedure.Theresultsare normalizedby their pre-assimilationvalues.Several
tests are shown using different control (CTRL) and observed (OBS) variables.

5. CONCLUSIONS AND FUTURE WORK
In this paperwe presentedthe computationaltools developedfor chemicaldata
assimilationinto atmospherictransportmodels.Thefocusis ondevelopingefficient
adjoints for the stiff ordinary differential equationsarising in the simulation of
chemistry.

An adjoint of the state-of-the-sciencechemicaltransportmodel STEM-III has
beendeveloped;it implementsan efficient distributedcheckpointingschemeusing
PAQMSG parallelizationlibrary; the chemicalsubsystemis generatedwith KPP.
Adjoint sensitivity analysisdelineate“influence regions” of ozone on ozoneat
Chejufor differentcasesin TracePscenario.Dataassimilationresultsareshownfor
a 6 hours test case, where the perturbed initial concentrationsof ozone are
recoveredfrom the known ozone concentrationsat the end of the simulation
interval.

Future work will focus on continuing the theoretical analysis of discrete adjoints
for stiff solvers;on using the developedcomputationalinfrastructureto run more
complex tests and to assimilatereal measurementsdata; and on continuing to
improvethe computationalinfrastructurefor dataassimilation.The analysisis also
being extended to include aerosol dynamics and chemistry, and to inverse
applications targeting the recovery of optical emission estimates.
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