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Abstract
An importantissuein air pollution is to tracesourcesof chemicalspeciesdispersedthrough
the atmosphere,with increasingprecisionin the sourceresolution. The high-resolutionre-
trieval at a continentalscaleof thesourceof anatmosphericpassive traceris studied,given
a setof concentrationmeasurements.An information-theoreticalapproachconsistsin using
the principle of maximumentropy on the mean. It offers a generalframework in which the
prior informationonthesource,implementedasaKullback-Leiblerinformationterm,is used
in a �e xible andcontrolledway. By a dualtransformationinto thespaceof observations,the
inversionis shown to be equivalent to the minimizationof a secondaryentropy functional.
Examplesof suchfunctionalsaregiven for differentpriors of interestto the retrieval of an
atmospherictracer. Variationalassimilation(4D-Var) techniquesareobtainedasoff-springs
of themethod.
References: Bocquet,M.: Reconstructionof anatmospherictracersourceusingtheprinciple
of maximumentropy. I : Theory& II : Applications.Q.J.R.Meteorol. Soc., in press,2005
Bocquet,M.: Grid resolutiondependencein the reconstructionof an atmospherictracer
source.Nonlin. Proc. Geophys., 12,219-234,2005

The forward transport
Thedispersionof a pollutantof concentration� , at regional/continentalscale,over a domain
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where � parameterizeseddydiffusion,and � is thewind �eld.
�

is theforcing �eld. For an
accidentalrelease,it is appropriateto choosethefollowing boundaryconditions
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where
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) is thepartof thedomainboundarycorrespondingto theincoming(outgo-
ing) wind �eld. Themeasurementof concentrationsis formalizedthroughtheequation:

)+*

�-,�.0/
�

/

"21

*

� "



�

�3�

� "



�

�

�54

* with
,�.0/

�
/

"21

*

� "



�

�

�76

(3)

where)
* ( 8
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) is aconcentrationvalue,indexedby 8 . 1

* is thesamplingfunction.

The adjoint transport
Considera measurement)+* where 8
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function 1
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Theboundaryconditionsarechosenas(appropriateto anaccidentalreleasecontext)
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Thenonehasby duality
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Principle of the inversion
Previous resultscan be transposedto a discretenumericalmodel, wherethe domain

�

is
composedof cells
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. Theconcentration�eld � is discretizedinto �
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. The
discreteform of Eq.(6)is
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Maximum entropy on the mean
Priorstatisticalinformationon thesourceXKY
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Theentropy on themeanregularizationis themethodthatmaximizesignorance
(quanti�ed asanentropy functional)on thesourceexceptfor thesetof )

* andtheprior X .

Oneexpectstheinversionto yield posteriorpdfs
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De�ning theKullback-Leiblerdivergences
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the entropy g
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Introducing
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Lagrangemultipliers m

* , thefollowing functionalmustbeoptimized
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It is calledthelevel-2primal problem. Solvingfor
=

and ] , theproblemcannow bereduced
by duality : it is equivalent to minimizethe secondaryentropy (the level-2 dual problem)
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Example1 : Bernoulli prior
A possibleprior for a positive accidentalsourceis a Bernoulli law. The prior pdf in cell

G assumesa �x ed amountof tracer ‚ is releasedwith probability ƒ

F

. The local partition
functionreadsfor any cell G (afterfactorization)
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sothatthesecondaryentropy is (up to aconstant)
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Thereconstructedsourceis then
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Example2 : Gaussianprior
Thesourceelements
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follow a multivariatenormallaw X’‘
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� . Theerrorsfollow a
normallaw \d‘
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� . Fromthesepriors,a secondaryentropy (level-2 dualproblem)for
theGaussianprior is derived:
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This is equivalentto 4D-Var PhysicalSpaceAssimilationSystem.Therelatedlevel-1 primal
problemis (thelevel-1andlevel-2dualproblemscoincide)
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Applications to 1D and 3D sourcereconstructions

Temporal pro�le reconstruc-
tion for the 1994ETEX-I Eu-
ropeandispersiontest.
(a) syntheticexperimentwith
a Bernoulli prior (48 measure-
ments, ƒ

�˜	a' ™

). š;›

	

kg of
tracerareretrieved.
(b) real data reconstruction
with a Bernoulli prior (230
measurements,ƒ

��	�' 6

). š

6Jœ

kg of tracerareretrieved.
(c) 3D synthetic reconstruc-
tionwith 48,137and237mea-
surements(from left to right),
as time-integrated concentra-
tion densityplots( ƒ

�76J	

(a•

).
›

•

kg,
•

œ@	

kg, š9š@ž kg of tracer
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Performanceof the reconstruction
Onecanassesstheperformanceof thereconstructionwith theratio
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which satis�es
	2¨

Ÿ

¨H6

. Oneapplicationof this indicatoris to quantifytheperformanceof
thereconstructionasa functionof thespatialresolution.

Study of the reconstructiondependenceon resolution

Inversionsfor the ETEX-I source
( š;›

	

kg of tracer released),us-
ing thenumericaltransportmodel
POLAIR3D. The plots represent
time-integratedretrievals using a
Poissonprior and 137 synthetic
measurements,with a spatialres-
olutionof
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Computationof Ÿ : given a set
of concentrationmeasurements,
thereexistsanoptimalresolution
for theretrieval.
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48meas. 0.082 0.223 0.700 0.996
137meas. 0.325 0.515 0.994 0.998
237meas. 0.475 0.917 0.998 0.998


