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Abstract. Polyphemus is an air quality modeling platform  — host high-level methods in which a model is essentially
which aims at covering the scope and the abilities of mod- a black box, e.g., model validation, data assimilation
ern air quality systems. It deals with applications from local methods, ensemble forecast, models integration;

scale to continental scale, using two Gaussian models and

two Eulerian models. It manages passive tracers, radioac- ) o ) .

tive decay, photochemistry and aerosol dynamics. The struc- — Provide facilities to manipulate atmospheric data and to
ture of the system includes four independent levels with data ~ Manage numerous physical parameterizations.
management, physical parameterizations, numerical solvers

and high-level methods such as data assimilation. This enPolyphemus is thus a platform that gathers several dispersion
ables sensitivity and uncertainty analysis, primarily throughmodels, several advanced methods (in particular for data as-
multimodel approaches. On top of the models, drivers im-similation) and miscellaneous tools (mainly for data process-
plement advanced methods such as model coupling or datiag). The multiple choices and methods in the system justify
assimilation. its name: the roots of Polyphemus, in Ancient Greek, mean
“multiple speeches”. It was initially developed around the
chemistry-transport model Polair3Bdutahar et aJ.2004)
which has since been rewritteMallet, 2006 for further in-

1 Introduction tegration in Polyphemus.

To achieve its goals and to ensure a perennial frame-
Air quality modeling has reached a point where models seenwork, Polyphemus has been built with independent blocks
mature enough for operational use (e.g., daily photochemicafat global level) and with object oriented code (at low level,
forecasts) and for decision support with screening studiesin each block). The design of Polyphemus is addressed in
This motivates the development of detailed models and adSect.2, with a focus on its main components and their re-
vanced methods such as data assimilation algorithms and efations. Technical details that would require specific back-
semble forecasting. The modeling system Polyphemus aimground are not explained in this paper, butMallet et al.
at covering most of the advanced abilities and features 0f2009.

modern air quality systems. In short, Polyphemus is de- Sectior3reviews Polyphemus content. It describes its dis-
signed and built to: persion models, from local scale to continental scale. The
supported chemical mechanisms are introduced. It finally
— handle several dispersion models, from local scale toshows its advanced methods in data assimilation and ensem-
continental scale, for passive transport, gaseous chemble forecast.

istry and multi-phase chemistry; A few illustrations are proposed in Sedt. Gaussian dis-
persion with different dispersion parameterizations, aerosol
Correspondence tov. Mallet simulation, ensemble forecast for photochemistry and data
(vivien.mallet@inria.fr) assimilation with sequential and variational methods.
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Fig. 1. Polyphemus overall work flow. Data is first processed with dedicated C++ libraries (mainly SeldonData and AtmoData). The
library AtmoData Mallet and Sportisse2005h Njomgang et al.2005 provides in addition most physical parameterizations needed in

the preprocessing step. The preprocessing step outputs most coefficients of the reactive-transport equation. The numerical model (e.g.
an Eulerian chemistry-transport model) integrates in time this equation, and a driver manages the numerical model (e.g., to perform data
assimilation). For post-processing (statistics, visualization, .. .), Python scripts and the Python library AtmoPy are used.

2 Design: technical description 3. the numerical solver that computes concentrations in
the simulation domain and for all time steps (unless the
2.1 Overall architecture model is stationary);

Atmospheric dispersion models usually rely on large 4. the high-level methods, in which the chemistry-
amounts of data coming from miscellaneous sources, transport modelis simply viewed as a function.

e.g. meteorological models, chemical databases or emission o
inventories. Data is then processed by means of interpolaPat2 management and processing is eased by the use of

tions, filtering or reanalysis and it is then involved in many OPiéct-oriented libraries. The physical parameterizations are

computations. Among the computations, there is a prc,mi_gathered, as much as p_osmble, in a dedicated Ilbrary_, so that
nent part for physical parameterizations. Many parameterizalhey may be reused in different parts of the system, or in other

tions are put together in order to estimate the coefficients of £YStems. In Polyphemus, preprocessing programs compute
reactive-transport equation. With these coefficients availablemMost coefficients of the reactive-transport equation. These

a numerical solver performs the time integration of speciesPrograms rely on data management libraries and on the phys-
concentrations. ical parameterizations. Details are provided in SR@.

In addition, “high-level” methods (mainly data assimila- After the preprocessing step, the nl_Jr_nericaI solver is called
tion and ensemble forecast) are used to analyze or imprové>€Ct2.9. Since there may be an additional layer for data as-
output concentrations. These methods are implemented offMilation or any high-level method, the numerical solver is
top of the numerical solver and may modify the Concentra_fan.capsulated |n.dr|ver.(Sect.2'.4). Each high-level method
tions and the input data to the numerical solver. At the endS implemented in a driver which makes the relevant calls to

of the simulation process, post-processing is performed: stat'€ underlying numerical solver (or model).

tistical analysis, comparisons to measurements, visualization A Summary of the work flow is shown in Fig. A few

and other data manipulations. details about the main steps are provided in the following
The overall design of Polyphemus follows the main stepsS€ctions.

of the process; one may identify four independent levels: The main components are split and supposed to be inde-
pendent. Even if the preprocessing step is constrained by the

1. data management, data processing facilities (in-requirements of the numerical solver (e.g., by its coordinate

put/output operations, coordinate transformations, in-system), it is implemented and run independently. Prepro-
terpolations, ...); cessing programs may thus be used with different drivers and

numerical solvers. However the main reason for this split is
2. the physical parameterizations (turbulence closure, deto avoid all-in-one models.
position velocities, parameterizations in the general dy- Preprocessing programs may then be improved without
namic equation for aerosaols, ...); working with the whole system. Alternative programs can
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be easily added to the system, or written by the modeler for several times (especially for ensemble forecast or data
a specific application. Moreover it enables to save computa-  assimilation) and saving the computation of several
tional time in case a given simulation is launched many times  fields is of high interest.

(e.g., process study, ensemble forecast, ensemble filters in . ,
data assimilation). — the size of the data: if the data (output of a parameter-

Another split to emphasize is at driver level. High-level ization) cannot be stored on disk because of their huge

methods (drivers) and the numerical solver are derived inde-  SiZ€ (€.9. the scavenging coefficients that depend on the
pendently. For instance, a Kalman filter is developed to be ~ {ime, the 3-D position and the species), they must be
applied to any model. computed inside the numerical solver. When stored, ev-

Note that three computer languages are used in Polyphe- €Y input data field is saved with its own timestep (e.g.,
mus: hourly emissions), independently of the model timestep.

— C++ is the main language due to its advanced object2.3 Numerical solver (model)

oriented abilities; it is used for most computations;
The numerical solver computes the concentrations (and

— Fortran 77 is used for parts of the code to be auto-maybe other fields like deposited quantities). It usually per-
matically differentiated (generation of the tangent linear forms the time integration of the reactive-transport equation
model and of the adjoint model); it is also used becausen 3-D, in an Eulerian framework. It could also be a Gaussian
of historical reasons; plume model, a Gaussian puff model, a Lagrangian model, a

Pil model, ...

A simulation is the combination of input fields and of a
numerical solver. In next sections, the numerical solver is
A careful implementation guarantees a good portability ofcalled the numericainodeland it is assumed that the set
most parts of the system on Unix, Linux and Windows and of input fields is theconfigurationof the (numerical) model.

— Python covers other needs, that is, process managemeﬁ
and post-processing (statistics, visualization).

on different hardware architectures. The configuration is therefore determined by the preprocess-
) ] o ing programs called and by their options.
2.2 Data processing and physical parameterizations From a technical point of view, in Polyphemus, a numer-

. . L ical model is a C++ object. It can be controlled through its
Data processing and calls to physical parameterizations are

. i th : hi . terface. All models in Polyphemus have a minimum in-
g;ct);nzrrf;teg;lg ﬁ’ézréﬁzszﬁﬂ it:gd'gg Lshit;?:élrgx;npu%rface: to initialize them and to call their numerical solver.
are interpolatedgand moo]ified and phy:sical paramete,ri.z.a.- _ased on this mi_nimum interface, itis possible_ to perform a

' simple forward simulation. A more complete interface en-

tions are c_alled to compute addltlo_n_al varlab_lgs such as Velables, for example, the use of data assimilation algorithms
tical diffusion coefficients or deposition velocities.

In Polyphemus, the guideline is to perform as much com—With the model (see Sec2.4).
~olyp us, the guidetine | pert u . In order to include a model in Polyphemus, a C++ ob-
Fect should be written, possibly on top of an existing model.

parameterized fields during the ”‘.Jme_r_‘ca' ‘”‘egfa“"’_‘ Is StillStarting from a model written in Fortran 77 (for example), if
acceptable (and eased by the availability of the libraries), bu{he model is at least slightly structured, it should be possible

the quest!on of whether. or '.th agwen field should be €OM5 build an interface object in C++ with little changes in the
puted during the numerical integration depends on: core of the model

— the number of available parameterizations to compute )
the field and the reliability of the parameterizations: if 2.4 Drivers

there are many parameterizations for the field (e.g. for _ . .
the vertical diffusion coefficientLouis, 1979 Troen A driver controls the model and may interact with it. The

and Mahrt 1986, it should not be computed inside the model is seenas a bla_lck box with an interface tp manage it.
numerical solver. It allows to work on the various pa- _ The most simple driver performs gforward S|mqlat|on. It

rameterizations available for a given field without the first 9?”.5 t_he method (that is, a function part of Fhe mterfage)
constraints of the numerical integration. On the Otherthat initializes the model. _Itthen executes the time loop Wl_th
hand, if a parameterization is reliable and is not goingcalls to the method that integrates the underlying equation

: . ; . ; over one time step.
to change, it may be put directly in the integration pro- ) . . .
cess g ybhep y g P Advanced drivers require an interface with further meth-

ods. For instance, a sequential data assimilation algorithm
— the computational time needed to compute the field:updates the species concentrations at every step where obser-
if the computational time is high, the parameterization vations are available. Consequently, for such an algorithm,
should be called only once and therefore outside the nuthe interface of the numerical model must include a method
merical solver. A given simulation is often launched to modify the value of the concentrations. With a few other
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methods, it is possible for the driver to control the model for — an Eulerian chemistry-transport model called Castor,

data assimilation. also relevant up to continental scale, clone written in
The drivers included in Polyphemus are developed inde- C++ of the gaseous version of Chime&chmidt et al.

pendently of the models. Any combination of drivers and 2001).

models should be valid providing the model interface is suf-

ficient. The first two models are applied to dispersion at local

Note that a driver is an object, just like any model. If a few Scale, possibly with radioactive or biological decay. Both
methods are added to the driver, it may be seen as a mod&podels have a gaseous and an aerosol version. They in-
and may in turn be used within a driver. This can be use-clude dry deposition (Chamberlain or Overcamp formula-
ful to embed an algorithm in another one, e.g., to include intions: Arya, 1999 and wet deposition (Belot parameteriza-
ensemble forecasts a model with data assimilation. The uston for gaseous species, Slinn parameterization for aerosol
of driver is also recommended to couple models (e.g. an atsPecies: Underwood 2001). The dispersion coefficients
mospheric model and a soil model), which results in a newmay be computed with Briggs parameterization (based on

model. Pasquill classes diagnosed withrner, 1969, Doury formu-
lation (Doury, 1976 or a parameterization based on similar-
2.5 Process management and post-processing ity theory.

The Eulerian model Polair3D solves the reactive-transport

Although Polyphemus design is less advanced with respecéquation, up to continental scale, using operator splitting (se-
to post-processing and process management, a guideline guence: advection, diffusion and chemistry). The advection
to share as much material as possible and to find a unityscheme is a direct space-time third-order scheme with a Ko-
among all models and applications. The versatile computersen flux-limiter. Diffusion and chemistry are solved with a
language Python was chosen to cover these needs. This lasecond-order order Rosenbrock methderver et al, 2002.
guage has proven to be suited to process management it the preprocessing stage, several options and parameteriza-
computer science. In addition, its object-oriented abilitiestions are available to compute emissions, deposition veloci-
together with interactive command line let it be a conve-ties, vertical diffusion coefficients, ... A reference simulation
nient post-processing tool. It is noteworthy that other re-may rely on:
search teams in atmospheric sciences have come to the same
conclusion (e.g. with the Climate Data Analysis Tools — — ECMWF or MM5 meteorological data;
http://www-pcmdi.linl.gov/software-portal/cdat/

The Python library AtmoPy includes classes and functions — Vertical diffusion coefficients based on the Troen and
for Polyphemus post-processing. It is split into modules ~ Mahrt parameterization described Tnoen and Mahrt
for file input/output operations, configuration files manage- (1986 and the Louis parameterization foundliouis
ment, observations processing, statistics, ensemble methods (1979;
and visualization. For example, it is used for complete com-
parisons to observations, e.g. following EPA guidelings ( ~ USGS or GLCF land cover map;
EPA, 1991)). It also includes ensemble combination methods
(“superensemble”, machine learnindvallet and Sportisse
20063. It provides visualization functions based on Mat-
plotlib and Basemagh(tp://matplotlib.sourceforge.nit/

— the RACM chemical mechanismS{ockwell et al,
1997%);

— the SIREAM size-resolved aerosol modBkpry et al,
2007%);

3 Content: Polyphemus features ) o
— anthropogenic emissions from EMERrocessed ac-

3.1 Models: from local scale to continental scale cording toMiddleton et al.(1990;

Four atmospheric (numerical) models are currently avail- — biogenic emissions computed as proposedimpson
able in Polyphemus. All models have one or more variants: etal.(1999;
gaseous version, aerosol version, passive version, reactive

version, data assimilation versions. The four models are: ~ — deposition velocities fromzZhang et al.(2003 for
gaseous species adtiang et al(2002) for aerosols;

— a Gaussian plume model;
lus. Geological Surveyttp://edcsns17.cr.usgs.gov/glcc/

— a Gaussian puff model; 2Global Land Cover Facilityhttp://glcf.umiacs.umd.edu/data/
landcover/data.shtml
— an Eulerian chemistry-transport model called Polair3D  3Co-operative Programme for Monitoring and Evaluation of the
(Boutahar et a).2004), relevant up to continental scale; Long-range Transmission of Air Pollutants in Europe
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— boundary conditions from the global chemistry- tions so as to produce a better forecéallet and Sportisse
transport model Mozart 2Horowitz et al, 2003 run 20063. The weights of the linear combination are computed
over a typical year, for gas, and output from the global based on observations (preceding the forecast). AtmoPy in-
model GOCART Chin et al, 2000 for aerosols (sul- cludes machine learning algorithms, algorithms to compute
fate, dust, black carbon and organic carbon). “superensembles’Kishnamurti et al.2000 and other ag-

. . . . . gregation methods.
There are a passive version of Polair3D, a version with

gaseous chemistry and a version with aerosols. Their per3.4 Other abilities

formances have been evaluateddoélo et al.(2007); Mal-

let and Sportiss¢2004); Sartelet et al(2007) respectively.  In short, the adjoint of Polair3D may be used for sensitivity
The tangent linear models and the adjoint models of theanalysis (allet and Sportiss€20053.

first two versions can be automatically generatddl(et and Modules, calledbutput saversindependent of the models
Sportisse2004) by Odys<e Faure and Papegal999. The  and the drivers are available to save concentrations or other
adjoint model (with respect to the concentrations) is part ofquantities defined in models. Gaussian and Eulerian mod-

the Polyphemus distribution. els share the same output savers. They enable to save three-
o dimensional concentrations, concentrations in a sub-domain,
3.2 Data assimilation interpolated concentrations at given locations, (dry or wet)

o ] ] ) deposition fluxes, boundary conditions for a nested simula-
Four data assimilation algorithms are available in Polyphe-;gn (in order to nest Eulerian models), and predicted and

mus:  optimal interpolation, ensemble Kalman filter 54)y7ed concentrations (in data assimilation algorithms).
(Evensen 1994, reduced-rank square root Kalman filter A griver can couple two models. Although they are not in
(Heemink et a|.200]) and 4D-Var Le Dimetand Talagrand  pgjyphemus yet, two such drivers are in preparation. The
1989. They are implemented independently of the modelsgirst one couples a soil model (degradation) and an atmo-
and therefore virtually applied to any model. Currently the gpheric model for persistent organic pollutants. The second
Eulerian models Castor and Polair3D have a sufficient in-gne couples an Eulerian model and a Gaussian puff model

terface for sequential algorithms (optimal interpolation andsq, g improved treatment of point emissions (plume-in-grid
Kalman filters). Only Polair3D is suitable for 4D-Var since model).

the variational algorithm requires an adjoint model.
Assimilated observations are handled by an observation
manager (C++ class). There are observation managers fat A few illustrations
twin experiments (simulated observations) and for measure-
ments from monitoring networks (such as EMEP). Other4-1 Dispersion with a Gaussian model

observation managers can be plugged to Polyphemus. Fo . . .
instance, an observation manager for columns of concen’ff‘S stated in Sect3.1, Gaussian models may use different

trations (satellite observations) has been used for an ESAﬂspersmn paramgterlzatlons: Br|ggs formulae, Dou.ry for-
project mula or a formulation based on similarity theory. Their per-

formances have been evaluatedkiarsakissok(2007) and
3.3 Ensemble forecast compared to other Gaussian models.

Several statistical measures have been used including the
Polyphemus hosts four base models (two Gaussian modelgactional bias FB, the correlation Corr and the proportion
and two Eulerian models). New models may be derived fromFAC2 of concentrations within 50% and 200% of observed
them, using new numerical schemes, new physical formulavalues. Let(y;); be the sequence of tiesimulated concen-
tion and new input data to the models. In a model such as Potrations and(;); the sequence of the observations. Their
lair3D, almost every component may be changed (includingmeans aré’:,—l, D i ar1d6=;l > ;0i. Then
the chemical mechanism or the numerical schemes) so that a - -

wide range of models can be emulated in its frame. This genFB = 2= (_) (1)
erates ensemble forecasts with a multimodel apprasleth-( yto
let and Sportisse20061h). Y1 (i—¥) (i —0)

Just like Monte Carlo simulations are embedded in the en S0 = - — 2 /—n 5 @
semble Kalman filter, a driver for Monte Carlo simulations is \/Zi=1 i =) \/Zi=1 (0i —0)
available in Polyphemus. Castor and Polair3D already have . 1
the interface for Monte Carlo simulations. The multimodel FAC2 — i € [L.n] / 30i = yi = 20i}| ©)
approach and Monte Carlo simulations can be coupled this n
way. where| - | denotes the cardinal. A summary of Polyphe-

The Python library AtmoPy is used for ensemble post- mus models performances, with comparisons to other mod-
processing. It enables to linearly combine ensemble simulaels, is shown in Tablé. In Fig. 2, a scatter plot of simulated
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1G7§ A B IR IR Table 1. Performances of several Gaussian models with Prairie
o i z?goﬂl = P Grass observations (mg*rﬁ g-1s1). The observations are the
o 101:_ a8 200 g 7 maximum concentrations at several distances from the point source
‘é | 0000 400 M (] (50m, 100m, 200m, 400m and 800 m) and for 43 experiments.
= | www 800 m - ] The first comparisons are detailed MdHugh et al, 1999. The
8 100§— A 3 comparisons for Polyphemus are performed with slightly different
g i [ ] > ] observations and with Briggs formulae, Doury formula and a phys-
© i \4 ® 2 A 1 ical formulation (based on similarity theory).
T 101 % 3
SR M §
= y . 7 ] Model Mean FB Corr  FAC2
g1 - = :
) E s E Observations 2.14 0.000 1.000 1.000
L 7 | ADMS 1.20 -0.566 0.641 0.456
103l il el AERMOD 214 0.000 0.749 0.759
10 10 10 10 10 10 ISCST3 201 -0064 0716 0.621
Observed concentration .
Observations 2.32 0.000 1.000 1.000

Polyphemus — Briggs  2.33 0.000 0.785 0.744
Fig. 2. Simulated concentrations versus measurements for maxi- Polyphemus —Doury  1.46 -0.456 0.425 0.274
mum concentrations at 50 m, 100 m, 200 m, 400 m and 800 m from  Polyphemus —Phys. 2,53  0.085 0.823 0.614
the source and for 43 Prairie Grass experiments. The simulated
concentrations are computed with a dispersion parameterization de-
rived from similarity theory.

vertical. The configuration is roughly described in S&ct.

100 , , , , , : : : The meteorological fields are provided by ECMWF. The
++Qbserved photochemical mechanism is RACM.
a0k — Briggs || The performances are evaluated for several pollutants. The
* Dpury measurements come from three networks: EMEP, BDQA
8 — Sim. Th. (French network) and AirBase. Tablshows a summary
‘é 60 ] of the error measures forsODNO,, NH3, HNO3, SOy, PMy 5
% and PMg.
g 40 1 :
S 4.3 Ensemble forecast: multimodel approach
20 = Polyphemus gathers several alternative physical parameteri-
zations and can process data from different sources. In addi-
ol | | ) tion the transport models are quite flexible, in particular Po-
0 2 4 6 8 10 12 14 16 18 lair3D: several chemical mechanisms and numerical schemes

Sensor may be plugged in. Hence virtually all choices and compo-
nents that define a model can be modified. This allows to
build multimodel ensembles.
Fig. 3. Simulated concentrations and measurements at 100m from |4 Mallet and Sportiss€20063 an ensemble of 48 mod-
the source.and during one Prairi.e Gra;s experiment. The simulateglS is built to simulate photochemistry over Europe during
concentrations are computed using Briggs formulae, Doury formulag, 1\ mer 2001, The models differ in their chemical mecha-
and a parameterization derived from similarity theory. nism (RACM, Stockwell et al, 1997 or RADM 2, Stockwell

et al, 1990, their vertical diffusion parameterization, their

concentrations versus measurements illustrates the results f§Missions and other input data, their numerical approxima-
one model. The concentrations for one experiment are showHoNS: - -- The ensemble shows a wide spread, as illustrated

in Fig. 3. by Fig.4. In Fig. 5, the relative standard deviation of the en-
semble estimates the spatial distribution of the uncertainty.
4.2 Aerosol simulation The ensemble samples the distribution of output concen-

trations. Of course, there are models (in distribution tails)
The chemistry-transport model Polair3D, together with theless probable than others. Nonetheless several models are
size-resolved aerosol module SIREAM, has been evaluatetikely to perform the best forecast at a given location (see
at continental scale over Europ8aftelet et a.2007). The Fig.6). One may want to improve the forecast through model
evaluation simulations cover the year 2001, with 0.5 degreeselection or linear combination of the models. For instance,
of horizontal resolution and with 5 levels up to 3000 m in the Polyphemus (AtmoPy) implements an optimal linear combi-

Atmos. Chem. Phys., 7, 5479487, 2007 www.atmos-chem-phys.net/7/5479/2007/
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Fig. 6. Map of best model indices. In each cell of the domain, the
color shows which model (marked with its index,[iB, 47]) gives

the best ozone peak forecast on 7 May 2001 at the closest station
to the cell center. It shows that many models can deliver the best
forecast at some point.

Fig. 4. Ozone daily profiles of 48 models built in Polyphemus.
The concentrations are in pg*n?\ and are averaged over Europe
(at ground level) and over summer 2001.

Table 2. Performances of Polair3D with SIREAM over Europe

in 2001. The concentrations and the root mean square error are
in ug n3. “Obs. Mean” refers to the measurements mean;
“Sim. Mean"” refers to the simulated mean concentrations; RMSE is
the root mean square error; and Corr is the correlation. The compar-
isons are performed with daily peaks fogMourly concentrations

for NO, and daily averages for other species.

Species Network Obs. Sim. RMSE Corr
Mean Mean

O3 EMEP 802 735 214 0721
B AirBase 737 725 235  0.765
1.5 4.5 7.5 10.5 13.5 16.5 19.5 22.5 25.5 28.5 BDQA 774 737 232 0.774
NO, EMEP 100 123 10.1 0.336

AirBase 239 153 183  0.395

Fig. 5. Map of the relative standard deviation of the ensemble, that BDQA 219 138 182 0.382
is, spatial distribution of the ensemble spread. The standard devi- NH3;  EMEP 7.4 6.3 5.4 0.295
ation of the ensemble is computed in each cell and for each hour. AirBase 129 7.4 12.9 0.284
The resulting standard deviations are averaged (over summer 2001) HNO3z  EMEP 0.7 13 14 0.265
in each cell and divided by the mean concentration of the cell, which SO, EMEP 2.0 5.2 4.8 0.475
gives a relative standard deviation. AirBase 6.4 6.9 6.5 0.445

BDQA 78 66 6.4 0.364
PMig EMEP 169 156 126 0545

AirBase 249 154 166  0.440

BDQA 198 158 96 0.570
PM,s EMEP 126 84 86 0.541

nation based on least squares (superensemble) which enables
to decrease the root mean square error of forecasts by over
10% (Mallet and Sportisse20063.

4.4 Data assimilation

observation vectas and the current state vectdt (b stands

Data assimilation is a good example of the purpose of drlversfor background):

We illustrate four algorithms applied to the model Polair3D:
optimal interpolation, two Kalman filters and 4-D variational , _ .b +PHT(HPHT + R)"L(0 — Heb) 4)
assimilation.

In the first algorithm, each time new observations arewhereH is the observation operator that maps the state vec-
available, a new state vectois computed based on the new tor to the observation spack,is the covariance matrix of

www.atmos-chem-phys.net/7/5479/2007/ Atmos. Chem. Phys., 7, 54892007
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140 - — . . 5 Conclusions

120} The modeling system Polyphemus is built with independent
levels dedicated to (1) data processing and management, (2)
physical parameterizations as base for model formulation (in
preprocessing steps), (3) numerical solvers (that is, numeri-
cal models), and (4) high-level methods in which the numer-

ical model is viewed as a function.

100}

80}

Concentration

60 g As a result of the developments in this structure, Polyphe-
ssss Obg. mus covers applications from local scale to continental scale.
40 — Ref. It includes a Gaussian plume model, a Gaussian puff model
e grllKF and the Eulerian chemistry-transport models Castor and Po-
20 : — — +vev RRSQRT lair3D. These models have passive and radioactive versions.
0 10 20 30| eeee 4D-Var Depending on their complexity, they include photochemistry
Hours and aerosols (with or without dynamics). In addition, Po-

lair3D has an adjoint version of its gas-phase part.

Fig. 7. Time evolution of ozone concentrations at EMEP station On top of the m‘?de'& drivers are develope'd in order to
Montandon, for the reference simulation (without assimilation), embed the models in advanced methods. This is the case of a

the simulation with assimilation (optimal interpolation, OI; ensem- plume-in-grid driver which couples an Eulerian model with

ble Kalman filter, EnKF; reduced-rank square root Kalman filter, @ Gaussian puff model. Four data assimilation algorithms,
RRSQRT; 4D-Var). The dotted vertical lines delimits the assimila- including variational assimilation, are also implemented in
tion period. drivers — independently of the models.

The system remains open in its structure, with the ability
to host other preprocessing or postprocessing tools and other
models, and in its development policy since it is open source,
‘available online and associated with many resources (primar-
ily documentation) for users and developers.

All material (source code, documentation, training ses-

sions) is available afttp://cerea.enpc.fr/polyphemusrhe
fir) = (1+ Z) exp(—z> v ) supplementary material to this paper includes Polyphemus
source code (version 1.1.1, 2007-06-21) and its user’s

Wk:erliLI'S a cfr_mlaractehrlstt;c Iingth agds a varance. ._guide: http://www.atmos-chem-phys.net/7/5479/2007/
n Kaiman filters, the background error covariance matrix , ., 7_5479.2007-supplement.zip

is estimated from an ensemble of models (ensemble Kalman

filter) or is propagated in reduced form (reduced-rank square
root filter). Acknowledgements?olyphemus has been developed in the

ENPC-EDF R&D joint laboratory CEREAh{tp://cerea.enpc.ir/

and in the INRIA-ENPC joint project-team CLIME
(http://www-rocq.inria.fr/clime). It has been financially supported

by IRSN (ttp://www.irsn.f), INERIS (ttp://www.ineris.frj and
DGA (http://www.defense.gouv.fr/dga/The aerosol models have
" been developed in the PAM project (multiphase air pollution),
Hei)" R™7(0i—Hc;) (6)  funded by the French research program Primequal-Predit (2001—
2006) for air quality.

background error an® is the (assumed diagonal) covari-
ance matrix of observation error. In current implementation
the matrixP is either diagonal or in Balgovind form, that is,

dependent on the distancéetween two points:

The 4-D-variational data assimilation method minimizes
the cost function

J(eo)=(co—cf) B Heo—ch)+ Y (0i—

with respect to the initial conditiortg whose background er-

ror covariance matrix iB. The minimization includes obser-  Edited by: R. Sander
vationso; for several time stepsand the corresponding sim-
ulated concentrations. The minimization is performed by
L-BFGS Byrd et al, 1995, using gradients of the cost func-
tion. These gradients are computed with the adjoint model o
Polair3D. . . Arya, S. P.: Air pollution meteorology and dispersion, Oxford Uni-

All four algorithms are applied to a test-case over Europe versity Press, 1999.

in summer 2001. For instance, observations are assimilateflyytahar, J., Lacour, S., Mallet, V., ®o, D., Roustan, Y., and
for one day, and a subsequent forecast is performed during sportisse, B.: Development and validation of a fully modular
the next day. The time evolution of ozone concentration is  platform for numerical modelling of air pollution: POLAIR, Int.
shown at one EMEP station for the four algorithms in Fig. J. Env. and Pollution, 22, 17-28, 2004.
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