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Abstract.

This paper estimates the uncertainty in the outputs of a chemistry-transport

model due to physical parameterizations and numerical approximations. An ensentle

of twenty simulations is generatedfrom a referencesimulation in which one key param-
eterization (chemical medhanism, dry deposition parameterization, turbulent closure, etc.)
or one numerical approximation (grid size, splitting method, etc.) is changedat a time.
Intercomparisons of the simulations and comparisonswith obsenations allow us to as-
sessthe impact of ead parameterization and numerical approximation, and the robust-
nessof the model. An ensenble of sixteen simulations is also generatedwith multiple
changesin the referencesimulation in order to estimate the overall uncertainty. The case
study is a four-month simulation of ozoneconcerrations over Europe in 2001 performed
using the modeling system Polyphemus. It is shown that there is a high uncertainty due
to the physical parameterizations (notably the turbulence closure and the chemical med-
anism). The low robustnesssuggeststhat ensenble approaces are necessaryin most ap-

plications.

1. Intro duction

Chemistry-transp ort models are now widely usedin air-
quality applications ranging from impact studies to daily
forecasts. To date, they perform satisfactory simulations,
in both basic casessuch as passiwe tracer tracking [e.g.,
Nodop, 1997]and in complex casesinvolving photochemical
mechanisms. The reliabilit y of the models is partially as-
sessedhrough comparisonswith measuremeris and numer-
ous statistical-measures [as those de ned in US EPA, 1991].
These comparisonsare performed with intensive obsenation
periods from speci ¢ campaignsor with daily measuremeris
from regular monitoring sites. A large set of comprehen-
sive and reliable 3D Eulerian chemistry-transp ort models
has been \v alidated" this way, such as Chimere [Schmidt
et al., 2001], CMA Q [Community Multiscale Air Quality,
Byun and Ching, 1999], DEHM [Danish Eulerian Hemi-
spheric Model, Christensen, 1997], EMEP [European Mon-
itoring and Evaluation Programme, Simpson et al., 2003],
Eurad [EuropeanAir Pollution Dispersion, Hass, 1991], Lo-
tos [Long Term Ozone Simulation, Builtjes , 1992], Polair3D
[Boutahar et al., 2004].

These models have usually been\tuned" in order to de-
liver satisfactory model-to-observation statistics. Also while
the \v alidations" give the error of the simulations, they
do not give information on the uncertainty assciated with
these simulations. The origin of the uncertainty is three-
fold: the underlying physical parameterizations (biogenic
emissions, deposition velocities, turbulent closure, chemical
mechanism, etc.), the input data (land use data, emission
inventories, raw meteorological elds, chemical data, etc.)
and the numerical approximations (mesh sizes, time step
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and number of chemical species). The best characterization

of the uncertainty would bethe probabilit y density functions

of the simulation errors. Computing a probabilit y density
function (PDF) for given model outputs (such asforecaster-
ror statistics) is in practice a dicult task primarily because
of the computational costs.

There are speci ¢ techniques to assesauncertainties. The
rst-order derivatives of model outputs with respect to
model inputs can give\lo cal" estimates of uncertainties [e.qg.,
Schmidt, 2002]. Monte Carlo simulations basedon dieren t
values for given input parameters or elds can provide an
approximation to the probability density functions if the
number of simulations is large enough [Hanna et al., 2001].
An alternativ e approach, which is now widely used in me-
teorology [Toth and Kalnhay, 1993; Houtemaker et al., 1996;
Buizza et al., 1999] and which is a promising method in air
quality modeling (e.g., Delle Monache and Stull [2003] for
photochemistry or Galmarini et al. [2004]for radionuclides),
is the so-called ensenble approach basedon a set of models
supposedto accourt for the range of uncertainties.

This paper usesan ensenble approach to provide esti-
mates of the uncertainty in photochemical forecasts due to
the parameterizations and somedata assaiated with them.
It also dealswith numerical issuessuch as mesh size.

The study is performed with afour-month European-scale
simulation, from May to August 2001. A comparison be-
tweenthe referencesimulation and a similar simulation but
for one changein a parameterization enablesus to estimate
the impact of this parameterization. For each modi ed pa-
rameterization, the reliabilit y of the simulation is cheded
with comparisons to measuremerts, which allows us to as-
sessthe robustnessof the whole modeling system. The same
experiment is nally performed with a set of simulations
in which sewral parameterizations may be changed (at the
sametime, in the same simulation). It allows us to study
the robustness of the system with respect to cumulated un-
certainties.
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This paper is organized as follows. Section 2 briey
summarizes the relevant methods to estimate uncertain-
ties, details the specic aims of this paper and describes
the methodology. Section 3 details the model, the reference
simulation and the involved parameterizations. In the last
section, the results are analyzed with intercomparisons of
the simulations and comparisonsto obsenations.

2. Metho dology

2.1.

We de ne:

The error. It is the discrepancy betweenmodel outputs
and eld obsenations.

The uncertainty. It is the range of valuesin which the
model outputs may lie with a high degree of con dence.
In this paper, we only deal with a priori uncertainties, i.e.
uncertainties estimated without taking into accourt obser-
vations.

The spread. Hereafter we refer to the variabilit y of an
ensenble asits spread. The spread is a measure of the un-
certainty and it can be quanti ed by a standard deviation.

The variabilit y. Herein the variabilit y solely refers to
the spatial or/and temporal variabilities of a concertration
eld. For the sake of clarity, the variabilit y of an ensenble
is called a spread.

De nitions

2.2.

Assessingthe uncertainties in model outputs is a eld of
growing interest in environmental forecasting, especially in
meteorology. In meteorology, the dynamics of models have
a\chaotic" behavior. The uncertainties in initial conditions
have therefore a strong impact and the issueis to propagate
these uncertainties through \ensemble forecasts" [Toth and
Kalnay , 1993; Houtemaker et al., 1996; Buizza et al., 1999].
In air quality applications, there is not such a strong de-
pendenceon initial conditions. The impact of uncertainties
in the input data (e.g., emissions, meteorological elds), in
the parameterizations (e.g., deposition velocities, turbulence
closure) and in the numerical algorithms is much stronger.

The actual errors of a model, given by comparisonsto ob-
senational data, may be low with high uncertainties in the
results. A model may be tuned to t the obsenations (and
all models are improved this way), which leadsto low errors.
Nevertheless, if this model is usedwith di erent parameter-
izations (assumedto be valid physical parameterizations),
other data or alternativ e numerical schemes, then it could
lead to very dierent results, including those far from the
measuremerts, with the magnitude of spread depending on
the actual uncertainty. This is, of course,a strong limitation
of the models, and the uncertainty has to be estimated in
order to assessthe \robustness" of the models. One may
refer to Russel and Dennis [2000] for an overview of the
strengths and limitations of photochemical models.

It is impossibleto compute the error in all meteorologi-
cal conditions, at every point in a given simulation domain
(even at ground level), for all chemical species,and at every
time. In the absenceof obsenations, an estimation of the
uncertainty is essetially the only meansto assesghe qual-
ity of the results. In an operational context, the models may
be used for risk assessmen The reliabilit y of the results is
then acrucial issueand, if available, the full PDFs assaiated
with theseresults would be highly valuable. For instance, in
prospective or screeningstudies (e.g., impact studies related
to dierent emission scenarios), the models may be used
with uncommon input data (e.g., strongly corrected emis-
sions) and without any available obsenations with which to
tune the models. From the researd point of view, an esti-
mate of the uncertainty is necessaryfor other communities
to assessthe feasibility and the relevance of given applica-
tions. For instance, the e ect of pollution on health may or
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may not be e ectiv ely estimated, depending on the accuracy
of the underlying air-quality models. For eacdh model, the
development is also oriented to improve the description in
the parameterizations responsible for the main uncertainty.

2.3. A review of existing metho ds

There are seweral methods to estimate the uncertainty
and to identify its sources. As for the uncertainty due to
the input data, one can compute rst-order derivatives of
the model outputs with respect to the model inputs [e.g.,
Schmidt, 2002]. This provides \lo cal" sensitivities from
which the uncertainty in the outputs can be derived, taking
into accourt the uncertainty in the input data.

Ideally one would want to compute the full PDF asscai-
ated with the results. It would mean solving the Fokker-
Planck equation [the equation satis ed by the output PDF,
Gardiner, 1996] which is unfeasible. Instead, the Monte
Carlo methods can generate approximations of the PDF.
The idea is to generatea set of N input elds that roughly
describe the PDF assaiated with the input data. The model
is then run N times, which provides an approximation of the
output PDF. These methods may be well suited but they are
restricted to the uncertainty due to input data or parameters
in parameterizations, that is, due to continuous variables.
A related method, which could be viewed as a Monte Carlo
method too, is the use of a set of N input elds generated
by another model. In practice, the ensenble forecasts from
the meteorological certers may be used as input to the air
quality models. It leadsto promising applications but it is
restricted to the meteorological elds [Warner et al., 2002].

Another method is the use of dierent air quality mod-
els. This technique has already beenused but with a fairly
low number of models [e.g., four models in Delle Monache
and Stull, 2003]. It is hard to assenble enough models to
claim a reliable estimate of the uncertainty. Moreover in-
tercomparisons are di cult becausethe models may not be
operated under the same conditions (e.g. with the same
meteorological elds). Note that this technique involvesthe
uncertainties of seweral models and is not suited to assess
the uncertainty of a given model. Moreover the models have
usually beentuned in comparisonsto measureddata; hence
they do not embrace the whole uncertainty in the physics
and the chemistry.

The method applied in this paper mainly takesadvantage
of the multiple parameterizations that should be available in
a well designed modeling system [Mallet et al., 2005]. The
model is run in many con gurations with respect to the
available state-of-the-art parameterizations, but also with
respect to changesin the parameters and the base input-
data neededfor these parameterizations. The impact of the
numerical approximations is studied as well. This method
allows fair comparisons since the framework is exactly the
same for all simulations. It gives an accurate view of the
uncertainty due to the parameterizations of a given model.
Notice that the method intro duces discrete changes, which
is the only meansto assesshe impact of the parameteriza-
tions. There is no contin uous transition betweentwo param-
eterizations or between their base input-data sets. Details
about the method are provided below.

2.4. The multi-con gurations approac h

The air quality system with which the experiments have
been performed relies on many parameterizations (see Sec-
tion 3.1). There are often sewral valid parameterizations
to compute the same eld. Furthermore most parameteri-
zations depend on input-data sets (including scalar param-
eters). For instance, the deposition velocities depend on the
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land use coverage which may be given by USGS! data or
by GLCF? data (seebelow). The alternativ es between the
parameterizations themselves and their input-data sets in-
troduce a nite number of choices. Hence the method deals
with discrete dependencies.

The impact of numerical options are also assessedhrough
discrete changes, e.g. by changing a numerical scheme.
Nonetheless a few values that belong to a continuous in-
terval are studied aswell. They are modi ed asif they were
discrete variables, i.e. only afew valuesare allowed for them.
For example, the time step is a contin uous variable but it
can be restricted to a set of three values (a referencetime
step, a small one and a large one).

For the sake of clarity, the changesin the input data to
the parameterizations will be viewed as changesin the pa-
rameterizations themselves. Since the numerical issuesare
treated in the sameway as the parameterizations (they are
assciated with a nite number of choices), they are also
viewed as parameterizations hereafter.

Assume that the model is written in the form:

y = f(pipz2;iiipn) = f(p) 1)

Every input parameter p; 2 f0;::;;n;  1gis assaiated with
a given parameterization that has n; possible values. f is
the model itself. The output y may be the pollutant concen-
trations, deposition elds, evaluation statistics, etc. Notice
that f is already a discretized model.

The reference simulation is assciated with a reference
vector assumedto be zero: per = 0. The ideais to estimate
the uncertainty and the impact of every parameterization
by changing one parameterization at a time, i.e. computing
all f(p) whsre pi = 0 for all i except for one componert.
There are iN:1 (ni 1) such simulations. This is only a
small subset of the N, n; possible combinations, but the
computational cost makes it impossible to run all simula-
tions.

This method allows us to estimate the impact of each pa-
rameterization. The impact is estimated with the resulting
changesin the output concenrations. It is analyzed with
the concertration distributions and their spatial and tem-
poral variabilities. In addition, for ead change, an evalua-
tion of the output can be performed. It shows whether the
modi ed parameterization leadsto an improved agreemert
with the measuremers and, therefore, maybeto a better de-
scription of the physics. The fact that not all combinations
(pi)i are available restricts the study: it is hard to decide
whether a parameterization should be discarded becauseits
drawbacks may be canceled by changesin other parame-
terizations. There are still useful conclusions to draw: for
instance, it may be shown that a given parameterization
limits the variabilit y in the results.

Furthermore, the results are enhanced by combined
changes, but only with a few selected parameterizations to
reducethe computational cost of the study. Four parameter-
izations are selected mainly due to their signi cant impact
(even if other parameterizations have a similar imp ortance).
The model is then put in the form y = f (p) where the vec-
tor p has four components. Each componert can take two
values (0 or 1); therefore there are 16 possible combinations.
It provides a rough estimate of the overall uncertainty.

3. The Exp erimen ts Setup
3.1. The Mo deling System

This study is based on the modeling system Polyphe-
mus (available under the GNU General Public License at
http://www.enpc.fr/cerea/polyphemus/ ). This system is
divided into four parts:
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1. the databases: they incorporate the data neededin the
parameterizations (one may also include the meteorological
elds here).

2. the libraries: they provide (1) facilities to managethe
multidimensional data involved in atmospheric chemistry,
(2) useful functions asscaiated with the physical and chem-
ical elds (e.g. coordinate transformations) and (3) the pa-
rameterizations.

3. asetof programs: these programs make the calls to the
libraries to generatethe input data neededby the chemistry-
transport model. Their exibilit y is made possible by the
input con guration les that they read.

4. the chemistry-transp ort model: it is responsible for
the time integration of the chemistry-transp ort equation. It
therefore computes the output concertrations.

The databasescontain the raw data: the land use cover-
age, the anthrop ogenic emission inventories, chemical con-
stants, etc. The meteorological elds may also be included
even if they strongly depend on the application.

The libraries play a major role in this study since they
provide the basis of the exibilit y of the parameterizations.
They rst provide the data structures and functions needed
for data processing. They then provide a set of parameter-
izations. Most of the changesto the simulations are made
with adierent call to the libraries, speci cally to the library
dedicated to physical parameterizations, the C++ library
AtmoData [Mallet and Sportisse, 2005].

The programs of Polyphemus make calls to the libraries
in order to processthe raw data. They format the raw data
for the chemistry-transp ort model, but the primary func-
tion of the programs is to use the parameterizations from
the library AtmoData to compute the needed elds. These
programs read con guration les in which many options are
speci ed, including which parameterizations are to be used
and with which input data and parameters. Roughly speak-
ing, there exists a set of con guration les for every vector
p (vector de ned in Section 2.4). This study therefore relies
heavily on the exibilit y characteristic of the programs.

Finally, the Eulerian chemistry-transp ort model Polair3D
computes the output concertrations through the numerical
integration of the transport-chemistry equation. With re-
spect to this study, a strong advantage of Polair3D is its
ability to deal with multiple chemical medchanisms. Details
about Polair3D may be found in Boutahar et al. [2004].
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Figure 1. Domain  [40:25 N;10:25 W]
[56:75 N;22:25 E] of the referencesimulation.
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Further details about the architecture of the whole system
may be found in Mallet et al. [2005]. A complete description
is not relevant here becausenot all features of the system
are used in this study. The system is able to handle many
applications (many chemical mechanisms, data assimilation,
Monte Carlo simulations, etc.) and its exibilit y enablesthe
multiple experiments preserted in this paper. The next sub-
section describesthe base application.

3.2. The Reference Simulation

The impact of the parameterizations is evaluated by the
changesthey intro duce with respect to the referencesimula-
tion. The referencesimulation takesplace at Europeanscale
during summer 2001 (22 April 2001to 31 August 2001). A
validation, over the samedomain and the sameperiod, sim-
ilar to the referencesimulation, may be found in Mallet and
Sportisse [2004].

The domain is [40:25 N;10:25 W] [56:75 N; 22:25 E]
and is shown in Figure 1. The rst layer is located between
0 m and 50 m; the concertrations are thus computed at 25
m. The thicknessof the other layersis about 600 m with the
top of the last layer at 3000m. RACM is the photochemical
mechanism used in this simulation [Stockwel et al., 1997].
Since the best results are obtained for ozone and the num-
ber of ozone measuremers is signi cantly higher than for
other species, this study focuseson ozone. We are notably
concernedwith the ozonepeakssincethey are often of high
interest in forecasts(due to the regulations that mostly limit
the peaks).

Here is a review of the main componerts of the reference
simulation:

1. meteorological data: the best ECMWF data available
for the period (i.e. 0:36  0:36 , the TL511 spectral reso-
lution in the horizontal, 60 levels, time step of 3 hours, 12
hours forecast-cyclesstarting from analyzed elds);

2. land use coverage: USGS nest land cover map (24
categories, 1 km Lambert);

3. emissions: the EMEP ® inventory, converted according
to Midd leton et al. [1990];

4. biogenic emissions: computed asadvocated in Simpson
et al. [1999];

5. deposition velocities: the revised parameterization
proposedin Zhang et al. [2003];

6. vertical diusion: within the boundary layer, the
Troen and Mahrt parameterization as described in Troen
and Mahrt [1986], with the boundary-layer height provided
by the ECMWF; above the boundary layer, the Louis pa-
rameterization [Louis, 1979];

7. boundary conditions: output of the global chemistry-
transport model Mozart 2 [Horowitz et al., 2003]run over a
typical year;

8. numerical schemes: a rst-order operator splitting,
the sequencebeing advection{di usion{c hemistry; a direct
space-time third-order advection scheme with a Koren ux-
limiter [Verwer et al., 1998]; a second-order order Rosen-
brock method for di usion and chemistry.

The performance of the reference simulation has been
evaluated through a comparison of the forecasted ozone
peaks with the obsenations from 242 stations distributed
over Europe (in a network with mixed stations: urban, peri-
urban and rural stations). With the rst v e days excluded
(because of the rough initial conditions), the root mean
square (with all obsenations put together) is 235g m 2,
the correlation is 71:4% and the bias 45g m ° (the mean
of observed valuesbeing 94:7g m 3) { the statistical mea-
suresare de ned in the appendix. The results therefore show
areasonableagreemert with obsenations [Hass et al., 1997;
Schmidt et al., 2001].

3.3. The Parameterizations

The modi ed parameterizations were chosenaccording to
the relevance and the availabilit y of alternativ e parameteri-
zations. Only state-of-the-art parameterizations or, at least,
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widely used parameterizations are involved. The list of the
parameterizations (and the data assciated with them) used
in this study is shown in Table 1.

The changes rst include prominent processessuch as
the chemistry (RADM 2). Sewral chemical mechanisms
are available in Polair3D but reliable emission inventories
were available only for RACM and for RADM 2. The same
speciation [for volatile organic compounds, Passant, 2002]
was used for the two mechanisms. A drawback is that both
mechanisms are too close to embrace the diversity of the
chemical mechanisms available in air quality modeling. Nev-
ertheless,asshown hereafter, there is a substantial di erence
betweenthe two mechanisms.

The sensitivity to the turbulence closure is assessedvith
the comparison betweenthe Troen & Mahrt parameteriza-
tion (well suited for models with a low vertical resolution {
which is the casewith only v elayers) and the Louis param-
eterization. The Louis closure is used above the boundary
layer (for all simulations), in the boundary layer in stable
conditions (simulation 3) and in any condition (simulation
2). One should note that the leading contribution to ground
concertrations comesfrom the vertical diusion coe cien t
at the top of the rst layer. It determines the transfer be-
tweenthis and the above layer (up to 600m) which roughly
corresponds to the residual layer in the night. The Troen &
Mahrt parameterization and the Louis parameterization are
designedin two dierent ways: the rst oneis independert
of the vertical discretization while the secondone relies on
nite dierences. There is a clear di erence in the coe -
cients computed by the two parameterizations: the averages
at the top of the rst layer are 7:6m? s ! (Troen & Mahrt)
and 5:7m? s ! (Louis). The correlation of 60% also shows
the gap between the two parameterizations for coarse ver-
tical discretizations (the di erences decreaseas the vertical
mesh s re ned).

Another known important processwith multiple parame-
terizations is dry deposition. An alternativ e to the reference
velocities computed as proposed in Zhang et al. [2003] is
basedon the method by Wesely [1989] (simulation 4) which
includes a reasonable parameterization and is widely used.
The two parameterizations rely on the same fundamentals
and the dierences in the computed deposition velocities
come as much from the input data (resistances,land usede-
scriptions) asfrom the parameterization itself. As for ozone
deposition velocities, the relativ e bias between the two pa-
rameterizations is only 3%, the correlation is 96% but the ra-
tio of the standard deviation of the di erence and the mean
velocity is high: 0.31. In addition, the surface ux usedto
compute the aerodynamic resistancecan be the heat ux or
the momentum ux, although the heat ux is usually as-
sumedto be more suitable for a scalar variable such as the
concertration of a pollutant.

The two last physical-parameterizations (simulations 6
and 7) deal with the attenuation coe cien ts. The reference
option is basedon the optical depth, as described in Chang
et al. [1987]and Madronich [1987], estimated with the cloud
liquid water content. The liquid water content is integrated
within the clouds and the cloud fraction is calculated based
on the relative humidity g and its critical value q:

1 g
T o @)

cloud fraction =

1+ = 3)



Table 1. Parameterizations, raw input data and numerical choices for the reference simulation and their alternativ es. The impact of the parameterizations are assessedn this
study through the use of the alternativ es shown in this table.

#  Parameterization Reference Alternativ e(s) Comment
Physical parameterizations
RACM RADM 2 [Stockwell et al., 1990]

a8 Chemistry
. Vertical diusion

Surface ux
Cloud atten uation

1.

2

3.

4. Deposition velocities

5

6

7 Critical relativ e humidit y

8. Emissions vertical distribution
9. Land use coverage

10. Land use coverage

11. Exponent pin Troen & Mahrt
12. Photolytic constants

13. Time Step

15. Splitting method
16. Horizontal resolution

18. Vertical resolution
19. First layer height

Troen & Mahrt

Zhang [Zhang et al., 2003]
Heat ux P

RADM method [Chang et al., 1987; Madr onich, 1987]

Depends on

All in the rst cell
USGS

USGS

2

JPROC

600 s

First order
0:5

5 layers
50 m

Louis [Louis, 1979]
Louis in stable conditions
Wesely [Wesely, 1989]
Momentum ux P

Esquif (ESQUIF [2001])
Two layers

Input data

All in the two rst cells

GLCF

GLCF

3

Depends on the zenith angle (only)

Numeric al issues

100 s

1800 s4:¢
Strang splitting
01 ¢©

1.0

9 layers

40 m

Troen & Mahrt kept in unstable conditions
For the aerodynamic resistance (in deposition velocities)

Used in the RADM method to compute cloud atten uation

For deposition velocities®
For biogenic emissions®

The rst layer height remains 50 m
The top of every other layer doesnot change

2 The reference simulation will be referred to as simulation #0.

b Computed using the Louis formulae.

¢ The consistency between the land use coverage used for the deposition velocities and for the biogenic emissions is not required. Indeed a large part of the uncertainty lies in the data
asscciated with the land use categories (e.g. resistances for deposition and emission factors for the biogenic emissions). Moreover a given description may be more suited only for the
emissions (vegetation) or only for the deposition (roughness, etc.).

d The advection is integrated over submultiples of 1800 s so as to satisfy the CFL (Courant-Friedric hs-Lewy) condition.
It is usedto enforce the stabilit y but has only slight consequencesin the results.

€ The numerical scheme is also slightly modied in this simulation: it usessource splitting.
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where = Fg—’ is the pressure, Ps is the surface pressure,

=11, = 13,a= 0andb= 11. In an alternative
simulation (#7), the critical relativ e humidit y is simply con-
stant over two distinct layers: g. = 0:75 below 700hP a and
¢ = 0:95 above.

Another set of simulations is derived from changes in
the input data. The land use coverageis described by the
USGS data (24 categories, 1 km Lambert) or by the GLCF
data (14 categories, 0.0083). The GLCF data contain less
categoriesworldwide but they involve more categories over
Europe than the USGS data do. The impact of the land
use description is assessedhrough the deposition velocities
(simulation 9) and the biogenic emissions (simulation 10)
independertly .

In the Troen & Mahrt parameterization, the vertical dif-
fusion coe cien ts depend on seweral parameters, particu-
larly an exponernt p [seeTroen and Mahrt, 1986] which de-
termines the shape of the vertical prole. Sinceit is a free
parameter (with p = 2 or p = 3 recommended), the expo-
nent is setto 2 in the referencesimulation and also setto 3
as an alternativ e (which increasesthe di usion coe cien ts
{ simulation 11).

The emissioninventories are a concern of most modelers,
especially the time and spatial distributions assaiated with
them. The time distribution is known to have a slight im-
pact at continental scale[Tao et al., 2004]. The horizontal
distribution is given with the EMEP inventory. Meanwhile
the vertical distribution is not well known and is chosen by
the modeler. In the reference simulation, all emissionsare
released in the rst layer (therefore below 50 m). In an
alternativ e simulation (#8), the emissions from industrial
combustion (sectors 1 and 3 in the EMEP inventory) and
from the waste treatment (sector 9 in the EMEP inventory)
are releasedin the secondlayer. The emissionsdue to the
combustion of non-industrial plants (sector 2 in the EMEP
inventory) are releasedin both layers (one half in ead).

Finally the impact of the databasefor the photolytic con-
stants is estimated. The reference simulation takes advan-
tage of the photolytic constants computed by JPROC [part
of CMAQ, Byun and Ching, 1999] that are a function of
the latitude, the altitude, the day in the year and the hour
angle. The alternativ e simulation usesa coarser description
with a single dependenceon the zenith angle derived from
the values given in Stockwell et al. [1997].

The last set of simulations involveschangesin the numer-
ical approximations. The time step is setto 100 s (simula-
tion 13) and 1800 s (simulation 14) instead of 600 s (ref-
erence simulation). In the reference simulation, the split-
ting method is a rst-order method (advection{di usion{
chemistry). An alternativ e simulation (#15) takes advan-
tage of the Strang splitting method (advection{c hemistry{
di usion over 7‘ and then diusion{c hemistry{adv ection
still over 7‘), Sportisse [2000]. Finally the spatial discretiza-
tion is changedhorizontally (simulations 16 and 17) and ver-
tically (simulation 18 and 19). When the spatial discretiza-
tion changes,the raw meteorological elds (ECMWF elds)
are interpolated on the new grid.

The nineteen alternativ e simulations address a reason-
able range of the choicesthat can be made in a forecasting
system, in the parameterizations, their input data and the
numerical options.

4. Results and discussion

Due to the coarseinitial conditions, the v e rst days of
the simulations are excluded in the following comparisons.
The comparison is limited to hourly ozoneconcertrations in
the rst layer. Moreover the comparisons betweenthe com-
puted elds (not with the obsenations) are not performed in
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all cells to avoid the inuence of the boundary conditions.
A three-cell band at the domain borders is excluded from
the comparisonsin Subsections4.1, 4.2 and 7.

The rst subsection comparesall simulations in order to
estimate the spread due to the parameterizations (and nu-
merical choices). The secondsubsection focuseson the im-
pact of each parameterization. The comparisonsare relative
to the referencesimulation. In the third subsection, a com-
parison with the obsenations evaluates the impact of the
parameterizations on the forecasts. In the last section, the
impact of combined changesin the parameterizations is per-
formed to give an estimate of the overall uncertainty.

Table 2. Means and standard deviations of the hourly ozone
concertrations (g m 3) of the twenty simulations. The ref-
erencesimulation is indexed by 0 and the other simulations are
indexed asin Table 1. On the left, the simulations are sorted
by their mean; on the right, they are sorted by their stan-
dard deviation. The relativ e standard deviation of the means
is 5.5%, and the relativ e standard deviation of the standard
deviations is 10.4%.

Sorted by mean Sorted by standard deviation

# Mean Standard # Mean Standard

deviation deviation
15 90.30 2573 2 68.94 34.23
18 89.15 24.27 3 79.15 28.83
14 87.49 26.14 11 84.14 26.22
7 85.92 25.16 16 83.27 26.20
6 85.92 2475 4 85.18 26.19
4 85.18 26.19 14 87.49 26.14
17 85.15 24.74 15 90.30 25.73
0 84.92 25.11 19 82.62 25.22
13 84.73 2499 7 85.92 25.16
8 84.23 21.81 0 84.92 25.11
11 84.14 26.22 12 84.00 25.06
12 84.00 25.06 13 84.73 24.99
9 83.96 24.39 5 81.38 24.87
16 83.27 26.20 6 85.92 24.75
19 82.62 25.22 17 85.15 24.74
5 81.38 24.87 9 83.96 24.39
10 81.30 22.88 18 89.15 24.27
3 79.15 28.83 10 81.30 22.88
1 7711 21.14 8 84.23 21.81
2 68.94 34.23 1 7711 21.14

Table 3. Percentiles of ozone concertrations (g m 3),

sorted by the mean of the percertiles.

# 10th 20th 30th 40th 50th 60th 70th 80th 90th
15 58 69 7 84 91 97 104 111 122
18 60 69 76 83 88 94 101 109 120
14 55 66 74 81 87 94 101 109 121
6 55 66 74 80 86 92 98 106 117
7 55 66 73 80 86 92 98 106 117
4 53 64 72 79 85 91 98 107 118
17 55 65 72 79 85 91 97 105 117
0 54 65 72 79 85 91 97 105 116
13 54 65 72 79 84 90 97 105 116
8 57 66 73 79 84 89 95 102 111
9 54 65 72 78 84 90 96 104 114
11 52 63 71 77 84 90 97 105 117
12 583 64 71 78 84 90 96 104 115
16 52 63 71 7 83 89 96 104 115
19 51 63 70 77 83 89 95 103 114
10 52 63 70 76 82 88 94 100 110
5 50 61 69 75 81 87 94 101 112
3 4 55 65 73 80 87 95 103 115
1 50 61 68 73 78 84 89 95 102
2 28 40 50 58 67 75 85 96 111
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4.1. Intercomparison between the Simulations

The distribution of the spatio-temporal meansand stan-
dard deviations of the elds is shown in Table 2. The means
and the standard deviations are well spread considering that
the simulations di er only at most in two parameterizations.
The mean is particularly aected by the splitting method,
the number of layers, the time step (1800 s), the chemical
mechanism and the vertical diusion. The standard devi-
ation increasesdue to the turbulent closure and decreases
with RADM 2, the vertically distributed emissionsand the
land use coverage used to compute the biogenic emissions.
From these comparisons, it appears that the turbulent clo-
sure and the chemical mechanism have a strong impact on
the output ozoneconcertrations. Even the use of the Louis
closure only in stable conditions modi es both the mean
and the standard deviation. The numerical issuesalso have
a clear impact on the ozone mean. Finally the emissions
can modify the standard deviation of the output concertra-
tions. These conclusions may already be known issues,but
this study shows the prominent impacts.

Notice that the standard deviation has a greater spread
than the mean. The relative standard deviation* of the
means and of the standard deviations shown in Table 2 are
5.5% and 10.4% respectively.

More details are provided by the distribution of eadth
ozone eld. The percertiles assciated with the simulations
are shown in Table 3. In addition, Figure 2 shows the rela-
tiv e frequency distributions of:

1. simulation 15 (splitting order) which provides the high-
est concertrations (highest mean and highest percertiles)
with a standard deviation closeto the referencesimulation;

2. simulation 2 (Louis turbulence closure) which has the
lowest concertrations and the highest standard deviation;

3. simulation 1 (chemical mechanism RADM 2) which is
assciated with the lowest standard deviation.

These three simulations exhibit the most extreme behav-
ior and therefore give a good idea of the uncertainty due to
the changesin the parameterizations.

The comparisons deal with the concertrations computed
over the whole (restricted) domain and at all time steps. A
ner analysis of the variabilit y deals with the spatial and
temporal variabilities.

The spatial variabilit y is estimated from the time average
of the spatial standard deviations (the standard deviations

T
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— —  Simulation #2
- - - Simulation #1
0.035
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Figure 2. Relative frequency distributions of ozonecon-
centrations (g m 2) for the simulations 15, 2 and 1
which show the most extreme behavior (in terms of mean
and standard deviation).
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Table 4. Means and standard deviations of the ozone daily
maxima (g m 3) of the twenty simulations. On the left,
the simulations are sorted by their mean; on the right, they
are sorted by their standard deviation. The relativ e standard
deviation of the means is 3.6%, and the relativ e standard de-
viation of the standard deviations is 13.5%.

Sorted by mean Sorted by standard deviation

# Mean Standard # Mean Standard
deviation deviation
15 108.79 22.62 2 95.71 33.50
14 104.40 23.87 16 101.39 24.35
18 104.11 22.87 11 101.04 23.98
4 102.39 23.38 14 104.40 23.87
7 102.03 22.58 4 102.39 23.38
6 101.71 22.05 3 99.73 23.17
16 101.39 24.35 12 99.59 22.94
11 101.04 23.98 18 104.11 22.87
0 100.92 22.62 0 100.92 22.62
17 100.62 22.49 15 108.79 22.62
13 100.52 22.57 7 102.03 22.58
9 99.77 21.68 13 100.52 22.57
3 99.73 23.17 17 100.62 22.49
12 99.59 22.94 19 98.96 22.25
19 98.96 22.25 6 101.71 22.05
5 98.34 21.61 9 99.77 21.68
8 97.90 20.10 5 98.34 21.61
10 96.31 19.32 8 97.90 20.10
2 95.71 33.50 10 96.31 19.32
1 91.49 16.75 1 91.49 16.75

computed with the concertrations in all cells and at a given
time step). It appears that the spatial variabilit y and the
standard deviation on the whole eld at once lead to the
same conclusions. The correlation betweenthe spatial vari-
ability and the global standard deviation of all simulations
can be as high as 98.7%.

The temporal variabilit y is estimated from the spatial av-
erage of the temporal standard deviations (computed with
all concertrations in a given cell). The correlation of this

T T T T
—— Spatial variability
— —  Temporal variability
Global variability

n n
10 12

Simulation

Figure 3. Spatial, temporal and global variabilities
(g m ®) of ozonedaily maxima for the twenty simula-
tions. The spatial variabilit y is estimated with the time
average of the spatial standard deviations (the standard
deviations computed with the peaksin all cells, for a
given day). The temporal variabilit y is estimated with
the spatial average of the temporal standard deviations
(computed with all daily maxima in a given cell). The
global variabilit y is measured by the standard deviation
of all daily maxima.
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(c) Input data. The lowest concertrations are reached by simu- (d) Numerical approximations.
reached by simulation 15 (Strang splitting).

lation 10 (GLCF land use coverage for biogenic emissions).
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Figure 4. Ozone daily prole for the twenty simulations and for the three groups related to (b) the
physical parameterizations, (c) the input data and (d) the numerical approximations. The dots represert
the referencesimulation (#0), the squaresrepresert simulation 2 (Louis closure), the triangles represert
simulation 3 (Louis closure in stable conditions) and the diamonds represert simulation 1 (RADM 2).

temporal variabilit y with the global standard deviations is
still above 98%. The variabilit y can also be estimated daily
and then averaged over the days. In this case,the corre-
lation with the global standard deviation is 94%, which is
still high. Hencethe parameterizations that intro duce some
variabilit y increaseboth the temporal and the spatial vari-
abilities. In Section 7, the most strongly impacted regions
are identi ed.

A key point in ozone forecasts is the daily maximum.
Table 4 shows the distribution of the means and the stan-
dard deviations of the ozone daily peaks. The behavior of
the daily maxima diers from the eld averagespreviously
analyzed.

While the means of the maxima are less widely spread,
the standard deviations are strongly spread and range from
16:75g m 3 (simulation 1, RADM 2) to 33:50g m 3
(simulation 2, Louis parameterization). On one hand, the
highest standard deviation is reached with the Louis closure.
Notice that if the Louis closureis only usedin stable condi-
tions (simulation 3), the impact on the daily maxima is much
lower, which meansthat the nighttime concertrations have
a small in uence on the peaks. On the other hand, the low-

est standard deviation comesfrom the chemical mechanism
RADM 2. It is also assaiated with the lowest concertra-
tions, which is consistert with Gross and Stockwell [2003].

Contrary to the concertration averages,the daily max-
ima are more variable in spacethan in time, as shown in
Figure 3. The simulation with RADM 2 is essetially the
only simulation for which the temporal variabilit y is similar
to the spatial variabilit y. The impact of the parameteriza-
tions is also greater on the spatial variabilit y than on the
temporal variabilit y: their relative standard deviations are
15.1% and 9.5% respectively.

4.2. Comparisons with the Reference Simulation

Now that the global variabilit y has been analyzed, com-
parisons with the reference simulation allow us to give de-
tails about the impact of eadh change in the parameteriza-
tions or in the numerical choices.

First examined are the bias, the standard deviation of the
distance to the reference simulation (namely the di erence
with the referencesimulation) and the correlation with the
referencesimulation. These values are shown in Table 5.

The changesin the turbulence closure (simulation 2 and
3) lead to the largest di erences. The chemical mechanism
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RADM 2 (simulation 1) alsohasan impact but not asstrong
as what was seenin the previous subsection with respect to
the variabilit y. On the contrary, the ne resolution (0.1 ,
simulation 16) leadsto strong di erences with the reference
simulation, even if this was not obvious from the previous
analyses. It is noteworthy that simulation 17, with a 1.0
resolution, has a lower but still signi cant impact.

The other main changesare due to the splitting method
(simulation 15), the vertical resolution (nine levels, simu-
lation 18), the emission vertical distribution (simulation 8)
and the land use coverage used for the biogenic emissions
(simulation 10).

For eacth changein the model, there is an explanation for
its low or high impact on the output concertrations. We do
not provide such explanations due to the number of simula-
tions and becausethe purp oseof the paper is to describe the

Table 5. Biases and standard deviations of the distance to
the reference simulation (g m 3) for the nineteen simula-
tions. On the left, the simulations are sorted by their bias; on
the right, they are sorted by their standard deviation.

Sorted by bias Sorted by standard deviation

# Bias Standard # Bias Standard Correlation
deviation deviation
15 5.39 6.65 2 -15.97 18.60 0.85
18 4.23 5.10 3 -5.77 10.40 0.93
14 257 3.60 16 -1.64 8.95 0.94
7 1.00 1.32 1 -7.81 7.55 0.96
6 1.00 2.63 15 5.39 6.65 0.97
4 0.26 2.69 8 -0.69 5.62 0.98
17 0.24 5.07 18 4.23 5.10 0.98
13 -0.18 0.98 17 0.24 5.07 0.98
8 -0.69 5.62 10 -3.62 5.04 0.98
11 -0.78 2.81 5 -3.54 3.69 0.99
12 -0.92 2.48 14 257 3.60 0.99
9 -0.96 2.30 11 -0.78 2.81 0.99
16 -1.64 8.95 4 0.26 2.69 1.00
19 -2.30 2.34 6 1.00 2.63 0.99
5 -3.54 3.69 12 -0.92 2.48 1.00
10 -3.62 5.04 19 -2.30 2.34 1.00
3 577 10.40 9 -0.96 2.30 1.00
1 -7.81 7.55 7 1.00 1.32 1.00
2 -15.97 18.60 13 -0.18 0.98 1.00

Probability density

100 150
Ozone concentration

50 200

Figure 5. Relative frequency distribution f ([O3]) of the
ozone concertrations (g m 2) of the referencesimula-
tion and the functions f ([O3]) ¢ ([O3]) where ¢ ([O3])
is the standard deviation of f ((O3]) computed from all
simulations.
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global uncertainty due to the parameterizations and the nu-
merical choices. What should be emphasizedinstead is that
the results are sensitive to the physical parameterizations,
the input data setsand the numerical issues.

The relativ e frequency distribution of all concertrations
of the referencesimulation is shown in Figure 5 with its un-
certainty due to the parameterizations. The concertration
distribution is sensitive to the parameterizations. The un-
certainty (estimated with the relative standard deviation)
in the relativ e frequency distribution is about 25%{30% for
concertrations in [30g m 2;170g m 3]. This high un-

Table 6. The amount of negative biasesamong the daily bi-
ases,the daytime biases, the nocturnal biasesand the spatial
biases. The simulations are sorted by their standard deviation.

#  Standard Daily Daytime Nocturnal  Spatial
deviation negative negative negative negative
bias bias bias bias
(g m 3 (%) (%) (%) (%)
2 18.60 100 100 100 98
3 10.40 100 100 100 100
16 8.95 100 100 100 79
1 7.55 100 100 100 100
15 6.65 0 0 6 1
8 5.62 70 84 44 64
18 5.10 0 0 0 0
17 5.07 27 25 33 44
10 5.04 100 100 100 100
5 3.69 100 100 100 100
14 3.60 0 13 0 0
11 2.81 88 84 90 76
4 2.69 35 30 60 33
6 2.63 15 17 15 1
12 2.48 81 90 71 91
19 2.34 100 100 100 100
9 2.30 85 85 83 79
7 1.32 0 0 0 0
13 0.98 61 42 95 82
Table 7. Percentages of stations that meet the most-

restrictiv e EPA recommendations on hourly concentrations
(cuto of 80g m 3) for the mean bias, the mean gross error
and the unpaired (in time, paired in space) peak prediction;
the root mean square (g m 3), the correlation and the over-
all bias (g m 3) for the ozone daily peaks (all stations put
together).

# MNBE MNGE UPA RMS Correlation Bias
(%) (%) (%) (peaks) (peaks) (peaks)
0 43 100 61 23.54 0.71 -4.47
1 7 97 21 29.22 0.65 -14.19
2 13 85 39 24.86 0.73 -8.26
3 32 98 59 23.54 0.72 -5.27
4 52 100 69 22.73 0.73 -2.33
5 24 99 48 24.47 0.71 -7.25
6 45 100 61 24.03 0.69 -3.36
7 48 100 64 23.67 0.70 -3.18
8 35 100 52 25.03 0.69 -6.29
9 36 99 56 24.02 0.71 -5.50
10 21 99 36 26.40 0.67 -9.65
11 43 99 62 23.02 0.73 -4.38
12 29 99 45 24.59 0.70 -6.75
13 41 100 55 23.85 0.71 -4.99
14 57 100 76 22.26 0.74 0.01
15 a7 100 64 25.11 0.67 5.39
16 62 100 75 22.83 0.72 -0.39
17 33 99 51 24.12 0.71 -6.60
18 38 98 52 24.48 0.68 -2.70
19 46 100 58 23.72 0.71 -4.67
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certainty is consistert with the uncertainty roughly shown
in Figure 2.

In Figure 4, the mean of the daily evolution for ozone
over the whole domain and all days is shown for all sim-
ulations. This daily evolution is also showvn independertly
for the ensenbles generatedwith changes(1) in the physical
parameterizations, (2) in the input data and (3) in the nu-
merical approximations. From these gures, the prominent
changesare the turbulence closure and the chemical mecha-
nism. The pro le is lesssensitive to the input data, but this
is an averagepro le that can hide spatial or temporal vari-
abilities (which are analyzed below). The spread (estimated
with the relativ e standard deviation) is 4% on the peak and
6% for the whole prole. It reaches 9% at 0400 UT, which
is high since the impacts are not cumulativ e (see Section 7
for the cumulativ e e ects).

One question about the nature of the variabilit y intro-
duced by ead changelies in the bias and its nocturnal and
diurnal evolutions. The standard deviation of the di erence
with the referencesimulation doesnot provide this informa-
tion sinceit may be low even with systematic biasesin the
night or in the daytime. In the sameway, systematic biases
may appear in given regions. In Table 6, the amount of
negative biases (concertrations lessthat the reference con-
certrations) are reported for:

1. the daily biases: the biases(mean over all grid cells of
the di erence) computed for each day;

2. the daytime biases: the biasescomputed for eac day
but only during the daytime (from 0400 UT to 1800 UT);

3. the nocturnal biases: the biasescomputed for eac day
but only during the night;

4. the spatial biases: the biases(mean over all time steps
of the di erence) computed for eac grid cell.

It rst indicates that the simulations with the largest bi-
asesare characterized by a clear trend: they are either above
or below the reference simulation at nearly all hours. It
also demonstrates that the biasesat night and during the
daytime can strongly dier. This is true for simulation 8
(emission vertical distribution) due to the fact that the pol-
lutants emitted at night and in the secondlayer barely in-
uence the ground concertrations. During the daytime, the
emissionsare mixed in the boundary layer which decreases
the impact of the vertical location of the pollutants at re-
leasetime. In simulation 4 (Wesely'sparameterization), the
nocturnal concertrations are often below the referencecon-
certrations but only slightly below sincethe total amount of
negative biasesis very closeto the amount assaiated with
the daytime. The last simulation that shows such di erences
is simulation 13 (100 s as a time step) for unclear reasons.
The active chemical reactions are not the same at night as
in the daytime, which may explain why the numerical time
step has a di eren t impact.

Another point liesin the spatial and temporal di erences.
The day-by-day bias may hide spatial inhomogeneities of the
bias. Simulations 16 and 17 (0.1 and 1.0 horizontal res-
olution respectively) are good examples. Loosely speaking,
choicesin the simulation setup may impact the spatial dis-
tributions independertly from their temporal e ects.

4.3. Comparisons with Observ ations

The results of the simulations are compared to ozone
peakswhich are usually a major concern of forecasting sys-
tems. The comparisonsare performed with 242 stations over
Europe. Each selected station has a reasonable amount of
measuremers (at least 30 peak measuremens during the
126 days of the comparison period). There are 27,000 peak
obsenations and 620,000hourly obsenations.

Following US EPA [1991], we rst evaluate the results
with the normalized bias (MNBE), the mean normalized
grosserror (MNGE) and the daily unpaired (in time, paired
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in space)peak prediction (UPA). A cuto levelof80g m 3

is usedand the errors are evaluated as\computed minus ob-
sernved" (a positive bias represerts overestimation). A simu-
lation is assessedhrough the amount of stations that match
the most-restrictiv e EPA suggestedperformances: 5% for
the normalized bias, 30% for the normalized gross error
and 15% for the unpaired peak prediction accuracy. The
root mean square (RMS), the correlation and the overall
bias of all daily ozone peaksare also reported in Table 7.
The mean normalized grosserror is within the EPA lim-
its at almost all stations for all simulations except for the
simulation 2 with the Louis closure: for this simulation, the
underestimation is indeed too high ( 826g m 2 on the
peaks). Simulations 1 and 10 also have a strong bias on the
daily peaks, but they do not underestimate all concertra-
tions above 80g m 2 as much as simulation 2. In this
case,the MNGE doesnot distinguish the simulations, even
if other indicators give a wide spread. One might consider
that the uncertainty due to the parameterizations is below
the error that the EPA limit onthe MNGE can detect. This

Table 8. The 16 simulations set up with the four alternativ e
parameterizations.

# Emissions Deposition Turbulence Chemistry
a Ground Zhang Troen & Mahrt RACM
b  Ground Zhang Troen & Mahrt RADM 2
¢ Ground Zhang Louis RACM
d Ground Zhang Louis RADM 2
e Ground Wesely Troen & Mahrt RACM
f  Ground Wesely Troen & Mahrt RADM 2
g Ground Wesely Louis RACM
h  Ground Wesely Louis RADM 2
i Two layers Zhang Troen & Mahrt RACM
j  Two layers Zhang Troen & Mahrt RADM 2
k Two layers Zhang Louis RACM
| Two layers Zhang Louis RADM 2
m Two layers Wesely Troen & Mahrt RACM
n Two layers Wesely Troen & Mahrt RADM 2
o Two layers Wesely Louis RACM
p Two layers Wesely Louis RADM 2

Table 9. Means and standard deviations of the ozone con-
centrations (g m 3) and their daily peaks for the sixteen
simulations. As for the whole concentrations, the relativ e stan-
dard deviation of the meansis 15%, and the relativ e standard
deviation of the standard deviations is 20%. As for the daily
maxima, the relativ e standard deviations are 8% and 28% re-
spectively.

All concentrations Daily maxima

# Mean Standard # Mean Standard
deviation deviation
g 69.26 35.71 g 97.58 35.03
c 68.94 34.23 c 9571 33.50
o 70.14 31.94 0o 95.32 31.39
k 69.73 30.52 k 93.29 30.17
h 56.17 27.08 e 102.39 23.38
e 85.18 26.19 a 100.92 22.62
d 56.26 26.07 h 80.91 21.75
a 84.92 25.11 m 99.36 20.70
p 5847 24.49 d 79.80 20.67
| 5841 23.46 i 97.90 20.10
m 84.49 22.84 p 80.67 19.82
f 7727 21.96 | 79.29 18.96
i 84.23 2181 f 92.72 17.12
b 77.11 21.14 b 91.49 16.75
n 7751 19.30 n 90.85 15.73
j 7734 1850 j 89.61 15.50
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is rather speculative since only single changes were intro-
duced in the simulations and, in the next subsection, it is
shown that the amount of stations below the MNGE limit
can increaseif sewral changesare introduced at the same
time.

Meanwhile, there is a high uncertainty in the concertra-
tions above 80g m ° according to the normalized bias
statistics. The amount of stations whose bias is acceptable
( 5%) rangesfrom 7% to 62%. In the opposite way as for
the MNGE, the MNBE test may be questionable precisely
becauseof its variabilit y. A conclusion may be that this test
is too sewereto berelevant: a good percertage of acceptable
stations would come mainly from a favorable con guration
of the model. The uncertainty in the model is too high to
grant a reasonablevalidity for this test.

The UPA statistics are also well spread but they show
a lower variabilit y: their relative standard deviation is 9%
against 37% for the MNBE. In comparison, the RMS and
the correlations vary slightly with 6% and 3% respectively of
relativ e standard deviation among the simulations. There-
fore the correlations do not provide substantial information.
Moreover the correlation betweenRMS and 1 - UPA reaches
90%, which meansthat it is essemially uselessto compute
both.

Finally there is a rather high uncertainty in the peak lev-
els: almost 20g m 2 of bias between simulations 1 and
15, with mean obsened-peaksat 103g m 3. Nevertheless
the standard deviation of the biasesis only 4g m 2. This
means that an overall bias is not detailed enough to show
the uncertainty.

Evenif theseresults can only barely be generalized,de n-
ing indicators adequately related to the uncertainty in the
modelsis not an easytask. They are supposedto distinguish
simulations and, at the sametime, to be robust enough to
changes(within the uncertainty range) in the models. None
of the previous indicators seemto be balanced enough for
this purpose.

4.4. Combined Changes

In this section, we try to estimate the impact of com-
bined changes: seweral parameterizations are changed at the
sametime. All combinations of the parameterizations and
the numerical choicesintroduced in Table 1 cannot be ap-
plied becauseof the computational costs (there would be
184,320simulations). Henceonly four alternativ esare kept:
the Louis closure, the RADM 2 mecdhanism, the deposition
velocities as computed in Wesely [1989] and the vertically
distributed emissions. The rst two parameterizations are
included due to their strong impact, the third one due its
improvemerts in the results ascomparedto the obsenations
and the fourth one becauseof its low variabilit y. Refer to
Table 8 for the list of the simulations.

Table 9 shows the spread on ozone peaksfor the new set
of simulations. It should be compared to Tables 2 and 4.
The spread is clearly higher in the new set of simulations.
As a consequencethe whole uncertainty due to the param-
eterizations cannot be easily assessedn the basis of single
changesin the parameterizations. The results from the pre-
vious sectionscannot claim more than an estimate of a lower
bound on the uncertainty.

The same is true about the error statistics. Even the
MNGE limitation ( 30%) is not satis ed by more than 90%
of the stations for 6 simulations of the 16. Five simulations
have a root mean square above 30g m * whereas none
of the previous twenty simulations reachessuch a RMS (see
Table 7). It is obviously due to the combination of changes
that individually contribute to decreasethe concertrations:
the underestimation is then worsened.

The \cum ulativ e underestimations" can be seenin Fig-
ure 6 (to be compared to Figure 4). For instance, the sim-
ulation that combines the Louis closure and the chemical
mechanism RADM 2 shows low concertrations. The non-
linearity even increasesthis e ect. In Figure 7 we compare
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Figure 6. Ozonedaily pro le for the sixteen simulations.
The dots represert the referencesimulation (#a), the di-
amonds represert simulation b (RADM 2), the squares
represert simulation ¢ (Louis closure) and the triangles
represert simulation d that combines the Louis closure
and RADM 2.
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Figure 7. Ozonedaily prole of the referencesimulation
a, simulation d (Louis closure and RADM 2) and the lin-
ear combination V#c + #b - #a" that adds linearly the
e ects of simulations b (RADM 2) and c (Louis closure).
The non-linearity increasesthe impact of the parameter-
izations and the concertrations of simulation d are closer
to the reference concertrations than the concertrations
of the linear combination. It is especially true for the
peak.

the simulation d (Louis closure and RADM 2) and the lin-
ear combination \#c + #b - #a". Both should be equal
if the dependenceswere linear. The concertrations of the
simulation d are even lower than the concertrations of the
linear combination. This meansthat the uncertainty is not
additiv e.

The mean spread (relative standard deviation of the
ensenble) of the daily-prole concertrations reaches 16%
(against 6% with single changes). The highest spread is
reached at 0400 UT with 23%. The spread on the peak is
9%. Notice that this spreadis a measureof the uncertainty.
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Another measure is the relative standard deviation of
all concertrations, not of the mean prole. The rela-
tive standard deviation is computed for concertrations in
[40g m 3:130g m 3] to include only the main concen-
trations (refer to the relativ e frequency distribution shown
in Figure 5). Figure 8 shows the relativ e standard deviation
versus ozone concertrations. The average of the relative
standard deviation on this interval is 17%. The lowest con-
certrations have the largest uncertainty. It meansthat the
processesat night are sensitive to the available parameteri-
zations. The turbulence closure plays an important role at
night when the valuesof the vertical di usion coe cien ts are
hard to estimate in stable conditions and at the top of the
rst layer. As for the daily peaks,the relative standard de-
viation, computed over the whole domain and with all days,
reaches11%. It is dicult to determine the reasonwhy the
peakshave a low uncertainty as compared to the other con-
certrations (Figure 8): it may be due to lessuncertainty in
all parameterizations, or the peaksmay be sensitive only to
a few leading processes. For instance, the turbulence may
be less determinant in well mixed conditions whereas the
photochemical activit y is strong at the sametime.

The ensenble is not equally spread everywhere in the do-
main asshown in Figure 9. The uncertainty measuredby the

0.4

Relative standard deviation

Figure 8. Relative standard deviation of the ensenble
versus ozone concertrations. The average standard devi-
ation is 17%.

Figure 9. Relative standard deviation of the ensenble
for concertrations in [40g m 2;130g m 3]. The aver-
agestandard deviation is 17%. The uncertainty is notably
high along the coasts.
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standard deviation (for concertrations in [40g m 2;130g
m 3]) is high around the coastsand it tends to be high in
polluted regions (Southern regionsand, due to the emissions,
in Great Britain and Poland). In Northern lItaly, the Alps
are also asscaiated with a high uncertainty. The uncertainty
on the peaks has the same spatial distribution. The turbu-
lence closure may notably explain these uncertainties, and
the chemical mechanism has probably a strong impact close
to the emission locations. However a more detailed study
of eath processis necessaryto properly analyze the spatial
inhomogeneities due to ead process.

5. Conclusion

It has been shown that a chemistry-transp ort model is
sensitive to its physical parameterizations, to the assaiated
input data and to the numerical approximations. The tur-
bulent closure and the chemical mechanism intro duce the
highest uncertainty. The overall uncertainty, measuredwith
the relative standard deviation of an ensenble of sixteen
simulations, is estimated at 17% for the common concertra-
tion levels and at 11% for the daily peaks. It has been
shown that this uncertainty was notably high along the
coasts. The uncertainty is too high to let any con guration
of the chemistry-transp ort model fully satisfy the common
requirements in comparisons with obsenations. This low
robustness suggeststhat ensenble approachesare necessary
in most applications.

A remaining question is whether these conclusions are
limited to the Polyphemus system, even if this system in-
cludes commonly used parameterizations. Moreover, this
work should be extended to aerosol modeling for which
many physical parameterizations and numerical algorithms
are alsoavailable (hybrid models, nucleation laws, etc.). An-
other extension deals with the uncertainty due to the input
elds to the model such as the meteorological elds or the
emissions.

In a next step, one may want to take advantage of the en-
senble to provide improved forecasts. The point is to nd
(actually to forecast) the best combination of the models, as
an improvemert of the ensenble-mean or ensenble-median
approaches.

Ac kno wledgmen ts. The rst author is partially supported
by the fle-de-France region. We thank Robert Vautard (IPSL)
who provided us with the ozone observations.

Notes

1. U.S. Geological survey.

2. Global Land Cover Facility.

3. Co-operativ e Programme for Monitoring and Evaluation of the
Long-range Transmission of Air Pollutan ts in Europe.

4. The relativ e standard deviation is the standard deviation di-
vided by the mean.
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Statistical measures

Notations:  Let y be the vector of model outputs and
let o be the vector of the corresponding obsenations. These
vectors both have n componens. Their meansare y and o.

Relativ e standard deviation:

q : 5
Loy
n i=1
Al
y (A1)
Bias:
1 X
Bias = = yi o) (A2)
i=1
Root mean square error (RMS):
U
_paX 2
RMS = o (vi o) (A3)
i=1
Correlation:
i ( ) ( )
. i Oj 0
correlation = g-p——="= Y yP (A4)
n 2 n 2
i=1 (yl y) i=1 (Oi 0)
Mean normalized bias error (MNBE):
Xy .
MNBE = = YO (A5)
n Oj

i=1
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Mean normalized gross error (MNGE): Unpaired peak prediction accuracy (UP A): For one
day:
MNGE = EX] lyi_oj (AB) ymax Omax
n o] UPAday = — (A7)
i=1 Oomax

The UPA is then averagedover all days.



