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1 Abstract

Air quality assessment can be performed using:
» Monitoring network covering the region of concern.
» An integrated mesoscale modelling system.
» Assimilation techniques, which couple observatiand simulation results.

Within the frame of the AIR4EU project, AIRPARIF a$e to focus on data assimilation
methods which allow improving air pollutant congatibn estimation and reducing
uncertainties from dispersion models.

Two data assimilation methods are currently usellIRPARIF, that is anisotropic statistical
interpolation and innovation intrinsically Kriginghese methods are applied to the POLLUX
system outputs for daily air quality index mappihgthe Paris case study, we aimed for two
objectives: first, to extend the assimilation pss®s to the new ESMERALDA forecast
system and then to get an evaluation of the 2 tqaks for ozone.

After a short description of these methods and thaéaptation to the ESMERALDA system,
we present their evaluation against measuremeflestmal from the monitoring network. The
total error made on ozone concentrations is themated and compared for the two methods.

Standard deviation maps have been also plottedsellmoaps allowed us to visualize the
spatial distribution of 0zone concentration undaties for the two data assimilation methods.

2 Case study description

2.1 Background

Air quality assessment in lle-de-France regionedgrmed using different tools:

» A monitoring network covering all the region.

» An inter-regional emission inventory elaboratedhilyi with the Esmeralda project
partners (Haute-Normandie, Nord Pas-de-Calais,r@l&aCentre and Champagne-
Ardenne regions).

» 2 integrated mesoscale modelling systems POLLUKE®SMERALDA.

2.1.1 Monitoring Network

The AIRPARIF monitoring network includes 46 autoimadir quality stations in lle-de-
France. They are classified as:
» “Urban background” stations (25).
» “Suburban background” stations (6) located in tineusbs of Paris agglomeration.
> “Regional background” (8) stations located outdide urban area, almost in the
countryside.
»> “Traffic stations” (6) located directly on streeffew meters from traffic) with
heavy traffic conditions.
» 1 observation station situated on Eiffel Tower @Gdr3.

Those stations monitor pollutants such as CO,, 3Dy, PM10, PM2.5, BTEX and ©
depending on their classification and location.
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In the frame of the AIR4EU project, we focused oro@e and used 26 monitoring stations
classified as follow:

» 14 “urban backgroud” stations in the agglomeratibRaris.

» 4 “suburban background” stations

» 8 rural background stations

The map in Figure 1 shows the location of the aialiy monitoring network in lle-de-

France/Paris used in the framework of AIR4EU. Thgl@meration of Paris spatial coverage

is represented in pink.
y
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@ Rural background stations

AObservation stationg

Figure 1: Ozone monitoring stations in lle-de-Frarcused in the AIR4EU project

In the frame of the Esmeralda project, monitoritegisns from region partners have been
also used. They are illustrated in the followingufie:

W
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Figure 2: Ozone monitoring stations in lle-de-Framcused in the AIR4EU project
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2.1.2 Integrated modelling systems

2.1.2.1 Emission | nventory
Within the frame of the Esmeralda project, the sagpartners shared also their experience
and knowledge of their home region in order to efate a common emission inventory.

On the following maps, the gridded inter-regiondMYOC and NG annual emissions are
presented.
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Figure 4: NOx Emission rates: t’/km2/year
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lle-de-France is of special interest among thesegéns because of its particular situation.
Actually, lle-de-France region spatial coverag&2s000 kmz2 (2% of the whole country) with
12 millions inhabitants (20% of the French popuwla}i Within this region, Paris covers about
105 km? and has 2.144 millions inhabitants. As@segquence, air pollution in Paris is mainly
related to road traffic emissions. In order to @ettstimate those emissions, a real-time
evaluation system has been developed in the frdrtteedHEAVEN European project. “Real
time” traffic data are collected by the system asdd in a traffic model in order to provide
information on the whole traffic network, that idbaut 35000 portion of roads. This
information is updated every hour. “Real time” fimemissions are then calculated using the
COPERT Il methodology and a detailed descriptibthe fleet composition, specific of the
lle-de-France area.

2.1.2.2 Air quality forecast systems

The POLLUX and Esmeralda forecast systems usehtémical transport model CHIMERE
developed by LMD/IPSL (Laboratoire de Météoroloddgnamique/Institut Pierre Simon
Laplace). Emissions are from the inter-regionalemery and from the outputs of the
HEAVEN system.

The POLLUX system is operational since 2001 and asemeteorological forcing, outputs
from ARPEGE (run by Météo-France). The systemisdaily, on 2 domains:

» A 6km resolution domain covering the lle-de-Fraragion.

» A 3km resolution domain covering the Paris agglatien.

Boundary conditions are calculated using back-ttajgees from Météo-France following the
back-plume algorithm from Vautard and al.

The Esmeralda system has its own meteorologicatfate. The mesoscale meteorological
model MM5 is used as meteorological processor #dMERE. It is run daily and provides
meteorological forecasts from Day-1 to Day+2. MM5forced with GFS (Global Forecast
System) products from NCEP (National Centers fovieBmmental Predicion). CHIMERE is
run over 7 domains:

» A 9km resolution inter-regional domain covering hEsmeralda partner regions

» 6-3km resolution domains over the 6 regions.

The mother domain uses as boundary conditions tufpom PREV’AIR, the national air
qguality forecast system: this system is run by INERver Europe with a 0.5° spatial
resolution.

The 6 internal domains are forced by the outputsifthe mother domain.
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2.1.2.3 Data assimilation

In addition to these systems, AIRPARIF performsadesimilation in order to inform the lle-
de-France population about the current air qualityation. This has been set-up under the
frame of the POLLUX system:

» Air quality index maps are produced every day fog previous day: it deals with
ozone, nitrogen dioxide, sulphur dioxide and paftite matter (PM10). Data
assimilation is performed using outputs from theéast system for the day before.

» In an operational way, outputs from the forecasiteay are corrected with the
pollutant measurements collected from the monitpmetwork every day at 16:00
(LT) to produce air quality index maps.

» Ozone and nitrogen dioxide maximum concentratictepas are also produced daily
with a different data assimilation system.

Finally, the results of the data assimilation pss&s published on the AIRPARIF web site are
air quality index maps or concentration maps basegdollutant maximum concentrations for
ozone, nitrogen dioxide and sulphur dioxide and pmilutant mean concentrations for
particulate matter (PM10).

The data assimilation techniques used in AIRPAR#saquential and various:
» To produce the concentration patterns, statisticalpolation is performed on ozone
concentrations and Innovation Kriging on nitrogéoxale concentrations.
» To produce the air quality index patterns, the agHg technique is performed.

For the moment, the assimilated concentration dieliet not used as initial conditions for the
forecast systems, as the concentration evolutiothén vertical direction can’t be easily
estimated.

The aim of data assimilation implementation in AFRF was to improve air quality
assessment and information to public, as assimilailows reducing uncertainties inherent
to measurements and modelling (Deliverable 4.2).

Data assimilation for air quality index maps
The air quality index maps are produced using BRATISO© geostatistical software. Co-
kriging is performed on pollutant concentrationshwnodel outputs as co-factor.

Like all geostatistical techniques, co-kriging uspatial correlations to interpolate data. This
assimilation technique is used with fixed variogsafbased on annual mean concentrations),
that is to say they are not updated with the cimegasurement data.

Data assimilation for ozone and nitrogen dioxid@@entrations:

The programs used for ozone and nitrogen dioxidpsnteave been developed within the
frame of the PHD of Nadége Blond (from LMD) [1]ASsimilation de données
photochimiques et prévision de la pollution tropespgue”. The author has applied and
compared several sequential data assimilation tgebs for air pollution cartography over
the lle-de-France region: In particular, statidticaerpolation using innovative method to
model covariance matrices and innovation krigingenlaeen applied to lle-de-France. Within
this work, representativeness errors of measuredaatare evaluated and taken into account
in the calculations.
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Further more, variogram modelling is performed atrg time step and uncertainties are
calculated.

2.2 Aim and description

Even if several assimilation techniques are applaaily in AIRPARIF to produce
concentration or air quality index mapping, for aahand inter-annual calculations, only
measurements are used to estimate compliance vatidaxds and national or European
thresholds. Moreover, those techniques have nat adepted to the Esmeralda system which
represents a strong improvement of the previowechst system.

As a result, AIRPARIF has set-up a data assimitafwoject which objectives are the
following:

» First, to harmonize and extend the assimilatiorcgsses in the daily air quality map
production. In the harmonisation process, the besimilation technique should be
selected and adapted to the pollutant nature.

» Secondly, to adapt those techniques to the Esnzesgiktem and finally to produce air
pollution maps and associated uncertainties owe6ttifferent regions of the project.

» Thirdly, in the yearly air quality assessment, taberate the calculation process in
order to produce the annual maps combining monigosind modelling.

» And finally, to produce uncertainty mapping of thie pollutant patterns, based on the
selected assimilation process.

As a consequence, the Paris case study is pdmbptoject as AIRPARIF could benefit the
scientist feed-back on the evaluation of the adatran techniques.

As a result, the Paris case study should lead beteer understanding of the assimilation
techniques:
» Evaluate assimilation parameters in the polluti@apping process.
» Evaluate assimilation techniques according to tldufant type and dispersion
behaviour.
» Analyse uncertainty mapping.

Within the frame of the AIR4EU Paris case studyprez assimilation has been tested and
evaluated for Statistical Interpolation and InnawatKriging. The selected period of interest

iIs summer 2005 for which the outputs of the Esndaralystem and the monitoring data from

the 90 stations presented in figure 2 have beaadrt.

2.3 Relevance to recommendations in AIR4EU

The main objective of data assimilation processesoireduce uncertainties in modelled
concentrations. As a consequence, the Paris cadg istvestigates several recommendations
relatives with model uncertainties (Ref D4.1-88)eTtiwo AIRPARIF forecast systems have
been evaluated against monitoring data for a lomg {2]. Those evaluations are based on
statistical indexes (Ref D4.1-88.2).
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The results of those validation processes have shgame good agreement of predicted
ozone peaks with measurements but uncertaintiese anhen looking at hourly values.
Nevertheless, those uncertainties are usual tisgdersion or chemical transport models

» 0Ozone and nitrogen dioxide peaks occur when wiregdp are weak. This is often the
case in the Paris area for ozone and nitrogen d@koxn particular, the latter pollutant
peaks occur during stable atmospheric conditiorik \@w boundary layer height in
the early morning or in the evening during or aftex rush hours. Stable and low wind
speed condition modelling is still of great chagjerto forecast and especially in urban
areas like Paris where urban meteorology is diffitmumodel.

» Uncertainties in emission data are inherent tontla@ipulated kind of data: actually,
emission methodologies use strong assumptions assiem processes (Ref D4.1-
84.6) as they are not always well understood amghéeal profiles are usually roughly
evaluated. (Ref D4.1-84.5).

» Speciation profiles used for aggregated speciesggeegation and the associated
chemical schemes are also rough estimates of thespheric chemical processes in
dispersion models. Turbulent vertical transpordlso factors that are quite uncertain
in dispersion modelling.

This is important for modellers to keep in mind thlht kind of uncertainty sources. This is
also those constraints that point-out the dataralsdion usefulness for air quality assessment
at any time resolution.
As a consequence, the Paris case study investigatextal recommendations relevant with
the “Integration and data assimilation for assegsain pollution at urban/agglomerate scales”
paragraph. These include:
» Model uncertainties that has been evaluated throngtiel bias estimation and error
covariance matrix “modelling” (Ref D4.1-89.1.1).
» Representativeness errors that have been evalthatagjh an observation bias (Ref
D4.1-89.1.2).
» Assimilation assumptions relevant with the seleatath assimilation technique (Ref
D4.1-89.2)

3 Methodology

3.1 Presentation of the assimilation data techniques implemented
in ESMERALDA in the framework of AIR4EU
In order to use model outputs with observations,use two methods to analyse ozone and
nitrogen dioxide concentrations in POLLUX systewr (fe-de-France):
» Statistical Interpolation (for O3)
» Kiriging (for NO2)

Some definitions:
Z' average real state

Z" model output ang®=2Z"-Z" the model error

Y° observations

H is the observation operator representing the potation for grid cells to the
measure points

£°=Y°-HZ' is the observation error vector (the sum of atrimsent error and an

representativeness error).

Z*? analysis vector. This is the resulting vectorrafte model output correction.
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3.1.1 Statistical Interpolation
General formulation

Z2 =27 +K[Y°-HZ"] 1)

K is the weight matrix of the linear interpolatioVeights are calculated in order to get the
best possible analyses, that is by minimisatioeradr variance:

K=BH'[HBHT +R]™ (2)

To calculateK , the model error covariance matrii J and the observation error covariance
matrix (R) have to be calculated.

The general expression of the analysis can bdyinaltten as follows:
p
Z7(s,) =Z°(s.) + D Wi (8,)(Y°(5) — Z°(s0)) 3)
k=1

If the observations and the simulations (model oi)tpre not biased, the weights are solution
of the following system:

p
Uk =1,...p = numberof stations ZW, (s)[Be; * R 91 = B, (4)
=1

s, grid node,s, ands measure points.

We also need to estimate the model and observhtases to subtract them from® and

HZ" in the equation (1). The problem is that we dénow these elements (error covariance
matrices and bias). They have to be estimated.

Estimation of the global bias (addition of moded$and observation bias)

The main difficulty in estimating the model biadathe observation bias is to evaluate what
is due to the model and what is due to the observat

The average concentration simulated by the maslelsed as a criterion and the model bias is
supposed to depend on it linearly (figure 5). Atineation ofthe model biaat the measure
point can therefore be performed and based orrélagonshipthe model bia®n grid nodes
can be also evaluated: it is actually evaluatethbyinear relation.

The observation bias (or more precisely representds error) is deduced from the
following:

Ele°(s)]-E[€°(s)] = E[Y°(s,) = Z'(s)]- E[Z°(s.) = Z'(s,)]
= E[Y°(5,)-Z°(s,)] (5.a)
=> E[e°(s, )] = E[Y°(s,)-Z°(s)] + E[£°(s,)] (5.b)
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CZP =7y (ugim™)

The observation®’°, the simulated concentratior®” and the observation operatbhave

been evaluatedE[£°(s, )has just been calculated, atige observation biagan now be
estimated using equation 5.b.
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Figure 5: Bias at 07h and 15h UTC calculated ovéretsummer 2005 for Esmeralda area.
The empty rounds represent the urban stations, lt&ck squares the rural stations and the
mauve triangles all the others stations.

Currently, the observations in the programs ar@ss@d not to be biased.

Estimation of error covariance matrices

A heterogeneous and anisotropic correlation malebnsidered. Innovation correlations are
plotted against the observed ozone concentratiamelations. As a consequence, the
correlogram is heterogeneous and anisotropic @@irThe observed ozone correlatioae
used as criteria to estimate the model error canass.
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Figure 6: Innovation correlations against observemncentration correlations (the
category “others” corresponds to the correlationsthvall the others stations). Urb means
urban station, Rur, rural station

The B,, terms are estimated by usiige simulated ozone concentration correlations
because we don’t have observations at all grid siodiee B, are also estimated by the
modelled concentration correlations in order toidwscontinuity problems.

A correlation model is adjusted with the followifughction:
1-d 1-d)
f.(c)= 1+T ex B , with -1<c<landL= 0 (6)

B, is now obtained by multiplying the correlation ded, f., by the innovation standard

deviations to obtain covariances.
The variance of the model error is estimated withihnovationvariance and the value of the
correlation model when the model concentrationedation is equal to 1.

The weights of the interpolation and the analysistor can now be estimated.
The analysis error variance is obtained by caltgat

02(5,) =B, ~ > W, (5,) By, @)

which is equivalent to the data assimilation uraiaties.

3.1.2 Kriging
The general formulation for Kriging is the follovgn

2(3,)= ) W (3)V°(5) ®

In this method, the observations are used to ewirttee values at any node of the grid.
Instead of observations, in the method implemeinteAIRPARIF, Innovations are used in
order to use model outputs and observations: inmva are differences between observed
and modelled concentrations.

Applied to innovations, the general formulation bees:

X2(5)=3 W, (3)X°(5) ©
2%(5,)=2°(3) + Y W (3)X°(5,) (10

In this method, the variogram is used to modeliapaariations. Errors of predicted values,
estimated from their spatial distributions are th@nimised.
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Looking at equations, Kriging and Statistical Ipiation formulations are very close. The
only difference is in the estimation of the intdgimn weights. In the Kriging method, they
are calculated with statistics a@patid data instead ofpatial and temporadata in the
Statistic Interpolation method.

In the Paris test case, an Intrinsically Kriging used, which supposes that'(s 23
Z'(s)-Z"(s) is intrinsically stationary instead of only statéy in ordinary Kriging. This is
the preferred method as it avoids problems of itdimariances:

O(s,,s,), E[X'(s) = X'(s,)] =0 (11.a)
O(s1s,), %Var[x‘(sl)—xt(sz)] =y(s.,S,) (11.b)

¥(s,,s,) is thesemi-varianceof differences between twX' values. Those differences are

called increments. The method consists in suppasiagthose increments aséationary of
order 2 (instead of the values for the ordinarygikm).

The weights of the linear interpolation are solnsi@f the following linear system:

Tk =1 K, WSV +Rid -4 = e, (12.2)
>w =1 (12.b)

s, grid node,s, ands measure points and Lagrange parameter.

Measure points separated by the same v¢s;ef§| are used to calculate the semi-variances.

Classes of distance are defined and the semi-vasaare calculated with every station k and
| separated by the distarjslg— S | =h . As observations are not numerous enough, a talera

is considered:

Nj:{(sk’S);

o L] L
s, —s|- @] —1)5 <§+r} (13.a)

T, tolerance and. step of class.
1
h === ls—s| (13.b)
Ni N;

Instead of plotting a correlogram, we plot a varasg considering the classes of spatial
differences. The variances are calculated for ttlaskes:

1 o o .
ZW(hj):WZ(x (8)-X°(8)  j=1..J (14)
il N
Whatever the class, these variances always caottt@iobservation error variance:

2/ =El(X°(8) = X°()A=20,, + 2 (R +R, - 2Ry 5,)) (15

The following exponential function has been used:
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y(h) = c(l— exp{— ED +0? (16)

0 50 100 150 200 250 300 350 400 0 50 100 150 200 250 300 350 400
700
A
400 A
“ 800 4 a L
A L & 4 A A
a A A
a .
il L.
______ - A
| . a® . 500 |
i z s a
3004 i, / i
/ | » a i A A A A A
E | A E ! A
c | i = 400 | &
i I i [
3 | i A
= a00] | ! =
E 1/ | ‘E s004{4 2
n | range A I | "
5] d (] A
la |
| I [ A
200/
| | | A
100 ! 3 | L oa
| | &
| 07h UTC it 15h UTC I
I
I
I
0 . ! , - . 0 . ‘ . :
0 50 100 150 200 250 300 350 400 0 50 100 150 200 250 300 350 400
distance (Km) diztance (Km)

Figure 7: Exponential variograms at 7h UTC and 136TC

Some different functions can be used to fit varogs:

2
> Gaussian y(h)=c(1—ex;{—h—2D+J§
a
2 3 5 7
> Cubic ) =c, +c 7@) —3—5(Dj +Z(Dj —§(Dj if h<a
a 4 \a 2\a 4\ a

y(hy=c,+c if hza

To estimatec, a and o coefficients, we usé.evenberg-Marquardt Metho¢also called
Marquardt Methogl for non linear model.

The exponential function is able to model large eaofyvariograms.

Finally, the weights of the interpolation and tmalgsis vector can be estimated. The analysis
error variances can also be determined. The latebe seen as kriging uncertainties:

02(8,) = YW (S) * Var Vs — 1 17)

k=1
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3.2 Evaluation methodology

To evaluate the analysis method efficiency, analgsisr statistics are calculated for each
hour: the statistical parameters used are standawiation and bias. In order to do it
objectively, Jackknife method and leave-one-outho@tare used. More over, maps of
uncertainties can be plotted.

The methods have been tested for June 2005. Thei@mosmrerror matrices, for the Statistical
Interpolation, have been estimated using July, Atignd September 2005 data.

3.2.1 Jackknife

This is a resampling method (comparable with Boagstnethod) used to estimate, as well as
possible, statistical parameters when the samplahgr weak. Jackknife is used to minimise
the bias and the variance of the classical standawihtion estimatoo. In our case, this
method have been chosen because of its easy imuiigioa.

An error sample for each measure point at any abtained thanks to analysis results and
observations. The Jackknife method is then appbetthdase samples in order to estimate the
standard deviations.

An error sample for the maximum values of conceiutnas also calculated.

3.2.2 Leave-one-out

To create the error samples, a leave-one-out mettaod also be used. Sequentially,
observations collected at one measure point aréexn the analysis process. These omitted
observations are afterward statistically compargh the resulting analyzed field.

Leave-one-out allows checking the robustness diyaisamethod.

AIR4EU - Deliverable 7.1 Part x - Paris case stughort - Comparisons of data assimilation methodststn scale - 14 -



4 Results

4.1 Presentation of the study results

4.1.1 Comparison with the model output

As for the analysis error samples, simulation esamples for ozone are calculated for each
measure point at any hour during June 2005. Theediasd standard deviations of each
sample are then compared.

In the next table, biases and standard deviationedch monitoring station are compared for
June 2005:

Station Biais simulation| Biais 10 | Biais |0 (leave) | Biais Krigeage | SD simulation |SD 10 SD 1D {leave) | SD Krigeage
lle de France
Aubervilliers 1483 -0.85 -1.08 0.50 26.00 7 887 7
Cachan 17.58 1 121 263 2631 6.36 758 8
Cergy Paontoise 914 0.2 025 -1.10 2359 924 1214 765
Garches 864 3 421 348 55 1022 1438 102
Gennevilliers 083 -272 -312 -3.45 2371 7.88 833 777
Loghes 0.50 278 343 -116 2413 121 375 993
Mantes 308 1.43 191 186 3011 1265 6.03 792
Melun 033 -0.57 -0.81 012 21.80 955 288 787
Maontgeran 20.07 805 978 679 243 986 193 10.07
Mewill 813 13.91 15.78 1410 31.3 1391 573 ikl
Paris 01 3596 -4.06 -4 66 -1.41 258 B66 759 7
Paris 06 1.64 -6.12 -7.03 -3.94 24.91 7.78 8.91 10.1
Paris_13 9.79 2.49 2.76 482 22.5 542 6.15 6.34
Paris_18 8.62 2.18 2.47 3.76 24.29 6.95 8.03 8.95
Trembla 714 5.49 7.69 267 25.10 18.62 26.08 16.15
Les_Ulis 532 -5.88 -7.49 -4.43 20.86 7.94 10.07 8.31
13.75 237 3.00 0.35 20.07 529 6.57 582
Vitr 12.3 -3.96 -4.3 -1.55 21.06 6.92 761 514
Fremainville 8.4 -0.93 Skl -1.80 26.72 9.97 2.66 5.81
Montge 1.7 -6.13 -7.9 -5.03 16.14 8.80 1.36 7.60
Saints 238 -3.78 -4.8 -4.18 16.14 9.70 2.44 7
St_Martin_du_Tertre 415 0.02 0.01 -4.45 24.95 10.70 4.19 7.2
Bois_Herpin 96 -4.88 -6.44 -5.74 26.04 8.70 1.47 7
Fontainebleay 61 -3.00 -3.44 -2.11 23.90 8.61 9.85 52
Pruna; 460 -2.42 -3.32 -290 26.80 968 1364 9.1
Rarnbouillet 04 -1.40 -1.71 -1.48 26.25 968 11.85 B2
Charnpagne-Ardennes
Cerna’ 12,39 353 4.10 375 174 585 681 467
Chaurnant 724 054 0.66 -1.73 18.24 607 7.50 352
La_Tour 8.66 0.29 0.35 075 17.85 .02 8.29 513
Langres 11.90 4.24 5.88 1.56 0.19 9.22 12.76 534
Mairie 15.64 6.31 7.37 .04 8.71 6.00 7.02 527
Murign 525 -3.50 -4.04 -2.70 6.90 5.40 6.23 461
Revin 6.68 3.05 417 112 4.81 9.76 13.35 6.92
aint-Dizier 10.38 299 3.49 0.45 3.77 9.25 11.13 5.96
- 6.19 -0.93 -1.07 -0.86 6.49 8.63 9.95 472
aint-Parres 7.50 -0.39 -0.44 -0.70 20.62 8.55 10.05 745
it 6.79 -1.45 -1.67 -1.37 16.34 5.42 6.31 3.87
Tingueusx 4.14 -4.13 -4.72 -3.97 17.99 5,99 6.86 562
entre
Blois_centre -4.10 -561 -6.33 -297 1322 546 8 391
Blois_nord 23 -9.03 -10.21 -5.45 18.55 877 5 27
Bourges_sud 957 226 65 0.90 20 827 5 24
Charnbord -0.46 -593 -6.4 -458 265 1065 1153 65
Chateauroux_Sud 268 -367 - -218 207 612 0 511
Déols 268 -3.74 - 212 19.10 725 851 404
Dreux_MNord 12,96 2. 2 127 19.08 1077 12.34 852
Fulbert 8.63 -0.74 -0 -2.92 25.19 8.61 .71 741
Gibjoncs 1.79 4.9 5875 3.02 2091 8.42 9.82 3.95
Jardin_Botanigue 7.96 0.21 0.24 0.45 23.69 8.67 10,02 7.22
oué_lés Tours 2.6 -4.45 5.14 -3.54 19.88 6.85 7.91 422
La_Bruyere 17.2 10.28 11.81 9.43 22.32 6.70 7.72 626
La_Source 8.3 1.59 71 0.28 20.97 7.53 8.12 3.90
Leblanc 7T 0.87 03 1.09 19.96 720 8.42 322
Lucé 19.7 10.21 11.4 7.84 19.10 o7 791 5.41
Oysonville 2 1.84 2.3 085 23.01 8.70 1031 6.83
Prefecture 19.32 12.85 13.3 9.81 20.20 8.76 9.28 438
St Jean 478 -1.12 Skl -3.18 22.62 8.13 6.64 294
Ville_aux_Dames 3.96 -2.87 -2.9 -2.66 22.56 9.20 10.40 728
Marigny-les-usages 6.23 -7.30 -7.76 £.47 29.40 9.75 10.38 4.00
Haute Marmandie
Bois_Gcosmonautas 9.00 -4.87 -5.50 -351 24.03 10564 11.84 664
Elbeuf 715 1171 12.96 10.04 2087 901 937 597
Foret de Brotonne 746 322 57 322 2161 1548 7n 821
Herriat 486 321 51 288 2356 702 1021 86
Horfleur 6.89 3.34 66 3.94 22.22 9.40 13.1 10
are_Rouge 9.35 -3.20 -4.24 -2.99 21.15 527 6.8 33
Mesnil_Esnard 8.04 -3.97 -4.4 -3.96 20.92 7.64 8.4 510
233 1.63 2.0 0.70 19.82 457 5.5 5.40
Palais_de_justice 15.00 0.27 0.3 236 22.33 B8.77 0.21 6.16
Phare_Aill 2275 9.03 12.3 6.57 2071 11.09 517 8.38
ofteville 10.61 -2.46 -2.7 -1.95 21.42 9.69 0.84 6.29
t_Romain 14,68 -0.78 -0.93 0.64 20.04 12.54 4.76 7.34
ugues 5.82 6.02 7.96 477 24.20 17.61 23.18 13.04
ssandier 13.07 1.25 1.43 087 23.91 10.40 11.89 545
Val_lton 9.69 -2.02 -2.29 -2.32 21.56 8.67 9.86 4.61
Picardie
Albert 015 -5.70 -675 566 17.55 775 17 B.66
Arrest 482 -6.20 -8.32 -385 2074 824 11.07 617
Beaurnont 7.00 033 116 -161 19.33 787 96 572
Chéteau_Thiern 8.4 25 285 097 2029 933 11.85 B 5!
Créc 112 99 270 250 '3.00 1218 16.50 a0
esbordes -0.2 -6.13 -6.99 -3.95 881 10,50 11.95 51
Faiencerie Creil g T2 2.15 0.77 764 98 .00 O
Hirsan 3 -2.23 =277 -1.15 3.72 71 .21 1
Paul_Bert -1.18 -6.80 -7 -4.53 5.28 90 7.82 98
Philippe_Roth 526 -0.67 -0.78 1.05 6.54 19 8.09 52
Roye 4.18 -2.24 -2.43 -0.44 & 0.20 1.04 5.84
Saint_Leu 593 -3.45 -3.96 -3.22 9.5 264 4.53 8.14
Salouel 20.04 11.3 12.55 9.71 7. 0.12 1.18 6.29
St Gobain 8.79 3.8 4.4 248 21.05 235 4.43 741
Moyennes 973 0.0 a. 001 2 881 064 6.60
Moyennes (urbain) 1123 0.8 037 093 2161 7.84 9.20 6.38

Table 1: biases and standard deviation (SD), at 15RC, on Esmeralda ozone stations, for Statistical
Interpolation (SI), Statistical Interpolation witHeave-one-out (Sl I-0-0) and Kriging.
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First of all, the observed differences betweeniStaal Interpolation sample biases and
Statistical Interpolation sample biases using adeane-out method are rather weak (station
averages at 15h UTC: 0.06 pd/and 0.09 pg/th with leave-one-out). The standard
deviations are a little bit more important, it meahat some errors are bigger using leave-
one-out method (station averages at 15h UTC: 8.8tjuand 10.64 pg/mwith leave-one-
out). But those differences are weak enough toidenghe assimilation data methods as
robust.

Secondly, biases and standard deviations at th®rsgaare on average much better for
analyses (Statistical Interpolation and Krigingaritfor Simulations. Nevertheless, this is not
true for all stations; actually, for stations witdw initial bias, this statistical parameter could
be slightly increased. This is the case for the @wx and Chambord stations. On the
contrary, important biases are significantly redlicenhis is illustrated in the next boxplots for
the Cachan, Elbeuf Chambord and Tinqueux stations.
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Figure 8: Error boxplot, for analyses and simulatiothe Cachan, Elbeuf, Chambord and
Tinqueux stations at 15h UTC.

Sl on the left, simulation in the middle and Krigoon the right.

In the figure 8, the average time evolutions of st@endard deviations for Sl, Kriging and
simulations are presented for urban and ruralstatiIn figure 9, the mean hourly time
evolutions of biases are plotted.
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Figure 9: Hourly Standard deviation plots - Analyseand Simulation plots on average on
urban stations and rural stations. Sl in red, simation in green and Kriging in blue.
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Figure 10: Hourly Bias plots - Analyses and simuiah plots on average on Esmeralda
ozone stations. Sl in red, simulation in green aKdiging in blue.

On the previous graphs, we can notice a significaprovement of the standard deviations
between the two data assimilation methods compaviégd the simulations. They are

decreased by a factor above 2. As a result, daiméation allows decreasing the error
variability and also the biases as it can be sedigure 9.

Further more, the percentage of stations whichelsiase above 10 pgirdecreases from 44%
for simulations to 4-3% for the analyses. For rgtations, the percentage is reduced to 7%.

The bias variability on all stations can be plotisthg boxplot:
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Standard deviation boxplot at 15h UTC
Simulation and Analysis comparison
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Figure 11: Bias boxplot, for analyses and simulatidor the Esmeralda ozone stations at
15h UTC. Sl in the middle, simulation on the lefhd Kriging on the right.

All these results show that applying data assimiatethods allow decreasing significantly
model biases and uncertainties.

4.1.2 Comparisons between the data assimilation methods
It's interesting to compare the two methods, ugingr biases and standard deviations.

Analysis method comparison using

Analysis method comparison using bias standard deviation
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Figure 12: Hourly Biases and standard deviation$t and Kriging on average over
Esmeralda ozone stations. Sl is in red and Krigirsgin blue.

Biases and standard deviations are both betteKifiging at any hour of the day. These

results has been established using only analysidtseat measure points: this is not surprising
as the variograms used in the kriging method arjestetl every hour whereas in the

Statistical Interpolation method, the covariancérioes are calculated using a climatology. In
order to compare the two methods on the whole gnelerror variance have been plotted for
each method. The results are presented ibJtieertainty assessmeparagraph.
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4.1.3 Example of the 20" June 2005
Analyses have been made on th& 20ne 2005.

This day, the simulation forecasted a plume @entre region (South of the domain).
Observations made in the plume, were not so impbrianalyses allowed to decrease the
concentrations predicted in this area while praagrthe simulation shape. The Maps are
presented in Annex I.

4.1.4 Method limits

When the predicted plume is situated between megsnnts, analyses can’t correct it. This
could be a problem, especially when the model tesue wrong.
The 14" June 20086, is a good example: the analysis magiijng) is presented in Annex |.

4.2 Uncertainty assessment

Error maps can be plotted for SI and kriging, abath methods, an error variance estimation
can be calculated (equations 7 and 17). Howevdordassessing and comparing the error
maps, we must keep in mind that the assumptionenrathe two methods are completely
different:

- In the SI method, standard deviations depend orcliheatology of the selected
hour: from one day to another, the error maps diffgr with the number of valid
measurement data.

— On the contrary, in the kriging method, the varaogs which represent the spatial
consistency of data with respect to the distaneesgaaluated at every time step: as
a result, the error maps could be very differeairfrone day to another depending
on the concentration patterns.

Error Maps for the 20June 2005 are presented in Annex |.

At the stations, Kriging gave better concentratiatues than Statistical Interpolation, but the
differences were very weak. However, over the wigoié, the Sl error is clearly smaller than

the Kriging error. In the Kriging error maps, wencaotice a lower uncertainty close to the

stations than further. The uncertainty increase @agovaway from the stations is linked with

the variogram range. Between stations, errors glyathepend on the variogram sill. Further

work should therefore be performed in order to eatd whether these results are specific to
the selected day. A study over June 2005 wouldrbbably more representative. Besides,
average standard deviations over July, August apde®hber for the kriging method should

be performed in order to be directly comparabldhte standard deviations calculated for
Statistical interpolation.

Nevertheless, it could be noticed that the spalistribution of monitoring stations is very
heterogeneous over the Esmeralda domain and copldiexhe shape of the kriging error
maps: in lle de France, the monitoring networkease enough while in less populated areas
like in the North, East and South of lle de Fratiiicis, not the case.

On the SI error maps, the standard deviation pettare smoother. The reason is that we

consider, in the implemented method, correlaticgtsvben stations and grid nodes instead of
distances.
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5 Conclusion and discussion

5.1 Assessment of the case study

Within the framework of the Paris case study, twalgsis methods have been used to
estimate, as well as possible, the real pollutamtcentrations in the atmosphere. These
methods use model outputs and observations frormtretoring network.

The first method is the Anisotropic and heterogeseBtatistical Interpolation. This method
is an adaptation of the classical Statistical jpdéation used in meteorology: it no more
considers covariances as function of distancesdmtwgtations but correlations.

The second method is Intrinsically Kriging, which used in mining sciences. This is a
Geostatistic method. Kriging is used to avoid statarity assumption, previously supposed
(in Sl case).

A comparison between these methods and the modeltsuconcludes with a significantly
better estimation of pollutant levels using datsiragation methods.

Concerning the differences between methods, wesagnhat Kriging seems to be a better
method on measure points while Statistical Inteapoh is better further. Nevertheless, some
additional work should be undertaken to compareipety the two methods. This will be
probably done in the next few weeks.

5.2 Improvements in assessment derived from the case study

This case study allowed us to get a better undetistgnof the SI and Kriging data
assimilation methods. Moreover, assimilation seeimsbe a very promising tool for
AIRPARIF needs:

» Annual datistics. Actually, for annual air quality assessment, radated
concentration patterns are significantly more k#éahan the model outputs. Further
more, using those annual concentrations with teecated uncertainties will allow us
to define risk assessment for limit value exceedanc

» Network optimization. Assimilation can also be used as a powerful to@stablish
the relevance of some stations or to determinesasb@re monitoring stations should
be needed.

5.3 Recommendations resulting from the case study

The recommendations from the AIR4EU deliverablesvadld us to get general information
about data assimilation: some key ideas about tmoges and the methods were also
pointed-out. Nevertheless, the case study showethaisit is absolutely necessary to have
sound mathematical and scientific knowledge to n@keect use of these methods. For such
algorithm implementation, statistical knowledgeesssential, especially the variogram and
covariance matrix concepts.
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» What has been performed
o Adapt the Ol and innovation kriging to Esmeraldaeys

o Evaluation of the two methods.

» The future developments
o Kriging, variogram estimation...
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7 Annex |

7.1 Ozone concentration maps for the 20" June 2005:

03, concentration at 15:00 in ug/m3 03, concentration at 15:00 in ug/m3
20050620 10 assimilated concentration field 20050620 | ion Kriging imil ion field

a) a 4 L - "
Figure 13: Analysed ozone concentration (Lgmjune, 20,2005 at 15h UTC. a) Sl, b)
Kriging

03, concentration at 15:00 in ug/m3
i d ion field

Figure 14: Simulated ozone concentration (Lgfinjune 20 2005 at 15h UTC.
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7.2 Ozone concentration maps for the 14" June 2006:

Assimilated ozone concentrations for the 14th RO@6 at 15:00
(ug/n)

Source : AIRPARIF

0
Figure 15: Analysed ozone concentration (ugin14" June 2006 at 15h UTC. Outputs
from the POLLUX systems are used

7.3 Standard deviation maps, linked with analysis uncertainties:

03 i iation at 15:00 in ug/m3 03 i iation at 15:00 in ug/m3
Mean iation — Optimal i iation - ion Kriging

507

0

a) - - - - - J b . X . . .
Figure 16: Standard deviation average for ozone centration estimation by Statistical

Interpolation (a) and Kriging (b).

AIR4EU — Deliverable 7.1 Part x - Paris case stughort - Comparisons of data assimilation methodshsin scale - 23 -



7.4 Ozone concentration corrections by data assimilation:

03 concentration corrections at 15:00 in ug/m3 03 concentration corrections at 15:00 in ug/m3

20050620 assimilated and simulated concentration differences - 10 20050620 assimilated and simulated concentration differences - Innovation Kriging

a) . : :
Flgure 17: Correctlons fo/m® ) applied to simulated ozone concentrations by Statal
Interpolation (a) and Kriging (b).
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