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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 observations and simulation results. 

 
Within the frame of the AIR4EU project, AIRPARIF chose to focus on data assimilation 
methods which allow improving air pollutant concentration estimation and reducing 
uncertainties from dispersion models.  
 
Two data assimilation methods are currently used in AIRPARIF, that is anisotropic statistical 
interpolation and innovation intrinsically Kriging. These methods are applied to the POLLUX 
system outputs for daily air quality index mapping. In the Paris case study, we aimed for two 
objectives: first, to extend the assimilation processes to the new ESMERALDA forecast 
system and then to get an evaluation of the 2 techniques for ozone.  
 
After a short description of these methods and their adaptation to the ESMERALDA system, 
we present their evaluation against measurements collected from the monitoring network. The 
total error made on ozone concentrations is then estimated and compared for the two methods. 
 
Standard deviation maps have been also plotted. Those maps allowed us to visualize the 
spatial distribution of ozone concentration uncertainties for the two data assimilation methods. 

2 Case study description 

2.1 Background 
Air quality assessment in Ile-de-France region is performed using different tools: 

� A monitoring network covering all the region.  
� An inter-regional emission inventory elaborated jointly with the Esmeralda project 

partners (Haute-Normandie, Nord Pas-de-Calais, Picardie, Centre and Champagne-
Ardenne regions). 

�  2 integrated mesoscale modelling systems POLLUX and ESMERALDA. 

2.1.1 Monitoring Network 
The AIRPARIF monitoring network includes 46 automatic air quality stations in Ile-de-
France. They are classified as: 

� “Urban background” stations (25). 
� “Suburban background” stations (6) located in the suburbs of Paris agglomeration. 
� “Regional background” (8) stations located outside the urban area, almost in the 

countryside. 
� “Traffic stations” (6) located directly on streets (few meters from traffic) with 

heavy traffic conditions. 
� 1 observation station situated on Eiffel Tower at 300m. 

 
Those stations monitor pollutants such as CO, SO2, NOX, PM10, PM2.5, BTEX and O3 
depending on their classification and location. 
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In the frame of the AIR4EU project, we focused on Ozone and used 26 monitoring stations 
classified as follow: 

� 14 “urban backgroud” stations in the agglomeration of Paris. 
� 4 “suburban background” stations 
� 8 rural background stations 

 
The map in Figure 1 shows the location of the air quality monitoring network in Ile-de-
France/Paris used in the framework of AIR4EU. The agglomeration of Paris spatial coverage 
is represented in pink.  

 
Figure 1: Ozone monitoring stations in Ile-de-France used in the AIR4EU project 

 
In the frame of the Esmeralda project, monitoring stations from region partners have been 
also used. They are illustrated in the following figure: 

 

 

Figure 2: Ozone monitoring stations in Ile-de-France used in the AIR4EU project 
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2.1.2 Integrated modelling systems 

2.1.2.1 Emission Inventory 
Within the frame of the Esmeralda project, the region partners shared also their experience 
and knowledge of their home region in order to elaborate a common emission inventory.  
 

On the following maps, the gridded inter-regional NMVOC and NOX annual emissions are 
presented.  
 

 

 

Figure 3: NMVOCs Emission rates : t/km2/year 

 

 

Figure 4: NOX Emission rates: t/km2/year 

NMVOC emission rates 
(t/km²/year) 

NOX emission rates 
(t/km²/year) 
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Ile-de-France is of special interest among these 6 regions because of its particular situation. 
Actually, Ile-de-France region spatial coverage is 12,000 km² (2% of the whole country) with 
12 millions inhabitants (20% of the French population). Within this region, Paris covers about 
105 km² and has 2.144 millions inhabitants. As a consequence, air pollution in Paris is mainly 
related to road traffic emissions. In order to better estimate those emissions, a real-time 
evaluation system has been developed in the frame of the HEAVEN European project. “Real 
time” traffic data are collected by the system and used in a traffic model in order to provide 
information on the whole traffic network, that is about 35000 portion of roads. This 
information is updated every hour. “Real time” traffic emissions are then calculated using the 
COPERT III methodology and a detailed description of the fleet composition, specific of the 
Ile-de-France area. 

2.1.2.2 Air quality forecast systems 
The POLLUX and Esmeralda forecast systems use the chemical transport model CHIMERE 
developed by LMD/IPSL (Laboratoire de Météorologie Dynamique/Institut Pierre Simon 
Laplace). Emissions are from the inter-regional inventory and from the outputs of the 
HEAVEN system. 
 
The POLLUX system is operational since 2001 and uses as meteorological forcing, outputs 
from ARPEGE (run by Météo-France). The system is run daily, on 2 domains: 

� A 6km resolution domain covering the Ile-de-France region. 
� A 3km resolution domain covering the Paris agglomeration. 

 
Boundary conditions are calculated using back-trajectories from Météo-France following the 
back-plume algorithm from Vautard and al. 
 
The Esmeralda system has its own meteorological interface. The mesoscale meteorological 
model MM5 is used as meteorological processor for CHIMERE. It is run daily and provides 
meteorological forecasts from Day-1 to Day+2. MM5 is forced with GFS (Global Forecast 
System) products from NCEP (National Centers for Environmental Predicion). CHIMERE is 
run over 7 domains: 

� A 9km resolution inter-regional domain covering the 6 Esmeralda partner regions 
� 6-3km resolution domains over the 6 regions. 

 
The mother domain uses as boundary conditions outputs from PREV’AIR, the national air 
quality forecast system: this system is run by INERIS over Europe with a 0.5° spatial 
resolution.  
 
The 6 internal domains are forced by the outputs from the mother domain. 
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2.1.2.3 Data assimilation  
In addition to these systems, AIRPARIF performs data assimilation in order to inform the Ile-
de-France population about the current air quality situation. This has been set-up under the 
frame of the POLLUX system: 

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

� In an operational way, outputs from the forecast system are corrected with the 
pollutant measurements collected from the monitoring network every day at 16:00 
(LT) to produce air quality index maps. 

� Ozone and nitrogen dioxide maximum concentration patterns are also produced daily 
with a different data assimilation system. 

 
Finally, the results of the data assimilation processes published on the AIRPARIF web site are 
air quality index maps or concentration maps based on pollutant maximum concentrations for 
ozone, nitrogen dioxide and sulphur dioxide and on pollutant mean concentrations for 
particulate matter (PM10). 
 
The data assimilation techniques used in AIRPARIF are sequential and various:  

� To produce the concentration patterns, statistical interpolation is performed on ozone 
concentrations and Innovation Kriging on nitrogen dioxide concentrations. 

� To produce the air quality index patterns, the co-kriging technique is performed. 
 
For the moment, the assimilated concentration fields are not used as initial conditions for the 
forecast systems, as the concentration evolution in the vertical direction can’t be easily 
estimated. 
 
The aim of data assimilation implementation in AIRPARIF was to improve air quality 
assessment and information to public, as assimilation allows 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 the ISATIS© geostatistical software. Co-
kriging is performed on pollutant concentrations with model outputs as co-factor.  
 
Like all geostatistical techniques, co-kriging uses spatial correlations to interpolate data. This 
assimilation technique is used with fixed variograms (based on annual mean concentrations), 
that is to say they are not updated with the current measurement data.  
 
Data assimilation for ozone and nitrogen dioxide concentrations: 
The programs used for ozone and nitrogen dioxide maps have been developed within the 
frame of the PHD of Nadège Blond (from LMD) [1] “Assimilation de données 
photochimiques et prévision de la pollution troposphérique”. The author has applied and 
compared several sequential data assimilation techniques for air pollution cartography over 
the Ile-de-France region: In particular, statistical interpolation using innovative method to 
model covariance matrices and innovation kriging have been applied to Ile-de-France. Within 
this work, representativeness errors of measurement data are evaluated and taken into account 
in the calculations. 
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Further more, variogram modelling is performed at every time step and uncertainties are 
calculated.  

2.2 Aim and description 
Even if several assimilation techniques are applied daily in AIRPARIF to produce 
concentration or air quality index mapping, for annual and inter-annual calculations, only 
measurements are used to estimate compliance with standards and national or European 
thresholds. Moreover, those techniques have not been adapted to the Esmeralda system which 
represents a strong improvement of the previous forecast system.  
 
As a result, AIRPARIF has set-up a data assimilation project which objectives are the 
following: 

� First, to harmonize and extend the assimilation processes in the daily air quality map 
production. In the harmonisation process, the best assimilation technique should be 
selected and adapted to the pollutant nature. 

� Secondly, to adapt those techniques to the Esmeralda system and finally to produce air 
pollution maps and associated uncertainties over the 6 different regions of the project.  

� Thirdly, in the yearly air quality assessment, to elaborate the calculation process in 
order to produce the annual maps combining monitoring and modelling. 

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

 
As a consequence, the Paris case study is part of that project as AIRPARIF could benefit the 
scientist feed-back on the evaluation of the assimilation techniques.  
 
As a result, the Paris case study should lead to a better understanding of the assimilation 
techniques: 

� Evaluate assimilation parameters in the pollution mapping process. 
� Evaluate assimilation techniques according to the pollutant type and dispersion 

behaviour. 
� Analyse uncertainty mapping. 

 
Within the frame of the AIR4EU Paris case study, ozone assimilation has been tested and 
evaluated for Statistical Interpolation and Innovation Kriging. The selected period of interest 
is summer 2005 for which the outputs of the Esmeralda system and the monitoring data from 
the 90 stations presented in figure 2 have been extracted. 

2.3 Relevance to recommendations in AIR4EU 
The main objective of data assimilation processes is to reduce uncertainties in modelled 
concentrations. As a consequence, the Paris case study investigates several recommendations 
relatives with model uncertainties (Ref D4.1-§8). The two AIRPARIF forecast systems have 
been evaluated against monitoring data for a long time [2]. Those evaluations are based on 
statistical indexes (Ref D4.1-§8.2). 
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The results of those validation processes have shown some good agreement of predicted 
ozone peaks with measurements but uncertainties arose when looking at hourly values. 
Nevertheless, those uncertainties are usual to all dispersion or chemical transport models 

� Ozone and nitrogen dioxide peaks occur when wind speeds are weak. This is often the 
case in the Paris area for ozone and nitrogen dioxide. In particular, the latter pollutant 
peaks occur during stable atmospheric conditions with low boundary layer height in 
the early morning or in the evening during or after the rush hours. Stable and low wind 
speed condition modelling is still of great challenge to forecast and especially in urban 
areas like Paris where urban meteorology is difficult to model.  

� Uncertainties in emission data are inherent to the manipulated kind of data: actually, 
emission methodologies use strong assumptions on emission processes (Ref D4.1-
§4.6) as they are not always well understood and temporal profiles are usually roughly 
evaluated. (Ref D4.1-§4.5). 

� Speciation profiles used for aggregated species, re-aggregation and the associated 
chemical schemes are also rough estimates of the atmospheric chemical processes in 
dispersion models. Turbulent vertical transport is also factors that are quite uncertain 
in dispersion modelling.  

 
This is important for modellers to keep in mind all that kind of uncertainty sources. This is 
also those constraints that point-out the data assimilation usefulness for air quality assessment 
at any time resolution.  
As a consequence, the Paris case study investigated several recommendations relevant with 
the “Integration and data assimilation for assessing air pollution at urban/agglomerate scales” 
paragraph. These include: 

� Model uncertainties that has been evaluated through model bias estimation and error 
covariance matrix “modelling” (Ref D4.1-§9.1.1). 

� Representativeness errors that have been evaluated through an observation bias (Ref 
D4.1-§9.1.2).  

� Assimilation assumptions relevant with the selected data assimilation technique (Ref 
D4.1-§9.2) 

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, we use two methods to analyse ozone and 
nitrogen dioxide concentrations in POLLUX system (for Ile-de-France):  

� Statistical Interpolation (for O3) 
� Kriging (for NO2) 

 
Some definitions:  

tZ  average real state 
bZ  model output and bε = bZ - tZ  the model error 
°Y  observations 

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

°ε = °Y - tHZ  is the observation error vector (the sum of an instrument error and an 
representativeness error). 

aZ  analysis vector. This is the resulting vector after the model output correction. 
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3.1.1 Statistical Interpolation 
General formulation :  
 
  ][ bba HZYKZZ −°+=   (1) 
 
K  is the weight matrix of the linear interpolation. Weights are calculated in order to get the 
best possible analyses, that is by minimisation of error variance:  
 
  1][ −+= RHBHBHK TT   (2) 
 
To calculate K , the model error covariance matrix (B ) and the observation error covariance 
matrix (R ) have to be calculated. 
 
The general expression of the analysis can be finally written as follows:  
 

  )( a
a sZ = ∑

=

−°+
p

k
k

b
kaka

b sZsYswsZ
1

))()()(()(  (3) 

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

 stationsofnumberpk   ,...1 ==∀   ∑
=

+
p

l
lkkklkal RBsw

1
,,, ])[( δ  = kaB ,  (4) 

as  grid node, ks  and ls  measure points. 

We also need to estimate the model and observation biases to subtract them from bZ  and 
bHZ  in the equation (1). The problem is that we don’t know these elements (error covariance 

matrices and bias). They have to be estimated. 
 
Estimation of the global bias (addition of model bias and observation bias) :  
 
The main difficulty in estimating the model bias and the observation bias is to evaluate what 
is due to the model and what is due to the observation. 
 
The average concentration simulated by the model is used as a criterion and the model bias is 
supposed to depend on it linearly (figure 5). An estimation of the model bias at the measure 
point can therefore be performed and based on this relationship, the model bias on grid nodes 
can be also evaluated: it is actually evaluated by the linear relation.  
 
The observation bias (or more precisely representativness error) is deduced from the 
following:  
 
 )]([ ksE °ε - )]([ k

b sE ε   = )]()([ k
t

k sZsYE −° - )]()([ k
t

k
b sZsZE −   

  = )([ ksYE ° - )]( k
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The observations °Y , the simulated concentrations bZ  and the observation operatorH have 
been evaluated. )]([ k

b sE ε  has just been calculated, and the observation bias can now be 

estimated using equation 5.b. 
 

a          b  
 

 

Figure 5: Bias at 07h and 15h UTC calculated over the summer 2005 for Esmeralda area. 
The empty rounds represent the urban stations, the black squares the rural stations and the 

mauve triangles all the others stations. 
 
Currently, the observations in the programs are supposed not to be biased. 
 
Estimation of error covariance matrices: 
 
A heterogeneous and anisotropic correlation model is considered. Innovation correlations are 
plotted against the observed ozone concentration correlations. As a consequence, the 
correlogram is heterogeneous and anisotropic (figure 2). The observed ozone correlations are 
used as criteria to estimate the model error covariances. 
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Figure 6: Innovation correlations against observed concentration correlations (the 
category “others” corresponds to the correlations with all the others stations). Urb means 

urban station, Rur, rural station 
 
The kaB ,  terms are estimated by using the simulated ozone concentration correlations 

because we don’t have observations at all grid nodes. The lkB ,  are also estimated by the 

modelled concentration correlations in order to avoid discontinuity problems. 
 
A correlation model is adjusted with the following function:  
 

 
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 −
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 −
+=
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L

c
cfc

1
exp
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B , is now obtained by multiplying the correlation model, cf , by the innovation standard 

deviations to obtain covariances. 
The variance of the model error is estimated with the innovation variance and the value of the 
correlation model when the model concentration correlation is equal to 1. 
 
The weights of the interpolation and the analysis vector can now be estimated.  
The analysis error variance is obtained by calculating:  
 

 )(2
aa sσ = ∑

=

−
p

k
kaakaa BswB

1
,, )(  (7) 

 

which is equivalent to the data assimilation uncertainties. 

3.1.2 Kriging  
The general formulation for Kriging is the following:  
 

 )( a
a sZ =∑

=

°
p

k
kak sYsw

1

)()(  (8) 

 
In this method, the observations are used to estimate the values at any node of the grid. 
Instead of observations, in the method implemented in AIRPARIF, Innovations are used in 
order to use model outputs and observations: innovations are differences between observed 
and modelled concentrations. 
 
Applied to innovations, the general formulation becomes:  
 

 )( a
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=

°
p
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1
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 )( a
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In this method, the variogram is used to model spatial variations. Errors of predicted values, 
estimated from their spatial distributions are then minimised. 
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Looking at equations, Kriging and Statistical Interpolation formulations are very close. The 
only difference is in the estimation of the interpolation weights. In the Kriging method, they 
are calculated with statistics on spatial data instead of spatial and temporal data in the 
Statistic Interpolation method. 
In the Paris test case, an Intrinsically Kriging is used, which supposes that )(sX t  = 

)()( sZsZ bt −  is intrinsically stationary instead of only stationary in ordinary Kriging. This is 
the preferred method as it avoids problems of infinite variances:   
 

 ),( 21 ss∀ , 0)]()([ 21 =− sXsXE tt  (11.a) 

 ),( 21 ss∀ , ),()]()([
2

1
2121 sssXsXVar tt γ=−  (11.b) 

),( 21 ssγ  is the semi-variance of differences between two tX  values. Those differences are 
called increments. The method consists in supposing that those increments are stationary of 
order 2 (instead of the values for the ordinary Kriging). 
 

The weights of the linear interpolation are solutions of the following linear system:  
 

 Kk ,...,1=∀ , ∑
=

+
p

l
lkkklkal Rsw

1
,,, ])[( δγ - µ  = ak ,γ  (12.a) 

 1=∑
l

lw  (12.b) 

 

as  grid node, ks  and ls  measure points and µ  Lagrange parameter. 
 

Measure points separated by the same vector lk ss −  are used to calculate the semi-variances. 

Classes of distance are defined and the semi-variances are calculated with every station k and 
l separated by the distance lk ss − = ih . As observations are not numerous enough, a tolerance 

is considered:  

 jN =






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τ , tolerance and L  step of class. 
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Instead of plotting a correlogram, we plot a variogram considering the classes of spatial 
differences. The variances are calculated for the J classes:  
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1

)(2 lk
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Whatever the class, these variances always contain the observation error variance:  
 

 0
,2 lkγ = ))²]()([( lk sXsXE °−° = )2(

2

1
2 ,,,,, lklkllkklk RRR δγ −++  (15) 

 

The following exponential function has been used:  
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Figure 7: Exponential variograms at 7h UTC and 15h UTC 
 

Some different functions can be used to fit variograms:  
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To estimate c , a  and 2

0σ coefficients, we use Levenberg-Marquardt Method (also called 

Marquardt Method) for non linear model. 
 
The exponential function is able to model large range of variograms. 
 
Finally, the weights of the interpolation and the analysis vector can be estimated. The analysis 
error variances can also be determined. The latter can be seen as kriging uncertainties: 
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3.2 Evaluation methodology 
To evaluate the analysis method efficiency, analysis error statistics are calculated for each 
hour: the statistical parameters used are standard deviation and bias. In order to do it 
objectively, Jackknife method and leave-one-out method are used. More over, maps of 
uncertainties can be plotted. 
 
The methods have been tested for June 2005. The covariance error matrices, for the Statistical 
Interpolation, have been estimated using July, August and September 2005 data. 

3.2.1 Jackknife 
This is a resampling method (comparable with Bootstrap method) used to estimate, as well as 
possible, statistical parameters when the sample is rather weak. Jackknife is used to minimise 
the bias and the variance of the classical standard deviation estimator σ. In our case, this 
method have been chosen because of its easy implementation. 
 
An error sample for each measure point at any hour is obtained thanks to analysis results and 
observations. The Jackknife method is then applied to those samples in order to estimate the 
standard deviations. 
 
An error sample for the maximum values of concentration is also calculated. 

3.2.2 Leave-one-out 
To create the error samples, a leave-one-out method can also be used. Sequentially, 
observations collected at one measure point are omitted in the analysis process. These omitted 
observations are afterward statistically compared with the resulting analyzed field. 
 
Leave-one-out allows checking the robustness of analysis method. 
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4 Results 

4.1 Presentation of the study results   

4.1.1 Comparison with the model output 
As for the analysis error samples, simulation error samples for ozone are calculated for each 
measure point at any hour during June 2005. The biases and standard deviations of each 
sample are then compared. 
 

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

 
Table 1: biases and standard deviation (SD), at 15h UTC, on Esmeralda ozone stations, for Statistical 

Interpolation (SI), Statistical Interpolation with leave-one-out (SI l-o-o) and Kriging. 
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First of all, the observed differences between Statistical Interpolation sample biases and 
Statistical Interpolation sample biases using a leave-one-out method are rather weak (station 
averages at 15h UTC: 0.06 µg/m3 and 0.09 µg/m3 with leave-one-out). The standard 
deviations are a little bit more important, it means that some errors are bigger using leave-
one-out method (station averages at 15h UTC: 8.81 µg/m3 and 10.64 µg/m3 with leave-one-
out). But those differences are weak enough to consider the assimilation data methods as 
robust. 
 
Secondly, biases and standard deviations at the stations are on average much better for 
analyses (Statistical Interpolation and Kriging) than for Simulations. Nevertheless, this is not 
true for all stations; actually, for stations with low initial bias, this statistical parameter could 
be slightly increased. This is the case for the Tinqueux and Chambord stations. On the 
contrary, important biases are significantly reduced. This 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 simulation the Cachan, Elbeuf, Chambord and 

Tinqueux stations at 15h UTC.  
SI on the left, simulation in the middle and Kriging on the right. 

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

 
On the previous graphs, we can notice a significant improvement of the standard deviations 
between the two data assimilation methods compared with the simulations. They are 
decreased by a factor above 2. As a result, data assimilation allows decreasing the error 
variability and also the biases as it can be seen in figure 9. 
 
Further more, the percentage of stations which biases are above 10 µg/m3 decreases from 44% 
for simulations to 4-3% for the analyses. For rural stations, the percentage is reduced to 7%.  
 
The bias variability on all stations can be plotted using boxplot:  
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Figure 11: Bias boxplot, for analyses and simulation for the Esmeralda ozone stations at 

15h UTC. SI in the middle, simulation on the left and Kriging on the right. 
 
All these results show that applying data assimilation methods allow decreasing significantly 
model biases and uncertainties.  

4.1.2 Comparisons between the data assimilation methods 
It’s interesting to compare the two methods, using error biases and standard deviations. 
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Figure 12: Hourly Biases and standard deviations - SI and Kriging on average over 

Esmeralda ozone stations. SI is in red and Kriging is in blue. 
 
Biases and standard deviations are both better for Kriging at any hour of the day. These 
results has been established using only analysis results at measure points: this is not surprising 
as the variograms used in the kriging method are adjusted every hour whereas in the 
Statistical Interpolation method, the covariance matrices are calculated using a climatology. In 
order to compare the two methods on the whole grid, the error variance have been plotted for 
each method. The results are presented in the Uncertainty assessment paragraph. 
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4.1.3 Example of the 20th June 2005 
Analyses have been made on the 20th June 2005. 
 
This day, the simulation forecasted a plume on Centre region (South of the domain). 
Observations made in the plume, were not so important. Analyses allowed to decrease the 
concentrations predicted in this area while preserving the simulation shape. The Maps are 
presented in Annex I. 

4.1.4 Method limits 
When the predicted plume is situated between measure points, analyses can’t correct it. This 
could be a problem, especially when the model results are wrong. 
The 14th June 2006, is a good example: the analysis map (by Kriging) is presented in Annex I. 

4.2 Uncertainty assessment 
Error maps can be plotted for SI and kriging, as in both methods, an error variance estimation 
can be calculated (equations 7 and 17). However, before assessing and comparing the error 
maps, we must keep in mind that the assumptions made in the two methods are completely 
different: 

− In the SI method, standard deviations depend on the climatology of the selected 
hour: from one day to another, the error maps only differ with the number of valid 
measurement data.  

− On the contrary, in the kriging method, the variograms which represent the spatial 
consistency of data with respect to the distance are evaluated at every time step: as 
a result, the error maps could be very different from one day to another depending 
on the concentration patterns. 

 
Error Maps for the 20th June 2005 are presented in Annex I. 
At the stations, Kriging gave better concentration values than Statistical Interpolation, but the 
differences were very weak. However, over the whole grid, the SI error is clearly smaller than 
the Kriging error. In the Kriging error maps, we can notice a lower uncertainty close to the 
stations than further. The uncertainty increase as we go away from the stations is linked with 
the variogram range. Between stations, errors strongly depend on the variogram sill. Further 
work should therefore be performed in order to evaluate whether these results are specific to 
the selected day. A study over June 2005 would be probably more representative. Besides, 
average standard deviations over July, August and September for the kriging method should 
be performed in order to be directly comparable to the standard deviations calculated for 
Statistical interpolation.  
 
Nevertheless, it could be noticed that the spatial distribution of monitoring stations is very 
heterogeneous over the Esmeralda domain and could explain the shape of the kriging error 
maps: in Ile de France, the monitoring network is dense enough while in less populated areas 
like in the North, East and South of Ile de France, it is not the case.  
 
On the SI error maps, the standard deviation patterns are smoother. The reason is that we 
consider, in the implemented method, correlations between 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, two analysis methods have been used to 
estimate, as well as possible, the real pollutant concentrations in the atmosphere. These 
methods use model outputs and observations from the monitoring network. 
 
The first method is the Anisotropic and heterogeneous Statistical Interpolation. This method 
is an adaptation of the classical Statistical Interpolation used in meteorology: it no more 
considers covariances as function of distances between stations but correlations.  
 
The second method is Intrinsically Kriging, which is used in mining sciences. This is a 
Geostatistic method. Kriging is used to avoid stationnarity assumption, previously supposed 
(in SI case). 
 
A comparison between these methods and the model outputs concludes with a significantly 
better estimation of pollutant levels using data assimilation methods.  
 
Concerning the differences between methods, we can say that Kriging seems to be a better 
method on measure points while Statistical Interpolation is better further. Nevertheless, some 
additional work should be undertaken to compare precisely 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 understanding of the SI and Kriging data 
assimilation methods. Moreover, assimilation seems to be a very promising tool for 
AIRPARIF needs: 
 

� Annual statistics. Actually, for annual air quality assessment, assimilated 
concentration patterns are significantly more reliable than the model outputs. Further 
more, using those annual concentrations with the associated uncertainties will allow us 
to define risk assessment for limit value exceedances. 

� Network optimization. Assimilation can also be used as a powerful tool to establish 
the relevance of some stations or to determine areas where monitoring stations should 
be needed. 

 

5.3 Recommendations resulting from the case study 
 
The recommendations from the AIR4EU deliverables allowed us to get general information 
about data assimilation: some key ideas about uncertainties and the methods were also 
pointed-out. Nevertheless, the case study showed us that it is absolutely necessary to have 
sound mathematical and scientific knowledge to make correct use of these methods. For such 
algorithm implementation, statistical knowledge is essential, especially the variogram and 
covariance matrix concepts. 
 



 

AIR4EU – Deliverable 7.1 Part x - Paris case study report - Comparisons of data assimilation methods at urban scale - 21 - 

6 Bibliography: 
 
[1] Nadège Blond. Assimilation de données photochimiques et prévision de la pollution 
atmosphérique. 
 
[2] Robert Vautard, Matthias Beekman, Jean Roux, Dominique Gombert. Validation of a 
hybrid forecasting system for the ozone concentrations over the Paris area. 
 
 
Elements 
 

� What has been performed 
o Adapt the OI and innovation kriging to Esmeralda system. 
o Evaluation of the two methods. 

 
� The future developments 

o Kriging, variogram estimation… 
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7 Annex I 

7.1 Ozone concentration maps for the 20th June 2005:  
 
 

a) b)  
 

Figure 13: Analysed ozone concentration (µg/m3), june,20,2005 at 15h UTC. a) SI, b) 
Kriging 

 

 
 

Figure 14: Simulated ozone concentration (µg/m3), june 20 2005 at 15h UTC. 
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7.2 Ozone concentration maps for the 14th June 2006:  
 

 
Figure 15: Analysed ozone concentration (µg/m3), 14th June 2006 at 15h UTC. Outputs 

from the POLLUX systems are used 

7.3 Standard deviation maps, linked with analysis uncertainties:  
 

 

a)         b)  
Figure 16: Standard deviation average for ozone concentration estimation by Statistical 

Interpolation (a) and Kriging (b). 

Assimilated ozone concentrations for the 14th June 2006 at 15:00 
(µg/m3) 
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7.4 Ozone concentration corrections by data assimilation:  
 

 

a) b)  
Figure 17: Corrections (µµµµg/m3) applied to simulated ozone concentrations by Statistical 

Interpolation (a) and Kriging (b). 
 

 


