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1 Executive summary
The aim of this report is to illustrate a novel methodology we developed aiming at providing
a comprehensive estimate of tropospheric pollution at different spatial and temporal
resolutions at the urban to regional scales fusing different information sources.
State of the art in air quality assessment comprises various types of analytical measurements
and atmospheric chemical transport modeling applications. Earth Observation data, through
the calculation of synoptic indicators of air pollution, such as atmospheric aerosol optical
depth (AOD), provides an additional information source. The latter when used in conjunction
with atmospheric chemical transport models and ground-based measured data through the
application of data and model fusion techniques, can provide a comprehensive and accurate
estimate of tropospheric pollution over the investigated domain.
High resolution sensors can provide high spatially resolved data but generally lack of high
temporal resolution making them inappropriate for routinely operational use in air quality
management; on the contrary moderate spatial resolution sensors have the capacity to
provide images with high temporal frequency having a coarser spatial resolution as a major
drawback.
The developed methodology combines the use of both the above types of sensors providing
a powerful tool for assessing and managing air quality at different spatial and temporal
resolution.
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2 Introduction
Studies of the health effects of air pollution rely on spatial heterogeneity in concentrations
to estimate the effects. This task is however challenging because pollutants may be highly
variable in space and time having a lifetime of the order of less than an hour to several days,
depending on, among others chemical composition, atmospheric humidity, and precipitation.
For these reasons, quantitative and spatially complete information about air pollutants is
important to assess their impact on population (epidemiological studies) and to provide
authorities with a decision basis to take counteractive measures.
The most direct way to obtain atmospheric pollution information near the ground is from
the in-situ measurements. Typically, using ground-based instruments concentration levels
are widely measured in both urban and rural areas around the world. However, although
these ground-based measurements may be relatively precise, they are not generally taken
from dense enough monitoring networks to permit a satisfactory knowledge of the
concentration field at ground level with satisfactory spatial resolution.
Moreover, the high operational costs associated with the establishment and maintenance of
such networks encouraged researchers to move towards geo-statistical methods based on
interpolation of in-situ observations. Many interpolation methods have been applied ranging
from the simplest (e.g. Inverse Distance Weight) to the most sophisticated (e.g. co-kriging or
land-use regression); all of them introduce higher level of uncertainty as a major drawback.
A second approach to derive pollution concentration at ground level makes use of chemical
transport modeling. Deterministic numerical models account for the important chemical and
physical processes in the atmosphere, but require accurate estimates of initial and boundary
conditions of the models as well as high quality and up-to-date emissions inventories. This
information is not always available in many cities and regions of the world. Furthermore,
owing to the complex interplay between emissions, weather and chemistry, chemical
transport models typically place high demands on computing power and currently still have
difficulty accurately predicting pollution concentrations ( McKeen et al., 2007).
Remote sensing represents a relatively new and promising approach for adding spatial
information for exposure estimation, particularly in suburban and rural areas far from
monitors providing a synoptic picture of air quality in an urban airshed, including
information on sources for isolated events.
To date hundreds of organizations use remote sensing data that are provided by a short list
of satellite operators, such as the U.S. National Aeronautics and Space Administration
(NASA), the European Space Agency (ESA), the National Space Development Agency of Japan
(NASDA), and the Indian Space Research Organization (ISRO). Despite the big potential, only
in the very latest years concerted research effort were made to use EO data for air quality
studies at local/regional scale.
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A detailed review of the published literature to date reveals relatively few applications in the
use of satellite sensing data for urban and regional air pollution assessment. Works in the
USA (Kondragunta et al., 2008; van Donkelaar et al., 2010; van Donkelaar et al., 2006) used
data assimilation techniques to estimate surface PM2.5 concentrations from MODIS and
MISR sensors as well as from NOAA’s Geostationary Operational Environmental Satellite
(GOES) showing good predictive capacity. Other studies have investigated the relationship
between total-column AOD and surface PM2.5 and/or PM10 measurements. Most have
developed simple empirical relationships between these two variables (Chu et al., 2003;
Engel-Cox et al., 2004; Wang and Christopher, 2003); more recent investigations often have
used local meteorological information to better relate AOD and PM 2.5 (Gupta and
Christopher, 2008; Gupta et al. 2006; Koelemeijer et al., 2006; Liu et al., 2005, 2007a, b;
Paciorek et al., 2008; Wang et al., 2010). Most of the literature studies focus on estimation
of PM2.5 rather than PM10 using moderate resolution satellite sensors such as MODIS.
Despite the strong improvement in the use of satellite data in AQ estimation in the last years
most of the works addressed the topic from a purely scientific research point of view rather
than from an operational one and so neglecting the use of the above technology as
integrated air quality and health management system. Precision of the measurement of AOD
is ±20% and the prediction of PM2.5 from AOD is order ±30% in the most careful studies (Hoff
and Christopher, 2009) which cannot be considered to be sufficient for regulatory use.
Furthermore, it should also be considered that there are some important limitations in the
use of satellite sensors in atmospheric observations which are mainly associated with the
large number of missing retrievals, because of orbit patterns, cloud cover, and surface
reflectivity that may seriously compromise the estimation of PM concentration.
Fusion of satellite Earth observation data in combination with ground data, as well as
meteorological and pollution modeling through appropriate data fusion techniques could
represent the solution to this apparent contrast (Sarigiannis et al., 2002, 2004).
Satellite observations produce environmental data at various geographical scales (from 1 m
to 4 km of resolution) and with different time resolutions ranging from 5-10 days to 15
minutes or less for moderate resolution sensors. On the basis of the spatial-temporal
resolution Earth observation data can be used with two different objectives: satellite data
with high spatial and low temporal resolution represent a strategic tool useful to identify hot
spot areas particularly during acute episodes of atmospheric pollution; thus they allow
policy-makers and environmental managers to identify the “hot spots” where they need to
concentrate their efforts to protect the population. Satellite data with moderate spatial and
high temporal resolution could support the monitoring of the temporal evolution of
pollution loading over the investigated area; they could, therefore, be more useful for
operational air quality monitoring and day-to-day management.
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3 Description of the method
To date, the state of the art in air quality assessment comprises information and data
processing tools using only data from ground-based measurement (produced in the context
of established monitoring network or ad hoc campaigns) and atmospheric modelling (i.e.
models of meteorological parameters, transport and chemical transformation of pollutants
in the atmosphere). The main weakness of this approach are: (a) high spatial discontinuity
of the pollution information from ground-based data that causes the need to introduce
linearity assumptions in the spatial correlation of information from neighbouring data points
and (b) the fact that numerical modelling is based on operational assumptions concerning
the initial composition of ambient air and the reliability of the actual emissions inventory.
The introduction of another source of information derived from High Spatial Resolution (HSR)
and Moderate Spatial Resolution (MSR) Earth Observation (EO) satellite data can be used to
bridge the gap between models simulating the transport and chemical transformation of
ambient air pollutants on the one hand, and analytical observations to the other. Earth
observation from satellite, in fact, may provide an additional information layer through the
calculation of suitable air pollution indicators, such as atmospheric turbidity as measured by
the atmospheric aerosol optical thickness () (Sifakis and Soulakellis, 2000; Sifakis et al., 1998;
Sarigiannis et al., 2003). Synthetically, this calculation is based on the knowledge that the
optical atmospheric effects of pollution on HSR EO data are more pronounced in certain
spectral bands than in others; this permits a first delineation of polluted areas and
localization of emission sources, through computer assisted photo-interpretation of satellite
imagery.
A change in the composition of the atmosphere (e.g., by the presence of pollution) modifies
the signal through interaction mechanisms between radiation and the atmospheric
components. These interaction mechanisms induce Optical Atmospheric Effects (OAE) on
the images that may affect the signal recorded by the sensor in two ways: geometrically and
radiometrically. Geometric modifications are due to light refraction and are not intense
enough to be observable by satellite sensors. Radiometric modifications are linked to light
absorption, scattering and backscattering caused by atmospheric molecules and particles.
EO are generally performed in the so-called atmospheric windows, that are parts of the
electromagnetic spectrum where the extinction coefficient due to molecular absorption
( K abs
) is minimum. The pollution observations will be linked to particulate absorption ( K abs
a )
g
and to elastic scattering resulting in an angular redistribution of the photons after their
interaction with molecules or particles. The non-elastic scattering mechanisms are not
examined here since they can be observed only in very narrow spectral bands. Elastic
scattering can be broken down into the factors: K scat
, that is, the molecular or Rayleigh
g
scattering coefficient and K scat
, that is, the particulate or Mie scattering coefficient. Both
a
these mechanisms are selective (i.e., wavelength dependent) but Mie scattering can be non-
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selective in the specific case that is caused by particles that are too large compared to the
observed wavelength (this is the case of dust-like and cloud particles).
Among the above coefficients, the values of K scat
are high even when measuring in
g
unpolluted atmospheres (this is due to the standard Rayleigh gases), therefore this
coefficient is not sensitive enough to detect variations of pollution. Thus K scat
and K abs
are
a
a
most often deduced from the EO images and are used as a quantitative evaluators of airpollution levels. Variations in K scat
and variations in K abs
introduce different effects on the
a
a
images, due to the two distinct mechanisms of scattering and absorption. The main optical
effect of scattering is a blurring of the image due to contrast reduction that makes targets to
appear brighter and bright targets to appear darker. The optical effect of absorption is an
obscuring of the image due to attenuation of the radiation, which makes all targets to
appear darker. The two effects can be mathematically decoupled during calculations since
“blurring” corresponds to an additive factor and “obscuring” correspond to a multiplicative
factor4. In fact, a quantitative evaluation of these effects allows to calculate the integrals of
K scat
and of K abs
from the Earth’s surface (altitude 0) to the orbital altitude z for a given
a
a
wavelength. This is precisely the particulate or aerosol optical thickness (AOT) a, and it is:

z

 a ( z,  )   ( Kascat  Kaabs )( z',  )dz'

(1)

0

The particulate extinction coefficient or of its linear integral, i.e., the aerosol optical thickness
in the visible can be used as air quality indicator in urban areas for the following reasons: First,
the problem of particulate pollution is very sensitive at present especially after new scientific
evidence on health effects of small particles. Second, the presence of particles in the
atmosphere always causes a reduction of the extinction coefficient. This reduction is
strongly correlated to the concentration of small particles. Even during photochemical
pollution episodes, light extinction is due to particles, while only the yellow-brownish
coloration of the smog is due to NO2. The magnitude of the extinction varies in the different
spectral bands used. More specifically, in the ultra-violet spectral domain the atmosphere is
practically opaque due to the Rayleigh scattering and ozone absorption, and in the nearinfrared is relatively transparent for pollution observations. The visible domain is thus most
appealing for evaluating optical atmospheric effects of pollution. The mid-infrared can yet be
used to distinguish hot pollution sources (e.g., actively burning fires or power stations) inside
a detected pollution haze. The thermal infrared can finally be taken into account for studying
microclimatic parameters related to pollution (Sifakis at al., 1992) or to increase confidence
in the AOT mapping.
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In the context of ICARUS project, the  of aerosol scattering in the green visible spectrum
(i.e., at 550 nm) is used as a surrogate for pollution loading.
In the present work AOT was estimated using two different algorithms according to the
satellite sensor used. For the moderate resolution sensors SEVIRI (Spinning Enhanced Visible
Infra-Red Imager) onboard the European geostationary METEOSAT Second Generation (MSG)
and with spatial resolution of 4 km by 4 km, the method employed is based on dark
vegetation reflectance and it is decomposed in two successive steps. Firstly a database for
the subsequent retrieval module is built up in order to calculate a dynamic “reference”
image. The lowest pre-corrected reflectance image (LPR) is calculated within the previous 30
days period for each pixel and for each satellite observation in order to produce reference
image. The reflectance of this image is considered to best approximate the surface
reflectance (Popp et al., 2007). At a second step the AOD retrieval algorithm calculates AOD
as the difference between the atmospheric reflectance of the latest available “pollution
image” and the composite “reference image” acquired at the same time of the day as it has
been calculated by the first module.
For HSR sensors, Landsat and SPOT having spatial resolution of 30 by 30 meters and 10 by 10
meters respectively, the method is based on the so-called contrast reduction effect. This
method combines two approaches that consider physically independent optical effects in
the atmosphere (Sifakis et al., 1998): (a) contrast reduction by scattering efficient airborne
particles in short wavelengths (i.e., visible spectrum); and (b) radiation attenuation that
particles engender in longer wavelengths (i.e., thermal infrared spectrum).
The aerosol optical thickness (AOT or ) calculation algorithm developed by Sifakis (Sifakis et
al., 1992) is based on the radiative transfer model of Deschamps (Deschamps et al., 1983),
which describes the components of the downwelling irradiance (left part of the figure) and
of the upwelling radiance as according to the following scheme:

where,
ρ

is the reflectance of the target
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ρe

is the reflectance of the background of the target (for targets smaller than ~1km)

ρa

is the reflectance of the atmosphere

S

is the spherical albedo of the atmosphere (S=kscat/kscat+kabs where, kscat is the
scattering coefficient and kabs is the absorption coefficient of the atmosphere)

tdir

is the factor of the photons directly transmitted through the atmosphere

tdiff

is the factor of the photons transmitted through scattering

θs

is the solar incidence angle

θv

is the satellite sensor view angle.

According to this model, and specifically for ground targets smaller than ~ 100 meters (which
is the case in urban environment), the following equation is considered to describe the atsatellite measured reflectance ρ*

  

T (s )tdiff v 
T (s )tdir v 
 e
 a
1  e S
1  e S

(2)

where,
T

is the factor of the total photons transmitted through the atmosphere (T= t dir + tdiff)

If we define a moving “window” on the satellite scene, and if we assume that in every cell of
this “window” the atmosphere, expressed in terms of AOT () varies temporally but not
spatially and that the Earth surface varies spatially but not temporally. These conditions can
also be expressed as:
(i) τ = f(time) and τ = spatially Ct
so that AOT has a single and representative value and σ(a) = 0
(ii) ρ = f(pixelij) and ρ = diachronically Ct
so that σ(image contrast) > 0 and σ = f()
(where, σ expresses here the variation).
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In any random “window” of the image variations of ρ* are controlled by the 1st term of
equation (2) since the background’s contribution (expressed by the 2 nd term of the equation)
will be uniform to all the pixels, and σ(a) = 0. We shall then have:

 (  *) 

T (s )t dir v 
 ()
1  e S

(3)

Since tdir (θv) = exp(- /cosθv) the equation (3) becomes:



T (s )e  cosv
 (  *) 
 ()
1  e S

(4)

Let σ1 and σ2 be the variations of ρ* in the same window over two images: image1=reference
image, image2=pollution image, we will then have for each image

 1 (  *) 

1

T (s )e cosv 1
 ()
1  e S


2

T (s )e cosv 2
 2 (  *) 
 ()
1  e S


(5)

(6)

by dividing the previous equations we obtain

 1 ( *)
 exp[( 1 cosv1 )  ( 2 cosv 2 )]
 2 ( *)

(7)
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If we consider that θv1 = θv2 then the AOT is expressed as the temporal variation of the AOT
of scattering (τscat) between the pollution image (τ2) and the reference image (τ1), which is

  (  *) 
   2   1  ln  1
 cosv
 2 (  *) 

(8)

If the “reference image” has been selected so that τ1 = 0 we will finally have

  (  *) 
 2  ln  1
 cosv
 2 (  *) 

(9)

It should be noted that for the case of Landsat θv = 90°  cosθv = 1.
In order to estimate the error transmission during the AOT () calculation it would be useful to
remind that the application of equation (9) is preceded by the so-called pre-processing of the
satellite data, which allows to convert the digital values (DN) to at-satellite reflectance values
(ρ*) according to the following equation.

 * ( ) 

   A  DN  B 

 2 d  3  
Eo ( ). cos o  1   cos
 
 365  


2



K
L

(10)

Let us first calculate the partial errors introduced by each of the components during the preprocessing:

 *   DN

,
A
L

 *   A

,
DN
L

 * 
 ,
B L
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 2 d  3 
2  cos
K
 *
365 




 2 d  3 
1    cos 365  L




 * tan( )  K

,
 
L

2

  * 
 * 
  * 
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  * 
2
2
2
2
   E2  
 *  
  A  
   DN  
   B  
 

E


 A 
 DN 
 B 


 
2

2

2

2

(11)

In a second step let us calculate the error transmission during the application of equation
(10).
Let us consider an nxn window on the reference image
1.
(12)
2.

For each pixel we calculate DN ij the  ij using equation (19) and  ij using equation
For the same window we calculate the average value  

 

4.
5.

and the standard

1
) , where: Pij   2

and ij ij 
 ij
n2 1
We also calculate the root mean square error of the standard deviation:

deviation  
3.

P    (

P 
P

reference

 P  
2
ij

     2ij
2

ij



(12)

2

We repeat steps 1-3 for the pollution image
We finally calculate the root mean square error of  as follows:

2

2

 cos( ) 
 cos( ) 
   2 ( 

   2 ( 
   

)
reference
polluted )











reference
polluted





where, θo is the sensor viewing angle common for the reference and pollution images.

(13)

D3.2 Report on data fusion methodology
WP3 Integrated atmospheric modelling for
connecting pressures to the environment to
concentrations at the regional and urban scales
Author(s): AUTH

Security:

PU

Version: FINAL 14/41

It should finally be noted that in all previous calculations the so-called bidirectional
reflectance has been neglected. This may introduce and additional error, the magnitude of
which directly depends on the topography of the area.
This code is valid for extraction of τ values only above land and information coming from the
sea surface should be removed. Therefore the image produced by the image processing is
multiplied by a mask-image consisting of values zero and one, corresponding to sea and land
respectively.
In both the cases (HRS and MSR sensors) AOT is the integral of the extinction coefficient due
to scattering from the ground to the height of the satellite sensor and its magnitude is linked
to the columnar concentration of the optically effective aerosol. In order to calculate the
scattering coefficient bscat of the aerosol that lies close to the ground, AOT has to be divided
by the appropriate scale length. Under well-mixed conditions such as the ones around noon
almost 90% of fine aerosol stays within the lower half of the mixing layer of the atmosphere.
Hence, a reliable approximation is to consider that the correct scaling height for the
scattering coefficient is the height of the mixing layer. In such conditions bscat can be derived
from the AOT taking a known mixing layer height (zb) as estimated from the meteorological
model.
By dividing the value of AOT calculated from satellite signal with the mixing layer height
(hereafter MH), AOT is corrected to reflect the relative importance of the lower atmospheric
aerosol. In this way, the scattering coefficient of fine particles gathered in the lower
atmosphere, i.e. within the planetary boundary layer (PBL) is calculated according to the
equation (14) for each cell of the domain of interest:

bscat 


hmix

(14)

The methodology used in the ICARUS project represents a real innovation in the assessment
of air quality at the urban and regional scales and, through the integration of the Aerosol
Optical Thickness values measured by satellite sensors with the other two types of data
stemming from ground-based measurements and pollution dispersion models, can provide a
more coherent depiction of air pollution over a large geographic area at very high spatial
resolution and with higher level of reliability.

3.1 Data fusion methodology
The data fusion methodology in ICARUS is organised in two consecutive layers: the first layer
of data fusion consists in the fusion between ground-based data concentration of PM and
gaseous chemicals as measured by the regulatory monitoring network and/or by ad hoc
measurements campaigns and the scattering coefficient reckoned from EO-derived aerosol
optical thickness and mixing layer height as calculated from meteorological model computed
by means of data provided by the ECMWF analysis on a regular grid.
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The first layer of data fusion produces PM concentration maps over the whole domain with a
very high spatial resolution. This concentration field is needed to calculate the second layer
of data fusion (second step), which involves the fusion between air quality concentration
data calculated from EO (through the first layer of data fusion) and the concentration values
resulting from chemical transport modelling applications, both regarding the values of
coarse, fine and ultra-fine particles concentration. The aim of this second step of fusion
process is to merge on cell-by-cell basis these two classes of information in order to obtain
an improvement of the final concentration field. As shown in the next chapters, two
different schemes were developed and implemented for 2nd-layer fusion: the first one is a
weight-based method that considers the relative uncertainty in input data to estimate the
relative importance of atmospheric modelling output and of the result of 1st layer of data
fusion; the second one uses a more formal mathematical approach based on Kalman
filtering theory. Both functions require knowledge of the standard error on cell-by-cell basis
associated to each one of the two.
3.1.1

Model description

The optical atmosphere effects of pollution on high spatial resolution EO are more
pronounced in certain spectral bands than in other. According to Mie theory (Mie, 1908)
highly scattering particles are those with diameters of the order of 0.5 to 2 times the
wavelength observed by the sensors. As mentioned before, the satellite imagery which is
commonly used in the ICARUS project works in the green spectral range (i.e. at 550 nm) to
evaluate the  of aerosol scattering and therefore it delivers information mainly about
aerosols with particle diameter of 0.2 - 1.0 µm.
These are mainly aerosols in the accumulation mode, which have been identified as the
most critical ones with respect to health.
However ground-based measurements, as well as the emission inventory used in the
modelling simulations, refer mainly to the PM10 concentration values. Hence, it was
imperative to associate ground concentration of coarse particles to the optical effect
introduced by fine and ultra-fine particles (measured by a proxy for the mass concentration
of these particles such as their scattering coefficient). For this reason, and considering the
results of the extensive tests carried out on the more important variables affecting the PM 10
ground concentration, we have included the effect of relative humidity on particle size
growth in the atmosphere.
Many works in the recent years have investigated the effect of the content of water vapour
in the atmosphere on its optical properties as well on the mechanism leading to the
formation of aerosols. To this purpose, many different models have been developed to
investigate the role of the water vapour in the process of formation of the aerosols (Day and
Malm, 2001; Day et al., 2000; Grant et al., 1999; McInnes et al., 1998). All the studies have
shown good agreement in defining that the aerosol behaviour respect to the water depends
basically on the size of the particles involved as well as on the ratio between organic and
inorganic species.
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This is a complex mechanism for the description of which the reader is referred to the
relevant literature; the mechanism requires detailed information about the chemical
composition of the fine particulate. In general, however, the change in relative humidity
leads to an increase of particle radius, because water vapour may be absorbed and
condensed on hydrophilic aerosols when the atmospheric relative humidity is increased,
following a hysteresis law (Fenn et al., 1981). This behaviour is particularly true for the fine
fraction of the particulate matter (i.e. PM2.5 and PM1).
In the case of the fine fraction the particulate size is increased and the complex refractive
index evolves towards the refractive index of water vapour resulting in modified particle
scattering properties (Waggoner et al., 1981, Sloan et al., 1984).
Figure 1 shows the aerosol growth factor (i.e. the ratio between the scattering coefficient at
dry condition and the same data measured at variable relative humidity values) as reported
by Day and Malm (Day and Malm, 2001). In particular, the effect of the relative humidity on
the scattering coefficient bscat can be approximately represented as an exponential. The
scattering coefficient rises very slowly with the relative humidity until values ranging from 50%
to 60% then it grows very quickly becoming, near to 100%, about 3-4 times the values at dry
conditions (relative humidity less than 30%).

Figure 1: Growth factor curve as a function of relative humidity. (Source: Day, D.E, Malm W.
C. , 2001).
The results of a study on the variation of the optical properties of ammonium sulphate as a
function of relative humidity, carried out by Grant (Grant et al., 1999), has showed the same
behaviour depicted in Figure 1 characterized by a slow increase in the single scattering
albedo up to around 60% of relative humidity, followed by a very quick increase of
exponential shape from 60% until 100%.

D3.2 Report on data fusion methodology
WP3 Integrated atmospheric modelling for
connecting pressures to the environment to
concentrations at the regional and urban scales
Author(s): AUTH

Security:

PU

Version: FINAL 17/41

In another work, Liu (Liu et al. 2005) found a relationship for estimating ground level of
PM2.5 using satellite remote sensing. The empirical regression model was found to depend,
among many factors, from the relative humidity in an exponential form to account for the
super-linear growth of the particle size with increasing relative humidity. In particular, the
 RH

relationship has the form of e
with a negative , indicating that the PM2.5 concentration
decrease with the increasing relative humidity. This could be explained because under
higher relative humidity conditions, hygroscopic particles such as ammonium sulphate and
ammonium nitrate, that represent the major components of urban ambient PM 2.5 (Lin et al.
2004), can grow 2 – 10 times in size resulting dramatic increase of their light extinction
efficiencies.
To take into account the effect of this parameter on the scattering coefficient b scat, a nonlinear statistical multiple regression model was developed.
The dataset has firstly to be divided according to value of relative humidity: on one side the
data with relative humidity values higher than a threshold (RH0) value set generally between
50 and 60% and on the other side those with relative humidity values lower than that
threshold.
For each of the two sub-sets of data a non-linear multiple regression was calculated using
the scattering coefficient bscat derived from EO data and meteorological model output, and
the fractional relative humidity as calculated at the station points by means of
meteorological model. It should be noted that in the following statistical relationships the
mixing layer height is expressed in km.
The physicochemical model found to best reflect the dependence of PM concentration close
to the ground with the extinction coefficient and relative humidity could be expressed with
following general formula:

CPM 10  a  bscat  b  e K RH

for RH > RHo

(15)

CPM 10  a'bscat  b'RH

for RH < RHo

(16)

The first factor of fusion functions proposed, depending from a proxy of the ground
concentrations of PM1 and PM2.5 such as the scattering coefficient bscat (remote sensing
signal retrieved from the satellite-borne sensors peaks at 550 nm) tends to underestimate
the PM10 concentrations. The introduction of relative humidity in the multiple statistical
regression analysis, supported by chemical-physical considerations about the transformation
of particles size from ultra-fine and fine to coarser particles, introduces an improvement
from both a statistical point of view and from a chemical – physical point of view.
In fact, the introduction of a second factor with a positive sign reduces the underestimation
due to the extinction coefficient factor and confirms the theoretical behavior illustrated
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above. In other words it causes an improvement of the performance of the models fully
justified from a chemical-physical point of view. The exponential dependence from RH as
shown by the empirical particle growth model at higher relative humidity compared to the
linear one at lower relative humidity, is in full agreement to the theoretical behavior (Figure
2).
The exact value of the inflection point RHo, depends on the prevalent meteorological
conditions (in terms of atmospheric humidity and ground-level air temperature). Factors a, b,
a’, b’ depend on the relative ratio of fine to coarse particles; the latter depends heavily on
the chemical composition of tropospheric aerosol – thus the model has to be parameterized
for each specific application site, when large differences in the chemical composition of the
aerosol emissions exist. K is the kinetic constant of fine particle growth due to atmospheric
humidity.
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4 Second layer of data fusion (Model fusion)
Different levels of data fusion are employed in the ICARUS algorithm. In this chapter we
focus on the “second layer” of data fusion, which involves the fusion between air quality
concentration data calculated from EO (through the “first layer” of data fusion) and the
concentration values resulting from chemical transport modeling applications, both
regarding the values of fine particles (PM10) concentration. The aim of the fusion process is
to merge on cell-by-cell basis these two different pieces of information in order to obtain an
improvement of the final concentration field. The fusion functions we developed are two:
the first one is statistical while the second one uses a more formal mathematical approach
based on the Kalman filtering theory. Both functions require, as starting point, knowledge of
the standard error on cell-by-cell basis associated to each one of the two kinds of data to
fuse (i.e. data from EO and from model).

4.1

Weighted fusion scheme

The fusion function proposed here is a weighted average of the respective values of fine
particle concentration (at ground level) as calculated by the EO-derived map (wEO) on the
one hand, and by the corresponding chemical transport model (w m) on the other. This
function is applied in the domain of interest on a cell-by-cell basis. The weights used for wEO
vary from 0.5 to 1 depending on whether the EO-derived or the model-based calculation is
more reliable at the cell in question, while the ones used for wm vary from 0 to 0.5.
Obviously, the following relationship must hold at each cell in the domain of analysis:
wEO + wM = 1

(17)

Note that the value of the weight calculated from the fusion of EO with ground-based
measurements (wEO) becomes 1 at the loci of the ground stations.
In order to reckon the weight for each of the two PM 10 values (derived from Earth
observation and atmospheric modeling respectively), the following scheme was adopted.
Starting from the PM10 emission inventory and the mixing height, the following relation was
evaluated for each cell of the computation domain:

f 

(e

)  C mod
hmix
(e / hmix )

(18)

where
e = annual average emission value of PM10,
hmix = height of planetary boundary layer (used here as a proxy to the tropospheric mixing
height) and
Cmod = PM10 concentration on the ground as calculated from the chemical transport model.
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Based on the value of f, the weight assigned to the PM10 concentration calculated by the
chemical transport model (wm) is determined following a scale function as displayed in
Figure 3. The PM10 final concentration is calculated as follows:

CPM10  (wm  C mod )  [(1  wm )  C EO ]

(19)

where

Cmod = PM10 concentration value derived from atmospheric modelling and
CEO = PM10 concentration derived from EO data.
Model weight definition
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Figure 3: model weight (wm) as a function of f (see equation 12)
4.2

Kalman filtering fusion scheme

The Kalman filter estimates a process by using a form of feedback control: the filter
estimates the process state at some time and then obtains feedback in the form of (noisy)
measurements. As such, the equations for the Kalman filter fall into two groups: time update
equations and measurement update equations. The time update equations are responsible
for projecting forward (in time) the current state and error covariance estimates to obtain
the a priori estimates for the next time step. The measurement update equations are
responsible for the feedback—i.e. for incorporating a new measurement into the a priori
estimate to obtain an improved a posteriori estimate.
Suppose that for a cell of the computational domain we have two different PM 10
concentration data: the first one, derived from EO data through first layer fusion (z1) and the
second one, derived from chemical transport modeling simulation (z2). Moreover suppose
that z1 has a variance σz1 and z2 a variance of σz2. Thus we can establish the conditional
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probability of x(t)1, our PM10 value from EO data, conditioned on the calculated value of
PM10 concentration z1 as depicted in Figure 4.

Figure 4: conditional density of PM10 concentration value based on calculated value z1
This is a plot of f x (t )1 ( x z1 ) as a function of the PM10 concentration value x . It tells us
z1

the probability of having any concentration value, based upon the value we calculated z1 .

Note that  z1 is a direct measure of the uncertainty: the larger  z1 is, the broader the
probability peak is, spreading the probability “weight” over a larger range of x values. For a
gaussian density, 68.3% of the probability “weight” is contained within the band  units to
each side of the mean.
Based on this conditional probability density, the best estimate of our PM 10 concentration
value derived from EO data is:

xˆ (t )1  z1

(20)

and the variance of the error in the estimate is

 2 x (t )1   2 z1

(21)

Note that x̂ is both the mode (peak) and the median, as well as the mean.
If the same consideration is valid for the PM10 concentration derived from chemical
transport modelling ( z 2 ), it can be demonstrated that the conditional density of the PM10
concentration value, given both z1 and z2 is a Gaussian density with mean μ and variance σ2
as shown in Figure 5 with:
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(22)

(23)

Note that, from equation (23), σ is lower than either  z1 or  z 2 ; this means that the
uncertainty in the estimate has been decreased by combining the two pieces of information.

Figure 5: conditional density of PM10 concentration value based on calculated value z2 alone
Given this density, the best estimate is:

xˆ (t ) 2  

(24)

with an associated error variance  . It is the mode and the mean (or, since it is the mean
of conditional density, it is also termed the conditional mean) (see Figure 6).
2
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Figure 6: Conditional density of PM10 concentration value based on calculated values z1 and
z2
Furthermore, it is also the maximum likelihood estimate, the weighted least squares
estimate, and the linear estimate whose variance is less than that of any other linear
unbiased estimate. In other words, it is the “best” we can do according to just about any
reasonable criterion.
The form of given in equation (23) is very reasonable. If  z1 were equal to  z 2 , which is
to say we think the two PM10 concentration values are of equal precision, the equation
reckons the optimal estimate of PM10 concentration as the average of the two values, as
would be expected. On the other hand, if  z1 were larger than  z 2 , which is to say the
uncertainty involved in the value of z1 is greater than that of z2, then our scheme dictates
“weighting” z2 more heavily than z1. Finally, the variance of the estimate is less than  z1
even if  z 2 is very large: even poor quality data provide some information, and should thus
increase the precision of the filter output.
Equation (24) can be rewritten as

 2

 2 z1

xˆ (t ) 2   z2 2
z

2
2
2
1


z2
(



)
(



)
z
z
z
z


1
2 
1
2 
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or, in its final form that is actually used in the Kalman filter (Kalman, 1960) implementation
(noting that xˆ (t )1  z1 )
xˆ (t )2  xˆ (t )1  K[ z2  xˆ (t )1 ]

(26)

These equations denote that the optimal estimate of our PM 10 concentration values xˆ (t ) 2 ,
is equal to the best prediction of one of the two values xˆ (t )1 , plus a correction term of an
optimal weighting value times the difference between the two values.
In equation (26) K is the Kalman gain defined as:

K   2 z1 /( 2 z1   2 z2 )

(27)

Where σz1 and σz2 are the standard deviation on cell by cell basis of Z1 that is the values of
PM concentration on each single cell respectively derived from chemical transport model
and from EO data.
The final PM concentration in each cell is calculated as:
(28)
This technique ensures that data singularities generated from point disturbances of the
optical parameters field captured by the satellite sensor are eliminated. At the same time,
atmospheric model weaknesses, such as the high dependence of result accuracy on the
adequacy of the emissions inventory and boundary/initial values can be dealt with via fusion
with the satellite-derived estimates.
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5 Artificial Neural Network
ANNs are a computational tool that is based roughly on the structure of human brain, as
many of its biological characteristics are faithfully reproduced artificially. ANNs map ndimensional inputs to m-dimensional outputs through a self-organizing and learning process.
Neural networks are organized in layers. Input and output layer includes the independent (X)
and dependent (Y) parameters, respectively. One or more hidden layers are used for the
connection of the input to the output layer via a system of weights (w). Layers include
numerous interconnected neurons or nodes, which contain a transfer function (F).
Specifically, an ANN model functions as follows: the input layer receives n signals (X1, …, Xn),
which are linearly transformed using the corresponding weights (X1w1, …, Xnwn) and then are
summed up. The transfer function is applied to the sum and sends the final signal to the
output. The equation that describes this process can be written as:

 n

Y  F   X i wi 
 i 1


(29)

Transfer function can either be linear, step (threshold) or sigmoid. The type of sigmoid
function is excessively used because it is bounded, monotonic, differentiable, and easy to
handle. Input to sigmoid function can be any value from negative to positive infinity
resulting in an output between 0 and 1 according to the expression (Hagan, Demuth et al.
2014, Larose and Larose 2014):



1
1  e n

(30)

Backpropagation algorithm is one of the most popular techniques to train the ANN network.
At the beginning of the training, the weights of the network are randomly initialized. Then,
backpropagation updates the weights in the direction in which the performance function
decreases most rapidly. This is done by computing the partial derivatives of the performance
function with respect to any weight in the network. The first- and the second-order partial
derivatives of the performance function are used for the estimation of the Jacobian and
Hessian matrix, respectively. The typical performance function for training neural networks
is the mean sum of squares of the network errors, i.e. the difference between the predicted
(y) and the desired output (t), given by the equation below (Rojas 1996):
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(31)

There are many training algorithms for optimizing the performance of ANN networks, the
most important of which are Levenberg-Marquardt (LM), Scaled Gradient Conjugate (SCG)
and BFGS Quasi-Newton (BFG). The LM algorithm is designed to be applied to performance
functions that have the form of a sum of squared errors. It is implemented by computing the
Jacobian matrix, without computing the exact Hessian matrix (Marquardt 1963). The SCG
algorithm is based on conjugate directions and can train any network as long as its weight
and net input (Møller 1993). The BFG algorithm builds up an approximation to the inverse
Hessian at each iteration of the algorithm, instead of calculating the Hessian matrix directly.
This approximation does not require calculation of the second derivatives of the
performance function as it is computed using only the first derivatives (Dennis and Schnabel
1996).
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6 Optimal Interpolation
Another data assimilation technique commonly used is the optimal interpolation (Eliassen
1954, Gandin 1963, Rutherford 1972, McPherson et al., 1979, Lorenc 1981). This method is
based on assumptions on the statistics of errors in the model and data. Optimal
Interpolation (OI) method performs much better than data substitution, although the
correction is still not based on underlying physical laws, but solely on statistical assumptions.
The basic idea of the OI method is to predict the concentration field on a regular calculation
grid at several instances in time. At each time step the differences in the model results and
the data values are interpolated at every grid point of the model to correct the results. So, at
any time, the concentration field obtained by OI can be interpreted as a suitable initial
condition for the future. The OI scheme requires the knowledge of the spatial covariance of
the model field and the observations. The weighting factors of the interpolation procedure
are obtained by minimising the generalised least-squares error. In most of present OI
schemes, certain empirical covariance structures are assumed (Balgovind et al. 1983,
Liinnberg and Hollingsworth 1986, Phillips 1986, Thiébaux and Pedder 1987, Ghil and
Malanotte-Rizzoli 1991). This assumption works well in meteorology, as the empirical
covariance structures can be defined fairly well in advance based on the physical laws,
accumulation of a wealth of meteorological information and long-term research experiences.
In contrast with meteorology, it may be difficult to apply the OI method for predicting air
pollution problems due to its shortcoming in knowledge on the complicated dynamic air
pollution processes.
The OI scheme developed in ICARUS made use of Kriging (Cressie 1991). Kriging is a method
for the optimal estimation of a magnitude y at an arbitrary location that has not been
measured by using measurements at surrounding points. By changing the position of the
point of estimation, it is possible to estimate the whole field of spatial variables. In the
Kriging approach, the spatial correlation structures in the form of a semivariogram of the
deviation field is automatically estimated based on the available measurement data at each
time instant. The weighted least-square method is uses for fitting a theoretical
semivariogram model. The updated picture of the whole concentration field is obtained by
adjusting y throughout every grid point of the concentration field using Kriging equations. In
this way, measurement and modelled data may be assimilated.
In the OI method the model results at each time step are corrected at every model grid point
by interpolating the deviations between the observations and model results at the
measurement points. The interpolation of the commonly used OI scheme is not an exact
statistical method, as it is performed using certain empirical covariance structures, defined
a priori. Kriging is a statistical optimal interpolator. The spatial correlation structures in the
form of a semivariogram are estimated on the basis of statistics of the online measurements.
To apply the statistical interpolation method, a random field and 'observations' need to be
produced. In this study the random field obtained by generating random disturbances to
the mean concentration field introduces a known spatial correlation structure among
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various observations. Therefore the estimated spatial structure can be compared
quantitatively with the real underlying structure to gain insight into the reliability of the
estimated empirical semivariogram.
Universal Kriging technique will be implemented in ICARUS to combine observations with
model data by predicting the concentrations at unknown locations by simultaneously
interpolating the observations and using the model data to provide information about the
spatial patterns. In contrast to ordinary kriging, universal kriging allows the overall mean to
be non-constant throughout the domain and to be a function of one or more explanatory
variables. Universal kriging is similar to kriging with external drift and mathematically
equivalent to regression kriging (Hengl et al., 2007) or residual kriging (Denby et al., 2010;
Horálek et al., 2013) but can perform the linear regression against auxiliary variables and the
spatial interpolation of the corresponding residuals in a single step. Universal kriging
assumes a non-stationary mean and in addition the presence of local spatial variation. As
such, the parameter in question is modelled by a deterministic regression component that
provides the large-scale spatial variation and provides spatial patterns in areas where no
observations are available, and a kriging component that provides the small-scale random
variation.
In general, we compute the estimated concentration Y(so) at point s0 as:
(32)
Where c is a constant, a1, a2, etc. are regression coefficients, X1 , X2 , …, Xp are the values of
the p predictor variables of the regression component, and  is a stationary random process
with a given semivariogram. In matrix notation we have:

(33)

Where Y indicates the estimated values at all prediction locations, X represents the values of
the predictor variables at all locations, a is the vector of regression coefficients,  indicates
the vector of residual errors that is estimated using kriging with the known semivariogram
model, n is the number of prediction locations, and p is the number of predictor variables.
In practice, the spatial trend or drift  of the mean is estimated here using a single predictor
variable, which is the long-term average concentration map provided by a model (for
example, a dispersion model result).
The theoretical semivariogram required for calculating the covariances in the kriging process
is fitted automatically to the empirical semivariogram for each new set of observations
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jointly with the respective basemap at specified time intervals. We allowed the nugget and
sill parameters to vary freely.
Before the actual data fusion takes place, we first need to transform both the modelled and
observed concentrations into log-space using the natural logarithm. This approach follows
previous work such as that carried out by (Denby et al., 2008; De Smet et al., 2010; Horálek et
al., 2014) and is done because the frequency distribution of observed and modelled
concentrations most often resembles the lognormal distribution. A log-transformation
therefore is able to convert these distributions into an approximately Gaussian distribution,
which we assume for universal kriging. Taking the lognormal distribution of the
concentrations into account has further been shown to provide superior mapping accuracy
(Denby et al., 2008; Horálek et al., 2013).
After universal kriging is carried out in log-space, the resulting concentration field and the
corresponding mapping uncertainty have to be back-transformed from log-space. (Denby et
al., 2008) showed that the theoretical back-transformed expectation value of a
concentration C is given as:
(34)
where  and represent the mean standard deviation of the log-normal transformed
data, respectively. In practice, the concentration values resulting from the data fusion
process are thus back- transformed by exponentiation with the kriging error as:
σ

(35)

where Z(s0) is the estimated back-transformed concentration value at point s0, Y(s0) is
the concentration at point resulting from the data fusion process, and (s0) is the kriging
standard deviation at point s0 (De Smet et al., 2010).
The theoretical back-transformed variance of the log-normal distribution is computed as:
σ

σ

(36)

Where  and  represent the mean and standard deviation of the log-normal transformed
data, respectively (Denby et al., 2008). Thus, we can calculate the back-transformed
standard deviation (uncertainty) (s0) of the fused map as:

(37)
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Where (s0)is the kriging standard deviation at point s0 and Y(s0) represents the
concentration at point resulting from the data fusion process (Denby et al., 2008; De Smet
et al., 2010).
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method (3DVAR and

Another widely used data assimilation method is the four-dimensional variational data
assimilation method. In general, the idea is to minimise the distance between the model's
solutions and observations over a time interval, subject to the model's dynamics as strong or
weak constraints. A 'strong' constraint requires that the imposed constraint be satisfied
exactly, and a 'weak' constraint requires that a function of the constraints be minimised.
The 4DVAR method was first introduced into data assimilation techniques by Sasaki (1958),
and also Sasaki (1970), and Provost and Salmon (1986). A particularly efficient method for
direct minimisation with 'strong' constraint is the adjoint method (Lions 1971, Talagrand
1981, Lewis and Derber 1985, Talagrand and Courtier 1987, Thacker and Long 1988, Navon
et al. 1992, Courtier 1993, Courtier et al 1994). This method provides an efficient way to
compute the gradient of a quadratic function with respect to the initial and boundary values
for the exact solution of a model equation. The correction to the initial value or the exact
model's solution is obtained by propagating the difference between the model's and the
observations backward with the adjoint equations. Fisher and Lary ( 1995) have developed
an adjoint data assimilation of chemical species using the adjoint method.
Unlike the Kalman filter, the 4D-Var algorithm acts as a smoother, as it adjusts the initial
values of the assimilating model, such that differences between observations and model
state within a predefined time interval are minimized in a root mean square sense.
If the time dimension is omitted, the 4D-Var method becomes the 3D variational method,
(3D-Var.)
The representation of errors is fundamental to the formulation of constituent data
assimilation algorithms. At its simplest one needs to consider the errors in the observations
and the errors in the background information. Following Ide et al. (1997), R is the
observation error covariance matrix. Typically, R is assumed to be diagonal; although this is
not always justified (e.g. different elements of a retrieved profile are likely to have
correlated errors). R includes the errors of the measurements themselves, E, and errors of
representativeness, F; R=E+F. F includes errors in the observation operator, and errors
arising because the assimilation model does not fully resolve the scales measured by the
observations (Cohn, 1997). B is the background error covariance matrix. Its offdiagonal
elements determine how information is spread spatially from observation locations. If the
background errors of one variable are uncorrelated with any other variable, then the
analysis is termed univariate, but if the errors in different variables are correlated, the
analysis is termed multivariate. If B is multivariate, it can provide statistical links between
dynamical variables, for example, geostrophic coupling, or links between dynamical and
chemical variables or different constituents. It is generally assumed that B and R are
uncorrelated.
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In the 3-d variational (3D-Var) method a minimization algorithm is used to find a model
state, x, that minimizes the misfit between x and the background state x b, and also between
x and the observations y.
In general, in data assimilation, errors (for the observations and the background or model)
are assumed to be Gaussian. The most fundamental justification for assuming Gaussian
errors, which is entirely pragmatic, is the relative simplicity and ease of implementation of
statistical linear estimation under these conditions. Because Gaussian PDFs are fully
determined by their mean and their variance, the solution of the DA problem becomes
computationally practical. Another argument for the choice of Gaussian errors is that of all
possible PDFs with given mean and variance, the Gaussian distribution has maximum
entropy
In 3D-Var, we seek the minimum with respect to x of the penalty function, J :
=

(38)
(39)

The first term on the right-hand-side (Jb) quantifies the misfit to the background term and
the second term (Jo) is the misfit to the observations. Extra terms incorporating dynamical
constraints (Jc) may be also added in some implementations of 3D-Var.
The observation operator H maps the model state x to the measurement space, where y
resides. If the observation operator is linear (written H), the penalty function, J , is quadratic
and is guaranteed to have a unique minimum.
Because of the large number of variables involved, variational DA schemes do not perform
the minimization of J in the model space but, instead, use a transformed or control space.
The elements of this control space are the control variables. A frequent choice of control
variable for constituents is the logarithm of a normalized mixing ratio – this avoids
unphysical negative values. It also means that errors can be specified as a proportion of the
background value, rather than absolute concentrations, which is often more convenient
since mixing ratios can vary by several orders of magnitude.
However, such transformations can make the observation operator complex and non-linear,
for example if the model state consists of local concentrations of a constituent while what is
observed is an integral of concentrations along an instrument line of sight. Note that once a
logarithm of the concentration is taken, the observation operator becomes non-linear, and
that if one assumes Gaussian error statistics for concentrations, logarithms of concentrations
will have non-Gaussian error statistics. It would also be possible to specify Gaussian errors of
the logarithm of the concentrations. The 3D-Var algorithm assumes that all observations are
valid at the same time, even though they are generally distributed over a time-window
4-dimensional variational (4D-Var) assimilation is a development of 3D-Var in which the
temporal dimension is included (e.g. Bouttier and Courtier, 1999). The minimization is
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carried out over a time window that is typically 6 or 12 h, although longer time windows
have been used. The natural length of the time window for diurnally varying species is 24 hr
In 4D-Var, observations are used at their correct time. Experiments at ECMWF suggest this is
the main reason for the improved performance in 4D-Var, as compared to 3D-Var (Fisher
and Andersson, 2001). Experiments at the Met Office also indicate improved forecast skill for
4D-Var compared to an equivalent 3D-Var configuration (Rawlins et al.,2007).
4D-Var has two new features compared to 3D-Var. First, it includes a model operator, M,
that carries out the evolution forward in time. The first derivative, or differential, of M, M, is
the tangent linear model (if M is linear, represented by M, its derivative is M). The transpose
of the tangent linear model operator, MT , integrates the adjoint variables backward in time.
The tangent linear model is only defined under the condition that the function J defined by
Eq. (1) be differentiable – this is the tangent linear hypothesis (Bouttier and Courtier, 1999).
Second, J can include an extra term in which the model errors associated with the model’s
temporal evolution are accounted for. For example, in the formulation of Zupanski (1997) an
analogous term involving Q−1 is included in J , where Q is the model error covariance.
The properties of the adjoint method allow it to play two important roles in 4D-Var: coupling
different elements of the algorithm, and computing gradients associated with the
minimization of the penalty function (Talagrand, 2003b). The first property allows
unobserved regions to be constrained by observed regions, this property being extended to
unobserved species that chemically interact with modelled species that are observed; the
second property allows efficient computation of the gradient of the penalty function.
It has to be remarked, however, the adjoint method requires data over an entire time
interval to correct the model results so as to obtain estimation of the initial concentration.
Therefore it may be difficult to get an online forecast procedure. Besides, the development
of the software for the data assimilation method is rather complicated and time-consuming
due to the complexity of the adjoint models for realistic air pollution models.
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8 Conclusion
The use of satellite-derived information for air quality assessment is a breakthrough
technology in environmental monitoring, since it can provide a comprehensive overview of
the environmental loading across very large geographical areas.
To this aim we developed different fusion algorithms which may functionally integrate all
three key information sources (Earth Observation, modeling and analytical measurements)
providing a valid approach for overcoming the pitfalls of current atmospheric observation
systems and allowing to reduce the overall error to levels lower than the current
atmospheric models as well as the pollutant concentration maps produced by spatial
interpolation of measurements from the ground.
Two different levels of data assimilation techniques have been illustrated: the first (“namely
“data fusion”) aiming at assimilating remote sensing information, such as the optical
thickness of the atmospheric aerosol, with meteorological data (mixing height, relative
humidity, air temperature) and measurement data to compute concentrations at the ground
level. A second level of data fusion (namely “model fusion”) merges the outcomes of the
first level (data fusion) with results of atmospheric dispersion models so as to ensure that
data singularities generated from point disturbances of the optical parameters field
captured by the satellite sensor are eliminated. At the same time, known atmospheric model
weaknesses, such as the high dependence of result accuracy on the adequacy of the
emissions inventory and boundary / initial values, can be dealt with effectively via fusion
with the output of the satellite-based procedure. Two different “model fusion” schemes
were illustrated: one based on a weighing scheme and another one employing a Kalman
filter to auto-estimate the relative error in each cell of the computational grid.
Other commonly used data fusion techniques such as Artificial Neuronal Networks (ANN),
Optimal Interpolation (OI) and 3 and 4 dimensional variational methods (3 and 4DVAR) are
also described in this report. The data fusion scheme more appropriate for each ICARUS
participating city will be devised and applied. The choice of the best algorithm will be
influenced by the structure availability and quality of the local air pollution datasets and by
the local user requirements with regard to relevance for effective policy support
The computational assessment method described in this work permits a detailed spatial
characterization of atmospheric pollution loading in the domain of interest with a view to
optimizing air quality management in order to reduce the corresponding adverse health
impact.
Generally, HSR sensors may produce better results than the moderate ones. This finding is
reasonable when considering that for moderate sensors the value of the pollutants
concentration within each single cell of 4 km by 4 km composing the computational domain
is an average value of the pollution levels inside the cell with a resulting smoothing effect.
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High resolution estimates may provide the bridge that would allow the seamless integration
of air pollution estimates from the single road and street canyon level to the greater
metropolitan areas that are typical of modern day megacities.
On the other side moderate resolution sensors such as SEVIRI have the major advantage to
have a high time resolution (i.e. up to 15 minutes) allowing environmental and public health
managers to closely follow the time evolution of pollution levels and adopt the necessary
measures to face acute pollution episodes. According with the spatial/temporal
characteristics of the satellite sensor, Earth observation data can be used to meet different
objectives: HSR sensors providing very detailed and accurate representation of the pollution
loading at ground level can serve as strategic tool to help environmental and health
managers to identify “hot spots” where more efforts are needed to reduce environmental
health pressure. Moderate resolution sensors can be used more as day-to-day operational
tools helping environmental managers to take the necessary measures to control high
pollution episodes. Using both types of satellite sensors could provide an overall estimate of
tropospheric pollution at variable spatial/temporal scales with satisfactory accuracy.
A further potential advantage of the information fusion method developed is that it allows
pollution backcasting. Past studies investigating the health effects of tropospheric aerosol
used surrogate measurements in the absence of systematic particulate matter monitoring
such as soot, black smoke, or total suspended particles (TSP). Historical Earth observation
data can be used to complete the data series of particulate matter concentration in ambient
air. Such datasets would allow the environmental health community to complete existing
epidemiological data and eventually produce more reliable exposure-response functions at
very low cost.
Potential limitations in the use Earth Observation in atmospheric observations are mainly
associated with the large number of missing retrievals, because of orbit patterns, cloud
cover, and surface reflectivity that may compromise its use.
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