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Abstract The combined use of air quality monitoring data
and state-of-the art dispersionmodels provides a more realistic
representation of the spatial distribution of pollutants and
allows a reduction in the uncertainties involved in the assess-
ment of the exposure in epidemiological studies. Data assim-
ilation is a method which combines such information to pro-
duce an optimal representation of the state of the atmosphere.
In this work, we tested two approaches to merge these infor-
mation sets: the successive corrections method (SCM) and the
statistical optimal interpolation (OI). These methods have
been extended in order to take into account the spatial repre-
sentativeness of measurements. PM10, NO2, and O3 concen-
tration fields produced by an air quality modeling system, run
with two nested domains covering much of Central Italy and
the Rome urban area, have been used to identify the optimal
values for the horizontal and vertical scaling distances that are
key parameters for the SCM and OI methods. A statistical
analysis of the results obtained from the application of these
methods demonstrated that lower RMSE values resulted from
the use of the OImethod. Further, PM2.5 modeling results over
the Rome urban area and additional measurements collected
during experimental campaigns, performed within the popu-
lation exposure to polycyclic aromatic hydrocarbons
(EXPAH) LIFE+ Project, allowed the evaluation of this ap-
proach in reconstructing PM2.5 levels at EXPAH monitoring
sites, which were not used in the data assimilation process.

The results confirmed the potential of these methods to im-
prove the estimation ofmodeled concentrations, by taking into
account local phenomena not resolved by the model, but clear
from the observations, and also in providing more reliable
data to be used in exposure studies.

Keywords Air quality models . Spatial analysis . Data
assimilation . Emission inventories . Exposuremodeling

Introduction

A more realistic representation of the spatial distribution of
pollutants is the final goal of “data fusion” (DF) methods that
combine information from air quality monitoring networks
with other sources such as reanalysis data, satellite data, and
data sets obtained from statistical models or chemical trans-
port models (CTMs) (Denby et al. 2009). This approach
permits the improvement of air quality assessment and conse-
quently, reduces uncertainty in exposure estimates (Physick
et al. 2007). According to Zhang et al. (2012), “data assimi-
lation” (DA) can be defined as a subset of DF in which CTM
results are one of the sources of data used to produce an
optimal representation of the state of the atmosphere. DA
methods are used to overcome the limitations of CTMs and
simple interpolation of observations by combining available
information in a coherent way. A growing interest on DA
methods in air quality modeling is shown by several works
dealing with methods in which:

& CTMs directly incorporate monitoring data during the
modeling process: Elbern and Schmidt 2000; Denby
et al. 2006; Adhikary et al. 2008; Tombette et al. 2009;

& Different data sources (satellite data, air quality fields from
models, land-use data, etc.) are used in either a statistical
or geometric way: Denby et al. 2005; Horálek et al. 2005;
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Borrego et al. 2011; Delle Monache et al. 2008; Petritoli
et al. 2011.

The role of combined monitoring and modeling is also
being investigated by a sub-group (http://fairmode.ew.eea.
europa.eu/monitoring-modeling-sg1) of the Forum for Air
quality Modeling in Europe whose main aims are as follows:

& To promote the best practices on the combined use of
models and monitoring for EU Directive 2008/50/EC
(EC 2008) related applications;

& To develop and to apply quality assurance practices in
combining models with monitoring;

& To provide guidance on station representativeness and
station selection for the combined use of monitoring
with modeling.

A survey conducted in this framework (Denby and
Spangl 2010) has shown that nudging methods, residual
kriging (Janssen et al. 2008), statistical interpolation,
sequential methods (optimal interpolation, Ensemble
Kalman filter), and variational methods (3D, 4D-var)
are widely used in Europe. A review of major tech-
niques for chemical DA, used in regional real-time air
quality forecasting models, is presented in Zhang et al.
(2012). Zhang et al. stress the need for continuous
development and improvement of DA techniques to
reduce inaccuracies and errors in forecast products.

In this work, we have investigated two sequential methods
to combine model results and observations: the successive
corrections method (SCM) and the statistical optimal interpo-
lation (OI). These methods are generally able to give the
best estimate of the chemical state of the atmosphere
providing that suitable values are used for the scale
parameters defining the influence of the observations
along the horizontal and vertical directions. OI and
SCM methods and the description of the spatial repre-
sentativeness of measurements are illustrated in
Section “Assimilating observations into CTMs.” These
methods have been applied to a dataset from an Air
Quality Modeling System (AQMS) which simulated
PM10, NO2, and O3 levels over two nested domains
covering Central Italy and Rome urban area, respective-
ly. The description and the evaluation of the modeling
system are given in Section “AQMS application.” The
procedure adopted to identify the optimal values for the
horizontal and vertical scale parameters, for the above
mentioned species and domains, and the analysis of
SCM and OI method resul ts are described in
S e c t i o n “A p p l i c a t i o n o f D A m e t h o d s . ”
Section “Application to the EXPAH dataset” illustrates
the application of the OI method to the population
exposure to polycycl ic aromatic hydrocarbons

(EXPAH) LIFE+ Project dataset that demonstrates the
capacity of this approach to improve the representation
of the spatial distribution of PM2.5 levels over the urban
area of Rome.

Assimilating observations into CTMs

Concentration fields provided by CTMs at each grid point are
considered as “the first guess (also known as background field
or prior information) of our best estimate of the state of the
atmosphere prior to the use of the observations (Kalnay
2003).” A more realistic representation of the spatial
distribution of pollutants is the final goal of DA
methods that integrate such information. In this work,
we have used two methods: an empirical approach
based on the SCM and the well-known statistical OI.
These methods allow the interpolation of arbitrarily
located observations onto a regular grid, using a back-
ground field as first guess, and taking into account the
error variances of both the model results and the obser-
vations. The merged field is optimal in the sense that it
has the lowest error variance.

Optimal interpolation

Within the OI framework, the analyzed (optimal) state vector
xA is given by:

x A ¼ x G þ BHT HBHT þ R
� �−1|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

K

Y−HxG
� �

where xG is the background state vector, Y is the observation
vector, H is the observation operator that extracts from a state
vector the corresponding values at the location of the obser-
vations, B is the background error covariance matrix, R is the
observation error covariance matrix, and K is the so-called
gain matrix. Here, we have used the module developed by
Alexander Barth (available at: http://ocgmod1.marine.usf.
edu/OI/optiminterp-0.2.5.tar.gz) to implement the OI
method. The following assumptions are made in this
module: (1) the observation errors are uncorrelated (e.g., off-
diagonal elements of R are zero and R is consequently as-
sumed to be diagonal: R=σ0

2Iwhere I is the identity matrix and
σ0
2 is the observation error variance defined as follows:

σ 0
2=〈ε 0

2〉, where ε0=Y−HxT and xT is the “true state”); (2) B
is assumed to decrease exponentially with the square of the
distance along each dimension:

B i; jð Þ ¼ σB
2exp −

dh
2 i; jð Þ
L
h
2

 !
exp −

Δzi; j
2

L2z

 !
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Here, dh(i, j) is the horizontal distance between the i th

and the j th grid points, Δzij is their vertical distance, σB
2

is the background error variance (defined as follows:
σB
2=〈εB

2〉, where εB=x
G−xT), and Lh and Lz are the hor-

izontal and vertical scaling distances. The implication of
assuming B as exponentially decreasing is to spread out
spatially the information from local observations that
contribute to the corrections of the state variables in
neighboring locations. Defining ε2 as the ratio of the
observation error variance to the background error var-
iance (ε2=σ0

2/σB
2) and dividing the two error covariance

matrixes R and B by σB
2, the diagonal elements of R

become equal to ε2I and the parameter ε2 becomes a
single-tuning parameter (Messina et al. 2011). The effect
of the inclusion of error statistics is to provide a blend
between the background field and the local data, de-
pending on the value of ε2. For relatively small obser-
vation errors and large background errors, the analysis
will converge toward the observations; while for large
observation errors, the results will be more dependent
on the background fields.

Successive correction method

The second approach is based on the Bratseth technique
(Bratseth 1986), a successive correction method that
converges to OI due to the inclusion of background
and observation error statistics (Kalnay 2003). The anal-
ysis is initialized with a background field (first guess
modeled field) which is then modified by taking into
account the local data. In this work, we have followed
the approach described in the ARPS Data Assimilation
System to implement this method (see http://www.caps.
ou.edu/ARPS/arpsdoc.html).

The analysis of a model variable, s, at grid point x is
performed using an iterative approach as follows:

sx nð Þ ¼ sx n−1ð Þ þ
X
j¼1

nobs

αxj s j
0 − s j n−1ð Þ� �

where n is the iteration, sj
0 is the observations, sj(n−1) is the

analysis values at the observation locations at the previous
iteration (on the initial pass over the grid the background field
is used) and αxj are the weights at the grid points The analysis
value at the observation location i, si(n), is given by the
following expression:

si nð Þ ¼ si n−1ð Þ þ
X
j¼1

nobs

αij s
0
j − s j n−1ð Þ

h i

where si(n−1) is the analysis value at the previous iteration (on
the initial iteration it corresponds to the background value
interpolated to the observation location). The weights αxj and

αij at the grid points and at the observation locations, respec-
tively, are given by:

αxj ¼
ρxj
m j

;α ij ¼
ρij þ ε2δ ij

� �
mj

where ρxj and ρij are the correlation coefficients of the grid
points and observations, respectively, δij is the Kronecker delta
which is one when i = j and zero otherwise and ε2 is, as stated
before, the ratio of the observation error variance to the
background error variance. The correlation coefficients ρ are
assumed to be Gaussian functions, allowing the weights to
decrease asymptotically to zero with increasing distance be-
tween the observation and analysis points:

ρ i; kð Þ ¼ exp � dh
2 i; kð Þ
Lh

2

	 

exp −

Δzi; k
2

L2z

 !

Here, dh(i , k) is the horizontal distance between the ith

(grid point or observation) and the kth observation and
Δzik the vertical distance between them. In the formula
for the weights, the parameters mj represent the local
data density around the analysis point and are given by
following expression:

mj ¼ ε2 þ
X
i¼1

nobs

ρij

Spatial representativeness of measurements

When combining the measurements and model results, it is
important to take into account the so-called “lack of represen-
tativeness” errors, which can be defined as “the typical devi-
ances or differences that occur between model calculated and
observed concentrations, if their spatial and/or temporal posi-
tions, or averaging characteristics, do not match” (Walker
et al. 2006). Observational error variances, therefore, derive
from two different sources: instrumental and associated with
local phenomena (e.g., emissions, local flows, and turbulence)
at spatial scales not resolved by the underlying model. The
second error is denoted “error of representativeness.” Assum-
ing that these errors are not correlated (Kalnay 2003), the
observational error variance σ0

2 is the sum of the instrument
error variance and the representativeness error variance. Ac-
cording to Elbern et al. (2007), the representativeness error
can be expressed by the following formula:

εrepr ¼ εabs

ffiffiffiffiffiffiffiffiffiffi
Δx

Lrepr

s

whereΔx is the grid resolution of background field, Lrepr is the
characteristic length of the observations (e.g., the radius of
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influence associated with different types of ground based
stations), and εabs is a tuning parameter called “characteristic
absolute error.” Pagowski et al. (2010) found experimentally
that εabs ¼ 1

2 εinstr and suggest the following values for Lrepr:
10, 4, and 2 km respectively for rural, suburban, and urban
stations. Consequently, the following expression for the
ε2 parameter is obtained:

ε2 ¼ σ0
2

σB
2
¼ σinstr

2 þ σrepr
2

σB
2

¼ εinstr2
� 
þ εrepr2

� 

σ
B
2

¼
εinstr2
� 
þ Δx

4Lrepr
εinstr
2

� 

σB
2

¼ σ2
instr

σB
2

1þ Δx

4Lrepr

	 


or alternatively:

ε2 ¼ ε
∧2
⋅

1þ Δx

4Lrepr

	 


1þ Δx

4max Lrepr
� �

 !

where:

ε
∧2 ¼ σ 2

instr

σb
2

1þ Δx

4max Lrepr
� �

 !

ε
∧2

represents the actual tuning parameter: ε2will coincide

with ε
∧2

for stations having the maximum influence radius Lrepr
(e.g., remote stations) and will have higher values for stations
with lower spatial representativeness (e.g., results will be
more dependent on the background field). Consequently, the
spatial features of the assimilated fields will also depend on
the values assumed by the characteristic lengths associated
with each monitoring station. These DA methods and the
procedure adopted to identify the optimal values for Lh and
Lz (which are pollutant and domain scale dependent) have
been tested on a dataset, described in the following section.
The dataset was produced using an AQMS developed to
analyze the effects of different emission/dispersion character-
istics on air quality over the Lazio region (Central Italy) and
the Rome conurbation.

AQMS application

The city of Rome and the Lazio Region are characterized by
high ambient concentrations of particulate matter, NO2, and
O3. The annual average concentration of NO2 is above the EU

standard value recommended for human health protection
(40 μg m−3), while the hourly regulatory limit of 180 μg
m−3 for ozone is exceeded several times a year at some
monitoring stations. As for PM10, the mean annual value is
above the regulatory limit of 40 μg m−3 at urban traffic
stations, and the maximum number (35) of exceedances of
the daily human health protection limit, fixed at 50 μg m−3, is
unattained in busy streets. According to the EU Directive (EC
2008), air quality assessment and management has to be
performed by means of a combined use of monitoring data,
emission inventories, and modeling techniques. In this per-
spective, an AQMS has been developed with a background
domain, covering a large portion of Central Italy (66×58 cells
at 4 by 4 km) and a target domain including Rome urban area
(61×61 cells with 1 by 1-km resolution).

AQMS description

The AQMS is based on the Flexible Air quality Regional
Model (FARM) (Gariazzo et al. 2007; Silibello et al. 2008)
and includes subsystems used to reconstruct flows and related
turbulence parameters, to apportion data from the emission
inventories to grid cells and to calculate the air quality indi-
cators required by the EC directives. FARM employed the
SAPRC-90 (Carter 1990) chemical mechanism and the aero3
modal aerosol scheme from the CMAQ framework
(Binkowsk 1999; Binkowski and Roselle 2003). The meteo-
rological fields were produced by the prognostic and non-
hydrostatic model RAMS (Cotton et al. 2003) using a two
way nested grid system. Figure 1 shows the domains used by
the RAMS and FARM models.

Deposition velocities of gas-phase species, horizontal/vertical
diffusivities and natural emissions fields (sea salt, wind-blown
dust, and biogenic VOCs) required by FARM were calculated
using an interface module (Finardi et al. 2005) depending on
meteorological parameters (e.g., wind speed, solar radiation,
temperature) and land-use characteristics (e.g., soil type). This
AQMS is routinely used by the Lazio Region Environmental
Protection Agency (ARPA Lazio) to produce air quality fore-
casts, to assess air quality, and to evaluate the impact of different
emission control strategies over the region and Rome.

Traffic emissions

A detailed methodology, based on the Traffic Emission Fac-
tors Improved Calculation (TREFIC) model (Nanni et al.
2004), was adopted to estimate road traffic emissions
(Gariazzo et al. 2007). TREFIC follows the COPERT III
approach and includes, for particulate matter, the emission
factors developed by the International Institute for Applied
Systems Analysis (IIASA) (IIASA 2001) that consider both
exhaust and non exhaust (tires, brakes, road coating) sources.
Vehicle flow data for the highway network, provided by the
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Italian Association of Motorway and Tunnel Concessionaire
Companies, together with information on the characteristics of
the vehicle fleet, are utilized to estimate the emissions. Traffic
data on the main roads and limitations on the circulation of
some categories of vehicles (e.g., non catalytic, EURO 1, etc.)
in specific zones, are also taken into account to estimate the
related emissions for Rome urban road network.

Other emissions

Diffuse emissions were taken from the national emission
inventory and were projected to the simulated year using
national trends differentiated for each pollutant and activity
(see http://www.sinanet.isprambiente.it/it/sia-ispra/serie-
storiche-emissioni/serie-storiche-delle-emissioni-nazionali-
di-inquinanti-atmosferici-1980-2010/view that reports the
total emissions of airborne pollutants from 1980 to 2010). A
detailed analysis of the emissions from the heating sector and
the on-field burning of stubble has revealed a significant
underestimation of PM10 and NMVOC emissions, probably
due to the evaluation of the firewood used and the stubble
burnt (Caserini et al. 2007). As reported by Caserini et al.
(2007), the large variability of PM emission factors for wood
combustion (depending on type of wood, combustion devices,
etc.) is an important source of uncertainty for PM emissions.
For this reason, the values proposed in the RAINS-Italy model
(Vialetto et al. 2005; Zanini et al. 2005) were used for these
two sectors and for other sources not included in the national
inventory such as construction and other residential combus-
tion activities (fireworks, cigarette smoking, meat frying, food
preparation, and barbeques). The largest industrial facilities

were considered as point sources with emission rates derived
from stack measured data and owner declarations to local
control authorities.

Boundary conditions

Boundary conditions for the 4-km FARMgridwere provided by
QualeAria modeling system (http://www.aria-net.eu/QualeAria/
index_en.html) which simulates regional scale air quality over
the Italian peninsula starting from national and European
emission inventories, synoptic scale weather analysis, and
global scale air quality indicators. It was developed within the
research project FUMAPEX, funded by the European
Commission within the Fifth Framework Program, and the
COSTAction ES0602 collaboration framework.

AQMS evaluation

In this work, we have used hourly PM10, NO2, and O3 con-
centrations from the AQMS over the two domains for the year
2012 (base case simulation). The performance of the AQMS
in the base case simulation was initially evaluated by compar-
ing predicted concentrations with observed values measured
at air quality monitoring network stations of the Lazio Region
(Table 1). Table 1 shows the station coordinates, type, repre-
sentativeness, and measured pollutants. The station represen-
tativeness values reported in the table were proposed by the
personnel managing the network on the basis of their location
(site, buildings, and emission sources nearby). It has to be
emphasized that the assignment of proper Lreprvalues, in large
metropolitan areas, is particularly challenging because of the

Fig. 1 Nested domains used by
RAMS and FARM models over
Lazio (Central Italy) and Rome
conurbation (4 and 1-km
horizontal resolutions)
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high spatial unevenness (e.g., open areas, street canyons, high
and low populated districts) which influences the pollutant
dispersion and transformation, and consequently, the spatial
representativeness of observations. Due to the time resolution
of the monitoring data, daily average PM10 concentrations
have been used for the full year, while hourly average con-
centrations estimated for the months of January and July have

been considered for NO2 and O3, respectively. We have lim-
ited the analysis to these months for NO2 and O3 because (1)
during these periods, the investigated pollutants reach their
highest levels (January for NO2 and July for O3); (2) the
calculation of the optimal values for horizontal and vertical
scaling distances is believed to be independent from the
considered period and more related to the model’s domain

Table 1 Lazio Region monitoring network

Station UTM x (km) UTM y (km) z a.s.l. (m) L repr (km) Type PM10 NO2 O3

Francia 787.6 4,649.8 43 1 Urban traffic V V

Grecia 791.2 4,642.7 49 1 Urban traffic V V

Fermi 788.0 4,640.5 26 1 Urban traffic V V

Tiburtina 794.3 4,645.9 32 1 Urban traffic V V

Arenula 788.3 4,643.8 31 2 Residential V V V

Guidonia 808.7 4,656.0 89 2 Residential V V

Ciampino 799.7 4,633.6 134 2 Residential V V

Preneste 793.8 4,643.9 37 3 Urban/industrial V V V

Cinecittà 796.2 4,640.1 53 3 Urban/industrial V V V

Bufalotta 792.9 4,650.0 41 3 Urban/industrial V V V

Cipro 786.0 4,645.1 31 3 Urban/industrial V V V

Malagrotta 777.6 4,641.3 50 3 Urban/industrial V V V

Villa Ada 790.8 4,648.3 50 5 Urban background V V V

Guido 771.0 4,642.7 61 10 Rural background V V V

Cavaliere 803.4 4,648.6 48 10 Rural background V V V

Civitavecchia Porto 730.6 4,664.3 6 1 Urban traffic V

Civitavecchia Albani 731.4 4,664.6 34 1 Urban traffic V

Cassino 903.3 4,604.3 41 1 Urban traffic V V

Frosinone Scalo 860.8 4,617.1 161 1 Urban traffic V V

Latina Romagnoli 825.1 4,598.4 23 1 Urban traffic V V

Civita Castellana 781.6 4,687.5 139 1 Urban traffic V V

Colleferro Oberdan 833.1 4,627.6 219 2 Residential V V V

Colleferro Europa 833.5 4,627.0 223 2 Residential V V

Civitavecchia 731.8 4,663.8 26 2 Residential V V V

Ceccano 861.7 4,611.0 130 2 Residential V V

Ferentino 853.7 4,624.4 316 2 Residential V V

Alatri 860.9 4,628.6 445 2 Residential V V

Latina Tasso 826.8 4,597.7 21 2 Residential V V V

Latina Scalo 829.3 4,605.3 18 2 Residential V V

Rieti 817.5 4,701.9 397 2 Residential V V V

Viterbo 755.8 4,701.3 338 2 Residential V V V

Anagni 845.1 4,630.0 401 5 Urban background V V

Frosinone Mazzini 862.2 4,618.9 153 5 Urban background V V V

Allumiere 740.3 4,671.4 542 10 Rural background V V V

Fontechiari 889.2 4,623.6 388 10 Rural background V V V

Aprilia 804.5 4,611.3 83 10 Rural background V V

Leonessa 825.2 4,721.0 948 10 Rural background V V V

Acquapendente 735.5 4,735.6 377 10 Rural background V V V

Stations coordinate (UTM: Zone 32), Station representativeness (from personnel network judgment); measured pollutants (PM10, NO2 and O3). Bold
data are associated to stations belonging to the Rome domain
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characteristics (dimension and spatial resolution) and the spa-
tial distribution of monitoring stations (different for the differ-
ent pollutants). Moreover, the 2-months analysis permits to
reduce the time required to estimate these parameters.

Figure 2 reports the evaluation of the base case simulations
considering yearly averaged values for PM10 and the monthly
mean of the highest daily values for NO2 (January) and O3

(July). These results are useful to check the model capability
in predicting the extreme concentrations which are important
from a health perspective. From this figure, it can be seen that
for the Rome domain, the AQMS predictions are within a
factor of two of the observations (with a better agreement for
PM10 and O3). It is also clear that the observed PM10 and NO2

levels are underestimated when the regional scale is analyzed.
A more comprehensive evaluation of model results confirmed
that AQMS simulations are more accurate over the higher
resolution domain. As an example, the ranges of the
Pearson correlation coefficient (r) for the considered pollut-
ants are the following:

& PM10=0.52≤r≤0.71 for Rome domain and 0.18≤r≤0.71
for Lazio domain;

& NO2=0.35≤r≤0.59 for Rome domain and 0.04≤r≤0.56
for Lazio domain;

& O3=0.54≤r≤0.77 for Rome domain and 0.18≤r≤0.67 for
Lazio domain.

Application of DA methods

The results presented in the previous section can be
improved using DA techniques, provided that the optimal
values of horizontal and vertical scaling distances Lh and Lz
associated with each of the three pollutants within the two
domains, are found.

To choose the optimal values for these parameters, we have
performed several numerical experiments using the SCM

method which require relatively little computational effort;
as it converges to the OI method (see above), the results can

be extended to the OI method. For ε
∧2
, we assumed a value of

0.1. This means that observations associated with stations
having the maximum influence radius (max(Lrepr), rural back-
ground stations) are assumed to be more accurate than the
background estimates (Daley 1991).

Calculation of optimal values for Lh and Lz

To identify the optimal values of Lh and Lz, the following
combinations for these parameters were considered:

& Lh Lazio domain: 5, 10, 20, 30, 40, and 50 km; Rome
domain: 1, 5, 10,15, 20, and 25 km;

& Lz 100, 200, 400, 800, and 1,000 m for both domains.

For each combination of parameters values (e.g.,
pollutant: PM10; domain: Lazio; Lh=5 km; Lz=100 m),
the statistical performance indexes have been calculated
for each monitoring station excluding it from the SCM
analysis (“leave-one-out cross validation”). We applied
this procedure iteratively for all stations, for the three
pollutants (PM10: daily averaged concentrations for the
full year; NO2 and O3: hourly averaged concentrations
for January and July, respectively) and for each combi-
nation of Lh and Lz. Tables 2 and 3 show the combi-
nations of these parameters which minimize the root
mean square error (RMSE) at each monitoring site.
These tables report also the median, the average, and
the proposed values. A value of 500 m for the vertical
scaling distance may be considered optimal for both
domains. For Lh, the following values were identified
as follows: 20 km for both domains for NO2; 20 and
10 km for regional and local domains for PM10, and 40
and 20 km for O3. It has to be emphasized that these
values are related to pollutant characteristics, model
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Fig. 2 Evaluation of the base case simulations.PM10yearly average values;NO2Januarymonthly mean of highest daily values;O3Julymonthlymean of
highest daily values. Black circles and gray triangles correspond to the Rome and Lazio domains
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domain characteristics (dimension and spatial resolu-
tion), and the spatial distribution of the monitoring
stations (which is different for the different pollutants).

Comparison between base case simulation and DA results

Based on the optimal combinations for Lh and Lz, the OI and
SCMmethods were applied and the results compared with those
obtained in the base case simulation using the RMSE perfor-
mance index calculated as follows (the ideal value is 0 μg m−3):

RMSE tð Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

M

X
m¼1

M

y0m tð Þ − ym
f tð Þ� �2vuut

where m=1, 2, …, M are the monitoring sites indexes, ym
o(t)

and ym
f(t) are the observed and modeled concentrations at time

t. The RMSE analysis in Fig. 3 clearly indicates that the use
of OI method gives better results with generally lower
RMSE values than the SCM (in this figure, a secondary
ordinate axis has been used because of the different scales for
the base case and the assimilated RMSEs). Moreover, this
figure shows the following:

& PM10: lower RMSEs during warmer periods and in the
higher resolution domain. These results may be ascribed
to uncertainties in emissions (particularly from domestic
wood stoves) and dispersion conditions during colder
periods not properly modeled. The emission uncertainties
seem to be greater for the regional domain, as it includes
rural areas whose use of biomass for domestic heating is
expected to be higher than within the Rome conurbation;

& NO2: the analysis of the base case and the assimilated
results does not show significant differences between the
two domains;

& O3: SCM and OI provide RMSEs values generally lower
for the regional domain whose spatial scale (and horizon-
tal resolution) is more appropriate to represent this sec-
ondary and ubiquitous pollutant.

Figure 4 shows an example of the spatial distribution of the
yearly averaged PM10 concentrations over the regional do-
main, simulated by FARM (base case) and assimilated using
the OI method. This figure clearly shows a significant under-
estimation of AQMS (base case) for PM10 levels over the
Southeast part of the region, whereas the OI method shows
large peaks in PM10 concentrations in the same area. The
assimilation of observations that are influenced by local emis-
sions not resolved by the model at the adopted spatial scale
significantly modifies the resulting concentration fields, de-
termining local maxima not apparent from the AQMS results.

Table 2 Values of Lh [km] and Lz [m] that minimize RMSE performance
index over the Lazio Regional basin for the following pollutants: PM10,
NO2, and O3

Station O3 PM10 NO2

L h L z L h L z L h L z

Preneste 30 200 10 100 5 800

Cinecittà 30 400 20 200 20 1,000

Colleferro Oberdan 40 1,000 20 200 40 400

Allumier 30 100 40 100 20 100

Civitavecchia 40 200 40 800 40 400

Villa Ada 40 1,000 5 800 5 100

Guido 30 200 30 1,000 5 100

Cavaliere 40 100 40 100 40 1,000

Bufalotta 40 100 10 100 10 100

Cipro 30 200 5 800 20 800

Arenula 30 100 5 800 5 1,000

Malagrotta 40 800 10 100 10 100

Fontechiari 40 1,000 40 200 20 200

Frosinone Mazzini 30 200 10 100 5 800

Latina Tasso 40 400 5 100 5 800

Rieti 40 800 40 1,000 40 1,000

Leonessa 40 1,000 30 1,000 20 1,000

Viterbo 30 1,000 40 1,000 40 1,000

Acquapendente 40 200 40 200 30 100

Median 40 200 20 200 20 800

Average 40 500 20 500 20 600

Proposed 40 500 20 500 20 500

Table 3 Values of Lh (km) and Lz (m) that minimize RMSE performance
index over Rome conurbation for the following pollutants: PM10, NO2,
and O3

Station O3 PM10 NO2

L h L z L h L z L h L z

Preneste 5 800 5 800 20 1,000

Cinecittà 20 1,000 10 1,000 20 100

Villa Ada 20 100 10 100 1 800

Guido 20 100 25 100 5 800

Cavaliere 20 100 15 100 20 1,000

Bufalotta 20 100 15 800 15 800

Cipro 15 800 10 800 20 100

Arenula 10 200 5 1,000 20 100

Malagrotta 20 100 10 100 20 100

Median 20 100 10 800 20 800

Average 20 400 10 500 20 500

Proposed 20 500 10 500 20 500
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Fig. 3 Daily averaged RMSE values considering all the monitoring sites
for PM10 (January and July 2012, first two rows), NO2 (January 2012,
third row), and O3 (July 2012, bottom row) obtained from the base case,

SCM, and OI data assimilation methods simulations. Note that a second-
ary ordinate axis has been used for the base case

Air Qual Atmos Health

Author's personal copy



Application to the EXPAH dataset

The identification and quantification of the polycyclic aromat-
ic hydrocarbons (PAHs) exposure to children and elderly
people in urban areas is the major goal of the population
exposure to polycyclic aromatic hydrocarbons (EXPAH)
LIFE+ Project (www.ispesl.it/expah). To reach these
objectives, an integrated approach, based on measurements
andmodeling techniques, was applied to simulate PAHs levels
in the Rome metropolitan area. Field campaigns of indoor/
outdoor PM2.5 with PAHs content were performed at different
sites and living microenvironments between December 2011
and July 2012. The availability of further simulation results
and experimental data over Rome domain (see Silibello et al.

2013 for a more detailed description of modeling activities
performed within EXPAH project) suggested the use of this
dataset to check the potential of DA techniques to reduce
model errors and uncertainties in representing the pollutants
temporal and spatial variation at the chosen model resolution.
The simulation period lasted from June 2011 to May 2012
using the Rome domain depicted in Fig. 1.

Base case and assimilated PM2.5 yearly averaged
concentrations

Figure 5 reports PM2.5 yearly averaged concentrations (mi-
crogram per cubic meter) simulated by the model (base case)
and obtained by the application of the OI data assimilation

Basecase Analysis (OI) 
Min= 7.4 – Max = 36.8 µg m-3 Min= 7.4 – Max = 42.2 µg m-3

Fig. 4 Yearly averaged PM10 concentrations [μg m
-3] simulated by the AQMS (Basecase) and estimated by OI assimilation method over the regional

domain. Rome urban area and monitoring sites of the Lazio region network are shown

)IO(sisylanAHAPXEesacesaBHAPXE
Min= 5.2 – Max = 25.2 µg m-3 Min= 5.4 – Max = 28.4 µg m-3

Fig. 5 EXPAH Project: PM2.5 yearly averaged concentrations [μg m
-3] simulated by the model (Basecase) and obtained by the application of OI data

assimilation method. Rome urban area and monitoring sites of the Lazio region network are shown
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method. The figure also reports the monitoring stations which
routinely measure PM2.5 (nine, four of them outside Rome

urban area). Due to the limited number of stations which
routinely measure PM2.5, an analogous optimization
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Fig. 6 EXPAH project: comparison between measured, modeled (base
case) and OI assimilated concentrations at EXPAH monitoring sites
during the period of 16 January–3 February 2012. Black circles and gray

squares correspond to EXPAH and Lazio Region monitoring sites.
EXPAH sites (HGH, ICO) and (HTR, HTN, IVI) are partially overlapped
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procedure for the scaling distances could not be carried out for
this pollutant. Due to its prevalent secondary nature, a Lhvalue
of 20 km has been used (considering the values obtained for
ozone and PM10 over the Rome domain, respectively, 20 and
10 km). A Lz value of 500 m was considered. Figure 5 reports
PM2.5 yearly averaged concentration maps (microgram per
cubic meter) simulated by the model (base case) and
obtained by the application of the OI method. The
analysis of this figure clearly evidences the influence of ob-
servations on the resulting concentration field produced byOI,
leading to a generalized increase of PM2.5 levels within the
Rome urban area.

Evaluation at EXPAH monitoring sites

The availability of additional PM2.5 measurements, col-
lected during the EXPAH field campaigns and not used
in the assimilation process, permits the evaluation of the
capability and the accuracy of this approach in reducing
model uncertainty and obtaining more reliable gridded
pollution fields for further epidemiological studies fore-
seen in the EXPAH project. As an example, in Fig. 6
are compared, observed, modeled (base case) and OI
assimilated PM2.5 concentrations at EXPAH monitoring
sites during the period of 16 January–3 February 2012.
The figure also shows the location of EXPAH and
Lazio Region monitoring sites within the urban area of
Rome. The OI-derived concentrations at EXPAH sites
are generally closer to the observed values than those
estimated by the AQMS alone (base case). The RMSE
values reported in Table 4, considering all EXPAH

experimental periods, confirms this result: the use of OI meth-
od reduces RMSE values at all EXPAH monitoring sites and
produces more reliable concentration fields.

Conclusions

SCM and OI DA methods, enhanced by introducing the
concept of spatial representativeness of air quality measure-
ments, have been used to integrate information from air qual-
ity models and monitoring networks. A reference dataset,
containing hourly PM10, NO2, and O3 concentration fields
produced by an AQMS over Central Italy (4-km horizontal
resolution) and the city of Rome (1-km horizontal resolution)
has been used to assess the capability of DA techniques to
improve the spatial distribution and the temporal variation of
the studied pollutants over the modeling domains. A prelim-
inary study was conducted to identify the optimal values for
the horizontal and vertical scale distances lengths Lh and Lz for
these domains. A value of 500 m for the vertical correlation
may be considered optimal for both domains. For Lh, the
following values were obtained, 20 km for both domains for
NO2, 20 and 10 km for the regional and local domains,
respectively, for PM10, and 40 and 20 km for O3. These values
are related to model domain characteristics (dimension and
spatial resolution) and the spatial distribution of the monitor-
ing stations (which is different for the different pollutants).
The approach adopted in this work to derive optimal values
for Lh and Lz can easily extend to other datasets and could also
provide useful information in designing a monitoring net-
work. The comparison between SCM and OI results demon-
strated better performance of the OI method in terms of
lowering RMSE values at the selected monitoring sites. Opti-
mal interpolation is used at major numerical prediction centers
around the world and should be preferred to the older SCM.
Nevertheless, SCM is still useful because of its low computa-
tional demands and its convergences to OI method results.
Further, PM2.5 modeling results over the Rome urban area and
additional measurements collected during experimental cam-
paigns, performed within the EXPAH LIFE+ Project, allowed
the evaluation of this approach in reconstructing PM2.5 levels
at EXPAH monitoring sites, which were not used in the DA
process. The results clearly showed the efficacy of this method
in improving the accuracy of the spatial distribution of pollu-
tion levels simulated by the AQMS dispersion model. This
work confirms the capability of DA methods to reduce model
errors and uncertainties in large urban areas. In such areas,
some critical aspects are represented by sub-grid phenomena
not resolved by the model but clear from the observations.
Here, station parameters used in the DA process (e.g. number,
location, and representativeness) and horizontal/vertical scale
lengths, play a key role in obtaining a reliable quantitative
spatial description of the actual concentration field, as

Table 4 EXPAH pro-
ject: base case and OI
RMSE values (μg m−3)
at EXPAH monitoring
sites

Station Base case OI

ARP 23.4 10.7

HAC 18.7 12.1

HCB 15.4 9.0

HDB 6.3 4.2

HGH 8.4 7.0

HMA 5.0 3.2

HMI 3.9 3.4

HPE 14.0 7.8

HTN 5.6 4.3

HTR 15.8 11.0

IAM 8.5 6.8

IAP 12.7 9.3

ICO 11.5 8.9

IDR 15.6 13.9

ILS 8.3 6.5

IVI 9.4 7.8

OUR 6.8 4.4
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demonstrated by this work. The results obtained considering
the EXPAH dataset, in which five stations routinely measur-
ing PM2.5 levels within Rome urban area were assimilated,
evidenced that the number and the location of these monitor-
ing stations are adequate to reconstruct, together with model
results, the spatial distribution of PM2.5 levels within Rome
urban area. The availability of more reliable pollutant concen-
tration fields at higher spatial resolutions permits, moreover,
to improve human exposure models simulating the
neighborhood-scale population exposure to major air pollut-
ants, and to forecast environmental health impacts. This al-
lows epidemiologic studies to consider spatially inhomoge-
neous exposure at urban levels and consequently, spatially
varying health effects.
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