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a b s t r a c t

Selecting a suitable dataset to develop a data-based forecasting model is often problematic. This is
particularly important in the case of air pollution, where concentration measures are scattered over
large areas. On the one hand, the classical approach creates a single-station (local) forecasting model
using only the data collected at the same station. This guarantees a training dataset that considers all
the site’s specific characteristics. On the other hand, these data may be limited and not sufficient to
develop a robust predictor. Thus, one may use data from other stations to complement the dataset or
develop a unique model considering all the data available within a region/domain. While this approach
may be prone to filtering high variations, it may consider information on peculiar episodes that have
not occurred in the past to a specific station. This paper discusses the topic of air pollution forecasting
using the example of several stations in the Padana Plain, Northern Italy. Local forecasting models are
developed using LSTM neural networks for nitrogen dioxide and ozone and hourly data from 2010
to 2023 and then compared with regional models. All these models perform extremely well under
various regression-based and classification-based performance indicators, except for a few sites with
peculiar characteristics that can be considered at the border of the information domain.

© 2025 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

Air pollution is a global problem that exacerbates respira-
tory, cardiovascular, and cancer illnesses, reducing the expected
life duration of millions of individuals. Forecasting air pollution
concentrations is essential to warn sensitive populations, avoid
prolonged open-air activities, and plan movements that reduce
citizens’ exposition (Bai, Li, Wang, Xie, & Li, 2016; Wang, Xu,
Zhang, & Dong, 2022; Yang, Zhu, Li, & Li, 2020). Among the most
ommon pollutants worldwide are nitrogen dioxide (NO2) and
zone (O3), whose ambient concentrations derive from two quite
ifferent processes. NO2 is a primary pollutant, meaning directly
eleased into the atmosphere and thus its concentration closely
epends on the local emissions, mainly produced by thermal
ngines and some agricultural activities. The meteorological con-
itions and the emissions close to the measurement site thus
etermine the evolution of its concentration. On the contrary,
zone is a secondary pollutant. It is not directly emitted by any
ource and forms in the atmosphere due to a complex series
f physical and chemical processes. Its formation requires the
resence of precursor gases, in particular, nitrogen oxides (NOX)
nd volatile organic compounds (VOC) and is catalyzed by ul-
raviolet radiation (Agirre-Basurko, Ibarra-Berastegi, & Madariaga,
2006; Chen, Islam, & Biswas, 1998; Lin, Trainer, & Liu, 1988;
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Singh, Carnevale, Finzi, Pisoni, & Volta, 2011; Zolghadri, Monsion,
Henry, Marchionini, & Petrique, 2004). VOCs are mainly emitted
by industrial activities and, in particular, by solvents (Finlayson-
Pitts & Pitts, 1993; Wang, Chen, Hu, Zhang, & Ying, 2018). The
zone dynamic has several implications: high concentrations are
nly possible in the daytime and are especially high in summer
when solar radiation is higher); it may appear kilometers away
rom the precursor’s sources, and its presence depends on the bal-
nce between the precursor concentrations (Lelieveld & Dentener,

2000). Like all other air pollutants, NO2 and O3 concentrations
re periodic, with daily and yearly periods. They are due to the

periodicity of meteorological conditions and human activities,
articularly for NO2. Both NO2 and O3 may have a relevant impact

on human health (Huang et al., 2021; Latza, Gerdes, & Baur, 2009;
Paoletti, De Marco, & Racalbuto, 2007; Stowell, min Kim, Gao, Fu,
Chang, & Liu, 2017; US EPA, 2020; Zhang, Wei, & Fang, 2019).
Indeed, in 2021 (World Health Organization, 2021), the World
Health Organization (WHO) updated its NO2 guidelines, decreas-
ing the recommended annual average from 40 to 10 µg/m3 and
the daily average from 200 down to 25 µg/m3. Similarly, the
new recommendation for ozone is an average daily maximum 8-h
mean in the six consecutive months with the highest running-
average concentration (i.e., late spring, summer, and beginning
of autumn) below 60 µg/m3 compared to the 2006 indication of
100 µg/m3 (World Health Organization, 2021).

Simulating the concentration of pollutants, especially ozone,
is a complex task that can be performed by one of the sev-
ral process-based chemical transport models currently available
rticle under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-
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(e.g., CMAQ, CALLGRID, TCAM, and CAMx). These models require
an extensive dataset, including hourly wind fields over the entire
omain, as the concentration at a specific location depends on
he emissions and meteorological conditions over a large area.
owever, the need for detailed data on emissions and meteo-

rological conditions makes these models practically unsuitable
for forecasting pollutant concentrations, except for some specific
areas and episodes. For this reason, data-driven models have
been the preferred approach to air quality forecasting in the
last four decades. Initially, they were only linear (ARMAX type
and related enhancements) (Bolzern, Finzi, Fronza, Spirito, et al.,
1982; Salcedo, Ferraz, Alves, & Martins, 1999), but they became
nonlinear with the availability of large observational datasets
rom punctual stations and the development of machine learning
ools (Masood & Ahmad, 2021; Méndez, Merayo, & Núñez, 2023;
Pisoni, Farina, Carnevale, & Piroddi, 2009). Specifically, artificial
eural networks were unanimously recognized as one of the
est tools for addressing prediction tasks in general (Amaranto
 Mazzoleni, 2023; Lim & Zohren, 2021; Nielsen, 2019; Tealab,

2018) and air pollution forecasting in particular (Agirre-Basurko
et al., 2006; Cabaneros, Calautit, & Hughes, 2019; Ma et al., 2022;
Maciąg, Kasabov, Kryszkiewicz, & Bembenik, 2019; Sangiorgio
& Guariso, 2023), and are used in this study to examine the
erformance of a regional model against those of the set of
ocal models, each trained for a specific site. The classical local
approach guarantees that the model is identified considering all
the site’s specific characteristics, i.e., it works within a well-
defined information domain. On the other hand, local data may
be limited and insufficient to develop a robust predictor. Thus,
ne may merge data from different stations to create a unique
odel that considers all the data available in a specific region.
hile this approach may be prone to filtering high variations, it

allows all stations to retain information about critical situations
not experienced in the past by each. Recent studies in the domain
of streamflow forecasting resulted in regional models performing
better in specific locations than models developed with local
data (Kratzert, Gauch, Klotz, & Nearing, 2024). The possibility
f developing a reliable regional model also allows us to start
ssuing the forecast on new sites where past data for training
 model have yet to be available. This may be interpreted as a
pecial case of transfer learning, i.e., identifying a machine learn-
ng model for a data-rich site and using it, without retraining, to
nother (typically data-scarce) site. This approach has generated
n impressive number of papers in the last few years (see, for
nstance, Fong, Li, Fong, Wong, & Tallon-Ballesteros, 2020; Gupta
t al., 2024; Ma et al., 2020, 2022; Yang, Ismail, Li, Zhang, & Fadzli,

2023). However, the source and target domains differ in the
lassical definition of transfer learning (e.g. Weiss, Khoshgoftaar,
 Wang, 2016). This is not precisely the case at hand. We assume
hat the knowledge domain of all the sites is the same, and
he datasets of the various stations are samples (instances) of
uch a domain. Thus, the paper’s purpose is twofold: On one
ide, we analyze how to efficiently extract the general domain
characteristics from the available samples. On the other side, we
try to identify the borders of the considered domain. Since such
borders are evidently fuzzy, this corresponds to evaluating how
the performance of the predictors worsens when moving away
rom the key domain features. This study explores the differences
etween local and regional air pollution forecasting models using
O2 and O3 measurement sites, all located in Northern Italy’s
lain, a region with a population of nearly 15 million inhabitants,
haracterized by frequent air pollution episodes due to the low
irculation of air masses (Caserini, Giani, Cacciamani, Ozgen, &
Lonati, 2017; Pernigotti, Georgieva, Thunis, & Bessagnet, 2012).
2

2. Materials and methods

2.1. Air pollution data

The dataset used in the study comprises 26 measurement sites
covering an area of about 400 × 130 km2 centered around 45◦ N
10◦ E, representing the flat portion of the Po river basin known
as Padana Plain (Fig. 1). Thirteen stations for each pollutant are
onsidered, with an average ratio of missing data of about 4.1% for
O2 and 4.4% for O3. They were selected based on data availability
nd trying to cover all the areas in a relatively uniform way. Data
rom ten stations serve as the primary testbed (122,712 hourly
amples from 2010 to 2023), meaning that they are used for the
raining (8 years), validation (3 years), and test (3 years) phases
f the local models (one for each site) and of the regional model.
he other three stations for each pollutant represent the external
estbed used to test the performance of the regional model on
ata never used in the preceding steps (2021–2023 data only,
6,280 samples).
The measured pollutant and the main characteristics of all the

stations are listed in Table 1. All stations are at low elevations,
nd are mainly classified as ‘‘urban background’’. This means

they are close to urban centers or located in open spaces within
towns, but are less directly impacted by very local emissions
han traffic or industrial sites. A few stations are located in rural
nvironments (Colli Euganei, Druento, Masué), and Rimini is 1.6
m from the seashore. The high quality of the considered data is
emonstrated by the small fraction of missing values (from 0.5%
o 7.7%). In addition, all data were validated by the responsible
egional agencies, that also made the necessary adjustments, for
nstance, to account for substituting some of the sensors. Addi-
ionally, a large-scale harmonization between the regional sensor
etworks was undertaken within the six-year-long PREPAIR Life
roject (Raffaelli et al., 2020).
Fig. 3 shows the value distribution of the ten primary sites

measuring NO2. The sites are ordered from west to east in order
to show the similarities between geographically adjacent sites.
The violin plot shows that the most common values are around
0 µg/m3 and that the concentration rarely reaches 0, except

for Colli Euganei and, partly, Rovigo. Monza, close to the most
densely populated part of the domain, shows both the highest
values and the largest range of variation (the thick black line
in the plot shows 25%–75% variation, and the white dot is the
edian concentration). The similarities between stations also
merge from the analysis of the correlation matrix shown in Fig. 2

(top). Despite referring to quite varied emission and environmen-
tal conditions (for instance, the population density differs by up to
wo orders of magnitude between Milano and Abbadia Cerreto),
ost concentration variations are common to all stations. The
aily and yearly cycles are similar, so peak correlation values
each almost 0.8. The autocorrelation analysis of these time series
Fig. 4) shows that a 24-h period is evident at all sites, even
if it is sometimes less pronounced, like in Colli Euganei. Some
inor peaks appear with a 12-h periodicity, possibly linked to

intraday variations. Similar statistics are reported for ozone. The
iolin plots of Fig. 5 show that, except for Druento and Biella, the

most common values are close to zero. This happens because,
as already pointed out, ozone formation is impossible during
nighttime. Consistently, the autocorrelation functions for ozone
(Fig. 6) exhibit a more substantial daily period that almost goes to
zero after twelve hours. Biella is again a partial exception in that
this drop in the value is much less evident. The overall average
value is slightly less than 50 µg/m3 and the range of variation is
very similar at all sites. Fig. 2 (bottom) shows the correlation of
ozone concentration among the ten testbed stations. Their values
are higher than NO since all the stations are strongly influenced
2



M. Sangiorgio and G. Guariso IFAC Journal of Systems and Control 31 (2025) 100298

a

s
t
2
w
f
t
i
a
p
o

Fig. 1. Position of the NO2 and O3 monitoring stations of the primary and external testbeds.
Table 1
Characteristics of the NO2 and O3 monitoring stations.

Site Testbed Missing data[%] Lat [◦ N] Lon [◦ E] Elevation [m asl]

NO2

Asti Primary 4.4 44.9 8.2 149
Bologna Primary 7.2 44.5 11.3 43
Colli Euganei Primary 5.6 45.3 11.6 13
Cremona Primary 1.7 45.1 10.0 43
Mantova Primary 2.3 45.2 10.8 22
Monza Primary 7.7 45.6 9.3 163
Novara External 4.2 45.4 8.6 154
Pavia External 1.9 45.2 9.2 77
Reggio Emilia Primary 1.4 44.7 10.7 55
Rimini External 3.0 44.1 12.6 5
Rovigo Primary 4.9 45.0 11.8 4
Sarezzo Primary 5.1 45.6 10.2 269
Vercelli Primary 3.5 45.3 8.4 134

O3

Abbadia Cerreto Primary 6.2 45.3 9.6 64
Asti External 6.0 44.9 8.2 149
Biella Primary 4.3 45.6 8.1 406
Bologna External 0.9 44.5 11.3 43
Brescia Primary 6.5 45.5 10.2 70
Busto Arsizio External 0.5 45.6 8.8 206
Druento Primary 6.4 45.2 7.6 335
Ferrara Primary 4.6 44.8 11.6 8
Mansuè Primary 5.8 45.8 12.5 11
Milano Primary 2.1 45.5 9.2 122
Padova Primary 5.9 45.4 11.8 12
Parma Primary 4.9 44.8 10.3 60
Viadana Primary 2.8 44.9 10.5 37
v
m

i

t
t

by the daily cycle and the consequent ozone dynamic. The overall
verage is as high as 0.83, with some values reaching almost 0.9.

The lower values are far from the diagonal, i.e., refer to more
distant stations.

2.2. Regional forecasting approach

We propose a framework to assess the predictive perfor-
mance of a regional model, identified with the data available
from different stations, against the local models, one for each
site (Fig. 7). First, a predictor is developed for each measurement
tation (stations a, b, and c in the figure), using local data for
raining (2010–2017), validation (2018–2020), and test (2021–
023). This represents the classical machine learning application
ith a clearly defined application domain. Then, a regional model,

R(·), is developed for each pollutant using all the data of the
en primary-testbed stations for training and validation, testing
ts performance separately on each measurement site. To further
ssess the generalization capability of the regional model, its
erformances are tested on the three additional test stations
f the same area (external testbed in Fig. 1), which were not
 A

3

used during the forecasting models identification phases. In terms
of performance, this may represent what one could expect by
applying a regional model to a new station where past data are
unavailable or insufficient to develop a predictor.

The specific task here considered is the forecasting of pollutant
concentration for the next 24 h using the 48 past hourly values
(only present and lagged concentrations are used as in Gómez-
Losada, Asencio-Cortés, Martínez-Álvarez, & Riquelme, 2018). A
ariety of machine learning models can be employed to perform
ulti-step forecasting (see, Ayturan, Ayturan, & Altun, 2018; Liao

et al., 2020; Zaini, Ean, Ahmed, & Malek, 2022; Zhang et al., 2022
for recent reviews). Here we adopt Recurrent Neural Networks
(RNNs) with Long Short-Term Memory (LSTM) cells (Hochreiter
& Schmidhuber, 1997), that have been widely used for air qual-
ty forecasting in recent years (Jin, Zeng, Yan, & Ji, 2021; Seng,
Zhang, Zhang, Chen, & Chen, 2021; Song, Huang, & Song, 2019;
Zhang et al., 2021). RNNs are designed to process sequential data
iteratively, thanks to the cyclic (recurrent) connections between
he neurons: At each time step, the current input influences
he neurons’ internal states, and the prediction is computed.
 key feature of RNNs is the parameter sharing across time
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Fig. 2. Cross correlations for NO2 (top) and O3 (bottom) for the primary testbed stations. Cell in position (i, j) reports the Pearson correlation coefficient between
data from the station on ith row and on jth column.

Fig. 3. Distributions of the NO2 concentration (primary testbed only). The white dot represents the median; the box covers the range between 25 and 75 percentile;
the whiskers highlight the interval between 5 and 95 percentile.

Fig. 4. Hourly autocorrelation of the NO2 concentration over two days (primary testbed only).

4
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Fig. 5. Distributions of the O3 concentration (primary testbed only). The white dot represents the median; the box covers the range between 25 and 75 percentile;
the whiskers highlight the interval between 5 and 95 percentile.

Fig. 6. Hourly autocorrelation of the O3 concentration over two days (primary testbed only).

Fig. 7. Identification and inference phases for three local models (sites a, b, and c) and a regional model using the data available from the three sites.

5
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steps, which strongly limits the number of parameters to be
rained (it does not depend on the number of steps to be pro-
essed) (Hewamalage, Bergmeir, & Bandara, 2021; Sangiorgio &
Dercole, 2020). LSTM cells have been preferred over naive re-
current neurons because they have two internal states and three
gates that regulate the information flow, making them more ro-
bust against vanishing gradients and more efficient at preserving
relevant information over long time spans.

Following the approach already used in Sangiorgio and Guariso
(2024), each time series is organized into pairs of input/output
equences, [y(t − 48 + 1), . . . , y(t − 1), y(t)] and [y(t + 1), y(t +

), . . . , y(t + 24)]. The network can be then trained using a su-
ervised learning approach so that its predictions, [ŷ(t +1), ŷ(t +
), . . . , ŷ(t + 24)], approximate as accurately as possible the
ctual outputs (Masini, Medeiros, & Mendes, 2023; Sangiorgio,
ercole, & Guariso, 2021; Taieb, Bontempi, Atiya, & Sorjamaa,

2012). We initialize the LSTM internal state vector (s(t − 48)) for
each input/output sequence to zero. The model then iteratively
processes the 48-h input sequence till the current time step (t)
when the prediction starts:

[
ŷ(t + 1), s(t)

]
= f

(
y(t), s(t − 1)

)
.

Previous predictions (ŷ(t −46), . . . , ŷ(t)) are discarded since they
refer to the past. For the following hours, the predicted values are
fed

[
ŷ(t + 2), s(t + 1)

]
= f

(
ŷ(t + 1), s(t)

)
.

This means a multi-step prediction is issued at each hour,
nd thus, the value at a specific instant is predicted 24 times,
ith increasing precision. This multi-step scheme allows a more
omplete view of what will happen the following day compared
o a traditional setting where the prediction refers to a specific
ime or the average of the following 24 h. Such a prediction is
hus more informative for citizens and decision-makers.

Each LSTM network is trained using Adam (adaptive mo-
entum estimation) optimizer, with gradients computed by the

raditional backpropagation through time algorithm. The closed-
oop configuration presented in Sangiorgio and Dercole (2020),
ithout teacher forcing, is adopted. The loss function minimized

during training is the mean squared difference between predicted
and actual concentration values (averaged over the 24-h horizon).
The same general neural structure is used for all the models to
allow for a straightforward comparison at a reasonable compu-
tational cost: two LSTM layers with a fully connected one on
top of them. However, the number of neurons in each layer and
all the other hyperparameters were optimized for each predictor
through an exhaustive search. We tested 5 or 10 neurons in each
hidden layer; a learning rate (i.e., the step size of the gradient-
based optimization) of 10−2 or 10−3; decay of the learning rate
of 10−3 or 10−4; and batch size (the number of samples used
to perform one iteration of the algorithm) of 256 or 512. Two
runs with different random seeds were performed for each hyper-
parameter combination to avoid the effects of a possibly critical
initialization.

The neural networks were implemented in Python 3.8 using
yTorch library. The experimental environment Ubuntu 20.04.5
TS, with a CPU Intel(R) Core(TM) i9-10900K at 3.70 GHz (20
hreads) and a GPU NVIDIA Quadro RTX 5000 (16 GB).

3. Results

In the following, we have adopted two traditional metrics

• the R2-score, which measures the variability of the actual
values captured by the model. It is defined as 1 minus the
ratio between the Mean Squared Error (MSE, i.e., the squared
deviation of model prediction from actual values) and the
data variance (Dercole, Sangiorgio, & Schmirander, 2020);
6

Fig. 8. Overall performance (average of all the primary testbed stations) of the
NO2 local models and the regional model (R2-score on top; NMAE at bottom).
Metrics computed on the testing period (2021–2023).

• the Normalized Mean Absolute Error (NMAE), which is the
ratio of the Mean Absolute Error (MAE, i.e., the deviation of
model prediction from actual values) and the average con-
centration values. It allows for an easy comparison between
models’ performances that refer to stations with varied av-
erage concentrations.

Fig. 8 compares the average performance of the regional NO2
model with those of the individual ones in terms of R2 (upper
panel) and normalized mean absolute error (NMAE) in the lower
panel.

What immediately emerges is that, on average, the regional
odel performs slightly better than the local ones on the primary

estbed (higher R2-score and lower NMAE). This means that using
he training data of the other stations effectively enlarges the
ata space, adding helpful information not present in each local
ataset. In both cases, the R2-score, which is close to 0.9 one
our ahead, decreases rapidly on a longer horizon (until about
ix hours) and then almost stabilizes at a value of around 0.55. In
arallel, the NMAE starts with about 15% one hour ahead and,
fter six hours, reaches a plateau at about 33%. These curves
an also be interpreted as the progressive improvements of the
forecast of a specific time. Considering, for instance, the value
redicted for 8:00 am of day d, when the forecast is issued at

8:00 am of the preceding day (d − 1), the error we can expect
is around 33%. The forecast for the same hour issued 18 h later,
i.e., at 2:00 am of the day d, will have an average error of around
30%. Finally, the value predicted for 8:00 am in the forecast issues
at 7:00 am, i.e., one hour in advance, will have an expected error
of slightly more than 15%.

A better average performance does not necessarily mean that
he regional model outperforms the local ones at all the con-
sidered stations. The heat map in Fig. 10 (top) shows that the
local model prevails in two cases, Colli Euganei and Vercelli,
after step five. These two stations are in areas with very low
population density and prevailing agricultural activities and, thus,
differ in certain aspects from the rest of the domain. However,
if we examine these two cases closely, we can note that the
NMAE difference is less than 1%. Thus, even in these cases, the
performance of the local and regional approaches is substantially
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Fig. 9. Overall performance (average of all the primary testbed stations) of the O3 local models and the regional model (R2-score on top; NMAE at bottom). Metrics
omputed on the testing period (2021–2023).
Fig. 10. Comparison between the performance of the regional model used on each station and the local model specific for that station (NO2 on top; O3 at bottom).
The reported metric is the percentage variation of the MAE obtained with the regional model (MAER) with respect to that of the local model (MAEL). Warm (cold)
colors indicate that the regional model outperforms (is outperformed by) the local one. Metrics computed on the testing period (2021–2023).
B
p

equivalent. Overall, it is important to note that the regional model
always outperforms the local ones in the very short term (1 to 4 h
head), with a substantial performance improvement of 9%–10%
n several cases.

Results for O3 are quite similar. The average performance
f the regional model is again slightly better than that of the
ocal ones (Fig. 9). It can be noticed, however, that R2 values
re higher than those obtained for NO2 and start from 0.95 to
each the plateau above 0.80. Looking at the results from the
MAE perspective, the values are initially close to 10% and remain
elow 30% even in the last steps of the forecasting horizon. These
esults are probably due to the more robust daily component of
 a

7

the O3 time series that the models can reproduce. Again, Fig. 10
(bottom) shows that the regional model performs better in most
sites, especially in the very short term (the improvement over
local models from 1 to 4 h ahead is higher than 5% with the only
exception of Biella). Biella appears somehow different since the
local model performs better for horizons longer than three hours.
Indeed, Biella’s situation seemed already quite peculiar in terms
of the distribution of the concentration values shown in Fig. 5.
iella is at 406 m of elevation, and it is well-known that elevation
lays a relevant role in ozone concentrations (Sangiorgio & Guar-

iso, 2023, 2024). Additionally, in Biella, ozone is more persistent,
s shown by the analysis of the autocorrelogram (Fig. 6).
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Fig. 11. Performance (NMAE) of the regional model in the prediction of the
external testbed stations (NO2 on top; O3 at bottom). The average NMAE of the
egional model on the primary testbed stations (orange curve) is reported for
eference. Metrics computed on the testing period (2021–2023).

Altogether, the average performance of the regional and local
forecasting models is very accurate and substantially equivalent,
with the regional model slightly prevailing in average terms. Fur-
thermore, O3, a secondary pollutant that is difficult to simulate,
can be forecasted with better results than NO2. As already illus-
trated, O3 concentrations are the output of a complex nonlinear
system that may attenuate the possible fast variations due to
emission changes, i.e., the input of the chemical-physical process
that determines the concentration. NO2 concentrations, on the
ontrary, are more directly connected to emission changes and
hus are more challenging to forecast with a model only based
n past values.
The results of applying the regional models for NO2 and O3 to

hree other sites (external testbed), not included in the original
dataset (primary testbed), are shown in Fig. 11 again in terms of
2 and NMAE. What immediately appears is that regional mod-

els perform relatively well and similarly to the original dataset,
except for NO2 in the Rimini station. Its NMAE is about 0.5 five
hours ahead, compared to 0.3 of the other sites. Indeed, Rimini
has some peculiarities. It lies on the extreme border of the flat
portion of Northern Italy, the Padana Plain, considered in the
study (see Fig. 1) and is on the shore of the Adriatic Sea. This
eans its average wind speed, which was not used as input

in the current model, is between 10 and 40% higher than the
other stations. Consequently, its mean NO2 concentration is about
one-third lower than the domain average.

It is interesting to assess the models’ performances also in
erms of their ability to predict the exceedance of the threshold,
bove which environmental agencies are generally bound to take
ome actions. Interestingly, with this approach, the overall fore-
asting problem is reduced to a classification one: being above
r below the threshold. In practice, however, being 0.1 µg/m3

ver the threshold is quite different from being 10 or 20 µg/m3

ver, though being equally a violation of the limit. This is why
t is still preferable to frame the overall problem as a regres-
ion and check its accuracy in classifying the critical occurrences
nly afterwards. Again, several metrics can be used to check a
odel’s classification performance. They all derive from the result
 q

8

of the so-called confusion matrix that reports the number CE
of correctly predicted exceedances (when the model correctly
anticipates an episode that then materializes), the number of false
exceedances FE (the model predicts an exceedance that does not
happen), the number ME of missed exceedances (the model fails
to predict the exceedance), the number CN of correct negative
(both the forecast and the actual value are below the threshold),
and N = CE + FE + ME + CN , the total number of episodes.
Counting the number of times the concentration exceeds the
limits defined by the WHO, i.e., 25 µg/m3 as an average over
24 h for NO2 and 100 µg/m3 as the daily average of the eight
most polluted hours for ozone, one can compute the following
indicators:

• Precision = CE/(CE + ME), i.e., the number of times the
model correctly predicts the exceedance over the total num-
ber of exceedances;

• Recall = CE/(CE+FN), i.e., the number of correct exceedance
predictions over the number of predicted exceedances;

• F1-Score = 2CE/(2CE + FN + ME), i.e., the harmonic mean
of precision and recall;

• Accuracy = (CE+CN)/N , i.e., the fraction of correct forecasts
among all the episodes considered.

All the indicators are dimensionless fractions with an optimal
value of 1.

Table 2 presents the index values for the models under anal-
ysis for NO2 (left) and O3 (right). The first two columns for
each pollutant show the metric averages computed for the local
Avg Loc) and the regional (Avg Reg) models on the primary
estbed. These are compared with those of the external testbed.
he reported values are extremely high, showing that the models
an reliably be adopted to categorize the forecast in terms of
exceedance. Again, Rimini represents somehow an exception. The
accuracy value is excellent (only 4% lower than the average of the
regional model). Still, this metric is known to weigh the missed
and the false alarms equally and is not particularly suited when
the two classes to be identified are not well-balanced. In our
case, NO2 and O3 exceedances are between 38 and 40% of all
the episodes. So, the two classes can be considered reasonably
balanced. Still, the value of the false exceedance is probably much
lower than that of the missed alarm, so that they cannot be
considered equally important. In this case, one has to refer to the
other metrics, particularly recall, whose value is 22% lower than
that of the average regional model. This confirms the difficulty
of adopting a model developed in the central Po Valley for this
station.

4. Discussion

Although forecasting pollution trends is crucial for decision-
making, most regulations in force in the European Union and
elsewhere quantify air pollution as exceeding concentration
thresholds (Deng, Manders, Segers, Heemink, & Lin, 2024). This
approach is linked to the concept of population exposure, as it
oresees possible damage to human health when the threshold
s exceeded. Below the threshold, the impact is assumed to be
egligible.
Each performance metric represents a specific viewpoint; thus,

a preferred model can be defined only according to a definite
performance measure. The ‘‘best predictor’’ does not exist in ab-
solute terms, as selecting a forecasting model is a multi-objective
problem. Evidently, a performance measure based on threshold
appeals to actual decision-makers for its simplicity and ease of
communication. However, a correct choice implies the possibility
f evaluating the impact of both false and missed exceedances, re-
uiring a careful analysis of the specific decision setting in which
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Table 2
Exceedance analysis for NO2 (left) and O3 (right).

NO2 O3

Avg Loc Avg Reg Novara Pavia Rimini Avg Loc Avg Reg Asti Bologna Busto Arsizio

Precision 0.810 0.787 0.796 0.854 0.561 0.860 0.857 0.880 0.802 0.876
Recall 0.804 0.819 0.799 0.845 0.635 0.871 0.880 0.812 0.888 0.884
F1-score 0.807 0.803 0.797 0.850 0.596 0.865 0.869 0.845 0.843 0.880
Accuracy 0.892 0.892 0.874 0.889 0.857 0.923 0.926 0.907 0.927 0.928
a

–
G
M

a

the model will be applied. From the decision-makers’ viewpoint, a
orecast slightly below the threshold does not differ significantly
rom a forecast slightly above. To decide, for instance, about some
raffic restrictions, the two forecasts can be considered ‘‘almost’’
quivalent even if, strictly speaking, a value below does not
onstitute an exceedance while the other does. So, if one adopts
 crisp threshold definition, the two cases would be counted on
ifferent rows of the confusion matrix. Adopting a fuzzy approach
ould assign a non-integer value close to but lower than one,

or instance, to a 99 forecast (with a 100 threshold). An even
ower fractional value, say 0.5, would be assigned to 95 and a
alue of 0 to a forecast of 90. A similar approach would change
he values and the meaning of all the indicators, such as the
ccuracy or the F1-score. Another issue is related to the trade-
ff between accuracy and anticipation. In fact, it is intrinsic to
orecasting models that their accuracy decreases with the length
f the forecasting horizon, so it would be essential to compare the
sefulness of more extended anticipation with the possibility of
ore significant errors. In the future, enriching the model input
ith other variables, such as meteorology or emission precursors,
ay increase the precision at longer horizons. Again, a correct
hoice can be made in each specific application only by weighing
he additional precision against the increased complexity of the
odel and the cost of acquiring the additional data. A further en-
ancement could be a mechanism, such as periodic retraining, to
dapt the model to evolving environmental conditions. This may
ecome necessary if significant changes will become increasingly
ast in climate, but also car fleets and other emission sources.

5. Conclusion

This study shows that, within a given application domain,
it is possible to develop highly reliable regional models of air
quality that can be extended to other sites for both NO2 and O3.
ince these pollutants represent different air quality issues, it is

plausible that this conclusion can be extended to other primary
and secondary pollutants, such as particulate matter. Addition-
ally, it has been proved that the models perform excellently as
classifiers of exceedances. This ability is particularly important
for decision-makers who must adhere to existing regulations,
usually defined in terms of thresholds. There is no way to de-
termine if a regional model would be an acceptable predictor
for a new station in general terms. An exhaustive search with
all the possible combinations of primary and external stations is
not only computationally too hard but also inconclusive. There
is no guarantee that the model will perform at the new station
as it does at the base ones. This means that any conclusion
is only valid in a statistical sense. A regional model can, on
average, perform similarly or even better than a local one in
forecasting air pollutant concentrations one day ahead. However,
in some specific cases, a performance worsening is possible due
to the differences between a station and the average conditions
of those considered in the domain. Collecting other ‘‘external’’
information would be necessary to determine whether the new
tation belongs to the same knowledge domain as the base ones.
he more a station’s characteristics (elevation, context, presence

of emission source, etc.) differ from those considered, the less
9

reliable a regional model’s application is. One has to wait until
 sufficiently long dataset becomes available, which allows the

training and testing of a local model. However, no administrative
or physical boundary of the domain exists: The regional model
performances decrease as the station differs from the core of
those used to develop such a model. Analogously, in the future,
it will be helpful to introduce additional indicators based on a
fuzzy definition of thresholds instead of a crisp one. Despite some
greater difficulties in their interpretation, this approach has the
advantage of being close to quantifying the risk of exceeding the
threshold—an instrumental concept to support decision-making.
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