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ABSTRACT
Accurate prediction of surface-level ozone concentrations is critical for air quality management and public health protection.
This study develops a flexible spatiotemporal statistical modeling framework to predict daily mean O3 concentrations across
Italy by integrating satellite-derived ozone estimates with ground-based observations and high-resolution environmental predic-
tors. The proposed model is based on a linear regression with dynamic intercept and slope that relate in situ O3 measurements
to satellite data, explicitly addressing additive (systematic shifts) and multiplicative (scaling) biases in satellite-derived ozone
estimates. These spatiotemporally varying coefficients are modeled through a generalized additive model framework, allow-
ing the capture of complex and potentially nonlinear relationships between ozone levels and environmental covariates. This
unified and interpretable approach enables a detailed understanding of bias patterns in satellite data. Model diagnostics and
crossvalidation demonstrate superior explanatory power and predictive performance compared to simpler models. The inter-
pretability of the model is illustrated by revealing the influence of elevation, nitrogen dioxide concentrations, and seasonal
variation on bias structures. Furthermore, the model’s downscaling capability is demonstrated by producing fine-scale ozone
concentration predictions over Italy and its surrounding regions. The proposed modeling framework offers an accurate, scalable,
and interpretable tool for mapping surface-level ozone, supporting improved environmental monitoring and informing policy
decisions.

1 | Introduction

Ambient ozone (O3), a secondary pollutant formed through
photochemical reactions involving precursors such as nitrogen
oxides and volatile organic compounds, poses serious risks to
human health globally (Nuvolone et al. 2018; Zhang et al. 2019).
It also negatively affects crop quality and yield, thereby threaten-
ing food security (Ramya et al. 2023). Accurate estimation of O3
exposure is therefore essential and requires the ability to moni-
tor and predict surface-level concentrations at high spatial and
temporal resolutions.
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To this end, physics-based photochemical grid models and
data-driven approaches, including statistical and machine learn-
ing models, have been developed over the past two decades to pre-
dict O3 concentrations across space and time. Physics-based mod-
els, such as the Comprehensive Air Quality Model with exten-
sions (CAMx), simulate atmospheric processes and use mecha-
nistic equations that represent the physical and chemical inter-
actions between O3 and environmental variables to provide a
process-oriented understanding and predictive capability (Emery
et al. 2024). In contrast, machine learning models aim to uncover
complex underlying relationships in available O3 and environ-
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mental data using flexible algorithms, such as random forests and
neural networks, that do not rely on prior assumptions about the
underlying relationships (Meng et al. 2022; Pan et al. 2023). Sev-
eral machine learning methods were recently carried out for air
pollution prediction, including random forests (Zhan et al. 2018;
Guo et al. 2021), support vector regression (Castelli et al. 2020),
artificial neural networks (Sipilä et al. 2025), and deep learning
approaches (Niu et al. 2023). Some researchers also proposed a
combination of chemical transport models, which simulate dif-
fusion and transfer of atmospheric processes based on physical
and chemical laws and numerical methods, with machine learn-
ing procedures to produce high spatial resolution estimations of
the investigated pollutants (Silibello et al. 2021; Cedeno Jimenez
et al. 2023). Machine learning algorithms are leveraged for their
high prediction accuracy and ability to model complex, non-
linear relationships among pollutants, meteo-climatic variables,
and geo-morphological conditions, anthroplogical factors.

Statistical models, on the other hand, provide a middle ground
by relying on observed data and probabilistic assumptions to
construct interpretable relationships between O3 concentrations
and relevant environmental variables, while also quantifying the
uncertainty in predictions. This interpretability and ability to
assess uncertainty in the results make statistical models partic-
ularly valuable in environmental analysis (Gelfand et al. 2019).

Among statistical approaches, time series models, such as the
Seasonal AutoRegressive Integrated Moving Average (SARIMA)
model, are commonly used for short-term forecasting and for
understanding the temporal dynamics of air pollutants. These
models capture key components such as trends, seasonality, and
autocorrelation in pollutant concentrations over time within
a specific area (Bhatti et al. 2021). Nonparametric regression
models, such as bivariate splines, are used to model complex
spatial patterns in surface-level O3 (Ettinger et al. 2012). This
improves prediction accuracy by enabling smooth variation in
pollutant levels across geographic space. Other contributions
coming from the geostatistical sphere are based on coregion-
alization modeling of spatial or spatio-temporal environmen-
tal scalar or vectorial variables (Wackernagel 2003; De Iaco
et al. 2003, 2005; De Iaco 2017; Cappello, De Iaco, Maggio,
and Posa 2020; De Iaco 2022; Muehlmann et al. 2022; De Iaco
2023a; 2023b). Hierarchical Bayesian models are flexible mod-
els suitable for complex spatiotemporal air quality data, as they
can incorporate multiple levels of data structures. In McMillan
et al. (2005), for example, the proposed hierarchical model incor-
porates linkages between O3, and meteorology, including temper-
ature, humidity, pressure, and wind speed and direction. For a
more comprehensive modeling approach that includes the influ-
ence of environmental and geographic factors, land-use regres-
sion (LUR) models are commonly employed for pollutants like
O3 (Hoek et al. 2008). LUR models establish statistical relation-
ships between pollutant concentrations measured at monitoring
sites and various spatially resolved geographic and environmen-
tal predictors (van Nunen et al. 2017). These predictors typi-
cally include elevation, population density, proximity to roads,
land-use and land-cover types, emission sources, and meteoro-
logical conditions. LUR models typically assume a multiple lin-
ear regression framework to relate O3 concentrations to these
predictors.

However, to better capture complex and possibly nonlinear spa-
tial and temporal patterns, generalized additive models (GAMs)
have been considered (Wang et al. 2020). Varying coefficient
models were first introduced by Hastie and Tibshirani (1993),
and GAMs incorporating varying coefficients have been widely
applied in air pollution research. For instance, Hayn et al. (2009)
used GAMs to investigate global spatiotemporal patterns of tro-
pospheric NO2 using satellite data from the Global Ozone Mon-
itoring Experiment (GOME) covering the period 1996–2001.
Similarly, Wang et al. (2020) applied GAMs to estimate daily
mean ozone concentrations at 27 monitoring stations in Tianjin,
northeast China, for the year 2016. In a broader context, Wang
et al. (2022) used GAMs to model and predict daily mean concen-
trations of O3, NO2, PM2.5, and PM10 across 48 to 85 monitoring
stations throughout Great Britain between 2011 and 2015. To fur-
ther account for unobserved heterogeneity or hierarchical struc-
ture in the data, random effects can be incorporated, resulting in
a mixed-effects model formulation (Wang et al. 2022).

In this study, an additive regression model with spatiotemporal
varying coefficients is proposed to relate the daily mean O3 con-
centrations, measured at air quality monitoring stations across
Italy, to satellite-derived O3 estimates. Similar to LUR models,
the model incorporates a set of environmental variables within
an additive framework to capture variations in both the inter-
cept and the slope coefficients across space and time. Notably,
integrating an additive regression model with varying coefficients
and random effects that describe the seasonal and cyclic patterns
of O3 within a unified framework represents a novel modeling
approach for linking satellite observations to in situ measure-
ments. Moreover, the proposed additive structure can contribute
to increasing the model’s flexibility and allows it to catch poten-
tially nonlinear effects of covariates included in the linear rela-
tion. After evaluating the model’s goodness of fit, its spatial and
temporal predictive performance is assessed through an extensive
cross-validation analysis. The best-fitted model is then applied for
downscaling and forecasting daily mean O3 concentrations on a
high-resolution grid covering Italy and surrounding regions.

The remainder of the paper is structured as follows: Section 2
describes the data used in the analysis, Section 3 introduces the
modeling framework, and Section 4 presents the evaluation of
the model’s adequacy and predictive performance. Finally, con-
clusions and remarks are provided in Section 5.

2 | Data Description

In this study, in situ O3 concentrations obtained from air qual-
ity monitoring stations serve as the primary response variable.
The covariates include satellite-based estimates of O3 and a set
of other environmental variables representing atmospheric com-
position, meteorological conditions, topography, land use, and
human activity. The following subsections describe the structure,
acquisition, and pre-processing procedures for the above data.

2.1 | Ozone Monitoring Data

The European Air Quality Portal, maintained by the European
Environment Agency (EEA), provides access to air pollution
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data collected from a network of participating and cooperating
countries (European Environment Agency 2025). From this por-
tal and the R (R Core Team 2025) package EEAaq (Maranzano
et al. 2025), validated hourly O3 concentration data were obtained
for 402 air quality monitoring stations across Italy. These hourly
records were aggregated to calculate the mean daily O3 concen-
tration at each station. Appendix A presents the R code used for
data retrieval and pre-processing. The dataset spans an 11-year
period from January 1, 2013, to December 30, 2023, comprising
a total of 4015 days. Note that the station measurements can be
reasonably treated as representing point locations, correspond-
ing to the sites where the monitoring instruments are installed
and reflecting the same effective area.

Data availability varied across stations; not all stations reported
measurements for every day within the study period. The num-
ber of valid recording days per station ranged from 64 to 4006,
with a mean of approximately 3006 days. Conversely, the num-
ber of stations reporting data on a given day ranged from 202 to
357, with an average of about 302 stations per day. Figure 1 dis-
plays the spatial distribution of the monitoring stations. The size
of each circle reflects the total number of days with recorded O3
concentrations, where larger circles indicate more complete cov-
erage of the data. Moreover, the stations are distributed across the
entire territory, and the inclusion of land-use as a covariate can
help capture spatial variability and the effects of different pro-
cesses occurring over the domain. The bottom panel of the figure
shows the daily number of active stations throughout the study
period, highlighting an overall increasing trend in station cov-
erage, although with noticeable fluctuations. Sudden increases
are evident around the beginning of 2014, 2016, and 2018. These
variations in validated data availability are primarily attributed
to administrative and technical factors, such as equipment main-
tenance, operational interruptions, or network-level changes in
data reporting, and not to the underlying O3 concentration levels
themselves. Therefore, it is reasonable to assume that the missing
data mechanism is missing at random. Under this assumption,
the analysis proceeds using only the available data without
requiring imputation or explicit modeling of the missingness
process.

The mean daily O3 concentration values exhibit substantial vari-
ation across time and space and are notably right-skewed: most
days show moderate levels, while a smaller number record high
concentrations. To reduce this skewness and approximate a
more symmetric distribution, a square-root transformation was
applied, which, as shown in the Supporting Information, reduced
the right-skewness of the data. The square root transformation of
O3 data is commonly used (see, e.g., Dou et al. 2010; Lu et al. 2018)
and was also supported, as demonstrated in the Supporting Infor-
mation, by applying the Box–Cox family of transformations to
the data (Box and Cox 1964; Eastoe 2009). Figure 2a shows box-
plots of the square root of mean daily O3 concentrations, grouped
by month. These plots reveal a distinct seasonal cycle: concen-
trations rise in spring, peak in summer, and decline through
autumn and winter. This seasonal pattern is well-documented
and is primarily driven by meteorological factors such as sun-
light and temperature. Nonetheless, the timing and intensity of
O3 peaks can vary depending on geographic and local environ-
mental conditions (Yan et al. 2018). The boxplots also show an
increase in extremely high values beginning in early 2022, likely

due to the reduced and fluctuating number of monitoring stations
contributing data during this period, as illustrated in the bottom
panel of Figure 1.

2.2 | Satellite-Based Covariates

The Copernicus Atmosphere Monitoring Service (CAMS) pro-
vides hourly reanalysis data on air quality across Europe at a
spatial resolution of 0.1 degrees, approximately 10 km, using
the median of outputs from eleven different air quality data
assimilation models (Copernicus Atmosphere Monitoring Ser-
vice 2021). The dataset currently spans the period from 2013
to 2023. Although CAMS offers up to 19 air quality variables,
only four are consistently available at surface level over the full
period on a regular 0.1∘ × 0.1∘ grid covering Italy and surround-
ing areas: O3, nitrogen dioxide (NO2), fine particulate matter
(PM2.5; particles smaller than 2.5 μm), and coarse particulate
matter (PM10; particles smaller than 10 μm). The hourly val-
ues of these pollutants were aggregated to obtain daily mean
concentrations.

Figure 2b shows the square root of daily mean O3 concentra-
tions from CAMS, extracted from grid cells that contain monitor-
ing stations over the 11-year study period. Differences between
CAMS estimates and in situ measurements are expected due to
several factors, including vertical gradients in O3 concentrations,
the relatively coarse spatial resolution of CAMS (approximately
10 km), and limitations inherent to satellite retrievals. Although
satellite-based O3 products have improved in accuracy and reso-
lution, they still face challenges near the surface due to weak sig-
nals, complex land surface features, and interference from clouds
and aerosols (Xu et al. 2024). These factors contribute to dis-
crepancies between satellite-derived and ground-based measure-
ments. Despite these limitations, the square-root transformed O3
concentrations from CAMS and air quality stations show a strong
overall linear relationship, with a Pearson correlation coefficient
of 0.9139 (95% CI: 0.9135–0.9143). However, Figure 2c reveals
temporal fluctuations in this relationship over the study period.
In addition, the empirical variograms of the differences between
square-root transformed CAMS and station values, computed per
year and per day of the week and shown in Figure 2d,e, respec-
tively, indicate no spatial structure in the discrepancies. This
suggests that the differences between satellite-based and in situ
measurements are not systematically influenced by geographic
proximity.

To account for meteorological influences, climate variables were
obtained from the European ReAnalysis Land (ERA5-Land)
dataset, provided by the Copernicus Climate Data Store (Muñoz
Sabater 2019). ERA5-Land offers consistent hourly reanalysis
data of land surface variables over several decades, with the
same spatial resolution and grid structure as CAMS. Using the
same aggregation method, hourly values for 2 m air tempera-
ture, surface net solar radiation, total precipitation, wind speed
and direction, relative humidity, boundary layer height, and leaf
area index (for both high and low vegetation) were aggregated
to daily means for the period 2013–2023. For the categorical
variable wind direction, daily values were derived by computing
the mode (most frequently occurring direction) from the hourly
observations.
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FIGURE 1 | Air quality monitoring stations in Italy from 2013 to 2023: spatial distribution (top) and daily number of stations recording ozone
concentration (bottom). In the map (top), each station is marked with a cross, and the circle size indicates the number of available daily measurements
at each location.

In addition to spatiotemporal atmospheric and climate variables,
several spatial environmental and anthropogenic covariates were
incorporated across the gridded domain covering Italy and its
surrounding regions. Elevation data were sourced from the
Copernicus Digital Elevation Model, Global 90-meter (GLO-90)
resolution (European Space Agency 2025), which has a spatial
resolution of 0.0008˚. Elevation influences atmospheric processes
that affect O3 transport, dispersion, and accumulation, espe-
cially in complex terrains. Population density data were extracted
from the 2015 version of NASA’s Gridded Population of the
World (GPWv4) dataset (Center For International Earth Science

Information Network, Columbia University 2018), with a spa-
tial resolution of 0.045˚. This serves as a proxy for human activ-
ity and related anthropogenic emissions, which contribute to O3
precursor concentrations. Road density data were obtained from
the Global Roads Inventory Project (GRIP) (Meijer et al. 2018),
providing global estimates of road density (including highways,
primary, secondary, tertiary, and local roads) at a resolution of
0.083˚. Road infrastructure is a key indicator of traffic-related
emissions affecting O3 formation. Land cover and land use
data were derived from the Global Land Cover and Land Use
Change dataset based on Landsat archive imagery from 2015
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FIGURE 2 | Boxplots of the square root of mean daily ozone (O3) concentrations grouped by month from January 2013 to December 2023, based on
data from (a) monitoring stations and (b) the corresponding grid cells from the Copernicus Atmosphere Monitoring Service (CAMS). Panel (c) shows
the monthly Pearson correlation coefficients between the two data sources, along with 95% confidence intervals. Panels (d) and (e) present the empirical
variograms of the mean differences between station and CAMS values across all monitoring sites, per year and per day of the week, respectively.

(Potapov et al. 2022). The land surface was classified into seven
major categories: semi-arid, dense short vegetation, tree cover,
wetland, cropland, built-up area, and ocean. These categories
influence biogenic emissions, surface albedo, and atmospheric
chemistry, thereby affecting local and regional O3 dynamics.

A summary of all variables included in the analysis, along with
their hypothesized roles in O3 formation and their Spearman cor-
relation with observed in situ O3 concentrations at monitoring
stations, is provided in Table 1.

Finally, it is worth noting that several air quality datasets for
the Italian territory have recently been collected and harmonized
within the research project AgrImOnIA (Agricultural Impact On

Italian Air), available at https://doi.org/10.5281/zenodo.6620529
(Fassó et al. 2023). In particular, extensive datasets on air qual-
ity, meteorology, emissions, livestock, and land use across Italy
have been organized and made freely accessible to policymak-
ers, researchers, students, and the general public. Furthermore,
under the GRINS project (https://grins.it), a national partner-
ship involving universities, research institutes, and private com-
panies, large multisource datasets have been gathered and inte-
grated within the open-data AMELIA platform. This platform
supports the collection, integration, analysis, and dissemina-
tion of high-volume data related to the environment, popula-
tion, and economics. All datasets are openly available on Zenodo
(https://doi.org/10.5281/zenodo.15699805).
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TABLE 1 | Environmental variables, their relevance to ground-level ozone (O3), Spearman correlation (Corr) with observed in situ O3 concentra-
tions at monitoring stations and data sources. Note that Spearman correlation is not computed for the categorical variables: wind direction and land
cover/land use.

Variable (Unit) Relevance to O3 Corr Source

O3 (μg/m3) Estimate of near-surface O3 0.89 CAMSa

Nitrogen dioxide (μg/m3) Major O3 precursor −0.57 CAMS
PM2.5 (μg/m3) Influences O3 chemistry and light scattering −0.24 CAMS
PM10 (μg/m3) Affects atmospheric chemistry and precursor dynamics −0.21 CAMS
Solar radiation (W/m2) Provides energy for O3 forming reactions 0.67 ERA5-Landb

Air temperature at 2m (˚C) Speeds up O3 production 0.52 ERA5-Land
Boundary layer height (m) Controls vertical mixing and O3 dispersion 0.52 ERA5-Land
Relative humidity (%) High levels may reduce O3 via radical suppression −0.45 ERA5-Land
Leaf area index: Low vegetation (m2∕m2) Minor effect on O3 through surface exchange 0.31 ERA5-Land
Leaf area index: High vegetation (m2∕m2) Removes NOx, indirectly affecting O3 0.29 ERA5-Land
Wind speed (m/s) Facilitates horizontal O3 transport 0.16 ERA5-Land
Wind direction (↑, →, ↓, ←) Influences transport of O3 precursors — ERA5-Land
Total precipitation (m) Can reduce O3 via scavenging of precursors −0.06 ERA5-Land
Elevation (m) Influences background O3 and atmospheric mixing 0.17 CDEMc

Population density (people/km2) Proxy for anthropogenic emissions −0.15 GPWv4d

Road density (m∕km2) Indicator of traffic-related emissions −0.16 GRIPe

Land cover and land use (10 categories) Influences surface energy balance and emissions — GLCLUCf

aCopernicus Atmosphere Monitoring Service (CAMS).
bEuropean ReAnalysis Land (ERA5-Land).
cCopernicus Digital Elevation Model (GLO-90).
dNASA’s Gridded Population of the World (GPWv4, Revision 4.11).
eGlobal Roads Inventory Project (GRIP).
fGlobal Land Cover and Land Use Change (GLCLUC).

3 | Theoretical Framework

Let 𝑌 (u, 𝑡) denote the underlying stochastic process that governs
the square root of the mean daily O3 concentration measured by
in situ air quality monitoring stations at location u ∈ ℝ2 on day
𝑡 ∈ ℤ. Let 𝑧(𝑐0(u), 𝑡) represent the mean daily surface-level O3
concentration obtained from satellite-based CAMS data on day
𝑡, corresponding to the satellite grid cell 𝑐0(u) that contains the
location u. In addition, for 𝑗 = 1, . . . , 𝑝, let 𝑥𝑗(𝑐𝑗(u), 𝑡) denote the
value of the 𝑗th environmental covariate (as listed in Table 1)
obtained from satellite data for day 𝑡, corresponding to the grid
cell 𝑐𝑗(u) that contains location u.

3.1 | Modeling Framework

The spatiotemporal process 𝑌 (u, 𝑡) is modeled as

𝑌 (u, 𝑡) = 𝜇(u, 𝑡) + 𝛼(u, 𝑡) 𝑧
(
𝑐0(u), 𝑡

)
+ 𝜖(u, 𝑡), (1)

where 𝜇(u, 𝑡) is a varying intercept term capturing systematic dis-
crepancies between satellite and in situ O3 measurements. The
coefficient 𝛼(u, 𝑡) is a dynamic slope that allows the strength
of the association between satellite-based and in situ O3 mea-
surements to change across locations and over time. For easier
interpretability, we refer to 𝜇(u, 𝑡) as a “varying intercept” and
𝛼(u, 𝑡) as a “dynamic slope”, while in the literature these terms

are more commonly known as “varying-coefficients” (Hastie and
Tibshirani 1993) or “smooth terms” (Wood 2017). The term 𝜖(u, 𝑡)
represents an unstructured random error, accounting for mea-
surement noise and other unexplained variability. Here, 𝜖(u, 𝑡) is
assumed to be an independent and identically distributed (i.i.d.)
process following a Student’s 𝑡-distribution with 𝜈 > 2 degrees of
freedom. This choice enables the model to accommodate poten-
tial outliers and heavy-tailed behavior in the data, thus improving
robustness compared to conventional models assuming Gaussian
errors.

Note that this formulation allows the model (1) to flexibly capture
complex spatiotemporal dynamics in the association especially
between O3 measurements at air quality monitoring stations,
𝑌 (u, 𝑡), and satellite-derived estimates of surface-level CAMS
O3 concentration, 𝑧(𝑐0(u), 𝑡), via the dynamic coefficient 𝛼(u, 𝑡),
while also adjusting for potential additive biases through 𝜇(u, 𝑡).
Similar modeling strategies employing spatiotemporally vary-
ing coefficients were adopted in previous studies investigating
the association between in situ and satellite-based O3 measure-
ments. For instance, Paci et al. (2013) and Berrocal et al. (2014)
used models with spatially and temporally varying intercepts and
slopes to analyze daily 8-hour mean O3 concentrations across 717
monitoring stations in the eastern United States over a two-week
period (August 1–14, 2011). Das and Ghosal (2017) extended this
approach using quantile regression with varying intercepts and
slopes to study the daily maximum 8-hour O3 concentrations
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from 2006 to 2015, based on data from 1629 monitoring stations
across the United States.

In the following, however, both the varying intercept 𝜇(u, 𝑡) and
the dynamic slope coefficient 𝛼(u, 𝑡) are explicitly related to envi-
ronmental covariates, enhancing interpretability and enabling a
more structured understanding of the sources of variability.

According to the procedure proposed in Li et al. (2007), De Iaco
et al. (2016), Cappello et al. (2018) and Cappello, De Iaco, and
Posa (2020), the separability test has been performed on 10 spa-
tial pairs of monitoring stations at a distance from 225 km to
450 km and on 2 temporal lags (1, 2). At a 5% significance level,
the assumption of separability has been rejected (test statistic =
365.699, 𝑝 value = 2.57e − 65, df = 20) as well as for the covari-
ates, which help explain the presence of spatiotemporal interac-
tion, in addition to the evident seasonal variation in the year and
the weekly variation in both the intercept and slope.

3.2 | Structure of Dynamic Coefficients

The null model (denoted M0), defined by 𝜇(u, 𝑡) ≡ 𝛽0 and
𝛼(u, 𝑡) ≡ 𝛼0 corresponds to the assumption that satellite-based
O3 concentrations are simply noisy versions of the in situ mea-
surements, after adjusting for a constant additive bias 𝛽0 and a
constant multiplicative bias 𝛼0. A more flexible and widely used
alternative is the land-use regression (LUR) model, which intro-
duces a linear structure to model both the systematic discrepancy
and the scaling of satellite estimates (Hoek et al. 2008). More
specifically, the model (denoted by M1) assumes

𝜇(u, 𝑡) = 𝛽0 +
𝑝∑

𝑗=1
𝛽𝑗 𝑥𝑗(𝑐𝑗(u), 𝑡), 𝛼(u, 𝑡) ≡ 𝛼0, (2)

where the coefficients 𝛽0, . . . , 𝛽𝑝 and 𝛼0 are unknown parame-
ters to be estimated. This formulation allows the model to adjust
for systematic discrepancy (intercept) between satellite and in
situ measurements using a linear combination of environmental
variables, while maintaining a constant strength of association
between the two measurement sources. To account for weekly
variability in O3 concentration, indicators for the days of the week
are included among the covariates 𝑥𝑗 ’s. Their corresponding coef-
ficients 𝛽𝑗 ’s capture potential weekly cycles such as the “weekend
ozone effect”, where O3 levels may be higher on weekends despite
lower precursor emissions (Schipa et al. 2009; Ma et al. 2020).

To allow for nonlinear effects of covariates on the intercept and
slope, an alternative approach is to adopt additive models

𝜇(u, 𝑡) = 𝛽0 +
𝑝∑

𝑗=1
𝑓𝑗
(
𝑥𝑗(𝑐𝑗(u), 𝑡)

)
+ 𝑠(𝑑(𝑡)) + 𝜏𝑤(𝑡) (3)

𝛼(u, 𝑡) = 𝛼0 +
𝑝∑

𝑗=1
𝑓𝑗

(
𝑥𝑗(𝑐𝑗(u), 𝑡)

)
+ 𝑠̃(𝑑(𝑡)) + 𝜏𝑤(𝑡), (4)

for the systematic bias component 𝜇(u, 𝑡) and the strength of
association 𝛼(u, 𝑡), respectively leading to the more flexible mod-
els M2 and M3. Here, 𝑓𝑗, 𝑓 𝑗 ∶ ℝ → ℝ are smooth functions,
typically represented using thin plate regression splines (see

Wood 2017, section 4.1.5). This additive structure increases the
model’s flexibility and allows it to capture potentially nonlinear
effects of covariates on the linear relation (1). Moreover, 𝑑(𝑡) ∈
{1, . . . , 366} represents the day of the year, and 𝑠, 𝑠̃ ∶ [1, 366] →
ℝ are penalized cyclic cubic regression splines (see Wood 2017,
section 4.1.3), used to capture seasonal variation in the intercept
𝜇(u, 𝑡) and slope 𝛼(u, 𝑡) of the linear relationship between in situ
and satellite-derived O3 concentrations. In addition to seasonal
effects, Gaussian i.i.d. random effects 𝜏𝑤(𝑡) and 𝜏𝑤(𝑡), with mean
zero and variances 𝜎2

𝜏
and 𝜎2

𝜏
, are included, where the index 𝑤(𝑡)

denotes the year–month combination (e.g., “2013–01”) associ-
ated with calendar date 𝑡. These terms account for any remaining
temporal variability at the monthly scale that is not explained by
the other components of the model.

Although it is possible to include spatial random processes, for
example, 𝜉(u) and 𝜉(u) with Matérn covariance structures, in the
models for the varying intercept (3) and dynamic slope (4) to
account for additional spatial correlation, our goodness-of-fit and
cross-validation analyses (detailed in the following subsections)
indicate that such terms are not necessary. Specifically, includ-
ing these spatial random effects did not substantially improve
model fit and, in some cases, reduced predictive performance (see
cross-validation results in the Supporting Information file). This
may be attributed to the fact that the major sources of spatial vari-
ation are already well captured by the model structure and the
suite of environmental covariates, leaving little residual spatial
dependence to warrant the added model complexity.

The specifications given in Equations (3) and (4) make the pro-
posed model in Equation (1) a special case of generalized addi-
tive models (GAMs), which are well-suited for modeling complex
nonlinear relationships and can be efficiently applied to large
datasets (Wood et al. 2017; Li and Wood 2020). The model is
implemented using the mgcv package in R, which employs a
restricted maximum likelihood approach for parameter estima-
tion (Marra and Wood 2011). In this framework, penalty terms
are applied to the smoothing functions 𝑓𝑗(⋅) and 𝑓𝑗(⋅) to con-
trol model complexity (Wood 2017). The smoothing parame-
ters, along with other model coefficients, are estimated by max-
imizing the restricted likelihood, ensuring a balance between
goodness-of-fit and smoothness (Kim and Gu 2004).

4 | Model Evaluation

In this section, the proposed model (1) with the spatially and
temporally varying intercept (3) and dynamic slope (4), is eval-
uated with regard to its adequacy and predictive performance.
Specifically, the model is assessed to see how well it reproduces
the observed data and how effectively it generalizes to new data
not used in model fitting. To examine the necessity of allow-
ing non-constant and nonlinear forms for the intercept (3) and
slope (4), the full model M3,

𝑌 (u, 𝑡) = [𝛽0 +
𝑝∑

𝑗=1
𝑓𝑗
(
𝑥𝑗(𝑐𝑗(u), 𝑡)

)
+ 𝑠(𝑑(𝑡)) + 𝜏𝑤(𝑡)]

+ [𝛼0 +
𝑝∑

𝑗=1
𝑓𝑗

(
𝑥𝑗(𝑐𝑗(u), 𝑡)

)
+ ∼ 𝑠(𝑑(𝑡)) + 𝜏𝑤(𝑡)]

⋅ 𝑧
(
𝑐0(u), 𝑡

)
+ 𝜖(u, 𝑡),
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is compared against three simpler alternatives:

• M0: a baseline model with a constant intercept 𝜇(u, 𝑡) = 𝛽0
and constant slope 𝛼(u, 𝑡) ≡ 𝛼0, that is,

𝑌 (u, 𝑡) = 𝛽0 + 𝛼0 𝑧
(
𝑐0(u), 𝑡

)
+ 𝜖(u, 𝑡),

• M1: a model with a linearly varying intercept based on envi-
ronmental covariates, and a constant slope, as defined in
Equation (2), that is,

𝑌 (u, 𝑡) = 𝛽0 +
𝑝∑

𝑗=1
𝛽𝑗 𝑥𝑗(𝑐𝑗(u), 𝑡) + 𝛼0 𝑧

(
𝑐0(u), 𝑡

)
+ 𝜖(u, 𝑡),

• M2: a model with an additive nonlinear intercept 𝜇(u, 𝑡)
that includes seasonal and weekly components, as in
Equation (3) and a constant slope 𝛼(u, 𝑡) ≡ 𝛼0, that is,

𝑌 (u, 𝑡) =

[
𝛽0 +

𝑝∑
𝑗=1

𝑓𝑗
(
𝑥𝑗(𝑐𝑗(u), 𝑡)

)
+ 𝑠(𝑑(𝑡)) + 𝜏𝑤(𝑡)

]
+ 𝛼0 𝑧

(
𝑐0(u), 𝑡

)
+ 𝜖(u, 𝑡).

This comparative analysis is intended to evaluate whether the
increased flexibility in M3 improves both the model’s ability to
fit the data and its predictive performance, particularly in terms
of downscaling at unmonitored locations and forecasting ozone
levels at future time points.

4.1 | Goodness of Fit

Table 2 presents adjusted coefficient of determination (𝑅2
adj), the

percentage of null deviance explained, the Akaike Information
Criterion (AIC) and the Bayesian Information Criterion (BIC) for
the full model (M3) and its simpler nested alternatives (M0, M1,
and M2). From the baseline model M0 to the full model M3, a
consistent improvement can be seen in all these four goodness of
fit measures: both 𝑅2

adj and the percentage of explained deviation
increase, while AIC and BIC decrease, indicating a better model

fit. To assess whether these improvements are statistically signif-
icant, for 𝑘 = 1, 2, 3, likelihood ratio tests are performed to com-
pare each model M𝑘 with its nested simpler submodel M𝑘−1. The
resulting 𝜒2 statistics and associated 𝑝 values are also reported
in Table 2. In all cases, the 𝑝 values are small, indicating that the
additional complexity of M𝑘 relative to M𝑘−1 accounts for a signif-
icant amount of variation in the response variable. These results
provide strong evidence that M3 offers a significantly better fit
than simpler nested models M0 –M2.

The full model M3 explains 72.2% of the null deviance, with
an adjusted 𝑅2 of 0.865. This indicates that approximately 13%
of the variation in the square-root-transformed in situ O3 mea-
surements remains unexplained by the model. Figure 3 presents
diagnostic plots, including fitted versus observed values, residu-
als versus fitted values, and a histogram of the residuals. While
there is some scope for improvement, the histogram of resid-
uals closely matches the probability density function of a Stu-
dent’s 𝑡-distribution with estimated degrees of freedom 𝜈 = 3.57,
suggesting an adequate fit to the assumed error distribution.
Although a few outliers are present, the fitted values generally
align well with the observed values. Moreover, the residuals show
no clear structure or trends when plotted against the fitted val-
ues, supporting the assumption of homoscedasticity and indicat-
ing that the model successfully captures the main patterns in
the data.

The proposed structure in Equation (1) provides a clear and inter-
pretable modeling framework for assessing how each environ-
mental variable contributes to the additive bias, represented by
the varying intercept term 𝜇(u, 𝑡), and the multiplicative bias,
captured by the dynamic slope term 𝛼(u, 𝑡), in surface-level
satellite-derived O3 measurements relative to in situ observa-
tions. To illustrate this, Figure 4 displays the estimated effects
of nitrogen dioxide concentration, wind speed, elevation, and
seasonal variation associated with the day of the year on both
𝜇(u, 𝑡) and 𝛼(u, 𝑡). These are partial effects, meaning that all other
covariates are held constant at their respective mean values for
continuous variables, and at their reference category for categor-
ical variables, including land use and land cover, wind direction,
and day of the week.

TABLE 2 | Adjusted coefficient of determination (𝑅2
adj), percentage of the null deviance explained by the model (%Dev), Akaike Information

Criterion (AIC), and Bayesian Information Criterion (BIC) for comparing the goodness of four models. Model M0 is the baseline, with a constant
intercept and slope. Models M1, M2, and M3 incorporate varying intercepts and slopes informed by environmental variables, as well as seasonal and
weekly patterns: linear varying intercept and constant slope (M1), additive nonlinear varying intercept with seasonal and weekly components and a
constant slope (M2) and both intercept and slope are modeled as additive nonlinear functions with seasonal and weekly components (M3). The test
statistic (𝜒2) and 𝑝 value of likelihood ratio tests, used to compare each model M𝑘, 𝑘 = 1, 2, 3, against its nested simpler counterpart M𝑘−1 are also pro-
vided. The last column reports the computational time (in seconds), measured on a personal computer equipped with an IntelR CoreTM Ultra 5 135U
processor (1600 MHz, 12 cores, 14 threads) and 16GB of RAM.

𝝁(u, 𝒕) 𝜶(u, 𝒕) 𝑹2
adj

%Dev AIC BIC 𝝌2 𝒑 value Time

M0 𝛽0 𝛼0 0.830 68.6 2,918,694 2,918,754 — — 38.0
M1 𝛽0 +

∑𝑝
𝑗=1𝛽𝑗𝑥𝑗 (u, 𝑡) 𝛼0 0.851 70.6 2,754,652 2,755,048 164,098 < 0.001 129.5

M2
𝛽0 +

∑𝑝
𝑗=1𝑓𝑗

(
𝑥𝑗 (u, 𝑡)

)
+𝑠(𝑑(𝑡)) + 𝜏𝑤(𝑡)

𝛼0 0.860 71.6 2,684,639 2,687,116 70,360 < 0.001 74.7

M3
𝛽0 +

∑𝑝
𝑗=1𝑓𝑗

(
𝑥𝑗 (u, 𝑡)

)
+𝑠(𝑑(𝑡)) + 𝜏𝑤(𝑡)

𝛽0 +
∑𝑝

𝑗=1𝑓𝑗

(
𝑥𝑗 (u, 𝑡)

)
+𝑠̃(𝑑(𝑡)) + 𝜏𝑤(𝑡)

0.865 72.2 2,639,100 2,642,248 45,650 < 0.001 184.7

Note: Bold Indicates the best model.
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FIGURE 3 | Diagnostic plots for the fitted model. Top left: observed square root of ozone concentration versus fitted values. Top right: model resid-
uals plotted against fitted values. Bottom: histogram of the residuals overlaid with the probability density function of a Student’s t-distribution using the
estimated degrees of freedom 𝜈.

It can be seen from Figure 4 that both nitrogen dioxide and
elevation have a substantial positive effect on the additive bias
𝜇(u, 𝑡), while windspeed, when sufficiently strong, exerts a sig-
nificant negative effect. In contrast, their influence on the mul-
tiplicative bias 𝛼(u, 𝑡) is less pronounced, slightly in the oppo-
site direction, and due to its multiplicative nature show high
variability, as reflected by the wide confidence bands. Seasonal
variations associated with the day of the year affect both 𝜇(u, 𝑡)
and 𝛼(u, 𝑡), with patterns that appear to be reciprocal. These dif-
ferences reflect the distinct roles of the two bias components:
𝜇(u, 𝑡) represents systematic shifts in baseline O3 concentrations,
whereas 𝛼(u, 𝑡) adjusts the scaling of satellite measurements rel-
ative to in situ observations. For example, increases in variables
such as nitrogen dioxide or elevation tend to raise baseline O3
levels (reflected in 𝜇) while slightly reducing the scaling fac-
tor 𝛼, indicating that satellite measurements are proportionally
smaller compared to in situ observations. Elevated NO2 is fre-
quently co-located with increased aerosol loads and complex sur-
face albedo (e.g., urban surfaces or water bodies), which can alter
top-of-atmosphere radiance and introduce systematic offsets and

reduced contrast in the retrieved O3 field, providing a plausible
explanation for the observed additive and multiplicative biases
(Geddes et al. 2012). Similarly, higher wind speeds are associ-
ated with lower baseline O3 concentrations and may also modify
the scaling between satellite and in situ measurements. Overall,
the positive effects of nitrogen dioxide and elevation, the negative
influence of wind speed and the cyclic impact of seasonal varia-
tions on baseline ozone (𝜇) are consistent with previous findings
(e.g., Zhu et al. 2023), whereas their effects on the scaling term
(𝛼) provide additional insight into divergences between satellite
and in situ measurements.

4.2 | Cross-Validation

To evaluate the predictive performance of the proposed model
in general and across both spatial and temporal dimensions, the
following cross-validation framework is adopted that systemati-
cally partitions the full dataset into 𝑘 mutually exclusive subsets.
As recommended in the literature, for each spatial and temporal
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FIGURE 4 | Partial effects of elevation, nitrogen dioxide, and day of the year on the varying intercept and dynamic slope in the linear model describ-
ing the relationship between in situ O3 measurements and corresponding satellite-derived surface O3 estimates (note that each plot is displayed with a
distinct vertical axis scale for easier interpretability).

cluster a buffer zone has been defined in order to ensure that the
training and testing data are approximately independent, mini-
mizing the influence of spatial and temporal autocorrelation on
model evaluation (Wenger and Olden 2012; Roberts et al. 2017;
Meyer et al. 2018; Otto et al. 2024).

1. The 402 air quality monitoring stations (Figure 1) are clus-
tered into 𝑘1 = 10 spatial groups, 1, . . . ,𝑘1

, using the
𝑘1-medoid algorithm (see Kaufman and Rousseeuw 1990,
Chapter 2) based on their spatial proximity. A buffer zone
around each cluster 𝑗 is defined as the union of 50-km
radius circular buffers centered on every station belong-
ing to 𝑗 . These clusters and their corresponding buffer
zones are shown in the top panel of Figure 5. Then, for
𝑗 = 1, . . . , 𝑘 = 𝑘1, all observations from stations in cluster
𝑗 over the entire 4016-day study period are set aside as the
testing set 𝑗 , while all observations from stations outside
the buffer zone of cluster 𝑗 over the same period are used
to estimate the model parameters. The fitted model is then
used to predict O3 concentrations for the held-out subset

𝑗 . This spatial cross-validation evaluates the model’s abil-
ity to predict O3 concentrations at locations not used during
model training and assesses the model’s spatial generaliza-
tion ability.

2. The full study period 𝑇 = [𝑡min, 𝑡max], spanning 4016 days, is
divided into 𝑘2 = 8 overlapping equal-length time intervals
1, . . . ,𝑘2

, each lasting four years, as shown in the bottom
panel of Figure 5. Each interval 𝑗 is further partitioned
into a three-year training period (to capture at least three
seasonal cycles), followed by a six-month buffer zone and
then a six-month testing period. Then, for 𝑗 = 1, . . . , 𝑘 = 𝑘2,
observations from all 402 stations with dates within the
six-month testing period of 𝑗 are set aside as the testing
set 𝑗 , while observations from all 402 stations during the
corresponding 3-year training period of 𝑗 are used to esti-
mate the model parameters. The fitted model is then used
to predict O3 concentrations for the held-out subset 𝑗 .
This temporal cross-validation mimics realistic forecasting
by ensuring that only past data are used in model training,
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FIGURE 5 | Spatial and temporal partitioning for cross-validation. The top panel shows the grouping of 402 air quality monitoring stations into 𝑘1 =
10 spatial clusters using the 𝑘-medoid clustering algorithm. The bottom panel illustrates the division of the full time period (2013-01-01 to 2023-12-30)
into 𝑘2 = 8 temporal folds, each spanning four years. For spatial cross-validation, each cluster is treated as a test set and predicted using data from the
remaining clusters, after excluding stations located within buffer zones. For temporal cross-validation, each interval is partitioned into a 3-year training
period, followed by a 6-month buffer, and then a 6-month test period.
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thereby avoiding temporal information leakage and allow-
ing a robust evaluation of temporal prediction accuracy.

3. Each fold 𝑗 = 1, . . . , 𝑘 = 𝑘1 × 𝑘2 corresponds to a unique
pair of spatial cluster 𝑗1

, 𝑗1 = 1, . . . , 𝑘1, and temporal inter-
val 𝑗2

, 𝑗2 = 1, . . . , 𝑘2, where the test set 𝑗 consists of all
observations from stations in 𝑗1

during the 6-month test
period of 𝑗2

. The model parameters are estimated using
only observations from stations lying outside the buffer zone
of𝑗1

and recorded during the corresponding 3-year training
period of 𝑗2

and then fitted model is used to predict O3 con-
centrations for the held-out subset 𝑗 . This spatiotemporal
cross-validation evaluates the model’s ability to predict O3
concentrations at both locations and times not used during
model training and assesses the model’s spatial and tempo-
ral generalization ability.

Once the parameters of model in Equation (1) have been esti-
mated, the square root of the O3 concentration at location u and
time 𝑡 is predicted with

𝑌 (u, 𝑡) = 𝜇(u, 𝑡) + 𝛼(u, 𝑡)𝑧(u, 𝑡),

where 𝜇(u, 𝑡) and 𝛼(u, 𝑡) are the estimated dynamic coefficients.
To obtain a prediction for the O3 concentration (i.e., transforming
the response to the original scale), the identity

𝔼
[
(𝑌 (u, 𝑡))2] = (𝜇(u, 𝑡) + 𝛼(u, 𝑡)𝑧(u, 𝑡))2 + 𝕍ar[𝑌 (u, 𝑡)]

is used, which leads to the prediction

𝑌 2(u, 𝑡) = (𝜇(u, 𝑡) + 𝛼(u, 𝑡)𝑧(u, 𝑡))2 + 𝜎2𝜈

𝜈 − 2
,

where 𝜎 and 𝜈 are the estimated scale and degrees of free-
dom parameters from the assumed Student 𝑡-distribution of the
error term.

Then, for each of the above cross-validation strategies, the
model’s predictive performance is measured using standard pre-
diction accuracy metrics (Wang et al. 2022): the Root Mean
Square Prediction Error (RMSPE), the Mean Absolute Prediction
Error (MAPE), and cross-validated coefficient of determination
(CVR2), defined as

RMSPE = 1
𝑘

𝑘∑
𝑗=1

√√√√ 1
#(𝒫𝑗 )

∑
(u,𝑡)∈𝒫𝑗

(
𝑌 2(u, 𝑡) − 𝑌 2(u, 𝑡)

)2
,

MAPE = 1
𝑘

𝑘∑
𝑗=1

⎛⎜⎜⎝ 1
#(𝒫𝑗 )

∑
(u,𝑡)∈𝒫𝑗

|||𝑌 2(u, 𝑡) − 𝑌 2(u, 𝑡)|||⎞⎟⎟⎠,

CVR2 = 1
𝑘

𝑘∑
𝑗=1

⎛⎜⎜⎜⎜⎝
1 −

∑
(u,𝑡)∈𝒫𝑗

(𝑌 (u, 𝑡) − 𝑌 (u, 𝑡))2

∑
(u,𝑡)∈𝒫𝑗

(
𝑌 (u, 𝑡) − 1

#(𝒫𝑗 )
∑

(u,𝑡)∈𝒫𝑗
𝑌 (u, 𝑡)

)2

⎞⎟⎟⎟⎟⎠
.

Here, 𝑌 2(u, 𝑡) denotes the observed O3 concentration (i.e., the
square of the response) at location u and on day 𝑡, and 𝑌 2(u, 𝑡) is
the corresponding model prediction. The term #(𝑗) represents
the number of observations in subset 𝑗 . The RMSPE empha-
sizes larger errors due to the squaring, while MAPE provides a
more interpretable measure of average absolute prediction error.

Together, these metrics, which are widely recognized indices of
model performance (Hodson 2022), offer a comprehensive eval-
uation of the model’s prediction accuracy across all folds.

To evaluate the contribution of the varying intercept (3) and the
dynamic slope (4) to predictive performance, the full model M3 is
compared with the three simpler nested models M0 –M2 in pre-
dicting O3 concentration 𝑌 2(u, 𝑡). Table 3 summarizes the predic-
tive performance of the models using RMSPE, MAPE, and CVR2

for spatial, temporal, and spatiotemporal cross-validation frame-
works described above. The full model, M3, consistently outper-
forms the null model M0 and the intermediate models M1 and
M2 in terms of RMSPE and CVR2 across all three cross-validation
frameworks: spatial, temporal, and spatiotemporal. In both the
spatial and temporal frameworks, the progressive reduction in
predictive error from M0 to M1, to M2, and finally to M3 con-
firms that each added level of complexity contributes meaning-
ful predictive power. Only in the more challenging spatiotem-
poral framework with a relatively small training dataset, the
linear model M1 exhibits a slightly lower MAPE than M3 and
a smaller RMSPE than M2. Nevertheless, the full model M3
achieves the best overall predictive performance with an RMSPE
of 10.9 μg/m3, a MAPE of 5.98 μg/m2, and a CVR2 exceeding 0.8,
which demonstrates robust generalization to both unseen loca-
tions and future time periods.

After confirming that the full model M3 adequately explains the
variability in the data—based on goodness-of-fit metrics—and
does not exhibit signs of overfitting, as evidenced by its
cross-validation performance, it can be reliably used to predict
in situ O3 concentrations at any location and time where the
environmental variables listed in Table 1 are available. Note also
that after inspecting the residual correlation, there is no spa-
tial pattern left in the data. As an illustrative example, Figure 6
presents predicted in situ O3 concentrations at a spatial resolu-
tion of 0.1∘ × 0.1∘ across Italy and surrounding regions on twelve
selected dates during the study period. The displayed maps well
reproduce the spatiotemporal variability of the investigated pol-
lutant over Italian territories, with ozone concentrations often
higher in the pre-Alpine (in the Northern part of Italy) and
Mediterranean areas, with respect to the other parts of the Ital-
ian peninsula. In particular, in Northern Italy, the elevation factor
and the consequent high values of UV radiation play a crucial
role. Indeed, very large O3 concentrations are recorded/predicted
over the pre-Alpine area. The seasonal pattern for O3 predicted
values (higher levels during warmer periods than those recorded
during colder periods) is also evident from the different maps,
where the highest levels have been predicted in May, June, July,
and August, due to the increasing air temperature and solar
radiation.

5 | Conclusions

This study proposed and evaluated a flexible modeling frame-
work for predicting surface-level O3 concentrations by integrat-
ing satellite-based data with spatially and temporally varying
intercepts and dynamic slope coefficients. The model extends
the generalized additive model (GAM) framework by incor-
porating a structure that allows both the intercept and slope
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TABLE 3 | Comparison of spatial, temporal and spatiotemporal predictive performance for four models predicting O3 concentrations: baseline
model M0 with constant intercept and slope, model M1 with linear models for intercept and constant slope, model M2 with additive nonlinear model
for intercept and constant slope and the full model M3 with additive nonlinear models for both intercept and slope. Performance metrics include root
mean squared prediction error (RMSPE), mean absolute percentage error (MAPE), and cross-validated 𝑅2 (CVR2).

Model
Spatial CV Temporal CV Spatiotemporal CV

RMSPE MAPE CVR2 RMSPE MAPE CVR2 RMSPE MAPE CVR2

M0 11.784 6.260 0.775 11.710 5.986 0.832 11.558 6.172 0.785
M1 11.101 6.019 0.797 10.910 5.646 0.854 10.941 5.931 0.806
M2 11.002 6.057 0.802 10.721 5.610 0.859 10.953 6.023 0.808
M3 10.932 5.985 0.802 10.604 5.511 0.862 10.897 5.983 0.807
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FIGURE 6 | Predicted in situ O3 concentrations at a spatial resolution of 0.1∘ × 0.1∘ across Italy and its surrounding regions on twelve selected dates
during the study period.

to vary across space and time, thereby capturing local devia-
tions between satellite-derived estimates and in situ observa-
tions. While GAMs and varying coefficient models have each
been employed independently in previous studies to model pol-
lutant concentrations and to relate satellite observations to in situ
measurements, the novelty of this work lies in combining these
approaches within a unified and interpretable framework. This

enables a better understanding of the sources of additive biases
(i.e., systematic shifts) and multiplicative biases (i.e., scaling dif-
ferences) in satellite-based measurements of surface-level O3 rel-
ative to in situ observations.

The proposed model is a special case of a GAM and, consequently,
parameter estimation is already efficiently implemented via the
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mgcv package in R. Cross-validation and goodness-of-fit diag-
nostics demonstrated that incorporating varying intercepts and
dynamic slopes substantially improves model fit and predictive
performance compared to simpler models. In particular, the full
model with additive specifications and seasonal components for
these coefficients yielded the lowest prediction errors and high-
est explained variance. Residual diagnostics further supported
the model’s adequacy, indicating reasonable agreement between
observed and fitted values and no significant departures from dis-
tributional assumptions.

While seasonal components in both the varying intercept and
dynamic slope models contributed to improved model perfor-
mance, incorporating spatial random processes did not lead to
substantial gains in explanatory power or predictive accuracy
for the available data. This likely reflects that the included envi-
ronmental covariates and the model’s existing structure already
capture the primary sources of spatial variation. To demonstrate
model interpretability, the framework provided a clear explana-
tion of the effects of elevation, nitrogen dioxide, and the seasonal
variation associated with the day of the year on both additive and
multiplicative biases in surface-level satellite measurements of
O3 compared with in situ observations. The model was applied
to provide downscaling by predicting O3 concentrations on a fine
spatial grid covering Italy and its surrounding areas for a selected
set of dates.

Overall, the findings underscore the value of integrating dynamic
model components in air pollution modeling, especially for
aligning satellite-based proxies with ground-level observations,
enabling better interpretability and explanation of the relation-
ship between satellite measurements and in situ observations.
The proposed approach is not only accurate but also scalable,
making it suitable for large datasets and operational forecasting.
Future work could explore multivariate extensions, incorporate
additional covariates, assess performance across other pollutants
and regions, and develop joint models for multiple pollutants.
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Appendix A

Retrieving and Pre-Processing Ozone Data From Monitoring Stations

Information on all air quality monitoring stations available through the European Environment Agency (EEA) database was retrieved using the R pack-
age EEAaq. The dataset was filtered to include only stations located in Italy, and the corresponding unique station codes and geographical coordinates
were extracted.

library("EEAaq") # load package for accessing EEA air quality data
library("tidyverse") # load tidyverse for data manipulation and cleaning

stations <- EEAaq_get_stations() |> # retrieve metadata for all monitoring stations
filter(Country == "Italy") |> # keep only Italian stations

years <- 2013:2023 # define range of years to download
EEA_data_list <- vector("list", length=length(years)) # empty list to store yearly data
options(timeout=1200) # extend download timeout to prevent interruptions
for (i in seq_along(years)) # loop through each year
{

EEA_data_list[[i]] <- tryCatch({ # handle download errors gracefully
EEAaq_get_data( # download hourly ozone data for the year at stations

IDstations=stations$AirQualityStationEoICode, pollutants="O3",
from=paste0(years[i], "-01-01"), to=paste0(years[i], "-12-31"),
verbose=TRUE) |>
filter(is.finite(O3), !is.na(AirQualityStationEoICode)) |> #remove invalid/missing data
mutate(date=as.Date(DatetimeBegin)) |> # extract date from timestamp
group_by(AirQualityStationEoICode, date) |> # group by station and date
summarize( # compute daily summary statistics

mean_O3=mean(O3, na.rm=TRUE), min_O3=min(O3, na.rm=TRUE),
max_O3=max(O3, na.rm=TRUE), .groups="drop") |>

left_join(stations, by=join_by(AirQualityStationEoICode)) |> # add station coordinates
relocate(Longitude, Latitude, .after=AirQualityStationEoICode) # reorder columns

}, error=function(e) NULL) # return null if download fails
}
which(unlist(lapply(EEA_data_list, is.null))) # check if there is no missing year
EEA_data <- bind_rows(EEA_data_list) # combine all yearly data into one data frame
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