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Preface 

This volume collects the scientific contributions presented at the Workshop “Explo-
ration of Spatio-Temporal Environmental Conditions: Harmonized Databases and 
Analytical Techniques (ECoST-DATA)”, held at the University of Bari on July 
3-4, 2025, as Satellite event of DUST 2025. It is a key result of the ECoST-
DATA Project, funded by European Union – NextGenerationEU with the Cascade 
Open Calls published by ALMA MATER STUDIORUM – University of Bologna,
inside the Project GRINS within the PNRR – Mission 4, Component 2, Investment
1.3 “Partnership extended to Universities, Research Centers, Firms and research
projects funding”, D.D. 341 of 15/03/2022, CUP: J33C22002910001.

The contents are dedicated to advanced tools and techniques for analyzing and 
predicting environmental variables with a spatial or spatio-temporal structure. In 
particular, they include theoretical reviews on spatio-temporal covariance modelling 
as well as innovative approaches for assessing environmental quality and its effects
on climate change by integrating georeferenced data from multiple sources.

Among the primary objectives of this collection, it is worth mentioning: transfer 
advanced analytic skills for the modelling, estimation, and prediction of spatial and 
spatio-temporal environmental variables; provide practical guidance on integrating 
heterogeneous georeferenced data while accounting for measurement error and 
spatial misalignment; support risk assessment by equipping practitioners with
methods to quantify exposure and uncertainty relevant to human health; and
inform sustainability planning through models that identify spatially and temporally
targeted mitigation or adaptation strategies.

As a result, the contributions are intended for researchers and graduate students 
in spatial statistics, environmental science, and geosciences; data scientists and 
practitioners w orking on environmental monitoring, climate impacts, and public-
health risk assessment; policy analysts interested in data-driven sustainability
planning.

Regarding the outcomes, readers will gain both the theoretical grounding and the 
practical toolset necessary to build, validate, and deploy spatio-temporal models for 
environmental variables, produce reliable forecasts, and translate model outputs into
actionable insights for health and sustainability interventions.

v



vi Preface

The volume is organized in three parts.
In the first one, Random fields and Covariance modelling, Posa clarifies the 

relationship between covariance functions and positive definite functions, emphasiz-
ing that Crum’s theorem is the necessary generalization of Bochner’s theorem. De 
Iaco discusses on some families of spatio-temporal complex covariance functions 
for vectorial data. It is also described how these functions can be generalized to 
the spatio-temporal setting, as well as how some other complex-valued covariance 
families can be constructed as positive mixtures of infinite components or as a
convolution of the real part. Hristopulos presents the hybrid spectral approach for
generating physically inspired, non-separable covariance kernels from stochastic
ordinary differential equations. Pere et al. propose the stationary subspace analysis
to decompose a random field into independent stationary and non-stationary
subspaces.

In Pa rt II, Environmental control and integration, Stein focuses on the use of 
modern deep learning methods for the analysis and management of large data 
volumes. His study explores the use of satellite imagery and time series to analyze 
air quality and monitor environmental changes. A further challenging approach is 
presented in Gómez-Hernández et al. to identify atmospheric dust sources, using the 
ensemble smoother with multiple data assimilation methodology. Capasso discusses 
the optimization of pollution control within an economic growth system, presenting 
a spatially structured model. This model analyzes an optimal control problem
designed to maximize intertemporal utility while minimizing pollution, the disutility
of taxation, and intervention costs. Additionally, the study by Duttilo and Di Battista
explores the functional structure and variation of Italian carbon emissions from
electricity using functional data analysis. Daily and monthly profiles are constructed
using Fourier basis functions and analyzed at national and electricity market zone
levels.

The volume concludes with Part III, Environmental Analysis, where Jalilian et al. 
apply a flexible generalized additive model framework for surface ozone prediction, 
using spatio-temporally varying coefficients to correct biases between satellite and 
in situ data. Gomes et al. investigate the geostatistical characterization of climate 
extremes dynamics, focusing on drought. A Random Forest-based short-term alert 
system is presented for predicting drought severity classes at a monthly scale, 
demonstrating strong predictive performance for local areas and offering a flexible 
tool for managing drought-related risks. For environmental quality assessment, the
work by Masoumi et al. addresses a gap in biodiversity modelling in the Apulia
region by comparing the performance of various machine learning models (Random
Forests, Support Vector Machines, Extreme Gradient Boosting, Decision Trees,



Preface vii

and Linear Regression) for assessing the effects of environmental variables on the 
multilevel biodiversity index. Furthermore, in Cappello et al., spatio-temporal blind 
source separation model is reviewed and employed to model and predict ground-
level ozone concentration in a complex multivariate spatio-temporal framework.

Lecce, Italy Sandra De I aco 
September 2025 Donato Posa 

Monica Pa lma
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Ozone Predictions Through a 
Generalized Additive Model

Abdollah Jalilian, Claudia Cappello, Monica Pa lma, and Sandra De Iaco

Abstract Accurate prediction of surface-level ozone (O3 .) concentrations is essen-
tial for ensuring efficient air quality control and safeguarding public health. This 
study proposes a flexible spatiotemporal modeling framework to estimate daily
mean O3 . levels across Italy by integrating satellite-derived ozone data with high-
resolution environmental predictors and in situ observations. The model relies
on a linear regression with dynamic intercepts and slopes to relate in situ O3 . 

measurements to satellite estimates, accounting for additive and multiplicative 
biases. The time- and space-varying parameters are modeled within a generalized 
additive model (GAM) framework to capture complex relationships between ozone 
and environmental drivers. Model evaluation and cross-validation demonstrate 
superior explanatory and predictive performance compared to other alternatives. 
The framework identifies key bias patterns linked t o elevation, nitrogen dioxide
concentrations, and seasonal variation. Overall, the proposed model provides an
accurate, scalable, and interpretable framework for obtaining harmonized databases,
facilitating environmental monitoring and informing policy development.
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1 Intro duction

Accurate estimation and prediction of surface-level exposure to ozone (O3 .) are  
essential for managing air quality and protecting public health and food security,
given that ambient O3 . poses serious risks to human health and negatively affects
crop quality and yield [24, 34]. Interpolation techniques and predictive modeling 
approaches in air quality management generally include physics-based photochem-
ical grid models (e.g., CAMx, as discussed in [10]), data-driven machine learning 
models (as in [8, 19, 25, 28]), statistical models (as in [12, 13, 30]), even referred 
to spatiotemporal data (as in [4–7, 26]), or based on dimensionality reduction 
techniques (as in [2, 21, 22, 27]). 

In this context, statistical modeling provides an essential framewo rk for deriving
interpretable connections between O3 . levels and environmental variables, along 
with explicit measures of uncertainty [12]. Land use regression (LUR) models, 
which typically employ a multiple linear regression framework, are commonly u sed
to relate pollutant concentrations to spatially resolved geographic and environmental
predictors [29]. To capture complex and potentially nonlinear spatiotemporal pat-
terns, Generalized Additive Models (GAMs), firstly introduced by Hastie [14, 15], 
have been widely used in air pollution research, allo wing for smooth variation across
time [20] and space-time [16, 31]. 

This study proposes an additive regression model with spatiotemporal varying 
coefficients to relate daily mean in situ O3 . concentrations to satellite-derived O3 . 

estimates across Italy. Similarly to LUR models, this approach incorporates a 
comprehensive set of environmental variables within an additive framework to 
capture variations in both intercept and slope coefficients in space and time. It is 
worth noting that the proposed additive structure improves t he flexibility of the
model, allowing it to capture the potentially nonlinear effects of the covariates
within the linear relationship. After describing the dataset used in the case study
(Sect. 2), the modeling framework has been introduced in Sect. 3. The model’s 
goodness of fit and its spatial and temporal predictive capabilities have been 
evaluated through an extensive cross-validation procedure (Sect. 4). The article 
concludes with the main findings and implications (Sect. 5). 

2 Dataset 

In this study, ground-based O3 . concentrations measured at Italian air quality 
monitoring stations have been used as the primary response variable. Explanatory
variables have comprised satellite-derived O3 . estimates and environmental predic-
tors representing atmospheric composition, meteorological conditions, topography,
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land use, and anthropogenic activity. Data spanning a 10-year period, from January 
1, 2013 to December 30, 2023, have been included in the analysis.

2.1 Ozone Monitoring Data (Response Variable)

Hourly O3 . concentrations have been obtained from the European Air Quality 
Portal maintained by the European Environment Agency (EEA) [11]. In particular, 
data for 402 Italian air quality monitoring stations have been considered and
then aggregated to calculate daily mean O3 . concentrations for the 10-year period.
Mean daily O3 . values have exhibited spatiotemporal variability and a right-skewed 
distribution, characterized by frequent moderate and infrequent high concentrations. 
To mitigate s kewness and approximate normality, a square-root transformation has
been applied, consistently with prior studies [9, 18] and supported by B ox–Cox
analysis [1]. Monthly boxplots of transformed O3 . concentrations have revealed 
a distinct seasonal cycle, peaking in summer due to meteorological factors like
sunlight and temperature [33]. 

2.2 Cov ariates

A comprehensive set of spatiotemporal covariates from satellite as well as static 
covariates has been employed in the analysis:

1. CAMS Air Quality Data: daily mean concentrations of O3 ., NO2 ., PM2.5 ., and 
PM10 . from the Copernicus Atmosphere Monitoring Service (CAMS) European
reanalysis data at a 0.1◦ . resolution (approximately 10 km) [3]. The square-root-
transformed CAMS O3 . concentration has shown a strong linear relationship with 
the in situ data (Pearson correlation coefficient of 0.9139). Note that the empirical 
variogram of the differences between CAMS and station values has indicated no
spatial structure in the discrepancies.

2. ERA5-Land Climate Variables: daily means of meteorological variables, includ-
ing air temperature at 2m, surface net solar radiation, relati ve humidity, and
boundary layer height, from the ERA5-Land dataset [23]. 

3. Spatial Environmental/Anthropogenic Variables: elevation, population density 
(proxy for anthropogenic emissions), road density (indicator of traffic-related 
emissions), and land cover/use (influencing biogenic emissions and chemistry).

3 Generalized Additive Model Framework

Let Y (u, t). be the stochastic process associated with the square root of the mean
daily O3 . concentration at location u ∈ R2 . and day t ∈ Z. and z(c0(u), t). be the
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corresponding CAMS O3 . concentration at the day t and the satellite grid cell c0(u). 

that contains the location u.. The spatiotemporal process Y (u, t). has been modeled 
as

.Y (u, t) = µ(u, t) + α(u, t)z(c0(u), t) + u, t), (1) 

where: 

– µ(u,  t  ). is a spatially and temporally varying intercept that accounts for system-
atic differences between satellite-derived and in situ O3 . observations, 

– α(u,  t  ). represents a dynamic slope, enabling the relationship between satellite
and in situ O3 . measurements to vary in s pace and time,

– u,  t  ). corresponds to an unstructured random error component, assumed to 
be independent and identically distributed ( i.i.d.) following a Student’s t-
distribution with ν > 2. degrees of freedom.

To enhance interpretability, µ(u, t).and α(u, t).have been related to p environmental 
covariates (xj .) using an additive structure, forming the full model (M3 .): 

.µ(u, t) = β0 +
p

j=1

fj (xj (cj (u), t)) + s(d(t)) + τw(t) (2) 

.α(u, t) = α0 +
p

j=1

f̃j (xj (cj (u), t)) + s̃(d(t)) + τ̃w(t). (3) 

In this Generalized Additive Model (GAM) structure:

– fj . and f̃j . are smooth functions, implemented using thin plate regression splines,
as in [32], capturing potentially nonlinear effects o f covariates,

– s(d(t)).and s̃(d(t)).are penalized cyclic cubic regression splines, as in [32], based 
on the day of the year d(t)., capturing seasonal v ariation,

– τw(t) . and τ̃w(t) . are Gaussian i.i.d. random effects for the day of the week w(t)., 
accounting for potential weekly patterns like t he “weekend ozone effect.”

Parameter estimation is achieved efficiently using the restricted maximum likeli-
hood approach via the mgcv package in R [32]. 

4 Model Evaluation and Results

Model M 3 ., with both intercept and slope modeled as additive nonlinear functions 
with seasonal and weekly components, has been compared with simpler nested
models. In particular, the following alternative models have been considered:

– M 0 ., with constant intercept µ(u, t) = β0 . and slope α(u, t) = α0 .
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– M 1 ., with linear varying intercept µ(u, t) = β0 + p
j=1 βj xj (u, t). and constant 

slope α(u, t) = α0 . 

– M 2 ., with seasonal and weekly components µ(u, t) = β0 + p
j=1 fj xj (u, t) +

s(d(t)) + τw(t) . and constant slope α(u, t) = α0 . 

The inclusion of additive nonlinear structures and dynamic slope coefficients in
M3 . has led to a consistent and statistically significant improve ment in all goodness
of fit metrics (R2

adj ., %Dev, AIC, and BIC) compared to M0 ., M1 ., and M2 ., as  
confirmed by partial F -statistics (p < 0.001. for all comparisons). 

The full model M3 . has achieved an adjusted coefficient of determination (R2
adj .) 

of 0.867 and explained 72.5% of the null deviance. Residual diagnostics have 
supported the assumption of the Student’s t-distribution (ν̂ = 3.6.) and showed no 
clear structure against fitted values, supporting homoscedasticity.

4.1 Model Interpretability of Dynamic Coefficients

The dynamic coefficient framework, proposed in Eq. (1), has successfully quantified 
how specific environmental variables influence the additive bias (µ(u, t).) and the 
multiplicative bias (α(u, t).). 

– Elevation has shown a substantial positive effect on µ(u, t)., associated with a 
nonlinear upward shift (up to 6 µg/m3

. on the original scale) in satellite estimates 
relative to in situ observations at higher elevations. In contrast, the influence of
elevation on multiplicative bias α(u, t). was neg ligible.

– Nitrogen Dioxide (NO2 .) has shown a positive effect on µ(u, t). (upward bias) 
but a negative effect on α(u, t). (slight scaling contraction). This i mplies that high
NO2 . conditions are linked to an upward bias in satellite estimates alongside a 
reduction in the strength of their association with ground measurements.

– Seasonal Variation (Day of Year) has affected both µ(u, t). and α(u, t)., indicating 
that seasonal factors influence both the baseline offset and the scaling relationship
between the two measurement sources.

4.2 Predictive P erformance

Predictive performance has been assessed using three cross-validation (CV) 
schemes: General k-fold, Spatial CV (testing unobserved l ocations using k-medoid
clustering), and Temporal CV (forecasting using only past data).

In particular, in the general CV each observation has been randomly assigned 
to one of k mutually e xclusive groups, yielding a partition of the dataset into
subsets P1, . . . ,Pk .. For each fold j = 1, . . . , k ., the model has been fitted using 
all observations except those contained in Pj ., after which predictions are generated
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for the excluded subset. This general k-fold cross-validation procedure provides 
an integrated evaluation of t he model’s predictive capability and its generalization
performance across data partitions.

In the spatial CV approach, the 402 air quality monitoring stations have been
grouped into k spatial clusters, C1, . . . , Ck ., using the  k-medoids algorithm [17]. 
These clusters define spatially coherent partitions of the dataset into subsets
P1, . . . ,Pk ., where each subset Pj . contains all observations from the s tations
belonging to cluster Cj . across the full 4016-day study period. For each fold j =
1, . . . , k ., the observations in Pj .are omitted, the model has been trained on data from
the remaining k − 1. subsets, and O3 . concentrations are subsequently predicted for 
the held-out subset. This spatial cross-validation framework is designed to evaluate
the model’s capability to predict O3 . concentrations at unobserved locations and to 
assess its spatial generalization performance.

Finally, in the temporal CV the full study period comprising 4016 days has
been divided into k + 1. consecutive time intervals of equal length, denoted as
I0, I1, . . . , Ik .. The dataset has been accordingly partitioned into temporal subsets
P0, . . . ,Pk ., where each subset Pj . includes all observations from every monitoring 
station corresponding to days within interval Ij .. For each fold j = 1, . . . , k ., 
the model is trained using data from the immediately preceding subset Pj−1 ., and 
predictions of O3 . concentrations have been generated for the subsequent subset Pj .. 
This temporal cross-validation approach emulates realistic forecasting conditions 
by restricting model training to past data, thereby preventing temporal information 
leakage and enabling a rigorous assessment of the model’s predictive accuracy over
time.

Model predictive performance for each cross-validation strategy has been quan-
tified using the following accuracy metrics [31]: the Root Mean Square Prediction 
Error (RMSPE), the Mean Absolute Prediction Error (MAPE), and the cross-
validated coefficient of determination (CVR2 .), defined as follows:

. 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



 ,

where Y 2(u, t). represents the observed O3 . concentration at site u. and day t , and
Y 2(u, t). denotes the predicted one. The notation #(Pj ). corresponds to the number 
of data points included in subset Pj .. Note that since RMSPE squares the prediction
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Table 1 Cross-validation performance metrics (in bold t he best predictive performance)

Spatial CV Temporal CV General C V
Model RMSPE MAPE CVR2 . RMSPE MAPE CVR2 . RMSPE MAPE CVR2 . 

M 0 . 12.024 6.572 0.738 11.862 6.225 0.814 11.880 6.133 0.818 
M 1 . 11.438 6.268 0.763 11.124 5.922 0.837 11.046 5.792 0.842 
M 2 . 11.446 6.391 0.762 10.871 5.813 0.844 10.683 5.615 0.853 
M 3 . 11.382 6.306 0.763 10.744 5.714 0.857 10.505 5.472 0.867 

errors, it emphasizes larger discrepancies, whereas MAPE expresses the mean 
absolute d eviation and is generally easier to interpret.

To assess how the varying intercept term (2) and the dynamic slope term (3) 
contribute to predictive performance, the full model M3 . has been evaluated against 
three simplified alternatives (M0 .–M 2 .) in predicting O3 . concentrations, Y 2(u, t).. 
A summary of the results has been provided in Table 1, which reports RMSPE, 
MAPE, and CVR2 . values under the spatial, temporal, and general cross-validation 
frameworks. Under both temporal and general CV, the full model M3 . exhibit 
superior predictive performance, achieving the lowest RMSPE and MAPE, and the
highest CVR2

.. Predicting O3 . concentrations at unobserved spatial locations (Spatial 
CV) has been confirmed to be more challenging, yielding higher errors compared
to temporal CV. Moreover, M3 . achieved the lowest RMSPE (11.382) in Spatial 
CV, demonstrating superior overall accuracy by reducing the magnitude of larger
prediction errors when generalizing to novel locations.

5 Conclusions 

This research successfully established a flexible and interpretable modeling frame-
work for surface-level O3 . prediction by employing a Generalized Additive Model 
with spatiotemporally varying intercept and dynamic slope coefficients. The novelty 
lies in combining the established GAM methodology with dynamic coefficient 
modeling, enabling a clear and unified mechanism to understand and adjust for both
additive and multiplicative biases in satellite-based O3 . measurements relative to 
in situ observations. The results from goodness-of-fit metrics and cross-validation 
strongly demonstrated that incorporating these dynamic components substantially 
improved model fit and predictive accuracy compared to models assuming constant 
coefficients. Moreover, by revealing how environmental factors drive the relation-
ship between in situ and satellite observations, the model contributes to obtaining
harmonized data, supporting environmental monitoring and evidence-based policy
development.
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