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Abstract
Our study addresses the analysis of environmental concerns through point process 
theory. Among those, Sicily faced an escalating issue of uncontrolled fires in recent 
years, necessitating a thorough investigation into their spatio-temporal dynamics. 
Each fire is treated as a unique point in both space and time, allowing us to assess 
the influence of environmental and anthropogenic factors. A non-separable spatio-
temporal Poisson model is applied to investigate the influence of land use types on 
fire distribution, controlling for other environmental covariates. The results highlight 
the significant effect of human activities, altitude, and slope on spatio-temporal fire 
occurrences, also confirming their dependence on various environmental variables, 
including the maximum daily temperature, wind speed, surface pressure, and total 
precipitation. As a model with constant parameters in space and time may be too 
restrictive, a local version of the proposed model is also fitted. This allows us to 
obtain better performance and more valuable insight into the estimated effects of 
the different environmental covariates on the occurrence of fires, which we find to 
vary both in time and space. This research work’s relevance lies in the analysis of an 
important environmental problem through complex point process models, yet eas-
ily interpretable, given their resemblance to regression-type models. We also pro-
vide reference to newly available open-source software for estimating such models. 
Finally, we contribute to the framework of spatio-temporal point process modelling 
by integrating data with different spatio-temporal resolutions from very diverse 
sources.
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1  Introduction

In recent years, Sicily has experienced an alarming increase in uncontrolled fires, 
establishing it as the Italian region with the highest frequency of events and, conse-
quently, the largest burned area. The occurrence of these fires is primarily associated 
with ignition sources, forest fuels, and environmental conditions (Ganteaume et al. 
2013; Hantson et al. 2015; Ricotta and Di Vito 2014). Ignition sources are typically 
categorized into natural causes, such as lightning and geological factors, and human 
causes, both accidental and intentional (Aldersley et al. 2011; Rodrigues and De la 
Riva 2014). Human-driven factors, particularly arson, often ignited for purposes like 
creating new pasture resources or burning stubble, stand out as the primary con-
tributors to fires in Sicily, especially in areas where vegetation interfaces with urban 
structures (Ferrara et al. 2019).

Fires pose a significant threat to ecosystems, human settlements, and economic 
activities, demanding a comprehensive understanding of their spatio-temporal 
dynamics for effective mitigation and management. The island of Sicily, nestled in 
the heart of the Mediterranean Sea, has a rich history and diverse landscapes, mak-
ing it vulnerable to the escalating impacts of climate change, including an increased 
frequency and intensity of fires. Recently, Sicily faced a pronounced fire season, 
underscoring the urgent need for advanced analytical methodologies to discover the 
underlying patterns and drivers of these destructive events.

Traditional approaches to fire analysis often rely on descriptive statistics and basic 
spatial visualization, providing limited insights into the effect of environmental, 
climatic, and anthropogenic factors that contribute to fire occurrences. This paper 
advocates for the application of point process methodology to explore jointly the 
spatial and temporal dynamics. In particular, we analyse the Sicilian fires occurred 
in 2023, which represent the most recent completely-available yearly dataset.

Point process methodology, rooted in statistical theory, enables the modelling of 
events occurring in space and time, making it an ideal tool for in-depth analysis of 
fire patterns. By treating each fire occurrence as a point in a spatial and temporal 
domain, we aim to discern potential predictors that may contribute to the ignition of 
fires across the Sicilian landscape.

Point process models have been successfully used in the literature to fit real fire 
data. For instance, Genton et al. (2006) employed spatial point process methods to 
analyse the clustering behaviour (using the spatial K and L functions) of fires that 
occurred in proximity of St Johns River (Florida) over 21 years (1981–2001). Other 
authors (Podur et  al. 2003) focus on lighting fires (and detected clustering behav-
iour), whereas they focus on every type of fire ignition. The analyses are run yearly 
in a purely spatial context. They do not estimate any parametric model and clearly 
detect clustering behaviour for all four fire causes (arson, lightning, accident, and 
railroad).

In the spatio-temporal framework, Tonini et  al. (2017) performed tempo-
ral clustering analysis for forest fires in Portugal and found a complex structure 
associated with different behaviour according to the size of the fire. Specifically, 
they state that “medium fires tend to aggregate around small fires, while large 
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fires aggregate at a larger distance and longer times, indicating that the return 
time following these events is longer than for small and medium fires”. Defin-
ing a normalized empirical intensity ratio index, Gabriel et  al. (2017) showed 
that inhibitive patterns between neighboring events can span several years. Some 
international studies considered first-order and second-order characteristics for 
identifying drivers and spatial distribution of fires (Raeisi et al. 2021).

Moreover, traditional analyses often fall short of capturing the relationships 
between environmental, climatic, and anthropogenic factors that contribute to 
fires. By exploiting spatio-temporal models, we aim to assess which variables 
influence the probability of fire occurrence. The external spatio-temporal vari-
ables considered in this work include land usage, Normalised Difference Vegeta-
tion Index (NDVI), elevation, slope, temperature, precipitation, and wind speed.

As noted by Butsic et  al. (2015), fires and land usage are intrinsically con-
nected, but research investigating this dynamic is limited. Specifically, the influ-
ence of land use on fire ignition is a well-documented phenomenon. Previous 
papers have shown that land use, particularly the presence of roads, can signifi-
cantly impact the ignition of fires (Ricotta et al. 2018), with the influence of roads 
being much stronger in less dense land cover areas. Consequently, as human 
activities expand on natural landscapes, understanding the impact of land use is 
critical for effective wildfire management.

The proposed non-separable spatio-temporal Poisson point process model 
(D’Angelo and Adelfio 2024b) aims to provide a comprehensive yet accessible 
model for analysing fire occurrences, which can be applied across various types 
of fires. We focus our analysis on the fires that occurred in Sicily in 2023, as a 
specific case study. To this aim, the data and code that were used to build the 
spatio-temporal data object and estimate the (global and local) statistical models 
can be browsed at the following link: https://​github.​com/​agila5/​ppm-​fire-​occur​
rences. We first fit a global non-separable spatio-temporal Poisson model in order 
to investigate the influence of land use types on fire occurrence, controlling for 
other environmental covariates. Indeed, Schoenberg (2004), Díaz-Avalos et  al. 
(2013), and Fuentes-Santos et  al. (2018) show that the intensity of forest fire 
occurrences varies in space and time in a nonseparable way. Our results high-
light the significant effect of human activities, altitude, and slope on spatial fire 
occurrence, confirming also their dependence on various environmental vari-
ables, including the maximum daily temperature, wind speed, surface pressure, 
and total precipitation.

However, a model with constant parameters in time and space may not repre-
sent detailed local variations in the data adequately, since the pattern may present 
temporal and spatial variation of the influence of covariates in the scale or spacing 
between points and the abundance of points (D’Angelo et al. 2022).

Recently, the inclusion and test of spatially (or spatio-temporally) varying covari-
ates in intensity function has been of particular interest in Díaz-Avalos et al. (2014), 
Borrajo et al. (2017, 2020a, 2020b) and Myllymäki et al. (2021). Indeed, a differ-
ent way of analysing a point pattern can be based on local techniques identifying 
specific and undiscovered local structures, for instance, sub-regions characterised by 
different interactions among points, intensity, and the influence of covariates.

https://github.com/agila5/ppm-fire-occurrences
https://github.com/agila5/ppm-fire-occurrences
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Therefore, we proceed by fitting a localised version of the proposed spatio-tem-
poral non-separable Poisson model. This allows us to obtain a better fitting to the 
data and to get further insight into the effects of the environmental covariates, which 
we find to vary both in time and space. We also carry out a comparison between the 
two models, showing the better fitting of the local model.

Throughout the paper, we shall distinguish between “global” models, in which 
the parameters are assumed to be constant in time and space, as in regular regres-
sion models, and “local” models, in which the parameters are allowed to vary with 
locations.

We believe this work’s strength lies in the analysis of a relevant environmental 
problem through complex point process models, but easy to interpret. Indeed, we 
highlight throughout the paper their resemblance to regression-type models.

We further contribute to the framework of spatio-temporal point process model-
ling by integrating data with very different spatio-temporal resolutions from diverse 
sources. These include the Fire Information for Resource Management System 
(FIRMS) platform for the fires data, the CORINE Land Cover (CLC) dataset for the 
land usage, the Digital Elevation Model (DEM) data for the elevation and slope var-
iables, the NDVI data derived from Sentinel-3 platform, and the Copernicus ERA5 
for all the other environmental variables considered in our study.

All the analyses are carried out through the R statistical software (R Core Team 
2024), making particular use of the package stopp (D’Angelo and Adelfio 2024b, 
c) for the model fitting, and sf (Pebesma 2018), stars (Pebesma and Bivand 
2023), and spatstat (Baddeley and Turner 2005) for spatial and spatio-temporal 
data handing. The availability of open-source software for carrying out similar anal-
yses to other environmental problems further highlights the relevance of the work.

The structure of the paper is as follows. Section 2 presents the data. Section 3 
provides an overview of spatio-temporal point processes and the models employed 
in the paper, while Sect. 4 illustrates the actual model fitting through the global and 
local intensity estimation. Section 5 is devoted to the discussion and conclusions.

2 � Data

This section focuses on the description of the data used in this paper, namely the 
fire data, which will represent the spatio-temporal point pattern under analysis, and 
some spatial and/or temporal variables which will serve as covariates, assumed to 
influence the overall occurrence of points, as is typical in point process analysis.

2.1 � Fires point pattern

To conduct our analysis, we retrieve the data from the Fire Information for Resource 
Management System (FIRMS) platform, accessible for download at the following 
URL: https://​firms.​modaps.​eosdis.​nasa.​gov/​downl​oad/. This source provides near 
real-time active fire locations to natural resource managers derived from snapshots 
taken by a variety of satellites, such as VIIRS (Schroeder et al. 2014).

https://firms.modaps.eosdis.nasa.gov/download/
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The variables considered in our study are:

•	 Longitude and Latitude: Center of 375m × 375m fire pixel, but not 
necessarily the actual location of the fire, as one or more fires can be detected 
within the pixel. Considering that fire pixels are extremely small compared to 
the size of the complete observation window (i.e. the Sicily island) and fol-
lowing a standard approach in the fire literature (see, for example, the pre-
processing steps described in Koh et  al. (2023) and references therein), we 
approximate the fire occurrences as point-level observations.

•	 Acq_Date: Date of acquisition.

In particular, we transformed Longitude and Latitude coordinates into a 
projected reference system (EPSG code 3003, https://​epsg.​io/​3003) and used the 
resulting values as spatial coordinates of our point pattern, whereas Acq_Date 
is used for building fires time occurrence, taking the number of days from the 
1st of January. The final point pattern of Sicilian fires in 2023 analysed through-
out this paper contains 10,656 events.

Focusing exclusively on the spatial distribution of the events, Fig. 1 displays 
the yearly fire counts in Italy during 2023 at the regional level. Notably, this 
graphical representation emphasizes a pronounced concentration of fires in the 
Sicilian territory, with the second-highest incidence observed in the southern 
region of Puglia (Apulia).

Following this, Fig. 2 compares the fire counts that occurred in Italy and Sic-
ily in 2023. It is evident that the summer months, particularly from July to Octo-
ber, stand out as critical periods with the highest number of fires. Specifically, 
July emerges as the most challenging month, recording 6942 fires in Italy, of 
which 3614 occurred exclusively in Sicily. Finally, Fig. 3 shows the spatial dis-
tribution of Sicilian fires in 2023. The inset map (which is reported in the top-
left) displays the whole observation window that includes the mainland of the 
region and three smaller islands (namely Pantelleria, Lampedusa, and Linosa), 
located far South and reported in the bottom-left of the plot. 

Figure 4 displays the spatio-temporal distribution of fires that were recorded 
in Sicily during 2023 divided by the month of occurrence. We can clearly notice 
the existence of space-time interactions (e.g. when comparing July and Octo-
ber), meaning that the intensity of the process in time is dependent on the space 
location, and vice versa. A formal test of separability is carried out as in Ghor-
bani et al. (2021), through the kernstadapt R package (González and Mor-
aga 2022). With a p-value of 0.001, it indicates that the point pattern under anal-
ysis is not spatio-temporal separable. This motivates us to consider a possible 
non-separable specification of the spatio-temporal model we will fit to the data.

https://epsg.io/3003
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2.2 � Land use

The land use data come from the CORINE Land Cover (CLC) dataset,1 which is a 
comprehensive land-cover and land-use database created by the European Environ-
ment Agency (EEA) to facilitate environmental monitoring and assessment across 
Europe. It is usually employed to provide insights into the changing landscapes of 
Europe, aiding in several projects such as environmental management and spatial 
planning, in addition to fire analysis as exemplified in this paper. Combining satel-
lite imagery (obtained from Sentinel-2 and Landsat-8 projects) and ground-based 
information, the CLC classifies land cover into a hierarchical raster system of over 

Fig. 1   Choropleth map displaying the counts of the fires that occurred in each of the 20 Italian regions 
during 2023

1  URL: https://​land.​coper​nicus.​eu/​en/​cart-​downl​oads; data downloaded during 2023-11.

https://land.copernicus.eu/en/cart-downloads
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40 classes, including urban areas, forests, water bodies, and agricultural lands. The 
detailed classification according to CLC comes in Table  1, whereas the product 
documentation and the nomenclature guidelines can be browsed on the project’s 
website.2

The data regarding the land use in Sicily are depicted in Fig. 5 where each raster 
tile is coloured according to level 1 of the CLC Legend (in Table 1, after merging 
the 4th and 5th categories, i.e. wetlands and water bodies, “waterbodies” from now 
on). In particular, we represent the macro land usage classification, whose categories 
are:

•	 Artificial surfaces;
•	 Agricultural areas;
•	 Forest and semi-natural areas;
•	 Waterbodies.

As we can see, the majority of the Sicilian territory is constituted by agricul-
tural areas, mainly in the eastern and southern parts of the region, followed by for-
ests and semi-natural areas, typically located in proximity to some mountain chains 
in the North and North-East. Artificial surfaces, commonly found nearby the most 

Fig. 2   Barplot comparing the number of fires that occurred in the whole country (yellow bars) and the 
Sicily region only (red bars)

2  URL: https://​land.​coper​nicus.​eu/​conte​nt/​corine-​land-​cover-​nomen​clatu​re-​guide​lines/​html/. Last access: 
Feb. 2024.

https://land.copernicus.eu/content/corine-land-cover-nomenclature-guidelines/html/
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Fig. 3   Spatial distribution of the 10,656 fires recorded in the Sicily region during 2023. The inset map 
reported in the top-left displays the whole observation window which includes the mainland and three 
smaller islands (namely Pantelleria, Lampedusa, and Linosa) located far South and reported in the bot-
tom-left as inset maps

Fig. 4   Spatial distribution of fires recorded in the Sicily region during 2023 by month. To simplify the 
graphical representation, we focused only on the fires that occurred in the mainland
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important metropolitan areas, and water bodies represent the smallest portion. These 
findings are summarised in Table 2, which also contains a set of summary statistics 
regarding the spatial distribution of fires per land use type. More than 90% of fires 
have occurred in areas classified as forest or agricultural territories. Nevertheless, if 
we consider the intensity of the events (i.e. number of points divided by the area of 
the corresponding land type in square metres), we can actually notice that artificial 
surfaces can be regarded as the riskiest land type in terms of fires.

Fig. 5   Land usage in Sicily as reported in the CORINE Land Cover dataset. The inset map included in 
the top-left zooms around the area of Palermo (which is the capital of the region), whereas the three inset 
maps displayed in the bottom-left showcase the land usage for three islands located far South from the 
mainland (see Fig. 3)

Table 2   Summary statistics of fire occurrences per land use type

The four columns contain: (1) percentage of area; (2) raw number of fires; (3) percentage of fires; (4) 
intensity of events (number of points divided by the area of the corresponding land type in square metres)

Area perc. # of points Perc. of points Intensity (×10−7)

Artificial surfaces 0.050 858 0.081 6.591
Agricultural areas 0.683 6529 0.613 3.700
Forest and semi-natural areas 0.259 3224 0.303 4.813
Water bodies 0.007 45 0.004 2.476
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2.3 � Elevation and slope

We downloaded the Digital Elevation Model (DEM) data for the Sicily region from 
the webpage3 of the National Institute of Geophysics and Vulcanology (Tarquini 
et al. 2023), obtaining a raster object with 10 m resolution that represents the alti-
tude in the area of interest. Then, we used Horn’s formula (1981) through the GDAL 
DEM utility command-line tool (GDAL/OGR contributors 2023) to estimate the 
slope angle in Sicily and therefore build an additional variable to use in our analysis.

More precisely, let f (lon, lat) denote a 2D surface representing the altitude 
(henceforth denoted as “Alt”) in a spatial region as a function of longitude (“lon”) 
and latitude (“lat”). Furthermore, let ∇f =

(
�Alt

�lon
,
�Alt

�lat

)�

 be its gradient vector. 
According to standard mathematical theory, ∇f  represents the direction of the steep-
est ascent of the 2D surface and the corresponding magnitude is given by

The slope, say � , of a 2D surface at a given point represents the angle (in radians 
from the horizontal axis) of the rise in the direction of the gradient and it is equal to

However, real-world surfaces (like the altitude in the Sicily region) can be rarely 
represented by analytic functions such as the one described above. Therefore, given 
a DEM, we approximate the two partial derivatives in Eq.  (1) using grid compu-
tations (see Fig.  6) and finite-order methods. For example, Horn’s formula (Horn 
1981) estimates the rate of altitude variation along the East–West (Longitude) and 
North–South (Latitude) directions as

|∇f | =
√(

�Alt

�lon

)2

+
(
�Alt

�lat

)2

.

(1)� = arctan(|∇f |) = arctan

(√(
�Alt

�lon

)2

+
(
�Alt

�lat

)2
)
.

Fig. 6   3 × 3 grid map sum-
marising the notation adopted 
in Eq. 2 to approximate the 
altitude variations along the two 
axis directions with respect to 
the central cell of the scheme 
(which is coloured in grey)

3  URL: https://​tinit​aly.​pi.​ingv.​it/​Downl​oad_​Area1_1.​html. Last access: Nov. 2023.

https://tinitaly.pi.ingv.it/Download_Area1_1.html
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where Alt1,… , Alt8 denote the altitude values in a 3 × 3 grid surrounding a cell 
under analysis following the scheme detailed in Fig. 6, whereas Δlon and Δlat rep-
resent, respectively, the spacing between DEM cells in the horizontal and vertical 
directions. We refer to Weih and Mattson (2004) and the GDAL DEM webpage4 for 
alternative approximation methods and more details regarding the computations.

The resulting altitude and slope spatial variables are displayed in Fig. 7. As we 
can see, the first map clearly highlights the Etna volcano (located in the eastern 
part of the region), the mountain chains in the North and northeast areas (Monti 
Nebrodi), and the Catania valley surrounding the homonymous city. The slope sur-
face is generally flat or almost flat, apart from some regions in the northeast (near 
Messina).

2.4 � Normalised Difference Vegetation Index (NDVI)

The Normalised Difference Vegetation Index (NDVI) is a dimensionless indicator 
of the greenness of the biomes. It provides effective means for assessing vegetation 
health and density over large areas and its application spans a variety of research 
areas such as environmental monitoring, agricultural management or, as in our 
paper, fires analysis and prevention (Ba et al. 2022). NDVI values are calculated by 
comparing the visible and the near-infrared (NIR) sunlight reflected from the land 
surface. In formula:

(2)

�Alt

�lon
≈

(Alt1 + 2Alt2 + Alt3) − (Alt7 + 2Alt6 + Alt5)

8Δlon
,

�Alt

�lat
≈

(Alt1 + 2Alt8 + Alt7) − (Alt3 + 2Alt4 + Alt5)

8Δlat
,

(3)NDVI =
meanNIR −meanRED

meanNIR +meanRED

Fig. 7   Spatial variables representing the altitude (left) and slope (right) in Sicily

4  URL: https://​gdal.​org/​progr​ams/​gdald​em.​html.

https://gdal.org/programs/gdaldem.html
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where meanNIR and meanRED are, respectively, the averages of the 4 NIR and RED 
bands recorded by satellites orbiting the Earth, such as Sentinel-3A and -3B OLCI.

Global NDVI data for the year 2023 were sourced from a publicly available 
repository5 managed by the Copernicus Land Monitoring Service (CLMS) project. 
Our dataset comprises 36 rasters, with three observations per month, each capturing 
approximately 10 days of NDVI estimates at a spatial resolution of 300 ms. Post-
download, each raster was cropped to retain only the pixels corresponding to the 
Sicily region. It is worth noting that the CLMS service rescales the NDVI values [as 
defined in Eq. (3)] from − 0.08 to 0.92.

Figure 8 displayes the monthly NDVI values for the Sicily region during 2023. 
Each figure was derived taking the pixel-wise average of the rasters recorded 
during a given month. As we can see, the colors range from brown (lower NDVI, 
indicating arid land and dry biomes) to green (higher NDVI, indicating lush, 
healthy biomes). The vegetation density increases and peaks during early spring 
(March and April), and then declines during the hot and dry summer months 

Fig. 8   Monthly estimates of NDVI values for the Sicily region during 2023. To simplify the graphical 
representation, we displayed only the pixels pertaining to the mainland

5  URL: https://​globa​lland.​vito.​be/​downl​oad/​manif​est/​ndvi_​300m_​v2_​10dai​ly_​netcdf/​manif​est_​clms_​
global_​ndvi_​300m_​v2_​10dai​ly_​netcdf_​latest.​txt. Accessed in September 2024.

https://globalland.vito.be/download/manifest/ndvi_300m_v2_10daily_netcdf/manifest_clms_global_ndvi_300m_v2_10daily_netcdf_latest.txt
https://globalland.vito.be/download/manifest/ndvi_300m_v2_10daily_netcdf/manifest_clms_global_ndvi_300m_v2_10daily_netcdf_latest.txt
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(from July to September). Some recovery is visible in the autumn (October and 
November).

There is a clear parallelism between NDVI values and the spatio-temporal 
distribution of fires reported in Fig.  4. Furthermore, due to their nature and 
definition, there exists also a relationship between NDVI and land use that we 
explored by computing the time series of average NDVI values for each 10-day 
interval and for each land use category. The results are displayed in Fig. 9 which 
reveals distinct seasonal patterns, with forests generally maintaining higher 
NDVI values throughout the year compared to agricultural areas and artificial 
surfaces. The lowest NDVI values for agricultural areas coincide with the sum-
mer months, reflecting the impact of seasonal crop cycles and potential drought 
stress, while forested areas exhibit a less pronounced decline during the same 
period.

Fig. 9   Time series of 10-days average NDVI values in Sicily during 2023 for each land use type

Fig. 10   Spatio-temporal variables representing the daily means of the surface pressure and skin tempera-
ture in Sicily in 2023



	 Environmental and Ecological Statistics

2.5 � Environmental variables from Copernicus ERA5

Finally, Copernicus ERA5 data contains additional environmental spatio-tem-
poral variables that were downloaded from https://​cds.​clima​te.​coper​nicus.​eu/​
cdsapp#​!/​datas​et/​reana​lysis-​era5-​land?​tab=​overv​iew. All of them are obtained in 
a 38 × 34 spatial grid with 10 km × 10 km raster cells and hourly resolution for 
each day of the year.

Figure 10 contains an example of the spatio-temporal resolution of such varia-
bles, averaged temporally to aid visualization, highlighting the more evident spa-
tial variability of the surface pressure if compared to its own temporal variabil-
ity. On the contrary, the skin temperature varies more temporally than spatially. 
The complete description of all the available environmental variables comes as 
follows.

The 10u and 10v variables are the eastward and northward components, respec-
tively, of the 10 m wind. They represent the horizontal speed of air moving towards 
East and North, at a height of ten metres above the surface of the Earth, in metres 
per second. In particular, the U wind component is parallel to the x-axis (i.e. lon-
gitude) while the V wind component is parallel to the y-axis (i.e. latitude). This 
implies that a positive U wind comes from the West, and a positive V wind comes 
from the South.

The surface pressure sp is the pressure (force per unit area) of the atmosphere on 
the surface of the land, sea, and in-land water. It is a measure of the weight of all the 
air in a column vertically above the area of the Earth’s surface represented at a fixed 
point. The units of this variable are Pascals (Pa).

The total precipitation tp is the accumulated liquid and frozen water, comprising 
rain and snow, that falls to the Earth’s surface, not including fog, dew, or the precipi-
tation that evaporates in the atmosphere before it lands at the surface of the Earth. 
This variable is the total amount of water accumulated over a particular time period, 
which depends on the data extracted. The units of this variable are depth in metres 
of water equivalent.

The dew point temperature d2m is the temperature to which the air, at 2 ms above 
the surface of the Earth, would have to be cooled for saturation to occur. The air 
temperature at 2  m above the surface of land, sea, or in-land waters is indicated 
by t2m. The skin temperature skt is the temperature of the surface of the Earth, 
that is, the theoretical temperature that is required to satisfy the surface energy bal-
ance. It represents the temperature of the uppermost surface layer, which has no heat 
capacity and so can respond instantaneously to changes in surface fluxes. All the 
soil temperatures stl1, stl2, stl3, and stl4 are the temperature of the soil in 
the middle of that given layer. The Advancing Global NWP defines four soil layers 
through the International Collaboration (ECMWF) Integrated Forecasting System 
(IFS), as follows: Layer 1 (0–7 cm), Layer 2 (7–28 cm), Layer 3 (28–100 cm), and 
Layer 4 (100–289 cm). Soil temperature is set at the middle of each layer, and heat 
transfer is calculated at the interfaces between them. It is assumed that there is no 
heat transfer out of the bottom of the lowest layer. In this paper, all the variables rep-
resenting temperatures have units of kelvin (K) but have been converted to degrees 
Celsius (C) by subtracting 273.15. They are calculated by interpolating between 

https://cds.climate.copernicus.eu/cdsapp#%21/dataset/reanalysis-era5-land?tab=overview
https://cds.climate.copernicus.eu/cdsapp#%21/dataset/reanalysis-era5-land?tab=overview
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the lowest model level and the Earth’s surface, taking account of the atmospheric 
conditions.

3 � Spatio‑temporal point processes

This section presents the statistical modelling methodology employed in the paper. 
We consider a spatio-temporal point process with no multiple points as a random 
countable subset X of ℝ2 ×ℝ , where a point (u, t) ∈ X corresponds to an event 
at location u ∈ ℝ

2 occurring at time t ∈ ℝ . A typical realisation of a spatio-tem-
poral point process X on ℝ2 ×ℝ is a finite set {(ui, ti)}ni=1 of distinct points within 
a bounded spatio-temporal region W × T ⊂ ℝ

2 ×ℝ , where n ≥ 0 is not fixed in 
advance. Denoting by � the Lebesgue measure, the bounded region will have area 
�(W) > 0 and length �(T) > 0 . In this context, N(A × B) denotes the number of 
points of a set (A × B) ∩ X , where A ⊆ W and B ⊆ T  . When N(W × T) < ∞ with 
probability 1, which holds e.g. if X is defined on a bounded set, we call X a finite 
spatio-temporal point process (Daley and Vere-Jones 2007).

For a given event (u, t), the events that are close to (u, t) in both space and time, 
for each spatial distance r and time lag h, are given by the corresponding spatio-
temporal cylindrical neighbourhood of the event (u,  t), which can be expressed by 
the Cartesian product as

where || ⋅ || denotes the Euclidean distance in ℝ2 and | ⋅ | is the absolute value. Note 
that b((u, t), r, h) is a cylinder with centre (u, t), radius r, and height 2h.

Product densities �(k), k ∈ ℕ and k ≥ 1 , arguably the main tools in the statisti-
cal analysis of point processes, may be defined through the Campbell Theorem (see 
Daley and Vere-Jones 2007), that constitutes an essential result in spatio-temporal 
point process theory. It states that, given a spatio-temporal point process X, and 
denoting by �i the spatio-temporal location (ui, ti) of the ith point of the pattern, for 
any non-negative function f on (ℝ2 ×ℝ)k the following holds

where ≠ indicates that the sum is over distinct values. In particular, for k = 1 these 
functions are called the intensity function � . Broadly speaking, the intensity function 
describes the rate at which the events occur in the given spatio-temporal region, rep-
resenting the point process analogues of the mean function of a real-valued process. 
Then, the first-order intensity function is formally defined as

where du × dt defines a small region around the point (u, t), and therefore �(du × dt) 
is its volume.

b((u, t), r, h) = {(v, s) ∶ ||u − v|| ≤ r, |t − s| ≤ h}, (u, t), (v, s) ∈ W × T ,

𝔼

[ ≠∑
�1,…,�k∈X

f (�1,… , �k)

]
= �

ℝ2×ℝ

⋯�
ℝ2×ℝ

f (�1,… , �k)�
(k)(�1,… , �k)

k∏

i=1

d�i,

�(u, t) = lim
�(du×dt)→0

�[N(du × dt)]

�(du × dt)
,
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3.1 � Spatio‑temporal Poisson point processes

The description of the observed point pattern intensity is a crucial issue when deal-
ing with spatio-temporal point pattern data, and specifying a statistical model is a 
very effective way compared to analyzing data by calculating summary statistics. 
Formulating and adapting a statistical model to the data allows taking into account 
effects that otherwise could introduce distortion in the analysis (Baddeley et  al. 
2015).

When dealing with intensity estimation for spatio-temporal point processes, it is 
quite common to assume that the intensity function �(u, t) is separable in space and 
time (Diggle 2013; Gabriel and Diggle 2009). Under this assumption, the spatio-
temporal intensity function is given by the product �(u, t) = �(u)�(t) where �(u) and 
�(t) are non-negative functions on W and T, respectively. When separability of the 
spatial and temporal component is not plausible for the data, a non-separable specifi-
cation of the intensity function is more advisable.

Under non-separability, we may assume that the template model is a Poisson pro-
cess, with a parametric intensity or rate function

where � are some unknown parameters.
The log-likelihood is

up to an additive constant, where the sum is over all points (ui, ti) in the point pattern 
x (Daley and Vere-Jones 2007).

Throughout the paper, we shall consider intensity models of log-linear form

where Z(u, t) = {Z1(u, t),… , Zp(u, t)} are known spatio-temporal covariate 
functions.

The non-separable specification has the advantage of giving the possibility to 
include purely spatial and purely temporal covariates, denoted by ZS(u) and ZT (t) , in 
addition the spatio-temporal ones, with the following general formulation

3.2 � Spatio‑temporal Poisson point process model estimation

For model estimation, the challenge is typically to compute the integral in the log-
likelihood (4). To solve this problem, we employ the finite cubature approximation 
to the log-likelihood of D’Angelo et al. (2023) and D’Angelo and Adelfio (2024a), 

�(u, t;�), u ∈ W, t ∈ T , � ∈ Θ,

(4)log L(�) =
∑

i

log �(ui, ti;�) − ∫W ∫T

�(u, t;�)dtdu

𝜆(u, t;�) = exp(�⊤
Z(u, t)), u ∈ W, t ∈ T

𝜆(u, t) = exp(𝜃0 + �
⊤

S
ZS(u) + �

⊤

T
ZT (t) + �

⊤
Z(u, t)).
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called cubature scheme. Such methodology is implemented in the stopp R pack-
age (D’Angelo and Adelfio 2024b, c).

The cubature scheme procedure begins by renaming the data points as 
x1,… , xn with (ui, ti) = xi for i = 1,… , n , then generate m additional “dummy 
points” (un+1, tn+1)… , (um+n, tm+n) to form a set of n + m cubature points (where 
m > n ). Then we determine cubature weights a1,… , am so that integrals in (4) can 
be approximated by a Riemann sum

where ak are the cubature weights such that 
∑n+m

k=1
ak = �(W × T).

The log-likelihood (4) of the template model can be approximated by

where ek is the indicator that equals 1 if (uk, tk) is a data point.
Writing yk = ek∕ak , (5) becomes

Apart from the constant 
∑

k ak , this expression is formally equivalent to the weighted 
log-likelihood of a Poisson regression model with responses yk and and weights ak . 
This can be maximised using standard Generalized Linear Models (GLM) software.

To fit such models, the spatio-temporal cubature scheme is obtained by defin-
ing a spatio-temporal partition of W × T  into cubes Ck of equal volume � , assign-
ing the weight ak = �∕nk to each cubature point (dummy or data), where nk is the 
number of points that lie in the same cube as the point uk . The number of dummy 
points should be sufficient for an accurate estimate of the likelihood, and numeri-
cal experiments are currently under development to give guidelines on this aspect 
(D’Angelo and Adelfio 2024a).

Given the above, it is easy to understand that to fit spatio-temporal Poisson 
point process models with first-order intensity depending on external covariates, 
their values must be known in every data and dummy point location.

This can require additional effort in the very common case in which the loca-
tions of the covariates do not correspond to the locations of points. This may hap-
pen when the sampling of the covariates is somehow burdensome.

For instance, spatial smoothing of the numeric values observed at the covari-
ate locations can be employed through the inverse-distance weighting (Shepard 
1968). Alternatives include other spatio-temporal smoothings using a Gaussian 
kernel weighting, which would lead to the Nadaraya-Watson smoother (Nadaraya 

∫W ∫T

�(u, t;�)dtdu ≈

n+m∑

k=1

ak�(uk, tk;�)

(5)

logL(�) ≈
∑

k

log �(uk, tk;�) +
∑

k

(1 − �(uk, tk;�))ak

=

n+m∑

k=1

(
ek log �(uk, tk;�) + (1 − �(uk, tk;�))ak

)

(6)logL(�) ≈
∑

k

ak(yk log �(uk, tk;�) − �(uk, tk;�)) +
∑

k

ak.
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1964, 1989; Watson 1964), in addition to the most used kriging (Matheron 1963) 
and nearest neighbors interpolation.

For our application, the spatial resolution of the available covariates is so detailed 
that it was sufficient just to take the closest value to the observed point.

3.3 � Local spatio‑temporal Poisson point processes

In local likelihood estimation of Poisson processes (Loader 1999), the estimated inten-
sity at (u, t) is taken to be the plug-in value

associated with the fitted parameter vector at (u, t).
Inference in local models is performed through the fitting of a GLM using a local-

ised version of the cubature scheme, firstly introduced in the spatio-temporal frame-
work by D’Angelo et al. (2023).

The local log-likelihood associated with the spatio-temporal location (v, s) is given 
by

where w�s
 and w�t

 are weight functions, and 𝜎s, 𝜎t > 0 are the smoothing bandwidths. 
It is not necessary to assume that w�s

 and w�t
 are probability densities. For simplic-

ity, we shall consider only kernels of fixed bandwidth, even though spatially adap-
tive kernels could also be used. Note that if the template model is the homogeneous 
Poisson process with intensity � , then the local likelihood estimate 𝜆̂(v, s) reduces to 
the kernel estimator of the point process intensity (Diggle 2013) with kernel propor-
tional to w�s

w�t
.

We now use in (7) a similar approximation as in (6) for the local log-likelihood asso-
ciated with each desired location (v, s) ∈ W × T

Basically, for each desired location (v,  s), we replace the vector of quadrature 
weights ak by ak(v, s) = wk(v, s)ak and use the GLM software to fit the Poisson 
regression.

In this paper, wk(v, s) = wk(x, y, t) = w�x
(x − xk)w�y

(y − yk)w�t
(t − tk) are three 

Gaussian kernels, whose bandwidths {�x, �y, �t} are selected following Silverman Sil-
verman (2018)’s rule.

𝜆̂(u, t) = 𝜆(u, t;�̂(u, t))

(7)

logL((v, s);�) =
∑

i

w�s
(ui − v)w�t

(ti − s) log �(ui, ti;�)

− ∫W ∫T

�(u, t;�)w�s
(ui − v)w�t

(ti − s)dtdu

log L((v, s);�) ≈
∑

k

wk(v, s)ak(yk log �(uk, tk;�) − �(uk, tk;�)) +
∑

k

wk(v, s)ak.
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4 � Analysis of the fires data and results

This section is devoted to the presentation of the spatio-temporal analysis and the mod-
elling results. First, we fit a non-separable spatio-temporal Poisson model, allowing us 
to assess the significance of the potential spatio-temporal covariates and interpret their 
effects on the spatio-temporal intensity of fires. Moreover, we continue by fitting a local 
version of the first proposed model to obtain a better fitting to the data and get further 
insights into the effects of the environmental covariates, which we find to vary both in 
time and space. Finally, we also report a comparison between the two models, proving 
the better fitting of the local model.

4.1 � Global model

In this section, we present the results obtained fitting the non-separable spatio-tempo-
ral intensity function presented in Sect.  3 to the data introduced in Sect.  2. Starting 
from the model containing all the spatio-temporal covariates previously introduced and 
ontinuing with a backward procedure based on the comparison of the AIC values, the 
chosen model has a linear predictor that includes a parametric expression for some of 
the spatio-temporal covariates, as follows:

(8)

𝜆̂(u, t) = exp(𝜃̂0 + 𝜃̂1 ⋅ �������(u) + 𝜃̂2 ⋅ ����(u, t) + 𝜃̂3 ⋅ ���������(u)

+ 𝜃̂4 ⋅ ���
�(u) + 𝜃̂5 ⋅ �����
����
�	�����(u, t)

+ 𝜃̂6 ⋅ ������	
�
���
�(u, t) + 𝜃̂7 ⋅ ������
���
�������(u, t)).

Fig. 11   Some temporal covariates obtained from the ERA5 environmental variables: daily maxima of the 
wind components, temperatures, precipitation and surface pressure
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Note that Skin Temperature has been selected among other temperature-related vari-
ables, and Surface Pressure and Wind Speed from the East have been excluded due 
to lack of statistical significance.

In order to fit this model, the temporal resolution of the ERA5 environmen-
tal covariates, originally recorded on an hourly level, should match that of the 
fire data. For this reason, the hourly data have been summarised taking the daily 
maxima. The resulting covariate values are shown in Fig. 11 in their purely tem-
poral dimension. As evident, the seven temperatures appear highly correlated 
among themselves and strongly depend on the period of the year. In general, the 
deeper the surface layers of detection, the smoother the temperature variability. 
Figure 12 further illustrates such high correlations, especially among temperature 
variables.

Fig. 12   Correlations among the temporal covariates obtained from the ERA5 environmental variables. 
Main diagonal: the univariate distributions of the variables. Lower panels: the scatterplots of each pair 
of variables with a smoothing function overlapped in red. Upper panels: the correlations among the vari-
ables
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Table  3 reports the estimated coefficients of the fitted spatio-temporal Poisson 
model (8). In addition to the intercept, the first three rows correspond to the catego-
ries of the land use variable, with Artificial surfaces serving as the baseline. Also 
note that the elevation has been converted from meters to kilometres, to obtain esti-
mated coefficients on the same magnitude as the other ones.

Considering the different land usages, only Forest and semi-natural areas dis-
play a significant and negative effect, implying a considerable decrease in the fire 
occurrence intensity moving from Artificial Surfaces to woodland areas. On the 
other hand, Agricultural areas and Waterbodies are not significantly different from 
the baseline. The coefficient obtained for the NDVI variable is negative and strongly 
significant, indicating that areas with higher NDVI values, which correspond to 
denser and healthier vegetation, are associated with a lower intensity of fire occur-
rences, probably because of their higher resistance to fires. These results are coher-
ent with the descriptive analyses included in Table 2 and Sect. 2.4.

Both elevation and slope exhibit a significant effect, with their increase being 
associated with higher intensity. Wind speed demonstrates a notable positive influ-
ence, implying that higher wind speed from the South correlates with increased 
fire counts, highlighting the role of the Scirocco wind in fire dynamics. Scirocco 
is a Mediterranean wind that comes from the Sahara and brings heat and dust from 
African coastal regions. As expected, temperature also shows a significant positive 
relationship with fire counts. Precipitation reasonably reveals a substantial negative 
effect, indicating fewer fires with higher daily precipitation, highlighting its miti-
gating effect. This model has allowed us to obtain interesting results on the expla-
nation of the fire occurrences in Sicily in 2023 thanks to the interpretation of the 
covariates’ effects. However, these effects may not be constant throughout the year 
and in different regions of Sicily. Indeed, fire occurrence is a complex phenomenon 
that might not be totally captured by a model with constant parameters in space and 
time. This leads us to consider a localized version of the proposed model, which we 
report in the following section.

Table 3   Estimated coefficients of the fitted spatial Poisson point process model

The reference category for the land use dummy variable (included in the second, third, and fourth rows) 
is Artificial Surfaces

Estimate Std. Error z value p value

Intercept − 43.274 0.865 − 50.039 < 0.001
Agricultural areas − 0.022 0.048 − 0.463 0.643
Forest and semi-natural areas − 0.205 0.059 − 3.485 < 0.001
Wetlands and water bodies 0.210 0.182 1.151 0.250
NDVI − 4.790 0.106 − 45.000 < 0.001
Elevation 0.250 0.032 7.610 < 0.001
Slope 0.021 0.001 14.372 < 0.001
Wind speed from South 0.034 0.006 5.262 < 0.001
Skin temperature 0.128 45.005 79.375 < 0.001
Total precipitation − 54.544 7.470 7.302 < 0.001
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4.2 � Local model

In this section, we report the result obtained when fitting the localized version of the 
model (8). This is expressed as:

(9)

𝜆̂(u, t) = exp(𝜃̂0(u, t) + 𝜃̂1(u, t) ⋅ �������(u)+𝜃̂2(u, t) ⋅ ����(u, t)

+ 𝜃̂3(u, t) ⋅ ���������(u) + 𝜃̂4(u, t) ⋅ ���
�(u)

+ 𝜃̂5(u, t) ⋅ �����
����
�	�����(u, t)

+ 𝜃̂6(u, t) ⋅ ������	
�
���
�(u, t)

+ 𝜃̂7(u, t) ⋅ ������
���
�������(u, t)).

Fig. 13   Local estimates of the local Poisson model described in Eq.  (9). The first three plots show the 
local estimates related to the land use variable (excluding the Waterbodies level), whereas the other plots 
focus on the remaining covariates
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The local Poisson model fitting procedure provides a set of parameters for each point 
in the analysed pattern. Therefore, Fig. 13 shows such local estimates, displayed in 
space and time, rotated to focus on the East coast, to aid visual inspection. The scale 
colour is constructed in such a way that white values indicate coefficients estimated 
equal to zero, red colour devoted to positive values of the estimates, and blue colour 
to negative ones.

The first three plots show the local estimates for three dummy variables related to 
land usage. We decided to exclude the fourth category level from the graph, namely 
Waterbodies, since that’s the least frequent land use type and we wanted to preserve 
the 3 × 3 plot structure to simplify the visualisation. Of course, for each of them, 
we only report the points occurring exactly on that specific type of land use. The 
remaining plots display the local estimates for each point of the analysed pattern.

From this visual inspection, we gain interesting information on the effects of the 
environmental covariates employed to explain the spatio-temporal occurrence of 
fires. The most important result is surely the great variability of the estimates both 
in space and time, signifying that most of the covariates’ effects actually do change 
with location and the period of the year. This highlights the advantage of using a 
local model as it allows us to detect these spatio-temporal dynamics in a way that a 
global model cannot.

Being in an forestal area has a negative effect on fire occurrence, consistent with 
the findings from the global model, but this effect is mostly observed in specific spa-
tial regions and temporal periods of the year. This pattern suggests that while artifi-
cial land use contributes to higher fire occurrences in general, the risk shifts towards 
forestal areas moving West of Sicily. This is possibly due to seasonal changes in 
vegetation and land management practices. The NDVI plot shows that dry and arid 
vegetation is consistently more susceptible to fire ignition across the region through-
out the year, highlighting the influence of vegetation condition on fire risk.

The effects of elevation and slope show more complex behaviours, with differ-
ences also in space. Indeed, Fig. 13 demonstrates that positive coefficients of both 
elevation and slope (as in the global model) only occur in the northwest part of Sic-
ily and only in the second part of the year. Conversely, the southern region is char-
acterized by a negative effect of the elevation and a positive effect of the slope. A 

Fig. 14   Intensity fitted according to model (8), and its local version (9), displayed in space through Ker-
nel smoothing



	 Environmental and Ecological Statistics

positive effect of elevation and a negative effect of the slope is instead found along 
the East coast. This result is not surprising given that literature has proven elevation 
and slope to greatly change depending on the characteristics of the analysed region 
(Ganteaume et al. 2013; Gabriel et al. 2017; Opitz et al. 2020).

Another major point of the local model’s result is that we have been able to obtain 
local estimates varying both in space and time, even though the land usage, eleva-
tion, and slope covariates are purely spatial.

Finally, also the wind speed from the South, the temperature, and the precipita-
tion show great variability, but always within a reasonable magnitude of the param-
eters. For instance, the temperature effects vary among only positive values, and the 
precipitation effects are mostly negative. The only exception is given in the extreme 
northeast region at the very end of the year, which shows both a negative effect 
of the wind speed from the South and a positive effect of the precipitation. This 
result could be further investigated in the future, but we note that it only refers to an 
extremely short period, not particularly affected by the occurrence of fires.

4.3 � Diagnostics

Figure 14 shows the intensity predicted according to the fitted model in Eq. (8), and 
its local version (9), marginalised with respect to the temporal component.

We may notice a different displacement of the higher intensity values, always 
corresponding to the places with higher concentrations of fires, for both models. The 
major difference is that the global model displays an overall lower intensity if com-
pared to that of the local model, which in contrast estimates the highest intensity in 
the urban areas of North and West Sicily, namely around the cities of Palermo and 
Cefalù, and the Etna region.

We further proceed by carrying out a residual analysis to understand which of the 
two models best fits the data.

Residual analysis typically involves examining the residuals between the 
observed variable and that predicted by the model. For spatio-temporal point pro-
cesses, this helps in identifying model inadequacies or areas where the model could 
be improved.

As stated in some previous papers (Adelfio et al. 2020; Adelfio and Schoenberg 
2009), the main problem when dealing with residual analysis for point processes 
is to find a correct definition of residuals since the one used in dependence models 
cannot be used for point processes. Two of the most used methods for diagnostics of 
spatial point processes are the inhomogeneous K-function and the (smoothed) raw 
residuals employed in the following.

Raw residuals for spatio-temporal point processes are calculated as the differ-
ence between the observed number of events and the expected number of events in a 
given region of space-time.

For an inhomogeneous Poisson process model, with fitted intensity 𝜆̂(u, t) , the 
predicted number of points falling in any region W × T  is ∫

W
∫
T
𝜆̂(u, t)dtdu . Hence, 

the residual in each region W × T ⊂ ℝ
2 ×ℝ is the ‘observed minus predicted’ num-

ber of points falling in W × T  , that is
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where x is the observed point pattern, n(x ∩ (W × T)) the number of points of x in 
the region W × T  , and 𝜆̂(u, t) is the intensity of the fitted model to diagnose.

In purely spatial statistics, a common practice is to smooth such residual, 
therefore named ‘smoothed residual fields’, by replacing the number of points 
with a non-parametric, kernel estimate of the fitted intensity, which serves as a 
proxy of the ‘true intensity’, and by replacing the predicted number of points by 
a smoothed version of the (typically parametric) estimate of the intensity of the 
fitted model. Of course, the residual field should be approximately zero when the 
fitted model is close to the real one. Therefore, the best model is the one with the 
lowest values of the smoothed raw residuals.

In this paper, we propose to compute raw residuals as

where 𝜆̃(⋅, ⋅) is a non-parametric kernel estimate of the fitted intensity 𝜆̂(⋅, ⋅) , com-
puting them only at observed locations. Notice that we do not employ the most 
classical ‘smoothed residual fields’ for multiple reasons. First, since the residuals 
of this particular application do not vary much, smoothing them would result in a 
further reduction of their variability, with a consequent impossibility of interpreting 
them. Secondly, it would be difficult to represent and therefore to grasp differences 
in space and time. Furthermore, we want to investigate the individual behaviour of 
points in terms of goodness-of-fit and therefore, using the non-smoothed residuals 
represents the best choice.

Figure  15 shows the relationship between the fitted Kernel intensity and the 
global (left panel) and local (right panel) estimated intensity, on the log10 scale. The 

R(W × T) = n(x ∩ (W × T)) − ∫W ∫T

𝜆̂(u, t)dtdu,

(10)r(ui, ti) = 𝜆̃(ui, ti) − 𝜆̂(ui, ti),

Fig. 15   Relationship between the fitted kernel intensity and the global (left panel) and local (right panel) 
estimated intensity, on the log10 scale. The red dashed line represents the 1:1 relationship, i.e. the line of 
perfect agreement between 𝜆̂(⋅, ⋅) and the non-parametric kernel estimate of the intensity
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Fig. 16   Density distribution of the residuals obtained from the global and local model applying the for-
mula described in Eq. (10)

Fig. 17   Residuals of the local model displayed in space and time
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red dashed line represents the 1:1 relationship, i.e. the line of perfect agreement 
between 𝜆̂(⋅, ⋅) and the non-parametric kernel estimate of the intensity.

These graphs help to understand the overall goodness-of-fit of the models. Fur-
thermore, we may note that the correlation between the Kernel intensity and the one 
fitted by the global model is 0.241, while it increases when computing the correla-
tion between the Kernel intensity and the intensity of the local model, that is, 0.351.

Figure 16 displays the density of the residual distributions for both the global and 
the local model, showing little differences between the two. In particular, the resid-
ual of the local model tends to be slightly more concentrated around zero. Moreover, 
the Mean Square Error, computed as MSE =

1

n

∑n

i=1
(𝜆̃(ui, ti) − 𝜆̂(ui, ti))

2, is lower 
for the local model.

These results demonstrate a good ability for both models to capture the spatio-
temporal variability of fire counts, with additional advantages considering the local 
model.

Furthermore, looking at the residuals of the local model in Fig.  17, we do not 
observe regions with particular overestimation of the intensity function, except for 
the Etna region.

Still, some spots present underestimated intensity values, mostly in some cities 
along the West coast. These also correspond to some spatial clusters of fires, mean-
ing that there is possibly room for improvement in the model specification, with par-
ticular reference to point process models for clustered point patterns.

5 � Discussion and conclusions

The proposed analysis of the spatial and temporal distribution of fire occurrences in 
Sicily during 2023 has provided insights into the factors influencing these events, 
with a particular emphasis on the role of land usage and environmental variables.

To do this, we have integrated data with different spatio-temporal resolutions 
from very diverse sources, which represents one of the contributions of this work.

Most importantly, we have addressed the analysis of an environmental issue using 
complex yet easily interpretable point process models. Throughout the paper, we 
have emphasised that these models are interpretable, resembling regression-type 
models thanks to the estimation of linear effects of covariates. Unlike many tradi-
tional spatio-temporal point process models, our approach specifically accounts for 
the influence of external environmental spatial and spatio-temporal covariates on the 
point pattern under analysis in a non-separable manner. Additionally, we enhanced 
the possibility of conducting similar analyses on other environmental challenges, 
linking the proposed models to the new availability of open-source software. These 
constitute one of the first attempts in the literature to deal with the analysis of space-
time fire occurrences via inhomogeneous point processes, representing a useful tool 
to better understand and predict the fire spread phenomenon in other regions.

As already mentioned, the proposed methodology integrates the effects of 
external covariates into the modelling approach, providing deeper insights into 
fire dynamics and potentially contributing to fire prevention and risk reduction. 
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These insights might be particularly relevant for predictive modelling, which can 
support proactive measures to mitigate fire risks.

Based on the results, land use has a significant effect on fire prevalence, sug-
gesting a potential link to human activities. However, further research would be 
needed to explore the possible specific economic and social factors, such as con-
nectivity to agricultural areas, that may influence the incidence of fires. The iden-
tification of artificial surfaces as a key contributor to the increased probability of 
fire occurrence, in some specific periods, highlights the urgent need for targeted 
intervention and policy measures. These results have broader implications for 
regional planning, resource allocation, and the development of proactive meas-
ures to manage fire risks effectively. The proposed research could suggest some 
directions for further insights, identifying the possible nature of fire occurrences. 
This leads us to argue for sustainable land-use practices and the implementation 
of policies aimed at minimizing the risk of fires in areas characterized by artifi-
cial surfaces.

Our analysis accounts for further environmental covariates that significantly 
influenced the occurrence of fires in Sicily during 2023. Our findings reveal a signif-
icant role of these environmental factors over the spatio-temporal event occurrences. 
Particularly, wind speed from the South and temperature emerge as crucial vari-
ables, emphasizing the importance of climatic conditions in amplifying fire risks. 
Conversely, our study identifies total precipitation as an environmental covariate 
that negatively influences fire occurrences as a mitigating factor. Additionally, our 
research highlights the significance of terrain characteristics in explaining the spa-
tio-temporal distribution of fire points. In particular, both elevation and slope exhibit 
a positive effect on the occurrence of fires, indicating that areas with higher eleva-
tions and steeper slopes are more susceptible. As most of these results may seem 
intuitive, we believe that confirming their significance within the specific context of 
Sicily contributes to a deeper understanding of regional fire behavior. These help to 
localising known patterns and validating the consistency of such variables in differ-
ent geographic settings, which is important for creating effective region-specific fire 
mitigation strategies.

In addition, the fitted local models allowed us to get further insights into the 
effect of these significant variables on the intensity of fire occurrences. In particu-
lar, we have found that all of them actually have different effects across Sicily and 
throughout 2023. This means that the effect of the variables estimated by the global 
model still holds true but in specific regions of Sicily and periods of the analysed 
year. Specifically, being in an agricultural area, rather than an urban area, has a neg-
ative effect on fire occurrences only up to spring. Elevation and slope effects show 
more complex behaviors, with positive estimates observed in the northwest of Sicily 
and in the latter half of the year, while the South exhibits a negative effect of eleva-
tion and a positive effect of slope. In the eastern coast, there is a positive effect of 
elevation and a negative effect of slope. Wind speed from the South, temperature, 
and precipitation also vary in space and time, with temperature consistently having 
a positive effect throughout the year, and precipitation mostly negative, except in the 
extreme northeast at the end of the year.
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From a methodological point of view, the richness of the fires data, including the 
covariates, pushed us to develop and implement both the global and local spatio-
temporal Poisson point process models. While these models are theoretically well-
established, their practical implementation in open-source environments (such as 
the R software) has been limited. By addressing this gap and providing compan-
ion code, we offer a methodological contribution that extends the applicability of 
these models to broader contexts. This development has potential utility for experts 
in various scientific domains, offering a versatile tool for analysing spatio-temporal 
phenomena beyond fire occurrences in a local and non-separable way.

Our research comes with certain limitations. To begin with, it seems somewhat 
reductive not to take the size of the fires into account. This is of course due to the 
unavailability of such information in our dataset. Indeed, fires that burn larger areas 
typically have a totally different processing and history than small and local fires. 
Nevertheless, our non-separable approach also comes in the multitype version (see 
D’Angelo and Adelfio 2024b). For instance, a categorization in classes indicating 
the size of the fire could use as a categorical mark, and therefore the random effects 
of the environmental covariates associated with the size of the fire could be esti-
mated. This could identify different effects of the covariates for fires of different 
size.

Secondly, it is important to note that the specific causes of the fires are not 
directly addressed in our study. The available data do not provide detailed infor-
mation on fire ignition sources, and as such, we cannot conclusively determine the 
underlying causes.

However, considering the land use characteristics of Sicily, it is plausible that 
agricultural practices may play a role in influencing fire occurrence, especially 
given the dominance of agricultural land in the region. Similar to other Mediter-
ranean areas, where fires are often linked to land management practices, the higher 
frequency of fires during the summer months may also be related to seasonal agri-
cultural activities.

That said, these are speculative observations based on general patterns seen in 
Mediterranean regions, and we caution against drawing definitive conclusions with-
out further specific investigation into fire causes. Future studies with more detailed 
data on fire ignition sources would be needed to fully explore this aspect.

Another limitation of this study is the reliance on a single year of data for the 
analysis. Therefore, the findings presented here may reflect specific conditions of 
that year and might not fully generalize to other time periods.

However, the main focus of this study is to demonstrate the applicability and 
effectiveness of the non-separable spatio-temporal Poisson model in analysing fire 
data. Future research could expand on this work by incorporating data from multiple 
years to better assess temporal variability. Such an extension would likely enhance 
the robustness of the model and provide a more comprehensive understanding of the 
long-term dynamics of fires in Sicily. Nonetheless, we believe that the current analy-
sis serves as a valuable foundation for applying advanced statistical models to fire 
data and contributes to the broader field of spatio-temporal modelling.

Further information could be added to fire locations, such as the burned areas or 
the cause of ignition, and can be treated as marks. Indeed, many national institutes 
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have a much more detailed database with fires, including their sizes, causes, dura-
tion, spread and local conditions. Having access to such more detailed information 
would allow to make more precise analyses, including comparisons of fire character-
istics, the influence of local conditions, and potentially even the effectiveness of dif-
ferent fire management strategies. For instance, Schoenberg (2004) found evidence 
of a lack of separability between fire occurrences and sizes due to small-scale clus-
tering. Hence, the marks may not be separable from the points. However, this aspect 
is not explored in our paper due to the lack of relevant marks and because it would 
require the development of ad-hoc marked point pattern methodologies, which are 
outside the scope of our paper. Moreover, the literature on the so-called marked 
point process methodologies is rather specific to particular physical phenomena, like 
the seismic ones with the ETAS models (Ogata 1988), and quite limited for cases in 
the presence of multiple marks. This is the reason we chose not to include marks in 
our analysis, despite the fact that we believe it is an extremely interesting topic, both 
methodologically and practically.

Moving to other possible future research paths, a major topic that could be 
addressed is the definition and application of tailored diagnostic procedures to assess 
the need for more complex models in cases of residual clustering behaviour of points 
not taken into account by the already considered factors. Indeed, the employment of 
most known diagnostic tools based on second-order summary statistics (Adelfio and 
Schoenberg 2009; Adelfio et al. 2020), both global and local, becomes computation-
ally hard as the number of points increases.

Future work could include the exploration of more complex models based on the 
Poisson processes employed in our paper, like the log-Gaussian Cox processes and 
self-exciting point process models (Siino et al. 2018; Adelfio and Chiodi 2021).

An even more interesting research path concerns adapting the aforementioned 
models to their local version. Nevertheless, we point out that the development of 
local clustered and self-exciting point process models is still an open research area 
(D’Angelo et al. 2023; Zhuang 2015).
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