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ABSTRACT

Background. Wildfire is a major environmental threat worldwide and climate change is
expected to increase its severity. Galicia has suffered high wildfire incidence during the
last decades, most wildfires being from arson, in contrast with the low rate of natural wildfires.
Aim. This work aims to characterise the spatiotemporal dynamics of human-caused and natural
fires in Galicia. Methods. We apply first- and second-order non-parametric inference to
spatiotemporal wildfire point patterns. Key results. The distribution of natural wildfires
remained stable over years, with high incidence in summer and in the eastern area of Galicia.
Arson wildfires had aggregated patterns, with strong interaction between outbreaks and fires,
and their distribution varied both over and within years, with high incidence shifting between the
southern and western areas, and high hazard in early spring and late summer. Negligence wildfire
patterns showed short-distance aggregation, but large-distance aggregation between outbreaks
and fires; their spatial distribution also varied between and within years. Conclusions. Different
models and covariates are required to predict the hazard from each wildfire type. Natural fires
are linked to meteorological and environmental factors, whereas socioeconomic covariates are
crucial in human-caused wildfires. Implications. These results are the basis for the future
development of predictive spatiotemporal point process models for human-caused wildfires.

Keywords: inhomogeneous point processes, intensity function, non-parametric inference,
smooth bootstrap, Spain wildfire, spatiotemporal interactions, wildfire hazard.

Introduction

Wildfire is a major environmental threat around the world that causes substantial natural
damage and socioeconomic losses (Zhang et al. 2016; Costafreda-Aumedes et al. 2017;
Bowd et al. 2019; Marrs et al. 2019; Pausas and Keeley 2021). In the southern European
Union (EU) countries (Portugal, Spain, France, Italy and Greece), 48 600 forest fires burn
on average 447 800 ha (1980-2015) every year, most of this area being burned by a small
number (<15%) of large fires (San-Miguel-Ayanz et al. 2013). This high wildfire inci-
dence in Mediterranean Europe can be attributed to climate, environmental and anthro-
pogenic factors. On one hand, climate change has increased temperature and has reduced
relative humidity. On the other hand, socioeconomic factors such as the abandonment of
farms and rural areas have resulted in an unusual accumulation of forest fuels (Vilar del
Hoyo et al. 2011; Aragé et al. 2016).

Unravelling wildfire patterns is crucial to understand fire behaviour and to develop
prevention and mitigation strategies, as well as landscape restoration plans. The increas-
ing availability of georeferenced wildfire data has enhanced the development of a prolific
line of research focused on analysing the spatial distribution of wildfire and on identify-
ing biotic and abiotic risk factors. Spatiotemporal cluster analysis has been proposed as a
useful tool to address important scientific challenges such as characterising observed
short-term clustering of ignition points, detecting changes in the spatial distribution of
ignition points and understanding the causes of those changes, and measuring temporal
variations in wildfire clusters (Prestemon et al. 2013). Clustering analysis applied to
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wildfire research has been conducted through the combina-
tion of classical statistics with GIS (Geographic Information
System) tools (Rodrigues et al. 2019), and by spatiotemporal
point process analysis and modelling (Serra et al. 2013;
Wing and Long 2015; Aragd et al. 2016; Diaz-Avalos et al.
2016; Parente et al. 2016; Woo et al. 2017). In addition to
the analysis of interactions between fire events, point pro-
cess modelling also allows estimation of the effect of envir-
onmental and socioeconomic covariates on wildfire
incidence, and the creation of fire hazard maps.

In the analysis of wildfires, we should distinguish
between natural and human-caused fires, which, in addition
to different origins, have different dynamics (Gonzélez-
Olabarria et al. 2015). Natural fires, mainly caused by light-
ning, tend to be concentrated in summer months, fostered
by the high temperatures, low air humidity and, hence, low
fuel moisture content (Pineda et al. 2014; Nampak et al.
2021; He et al. 2022). On the other hand, more than 90% of
fires worldwide are directly or indirectly linked to inten-
tional and unintentional human activities (Costafreda-
Aumedes et al. 2017). The spatiotemporal dynamics of
human-caused fires have been studied for a long time
(Crosby 1954; Bruce 1963; Donoghue and Main 1985).
Recent studies found that arson fires in the Iberian
Peninsula have aggregated patterns (Costafreda-Aumedes
et al. 2016) and analysed the biophysical and socioeconomic
factors that favour the occurrence of arson and negligence
fires (Rodrigues et al. 2016; Parente et al. 2018; Silva et al.
2019; Dupuy et al. 2020), reaching complementary conclu-
sions. In particular, Rodrigues et al. (2016) identified
changes in agricultural activity as the main driver of arson
wildfires in Spain in the last decade of the 20th and the first
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decade of the 21st centuries; Dupuy et al. (2020) and
Rodrigues et al. (2018) linked human-caused wildfires
with climate change, while Silva et al. (2019) suggested
that anthropogenic factors are the main cause that explains
arson fires in the Iberian Peninsula.

Galicia (north-west Spain, Fig. 1 (left)) has suffered high
wildfire incidence over several decades, although climate-
related fire danger in this region is lower than in the
Mediterranean and southern regions of Spain (Fig. 1,
right). This is due to the fact that a large fraction, above
75%, of wildfires in Galicia are arson, 25% higher than the
national rate (MAGRAMA 2016). The particular character-
istics of wildfires in Galicia, and their severe environmental
and socioeconomic consequences, have motivated of a large
body of research with the aim of understanding fire dynam-
ics, identifying fire risk drivers and predicting the occur-
rence of future events. Any progress in these research topics
will contribute to improving the effectiveness of current fire
prevention and suppression plans. Different studies have
proposed the application of a wide variety of statistical
analysis and modelling techniques. Boubeta et al. (2015)
proposed a semiparametric time series model to predict
the burned area in Galicia 1week in advance. Boubeta
et al. (2016, 2019) used area-level mixed effects models
to predict the number of fires; the former showed good
performance of Poisson mixed regression models and boot-
strap techniques, and the latter incorporated time effects
into these models. Wildfire occurrence and burned area
have also been estimated through structured additive regres-
sion (STAR) that incorporates space- and time-varying
covariates, as well as spatial and temporal correlations
(Rios-Pena et al. 2017, 2018). Non-parametric first- and

Average meteorological forest fire danger, 1981-2010
Seasonal severity rating

. ]

XN 9 D X D 0 AR 0L P
Q‘/// / e Ny

S NV AW G Ay 7 o‘)\e\‘e}(bg
cI,O

Left: location of Galicia and annual mean intensity of wildfire in Europe. Source: Birot et al. (2009). Right: average

179


https://www.publish.csiro.au/wf

M. F. Marey-Pérez et al.

International Journal of Wildland Fire

second-order analysis of spatial point processes was used to
study the spatial distribution of wildfire activity in a forest
district in Galicia by Fuentes-Santos et al. (2013). In paral-
lel, some studies have developed new non-parametric infer-
ence techniques for spatial and spatiotemporal point
processes and have used wildfire patterns in Galicia as
case studies to illustrate their applicability. Fuentes-Santos
et al. (2016) proposed a plug-in bandwidth selector for the
kernel intensity estimator, which contributes to obtaining
more accurate estimators for the spatial distribution of wild-
fires. The non-parametric first-order intensities comparison
by Fuentes-Santos et al. (2017) can be used to test if fires
with different causes have the same spatial distribution,
whereas the log-ratio based separability test proposed by
Fuentes-Santos et al. (2018) allows us to check if the spatial
distribution of wildfires varies over time.

In the present work, we analyse a large dataset compris-
ing the ignition points and time of occurrence of the wild-
fires recorded in Galicia during 16 years (1999-2014). We
focused on comparing the patterns of natural, arson and
negligence wildfires. Given that over 70% of wildfires in
Galicia burn less than 1ha, we analyse wildfires smaller
(outbreaks) and larger (fires) than 1 ha burned separately.
The novel non-parametric first-order inference techniques
for spatial and spatiotemporal point processes introduced
above were applied to describe the distribution of arson,
negligence and natural wildfire patterns, and test for differ-
ences between years in order to identify a potential change
point in wildfire patterns and between the spatial distribu-
tions of wildfire causes. We also applied Monte Carlo tests
based on the inhomogeneous L-function (Baddeley et al
2000), the inhomogeneous L-cross (Ripley 1981) and the
spatiotemporal K-function (Fuentes-Santos et al. 2018) to
test for interactions between fires.

Study area and dataset

Study area

Galicia, located in the north-west of the Iberian Peninsula
(Fig. 1), has a surface area of 29 574 km?, which represents
5.78% of the surface of Spain, and has a population of
2.7 million (5.84% of the Spanish population), which
implies a mean population density of 94.1 inhabitants/
km? close to the mean population density of Spain
(Spanish Statistical Office (INE) 2019, https://www.ine.es/).
Forests occupy 69% of the surface in Galicia, a large pro-
portion in comparison with the Spanish average (55%,
MAGRAMA 2019). Forested land in Galicia is mainly pri-
vate (97%) and distributed among a large number of small
landowners at an average rate of 2 ha/owner (Marey-Pérez
et al. 2012). The forestry sector in Galicia generates 20 320
direct and 50 000 indirect jobs, and represents 3.5% of the
regional gross domestic product (GDP) (XERA 2018). Indeed,
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Galicia, with an average income of EUR2652 million/year, is
the major timber producer in Spain and the ninth in Europe
(Balsa-Barreiro and Hermosilla 2013).

As we can see in Fig. 1 (left), Galicia is one of the regions
with higher wildfire incidence in Europe (Comas et al. 2014;
Alvarez-Diaz et al. 2015; Da Ponte et al. 2019) despite its
relatively unfavourable fire weather conditions. In fact,
Galicia suffered more than 255000 forest fires between
1961 and 2014, with an estimated affected area of 1.83 mil-
lion ha (Rios-Pena et al. 2017).

Wildfire dataset

This work analyses the 104000 wildfires recorded in
Galicia from 1999 to 2014. Data were obtained from the
Wildfire General Statistics available at the Spanish
Government Data  Portal (https://datos.gob.es/es/
catalogo/e05068001-estadistica-general-de-incendios-fore-
stales). The dataset comprises the spatial location and time of
detection of each ignition point together with additional
information about the source of ignition, suppression and
damage caused by the wildfire. This work focuses on the
burned area and the cause of fire. Although the Wildfire
General Statistics provide wildfire records form 1983, the
period 1983-1998 was discarded in this study after conduct-
ing a data quality control of the georeferenced information
provided. Data quality control was conducted testing
whether the spatial coordinates of each ignition point
were within the reported municipality and type of land
assigned to the event. Discrepancies found in the period
1999-2014 were corrected, assigning new coordinates to
the event through the procedure detailed in Fuentes-
Santos et al. (2013), and less than 10% of ignition points
needed to be corrected.

Forest fires in Spain have been classified with five main
causes: natural, arson, accidental or negligence (referred to
as negligence hereafter), reproductions (reigniting fires) and
unknown cause (MAGRAMA 2016). This work focuses on
arson, negligence and natural wildfires. However, as in pre-
vious work (Fuentes-Santos et al. 2013), forest fires were
also divided into these groups according to burned area (S),
outbreaks (S < 1 ha), regular fires (1 < S< 25ha) and large
fires (S = 25 ha).

Non-parametric point processes analysis

Point processes are mathematical models that govern the
occurrence of a random number of events in a bounded
domain, W c R? (with R4 being Euclidian space). If each
event has any measure or mark associated with it, we have
a marked point process. A multitype point process is a
marked point process with categorical marks that define
different point processes according with the type of event.
Spatial point processes generate a random number of events
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X = {xy, ...,Xy} in a planar region W C R? with area
|W| > 0. Spatiotemporal point processes comprise the
location and time of occurrence of a random number of
events, S = {(x, t), ...,(Xn, tn)}, irregularly placed in
W X T c R?2 x R*. Throughout this paper, point processes
and patterns are denoted in bold capitals and events are
denoted in bold.

The wildfires dataset introduced in the previous section,
comprising the spatial location of the ignition points
and date and time of detection of wildfires in Galicia, can
be seen as a realisation of a spatiotemporal point process.
Each event is marked by the cause of fire and its
burned area.

Non-parametric inference techniques recently developed
for first- and second-order analysis of spatial and spatio-
temporal point processes allow us to answer important
questions regarding the distribution and behaviour of differ-
ent types of forest fires in Galicia. Kernel estimators of the
first-order intensity functions (Diggle 1985; Fuentes-Santos
et al. 2016; van Lieshout 2020) characterise the spatial
distribution of arson and natural fires, and the non-
parametric comparison of first-order intensities tests
(Fuentes-Santos et al. 2017), for instance, whether arson
and natural fires had the same spatial distribution or
whether wildfire distribution varied over years. A first-
order spatiotemporal separability test (Fuentes-Santos
et al. 2018) checks whether the spatial distribution of wild-
fire patterns varies over time. Second-order characteristics,
which analyse pairwise interactions between events, allow
us to test if wildfire patterns are clustered, regular or ran-
dom, i.e. whether a wildfire at a given location enhances
(clustered) or inhibits (regular) wildfire occurrence in its
neighbourhood. Second-order characteristics of multitype
point processes allow us to analyse the relationship between
different types of events. We can test, for instance, if arson
outbreaks and fires appear closer or further apart than
would be expected if they were independent.

First-order analysis

One of the main issues in the analysis of any observed
pattern is estimating its first-order intensity function, A(),
which determines the expected number of events per unit
domain (Diggle 2013). In this work, we estimate the first-
order intensity of the arson and natural fire patterns under
study through kernel smoothing with full bandwidth matrix
(Fuentes-Santos et al. 2016).

. N
An(x) = py ) HH[Y2 T kHV2(x - x)) (1)
i=1

i=

where k() is a bivariate Gaussian kernel, H is a positively
defined bandwidth matrix and |H| denotes the determinant
of Hpy(x) = fw |H[ Y2k (H2(x — y))dy is the edge-
correction term that reduces the bias near the boundary of

the observation domain W, and guarantees the consistency
of the kernel estimator of the density of event locations,
Ao(x) = A(x)/m where m = [ A(x)dx is the expected
number of events in W. The bandwidth parameter, which
determines the degree of smoothing of kernel estimators, is
crucial for the performance of the kernel intensity estima-
tion. Different bandwidth selectors, such as the mean near-
est distance used in the seminar paper of Koutsias et al.
(2004), have been used in the analysis of wildfire patterns.
In the present work, bandwidth selection was conducted
through the two-stage plug-in algorithm introduced by
Fuentes-Santos et al. (2016), which minimises the bootstrap
estimate of the AMISE (asymptotic mean integrated square
error) of the kernel density of event locations. As can be seen
in Fuentes-Santos et al. (2016), large bandwidths are
obtained for small point patterns of natural wildfires, and
small ones for large point patterns of arson wildfires.
Taking advantage of the consistency of the kernel density
of event locations, Fuentes-Santos et al. (2017) proposed a
formal test to compare the spatial distribution of two
observed patterns. This test relies on the fact that two spatial
point processes, X; and X,, with the same spatial distribu-
tion have the same density of event locations. Thus, we can
use an L, discrepancy measure to test the null hypothesis,
Ho: Lo1(x) = Ag2(x) = Ao (x), and define the test statistic

P = [ GoC) - Roa())'dx =, + &,
— @y + D) @)

where zﬁu and z,lA)i are estimators of Yy = fw Aoi () Agj (x)dx
for i, j=1, 2 and ¢; = fw Aoi (x)?>dx, obtained by kernel
smoothing with plug-in bandwidth (Chacén and Duong
2010). The test was calibrated through smooth bootstrap
with B = 200 realisations of the null hypothesis. We use this
procedure to compare the intensity of arson and natural
wildfires and to test if the spatial distribution of each type
of fire varied across years. This procedure is referred as the
T-test hereafter.

Up to now, we have focused on the spatial distribution of
wildfire, overlooking the temporal dimension. To fill this
gap, we estimate the spatiotemporal intensity of the wildfire
patterns under study by kernel smoothing, and apply the
log-ratio based separability test proposed by Fuentes-Santos
et al. (2018) to check whether the spatial distribution of
wildfires varies over time. The kernel intensity estimator is
given by

An O, ©) = pyp Oc, £ H[7V/2R71 (3)

% ks (Hy /2 (x = x))ke (h (¢ = t9)
i=1

i=

where k(-) and k.(-) are bivariate and univariate Gaussian
kernels, H, is the two-dimensional bandwidth matrix for the
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spatial component, and h; is the bandwidth for the temporal
component. py , (X, t) = [ [, ke (¢ = Wkep (t — v)dudv
is the spatiotemporal edge-correction factor.

A spatiotemporal point process is first-order separable if
its intensity can be expressed as the product of its spatial
and temporal marginals: A(x, t) = A;(x)A3(t) and, conse-
quently, the log-ratio between the spatiotemporal and spa-
tial intensities, p(x, t) = log(A (x, t)/A1(x)), does not
depend on the spatial locations x for any teT.
Considering this property, Fuentes-Santos et al. (2018)
proposed using a no-effect test to check the separability
assumption. To implement the test, we first estimate
p(x, t) as the log-ratio of the kernel spatiotemporal (Eqn 3)
and spatial (Eqn 1) intensity functions with diagonal band-
width matrices selected by least-squares cross-validation.
Once g (x, t) is obtained, we consider a regression problem
with a response variable, Y = {y, = p(x;, t)), i=1,...,n},
that may depend on the spatial covariate
X = {x; = (xa, x2), i=1, ..., n} comprising the event loca-
tions, and we test for the effect of X on Y. Thus, following
Bowman and Azzalini (1997), we check whether
E[Y]|X] = u or E[Y|X] = m(X) through the test statistic

_ (RSS, — RSSy)/(df, — dfy)
RSS1/df;

F 4)

where RSSy and RSS; are the residual sum of squares for
non-parametric estimators of the null and alternative mod-
els, and dfy, df; denote their respective degrees of freedom.
The test is calibrated through a permutation test, which
relies on the fact that under H, the pairing of any particular
X and Y is completely random. This procedure is referred to
as the F-test hereafter.

Second-order analysis

Once the spatial and spatiotemporal distribution of wildfire
patterns are characterised, we apply Monte Carlo tests
based on the spatial and spatiotemporal inhomogeneous
K-functions to check for interaction between ignition
points. The K-function of a homogeneous spatial point
process is defined as K(r) = AE [Ny (r)] where Nyo(r) is
the number of further events within distance r of an arbi-
trary event (Ripley 1977). Given that the homogeneity
assumption can be very restrictive and unrealistic when
dealing with real data, Baddeley et al. (2000) extended
this function to the case of inhomogeneous point processes,
Kinhom(r), and proposed an empirical estimator

A oIlxg—-xl <r
Rinom @) = = 3 TGN =0
W[ xixexaw  ADAGR)
< T < Tmax 5)

where I(*) is the indicator function, ry,.x is the maximum
distance at which the function is evaluated, wy is Ripley's
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edge-corrector, and A (x) is the kernel intensity estimator
detailed in Eqn 1. The L-function (Besag 1977), defined
as Limhom ) = Kinhom (r)/m, is a transformation of the
K-function widely used in practice. The inhomogeneous
L-function of a spatial Poisson point process is
Linhom (r) = r, where values below or above this threshold
indicate, respectively, inhibition or clustering between
events at distance r. This property suggests testing for
interaction between events through a Monte Carlo test,
which compares the L-function of the observed patterns,
X, with the upper and lower envelopes of B — 1 realisations
of the inhomogeneous spatial Poisson point process with
the same first-order intensity as X.

Spatial interactions between two types of fires, e.g. arson
and natural fires in a given year, were tested through Monte
Carlo tests based on the inhomogeneous L-cross function,
which is the natural extension of the previous procedure to
the multitype framework (Ripley 1981; Baddeley
et al. 2015).

The Monte Carlo procedures introduced above test for
spatial interaction in wildfire patterns overlooking the tem-
poral lag between events. However, testing for spatio-
temporal interaction, i.e. whether the occurrence of a
wildfire increases or reduces the probability of new events
in its neighbourhood during the next hours and days, is
crucial for a proper analysis of fire behaviour. To address
this issue, we applied a Monte Carlo test based on the
spatiotemporal inhomogeneous K-function (Gabriel and
Diggle 2009), as for a Poisson point process
KsT inhom (T, t) = mr’t, where larger and smaller values indi-
cate clustering and inhibition, respectively. To implement
the spatiotemporal K-test, we first obtained the empirical
estimator of Ksr inhom (7', t) as follows

1

W x T|

Ef I0x —xjll <7, [ti — tj| < ©)
A, DA (x;, t)

Xi,XjEWti,tjET
0<7r=<rtmx O0=<t<=< thax

KST,inhom (T‘, t) =

where I() is the indicator function, w; is Ripley's spatio-
temporal edge-corrector, r'max, tmax are the maximum spatial
and temporal distances at which the function is evaluated,
and A (x, t) is an estimator of the spatiotemporal first-order
intensity function. Gabriel and Diggle (2009) assume first-
order separability, i.e. they use a separable estimator of the
spatiotemporal intensity, Alx, £) = L), (0), and attri-
bute any non-separable effect to the second-order structure.
We used separable or non-separable kernel intensity esti-
mated in agreement with the results of the first-order sepa-
rability test introduced in the previous section. As well as for
the spatial framework, the Monte Carlo test compares the
spatiotemporal K-function of the observed pattern,
I?ST,inhom (x, t), with upper and lower envelopes determined
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by Monte Carlo realisations of a spatiotemporal Poisson
point process with the same intensity as the observed pat-
tern. The maximum values r and t for which KgT’inhom (x, t)
falls above or below the envelopes determine the spatial and
temporal interaction radius, respectively.

Software

The statistical analysis of the spatial and spatiotemporal
wildfire patterns was conducted with the R statistical soft-
ware (R Core Team 2018). The Spatstat package (Baddeley
et al. 2015) was used for kernel intensity estimation and
second-order analysis of spatial point patterns, whereas
plug-in bandwidths were obtained with the help of the ks
package (Duong 2018). The kde.test function in the ks pack-
age was adapted by Fuentes-Santos et al. (2017) to imple-
ment the Lo-test for comparison of first-order intensities.
Kernel log-relative risk functions and their tolerance con-
tours were estimated using the sparr package (Davies et al.
2018). Fuentes-Santos et al. (2018) extended some functions
in the sparr package (Davies et al. 2018) to estimate the
spatiotemporal intensity and log-ratio functions to imple-
ment the separability test with the help of the sm package
(Bowman and Azzalini 2014).

Results

Exploratory analysis

Fig. 2 shows the number of wildfires and area burned by
cause of fire and year (see Table Al in Supplementary
Appendix A for further details). The majority of wildfires
recorded were arson (>80%), while the incidence of those
caused by negligence (~3%)) and natural causes (~1%) was
very small. The year 2006 registered a decrease in the
number of wildfires in comparison with previous years but
had the largest affected area, and we observed a significant
reduction in the number of wildfires and affected area from
2007 onward. The correspondence analysis conducted as a
preliminary analysis of wildfire behaviour identified 2006
as a change point, as we found association between arson
fires and the years 1999-2006, and between negligence fires
and 2007-2014 (see details in Supplementary Appendix A).

According to the official reports, a large proportion of the
wildfires, 72.5%, burned less than 1 ha, and just 2% affected
more than 25 ha. Although we do not see large differences
between causes, arson wildfires have the lowest rate of
events with less than 1ha burned (see Supplementary
Table Al). Taking into account these particular features of
wildfire in Galicia, this work considers all events, not only

12000 @ Arson
O Natural
8 Negligence
- @ Reproduction
@ Unknown
8000
[]
o
= 6000
[*]
P
4000
o i
0 P
1999 2000 2001 2002 2003 2004 2005 2006 2007 2008
Year
80000 —
g 60000
©
o
© 40000
e
(0]
£
T I I I
1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014
Year
Fig. 2. Number of ignition points registered in Galicia from 1999 to 2014 (top); and burned area (bottom) by

cause of fire.
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those with more than 1ha burned as is usual in wildfire
research. Hereafter, 'wildfires' refers to all events, 'outbreaks'
to wildfires with S < 1 ha, and 'fires' to those with S = 1 ha.

Spatial and spatiotemporal distribution of
wildfire

We analysed the spatial and spatiotemporal distribution of
arson, negligence and natural wildfires, distinguishing
between outbreaks (S < 1ha) and fires (S = 1ha) when
the size of the observed pattern was large enough. Given
the large number of analyses conducted, detailed results for
the spatial and spatiotemporal analyses are provided as
Supplementary Appendices B and C, respectively.

The kernel intensity estimators of arson, negligence and
natural wildfires shown in Figs 3-5 show clear differences in
the spatial patterns of wildfire between the three causes.
These differences were confirmed by the non-parametric

1999 2000
2003 2004
2
1 15
0.6 1
0.5
0.2
2007 2008
0.5 0.5
0.3 0.3
0.1 0.1
2011 2012
0.8
0.6
0.6
0.4 0.4
0.2 0.2

Fig. 3.
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comparison between intensity functions (T-test, P value
< 0.005 for all years with more than 20 natural fires).

Now, we focus on testing for interannual variability in
the spatial pattern of each cause of wildfire, and on testing
for differences between outbreaks and fires for the two types
of human-caused wildfires. The non-parametric test found
that the spatial distribution of arson wildfires, outbreaks and
fires varied across years (T-test, P value < 0.005). In partic-
ular, Fig. 3 suggests a trend with wildfire hotspots spreading
from the south of Galicia, on the boundary with Portugal, to
the west coast every 4years. We also found differences
(T-test, P value < 0.005) between the spatial patterns of
outbreaks (Supplementary Fig. Bl in Supplementary
Appendix B) and fires (Supplementary Fig. B2); for instance,
in 2006, we observed a low intensity of outbreaks, but a
high incidence of fires in the SE of Galicia.

The spatial distribution of wildfires caused by negligence,
outbreaks and fires varied over years, although pairwise
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First-order intensity estimator for the spatial patterns of arson wildfires by year (different scales).
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comparison did not always report significant differences
(see Table S3). Fig. 4 shows negligence fires occurred mainly
in the Atlantic coastal area of Galicia, with high-incidence
areas moving between the northern and southern coastal
areas, and some hotspots in the inner region of Galicia.
Comparison between outbreaks and fires found significant
differences between them in 1999, 2000, 2002, 2003, 2007
and 2008. As observed for arson fires, the inner and south-
ern areas tend to have larger fire than outbreak (details are
given in Supplementary Table B2, Supplementary Figs
B3, B4).

The spatial distribution of natural wildfires was more
stable over years, with higher incidence in the east of
Galicia (Fig. 5), although the non-parametric comparison
detected differences between some pairs of years
(Supplementary Table B3). Outbreaks and fires were not
analysed separately owing to the small number of events
observed.
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First-order intensity estimator for the spatial patterns of natural wildfires by year (different scales).

Supplementary Appendix C shows the kernel estimator of
the spatial and spatiotemporal intensities, and the temporal
density of ignition points for arson, negligence and natural
fires by year. As for the spatial distribution, we observed
differences between the temporal patterns of human-caused
and natural wildfire patterns. The temporal pattern of arson
wildfires varied over years, early spring and late
summer-autumn being the seasons with the highest fire
incidence. Fires caused by negligence occurred mainly in
spring and summer, but the highest-incidence period also
varied over years. Finally, natural fires occurred mainly in
summer. The spatiotemporal separability test rejects the null
hypothesis for arson and negligence wildfires (F-test, P value
<0.005), i.e. the spatial distribution of wildfire varied over
time, as can be seen in the spatiotemporal intensity estima-
tors (see animations in Supplementary Appendix C).
Although data sparseness and the small number of natural
wildfires recorded each year do not allow the application of
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the separability test for these patterns, visual inspection of
the kernel estimators of the spatiotemporal intensity sug-
gests that their distribution also varied over time.

Spatial and spatiotemporal interaction between
wildfires

Table 1 shows the maximum interaction rates found with
the inhomogeneous L-tests for arson, negligence and natural
wildfire patterns, and for interactions in the outbreak
and fire patterns of the two types of human-caused fires.
The inhomogeneous L-test detected clustering in the arson
wildfire patterns for all years but 2007 with an interaction
radius between 1km in 2004 and 6km in 2014, and
inhibition at large distances (see Supplementary Fig. B4 in
Supplementary Appendix B). We also found interactions
between the outbreaks (Supplementary Fig. B6) and fires
(Supplementary Fig. B7); as observed for the whole wildfire
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patterns, the interaction radius varied over years. The
inhomogeneous L-cross test found evidence of positive inter-
action between arson outbreaks and fires (Table 2,
Supplementary Fig. B8). Arson wildfires also show aggrega-
tion between arson events over years (Supplementary
Fig. B17), i.e. a higher probability of arson fires in areas
that recorded arson fires in previous years. In contrast, we
did not find evidence of interactions between fires over
sequential years (Supplementary Fig. B18).

The spatiotemporal inhomogeneous K-tests (Fig. 6),
which test for interactions between events up to 15km
and 15days after the occurrence of a given event, show
that the probability of new wildfires in the neighbourhood
of an observed event decreases over time. In this sense,
except for 2009 and 2012, which had long-term aggregation
up to 15km, the interaction radius decreases with time.
In particular, in 1999, 2005 and 2006, the spatiotemporal
K-test detected long-term interaction up to 6-10km, an
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Table I. Inhomogeneous L test, maximum aggregation radius between arson negligence and natural wildfires. Interactions between outbreaks
(S< I ha) and fires (S | ha) for arson and negligence.
Arson Negligence Natural
Wildfire Outbreak Fire Wildfire Outbreak Fire Wildfire

1999 4.24 3.94 2.27 0.45 0.00 0.00 0.00
2000 242 242 3.94 0.76 4.39 0.00 0.00
2001 1.67 4.09 1.36 0.6l 0.00 0.00 1.5

2002 1.52 227 0.00 0.76 0.00 3.48 0.00
2003 3.33 3.18 0.61 0.61 0.00 0.00 0.00
2004 2.12 1.67 3.18 0.45 0.00 0.00 241
2005 242 4.24 4.70 0.76 1.97 0.00 0.00
2006 1.36 3.48 1.06 0.61 0.00 0.00 0.75
2007 0.45 1.52 0.00 1.52 0.00 0.00 0.00
2008 2.12 3.94 0.00 0.45 0.00 0.00 0.00
2009 5.00 0.00 3.64 0.30 0.00 0.00 0.00
2010 5.30 591 1.21 0.15 0.00 0.00 0.00
2011 1.52 4.70 0.76 0.00 0.00 0.00 0.00
2012 3.64 5.45 2.12 0.30 0.00 0.00 0.00
2013 273 0.91 1.67 0.76 0.00 0.00 0.00
2014 8.79 8.18 3.03 0.76 0.00 0.00 0.00

Table 2. Inhomogeneous L-cross, maximum aggregation radius
between causes of wildfire (Ar: arson, Ng: negligence Nt: natural),
and between outbreaks and fires (size) for arson and negligence
wildfires.

Cause Size

Ar-Nt Ar-Ng Nt-Ng Ar Neg
1999 1.67 15.00 0.00 15.00 0.30
2000 0.15 13.18 0.00 15.00 8.18
2001 0.00 13.94 0.76 15.00 0.00
2002 1.82 15.00 4.55 15.00 15.00
2003 5.6l 5.45 4.39 15.00 0.00
2004 0.76 15.00 0.00 15.00 3.18
2005 2.42 15.00 0.00 15.00 14.39
2006 1.67 15.00 0.00 15.00 833
2007 0.00 10.76 0.00 14.39 0.45
2008 0.00 9.24 1.06 15.00 0.00
2009 0.00 12.12 0.00 15.00 0.00
2010 0.00 15.00 0.00 15.00 5.45
2011 0.00 3.94 0.00 15.00 10.76
2012 3.64 15.00 0.30 15.00 15.00
2013 0.00 14.85 0.00 15.00 0.15
2014 4.09 11.82 0.00 15.00 0.00

interaction radius that reached 15 km within 2 days after an
ignition. In other years, such as 2010 and 2013, the K-test
found a shorter spatial and temporal aggregation radius, or
even independence between ignition points, as found for
2007, in agreement with the findings of the spatial L-test.
Similar results were found when testing for spatiotemporal
interactions between arson fires (Fig. 7).

The inhomogeneous L-test found short-distance
(r < 1km) aggregation or even independence for wildfire
events caused by negligence (see Supplementary Fig. B9).
Positive interactions between outbreaks were found in 2002
and 2005 (Supplementary Fig. B10), and we only observed
aggregation between fires caused by negligence in 2004
(Supplementary Fig. B11). The inhomogeneous L-cross test
found evidence of positive interaction between outbreaks
and fires caused by negligence for all years but 2001,2003,
2007 and 2014 (Table 2, Supplementary Fig. B12). Finally,
we did not find evidence of interactions between negligence
wildfires over sequential years (Supplementary Fig. B19).
Data sparseness and the small sample size, particularly if we
focus on negligence fires (S < 1 ha), advise against testing
for spatiotemporal interactions.

For natural wildfires, the inhomogeneous L-test suggests
aggregation at small distances in 2001, 2006 and 2009, and
independence for the remaining years. The L-index tests
suggests that the occurrence of natural fires over sequential
years tended to be independent (Supplementary Fig. B20).
As argued for the separability test, data sparseness and the
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B = 39 realisations of a spatiotemporal Poisson point process with the same intensity as the observed pattern.

small number of events per year advise against testing for
spatiotemporal interactions.

Searching for interaction between wildfire causes
(Table 2), the inhomogeneous L-cross test did not find any
spatial dependence between arson and natural wildfires at
small distances, and detected inhibition between wildfires
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located more than 2 km apart in some years (Supplementary
Fig. B14). Short-distance positive interactions were also
found between natural and negligence wildfires
(Supplementary Fig. B15), whereas the two types of
human-cause fires showed mid- to large-distance aggrega-
tion (Supplementary Fig. B16). Note that these results
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Fig. 7. Inhomogeneous spatiotemporal K-test for arson fires (S> | ha) by year. In grey, the maximum spatial (r) and temporal
(days) interaction ratios, i.e. the maximum values for which the observed inhomogeneous K-function is above the upper envelope
for B =39 realisations of a spatiotemporal Poisson point process with the same intensity as the observed pattern.

should be regarded with caution given that the number of  Discussion
arson wildfires is much larger than the number of natural
negligence wildfire events, i.e. we are dealing with highly =~ Wildfire is a major environmental and socioeconomic prob-
unbalanced designs. lem in Galicia. In this work, we applied recently developed
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non-parametric inference techniques for spatial and spatio-
temporal point processes to analyse the behaviour of forest
fires recorded in Galicia from 1999 to 2014. Prior to delving
deeper into the results of this study, it should be noted that
Fig. 2 shows a decrease in the number of wildfires from
2007 onward; indeed, we observed a 67% reduction in
wildfire incidence between the first half (9794 fires/year
in 1999-2006) and the second half (3234 fires/year in
2007-2014) of the period under study. This decreasing
trend has been attributed to the implementation of regional
firefighting systems since the mid-1990s (Moreno et al
2014; MAGRAMA 2016; Rodrigues et al. 2020). The burned
area also decreased, from 35 000 ha/year in the first half to
17 500 ha/year in the second half. However, this reduction
was lower than that of the number of fires, indicating an
increase in the severity of wildfire (Dupuy et al. 2020;
Moreno et al. 2021). Similar decreasing trends have been
observed across Europe (Venildinen et al. 2014; Krasovskii
et al. 2016; MAGRAMA 2016; Vilar et al. 2016; Urbieta et al.
2019; Fernandez-Anez et al. 2021).

In spite of the observed reduction in wildfire incidence,
the correspondence analysis highlights the continuous pres-
ence of arson fires during the whole period. Several works
have reflected concern about the high incidence of arson
fires in Galicia (Fuentes-Santos et al. 2013; Marey-Pérez
et al. 2014; Alvarez-Diaz et al. 2015; Boubeta et al. 2015;
Chas-Amil et al. 2015; Boubeta et al. 2016; Rios-Pena et al.
2018; Lépez-Rodriguez et al. 2021; Marey-Perez et al. 2021)
and in Mediterranean Europe (Canepa and Drogo 2021;
Palaiologou et al. 2021). In agreement with our observa-
tions, Vilar et al. (2016) found an increase in arson fires in
the first decade of the 21st century in comparison with the
last decade of the 20th century in Mediterranean Europe
(Portugal, Spain, France and Italy), while the incidence of
natural wildfires became negligible. Serra et al. (2013)
found that human actions, either negligence or arson, are
not only the main cause of wildfire in Catalonia (NE Spain)
but also responsible for large fires, whereas natural fires
tend to burn small areas.

Focusing on wildfire dynamics, we saw that arson, negli-
gence and natural wildfires differ not only in number but
also in their first- and second-order structure. Natural fires
were concentrated in the summer months and their spatial
distribution remained quite stable over the 16 years under
study, the eastern area of Galicia being the most affected;
this is a mountainous region with a high incidence of dry
storms and a low population density (Pineda and Rigo
2017). Finally, evidence of interaction between natural
wildfires was not found.

The spatial and temporal patterns of arson wildfires var-
ied over years, with high-intensity areas shifting between
the west coast and the southern area of Galicia, and higher
wildfire incidence in early spring and late summer. In addi-
tion, the first-order separability tests found that the spatial
distribution of arson fires also varied within years.
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In contrast with the independence found between natural
fires, arson fires showed spatiotemporal clustering. These
aggregated patterns, which indicate that the occurrence of
an arson fire increased wildfire hazard in its neighbourhood
for a few days after its detection, can be attributed to the
behaviour of arsonists, who try to start a fire repeatedly in a
given area until the meteorological conditions and lack of
firefighting resources in the area allow fire spread. This
hypothesis is supported by the strong aggregation found
between small outbreaks and fires. On the other hand, the
positive interaction between arson wildfires in subsequent
years suggests that these fires are associated with long-term
conflicts and socioeconomic conditions (Lépez-Rodriguez
et al. 2021; Marey-Perez et al. 2021). However, the lack of
interannual aggregation between arson wildfires with more
than 1 ha burned may be related to the long recovery time of
burned forest. Similar clustered patterns were found in
Portugal, with hotspots in the north-west of the country,
on the boundary with Galicia (Tonini et al. 2017). As in
Galicia, the majority of wildfires in Portugal are human-
related and just a small proportion (~1%) have natural
causes (Parente et al. 2018). Aragd et al. (2016) found
that spatial interactions between human-caused wildfires
in Castellén varied from inhibition to aggregation during
the period 2001-2006.

Wildfires caused by negligence were concentrated in the
Atlantic coastal area between 1999 and 2006, and mainly on
the south coast of the region in the second half of the period
under study. This type of forest fires has been linked with
two main causes: agricultural and forestry activities, partic-
ularly the removal of unwanted or residual biomass
(Lovreglio et al. 2010; Camia et al. 2013; Tedim et al.
2016), and an increase in the number of negligent wildfires
in areas with high population density (Martinez et al. 2009;
Vilar et al. 2010; Depicker et al. 2020; Pozo et al. 2022).
Both origins explain the patterns observed in the present
work. On one hand, the coastal area of Galicia has experi-
enced a remarkable increase in agricultural activity in
recent years, mainly in viticulture (Cachén et al. 2019)
and horticulture (Lépez-Iglesias 2019); grapevines (Vitis
vinifera) and kiwifruit (Actinidia deliciosa) generate from 2
to 5t/hayear of waste biomass (Mateus et al. 2021). This
biomass is burned by farmers, resulting in a high wildfire
hazard. On the other hand, Galicia can be described as a
rural region suffering from high population loss (Lépez-
Penabad et al. 2022). However, a detailed analysis shows
that the southwest (metropolitan area of Vigo) has regis-
tered a significant population increase (Otero-Varela and
Paiil 2022). This may imply an increase in outdoors activi-
ties, which are usually associated with a higher incidence of
accidental and negligence wildfire (Chas-Amil et al. 2015;
Calvifio-Cancela and Canizo-Novelle 2018; de Diego
et al. 2021).

The differences found between the spatiotemporal
dynamics of arson and natural fires may be associated
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with the factors that favour each type of fire, pointing out
the need to use different covariates to model each type of
fire. Natural wildfires, caused by lightning, are directly
linked to meteorological conditions, orography and vegeta-
tion type (Fuentes-Santos et al. 2013; Jiménez-Ruano et al.
2019). However, although meteorological conditions play
an important role in the spread of arson fires, these events
are increased by socioeconomic factors such as distance to
the wildland-urban interface (WUI), roads and railways
(Alvarez-Diaz et al. 2015; Chas-Amil et al. 2015; Aragé
et al. 2016; Zhang et al. 2016; Ruffault and Mouillot 2017;
Calvino-Cancela and Canizo-Novelle 2018). In fact, arson
fires in Galicia have been attributed to conflicts about own-
ership and land use as well as rural abandonment (Marey-
Pérez et al. 2014; Boubeta et al. 2015; Calvino-Cancela et al.
2016; Rios-Pena et al. 2018; Lépez-Rodriguez et al. 2021;
Marey-Perez et al. 2021). In particular, Marey-Perez et al.
(2021) recently showed an increase in the resilience to
wildfire in those rural communities that have adapted
their land management to fire. Along the same lines,
Ferrara et al. (2019) found that territorial characteristics
such as steep topography, depopulation and land abandon-
ment, rural poverty, unemployment and restricted accessi-
bility increase the incidence and severity of fires in Italy.
Ruffault and Mouillot (2017) found that in Mediterranean
Europe, where the majority of fires have anthropogenic
origins, the spatial distribution of fire is mainly determined
by human activities and settlements whereas the continuity
and type of fuels drive fire spread and, consequently, the
spatial distribution of large fires. In contrast with these
findings, Zhang et al. (2016), who analysed wildfires
detected by MODIS in south-eastern Australia, found that
wildfire patterns are influenced by land cover, vegetation
type and topography, whereas the impact of human-related
factors is lower. It should be noted that although most fires
in Australia are related to human activities, the MODIS
database does not identify the cause of fires and has a bias
towards natural wildfires, which does not allow a proper
estimation of the actual dependence of wildfire on socio-
economic factors.

Point process models based on covariates have been
applied to estimate wildfire incidence and burned area in
the Mediterranean area of Spain (Serra et al. 2013; Aragd
et al. 2016; Diaz-Avalos et al. 2016). Serra et al. (2013) used
topography, meteorological conditions and distance to
anthropic areas as covariates to model the spatial pattern
of fires, finding a higher incidence of human-caused fires
near cities and in forest areas, and a significant effect of
aspect and land use on fire size. Aragé et al. (2016) and
Diaz-Avalos et al. (2016) used land use, land cover and
distance to roads to model the hazard of arson and natural
fires and burned area in Castell6n. Prior analyses of wild-
fires in Galicia have considered environmental and socio-
economic variables. Boubeta et al. (2015), who applied
area-level Poisson models to estimate wildfire incidence at

the forest district level, detected higher fire incidence in
districts with small parcels and high scrub area in the appli-
cation of this model to the wildfires recorded in 2007. Rios-
Pena et al. (2018) used meteorological variables to estimate
wildfire incidence and burned area at the municipality level
during the severe wave of wildfires episode in August 2006
using topographic and meteorological covariates. However,
these models did not discriminate between arson and natu-
ral fires.

Conclusion

This work shows that non-parametric first- and second-order
inference techniques for point processes are valuable tools
to characterise the distribution of environmental or socio-
economic hazards. These techniques can be used to charac-
terise wildfire dynamics in other regions, and also in other
research areas, such as gun violence (Fuentes-Santos
et al. 2021).

The long-term (1999-2014) spatiotemporal analysis of
arson, negligence and natural wildfires in Galicia conducted
in this work shows that they have different patterns, indi-
cating that different models should be used to predict the
hazard of each type of fire, and provides a characterisation
of their dynamics. These results, in combination with the
findings of prior work focused on modelling wildfire inci-
dence (Boubeta et al. 2016, 2019; Rios-Pena et al. 2018) and
identifying socioeconomic risk factors (Marey-Pérez et al.
2014, 2021; Lopez-Rodriguez et al. 2021) can be used as a
starting point for the development of a predictive model for
the hazard from arson fires, which is a priority in view of the
high incidence and severity of these fires in Galicia. For this
purpose, we can use a spatiotemporal point process model
based on covariates (Serra et al. 2013; Aragé et al. 2016;
Diaz-Avalos et al. 2016). However, the low spatial and
temporal resolution of socioeconomic covariates has
become an important limiting factor in advancing this line
of research. We hope to make significant progress in the
near future to cover this knowledge gap.

Supplementary material

Supplementary material is available online.
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