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Abstract: Landscape patterns and composition were identified as key drivers of fire risk and fire
regimes. However, few studies have focused on effective policymaking aimed at encouraging
landowners to diversify the landscape and make it more fire-resilient. We propose a new framework
to support the design of wildfire mitigation policies aimed at promoting low-risk fire regimes based
on land use/land cover choices by landowners. Using the parishes of a fire-prone region in central
Portugal as analysis units, a two-step modelling approach is proposed, coupling an agent-based
model that simulates land use/land cover choice and a logistic model that predicts fire regimes
from a set of biophysical variables reported as important fire regime drivers in the literature. The
cost-effectiveness of different policy options aimed at promoting low-risk fire regimes at the parish
level is assessed. Our results are in line with those of previous studies defending the importance of
promoting landscape heterogeneity by reducing forest concentration and increasing agricultural or
shrubland areas as a measure to reduce the risk of wildfire. Results also suggest the usefulness of the
framework as a policy simulation tool, allowing policymakers to investigate how annual payments
supporting agricultural or shrubland areas, depending on the policy mix, can be very cost-effective
in removing a substantial number of parishes from high-risk fire regimes.

Keywords: wildfire mitigation; wildfire policy; fire regime; agent-based modelling; land cover choice;

fire resilience

1. Introduction

Wildfires are a major concern in different parts of the world, causing serious harm
to both public and private interests. In Mediterranean climate regions, although fire is
a natural element of the ecosystem [1,2], wildfire hazard levels have been aggravated by
demographic and land use/land cover (LUC) changes in recent decades, reaching critical
proportions that demand urgent action [3]. The northern and central interior of mainland
Portugal are paradigmatic cases, as they are where severe fires became more frequent in
recent decades [4]. The depopulation and rural abandonment observed in these regions
since the mid-20th century led to a decline in agricultural activities and to an increase in
forest plantations of maritime pine (Pinus pinaster) and eucalypt (Eucalyptus globulus), an
exotic species in Portugal that altered the natural fire resilience of native species’ forests [5-7].
Additionally, fire mitigation policies in Portugal in recent years invested much more into
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suppression and firefighting equipment, whereas prevention actions were mostly restricted
to reducing ignitions by improving surveillance and information campaigns, namely those
aimed at farmers burning agricultural residues. Paradoxically, these efforts seem to have led
to an accumulation of vegetable fuel loads, which increases the risk that fires not controlled
in the early stages may more easily evolve into mega-fires [3,4,8]. Moreover, although
wildfires are mostly of human origin in Portugal, either by negligence or intention [9], they
are also expected to become more frequent in southern Europe due to climate change [10,11].

Wildfire research has gained increasing attention in recent years, and there is now
abundant evidence on the crucial role of land cover in wildfire proneness and its effects
on fire regimes [4,6,12-16]. Fire regimes are used to depict combinations of fire frequency
and severity [15,17,18]. Fire regimes are often characterized based on metrics such as total
burn area, number of fire events, or spatiotemporal concentration indexes (e.g., Gini index),
computed over a representative period of time [15,17,19]. Climate, topography, and LUC
are acknowledged drivers of fire regimes [18,20]. Among these, LUC stands out as the
most relevant for public policies, as climate and topography are naturally less subject to
modification by humans on a regional scale [21-25].

The need to intervene in the LUC to reduce wildfire risk by changing the composition
and configuration of the landscape encouraged public initiatives to modernize and revise
legal frameworks. In Portugal, this led to the publication of the “Integrated Management
System for Rural Fires” (Decree-Law 82/2021, 13 October) and, more recently, to the
creation of the “Landscape Transformation Program” (Resolution of the Council of Ministers
49/2020, 24 June), establishing a land planning strategy for forest territories vulnerable
to wildfire.

Most studies on the LUC drivers of fire regimes typically consider at least three major
classes: forest, farmland, and shrubland [7,12-14,26]. According to such studies, shrublands
are often identified as the most fire-prone land cover class, as shrubland often encompasses
fast-growing natural vegetation, which is commonly associated with steeper slopes where
fire can easily spread. Forests are also found to be a major fire-prone class given their ability
to accumulate large loads of fuel and their propensity to occur in extensive stands, often
also occurring in mountain areas; farmland, in contrast, is typically stated as being less
fire-prone due to the typical vegetation structure of agricultural and pastoral land uses and
to a closer human presence.

The way different LUC classes affect fire regime is not the same. In a recent study
focused on central Portugal [13], it was suggested that the proportion of shrubland in the
landscape has the highest effect on determining the fire regime, significantly contribut-
ing to increases in the total burned area but, at the same time, promoting the temporal
dispersion of fires (a fire regime of frequent but small-to-medium-size fires). The same
authors observed that forests also contribute to total burned area but with a much smaller
contribution to the temporal dispersion of fires (a fire regime of less frequent but larger
fires), and they also observed that agriculture has the highest impact on decreasing the total
burned area (a low burnt area fire regime). Similar findings were also obtained in previous
studies [20,26-28].

In addition to the fire propensity of each LUC class, there is also abundant evidence of
the importance of maintaining a diverse and heterogeneous landscape mosaic in reducing
wildfire risk. Several studies emphasize that a diverse and more heterogeneous landscape
mosaic promotes fuel load distribution, hindering the spread of fires and their ability to
cause damage [29-31]. Conversely, more homogeneous landscapes tend to be associated
with higher fire risk and less fire resilience [7]. Some authors even consider that the
increased risk of fire in southern Europe is due more to the loss of diverse landscape
mosaics than to climate change or negligent behaviour [32]. Other authors have suggested
that if fire occurrence is likely to increase landscape heterogeneity, e.g., by creating open
areas for natural vegetation, then this has not been enough to offset the trend of mosaic
loss due to agricultural abandonment and afforestation in southwestern Europe [33].
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As the countryside of southern Europe keeps following a long-term trend of agricul-
tural decline, with farmland being replaced by policy-incentivized forest plantations or
abandoned to shrubland, the landscape becomes more homogeneous, more fire-prone, and
the fire regimes change to higher risk levels [3,34]. Such evidence supports the calls for
public policies better suited to reducing wildfire hazard levels and improving the resilience
and sustainability of landscapes, which may include increasing landscape mosaic diver-
sity and promoting LUCs associated with less hazardous fire regimes [5,22,35,36]. This
paper addresses these calls by proposing a new framework to assess the cost-effectiveness
of public policies aimed at promoting low-risk fire regime landscapes by encouraging
landowners to diversify land cover, diverging from the forest stands monoculture. There-
fore, the focus of the paper is not to explore the effects of LUC on fire, but rather to use the
available knowledge in the field to apply LUC as modelling variables to support wildfire
mitigation policymaking.

The framework involves a two-step approach, with an LUC choice model coupled
to a fire regime prediction model, which was used to simulate the effect of land planning
policies aimed at achieving low-risk fire regimes, bearing in mind that fire cannot be
completely eradicated from Mediterranean ecosystems [7,37]. In this modelling setup, fire
regime characterization variables (e.g., fire frequency and total area burned) are used to
establish a classification scheme of fire regime categories that depict different levels of fire
risk, which are assigned to units of territorial analysis in the area of interest (administrative
parishes, in the present study) so policies can be planned to ensure a socially desirable
minimum of territorial units classified into categories of low-risk fire regimes. To our
knowledge, using a fire regime category approach to guide policy design is innovative to
wildfire research. In this study, the proposed framework was applied to a fire-prone area in
central Portugal to assess its effectiveness as a simulation tool for public policies aimed at
promoting low-risk fire regimes.

Our results allow us to discuss the usefulness of using fire regime categories as a
reference for designing wildfire mitigation policies while contributing to the pursuit of
fire-resilient landscapes and to the “living with fire” objective [37,38].

2. Materials and Methods
2.1. Study Area

This study is focused on an area known as the Pinhal Interior, a sub-region of the EU-
NUT II Centro in mainland Portugal known for being highly prone to wildfires (Figure 1).
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Figure 1. Location of the study area “Pinhal Interior” in the “Centro” region (EU-NUT II), Portugal.
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Given the relatively low heterogeneity of the Pinhal Interior region in relation to some
variables likely to be relevant for the modelling tasks pursued in this study, as described
later, the entire Centro region was used to develop the models. In a following step, these
models were used in predictions made for the Pinhal Interior study area.

The Centro region extends for 28,199 km? (about 30% of the territory of mainland
Portugal), comprising 100 municipalities and 972 administrative parishes. The topography
is relatively smooth next to the coast and becomes more mountainous while progressing
eastwards. Altitudes vary from 0 to 1993 m (a.m.s.1.), the highest point in mainland Portugal.
The climate is Mediterranean, with warm and dry summers and rainy and moderately
cool winters. From southwest to northeast, total rainfall increases from ca. 600 mm up to
1834 mm, and the mean monthly temperature decreases from ca. 16.8 °C to 6.6 °C. The
LUC of the Centro region is relatively heterogeneous. Pine and eucalypt forests dominate
the central area where the Pinhal Interior is located. Pine is also abundant in the west along
a coastal strip that extends for about 100 km. To the northeast, where altitudes are higher,
areas of shrubland and sparse vegetation dominate. Agricultural areas appear mostly in
the west and in the interior southeast.

The Pinhal Interior extends for 4518 km? (about 16% of the Centro region), encom-
passing 19 municipalities and 122 parishes. The landscape is mostly mountainous with
elevations ranging ca. 25-1350 m (a.m.s.l.). The average rainfall is about 1130 mm, mostly
concentrated from October to March, and the mean temperature is ca. 14.0 °C. This area is
dominated by extensive plantations of maritime pine and eucalypt, covering ca. 70% of the
territory, followed by shrubland or seminatural areas (14%) and agricultural areas (12%).
Artificial areas cover about 3% of the territory, and water bodies cover 1%.

The population density in the Pinhal Interior is low (average 198 inhabitants per km?
in 2021) and has been declining since at least the 1960s due to strong emigration and rural
exodus movements, which are still ongoing (resident population dropped 9.1% between
2011 and 2021). Consequently, agriculture is currently almost residual in the territory,
largely restricted to village surroundings and small valleys with better suitability. At the
same time, the area has been increasingly devastated by wildfires, being one of the most
fire-prone regions in the country.

2.2. Baseline Data

The choice of the baseline data to characterise fire regimes and their potential drivers
followed the approach developed in a recent work targeting the same study area [13], and
it primarily included a digital terrain model and data on LUC, fire occurrence, and climate.
All variables were computed for each of the 972 parishes of the Centro region, which were
the analytical territorial units used in the estimation of the fire regime models (Table 1).

Fire occurrence data was derived from annual burned area vector maps available
for 44 years (1975 to 2018), which were supplied by the Portuguese Nature Conservation
Agency (Instituto da Conservagao da Natureza e das Florestas). Two fire regime characteri-
zation variables were constructed from these maps and computed for each parish: total
burned area (TBA), representing the cumulative percentage of parish area burned over the
44-year period, and a Gini concentration index (GCI) revealing the temporal distribution
of the total burned area in each parish, ranging from 0 (minimum concentration) to 100
(maximum concentration).

The LUC data was provided for 2018 by the Portuguese General-Directorate of the
Territory (Diregcao-Geral do Territério) as a vector map with a minimum patch size of
1 ha. According to the objectives of the study, we considered 3 main rural land cover
classes discriminating agriculture, forest, and shrubland in addition to artificial areas and
water bodies.

Agriculture (AGRI) consisted of all farmland areas, including temporary and perma-
nent crops and pastures, rainfed or irrigated, and agroforestry areas. Forest (FOREST)
encompassed mostly plantations of pines, eucalypt, and other broadleaf (e.g., Quercus
spp.) and invasive species (e.g., Acacia spp.). Shrubland (SHRUB) included all shrublands,
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riparian areas, and sparsely vegetated areas. It should be noted that recently burned areas
were not discriminated in the LUC data, which were classified according to their previous
use. Thus, shrubland areas are not to be taken as recently burned areas. Artificial areas
(ARTIF) comprised all built-up areas and infrastructures. Water bodies (WATER) included
all inner surface waters, such as rivers, lakes, reservoirs, and ponds. The proportion of each

of these LUC classes was computed for each parish.

Table 1. Summary statistics for the variables used in fire regime model estimation.

Type/
Code

Description

Centro Region
(n=972)
Mean-sd. (Max-Min)

Pinhal Interior Region
(n =122)
Mean-sd. (Max-Min)

Fire occurrence (dependent variables)
TBA

Total burned area (cumulative % of parish area)

92.5-87.8 (486.8-0.0)

148.4-68.2 (307.7-10.7)

GCI Gini concentration index (dimensionless) 85.2-17.9 (97.7-0.0) 90.1-4.6 (97.6-69.4)

Land use/cover

AGRI Agriculture (% of parish area) 30.9-18 (85.4-1.7) 15.3-9.6 (40.1-1.7)

FOREST Forests (% of parish area) 46.9-21.7 (93.1-0.1) 68.5-14.6 (89.2-18.3)

SHRUB Shrubland (% of parish area) 13.9-15.7 (90.3-0.0) 11.3-13.9 (78.1-0.0)

ARTIF Artificial areas (% of parish area) 7.0-7.5 (61.8-0.1) 4.0-3.6 (23.2-0.3)

WATER Water bodies (% of parish area) 1.3-4.8 (85.8-0.0) 1.0-1.8 (11.6-0.0)

Topography

SLOP80 80th Percentile of slope (%) 18.2-9.4 (53.3-1.9) 26.8-10.3 (53.3-11.1)

Climate

RAJ E\I/ile;r)l cumulative rainfall between April and June 198.8-35 (325.4-119) 209.1-18.6 (268.9-150.3)

s gverage mo?thly temperatures between July and 20.6-12 (24.3-15.8) 21307 (23.4-18.8)
eptember (°C)

Biomass

NPP Net primary productivity (kgC/m?) 1.0-0.2 (1.7-0.2) 1.0-0.1 (1.3-0.7)

Landscape metrics

MPS Mean patch size (ha) 26.7-12.5 (125.1-6.2) 29.8-11.3 (78.3-12.9)

PD Patch density (no./100 ha) 4.3-1.5 (16-0.8) 3.8-1.3 (7.8-1.3)

ED Edge density (m/ha) 50.6-13.8 (88.3-9.6) 43.4-14.1 (88.3-17.1)

SHDI Shannon’s diversity index (dimensionless) 1.0-0.2 (1.5-0.3) 0.8-0.2 (1.3-0.4)

INTI Interspersion index (%) 63.7-11.8 (96.7-25.2) 58.7-10.9 (86.2-34.8)

The following landscape configuration metrics were extracted at the parish level from
the LUC map to be tested within the fire regime models: mean patch size (MPS), Shannon’s
diversity index (SHDI), patch density (PD), edge density (ED), and an interspersion index
(INTT) describing the intermixing of LUC classes. The boundaries of the parishes were not
included in the computation of metrics using patch edges.

The digital terrain model was also provided by the Portuguese General-Directorate of
the Territory as a 25 x 25 m raster grid. A slope map was derived from this digital terrain
model, and the 80th percentile of the slope was calculated for each parish (SLOP80) to act
as an indicator of the degree of roughness of the parish’s terrain.

Raster maps of climate data were extracted from the WorldClim database (https:
/ /www.worldclim.org (accessed on 20 July 2022)) and included mean cumulative rain-
fall between April and June (RAJ]) and average monthly temperatures between July and
September (TJS).

Finally, a variable expressing the biomass production capacity (in kgC/m?) was
computed from raster maps of net primary productivity (NPP) obtained from NASA’s Earth
Science Data Systems database (https://lpdaac.usgs.gov/products/mod17a3hgfv006/
(accessed on 24 February 2022)), which were available for the years 2000 to 2014 and were
averaged for the 15-year period.

All spatial data was rasterized to a 100 m resolution grid, adjusted to the 1 ha minimum
mapped area admitted in the LUC data, and assembled in a spatial database in the R
environment [39]. Variable values for parish levels were extracted by intersecting each
layer with a polygon vector map of administrative parishes provided by the Portuguese
General-Directorate of the Territory using a zonal statistics tool.
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2.3. Fire Regime Modelling

The fire regime modelling approach used logistic regressions to predict two fire regime
characterization variables: total burned area (TBA) and the Gini concentration index (GCI).
Independent variables comprised all remaining variables in Table 1. Both the TBA and GCI
variables were reclassified to 1 or 0 according to whether their values were above or below
the corresponding mean for all parishes, and all independent variables were converted to
z-scores to facilitate comparison of regression coefficients.

A preliminary multicollinearity analysis was performed to detect and discard variables
with high correlations (an arbitrary threshold was set at 0.6). We further computed the
Variance Inflation Factor (VIF) to reject all independent variables showing a value above
5 [40].

Fire regime categories were then defined from the TBA and GCI binary values, re-
sulting in 4 fire regimes (Figure 2) that were assigned to all parishes according to their
respective values in both variables. Fire regime 1 (TBA =1 and GCI = 1) is the most
hazardous fire regime, as it covers parishes with extensive burned areas over relatively
concentrated periods of time where large wildfires are more prone to occur. Fire regime 2
(TBA =1 and GCI = 0) defines a fire regime of frequent fires that are more dispersed across
time, and it is therefore related to lower hazard levels. Fire regime 3 (TBA = 0 and GCI =1)
identifies parishes with low fire occurrences, which are, therefore, concentrated in time
(high GCI). Fire regime 4 (TBA = 0 and GCI = 0) identifies parishes with the least hazardous
fire regime, as it relates both to low burned area totals and fires more dispersed over time.
In this setting, and for the purpose of developing the proposed analytical framework, it
was assumed that the policy challenge at stake in this study would be to remove as many
parishes as possible from fire regime 1.

TBA
1

0
o ||l 2
: M

Figure 2. Conceptual fire regime classification framework (see Section 2.3 for a description; TBA—

GCl

Total Burned Area; GCI—Gini concentration index).

2.4. Land Use/Land Cover Agent-Based Choice Model

This task was targeted to develop a LUC choice-model to simulate policy scenarios,
whose outputs could be incorporated into the fire regime models previously estimated, to
assess the effect of policies on fire regime transitions in the Pinhal Interior study area.

For this purpose, a conceptual agent-based modelling approach was adopted, which
is grounded on a cellular automaton grid. In this approach, each cell (map-pixel) acts as
an individual decision-making agent capable of assuming a finite number of states (LUC
categories), which are updated in each iteration of the simulation (interpreted as a one-year
time period) based on the agent’s (rational) behaviour rules in response to external drivers
(e.g., policy) and information obtained from neighbouring cells [41,42].

This agent-based/cellular automaton (ABCA) approach encompasses a spatiotemporal
feature that allows to exploration of the effects of time in the decision-making process (e.g.,
the effects of past decisions) and of outcomes at the landscape scale (e.g., the computation
of landscape composition and configuration metrics). Agent-based models have been used
before in wildfire research [43,44] and in forest policy and economics analysis [45,46].
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The ABCA model discriminates five LUC categories from the map of the study area:
agriculture, forest, shrubland, artificial areas, and water bodies. Water bodies and artificial
areas are assumed to be constant over the time period of the simulations; thus, agents
can only choose between three alternative LUCs: agriculture, forest, and shrubland. The
assumption that artificial areas will not expand in the near future seems acceptable given
that the resident population is not increasing and, rather, shows a long-term downward
trend in the study area (see Section 2.1). Water bodies also tend to be a stable land cover
over time, typically not part of common land management options.

In this stylized ABCA model, agents were set to select the LUC for each cell based
on a profit maximization rule. For the purposes of methodological development and in
the absence of empirical data on economic profitability, namely regarding the production
costs necessary to calculate gross margins, we resorted to estimates of annual gross income
of the most representative activities and outputs within each LUC category based on
official agricultural statistics and expert advice. Therefore, the baseline reference values
were initially set to 1000 €/ha for agriculture areas, 400 €/ha for forest, and 150 €/ha for
shrubland (if shrublands can be grazed, for example) under optimal conditions (e.g., on
flat slopes). For a given agent (pixel), the reference profitability values assigned to each
LUC (hereafter represented by estimates of gross income) were made dependent on distinct
factors that included: slope, previous LUC and its duration, proximity to artificial areas,
and proximity to agricultural areas. In each iteration of the model, the progression of which
represents the passing of one year, all of these parameters potentially modify the LUC
reference profitability values, and the LUC with the resulting highest profitability is chosen
by the agent based on these new values.

Given the acknowledged importance of slope in determining LUC at the local /regional
scale [24], it was assumed to be the most impacting factor on LUC profitability. The
effect of slope on profitability was simulated by inspecting how each LUC was spatially
distributed in the study area (Pinhal Interior) according to slope, observing the deciles of
the distribution of each LUC under increasing values of slope classes. We then derived
suitability curves for each LUC as a function of slope, revealing, for each LUC category,
the proportion of its total area found below a given slope value. This suitability was
interpreted in terms of its impact on profitability as exemplified in this example: if 60% of
all agricultural land was found below 10% slope, we assumed that this threshold indicated
that the profitability of agriculture was reduced to 40% of its potential value, i.e., at 10%
slope, the 1000 €/ha of potential agricultural annual gross income is reduced to 400 €/ha.

Linear models were adjusted to these suitability curves so they could be used to extract
profitability at specific slope values (Figure 3). Hence, the first step in the profit-maximizing
agent’s LUC selection process was to inspect its slope pixel value and, based on the
profitability linear models, provisionally select the LUC with the highest economic return.

To simulate the “forest inertia” effect related to a likely greater resistance to shifting
from forest to agriculture than the other way around, the agent was set to check its current
LUC before accepting the LUC pre-selected with the slope/profitability criterion and, if it
was found to be forest, then the profitability of agriculture as a potential alternative LUC
was reduced in that pixel to inhibit its choice. The extent of this reduction can be defined
by the user of the model and is subject to calibration, and it was further made dependent
on the forest’s age, decaying as the forest ages and disappearing after 10 years (an arbitrary
choice based on the typical duration of a eucalypt’s production cycle).

The distance to artificial areas is then measured, as proximity to artificial areas was
considered to favour the choice of agriculture. Thus, the profitability of agriculture was
inflated by a distance proximity factor which, in the absence of supporting empirical data,
was arbitrarily defined as 1 + exp(—0.008 x D) for model development purposes, where D
is the Euclidean distance to the nearest artificial area in meters. Finally, the proximity to
agricultural areas was also considered to be a factor favouring the choice of agriculture,
promoting the emergence of consolidated agricultural patches. In each iteration of the
model, all agents checked for the existence of agricultural neighbours (in a 3 x 3 pixel
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neighbourhood) and, if true, then the profitability of agriculture was increased by a factor
subject to calibration, given the underlying uncertainty.

1000
900

800

Profitability (€/ha)

700

600

500

400

300

200

100

0 10 20 30 40 50
Slope (%)

Figure 3. Profitability curves for agriculture (orange), forest (green), and shrubland (blue) as a
function of slope in the study area (solid lines—observed curves; dashed lines—fitted models).

After loading the original LUC map and reading the parameter values, the ABCA
model starts with an initialization step in which all LUCs are randomized (except for water
bodies and artificial areas, which are kept constant). In addition, the age of the forest is
randomly assigned to all forest pixels with values ranging from 1 to 10 and subject to a
probability effect that makes older forest pixels linearly more likely than younger ones.
The model can be pre-run a few times to test and adjust parameters for calibration and
validation purposes. The model performs 20 iterations in each run to simulate a time period
of 20 years, which proved adequate to stabilize LUC choices and for the model to reach a
“solution” (Figure 4).

{ AGENT-BASED MODEL } FIRE-REGIME MODEL %
Inputs Parameters « Calibration / Inputs
LUC map — — validation Fire-regime variables (TBA,
Slope map =~~~ Suitability / profitability F GCl), LUG, climate,
curves : topography, biomass,
Expert — ! landscape configuration
knowledge =~~~ P ¢ Urban proximity ! - ¥
* Agricultural pfroxlmlty Output ‘Sllar'::::lt:sd e Fire-regime models
Former LUC (forest) Predicted [ " > ¢ Predicted TBA
Forest age LUC map {eomesiien ae +  Predicted IGINI
1 configuration) l
Initialization Iterations Impacts (parish level)
LUC map LUC choice (profit Policy scenarios P ) P . e
A S ) p - *  Fire-regime transitions
randomization maximization oriented) (LUC incentives) ) .
Fire hazard reduction

Figure 4. Overall flow of the analytical framework integrating the agent-based model with the fire
regime model.

It should be noted that although some of the model parameters had to be arbitrarily
defined or extracted from secondary information for the purposes of model development
and testing, these may be adjusted in the future as better information becomes available.

The resulting (predicted) LUC map is subject to a smoothing operation to eliminate all
isolated pixels, which are then converted to the dominant LUC in the 3 x 3 neighbouring
cells. This procedure is in line with the minimum map unit of 1ha in the original map and,
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at the same time, avoids an estimation of landscape configuration metrics skewed by an
excess of very small patches.

Model accuracy was assessed based on the percentage of correctly predicted pix-
els, complemented with Cohen’s Kappa statistic to correct for agreements occurring by
chance [47]. Additionally, because the objective of the ABCA model is to generate simulated
values for the LUC variables computed at the parish level to be conveyed into the fire
regime models, we also calculated the difference between the observed and predicted LUC
shares in each parish and computed the half-sums of their absolute values. The average of
these results across all parishes was then interpreted as an estimate of the percentage of
accuracy obtained in the model’s predictions [48].

2.5. Scenario Simulation

The ABCA model was then used as a policy simulation tool to assess the cost-
effectiveness of policies paying landowners incentives to voluntarily adopt fire-resilient
LUC options and their impact on fire regime transitions, which was evaluated by using the
fire regime models.

For this purpose, we compared the cost-effectiveness of three hypothetical alternative
public policies paying a premium per hectare of (1) agricultural area, (2) shrubland area, or
(3) amix of both LUCs. These distinct policy options included all combinations of increasing
levels of payments of 0, 50, 100, and 150 €/ha/year of agriculture and/or shrubland.

The simulation of each scenario was carried out by adding the value of the premium
paid by the policy to the fixed component of the fitted linear model of the corresponding
LUC (Figure 3), causing it to shift upwards, that is, increasing its relative profitability when
compared to the remaining LUCs.

Therefore, in each scenario, the new parameters of the fitted linear model are passed
to the ABCA model, from which new values of landscape composition (LUC) and configu-
ration variables are extracted at the parish level. These are then used in the fire models to
predict their impact on the TBA and GCI variables, which, at this stage, applied only to the
Pinhal Interior study area.

Finally, the parishes are reclassified according to the fire regime category derived from
the TBA and GCI models (Figure 2) to assess how many of them are no longer classified as
the most fire-hazardous regime, fire regime 1, in each scenario, which is interpreted as an
indicator of the effectiveness of the wildfire mitigation policy. Additionally, an estimate of
the total cost of the measure in each scenario is also computed.

3. Results
3.1. Fire Regime Models

The correlation analysis among the independent variables led to the elimination of
FOREST (percentage of forest in parish area), as it was highly correlated with the other LUC
classes, thereby becoming the reference LUC category in the models. PD (patch density)
and ED (edge density) were also discarded, as they unveiled correlation coefficients above
0.6 with other variables. After that, all other variables showed VIF values lower than 5;
thus, they were kept and tested in the models.

Early attempts to estimate the TBA model led to the elimination of variables SLOP80
(80th slope percentile) and INTI (Interspersion index) due to lack of significance (non-
compliance with the p-value < 0.05 criterion). The final TBA model proved to be highly
significant, with the chi-square test showing that at least one of the independent variables
significantly influenced the TBA (Table 2) and the Nagelkerke’s-R?, indicating that about
57% of the TBA variance is explained by the independent variables. The model revealed a
percentage of correct predictions of 82%. Net primary productivity (NPP) was the most
important variable, and it had a negative effect on TBA. Shrubland (SHRUB) showed
a positive effect on TBA, and agriculture (AGRI) had the opposite effect. Landscape
heterogeneity (SHDI) and larger patches (MPS) contributed to reducing TBA, whereas
spring rainfall (RAJ) and summer temperatures (T]S) both proved to be TBA promoters.



Fire 2023, 6, 102

10 0of 18

Table 2. Coefficients and statistics for the final TBA and GCI models.

Coefficient Std. Error z Value p Value
TBA
(Intercept) 1.262 0.499 2.531 0.011
AGRI —1.158 0.147 —7.859 0.000
SHRUB 1.565 0.171 9.162 0.000
TJS 0.713 0.133 5.368 0.000
RAJ 0.856 0.156 5.492 0.000
MPS —0.529 0.133 —3.972 0.000
SHDI —0.510 0.135 —3.769 0.000
NPP —1.847 0.535 —3.452 0.001
Chi-square sig. 0.000
Nagelkerke’s R? 0.574
Prediction accuracy 0.823
GCI
(Intercept) —1.734 0.386 —4.498 0.000
SHRUB —0.675 0.098 —6.874 0.000
TJS 0.294 0.087 3.401 0.001
MPS 0.239 0.101 2.361 0.018
SHDI —0.221 0.105 —2.097 0.036
NPP 2.796 0.407 6.864 0.000
Chi-square sig. 0.000
Nagelkerke’s R? 0.355
Prediction accuracy 0.790

The estimation of the GCI model led to the elimination of variables SLOP80, AGRI,
RAJ, MPS, and INTI due to lack of statistical significance (Table 2). The chi-square test
revealed that the model is statistically superior compared to a null model, the Nagelkerke’s-
R? indicates that 36% of the GCI variance is explained by the independent variables, and
the model was able to make correct predictions 79% of the time. NPP was, again, the
most important variable in the model, positively influencing GCI, i.e., contributing to the
temporal concentration of total burned area. Shrubland (SHRUB) was the second most
important variable in the model, and it had a significant effect on GCI reduction. Higher
summer temperatures (TJS) and larger patch areas (MPS) showed a positive effect on GCI,
contributing to temporal concentration of fires. Landscape diversity represented by the
Shannon diversity index (SHDI) also contributed to the temporal dispersion of fires.

The classification of the parishes by fire regime from the original TBA and GCI vari-
ables reveals the high concentration of parishes classified in the first (most hazardous) fire
regime category inside the Pinhal Interior region, where 89 (73%) of its 122 parishes were
classified in fire regime 1, corresponding to the highest values of TBA and GCI (Figure 5).

3.2. Land Use/Land Cover Predictions

The ABCA model showed an overall hit rate of 73% of successful predictions. The
prediction using LUC classes, however, revealed important differences, with a hit rate of
86% in the forest, 55% in agriculture, and 17% in the shrubland class, which led to a 33%
figure in the Cohen’s Kappa statistic. At the landscape scale, the average hit rate of the
LUC composition prediction across the 122 parishes in Pinhal Interior was 76% (Figure 6).

The calibration of the model led to setting the “forest inertia” parameter that reduces
the propensity to switch from forest to agriculture as a function of the age (youth) of the
forest in the form FA /20 (where FA stands for “forest age”, ranging 1 to 10), which was
multiplied by the profitability of agriculture to maximally penalize it when the forest is
newly planted, then fading out over time. The parameter controlling the effect “distance
to agriculture”, aimed at favouring the choice of agriculture when this is the dominant
neighbouring LUC, resulted in doubling of the profitability of agriculture for all pixels in
this condition.
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Figure 5. Classification of the parishes (small polygons) of Centro region and Pinhal Interior (thick
black line delimited polygon) according to the four fire regimes derived from the TBA and GCI
variables (see Figure 2).

A

Agriculture
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Shrubland
Artificial areas
Water bodies
20 40km

EEEN]

Figure 6. Land use/cover map of the study area in 2018, observed (A) and predicted (B).

3.3. Fire Regime Transitions

The simulation of the alternative policy options to encourage landowners (agents,
in the ABCA model) to adopt less fire-prone LUC showed its effectiveness in reducing
the number of parishes classified in the most hazardous fire regime. In reaction to such
hypothetical policies, agents replaced the forest with agriculture or shrubland, depending
on policy incentives, changing the composition and configuration of the landscape (see
simulated LUC maps for each scenario in Figure S1 in Supplementary Information). The
simulation of these new LUC variables in the fire models led to a transition towards lower
risk fire regime categories, the extent of which depended on the unitary value of subsidies
paid by the policies (Table 3).
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Table 3. Fire regime outcomes in each scenario and estimation of the total annual cost of the measure
in 10° euros (M€). Polygons identify parishes. The numbers below the coloured symbols identify the

number of parishes in each fire regime (see Figure 2 for colour legend).
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These results suggest, for example, that if the government’s objective was to halve
the number of parishes in the most dangerous fire regime in Pinhal Interior, decreasing
from the current (predicted) 78 to 39 or fewer parishes, the most cost-effective way to
achieve this would be to pay an incentive of 100 €/ha/year for shrubland areas for a total
annual expenditure of 14.5 M€ in payments to landowners (Table 3). Raising this target
to 1/3 would require a combined minimum payment of 100 €/ha/year to agriculture and
50 €/ha/year to shrubland, increasing overall annual expenditure to 15.7 M€.

4. Discussion
4.1. Modelling Framework

Our modelling approach proved its overall suitability as a framework to assess the
cost-effectiveness of wildfire mitigation policies based on LUC patterns. The decoupling
of LUC and fire regime modelling allowed optimization of the methodological approach
for each component while enabling their joint integration into a comprehensive policy
simulation tool. Nevertheless, the rather exploratory and methodological nature of this
study may have overlooked some empirical aspects, which might deserve further in-depth
studies, as discussed here.

The fire regime modelling involved estimating two logistic regressions to predict
two variables renowned in the literature as characterizing fire regimes: the total burned
area (TBA) and the temporal concentration of fires (GCI). The signs and values of the
coefficients were globally in line with expectations and with previous works recently
developed in the same study area [13]. Regarding the LUC classes, agriculture proved to
be crucial for the reduction of the total burned area when compared to forest (the reference
LUC class, which was left out in the models). Shrubland was confirmed as the most fire-
prone LUC class, but it had a strong promotional effect on its temporal dispersion, which
is key to describing fire regimes. Climate proved to be a relevant driver of fire regimes,
namely, spring rainfall and summer temperatures, both contributing by increasing the
total burned area. The importance of landscape configuration for the fire regime was also
shown, suggesting that increasing LUC heterogeneity can promote the fire resilience of
landscapes [7,29-31].

Unexpectedly, slope did not show statistical significance in both fire models despite
being a widely documented driver of wildfire [28,49]. A possible explanation can be related
to the strong influence of slope on the spatial distribution of LUC classes embedded in
our modelling approach such that the role of this variable was cancelled out by the LUC
variables in the models.

The ABCA component of the framework not only revealed its suitability for the
development of LUC policy simulations, but also enabled the use of landscape configuration
variables in the simulations, which proved to be relevant in determining fire regimes, and
it can only be assessed with this type of spatially explicit approach.

The use of suitability curves to relate LUC to slope and their interpretation as prof-
itability curves was an innovative approach in this type of study, and it turned out to be a
valuable tool to help simulate the spatial effects of LUC policies.

Despite the good global predictive accuracy of the ABCA model, some weaknesses
were found in the predictions at the LUC class level, particularly in the case of shrubland.
This may have occurred because this LUC category integrates very distinct land uses and
covers, ranging from riparian vegetation at the bottoms of valleys to sparse vegetation at
the tops of hills or scrubs on steeper slopes. The same may have happened in the case of
agriculture, which typically includes a variety of land uses, albeit to a much lesser extent.
These difficulties may have resulted from the use of highly aggregated LUC classes (forest,
agriculture, and shrubland), implying a trade-off between allowing the ecological needs of
different LUC subclasses to be revealed and the objective of producing useful information
for designing cost-effective LUC policies.

Due to the exploratory nature of this study, the parameterization of the ABCA model
was largely based on expert knowledge and secondary information (e.g., official statis-
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tics), which may give rise to uncertainties not easy to quantify. Future improvements of
this approach may benefit from using empirical data and/or optimization methods for
parameter estimation.

The use of the averages of the variables TBA and GCI to separate the fire regimes
was also a mostly arbitrary option assumed for the purposes of developing and testing the
framework. Although the results of this option are in line with those of previous studies
on fire regimes in the Centro region and in the study area [13], it must be recognized that
there is no data supporting the assertion that these averages actually establish the effective
limits of the fire regime categories to consider, or about the degree of generalization of
these limits. Therefore, this is an issue that also requires further investigation.

Another issue deserving further attention refers to the temporal mismatch between
the fire data, which spans over an extensive period (1975-2018), required to derive the fire
regime characterization variables and the LUC data, the latter of which refers to a single
year (2018). Such temporal divergence may, however, become acceptable by assuming
that the landscape in 2018 was also, to a certain extent, shaped by past fire events [50].
Additionally, the fact that burnt areas were not included in the LUC map and that highly
aggregated LUC classes were used in the models, for which greater time-space stability can
be expected, also contributes to this assumption.

Although the simulations focused only on the LUC variables (landscape composition
and configuration) keeping everything else unchanged, given the objectives of the study,
the same modelling framework could have been used to additionally simulate changes in
other variables, such as temperature and rainfall, to investigate how climate change may
affect the effectiveness of the policy options discussed here. However, this was beyond the
scope of the present study.

4.2. Prospects for Wildfire Mitigation Policy

Our findings suggest that policy incentives that encourage landowners to maintain
or expand agricultural areas or to convert part of their forest plantations into shrubland
can foster the transition towards low-risk fire regimes at the landscape scale. However,
in less favoured regions, such as the study area, where biophysical, socioeconomic, and
demographic constraints do not make it easy to recover these territories for farming, these
incentives may require high payments per hectare.

The lack of empirical economic data prevented the use of net-income based estimates
of LUC profitability, forcing us to resort to estimates of gross profit to develop the analyses.
This, however, is the income component directly affected by economic incentive policies,
which were represented by their effects on the up- or downward shifting of the LUC
profitability curves, changing their relative profitability and thereby influencing LUC
choice. Despite these caveats, our results suggest that to achieve meaningful reduction in
the number of parishes in the study area currently subject to highly hazardous fire regimes,
the required public expenditure could total around 14.5 to 15.7 million euros per year. These
amounts can be put into perspective if compared to the more than 80 million euros of public
aid that was spent in 2018 just on the recovery of agriculture as a result of the wildfires
that ravaged this region in 2017 (https://www.ifap.pt/incendios-2017 (accessed on 30
August 2022)). Furthermore, they are also in line with previous claims that, in Portugal,
expenditure on fire suppression is typically disproportionately higher than expenditure on
fire prevention [51,52].

The policy options that were simulated included payment alternatives to agriculture
or shrubland, or a mix of both. Depending on the ambition level of the policy, here assessed
as the number of parishes that are to be removed from the most hazardous fire regime
categories, the most cost-effective alternative may include only payments to shrubland, or
a combination of payments to shrubland and agriculture.

Although the impact of agriculture and shrubland on the fire regime is not the same,
as the former contributes to the reduction of burned areas and the latter mainly contributes
to the temporal spread of fires, the paramount role of shrubland in reducing wildfire hazard
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levels (but not wildfire occurrence) should be highlighted. Although our results do not
demonstrate this, a possible explanation for this observation could be the fact that, on one
hand, shrubs have a quick recovery capacity after fire and, on the other hand, by burning
more frequently, which is possibly also due to the absence of management, they prevent
the accumulation of high fuel loads so that fires, when they occur, do not reach mega-fire
proportions. Thereby, this study identifies shrubland as a LUC class suitable for preventing
highly hazardous fire regimes, going beyond most of the literature that simply describes it
as a highly fire-prone land cover [7,28,53].

Our findings suggest that a public policy aimed at promoting low-risk fire regimes
can be more cost-effective if it is based on payments to shrubland than to agriculture.
Although this result is certainly linked to model assumptions, namely LUC profitability
levels, it may also be related to the fact that shrublands are mainly composed of natural
vegetation, presenting high ubiquity and capacity to thrive in the most diverse conditions.
Therefore, shrubland can expand more easily over areas that could hardly be used for
agriculture, thereby reducing the costs for its expansion. This, however, raises the question
of what kind of shrubland should be promoted by such policies when there are already
proposals advocating solutions, such as rewilding less favourable areas [54], slow-growing
hardwood plantations [22], or setting aside forested land [55,56], to promote the delivery
of non-commercial ecosystem services such as carbon sequestration, habitat provision for
wildlife, or the reduction of wildfire risk [54,57,58].

5. Conclusions

The premises underpinning this study unveil its aim to contribute to the debate
around the ultimate objective of a successful “wildfire policy”. The policy options con-
sidered make it clear that the single or main principle of reducing the burned area is
being questioned in favour of avoiding a large temporal concentration of fires and their
catastrophic effects [4,23,51].

The revealed effectiveness of the proposed policy options, based on financial incentives
and voluntary participation, may be contrasted with that of the typical regulatory approach,
which apparently falls short of expectations. Such policy options additionally have the
advantage of being simple to implement and monitor with LUC data, and therefore, it is
capable of attracting a high number of participants, which also enhances policy effectiveness.
Nevertheless, within the current context of the EU’s Common Agricultural Policy (CAP),
policy measures such as those proposed here can face the problem of knowing who their
final recipients should be and who would be responsible for their implementation and
management, as many forestland owners are currently outside the CAP payment system.
In addition, the successful implementation of this type of measure also depends on the
existence of active recipients in the territory available to adhere to the proposed measures, a
condition that, in regions such as the study area that are strongly affected by depopulation,
can be called into question.

At a time when calls to stop deforestation and promote forest expansion proliferate to
promote carbon sequestration and fight climate change, proposals like the one in the present
study, of converting forest into agriculture, seem to go against the mainstream. However, it
should be noted that much European forest, especially in the south, is currently man-made,
sometimes including exotic species such as eucalypt rather than natural forests [59]. In
Mediterranean climate regions such as the study area, the high prevalence of monocultural
forest plantations in the landscape and its excessive spatial concentration substantially
increase the risk of mega-wildfires [7,19] which, among many other negative impacts, are
also responsible for releasing high amounts of organic carbon into the atmosphere.

Opverall, this study suggests a fire regime approach that can help in defining landscape-
scale fire risk indicators that can be used as a reference to wildfire risk mitigation policy,
allowing easy tracking by monitoring the composition of the landscape in relation to three
major LUC classes: agriculture, forest, and shrubland.
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Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/fire6030102/s1, Figure S1: Land use/land cover (LUC) simulations
in each policy scenario in the study area of Pinhal Interior. Monetary values refer to payments to
landowners provided by a hypothetical LUC policy.
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