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We applied probabilistic cellular automata (CA) to simulate fire propagation of four large winddriven wildfires that occurred in October 2017: Pataias-Burinhosa, Quiaios, Sertã and Arganil. The
baseline model is a simplified version of the Alexandridis CA model. We included a wind rule that
produces boosts in fire spread along the wind direction and captures the spotting effect. The modified
model revealed to be adequate to simulate wind-driven wildfires by yielding realistic propagation
in the case of fires taking place in flat and homogeneous regions. Results of Sertã’s wildfire were
specially improved. We further show that Sertã’s wildfire could have spread to Pedrogão Grande if
that region had not been burned in previous June. CA fire spread models are found to be of use in
managing fire suppression resources.

I.

INTRODUCTION

For the past decades, we have observed an increasing
trend of the number, size and severity of wildfires in Portugal [1]. 2017 is the year that registered the largest
burned area and number of lost lives due to wildfires
(115). It is noteworthy that, in that year, the fire season
unusually extended from June to October, and that June
and October were the months that registered the most
severe fire events [2].
The area burned in October corresponds to more than
50% of the total burned in 2017. On October 15, around
500 ignitions were reported and the fire spread was enhanced by meteorological conditions. The wind was
strong and humidity low due to the close passage of hurricane Ophelia; most of the country was facing a very
severe drought. All these factors combined with biomass
availability led to some of the largest fire events ever seen
in the country [3].
Wildfires constitute an environmental problem and are
harmful to economy and society. Southern Europe is a
wildfire-prone region, and recent studies anticipate that,
due to climate change, fire events will take place more frequently and with greater severity [4], [5]. It is thus of the
utmost importance that we understand how fire behaves,
what are the underlying mechanisms and which factors
influence its occurrence the most. Modelling fire propagation can incorporate this knowledge to better describe
how fire interacts with landscapes under certain weather
conditions. Models of fire spread can also be used to assess fire risk over different areas and, therefore, they can
help in developing land management strategies.
Modelling fire spread is a complex task. Wildfires cannot be merely described by the physical and chemical
mechanisms taking place at microscopic scales. One must
consider the influence of the terrain as well as the meteorological conditions. The existence of significant slopes
can either slow down (negative slopes, fire propagating
downhill) or enhance fire spread (positive slopes, fire
propagating uphill). Vegetation cover also plays an important role, since some species are more wildfire-prone.
Lastly, wind can strongly affect the speed and direction
of fire propagation [6].
In particular, cellular automata (CA) models of fire
spread have been employed to simulate fire propagation
of wildfires in Southern Europe [7], [8], [9]. CA models can be easily manipulated to include different propagation rules, factors and can integrate information on

the terrain and meteorology. Another advantage of such
models is that these are not as computationally demanding as vector-based models [7], which makes them viable
tools to assist in firefighting.
Our goal is to model, both in space and time, the fire
spread of large fire events that occurred in October 2017,
in Portugal.

II.

CELLULAR AUTOMATA AND MODELS OF
FIRE SPREAD

Cellular automata are mathematical models defined
spatially by a regular grid whose cells have a well-defined
shape, such as square or hexagon. The dynamics of such
models is introduced by a set of simple local interaction
rules. At every discrete time step, these rules update the
cells’ states and can yield global complexity. A cell is
only allowed to interact with neighbouring cells [10].
There is a great number of CA fire spread models.
Their dynamics can be either deterministic, such as the
model of Karafyllidis and Thanailakis [11], or probabilistic like the model of Li and Magill [12]. Although most
models are described for square CA, there are examples
of different geometries, as is the case of the model of
Trunfio et al. whose grid is made of hexagonal cells [13].
The effect of fire suppression on fire spread has also
been addressed by some of these models. For instance,
Alexandridis et al. [8] employed the Aerial Dropping
Model [14] into a CA fire spread model to include the
effect of usage of aircrafts in fire combat.
CA wildfire models can be applied to perform fire risk
assessment on specific regions. Fire risk maps can thus be
used to devise efficient land management strategies that
can minimise the size and risk of wildfires. Avolio et al.
[15], Russo et al. [16] and Ohgai et al. [17] are examples
of works which employed CA fire spread models to map
fire risk.

III.
A.

METHODS AND DATA

Alexandridis CA model of fire spread

The Alexandridis CA model of fire spread was here employed as the baseline model [7]. Variations of this model
were previously applied to simulate other fire events in
Southern Europe [8], [9]. In this section, we describe the
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main features of the Alexandridis model developed to
simulate the wildfire that took place in Stepses (Greece)
in 1990.
This model makes use of a two-dimensional grid composed of square cells with size L to discretise the study
area. We chose a grid with L = 100 m. The neighbourhood of each cell is made of its eight nearest neighbours,
as shown in Fig. 1. Interactions between cells can only
take place inside these neighbourhoods. There are thus
eight possible directions of fire propagation. Cells in the
Alexandridis model can be in either one of four possible
states:

The rules here applied imply that: (i) a burning cell will
be completely burned in the following time instant; (ii)
once the fire is extinguished in a cell, it is impossible to
ignite that cell at any future time of the simulation; (iii)
fire propagates from a burning cell to a cell in its neighbourhood if the number pburn computed for the latter
is greater than a pseudo-random number. This last rule
makes this model probabilistic.
Let us now see how the different factors in Eq. 1 are calculated. The wind factor pw integrates two terms that account separately for the wind speed and direction (Eq. 2):

pw = exp c1 V ft
(2)

State 1 The cell is void of fuel content. It is assumed
that it cannot be ignited at any future moment.
State 2 The cell contains fuel. It can be ignited.
State 3 The cell has been ignited. The fire in this cell
can be propagated to some cell(s) in its neighbourhood.
State 4 The fire in the cell extinguishes. Permanent
state.

where c1 is a constant, V is the wind speed and ft is a
function of the direction of the wind relative to the di
rection of fire propagation, θ: ft = exp V c2 (cos θ − 1) .
Alexandridis el al. [7] obtained the values c1 = 0.045 and
c2 = 0.131 by optimisation.
The slope factor term requires the inclination of the
terrain to be locally determined, as shown in Eq. 3, where
H1 and H2 are the elevation values for the neighbouring
and burning cells, respectively,
√ and d = L if cells are
placed side by side and d = 2L if cells are placed along
the diagonal. The slope factor is calculated according to
Eq. 4, where a is a positive constant so that uphill fire
spread is enhanced. By optimisation, a = 0.078 [7].


H1 − H2
θs = tan−1
(3)
d

FIG. 1: Directions of fire spread in a two-dimensional cellular
automata model. The cell in red is burning and all the cells
in its neighbourhood (green cells) can be set on fire.

The state matrix contains the states of all cells at any
moment of the simulation. The initial matrix is obtained
using information on the land cover of the area under
study. The influence of land cover, slope of the terrain
wind speed and direction on fire propagation is included
in pburn which expresses the likelihood of fire spreading
from a burning cell to a flammable cell, in its neighbourhood. It is defined by Eq. 1:
pburn = ph (1 + pveg )pw ps

(1)

where pveg , pw and ps quantify the effect of the density of vegetation, the type of vegetation, the wind speed
and direction and the slope of the terrain, respectively.
The term ph (optimised value: ph = 0.58) represents the
value of pburn for a cell with certain vegetation characteristics and where the terrain is flat and no wind is felt. A
time step ∆t is defined beforehand and it remains fixed
throughout the simulation. Between times t and t + ∆t,
the state matrix is updated according to a set of transition rules:
1. If state (i, j) = 1 at t, state (i, j) = 1 at t + ∆t.
2. If state (i, j) = 3 at t, state (i, j) = 4 at t + ∆t.
3. If state (i, j) = 4 at t, state (i, j) = 4 at t + ∆t.
4. If state (i, j) = 2 at t, state (i ± 1, j ± 1) = 3 if the
factor pburn is higher than a value obtained by a
random generator.

ps = exp (aθs )

(4)

The number and type of vegetation categories can be as
refined as one wishes as long as the values attributed
to each category reflect how flammable each category is.
We opted to distinguish between only two types of vegetation, (i) forests and shrubs and (ii) agriculture, since we
assume that shrubs are not less flammable than forests.
The values we employ in our model are indicated in Table I.
TABLE I: Values of pveg attributed to each considered type
of land cover: forests, shrubs, agricultural land, rivers and
roads.
Type of cover
pveg
Forests & shrubs
0.4
Agriculture
-0.3
Rivers
-0.7
Roads
[−0.6, −0.4]

B.

Modified model

Freire et al. introduced an extra rule to the Alexandridis model of fire spread and applied the modified
model to simulate the wildfire that occurred in Tavira, in
2012 [9]. According to this rule, fire can propagate from
a single source cell to n cells placed along the wind direction when wind speed is greater than a certain threshold.
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FIG. 2: Number of burned cells along the wind direction, n,
as a function of wind speed, v. The applied wind rule can
be represented as a step function where different wind speed
thresholds, v1 , v2 and v3 , provide different number of cells to
be burned at a single time step, n1 , n2 and n3 .

with observation if the corresponding cell burned in reference. Otherwise, partial agreement is given by 1 − f
(not burned in reference, not burned in the ensemble).
The fuzzy contingency table is then filled according to
the following expressions:
 0 Pn,m
a = i,j Rij sij
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(5)
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where Rij are the entries of the real burned area matrix
(Rij = 1 if (i, j) burned in reality, Rij = 0 otherwise),
sij contains the relative burning frequency of cell (i, j)
in the simulation ensemble, n and m are the number of
rows and columns, respectively.
Several indices can be computed from the entries of
contingency tables, such as, overall agreement (OA), Dice
index (DC), commission (CE) and omission (OE) errors
and bias (B). These are a measure of agreement, reliability or bias of the forecasts:
a+d
n

(6)

2a
2a + b + c

(7)

CE =

b
n

(8)

OE =

c
n

(9)

OA =

DC =
FIG. 3: Data organized in a contingency table. Columns
contain data of what it is considered to be the truth against
which one wants to validate the results obtained by the forecast (rows). Adapted from Wilks [18]

The number of cells to be burned is determined by a step
function, such as the function represented in Fig. 2.
In our model, we included this wind rule, but we
changed the way it is applied. On the one hand, only
cells whose pveg value is greater than -0.3 can be ignited.
On the other hand, fire is allowed to jump over cells which
cannot be ignited. With this rule, we can thus mimic the
effect of spotting and promote fire propagation along the
fire direction.

C.

Verification and Validation of the models

We made use of contingency tables to assess the level of
agreement of simulations’ results with the reference data
[18]. Fig. 3 shows a contingency table and the meaning of each one of its entries. In our case, “yes” means
burned and “no” not burned. Each entry contains the
number of cells that burned both in the reference and
in simulation, a, not in the reference but in the simulation, b, in the reference and not in the simulation, c, and
not burned in either, d. However, since we performed
an ensemble of simulations, such hard classification is
not appropriate. We thus resorted to fuzzy classification which allows for partial agreement to be considered
[19]. We had as output data of our simulations a matrix
whose entries contained relative burning frequencies for
each cell, f . The values of f indicate partial agreement

B=

a+b
a+c

(10)

For example, Dice index express agreement of forecasts with observations. The former is defined as the
ratio between the sum of the diagonal entries and the
total number of cells (Eq. 6). Dice index differs from OA
in emphasising the “yes”-“yes” counts and ignoring the
“no”-“no” counts, as is expressed by Eq. 7 [18]. CE index measures the relative counts of false positives (Eq. 8),
whereas OE index quantify the relative number of false
negatives in the forecasts (Eq. 9) [20]. The last index we
consider here is the bias index. This index is the ratio between the “yes” forecast counts and the “yes” observation
counts, as shown in Eq. 10. Unbiased results correspond
to B = 1. This index makes no mention of agreement
between forecasts and observations [20].

D.

Input data

The elevation data required to calculate slopes of
neighbouring cells were provided by SRTM (Shuttle
Radar Topography Mission) digital elevation model [21].
Wind speed and direction matrices were updated for
every elapsed hour of the simulations. These data resulted from running the regional model WRF (Weather
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Research Forecast, version 4.0) [22]. Then, wind data
were corrected for the topographic effect by WindNinja
(version 3.4.1) [23].
Vegetation and initial state matrices were obtained
from classifying land cover with 100 m resolution raster
maps provided by CORINE data set (Coordination of
information on the environment, CLC2012) [24].
Our main source of how wildfires evolved over time is
the report done by a multidisciplinary team as a request
of the Portuguese Parliament [3]. There, we find maps
where hourly fire perimeters are indicated by isochrones.
We complemented this information with satellite data,
in particular, data provided by MODIS and VIIRS products of active fire detection: MCD14DL (collection 6, 1
km resolution) [25], and VNP14IMGTDL NRT (375 m
resolution) [26], respectively.
Almost all burned area shapefile maps were obtained
from EFFIS (European Forest Fire Information System)
[27]. The exception was Quiaios (Figueira da Foz). To
obtain a map of Quiaios’ burned area with the same level
of detail as the reference map, we performed its mapping
ourselves using Sentinel-2 of burned areas and followed
the methodology described in Rus-Copernicus tutorial
[28].
We resorted to ICNF’s (Instituto da Conservação da
Natureza e das Florestas) [29] burned area shapefiles to
gather information on where and when the different fire
events started and ended. This information was confirmed and complemented with the information presented
by the report on the October fire events [3].

IV.

CASE STUDIES

During the October wildfire episode (15-17 October)
a total of 223,901 ha burned. On October 15, meteorological conditions were set for extreme fire behaviour
to occur [30]: temperatures of 30o C, relative humidity
lower than 30%, dead fuel moisture content between 3%
and 6%, and last but not least, strong winds. Average
wind speed reached values of 30-40 km/h and maximum
wind speeds were as high as 50-80 km/h. The wind was
strongest in central Portugal, where most of the wildfires
took place. Direction of fire propagation was determined
by wind direction: from south to north. These fires were
wind-driven, although pyroconvection played an important role in the development of these fire events [3]. Pyroconvection designates phenomena that arise from the
interaction of fire with atmosphere, locally changing the
weather. Fireline intensity, energy emitted per unit time
and unit length by an active fire [30], associated with
the observed fire propagation speeds was estimated to
be too high for suppression efforts to have had effect.
Therefore, these fires progressed mostly unconstrained,
where wind-induced spotting was responsible for generating new ignitions at distances as great as 500-2000 m
from the fire perimeter [3].
We implemented the already mentioned CA fire spread
models to simulate four of the large fire events that
took place on October 15: Pataias-Burinhosa, Quiaios
(Figueira da Foz), Sertã and Arganil. Fig. 4 shows the
geographical location of the case studies.

FIG. 4: Map of Portugal with the location of the case studies: Pataias-Burinhosa, Quiaios (Figueira da Foz), Sertã and
Arganil. The remaining area burned on 15-17 October is represented in grey.

FIG. 5: Elevation profiles of the regions where coastal wildfires took place: (a) Pataias-Burinhosa; (b) Quiaios (Figueira
da Foz). Black lines represent the real fire perimeters. Elevation values in these regions range between 0 m and 250
m, showing average elevations, h̄ , of (a) 51 m and (b) 36 m.
Standard deviations, std, are (a) 55 m and (b) 34 m.

Wildfires that took place near the coast developed similarly, but differently from the fires that occurred in inland regions. Both coastal wildfires, Pataias-Burinhosa
and Quiaios, show an elongated shape, which reflects the
influence of the wind in their development. It is also
noteworthy that, in all cases, fire consumed most of the
total burned area by the end of the first day, although
these fires were only fully under control around the end
of October 16 or during the first hour of October 17.
The linear progress of these wildfires can be attributed
to the characteristics of the terrain: fairly flat and homogeneous land cover [3]. Fig. 5 shows that these regions
have low values of elevation (average elevations values of
the study areas for Pataias-Burinhosa and Quiaios are 51
m and 36 m, respectively), with small variability (standard deviation values are 55 m (Pataias-Burinhosa) and
34 m (Quiaios)). The land cover maps in Fig. 6 were
obtained from classifying CLC2012 codes [24] into four
categories: non-flammable, agriculture, shrubs, forests.
These show that the land enclosed by the fire perimeter
was covered by mostly forest and patches of shrubs.
The regions where Sertã’s and Arganil’s wildfires took
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FIG. 6: Coastal regions’ land cover maps obtained from
CLC2012 [24], where fire perimeters are indicated in black:
(a) Pataias-Burinhosa; (b) Quiaios (Figueira da Foz).
CLC2012 information was classified into four categories: nonflammable, agricultural areas, forests and shrubs. These maps
show that the coastal burned areas used to be covered by
forests and shrubs.

FIG. 8: As in Fig. 6, but for land cover of inland case studies:
(a) Sertã; (b) Arganil. Land cover is less homogeneous and
continuous than in the case of the coastal regions. In particular, the area of Arganil where the wildfire occurred had a
quite heterogeneous cover with agricultural fields surrounded
by forests and shrubs.

TABLE II: Dimensions of study area for each case study
(length, l, and width, w), corresponding total burned area,
BA, and duration of fire events [3].
Case study
Pataias
Quiaios
Sertã
Arganil

FIG. 7: As in Fig. 5, but for elevation maps of inland study
areas: (a) Sertã; (b) Arganil. Elevation colorbar shows values
within a wider interval, 0-1800m, than in Fig. 5. Average
values of elevation, h̄, are (a) 559 m and (b) 485 m. Standard
deviations of elevation were found to be (a) 201 m and (b)
256 m.

place show heterogeneous topographic profiles (Fig. 7)
and discontinuous land cover (Fig. 8). Such terrain’s features combined with pyroconvection resulted in a more
complex development of these fires, in comparison with
the coastal wildfires [3]. Elevation profiles of the study
areas have average elevations equal to 559 m (Sertã) and
485 m (Arganil), presenting much greater standard deviations values than the ones calculated for the coastal
regions (201 m (Sertã) and 256 m (Arganil)). The areas
delimited by the fire perimeters have discontinuous and
heterogeneous land cover, being Arganil the region with
the most fragmented cover.
In Table II, we included the values of the area burned
in each case study, as well as the time required for fire to
be controlled. The dimensions of our study areas (length
and width) are also shown.
Pataias-Burinhosa’s wildfire started with an ignition
in Pataias at 2:01 pm, followed by a second ignition at
2:33 pm, in Burinhosa (northeast from the first ignition).
Most of its 16,949.6 ha burned on the first day. This fire
event was only contained on October 17 at 00:37 after
two hours of rainfall.

l(km) w(km) BA(ha) Duration(h)
47.1 33.4 16,949.6
34.6
42.6 27.0 19,025.5
32.7
51.5 32.0 33,192.6
38.0
57.6 39.1 38,811.0
41.1

Quiaios’ wildfire originated from a single ignition located at the most southern point of its fire perimeter. It
was first reported at 2:36 pm. This wildfire was dominated at 11:16 pm on the following day. During that period, an area of 19,025.5 ha was consumed by fire. Fire
spread fastest between 4:00 and 8:00 pm of the first day of
burning, with an average value of 4.8 km/h and reaching
up to 5.4 km/h [3].
Sertã’s fire had its start at 12:02 pm, in Figueiredo. Six
and a half hours later, a second ignition took place in Pedrogão Novo. The location of the latter prevented it from
having an important contribution to the way Sertã’s wildfire developed, since the growth of this ignition was constrained by the burned area of Pedrogão Grande (burned
in June 2017) in the west and north and, in the east, by
the active fire that started in Figueiredo.
Some ember carried by the wind traversed Cabril dam
and gave rise to a new fire in Machio (8:00 pm). From this
point, fire propagated fast, reaching the average speed
of 6 km/h. Propagation only considerably slowed down
after 3:00 am of the following day. Fire was controlled at
2:03 am on October 17.
The burned area of Pedrogão Grande, located west
from Sertã’s wildfire, acted as a barrier in the development of this fire event. It is believed that Sertã’s wildfire
would have reached much greater proportions if Pedrogão
Grande’s wildfire had not taken place [3].
Arganil’s burned area was the result of four ignitions.
The map containing information on its time evolution is
less clear and the reference map obtained from it contains only a few reference time lines than the previous
ones. The reference map was obtained from combining

6
the information in the report [3] with MODIS and VIIRS
data. This wildfire is the second largest wildfire ever seen
in the country, having burned 38,811 ha.
This wildfire started at 10:26 am, in Sandomil-Seia.
The discontinuous vegetation cover prevented it from
spreading fast. Two more ignitions, located southwest
from the starting point, took place at 12:28 pm. These
ignitions were only separated by 4 km: Relva Velha (east)
and Monte Redondo (west). The last ignition took place
at 11:00 pm in Seia (southeast region of the burned area).
The wildfire was contained on October 17 at 03:32 am.
Of the four case studies, this fire event registered the
highest growth rate, 6,968 ha/h, between 12:00 am and
1:00 am on October 16 [3].

V.

RESULTS

We started by simulating the case studies’ wildfires
with the baseline model. We selected time steps ∆t =
2 min and ∆t = 3 min for simulating wildfires that occurred in coastal and inland regions, respectively. These
values were found through an estimate of the time required for a square cell of side L = 100 m to be burned, as
obtained by dividing the linear distance advanced by fire
by the time it took to reach that distance. The difference
in time step between the two regions can be attributed
to their difference in topography: coastal regions present
flat terrain while inland regions show great variation in
elevation.
The maps used as reference for progress of fire over
time are shown in Fig. 9. Root-mean-square deviation
(RMSD) and average deviation, i.e., temporal bias, are
the quantities used to assess the level of spatiotemporal agreement. Fig. 10 shows the simulated time evolution (50th percentile) yielded by simulations performed
with the baseline model. The spatiotemporal agreement
is best for coastal wildfires, yielding RMSD of less than
2 h. However, their parallel isochrones come about as
unrealistic and do not resemble the reference lines. The
agreement of simulations of inland wildfires with the reference is much worse. Arganil’s wildfire shows RMSD of
more than 9 h and Sertã’s simulated fire shows very poor
spatial agreement.
To improve isochrones’ shape of the coastal fires and
spatial agreement of inland wildfires, in particular, Sertã’
wildfire, we performed new simulations employing the
modified model. The baseline time steps were found to
be inadequate to simulate fire spread with the modified
model, because the modified model accelerates fire propagation by allowing more than one cell to be set on fire
from a single fire source. We arrived at ∆tmodif ied =
2∆tbaseline .
Fig. 11 presents the 50th percentile time evolution
maps of wildfires simulated with the baseline model.
There is a clear improvement in the shape of isochronic
lines in the case of coastal wildfires. These are now
elongated and point towards the dominant direction of
fire propagation. However, their overall spatiotemporal
agreement slightly decreased as shown by the small increase of RMSD and bias values. The modified model
yielded major improvements in spatial distribution of
burned area in the case of Sertã. The reason of such

FIG. 9: Reference maps showing how fire evolved over time.
Top, left to right: Pataias-Burinhosa and Quiaios. Bottom,
left to right: Sertã and Arganil.

FIG. 10: 50th percentile maps showing progress of fire simulated with the baseline model (coastal wildfires: ∆t = 2 min;
inland wildfires ∆t = 3 min). Top, left to right: PataiasBurinhosa and Quiaios. Bottom, left to right: Sertã and Arganil. Ignitions points are indicated by red starts. Values of
RMSD and bias were calculated using the reference maps in
Figure 9.

difference lies in the spotting effect being captured by
the wind rule included in the modified model. This tells
us that Sertã’s fire spread mostly occurred by means of
embers carried by the wind, surpassing obstacles and generating new ignitions in isolated locations. The modified
model did not simulate the effect of the second reported
ignition, because the region where it occurred was burned
in the first three hours of simulation. However, we still
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FIG. 11: As in Fig. 10, but simulations performed with the
modified model (time steps ∆t = 4 min and ∆t = 6 min for
coastal and inland wildfires, respectively).

obtained good agreement with the reference, which confirms that this ignition did not crucially affect fire propagation, as stated in report [3].
Simulations of Arganil’s wildfire performed with the
modified model did not produce substantial improvements. RMSD value was found to be still over 9 h and
spatial distribution of burned area slightly improved.
Fig. 12 and Fig. 13 present how the relative burning
frequencies obtained from employing the baseline and the
modified models distribute and how they compare (difference map) for the coastal and inland wildfires, respectively. Except for Sertã’s wildfire, the spatial distributions of burning frequencies shown for both models are
very similar. That was to be expected, since these models
have most rules in common and thus respond similarly to
the underlying land cover. Fig. 14 shows that high frequency values (f > 0.5) are associated with flammable
types of land cover. That is the case for all the simulations except when employing the baseline model to
simulate Sertã’s wildfire. Therefore, Fig. 14 only refers
to simulations performed with the modified model.
Simulations of Sertã’s wildfire performed with the
modified model have Dice value equal to 0.7. This value
confirms the improvement produced by the introduction of the wind rule, since the baseline model yielded
small values of Dice and bias indices (DC = 0.4 and
B = 0.4) and large omission error (OEbaseline = 0.14 vs.
OEmodif ied = 0.06). Simulations of Pataias-Burinhosa’s
(both models) and Sertã’s (modified) wildfires present
the best spatial agreement (DC = 0.7). These are then
followed by Quiaios’ simulations (DC = 0.6). Arganil’s
simulated wildfire has Dice values of 0.5 (baseline) and
0.6 (modified).
We performed further simulations of Sertã’s wildfire,
but without taking into account the surrounding area
burned in the wildfires that occurred earlier that year.
Fig. 15 presents distribution of fire for three different

FIG. 12: Maps of burning frequencies obtained for the simulations of the coastal wildfires, applying (I) the baseline
(left) and (II) the modified models (middle). The map on
the right was obtained from taking the difference between
the first two maps. Blue (red) regions indicate higher burning frequency values for simulations performed with baseline
(modified) model. Top: Pataias-Burinhosa; bottom: Quiaios
(Figueira da Foz).

FIG. 13: As in Fig.12, but now showing distribution of burning frequencies for the wildfires that occurred in inland regions: Sertã (top) and Arganil (bottom).

values of elapsed time and highlights the fire perimeter
of Pedrogão Grande (June 2017). This shows that this
area would have a high chance of burning in October
2017 if it had not burned before. This result agrees with
what is shown in report [3].
To determine the viability of these CA fire spread models as operational tools, we studied how burning frequencies of cells’ inside and outside the real fire perimeter
compare. Fig. 16 shows the proportions of high (f > 0.5)
and low (f ≤ 0.5) relative burning frequencies for cells
inside and outside the fire perimeter. These histograms
refer to simulations performed with the modified model,
since the other model yields analogous results (except
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FIG. 14: Histograms of pveg values for cells that burned in
more than 50% of simulations (f > 0.5) performed with the
modified model. Top row refers to coastal wildfires: PataiasBurinhosa (left) and Quiaios (right). Bottom row: Sertã (left)
and Arganil (right).

FIG. 16: Histograms of burning frequencies showing the relative counts of cells burning outside (orange) and inside (green)
the area burned in reality. Only the results of simulations employing the modified model are shown. The legends contain
the average burning frequencies for both cells inside (f¯in ) and
outside the real fire perimeter (f¯out ). We further indicate the
number of burned cells inside, nin , and outside, nout . Top,
coastal wildfires: Pataias-Burinhosa (left), with nin = 19, 813
and nout = 21, 495, and Quiaios (right), with nin = 15, 631
and nout = 23, 973. Bottom, inland wildfires: Sertã (left),
with nin = 30, 649 and nout = 32, 458, and Arganil (right),
with nin = 49, 847 and nout = 64, 044.

FIG. 15: Burning frequency maps obtained from simulating
Sertã’s wildfire without taking into account areas that burned
earlier that year. Each map shows simulations’ results for
different values of elapsed time, from left to right: 6 h, 11 h,
17 h. The black line indicates the real burned perimeter of
Sertã. The white line represents the fire perimeter of the large
fire event that took place in Pedrogão Grande in June 2017.
.

for Sertã’s wildfire). In general, most cells inside the
fire perimeter were found to have high frequency values,
whereas cells outside tended to burn less frequently. The
box plots in Fig. 17 confirm this trend. Furthermore,
these show that the upper quartile of burning frequencies outside is greater than 0.8 in the case of PataiasBurinhosa, and is always less than that for all the other
case studies. Burning frequencies inside have upper quartiles greater than 0.8. This result allowed us to choose
0.8 as a burning frequency threshold above which most
real burned area is represented and only a small proportion of burned area outside the fire perimeter is visible,
as shown in Fig. 18.
The operational potential of CA fire spread models lies
in their capacity to determine accurately regions of high
and low fire risk to assist in fire combat management.
Fire suppression resources must be placed in low fire risk

FIG. 17: Box plots of relative burning frequencies of cells
inside and outside the real fire perimeter obtained from 100simulation ensemble performed with the modified model. Upper (lower) whisker extends to the 90th (10th) percentile of
the data. Top box plots were obtained from the coastal wildfires: Pataias-Burinhosa (left) and Quiaios (right). Bottom:
inland fires (Sertã, on the left, and Arganil, on the right).
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Our work shows that the employed CA models of fire
spread are suitable to simulate fire propagation. A modified model was obtained from the baseline model by introducing a wind rule that allows for fire to be spread to
a number of cells placed along the wind direction, when
wind speed is high enough. It further mimics spotting
effect by allowing fire to jump over cells.
In the case of coastal wildfires, the modified model
yielded isochrones whose shape is reasonably close to the
shape of time lines. In the case of Sertã’s wildfire, the
modified model outperformed the baseline model regarding spatial distribution of burned cells, which confirms

that spotting was instrumental in the spread of fire in
this region. In the end, Sertã’s simulated fire shows good
spatial agreement with the real wildfire (Dice value of
0.7).
Simulations of coastal wildfires show the best spatiotemporal agreement with the reference maps (RMSD
of about 2 h for both models). Their spatial distributions
of relative burning frequencies also agree fairly well with
the references (Dice values of 0.7 and 0.6 for PataiasBurinhosa’s and Quiaios’ wildfires, respectively).
In both temporal and spatial aspects, both models
performed the worst when simulating Arganil’s wildfire.
The modified model yielded slight improvements, but still
showing poorer agreement with reality than the previous
cases. Heterogeneous landscape, interaction of four ignitions and lack of detailed information on fire progress
can partly explain these results. In addition, it is known
that pyroconvection played a role in the development of
this fire and our models cannot simulate the occurrence
of this phenomenon.
We tested the effect of the occurrence of earlier wildfires on fire spread in Sertã. Simulations performed without taking into account area burned by those fires shows
that Sertã’s fire progress was very constrained and regions like Pedrogão Grande could have been burned in
October 2017 if these had not burned before.
Our results further demonstrate that these CA fire
spread models can play a role in fire combat. The CA fire
spread models identified the regions enclosed by the real
fire perimeter as having high risk of burning (f > 0.5)
and regions outside as having lower risk (f ≤ 0.5). This
shows that CA fire spread models can determine which
locations are safe and effective to place fire suppression
resources. Extra rules can also be added to simulate the
effect of human intervention on fire spread.
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Avaliação dos incêndios ocorridos entre 14
e 16 de outubro de 2017 em Portugal Continental. Relatório Final. Comissão Técnica Independente.
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