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ARTICLE INFO ABSTRACT

Keywords: Uncontrolled wildfires cause significant damage and economic costs. Wireless Sensor Networks (WSNs) can
Wildfire simulation mitigate these impacts by detecting fires early across extensive wildland areas. This work presents a simulation-
Optimization

driven optimization framework for localizing WSNs to enhance early wildfire detection and minimize potential
damage. Formulated as a Multi-Objective Optimization Problem (MOOP) and solved using the Non-dominated
Sorting Genetic Algorithm II (NSGA-II), the method utilizes dynamic wildfire simulations and considers
stochastic variables such as ignition likelihood and weather conditions. The methodology is general and
independent of the simulation model or the studied region. The framework supports decision-making under
uncertainty, ensuring the designed networks remain effective across varying conditions. A practical case study
with validated fire behaviour demonstrates the robustness of the approach to identify the most efficient and
cost-effective sensor locations. Results show significantly better performance compared to uniform sensor
grids and WSNs designed for fixed-weather scenarios, highlighting the benefits of this approach for wildfire
management.
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1. Introduction are highly related to the wildland fire suppression expenditures (Calkin

et al., 2005; Gebert et al., 2007; Liang et al., 2008). Therefore, given

Uncontrolled wildfires represent one of the most pernicious natural
disasters as they bring significant ecological (De Oliveira et al., 2023;
Dupuy et al., 2020; Hoffman et al., 2021; Mack et al., 2021; Van
Der Werf et al., 2017), economic (Bayham et al., 2022; Marshall et al.,
2023; Meier et al., 2023), and social (Machado-Silva et al., 2020;
Molina-Terrén et al., 2019; Pan et al., 2023; De Diego et al., 2023) costs.
Active suppression—encompassing detection, response, containment,
and control—is mandatory to tackle the spread of undesired fire events
and mitigate their adverse impacts (Plucinski, 2019). The dimension
and shape of a wildfire (e.g., burnt area and perimeter-to-area ratio)

the exponential growth of fast fires, fast response times are necessary
to mitigate costs and damage (Rodrigues et al., 2019). Adopting Early
Wildfire Detection Systems (EWDS) is a promising solution to shorten
the response phase.

Their use (Mohapatra and Trinh, 2022) integrates a network of
elements that collectively monitor large areas with minimum human
intervention (Carta et al., 2023). These interconnected elements include
sensor nodes, unmanned aerial vehicles (UAVs), optical cameras, and
satellite surveillance. The low costs of the Internet of Things (IoT)
devices and the consolidation of communication improvements such
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as 5G have catalyzed the implementation of these systems in recent
years. The integration of physical signal recording and edge computing
enables processing a wide array of wildfire influencing factors, includ-
ing temperature, humidity, precipitation, wind speed, air pressure, light
intensity, and concentration of smoke particles and combustion gases
(e.g., CO,, CO) (Sairi et al., 2023).

Static Wireless Sensor Networks (WSNs) are energy-efficient, cost-
effective, readily scalable, adaptable to heterogeneous environments,
and reliable for real-time monitoring (Yick et al., 2008). Their applica-
tion for the wildland-forest environment involves specifying various as-
pects of sensor devices, communication frameworks, and system design
to address energy consumption efficiency (Kaur et al., 2023), the appro-
priate IoT communications protocols (Chan et al., 2023), edge comput-
ing for processing the environmental data (Kizilkaya et al., 2022), and
sensor calibration methodologies for accurate fire detection (Dampage
et al., 2022). Commercial implementations underscore the importance
of environmentally conscious solutions (Dryad Networks, 2025; Pyri,
2025).

The standard deployment strategy typically follows a uniform pat-
tern, either through random placement—adjusting sensor density based
on fuel distribution and topography to maintain effective communica-
tion (Lloret et al., 2009; Verma et al., 2021)—or through deterministic
coverage of the entire area (Aslan et al., 2012). A mathematical opti-
mization approach could minimize installation and operational costs
without compromising early detection performance.

Optimization requires large volumes of high-quality fire behaviour
data to produce accurate and realistic recommendations. However, data
from past or experimental fires are unsuitable, as changes in the land-
scape alter subsequent fire behaviour (Hantson et al., 2022). Instead,
when properly parameterized with detailed geospatial information,
operational wildfire models offer fast and reliable predictions across
a broad range of scenarios (Sullivan, 2009), supplying the necessary
input to optimize the sensor locations.

Environmental modelling and geospatial data have been used in
different optimization applications including the routing of pipelines
(Skretas et al., 2022), the placement of watchtowers for early wildfire
detection (Heyns et al., 2019), and the design of ecological corri-
dors (Dang et al.,, 2024). In fire management, wildfire simulations
support the optimal planning of firebreaks (Carrasco et al., 2023), fuel
treatment strategies (Arca et al., 2015; Karimi et al., 2024), and fire
suppression operations (Granda and Vitoriano, 2024).

This work integrates dynamic wildfire simulations into optimizing
WSN localization for early wildfire detection. An extensive literature
survey revealed only one study specifically addressing sensor placement
for optimal wildfire detection (Azevedo et al., 2021) focused on sensor
coverage based on distance and local forest density without considering
wildfire dynamics. The use of simulations to optimize the placement of
sensors has been applied in groundwater pollution monitoring (Bode
et al.,, 2019) where a similar approach was proposed. Our contribu-
tion also incorporates probabilistic information on wildfire scenarios
and supports a variety of criteria for the cost and the operational
performance of the WSN.

The paper’s outline is as follows: Section 2 summarizes the method-
ology and describes the optimization approach. Section 3 illustrates
the case study, introduces simulation data, discusses the problem dis-
cretization, and defines the set of meteorological scenarios. Section 4
presents the results of our proof-of-concept, and Section 5 details the
implications of the findings. Finally, Section 6 concludes this work.

2. WSN optimization methodology

Our methodology aims to determine the optimal placement of static
sensors for early detection of wildfires. According to Fig. 1, the opti-
mization problem is formulated as follows:

Given:
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» Spatio-temporal simulations for potential wildfire scenarios,

« Probabilities for each wildfire scenario to materialize,

» A grid of predefined candidate sensor locations, and

» Objectives and constraints on the wildfire attributes upon detec-
tion;

Determine which are the optimal sensor locations in the grid.

In the following subsections, we describe the optimization frame-
work for the sensor location problem and its implementation. Also, we
describe how we set up and simulate the wildfire scenarios to evaluate
the WSN performance using alternative formulations of objectives and
constraints.

2.1. Optimization background

In this work, determining the optimal sensor locations constitutes a
Multi-Objective Optimization Problem (MOOP), generally formulated
as follows:

minimize F(s) = (f1(s), £,(5), ..., fy(s)) with s€Q, ¢))
st G(s) = ((5).82(5) ... g (5)) <0 )

where s denotes a particular solution (in our case, which locations
on the grid should contain a sensor) and Q2 is the domain of feasible
solutions. The overall performance of s, F(s), is a vector containing N
criteria, f,(s),n = 1,2,...,N. The objective here is to find solutions
that minimize simultaneously all the N criteria while satisfying the M
constraints g, (s),m=1,2,...,M in é(s).

When we have conflicting criteria, we cannot find a single optimal
solution that minimizes all of them. In this case, the optimum is the
set of all feasible solutions that meet the Pareto-optimality principle:
it is impossible to improve any solution in the Pareto set in terms of
one criterion without worsening one or more of the other criteria. In
the case of bi-objective problems, the Pareto set can be plotted on the
(f1(s), f2(s)) plane to indicate the ultimate boundary curve, called the
Pareto front.

2.2. WSN performance evaluation

Fig. 2 shows the progress of four fires starting from two ignition
locations (top-left for a and c, and bottom-central for b and d) under
two wind fields (North-West winds in a and b, and East winds in ¢ and
d). We also consider that we have deployed a WSN in this area. As
expected, the WSN performs differently in each fire, in terms of the fire
detection time, the burnt area or the fire front at the time of detection.
In scenario a, a sensor is located in the direction of fire spread, enabling
detection in 2.5 h. In scenario c, the fire pattern changes due to winds
blowing towards the West direction and a different sensor is triggered,
delaying the detection time to 4 h. Fires b and d are detected again
within 2,5 h and 4 h hours, but by different sensors, although they
started from the same locations as a and b, respectively. This section
discusses how we can evaluate the performance of any given WSN, like
the ones in Fig. 2 using data from wildfire simulations.

Using a realistic fire spread model, it is possible to predict wildfire
attributes detectable by a WSN, and optimize its design using an en-
semble of (known) ignition points. Examples of such attributes are the
propagation of the fire perimeter, the dispersion of combustion gases,
the atmospheric transport smoke particles and embers, heat release,
the sound made by the burning process, among others (Prieto Herréez
et al., 2017; Coen et al., 2013; Finney, 1998; Linn et al., 2002; Prichard
et al, 2014; Ottmar, 2014; Tymstra et al., 2010). In a real case
scenario, the optimal sensor localization should consistently perform
well regardless of the ignition location and the weather conditions
during a wildfire and inform the authorities about the existence of an
unexpected fire.

In summary, we characterize our fire simulations dataset according
to:



J.L. Gémez-Gonzdlez et al.

Ecological Indicators 175 (2025) 113509

Fire prone region

Case study [Gomez et al.(2024)]
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Fig. 1. The panel illustrates the optimization process, starting with the generation of fire simulation data, the design of the grid for candidate sensor locations, and the problem

formulation discussed later.
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Fig. 2. Fire simulations corresponding to two sets of ignition points (identical for a,
¢, and correspondingly b, d) and wind distributions (a,b North-West winds, c,d East
winds). Wind fields were produced with WindNinja (Wagenbrenner et al., 2016). Note
how different initial and weather conditions change the early detection capability of
the WSN.

+ A given set of I ignition points, and their occurrence probabilities
pii€ll 1], st Y, p =1

* A given set of K weather conditions, and their frequencies w;,
JEILKL st Y 0 =1.

We simulate for each ignition location i and weather scenario j
the wildfire observable threshold that triggers a sensor placed at a
position 7 at time t, which we note Q,; (7,). Using the simulation
datasets, we can compute the optimization criteria and constraints (see
Egs. (1)-(2)). In particular, given a WSN arrangement s, we apply a set
of user defined functions h,, to evaluate its performance [¢,];; based
on the fire simulation data:

[@nlij () =h, (Qi,j (7’ t) ’ S) 3)

Each criterion f,(s) considers the overall performance of design s
with respect to each function [¢,]; I The performance of each scenario
(i, j) contributes to f,(s) according to the following correlation, factor-
ing in the frequency of weather conditions and the probability of each
ignition point in the studied area:

K I

TACED DWALAO 4

J
The performance functions, h,, can be defined according to the
specific prevention goals of each case study.

+ Informing of an uncontrolled fire as soon as possible, then 4,
corresponds to the detection times following the signal triggering
the sensors.

Reducing the damage caused by the fire, for which adequate
candidates for h, are burnt area or fire perimeter after detection,
regardless of the time fire spreads.

Minimizing specific losses at detection (e.g. biodiversity, econom-
ical, carbon emissions) for which 4, should include additional
information about the burnt elements (e.g. Wildland-Urban/In-
dustrial interfaces mappings (WUI/WII), or tabulated emissions
release by combusted fuel type).

Additional criteria intrinsic to the sensor technology, like the WSN
installation and maintenance costs, can be considered.

We may also impose constraints on the fire attributes or the network
characteristics according to Eq. (2), such as thresholds on the number of
sensors, the maximum undetected damage, or levels of risk avoidance
in strategic/valuable areas.

2.3. Numerical implementation

The optimization approach utilizes a large amount of simulation
data, requiring careful mathematical encoding to reduce the compu-
tational load. During evaluation over I and K sets, sensors are static,
thus the solutions s encode the location of sensors in the network. To
simplify the combinatorial explosion, candidate sensor locations are
restricted to a set 7;, I € [1, L]. Therefore, the optimization variables
constitute a binary vector, 5 = {s;}, denoting the presence (s; = 1) or
not (s; = 0) of a sensor at candidate location 7;.

The arrival times (AT), ti’j(?), define the time intervals relative to
the ignition instant required to trigger a sensor placed at the candidate
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location 7. These values are static regardless of the dissipation of the
wildfire attributes Q, (7, 1) triggering the sensors (e.g. smoke concentra-
tion build-up necessary to trigger a sensor and subsequent dissipation).
From the detection point of view, the most critical variable is the
time when the first sensor is triggered, denoted here as t?‘?te“i""(é’).
For a candidate 5 and given simulation conditions (weather, ignition
location), this time is the minimum of ATs to any sensor in the network:

tg;tection(g’) — m,in{ti,j (?I) | 5 = 1} 5)

The computational efficiency of the optimization process improves
providing the sensor candidate locations sorted by increasing ATs
for each wildfire simulation. Then, the sensor that detects a wildfire
is the first element of the sorted list such that s;, = 1. Once the
detection is identified by a particular sensor, it is necessary to derive the
performance functions ,,. For simplification, we introduce the notation
of 5; as the configuration with a single sensor (i.e. size one) located at
the candidate position ;. Thus, the total necessary fire data consists
of two tables, one listing the sorted candidate sensor locations and
another corresponding to the [¢,];; (5,) values. The sorted candidate
sensor locations enable the use of post-detection applications with
low computational costs, as the sequence of sensors triggering the fire
detection is readily accessible.

We assume that the WSN fails to detect the fire if the simulation
time exceeds a given threshold. In reality, such fires would probably be
detected by human observation or other detection systems, but much
later. In those cases, we consider that a non-detected fire has to be pe-
nalized due to that failure to trigger an alert on time. The penalization
assigns the final simulated time and maximum performance criteria h,,
(e.g., total burnt area, final fire perimeter, the highest concentration of
combustion gases, etc.) to those candidate sensor locations not experi-
encing the arrival of O, ; (7.1). This penalty scales with the severity of
the wildfire, which effectively diminishes the weight of non-dangerous
fires in the optimization process, ensuring the system prioritizes the
detection of potentially destructive fires.

Constraints presented in Eq. (2) are problem-dependent. When these
impose upper limits on h, performance criteria values, they can be
computed in parallel to the performance objectives f, by subtract-
ing the difference between [¢,|, - and the thresholds provided. These
differences accumulate when a constraint is unmet, representing the
restriction’s deviation. The optimizer then uses this information to
improve the search for solutions that fulfil the constraint.

2.4. Non-dominated sorting genetic algorithm II and Pymoo

The problem formulation considered here has only binary variables
and the objective functions/constraints are discontinuous and non-
linear. For these types of problems, Genetic Algorithms (GA) appear as
an excellent choice and have been used in similar applications in wild-
fire management and sensor optimization (Chen et al., 2022; Arca et al.,
2015; Castro et al., 2024; Azevedo et al., 2021). GA consider a popula-
tion of solutions that are modified using operations like crossover and
mutation from one iteration of the algorithm (i.e. generation) to the
next one. We use here the Non-dominated Sorting Genetic Algorithm
IT (NSGA-II) (Deb et al., 2002) implemented in Pymoo (Blank and Deb,
2020). Pymoo is a Python-based optimization framework that provides
advanced single- and multi-objective optimization algorithms, as well
as visualization and decision-making support. In NSGA-II, only a frac-
tion of the population is actually modified (i.e., offspring population)
to ensure that we reach a set of non-dominated solutions. NSGA-II
employs a fast sorting approach to classify the solution populations into
different levels of Pareto fronts. NSGA-II also incorporates a crowding
distance mechanism to preserve solution diversity within the same
front, ensuring a well-distributed Pareto-optimal front. NSGA-II is suit-
able for bi-objective problems, and additional criteria can be introduced
as constraints (Skretas et al., 2022). Deb et al. (2002) provided detailed
information on how NSGA-II generates a good approximation of the
Pareto front. Algorithm 1 outlines the optimization pipeline proposed
in this work and where we need to call the NSGA-II routine.
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Algorithm 1 Numerical implementation of the optimization frame-
work.

1: Input: Q, ;(F,1), p;, w;, candidate sensor locations 7;
2: Output: Pareto-optimal front WSNs, §
3: Define objectives f,,(5)
4: Define constraints g,,(5s)
5: Initialize arrival time (AT) and performance functions for all
candidate sensor locations
6: for each ignition i € I do
7: for each weather j € K do
8: for each 7, I € L do
9: if 0; j(F,,t) arrives then
10: Compute t; (7))
11: Compute [¢,]; ;(5))
12: else Q, ;(7,t) does not arrive
13: Penalize 7; with max{t; ;(7)}
14: Penalize 7; with max({[¢,]; ;(5))}
15: end if
16: end for
17: Sort 7, by increasing ¢, ;(F))
18: Store sorted candidate sensor locations and [¢,]; ;(5))
19: end for
20: end for

21: Call the optimizer (see Section 2.4)
22: Default optimizer initialization (Blank and Deb, 2020)

23: for each generation do

24: for each WSN configuration s in population do

25: Evaluate criteria and constraints (Egs. (7), (8), (9))
26: end for

27: Generate the next population of solutions

28: end for
29: Return Pareto front optimal WSN

2.5. Example of objectives and constraints formulation

Our criteria to find the best WSN are based on evaluating the perfor-
mance of solutions s, comprising a static layout of sensors, denoted as
t;{j’“””"(i’). Geographical information systems provide spatial character-
ization of wildland domains as rasters. To illustrate our methodology,
we assume that due to the limited spatial resolution provided by the
raster format, the sensors detect the fire (and trigger the correspond-
ing signal) deterministically whenever the wildfire perimeter reaches
the pixel where these are located. More information about the fire
simulator used to reproduce these dynamics is explained in Section 3.2.

In this section we present a practical example where the WSN
optimization is formulated as a bi-objective problem. The example
considers a performance-related objective function and a cost-related
objective function. Further requirements are included as operational
constraints, as explained below. The results of Section 4 are obtained
using this example formulation.

2.5.1. Performance-related objective function

Fire size and shape are the main indicators of negative impacts
and economic costs (Calkin et al., 2005; Gebert et al., 2007; Liang
et al.,, 2008). Therefore, in the current implementation, we propose
to overlook the detection time and minimize Burnt Areas (BA) at
detection. Prioritizing the BA intrinsically reduces the importance of
non-dangerous fires in the optimization process and ensures that the
network effectively targets potentially destructive fires. Therefore, to
build a first objective, we propose to target BA for each specific igni-
tion and meteorological scenario at detection time as the performance
function A, which depends on §

BA,, (t;ijtection(g)) — [¢1]”(§’) =h (Qi,j(y’ tg;tection)’ E) (6)
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The global performance objective, f|(s) aggregates individual fire
detection assessments by the solution § as presented in Eq. (4)

w I
fi) =Y, <Z piBA, (r:{?e“i""(a)) @)
J i

The performance objective Eq. (7) has the clear physical meaning of
minimizing the average Detected Burnt Area (DBA) across all weather
scenarios and ignitions. The algorithm showing the computation of f;
according to the numerical implementation is part of the supplementary
material.

2.5.2. Cost-related objective function

We also aim to minimize the size of the network and reduce the
costs (and difficulties) inherent to the deployment, maintenance, and
purchasing of the sensors. In the absence of detailed data, these costs
could be assumed to be proportional to the size of the grid of candidate
sensor locations, so

L
HG) = 25/ 8)
1

The algorithm showing the computation of f, is part of the supplemen-
tary material.

2.5.3. Operational constraints

A final element of the optimization is the set of constraints G(3). In
Spain, the potential severity index of a forest fire (ranging from 0 to 3
in increasing severity) is an essential metric for managing the resources
and means mobilized during an emergency (Ministerio del Interior,
Secretaria General Técnica, Direccién General de Proteccién Civil y
Emergencias, 2014). In particular, level 0 implies that the wildfire
is suppressed with local capacity, and levels 1 to 3 set increasing
fire risk scenarios demanding the dispatch of extraordinary resources.
The conditions leading to different potential severity index classes are
defined at the Spanish regional administration level. In particular, the
Civil Protection plans of the region “Castilla y Le6n” state that fires
burning more than 30 ha fit the potential severity index level 1 and
higher (Gobierno de Castilla y Leén, 1999). The specification of poten-
tial severity indexes based on wildfire attributes poses an opportunity
to define constraints able to provide confidence that optimal WSNs
operate under operational demands. In our study, the optimization
considers various DBA constraints (Eq. (9)), including the cited 30 ha,
which is the upper limit for an undetected fire.

g (5) = B4, (r;{jtem""@)) ~BA <0 VieLVjeK ©

For details on the code and access to the simulated data tables necessary
to run the case study of this work, we refer to Section “Software and
data availability”.

3. Simulation data

This study focuses on a case study located in Spain that experi-
enced a severe wildfire incident in 2012. We use a propagation model
previously validated in this specific scenario to conduct our wildfire
simulations (Gomez-Gonzalez et al., 2024). Meteorological data for the
simulations are sourced from the COPERNICUS ERA5 dataset (Coper-
nicus Climate Change Service (C3S), 2018), along with the procedure
to identify the different high-danger fire-weather conditions and their
frequencies to run the simulations. Wind fields were produced with
WindNinja (Wagenbrenner et al., 2016).
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3.1. Case study data

The area of study refers to a region in the outskirts of Cocentaina, a
small town in the province of Alicante, South-East Spain. The forested
area corresponds to the “Protected Natural Area of Mariola Mountain
Range”. The landscape model reproduces conditions before a severe
wildfire incident that happened in 2012. Fire behaviour variables were
computed in a previous work (Gomez-Gonzdlez et al., 2024), with
a representation of the elevations map and surface fuel distribution
shown in Fig. 3-left, 3-right respectively.

The wildfire’s evolution, weather conditions, and final burnt area
were documented by the “Integrated Wildland Fire Management Sys-
tem” (SIGIF) from the Spanish Autonomous Region of Valencia (Gen-
eralitat Conselleria de Medio Ambiente, Infraestructuras y Territorio,
2015). The conditions leading to the Cocentaina 2012 wildfire incident
are representative of the high fire susceptibility characterizing this
mediterranean landscape. During the period from 1995 to 2019, the
region experienced 88 fire outbreaks, out of which 18 escaped initial
suppression (Ministerio para la Transicién Ecolégica y el Reto De-
mografico (MITECO), 2019), supporting the future adoption of EWDS.
Because of the proximity of the municipality of Cocentaina to the fire
ignition, the municipal boundary is integrated into the fire domain used
in this work. Thus, the fire landscape constitutes an example of a WUI
scenario.

3.2. Fire simulations

The fire simulator used to produce fire dynamics data required for
optimizing WSN configurations is taken from Gomez-Gonzélez et al.
(2024). This model was validated on the fire domain described in the
case study. Fire growth is prescribed considering Cellular Automata
(CA) modelling based on the cells comprising a raster representation
of the fire domain. The CA models the combustion state of fuel ele-
ments with a single possible transition from unburnt to burning states,
predicting burnt area growth over time.

Here, we consider only fires initiated from single ignition sources.
We also assume the meteorological and environmental conditions re-
main constant between the fire ignition and the fire detection. To
provide enough fire propagation data, our simulation experiments run
5 real-time hours.

3.3. Domain discretization: distribution of ignition and sensor points

The fire scenario comprises an area of 6441 ha, with an intricate
distribution of fuel type, canopy structure, moisture, wind, etc, includ-
ing the WUI with the municipality of Cocentaina. To accommodate the
environment variability, the domain is segmented on a squared lattice
of cells of size 25 x 25m?, including 321 x 321 cells in total. The
methodology is tested only on the portion of the fire domain located
west of the town, covering 4110 ha.

This study assumes the probability of an uncontrolled ignition to be
homogeneously distributed over the fire domain, hence p; = % Fig. 4
illustrates the overall domain of study along with the ignition locations
and the candidate sensor locations. Table 1 summarizes the geograph-
ical information that specifies the area of study and the discretization
parameters used here.

The typical detection distances for current sensor technology for
EWDS range from 10 to 100 m (Mohapatra and Trinh, 2022). Given
the raster spatial resolution (see Table 1), this range is in agreement
with the assumption that sensors respond accurately as soon as their
trigger (e.g., fire, particle concentration, heat, sound, etc.) reaches the
cell in which they are located.

The candidate sensor location and the ignition grids both share the
same resolution but are shifted to avoid overlapping and spurious fire
detections. The resolution of the simulated raster datasets limits the
density of the grids of the ignitions and candidate sensor locations. In
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Fig. 3. Left, elevation map from the study area. Right, Rothermel fuel types (Ft) computed in Gémez-Gonzalez et al. (2024). The legend corresponds to the specification given
in Anderson (1982), Short Grass (Ft 1), Timber Grass and Understory (Ft 2), Chaparral (Ft 4), Brush (Ft 5), Dormant Brush (Ft 6), Southern Rough (Ft 7), Compact Timber Litter
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Fig. 4. Fire domain with grids defining candidate sensor and ignition locations
considered in this study. Areas in grey colour represent urban and industrial areas.
The inset plot offers a close-up view of both grids.

Table 1
Geographical parameters of the fire domain, the lattice discretization, and spatial
coordinates for the ERA5 weather reanalysis and Fire Weather Index (FWI) data
retrieval.

Geographical parameter Value
Number of cells in x-axis (L,) 321
Number of cells in y-axis (L,) 321

South-West corner x
South-West corner y

715987.5 m (ETRS89, zone 31N)
4287987.5 m (ETRS89, zone 31N)

Cell size in x-axis (C,) 25 m
Cell size in y-axis (C,) 25 m
Total area 6441 ha
Area covered by sensors 4541 ha

ERA5 coordinate x
ERA5 coordinate y
FWI coordinate x
FWI coordinate y

713658.213 m (ETRS89, zone 31N)
4296 347.495 m (ETRS89, zone 31N)
717 405.761 m (ETRS89, zone 31N)
4286452.733 m (ETRS89, zone 31N)

the case study considered here, we have 65,760 flammable cells, so
this is also the maximum number of ignition and candidate sensor lo-
cations. Ignition locations and candidate sensor locations are arranged
uniformly to ensure an unbiased exploration and monitoring of fire
dynamics across the different geographical zones.

Table 2
Resolution §, boundary offset A, and number of cell candidates for ignition and sensors
parameters.

Grid parameter Candidate sensor locations Ignitions
Cell candidates (1,,,4i4ares) 2650 2300
Final valid cells 1961 1556
Cell separation (8) 5 5

Grid offset (1) 4 25

Ignitions are not distributed close to the boundaries of the grid to
avoid inaccurate fire simulations due to the finite size of the domain.
Sensor placements, on the contrary, extend to the boundaries of the
grid to allow the detection of fires spreading in all directions.

The grid specification takes into account that raster cells categorized
as non-wildland fuels are not suitable for ignition, nor as candidate
sensor locations (see Fig. 4). The grids of ignition locations ; and can-
didate sensor locations 7, are defined following the procedure shown
in algorithm 2. The result is a squared lattice of cells, spaced & cells
apart, among adjacent locations of ignitions and candidate sensors,
offset A cells from the boundary of the domain. Table 2 summarizes
the parameters that define the grids of ignitions and candidate sensor
locations.

Algorithm 2 Definition of ignitions and candidate sensor locations.
The operators |+] and [+] denote the floor and ceiling functions, re-
spectively. The values of the parameters are found in Tables 1 and
2.

N« [%], number of candidates in x-axis

forz=1,n do

candidates

(=1
(G-DG+n+2-ns1 =)

1:
2:
3 X, < %
4 oy e (,1+(5+ 1)[“;—%)

5: if Fuel(x,,y,) # "Artificial" and 7, is “Left Cocentaina” then
6 P, < [x., 0.1

7

8:

end if
end for

3.4. Fire-weather scenarios

This study aims to optimize the WSN performance to operate dur-
ing high-danger fire-weather conditions when the likelihood of severe
fire is higher. The meteorological information used in our research
is the ERA5 weather reanalysis dataset (Copernicus Climate Change
Service (C3S), 2018), provided by the European Centre for Medium-
Range Weather Forecasts (ECMWF). To assess fire danger, our study
implements the fire danger forecast based on the Canadian Forest
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Fig. 5. Left, Percentile distribution of Fire Weather Index (FWI) data by month with the concentric blue line noting days with high-danger fire-weather conditions. Right, the wind
rose, summarizing the wind distribution during days with high-danger fire-weather conditions. Red concentric sections, with numbers, indicate the 90th wind speed percentile.

(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 3
Wind speeds and direction statistics used for the optimization.

Wind direction 90th percentile of wind speed (m/s) Frequency o;

North 8.97 7.30%

North-East 14.53 12.52%
East 12.08 12.04%
South-East 10.06 13.33%
South 11.91 11.27%
South-West 11.55 15.99%
West 17.26 18.59%
North-West 17.54 8.96%

Fire Weather Index (FWI) System provided by ECMWF (Copernicus
Emergency Management Service (CEMS), 2019). We consider historical
data 5 years before the fire incident of Cocentaina in 2012 because
meteorology after a wildfire is potentially affected at the local and
regional scale (Hantson et al., 2022). Table 1 summarizes the geograph-
ical coordinates where this data is referred to, and Fig. 5 shows the FWI
and wind distribution data.

FWI values greater than 21.3 correspond to days with high-danger
fire-weather conditions according to the European Forest Fire Informa-
tion System (EFFIS) (2007) classification (Concentric blue line in Fig.
5-left). Consequently, our study omits meteorological information from
days with smaller FWI values.

The main weather magnitudes affecting fire behaviour used in the
model are fuel moisture and winds (Gémez-Gonzalez et al., 2024). On
the day of the fire event, the FWI value was 37, ranking as the 87th per-
centile in the dataset. Therefore, we consider that fuel moisture values
computed in the previous study are representative of the high-danger
fire-weather conditions in which the WSN is expected to operate, and
no other scenario is considered.

The wind rose in Fig. 5-right, shows the distribution of winds across
the eight cardinal directions during high-danger fire-weather days, with
the radial scale indicating wind frequency per direction and the shades
of colour showing the distribution of wind speeds. For each wind
direction, we estimate the 90th percentile wind speed as the expected
worst-case scenario (concentric red sections in Fig. 5-right). Following
the Beaufort scale (Encyclopaedia Britannica, 2024), their intensities
range from class 5 (fresh breeze) to 7 (high wind). The fire-weather
frequency coefficients w; are determined by the frequency of wind
directions. These wind values, tabulated in Table 3, are the inputs to the
simulator WindNinja (Wagenbrenner et al., 2016) to generate the wind
fields. Fig. 2 showcases the wind fields corresponding to the North-West
and East winds.

4. Results

This section introduces the optimization results for the Cocentaina
case study (Section 3) according to the formulation of Section 2.5 and
the wind frequencies of Section 3.4. Then, the performance of networks
is compared with the following three cases:

» The no-sensors case using Free-Spreading Fires (FSF) burnt area
statistics after 1/2 h, 1 h, and 3/2 h.

+ Uniform WSN cases without optimization.

» Fixed-weather cases using networks optimized for each scenario.

The uniform WSN cases are defined over the same set of candidate
sensor locations as the solution space 2. Sensors are placed at a
distance of v metres, following a squared symmetrical pattern. When
v decreases, the network size increases. For the same v, we can define
more than one WSN due to the possibility of sliding the lattices over the
grid of candidate sensor locations. We consider the ensemble of all uni-
form lattices for each v Uppin(1,)max(r,)1 () = (il i, ... Ji)}. N, stands
for the number of lattices with v € V, being V the set of distances. This
study presents uniform networks for V' = {300,450, 600,750,900} me-
tres. For the remainder of the study, we will refer to the uniform lattices
by their number of sensors. For instance, Fig. 8-centre displays the Uy,
WSN, including 204 sensors, for v = 450 m. The comparison outcomes
are also analysed, with a closer examination of their implications, in
Section 5.

4.1. Optimized WSN localizations

The optimizer parameters used in the study are presented in Ta-
ble 4. In NSGA-II, the population size, the offspring population, and
the number of generations control the speed and the quality of the
model convergence. Given the numbers in Table 4, the optimization
runs involve the assessment of nearly 8,000,000 alternative WSNs —
evaluated as population size + (number of generations x offspring
population). These parameters can be linked to the size of the solution
space and the desired resolution of the Pareto front approximation,
as explained below. The crossover and mutation probabilities use the
default values from Pymoo. The population sizes and the number
of generations are sufficiently large to ensure convergence and to
adequately cover the Pareto front. Convergence was confirmed by
observing the improvement of the front between successive genera-
tions. The choice for a larger population size in the unconstrained
case is to maintain the same resolution in the results since the Pareto
front is wider for the unconstrained problem. Note that if we applied
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Table 4 Table 7

Values of optimizer parameters for optimization runs without/with the DBA Free-spreading fire (FSF) simulations BA statistics after different times.

constraint. Time (h) Mean (ha) 50th (ha) 90th (ha) 95th (ha)
Parameter Without constraint With constraint 1/2 h 3.21 2.31 7.62 9.44
Population sizes 300 150 1h 11.42 8.62 26.58 32.12
Offspring population 20 20 3/2h 23.71 18.62 54.25 64.73
Number of generations 400,000 400,000 5h 234.38 237.19 434.66 487.74
Number of WSN assessments 8,000,300 8,000,150

Table 5
Performance statistics for constrained (5, (g)) solutions. Data reported for the solution
with the fewest sensors under each constraint.

Solution DBA (ha)

5,9 fi 50th 90th 95th
5407(10) 2.92 2.69 6.56 7.69
S350(12) 3.23 3.00 7.19 8.38
$h93(15) 3.81 3.75 8.56 10.19
5,5,(18) 4.97 4.69 10.81 12.56
5173(25) 6.28 5.56 14.00 16.62
5155(30) 7.04 6.25 16.25 19.06
5119(40) 8.91 8.12 21.44 25.50
S96(50) 10.96 9.69 26.25 31.06
$40(60) 14.51 13.31 33.19 39.31
555(90) 17.41 16.56 40.12 49.12
S46(110) 21.58 20.16 51.94 63.00

Table 6

Best performing uniform grids for each v, DBA performance statistics, and the loss
in performance compared to 5, (~) with the closest f, value — evaluated as 100 x

L1(U) = [1G L/ f1(U )%

Solution DBA (ha) Af, (%)
v (m) U, i 50th 90th 95th

300 Uy 4.52 4.12 9.38 11.56 77.20
450 U,y 10.22 8.81 20.94 26.50 99.61
600 Uy 17.24 15.75 36.12 43.25 110.64
750 Uy, 26.15 25.00 54.56 61.88 113.35
900 Uy, 35.87 35.12 82.50 95.38 80.04

exhaustive enumeration, we would need to assess 4 x 102?7 alternative
networks only for a fixed size of 150 sensors. The final set of non-
dominated solutions generated by each run approximates the Pareto
fronts. Although it cannot be proven analytically that these solutions
match the exact optima, for reasons of simplicity, we use the term
“optimal” in the remaining text for the set of solutions obtained here.
Optimization experiments are performed for different scenarios of con-
straint values, summarized in Table 5, where the obtained optimal
WSNs are denoted by 5, (g). The optimal scenario without constraint
is computed as well, using the notation §f2(~) when discussing their
WSNs through the results and discussion.

4.2. Comparison of optimal WSNs to uniform grids

The optimizer proposes designs that significantly outperform the
uniform networks of similar size, in terms of DBA and detection times.
Table 6 presents statistics of the best performing U, solutions for
each v. The column Af,(%) indicates the percentage increment of f;
compared to the values from the §f2(~) networks (i.e. unconstrained
solutions) closest in size — evaluated as 100 x [ [y - f1(3f2(~
N1/ f1(U fz)%' The best performing uniform cases present f| values 77%
to 113% larger than the same size §f2 (g) across all v separations.

Fig. 6a illustrates the 5, (~) WSNs in small grey dots, defining their
estimated Pareto-front. Likewise, §'f2 (g) WSN s are shown as orange cir-
cles with their constraint values indicated atop their markers (in units
of ha). These constrained solutions showcase the smallest networks
found in their estimated Pareto-fronts, presented in Table 5, along
with several DBA statistics. Fig. 6b presents the previous optimal WSNs
correlating their number of sensors with the average fire detection

times. The average detection time of an optimal WSN is computed by
aggregating the detection times t?e.teCtiO“(E) of every simulated wildfire
by their ignition likelihood and the frequency of winds. Fig. 6a-b
include the evaluation of f| and f, for the uniform cases as well.

Fig. 6a-b show the performance of Uyyiy(,) max(y,)) (v) compared to
that of the optimal WSNs. The range of sensors characterizing each en-
semble of uniform grids is indicated in brackets as [min (f,) ,max (f,)],
with v = 300 m corresponding to the densest configurations and v = 900
m to the less dense configurations. Uy, exhibit performance variability
due to the different spatial arrangements for a given v. The horizontal
bars present the range between the minimum and maximum f, (Fig.
6a) and average time values (Fig. 6b); the vertical bar displays the WNS
size range, with the minimum and maximum f, values. The vertical and
horizontal bars cross at the median on f; and the average detection
time. The variability in performance, both the average time detection
and DBA gaps, reduces with increasing WSN size. However, this pattern
can be influenced by the maximum sensor density determined by the
resolution of the candidate sensor grid, leading to greater variability
reduction than reality. (see Section 5.2 for discussion).

4.3. Detected burnt area distribution analysis

Table 7 presents several statistics of FSF after 1/2 h, 1 h, 3/2 h, and
the final simulation time of 5 h (Table 5). The comparison of Tables
5 and 7 shows that for optimal networks with f, > 119, detected
fire sizes are consistently smaller than the FSF benchmark over 1 h.
However, Fig. 6b indicates that the average detection time for 119
sensors is approximately 1,1 h, suggesting a proportion of fires are
detected later than 1 h. This result highlights how the methodology
targets fast-spreading fires—those in the upper FSF percentiles — while
slower-spreading fires tend to be detected later.

Fig. 7 uses box plots to compare the dispersion of DBA for a series of
optimal WSNs (in orange) with increasing size and two particular cases
of uniform networks (in blue) with inter-sensor separations v = 300,450
m, Uyz, Uy, respectively. The box plots highlight the interquartile
range, with the graphical box enclosing the 25th and 75th percentiles.
The line inside the box indicates the median of the dataset. For this
particular representation, whiskers outside the interquartile range de-
note the 5th and 95th percentiles. Values outside the 5th-95th range
are considered outliers and plotted individually. Vertical lines highlight
the 95th percentile of FSF BA after 1 h, 1/2 h, and 3/2 h. Since these
represent high FSF percentiles, detected burnt areas below these values
suggest the involved network triggers dangerous fires before they freely
spread beyond those time marks.

For 5,55(30), 75% of fires are detected at sizes smaller than the 95th
percentile of free spreading at 1/2 h. In contrast, for U,y,, most outliers
exceed the 95th percentile at 1 h, extending up to the 95th percentile
at 3/2 h. This limitation leaves many dangerous fires undetected for
over 1 h, far exceeding the 30 ha threshold. Correspondingly, as more
sensors integrate the network from the same optimal Pareto (30 ha
restriction), the DBA improves, with no outliers spreading above 95%
of BA for 1 h.

For optimal WSNs the 75th DBA percentiles are smaller than the
50th DBA percentiles observed in U,y and only outliers exceed the
75th percentile of detections in U,y,, even with a comparable number
of sensors. To achieve similar performance with U, lattices, a denser
configuration with v = 300 metres is required, as demonstrated by
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Fig. 6. All-winds optimization results. Markers
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performance and | the min-max number of sensors. (a, top): WSN size (number of sensors, f,) versus the Detected Burnt Area (DBA) objective (f,), defining the unconstrained
Pareto. (b, bottom): WSN size (number of sensors, f,) versus the average detection time. (For interpretation of the references to colour in this figure legend, the reader is referred

to the web version of this article.)

the 479-sensor example, requiring a 123% increase in sensor count
compared to 5,;5(30). While uniform grid detections show large DBA
dispersion, optimal DBA distributions are better bounded, with outliers
remaining below 30 ha. The constraint ensures no outliers exceed this
value, offering an operational mechanism for detecting fires within a
specified size limit.

4.4. Landscape Burnt Probability Map (LBPM)

The Landscape Burnt Probability Map (LBPM) is a standard metric
used to evaluate fire susceptibility (Argafiaraz et al., 2017). We use
the set of wildfire simulations across ignitions I and weather scenarios
K to compute the frequency of times cells burn. Then, the LBPM is
the normalized frequency, constituting a probability estimate. Fig. 8
presents the LBPM without sensors progressing up to the final sim-
ulation time of 5 h and with the adoption of WSNs. For illustrative
purposes, we consider a 30 ha constraint for the optimal WSN, aiming
to use the fewest sensors possible to minimize finite resolution effects.
The network 5,55(30) has the fewest number of sensors; however, it is
not feasible to arrange a uniform grid with 155 sensors within this area.

Therefore, we examine the closest alternative of size U,y,, utilizing
$504(30) for a fair comparison.

Fig. 8 compares the LBPM with the different scenarios sharing
the same logarithmic scale. Note that the LBPM is computed at fire
detection in the presence of sensors. In reality, we would expect a larger
burnt likelihood since the fire will continue after detection until it is
suppressed. However, our results concentrate on the detection phase
and aim to improve detection time and reduce the burnt area before de-
tection. Clearly, this would also improve response mechanisms, though
they are not considered in the present work.

With the optimal WSN, it results in a homogeneous distribution of
values across the domain with an average DBA, f|, of approximately 5
ha (Fig. 6a), 48 times lower than the BA obtained with no-sensors after
5 h. Fig. 8 also highlights four different sub-regions delimited by dashed
(a and b) and dotted (c and d) rectangles. The dashed rectangles a and b
designate areas with naturally low LBPM. The optimizer avoids placing
sensors within these areas and instead favours candidate locations
along their borders, prioritizing coverage of other regions using the
sensor surplus. The dotted rectangles c and d indicate areas that are
narrowly connected to the main domain, in which no ignitions were
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95th BA free-spreading fires (FSF) percentiles at different times (top x-axis). Note how, by design, the optimal sensors locations prevent large-size fires with the 30 ha constraint
(vertical green line), unlike the uniformly distributed WSNs. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this

article.)
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Fig. 8. Landscape Burnt Probability Map (LBPM): without sensors (left), with a uniform grid with 204 sensors (U,y,, centre), and with the optimal solution with 204 sensors
(5504(30), right). The optimal WSN autonomously avoids monitoring areas with low fire susceptibility (a, b) and identifies fire corridors (c, d), detecting fires spreading across the

urban area.

considered (see Fig. 4) but where fire is able to spread, compromising
the WUI further. The optimal solution 5,y,(30) protects these domains
by effectively reducing to zero the LBPM. For further examination,
Table 8 presents the statistics for the no-sensors, uniform, and optimal
scenarios.

In order to assess how the LDPM improves when a WSN is used,
we compare the decrease in the LBPM’s median as follows: 100 x
[50th(no-sensors) — 50th(W S N)1/50th(W S N)%. The Uy, configuration
offers a large improvement in the LBPM of a 1500% decrease in
the median value with the no-sensors case. Nevertheless, the opti-
mal configuration provides a 2700% improvement with respect to the

10

Table 8

Landscape Burnt Probability Map (LBPM) statistics for different scenarios. The last
column shows the percentage reduction in the median LBPM value relative to the
WSN scenarios, computed as 100 x [50zh(no-sensors) — S0th(W S N)]/50th(W S N)%.

Scenario log;,(50th) log;,(90th) log,(95th) log;,(max) A 50th
No sensors -1.32 -0.91 -0.84 -0.74 -

Usyy -2.52 -2.21 -2.12 -1.87 1479%
5,04(30) -2.77 —2.54 —2.48 —2.07 2665%
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Fig. 9. DBA statistics assuming the 8 single-wind optimal WSNs (blue lines) and the all-wind WSN (orange lines). In all instances, the constraint is DBA < 30 ha and the size of
155 sensors. Each polar plot shows the median, 90th and 95th DBA percentiles for fires in different wind directions. For detailed wind data, see Table 3. (For interpretation of
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no-sensors scenario, approximately doubling the improvement with
respect to the uniform network. In addition, uniform networks do not
re-adapt to regions with already low LBPM values, invest in unneces-
sary sensors, and cannot prevent fires from spreading through narrow
fire corridors, leading to unexpected damage.

4.5. Comparison of optimal WSNs with networks optimized for fixed-
weather cases

In this section we analyse the variability in performance when we
optimize for fixed wind directions. Following the wind rose in Fig. 5,
we consider eight independent pairs of wind directions and speeds. We
obtain the optimal WSN for each pair by limiting the WSN optimization
to the relevant simulations. In all cases, we also apply the constraint of
30 ha to the maximum burnt area. For the comparison, we consider the
fixed-wind optimal WSNs comprising 155 sensors and compare their
performance against the §,55(30) WSN presented in Section 4.1.

Fig. 9 shows the performance of optimal networks obtained with
all-wind conditions in orange and those optimized for each wind com-
ponent in blue. The visualization presents the median, 90th and 95th
DBA distribution percentiles in polar coordinates. Each polar plot shows
the statistics on the radial dimension, with values ranging from 0 to 25
ha. The fixed-weather WSNs only outperform the 5,55(30) in detecting
the subset of fires for which they were optimized, as the statistics are
lower for those specific wind directions. When the fire data correspond
to adjacent wind directions, the fixed-weather WSNs perform similarly
well to the all-winds optimal configuration, but the performance sys-
tematically worsens as the winds veer, with the worst performance
for the opposite direction. On the contrary, §,55(30) detects fire evenly
across the wind rose directions despite the variability in the frequency
and intensity of winds. Similarly to the LBPM metric, including wind
uncertainty information during the optimization of sensor locations
homogenizes the performance across the scenarios considered.
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5. Discussion
5.1. Analysis of scope

The results highlight the quantitative benefits of having an optimal
WSN compared to using uniform networks and, as expected, not having
any WSN at all. We discuss here specific solutions, such as those with
155 or 204 sensors, to facilitate the comparisons and the discussion. It
is up to the stakeholders to determine which one of the final solutions
from Fig. 6a best meets their specific requirements. However, the final
decision on which solution to implement is outside the scope of this
work, and may also consider issues such as the sensor redundancy, the
WSN cost, the total available budget, the detection accuracy, etc.

For the no-sensors case, improvements are analysed with respect to
the BA of free-spreading wildfires (FSF) at different times. Complex
wildfire dynamics leads to an accelerating increase of burnt area as time
passes, hampering the scenario with successful fire suppression. Opti-
mal WSNs allow the detection of fires, including the most dangerous
ones, before 1 h and a large proportion even before 1/2 h. In contrast,
for similar sensor counts, uniform networks detect dangerous fires later
than 1 h and even after 3/2 h, requiring more than twice as many sen-
sors to match optimal performance. The case study comprises 41 km?2,
thus demonstrating the practicality of this optimization framework in
extensive domains.

Using uniform WSNs is a common approach; it is straightforward
and constrained by budget. However, the fact is that optimal WSNs
outperform uniform networks of similar sizes regarding the average
DBA and its distribution (illustrated by computing the median, 90th
percentile, and 95th percentile). Dynamic data allows placing sensors
in anticipation of fire spread, facilitating collaboration in the detection.
It is also observed that the predictability of uniform networks is less
robust since their performance for the same size depends heavily on the
exact location of the first sensor. Inspecting the performance ranges of
uniform grids in Fig. 6a-b, for the U,y-U,,; WSNs, the average DBA
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ranges between 10 and 12 ha, and the average detection time between
72 and 78 min. Meanwhile, the closest f, optimal WSN exhibits f;
= 5 ha (a reduction of 100%-140%) and an average detection time
of 54 min (a reduction from 25%-31%). According to Table 6, the
improvement of the optimal 5, (~) WSNs over their closest in size
best-performing U;, WSNs goes from 77% to 113% across all sensor-to-
sensor distances v. In addition, with optimal WSNs, fire susceptibility is
reduced evenly across the landscape (see Fig. 8), demonstrating better
mitigation of all fire cases, showcasing a 80% improvement in the most
common value compared to the uniform grids as well (see Table 8),
which for other statistics can be observed to increment up to 100%.
All our indicators suggest an approximate 100% improvement with
respect to the uniform approach across different sensor spatial densities
indicated by v.

Although the average DBA (f)) specifies the overall performance,
the shape of the distribution provides information about the largest
fires escaping detection. In Fig. 7, we use box plots to study the DBA
dispersion. As expected, when we apply the 30 ha constraint on the
DBA size, none of the fires exceed this bound upon detection. Generally,
the optimal DBA statistics are well below the constraint, with only some
outliers approaching the operational fire limit size. On the contrary, for
the U,y, WSN, most of the outliers escape the operational limit of 30
ha and the U,;9 WSN still presents a small number of outliers despite
its size. With less than half of the sensors, 5,55 (30) DBA distribution is
similar without fires escaping to unmanageable sizes.

5.2. Analysis of trade-offs

The results of Section 4.1 allow us to study the trade-offs between
the size of the all-wind optimized WSNs and their performance.
The Pareto front in Fig. 6 spreads from 35 sensors to 600 sensors,
although the full set of solutions produced by the optimization ranges
up to 1200 sensors. However, it is not practical to have extremely
large (too expensive) or extremely small WSNs (ineffective in detecting
fires). Below 40 sensors, a small decrease in the network size leads
to a significant increase in average DBAs (approximately 1 ha per
sensor). The time also increases by 1 min per sensor. Above 200 sensors,
we need to invest significantly to achieve a small benefit in terms of
the DBAs (14 sensors to reduce the average DBA by 1 ha) and the
detection time (>17 sensors per minute). Note that, as the WSN size
reaches the maximum allowable of 1961 sensors, the average DBA
converges to approximately 3 ha because of the finite resolution of
the grid of candidate sensor locations. Assuming isotropic propagation,
the wildfire attribute, which in our case study corresponds to the fire
perimeter, spreads approximately 50 cells (3 ha) before crossing the
nearest candidate sensor locations (See Fig. 4).

We can also use the optimizer to introduce constraints and study
the effect of other performance preferences on the obtained WSNs.
As we introduce the DBA constraints, we observe in Fig. 6a that the
constrained Pareto fronts nearly match the unconstrained front (with
minimal deviation in terms of performance), but starting from a larger
WHSN size as the constraint value increases. For the limit of 30 ha, an
indicator of a higher fire severity index as estimated in Gobierno de
Castilla y Leon (1999), the minimum number of sensors is 155 in this
landscape.

5.3. Analysis of robustness

In Section 4.5, we prove the importance of considering all possi-
ble weather conditions instead of a single scenario. When we optimize
for fixed-wind conditions, the obtained WSNs demonstrate competitive
performance in detecting fires spreading for adjacent wind directions.
This result is expected since the spread of fire should not diverge
much in similar wind directions. However, the performance greatly
diminishes as the wind shifts more. Despite the detection distributions
from fixed-wind WSNs and the §,55(30) converging for smaller fires
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(as shown by the similarity in the median values in Fig. 9), the
marginal gain in a single direction does not offset the performance
degradation across other wind conditions. So, this analysis confirms
the importance of considering variable weather scenarios during the
optimization to generalize effectively across different fire conditions.
Note that the fixed-wind runs use fewer fire data, and the assessment
of each alternative WSN is less computationally demanding. However,
the optimization search uses the same number of generations and
population size.

Looking at the wind statistics (Table 3), the higher frequency of
West (18.59%) and South-West (15.99%) directions indicate that these
are scenarios with higher risk than others. However, it is important to
mention that the 2012 wildfire, which burned 546 ha in Concentaina,
initiated and evolved during its initial stages under East and South-
East wind conditions (Gémez-Gonzalez et al., 2024). Therefore, a WSN
optimized only for West or South-West winds may compromise the
detection of potentially disastrous ignitions.

The LBMP analysis shows that the §,,,(30) configuration evenly re-
duces fire susceptibility across the fire domain, avoiding the placement
of sensors in areas where fire spread is not dangerous. Moreover, it
can identify fire pathways, while the uniform configuration completely
ignores them.

The computational effort for each assessment scales linearly with
the number of fire scenarios and candidate sensor locations. Due to the
combinatorial nature of our optimization problem, which resembles a
0-1 knapsack problem (Jaszkiewicz, 2004), the convergence increases
exponentially with the number of candidate sensor locations. When
the problem size becomes challenging, a solution can be proposed that
involves partitioning the domain. However, this method may lead to
numerical issues that require further evaluation.

6. Conclusions

In this work, we develop and implement a decision support tool
for the strategic deployment of Wireless Sensor Networks (WSNs) as
an Early Wildfire Detection System (EWDS) with the potential to en-
hance subsequent fire suppression phases. It follows a multi-objective
optimization approach, and it is able to accommodate (a) datasets
from different simulators, (b) biases on the ignition locations or con-
ditions, and (c) inputs from different data, such as varying weather
conditions or changes in fuel distribution. In addition, the problem
formulation can consider different objective functions or constraints.
Thus, the study provides an example to demonstrate the capacities of
the optimizer. If there is information on firefighting resources or road
networks, WUI/WII mapping, we can modify the problem formulation
(i.e. use additional constraints or introduce biases on specific areas) to
alter the trade-offs and prioritize sensor placement in areas where they
would most effectively support firefighting efforts.

Results are obtained for a well-studied region in South-East Spain,
demonstrating the capabilities, efficiency and robustness of the pro-
posed framework. Our choice highlights the relevance of having ac-
curate and diverse data (fuel, weather conditions, topography...) and
a simulator that can accommodate those pieces of information with a
small computational cost. We consider only the effect of wind condi-
tions as the governing factor driving wildfire spread to provide a proof
of concept of the proposed optimization approach. This methodology
allows the exploitation of more complex weather scenarios, depending
on the requirements of the specific application.

For this region, we use a practical implementation of the opti-
mizer to minimize the average detected burnt area (as the detection
performance estimator) and the number of sensors (as an estimator
of the network cost) and explore a range of constraints to satisfy
operational demands. The proposed problem formulation accommo-
dates the stochasticity of fire conditions so that the optimal WSN
configurations perform equally well over the entire range of expected
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scenarios. Comparisons with WSNs optimized for single meteorologi-
cal scenarios confirm the critical role of considering the diversity of
weather conditions in the optimization process and the robustness of
the proposed formulation. The optimal networks are also compared to
non-optimized uniform networks, a usual practice in WSN design. The
statistical analysis reveals significant improvements in the performance
of optimal WSNs compared to uniform WSNs of the same size.

The problem of discretization (primarily the candidate sensor loca-
tions) is a limitation that may affect accuracy in real-world scenarios
when exploring high-sensor density configurations. Additionally, the
triggering mechanism could be refined by using calibrated detection
thresholds that incorporate sensor descriptors accounting for weather
and topography, as local conditions influence detection performance
and thus affect the simulated arrival times used as input data.

Future work aims to demonstrate further the potential of our op-
timization approach and study special applications, problem formula-
tions, constraints, and the protection of larger territories. While our
framework focuses on optimizing sensor placement and comparing
it to typical non-optimized configurations, future ideal systems will
integrate hybrid EWDS components, such as UAVs, or new generation
geostationary satellites, in areas where static sensors are not suitable
and vice versa. We highlight this as a promising direction for further
development. Recent research highlights the potential of integrating
the Internet of Things (IoT) and machine learning technologies for
early wildfire detection and monitoring, which can be included in our
optimization framework. Some examples are the LoRaWan networking
protocols for cost-effective, energy-efficient real-time surveillance in
remote areas (Freira and Coutinho, 2024) and detection algorithms
such as YOLOvV8 to improve detection accuracy (Masram et al., 2024;
Talaat and ZainEldin, 2023; Zhang, 2024).

More realistic triggering events could be based on atmospheric dis-
persion data of smoke particles, combustion chemicals, or other trans-
portable wildfire observables that would allow earlier detection. Incor-
porating these transportable observables—individually or in
combination—during optimization would reduce the attainable detec-
tion times and result in sensor arrangements better adjusted to real-
world monitoring practices. These, however, are beyond the purpose
of the current proof of concept demonstration.

It is also worth noting the opportunity to enhance post-detection
suppression by integrating sequential sensor activations and other dy-
namic simulation data — e.g., to inform likely fire spread paths or
constrain fire arrival at vulnerable locations following detection.
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