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Modelling and optimisation of extinction actions for wildfire 
suppression
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and Andrea Giusti a

aDepartment of Mechanical Engineering, Imperial College London, London, UK; bDepartment of Engineering, 
University of Cambridge, Cambridge, UK

ABSTRACT
A physics-based model for the prediction of wildfire propagation, which 
combines the cellular automata concept with virtual Lagrangian fire 
particles, is further developed to include fire extinction actions. 
Deposition of water and firebreaks are included in the formulation. The 
fire propagation model is then coupled with a Monte Carlo Tree Search 
(MCTS) algorithm to optimize the allocation of fire extinction actions. 
Starting from an ignited fire, and fixing the amount of resources available 
for firefighting, the model suggests which series of actions minimizes the 
loss of wildland. The model has been assessed and validated with model 
fires and then applied to a realistic scenario. MCTS optimization is found 
to autonomously outperform human intuition for medium-scale fires and 
to successfully enhance human decision-making capabilities for large- 
scale fires with the use of convolution-based terrain re-sampling. This 
study opens up new possibilities for the development of decision-making 
tools to assist the real-time allocation of firefighting resources as well as to 
support the design of preventive measures to preserve the environment 
and reduce the potential impact of wildfires.
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Introduction

Wildfires are natural phenomena of immense proportions. So-called mega-fires threaten the 
property and lives of many people, impact the global climate by releasing vast amounts of 
carbon dioxide emissions and create individual weather systems (DellaSala et al. 2022; Penney, 
Habibi, and Cattani 2019). The frequency of wildfires has been increasing in recent years (Xu et 
al. 2020), demanding huge investments and use of resources for firefighting and protection of 
both rural and urban areas. In most cases, firefighting efforts are based on subjective decisions 
made with insufficient information by individual fire brigade commanders (Griffith et al. 2017), 
which often lead to waste or ineffective use of available resources. The optimal use of firefighting 
resources needs to consider a wide range of factors, which could change in both space and time. 
These include local wind and weather conditions, as well as the topology of the terrain and fuel 
available (e.g., type and density of vegetation and buildings). Practices developed over the years 
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could fail in case of exceptional weather conditions (Mastorakos et al. 2023) or without effective 
means to monitor the first development of the fire. Therefore, there is an urgent need to develop 
tools for resource allocation for successful wildfire suppression. With the progress in modeling 
and simulation of fire propagation, e.g. Wahlqvist et al. (2021), Cheng et al. (2022), Haghani et 
al. (2022), computational methods are becoming increasingly important to assist the design of 
firefighting systems and decision-making processes. The development of firefighting-assistance 
computational tools requires at least three modeling steps: a fast and accurate model for fire 
ignition and propagation; models of fire suppression strategies; and an optimization algorithm 
for the selection of the optimal use of firefighting resources. As far as the modeling of fire 
propagation is concerned, this work will take advantage of a model recently proposed by 
Mastorakos et al. (2023), which is based on the combination of a cellular automata framework, 
e.g., Karafyllidis and Thanailakis (1997), Berjak and Hearne (2002), Alexandridis et al. (2008), 
and stochastic virtual fire particles.

Fire suppression is an intricate problem that must consider many different factors and 
requirements, including avoiding propagation at the urban-wildland interface and preser
vation of biodiversity (DellaSala et al. 2022). Sometimes, active fire management has 
detrimental effects on forest development (DellaSala et al. 2022), with related impact on 
sustainability of prevention actions. In general, it is not possible to make wildland areas 
intrinsically safe since there will always be vegetation and other ignitable materials that 
could generate a self-sustained fire. Therefore, a reliable plan for firefighting actions must 
always be put in place. Ten possible suppression strategies are aggregated from the literature 
(National Wildfire Coordinating Group 1996) and summarized in Table 1. The two most 
common strategies for wildfire fighting are direct aerial water attack and firebreaks 
(Ingalsbee and Raja 2015), the latter also commonly used as prevention strategy. 
Therefore, the focus of this work will be on these two strategies to set up and demonstrate 
a framework for decision-making support. Extension to other firefighting strategies is left 
for future work. Water is a very common substance used in direct aerial attack as it is 
inexpensive and widely available. In National Wildfire Coordinating Group (1996), differ
ent delivery techniques and the corresponding variable parameters of water extinction (e.g., 
amount, form, and place) are discussed in depth. Spray patterns (sometimes also: “fog 
patterns”) are in general very effective due to their high surface area, which enhances 
vaporization and therefore leads to a larger decrease in temperature of the flaming area 
(Grant, Brenton, and Drysdale 2000). However, direct deposition of liquid water on the 
burning surface is also often used. Attempts to model firefighting tactics can be found in the 
literature, e.g., Alexandridis et al. (2011), Russo et al. (2016). While all these models aim at            

Table 1. Summary of the most typical wildfire suppression strategies (National Wildfire Coordinating 
Group 1996).

Strategy Description

Control line Either fire line (remove fuel, scrape down to soil) or wet line (increase fuel moisture content)
Burning out Use small torches to preemptively burn forest fuel
Backburn Burn from control line towards fire
Flanking Spray fire sides, start from behind, overtake – small fires only
Hot spotting Target hot spots (often aerial)
Knock down Extinguish hot spots
Cold trailing Prevent re-ignition once the temperature is lower than the ignition temperature
Aerial attack Use helicopters or airplanes to drop substance (e.g., water mist)
Fireline explosives Fell trees and break dense bush using explosives, time efficient
Mop-up Clean up along a completed control line
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including the main physics of the various firefighting actions, their implementation char
acteristics generally depend on the specific modeling framework that is used to predict fire 
propagation.

The problem of optimal resource allocation in the context of wildfire suppression is 
commonly approached in the literature by modeling it as a Markov Decision Process 
(MDP). In this framework, the chain of decisions is expressed with both probabilistic and 
deterministic elements (Bertsimas et al. 2017; Griffith et al. 2017). Two key elements must 
be considered for the evaluation of fire suppression MDP approaches: firstly, choice of 
scope, and secondly, choice of method. Some studies extend the scope beyond reactive fire 
suppression and also include preemptive fuel management, such as effective forestry or 
intelligent infrastructure planning (Minas, Hearne, and Martell 2014). The idea of account
ing for firefighting costs in addition to maximizing the remaining land value has also been 
explored, which enables pareto-optimal solutions where no dimension can be further 
optimized without tarnishing another (Zhou and Erdogan 2019). When optimization 
strategies are selected, a trade-off between complexity and completeness has to be made. 
Refining the model does increase computational expenses and reduces ease of operability. 
In this work, the Monte Carlo Tree Search (MCTS) method is used for optimization. This 
method, commonly employed in game theory, allows for a very generic approach to the 
optimal resource allocation problem and has been identified as an extremely novel but 
promising approach for dynamic resource allocation for wildfire suppression (Bertsimas et 
al. 2017; Griffith et al. 2017). MCTS has been deployed in the past to tackle problems that 
contain a probabilistic element (Eyerich, Keller, and Helmert 2010) and also problems that 
exhibit large action spaces (Couëtoux et al. 2011). Large action space hereby refers to a large 
number of possible “moves” from any given node, which is commonly encountered in 
continuous settings (e.g., positioning of an extinction action during wildfire suppression).

The main aim of this work is to further develop the model proposed by Mastorakos et al. 
(2023) to allow for optimal allocation of a limited number of extinction actions. More in 
detail, the objectives are to (i) develop a simple model for aerial attack and firebreaks as 
extinction actions to be used in the selected fire propagation model; (ii) couple the fire 
propagation model with an optimization algorithm based on MCTS to suggest the area of 
application and sequence of the selected limited extinction actions and maximize the protec
tion of the environment and urban areas; (iii) assess the model against model fires and a 
realistic scenario. The paper is organized as follows. First, the methods are introduced with 
details on the optimization procedure. Results are then presented and discussed to show the 
capabilities and limits of the current implementation. Concluding remarks close the paper.

Methods

Fire propagation

The underlying model for the prediction of fire propagation, which is used by the optimiza
tion algorithm, is based on a recent model developed by Mastorakos et al. (2023). From a 
conceptual point of view, the model could be described as a combination of the cellular 
automata approach and a Lagrangian tracking of virtual fire particles, which transport the 
information of fire propagation (Efstathiou et al. 2023; Mastorakos et al. 2023). The model 
was inspired by an established model for the prediction of ignition probability in engines 
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(de Oliveira et al. 2021; Neophytou, Richardson, and Mastorakos 2012). In this novel 
approach, the area of interest is modeled with a two-dimensional grid, with each cell 
representing a portion of the terrain and/or buildings characterized by an assigned compo
sition in terms of fuel and thermal properties. After an ignition source is established, 
multiple Lagrangian fire particles are injected from burning cells. In this context, each 
fire particle represents a different mode of propagation (e.g., convection of hot combustion 
products by the wind, transport of embers, and radiation). The movement of particles, 
which contains elements of stochasticity, e.g. related to the turbulent boundary layer 
(Efstathiou et al. 2023), will determine the fire propagation. The model used in this work 
is a revised version of the model discussed in Mastorakos et al. (2023). In this revised 
version, equations for the conservation of energy and mass are applied to both the terrain 
cells and the Lagrangian fire particles representing the mode of propagation by wind 
convection. The conservation of energy enables the implementation of fire chemistry in 
the moving particles, heat exchange with the land, and release of fuel from the land through 
volatilization (Sullivan 2017). Each cell of the terrain is modeled as a solid with a given 
amount of fuel and given thermal properties. The terrain exchanges energy with active fire 
particles (e.g., through convection), leading to an increase in temperature of the terrain cell. 
The volatilization of the fuel (e.g., cellulose), modeled with an Arrhenius-type equation 
(Sullivan 2017), leads to the release of fuel into the atmosphere. The generation of gaseous 
fuel determines the release of a fire particle representing convection of hot gases. Oxidation 
process is included in the evolution of the fire particle, whose temperature increases due to 
exothermic reactions. Air entrainment in the fire particles and cooling of the terrain by the 
cold air are also included in the formulation. In the simulations shown in this work, only the 
mode of propagation related to the convection of hot gases is considered, whereas 
Lagrangian fire particles representing radiation and transport of embers are not included.

Extinction actions

Firebreaks (i.e., the extinction action of preemptively removing all fuel from the terrain by 
scrapping it down to mineral soil) are commonly created by ground forces utilizing chain
saws, other mechanical tools, or explosives (National Wildfire Coordinating Group 1996). 
We model this action by simply setting the mass of fuel to zero for the cells of the terrain 
where the action is applied. Direct aerial water attack is modeled here using an instanta
neous vaporization assumption, which implies that all the water evaporates in the timestep 
when the water is deposited on the terrain. It is also assumed that the energy required to 
vaporize the water comes from the solid material on the land, which for the sake of 
simplicity will be referred to as “fuel”, although it could also contain a percentage of non- 
burning material. Therefore, the aerial attack action results in a decrease in the temperature 
of the fuel, which, if the decrease in temperature is sufficiently high, will eventually inhibit 
the release of volatile. Under these assumptions, the change in temperature of the solid fuel 
can be expressed as jΔTf j ¼ Lmw=ðmf cf Þ, where L is the latent heat of evaporation of water 
(note that only the contribution from the latent heat is considered, whereas the change in 
sensible enthalpy is not included), mw is the mass of water deposited by the aerial attack, mf 

is the mass of fuel, and cf is the fuel specific heat.
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It is important to note that the time required to fully vaporize the water depends on many 
factors, e.g. the temperature of the terrain and the amount of water deposited per unit area. 
Preliminary estimations based on heat transfer between a layer of water film and the solid 
fuel underneath (assumed to be at high temperature, i.e. in the vicinity of the fire front) have 
shown that the evaporation time of water could be of the order of a few seconds. Since the 
timestep used in the simulations is relatively large (,1 s) and the total simulated time is 
often at least two orders of magnitude higher, the modeling of vaporization as an instanta
neous process seems reasonable. Therefore, it is sufficient to model the heat exchange from 
the solid fuel to the water film and the consequent drop in temperature of the fuel over the 
course of a single simulation timestep only. Further assessment and improvements should 
be done in the future, also considering heat transfer between the water and the flame.

It is important to point out that preliminary evaluations performed on model fires using 
the fire propagation model used in this work have shown that the critical width of firebreaks 
needed for successful fire containment is of the same order of magnitude as stated in the 
literature (National Wildfire Coordinating Group 1996). However, the critical amount of 
water needed during a direct aerial attack is underestimated by the model. The likely reason 
for this behavior is identified to be related to aerial descend vaporization due to convective 
and radiative heat transfer from the flames, which is not currently accounted for in our 
modeling framework, in addition to uncertainties in the characterization of the terrain and 
related fuel. These should be carefully addressed in future studies.

Search algorithm

The key novelty of this paper lies in combining Monte Carlo Tree Search (MCTS) with the 
fire propagation model discussed above. To quantify the success of a suppression effort, a 
metric terrain utility function, uðtÞ, is introduced. The utility function is computed as the 
sum of all destroyed cell utilities, ucell, and is defined in Equation 1. The utility of a cell, ucell, 
represents the value of the associated plot of land (the higher the utility, the higher the 
value). The utility function, as defined here, represents the loss of utility and by definition it 
cannot be positive: 

where the sum is performed over all the destroyed cells at a given time t.
In the context of wildfire propagation, MCTS is used as follows. Each stage represents an 

extinction action, which is specified by spatial position and shape, time of application (each 
action is performed in one particular simulation timestep), and type (firebreak or direct 
aerial water attack). Using one timestep only for each action remains justified as long as the 
individual actions are kept small in size. This is chosen to keep the model complexity to a 
minimum. Note that keeping the action size small can be easily achieved, e.g. by splitting up 
a long fireline into multiple small unit actions. Additionally, it is chosen to optimize only in 
space, not in time. Future work should focus also on time optimization as well as on the 
implementation of extinction actions that last over a time period.

An iteration of MCTS consists in four main steps, as schematically shown in Figure 1: 
selection, expansion, simulation, and backpropagation. Each stage of the tree describes one 
extinction action with a fixed time of application, but varying position. Each node i 
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describes one extinction action with a fixed time of application and a fixed position. The 
goal of the Monte Carlo Tree Search process is to find the path (i.e., the sequence of 
extinction actions) that preserves the most terrain utility.

In the context of wildfire propagation, two new definitions are introduced: firstly, the 
integral utility, Ui, which is the integral of the utility function, uðtÞ, over the whole duration 
of a simulation involving a node i, 

secondly, the theoretical minimum of the integral utility, Umin, i.e. the value of Ui if all cells 
were to be destroyed immediately at the point of ignition t ¼ 0. Umin is defined as: 

where umin is a constant equal to the utility function if all cells in the terrain are destroyed.
Using both definitions, the MCTS selection function is defined as: 

The sum of the node integral utilities, 
Pni

epoch¼1 Ui, normalized by the absolute value of the 
theoretical minimum of the integral utility, jUminj, quantifies the quality of a path, whereas 
the number of stage simulations, N, and the number of node simulations, ni, quantify the 
novelty of a path. By pre-testing and inspection of algorithm results, we found a constant 

Selection Expansion Simulation Backpropagation

Expand from leaf 
using a Snake-

Unit-Size-Action-
Grid method

Choose remaining 
extinction actions 

at random and 
simulate full path

Update all nodes in 
the path with result 

from simulation 
(integral terrain utility)

Recursively 
choose node with 
highest until leaf 

node is reached

Repeat N !mes

Figure 1. Monte Carlo Tree Search algorithm (e.g., see Chaslot et al. 2021) adapted for wildfire 
suppression.
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weighting factor c ¼ 0:2 necessary to balance the effects of exploitation term (quality) and 
exploration term (novelty).

Choosing to use the integral utility Ui (and not, e.g., the final remaining terrain utility 
uiðtendÞ) is an important MCTS performance improvement. The normalization of Ui with 
jUminj is performed to eliminate the dependence of the exploitation term on absolute terrain 
size and absolute cell utility values. The absolute value of the so created exploitation term, 
1
ni

Pni
epoch¼1

Ui
jUminj

, then represents the fraction of the integral utility that has been destroyed, 
averaged over all simulations that involve node i. Note that a value of the exploitation term 
equal to � 1 expresses that in every epoch involving node i, the whole terrain was immedi
ately and fully destroyed at the start of the simulation (t ¼ 0). In general, we have: 

Equation 5 holds because the exploitation term is normalized using jUminj. As the initial 
value of the terrain utility function is defined as 0, both Ui and Umin are lower than 0, and 
also by definition jUminj � jUij. The higher the value of the exploitation term (i.e., much 
closer to 0), the lower the loss of utility.

In the algorithm implemented in the present work, the expansion step of MCTS was 
performed using a Snake-Unit-Size-Action-Grid method, which selects a traceable, discrete set 
of terrain positions as possible nodes. More specifically, this method consists of a set of rules that 
aim to reduce computational complexity by only testing promising strategies: extinction actions 
must be rectangular, non-overlapping, and vertically/horizontally oriented. In addition, they 
must form a connected chain with the actions of the same type that have already been applied. 
For large-scale fire modeling, preprocessing is required to keep MCTS runtime within acceptable 
bounds. To handle large terrain resolutions of more than a few hundred cells, critical area cutting 
and image compression using bicubic interpolation are applied.

To summarize, multiple extinction actions with pre-specified time of application are opti
mized spatially using Monte Carlo Tree Search. At each epoch of the search algorithm, a full 
sequence of all available extinction actions is investigated during the third step of the MCTS 
(simulation) by utilizing the fire propagation model, which enables the evaluation of the utility 
function to be given back to the next step (backpropagation) of the MCTS algorithm. Multiple 
evaluations of the fire propagation are therefore performed, which makes it essential to develop a 
fast model to predict the evolution of fires.

Results and discussion

Model fires

The performance of the method is first assessed by simulating a number of model fires. An 
example is shown in Figure 2. An area of high-utility (a treasure – e.g., a building or a deposit of 
fuel) is placed in a central position along the southern boundary of the area of interest. This high- 
utility area is highlighted in black in Figure 2. A double fire front (from both east and west 
boundaries) moves toward the high-utility area. The resources for firefighting are limited to three 
actions, all applied at the same time (i.e., three units of fire brigades are working simultaneously). 
The algorithm finds a solution with a normalized integral utility of Ui

jUminj
¼ � 35:8%. The high- 
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utility area is protected successfully. Snapshots from the fire propagation simulation, with 
corresponding utility maps and time evolution of the utility function, are shown in Figure A1 
of the Supplementary Material. A Monte Carlo tree excerpt is given in Figure A2.

The results produced by the algorithm suggest that the present methodology outperforms 
human intuition, which would suggest to fully seal the treasure with a sequence of a vertical, 
horizontal, and another vertical action. Both the actual algorithm outcome and the extinction 
action sequence that would be produced by human intuition are displayed in Figure 2. This 
outcome is the result of the combination of the MCTS optimization algorithm with a model for 
the prediction of fire propagation. Since the fire model predicts that a narrow 1-cell grass passage 
does not provide a sufficient amount of fuel for a self-sustained fire, the optimization algorithm 
actually manages to find a solution which saves more utility than human intuition. It is clear that 
to provide a reliable support for decision-making, it is of paramount importance to have a robust 
and validated model for fire propagation (Efstathiou et al. 2023).

As far as the computational time is concerned, using an Intel (R) Core (TM) i7–4770 CPU @ 
3.40 GHz machine for N ¼ 3000 epochs yielded an average runtime of 6:58 s

epoch, which is 
considered to be computationally expensive. To make the simulation of very large-scale terrains 
accessible, the speed of the algorithm should be further improved, e.g., by taking advantage of 
parallel computing.

Real fire scenario

The analysis of the performance of the model in a realistic fire scenario is performed by analyzing 
the Mati fire (Greece, 2018). This case was already investigated by Mastorakos et al. (2023). The 
revised version of the fire propagation algorithm is applied in this study. A critical region to be 
protected is selected (see red frame in Figure 3, left). This area is analyzed with MCTS 
optimization to find the optimal distribution of four firebreaks to maximize the preservation 
of the area. The terrain spans a much larger area than the small-scale model fire presented above. 
The critical region measures 1050 m� 450 m and is chosen because it is the region where the 
fire reaches the outskirts of the town (as shown in Figure 3). To increase the challenge for the 
algorithm, not all four extinction actions are placed at the same time, but rather at t1 ¼ 4 s, 
t2 ¼ 50 s, t3 ¼ 150 s, and t4 ¼ 200 s. This reflects real-time resource limitations and removes the 
trivial solution of cutting off the complete fire front at the start. Note that the set of actions and 
the related timing imposed in this simulation have been selected mainly for the purpose of testing 

MCTS result

x

y

Human intuition

x

y

Terrain setup

x

y

Ignition

Treasure

Figure 2. Terrain schematic with the three firebreak extinction actions for the model fire simulation. The 
ð3j8ÞH action (green) corresponds to the first stage, the ð8j7ÞH action (yellow) corresponds to the second 
stage, and the ð13j8ÞH action (gray) corresponds to the third stage in the underlying Monte Carlo tree 
(see Supplementary Material, Figure A2). The treasure is displayed in black.
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of the algorithm. In general, the characteristics of extinction actions (e.g., size and timing) depend 
on many factors and have to be specified as user input prior to running the simulation on the 
basis of the available firefighting resources.

The four firebreaks have dimensions 50 m� 150 m, which corresponds to a unit size 
1� 3 cells. The algorithm performs MCTS with N ¼ 2500 epochs. The fire is started via 
left-line ignition (west). The domain used in the simulations (see Table 2 and Figure 3) 
exhibits notably coarse resolution with cell dimensions 50� 50 m2. Due to algorithmic 
scaling-up issues, a convolution mask for the terrain and a corresponding reduction factor 
for wind speed are applied (and reversed prior to plotting), and fire particles are assumed to 
die if they pass a firebreak (of 50 m width).

Terrain conformation, including building and road location, is reconstructed from Google 
Maps. Information about the type of vegetation is taken from the Copernicus database. This is 
given as an input to the model. Snapshots of the fire propagation simulation at different time 
instants are displayed in Figure 4. The utility maps show buildings (cell utility equal to 100) in 
black, cropland (utility equal to 3) in gray and roads (utility equal to 1) in white. The terrain maps 
depict the sequence of firebreaks according to their specified times of application. An excerpt of 
the first two stages of the underlying Monte Carlo tree is shown in Figure A3 of the 
Supplementary Material. Interestingly, in Figure 4 only the south-eastern quarter of the critical 
region is saved. The first extinction actions (applied at t ¼ 4 s and t ¼ 50 s) are placed at x � 500 
m even though the third extinction action at t ¼ 150 s is placed too late to reliably contain the 
fire. At tend ¼ 1000 s, zero fire particles remain in the area of interest (i.e., the fire cannot 

25 ⁄m s wind

x

y

1 km

Figure 3. Selected area of investigation for the real fire scenario (left) and terrain schematic with the four 
firebreak extinction actions obtained from MCTS (right). The ð10j8ÞV action (green) corresponds to the 
first stage, the ð11j5ÞV action (yellow) corresponds to the second stage, the ð10j2ÞV action (gray) 
corresponds to the third stage, and the ð8j2ÞH action (dark gray) corresponds to the fourth stage in 
the underlying Monte Carlo tree (see Figure A3 in the Supplementary Material). The red star on the left 
map indicates the ignition location of the fire in the real scenario (Mastorakos et al. 2023). The fire in the 
area of interest is modeled as a fire front approaching the domain from west to east.

Table 2. Space and time model parameters for the real fire scenario: tend is the total simulated time, Δt is 
the simulation timestep, Δx and Δy indicate the grid size in the x and y directions, nx and ny are the 
number of cells in the x and y directions, respectively.

Time Space

tend (s) Δt (s) Δx (m) Δy (m) nx ny

1000 0:2 50 50 21 9
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propagate any further in the investigated area) and the normalized integral utility is 
Ui

Uminj j
¼ � 55:5%. Note that the fire propagation model is characterised by elements of stochas

ticity. Therefore, different simulations with the same configuration of firebreaks may result in 
different evolutions of the fire and different values of the integral utility (in some cases the first 
three firebreaks may also be able to contain the fire). The final optimization outcome for 
extinction action placement is shown in Figure 3, right. This outcome may look questionable, 
because an operator would know that the town stretches beyond the critical area analyzed by the 
algorithm and it may therefore be preferable to contain the fire fully, even if most of the area has 
to be sacrificed to achieve that. Keeping in mind that the algorithm only analyzes the terrain 
extract given as input, and also that it uses the integral utility as a metric (which rewards savings 
higher if they are made earlier on during the firefighting process), the outcome is very much in 
agreement with the implementation and does provide useful fire suppression insights. This 
example is also useful to remark that the entire area to protect must be included in the domain for 
a comprehensive evaluation operated by the optimization algorithm. It is clear that the limited 
amount of possible extinction actions made it possible to save only part of the area of high-utility. 
More actions are necessary to save a larger area. However, this case provides a good example of 
the capability of the model to find an optimal use of a limited number of firefighting resources. 
Note that ethics in the decision-making process must always be considered and should always be 
put at the forefront of any decision suggested by any algorithm.

Concluding remarks

A model for the prediction of fire propagation based on the combination of cellular 
automata approach and Lagrangian fire particles has been coupled with Monte Carlo 

x

y

t = 0 s t = 25 s t = 50 s t = 100 s

t = 150 s t = 200 s t = 250 s t = 900 s

Figure 4. Simulation result at different time instants for the real fire scenario. For each time, the top plot 
shows the advancement of the fire front (burnt area is indicated by black color); the bottom plot shows 
the utility map with orange color used to indicate the destroyed cells.
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Tree Search (MCTS) to optimize the allocation of a limited number of firefighting actions. 
The resulting framework has the potential to assist both the preventive design of the 
landscape and real-time management of existing fires. Two extinction actions have been 
implemented into the fire propagation model, namely firebreaks and direct aerial water 
attack. The algorithm is found to outperform human intuition for small-scale fires and 
augment human decision-making for large-scale terrains. This is achieved by leveraging an 
MCTS methodology in combination with utility map inputs to suggest a spatially optimized 
sequence of extinction actions. For large-scale terrains, it is concluded that the current 
MCTS algorithm can also enhance the quality of human decision-making, if convolution- 
based terrain resampling is applied to keep runtime tractable.
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