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ABSTRACT

Wildfires are an important problem of our time, causing substantial economic, ecolog-
ical, and infrastructural damage. The operations research community has long been involved in
developing decision support models for fire suppression, and modeling approaches vary greatly. An
important class of models is based on encoding a landscape using a graph and integrating fire prop-
agation and suppression strategies within the optimization process. Several works in the literature
describe graph-based models, which differ in the assumptions about fire propagation, the objective
function, and the features considered. In this work, we propose a new mixed-integer programming
(MIP) model that includes various features from previous research. In experiments, we compare
this model against a more specialized model using benchmark instances from the literature. The
results indicate that the proposed model is easier to solve and performs competitively against more
sophisticated algorithms.
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1. Introduction

Wildfires are increasingly destructive due to climate change, causing severe environmental
and economic damage, as seen recently in Brazil and Greece (Paddison, 2024; Kuebler, 2024).
The cost of fighting these fires is substantial, often exceeding billions of dollars annually (Joint
Economic Committee, U.S. Senate, 2023). Decision support models help optimize firefighting
strategies by improving resource allocation and reducing costs in wildfire management.

The operations research (OR) community has been interested in the combat and preven-
tion of forest fires for a long time (Martell, 1982), and several OR models have been proposed to
support a series of decisions relevant to forest-fire management. Modeling techniques vary greatly.
In demand-based models, for example, decisions are related to where to locate fire suppression re-
sources to cover a set of demand points or how to sequence fire suppression operations to minimize
the value lost in the fire. In fireline-based models, a predefined fire perimeter evolves over time, and
the objective is to allocate resources to construct a fireline that contains the perimeter.

Graph-based (or grid-based) models are a class of models that try to represent the space
where a fire is spreading. The idea is to discretize the space into basic units and represent adja-
cency between basic units using a graph. The arcs connecting these basic units are labeled with fire
propagation times, which can be estimated by using Geographic Information System data and an
appropriate fire spread model (Rothermel, 1972). An advantage of grid-based models is their abil-
ity to simultaneously model the interaction between fire spread and suppression activities within the
optimization process. This integrated approach may lead to more realistic and effective fire man-
agement strategies. There are several works in the literature proposing graph-based models, which
differ in the assumptions about fire propagation, the objective function, and the features considered,
such as resource availability and safety constraints regarding resource allocation. In this work, we
propose a new, comprehensive MIP model that unifies features from previous research. In experi-
ments, we compare the model against a more specialized model on a set of benchmark instances of
the literature. Our results indicate that our model is easier to solve.

We close this section with an overview of the paper. Section 2 provides a review on OR
methods for fire suppression and gives a more precise description of the type of scenario we are
trying to model. In Section 3, we describe the proposed mathematical model. Section 4 presents
experiments comparing the proposed model with previous research. Section 5 concludes the work.

2. Literature Review

2.1. Fire suppression

Jewell (1963) is one of the first works to propose the application of OR methods to forest
fire problems. Since then, much work has been done on decision support models, such as the co-
ordination of fire crews and the dispatch of fire suppression resources. Dimopoulou and Giannikos
(2001), for example, model fire suppression as a demand-covering problem, where we have a set of
locations, a set of resources (e.g. firefighting teams) that can be assigned to these locations, and a
set of demand points (e.g. potential fire events). Resources must be assigned to locations to cover
the demand points. The goal is to find an assignment of resources to locations that maximizes the
number of covered points. Rachaniotis and Pappis (2010) model fire suppression as a scheduling
problem. Forest fires are treated as jobs processed by a single fire suppression resource. The pro-
cessing time of a job (i.e. the time to contain the fire) increases with time, and the goal is to find a
schedule that maximizes the total value of the unburnt areas remaining after the end of the operation.
We refer the reader to Granda et al. (2023) for a detailed survey.

In graph-based models, the idea is to rasterize a landscape and encode it as a directed
graph. Each vertex of the graph represents a basic unit of the rasterized landscape, and arcs con-
necting the vertices are labeled with fire travel times that can be used to model fire propagation. As
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Figure 1: Example of an instance. The graph has five vertices and the ignition set is I = {s}. We have two
resources available at times 2 and 3. The graph on the right-hand side depicts a possible allocation, where
vertices v1 and v3 receive the available resources (vertex ve cannot receive a resource since it burns at time
1 and the first resource is released at time 2). Due to the allocation, a delay J is added to the outgoing arcs
of v and v3, which will increase the fire arrival time at vertex v4. If the objective were to minimize the
number of burnt vertices at time 4 and 6 = 2, our allocation would have an objective value of 4 (since
vertices s, v1, v2, and vz burn before time 4).

time progresses, fire suppression resources arrive and can be allocated to the vertices of the graph.
Allocating a resource to a vertex delays fire propagation on its outgoing arcs, i.e. we have a local
slowdown in fire propagation. The goal is finding an allocation of resources to the vertices of the
graph that optimizes some objective, such as the number of unburnt basic units. In the next section,
we present a more formal definition of the problem and a review of the literature on this class of
models.

2.2. Graph-based models

We are given a directed graph G = (V, A) and a set of ignition vertices I C V. Each arc
uv € A is labeled with a fire propagation time %,,,,. Graph G and vertices I define a fire propagation
process, i.e. a shortest path graph under propagation times ¢,,,. We are also given a set R of fire
suppression resources, and each resource ¢ € R can be allocated to a vertex of the graph to cause
a slowdown in fire propagation. Allocating resource ¢ to a vertex v € V adds a delay J; to the
outgoing arcs of v. Each resource ¢ € R is released at time ¢; and cannot be allocated to vertices
that burned before ;. The goal is to find a feasible allocation of resources to the vertices of the
graph that optimizes a given objective. A common objective, relevant to this work, is minimizing
the number of vertices that burn before a target instant (or horizon) H. Figure 1 shows an example.

The previous paragraph described the general setting, and what makes the models different
is the objective function, the restrictions imposed on the allocation of resources, and the assumptions
on how fire propagates. In the following paragraphs, we summarize some of the models that can be
found in the literature.

Hof et al. (2000) introduces a linear programming model in which all resources are avail-
able from the beginning, at time O (i.e., ¢; = 0 for ¢ € R), and the goal is to find an allocation that
maximizes the earliest fire arrival to a set of target units. In this model, there is a finite number of
resources, and it is possible to allocate only a fraction of a resource to a vertex v € V, which will
result in only a fraction of the delay to the outgoing arcs of v. Unlike the other work discussed
below, the delay introduced by a resource depends on the vertex to which the resource is allocated.
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Wei et al. (2011) propose a MIP model where the set of resources R is finite, the delay
caused by a resource is the same for all resources, and all resources are available from the beginning.
Each vertex v € V has an associated value w, which is lost if the vertex burns. The goal is to find
an allocation of resources to vertices that minimizes the total loss of value at a target instant /. The
authors also consider a version of the problem where the resource release times ¢; may be greater
than zero. They do not extend the model to account for that, but instead propose two iterative
heuristic approaches.

Belval et al. (2015) propose a MIP model where the number of resources is unlimited and
allocating a resource to a vertex v € V completely blocks fire propagation through v (6; = oo for
¢ € R). All resources are available from the beginning at time O, but allocating a resource to a
vertex incurs a cost that is later added to the objective function (otherwise the optimal solution is
trivial). Besides the fire arrival time, the model also computes the fireline intensity at each vertex,
which is a measure of how much heat a fire releases. Each vertex has an associated fireline intensity
threshold; if the fireline intensity in the vertex exceeds the threshold, the fire is considered harmful,
otherwise it is beneficial. Each vertex has an associated value which is lost if the vertex burns. This
value is different depending on if the vertex was burnt by a beneficial or harmful fire. Multiple
objective functions are studied, which are basically the minimization of different combinations of
vertex attributes (e.g. the cost of all allocated resources plus the value of all burnt vertices whose
fireline intensity is above its intensity threshold) evaluated at a target instant H.

In Alvelos (2018), the number of resources is finite, and the delay introduced by a resource
is always the same. Differently from Hof et al. (2000), Wei et al. (2011) and Belval et al. (2015), the
release time ¢; of each resource ¢ may be greater than zero. The author proposes several objectives,
but relevant to this work is the minimization of the number of burnt vertices at a target instant .

Avci et al. (2024) propose a MIP model similar to a discrete time process. They consider
a finite sequence of time instants 7' = (0,1, ..., H) and, foreach ¢t € Tandv € V,aset Cy,, CV
defines the vertices which will burn at time ¢ if vertex v burns at time ¢ — 1. An advantage of this
approach is the possibility to model a change in wind direction and intensity as time progresses.
In their model, the number of available resources is finite, and the release times may be non-zero
(similar to Alvelos (2018)) but, differently from previous works, resources are not homogeneous.
They consider three types of resources inspired by real-life fire suppression practice. A firefighting
team consists of a group of firefighters and a water tanker. During fire combat, the water tanker is
positioned at a designated basic unit, while firefighters advance into the forest with hoses to contain
the fire at one or more basic units. The position of the water tanker is restricted to basic units that are
part of roads and fire can only be suppressed in basic units that are close to the water tanker. Both the
water tanker and the firefighters must maintain a safety distance to the fire. A firefighting helicopter
flies over the landscape and drops water on one or more basic units. This type of resource is similar
to the one modeled by Alvelos (2018) in that it does not impose constraints related to safety or
spatial locality. Finally, a firebreak construction team consists of a group of bulldozers that work
on razing basic units to remove their flammable content. Bulldozers can only work on basic units
that are adjacent to roads or to previously razed basic units. Like firefighting teams, firebreak
construction teams must respect a safety distance to the fire. Each fire suppression resource ¢ € R
is available at time ¢; and each basic unit has a value w,. The goal is to minimize the total loss of
value at time H.

2.3. Solution Methods

The model of Alvelos (2018) has received considerable attention recently. Mendes and
Alvelos (2023) propose a heuristic algorithm based on iterated local search. The authors introduced
anew set of instances and showed that the iterated local search obtains better results than a commer-
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cial solver. Harris et al. (2023) noticed that once we define an allocation of resources, the rest of the
model can be easily solved by using a shortest path algorithm. They use this observation to propose
an exact algorithm based on logic-based Benders decomposition. Their exact algorithm is able to
solve all instances used in the work of Mendes and Alvelos (2023) in a few seconds. They propose a
more challenging set of instances, and show that the proposed algorithm obtains better results than
a commercial solver and the heuristic of Mendes and Alvelos (2023). Finally, Delazeri and Ritt
(2024) propose a heuristic algorithm based on beam search and compare it against all the previous
works on the instances proposed by Harris et al. (2023). Their results indicate that the beam search
algorithm can consistently find the optimal solution in less time than previous methods.

Avci et al. (2024) propose a reformulation of their original MIP using combinatorial Ben-
ders cuts. They basically construct a slightly different formulation that has an exponential number
of constraints, which are dropped before passing the model to the solver. These constraints are
incrementally added to the model whenever the solver finds an integer solution that violates one of
them.

3. Mathematical model

In this section we describe the proposed mathematical model. The model combines the
minimum travel time approach of previous works such as Alvelos (2018) and Belval et al. (2015),
with the heterogeneity of resources, safety constraints, and spatial locality introduced by Avci et al.
(2024). Tables 1 and 2 summarize the parameters and the variables of the model. In the subsequent
subsections we define the different aspects of the model.

Table 1: Parameters of the model.

Parameter Description

\%4 Set of vertices

A Set of arcs

N} Successor set of v € V

N, Predecessor set of v € V

tuv Fire travel time between v € V and v € N;f

H Time horizon

I1CV Ignition vertices

R Set of resources

Vi Set of vertices that can be the base location of resource 7 € R

d(v,u)  Distance between vertices v and u, u,v € V.

Wy Value of vertex v € V'
t; Release time of resource ¢ € R
c; Number of vertices that can be protected by resource ¢ € R
T Range of resource ¢ € R (i.e. maximum distance)

20 Safety time for the base location of resource ¢ € R

27 Safety time for the vertices protected by resource ¢ € R

d? Safety distance for the base location of resource ¢ € R

df Safety distance for vertices protected by resource © € R
6; Delay caused by resource ¢ € R
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Table 2: Variables of the model.

Variable Type Description
Ay Continuous Fire arrival time at vertex v € V'
A, Continuous Delay added to the outgoing arcs of vertex v
Yo Binary Indicates if vertex v € V' burns before time H
st Binary Indicates if vertex v € Vj is the base location of resource ¢ € R
rl Binary Indicates if fire in vertex v € V' is being suppressed by resource ¢ € R

3.1. Fire spread
Let a, be the earliest time vertex v can be reached by fire. Then we have simply, for

predecessor set NV,
ay < ay + tyy + Ay, veV,ue Ny, (1

where A,, is added to the outgoing arcs of u by a resource. The fire arrival time is set to a,, = 0 for
all the ignition vertices v € I. It is known that the constraint set above does not ensure exact fire
arrival times, but only upper bounds. For our model, however, this is sufficient.

3.2. Fire suppression resources

One aspect in which the model of Avci et al. (2024) differs from previous work is the
enforcement of spatial locality. A firefighting team, for example, can only suppress fire in vertices
that are spatially close and close to the position of the water tanker. Inspired by that, we require
that each resource ¢ € R has a fixed position in the landscape, its base location, as indicated by the
binary variable s. Different types of resources have different types of constraints regarding their
base location. The base location of a firefighting team of Avci et al. (2024), for example, must be
a vertex that is part of a road. A firefighting helicopter, on the other hand, may be located at any
vertex. The set of vertices that can be the base location of a resource is a parameter V; C V, for
each ¢ € R. Naturally, only one vertex can be the base location of a given resource

> s <, i €R. )

veV;

Binary variable r says whether resource i € R was allocated to vertex v € V. Fire
suppression resources have a limited range of action, i.e. they can only protect vertices that are not
too distant from their base location. Consequently, if vertex v is protected by resource ¢, then the
distance between v and the base location of the resource is limited by a constant r;. The constraint
below implements this logic, where d(v, u) denotes the distance between any two vertices u,v € V'

r < Yoo s veV,ieR. (3)
weVi:d(v,u)<r;

Each resource has a finite capacity, and we denote by ¢; the maximum number of vertices
that it can protect, and obtain

> ok <a, i€R. 4)
veV
Following previous work, we also require that each vertex can be protected by at most one resource

> o<, vev. (5)

1€ER
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Each resource ¢ € R also has a release time ¢; and can only be allocated to vertices that
are not burnt at ¢;. Previous work considers safety constraints during resource allocation. Avci et al.
(2024), for example, require that suppression activities are conducted at a safety distance from the
fire. Our model imposes safety constraints on the base location s and on the protected vertices
7! considering both time and space. More specifically, a vertex v € V; can be the base location
of a resource ¢ € R only if the fire arrival time to v and to nearby vertices is greater or equal to
t; + zf, where zf is a parameter defining a safety time for the resource. The vertices nearby v are
all the vertices (including v) whose distance to v is less than a predefined constant di»’. Therefore,
we require

(t;i + 22)s! < ay, ieRveViueV duw) <d. (6)
We impose similar constraints to the variables !, using parameters 2! and ¢
(ti + 2P)rl < ay, i€ Rv,ueV :du,v) <d. (7)

Each resource 7 € R has an associated delay value §;, which is added to the outgoing arcs
of a protected vertex. The delay A, in a vertex v € V is then

Ay = 61, vev. (8)
i€ER

3.2.1. Objective
Finally, binary variable y, defines whether vertex v € V' is burnt or not at time H

Yp > 1 —ay/H, velV. 9)

Each vertex v € V has an associated value w,, and the objective is to minimize the accumulated
loss of value at time H

min. Z WYy - (10)

veV

3.2.2. Limitations & Extensions

The model described is more general than the model of Alvelos (2018). Let R be the set
of resources for an instance of their model and 7" be the set of all time instants where one or more
resources are released. We simply set safety times and safety distances to zero and, for every t € T,
we create a resource with capacity equal to the number of resources released at ¢ and with a range
big enough to not impose any spatial restrictions. Since in the model of Alvelos (2018) there is
no concept of base location, we set V; = V for each resource ¢. The objective is to minimize the
number of burnt vertices at a given time horizon H, so we assign to each vertex a value of one.

As mentioned earlier, our model does not ensure that each variable a, holds the correct
fire arrival time. Following Belval et al. (2015), we could fix that by forcing each non-ignition
vertex u € V' \ [ to have exactly one predecessor v € N, indicated by a binary variable p,,,,. The
following constraints implement this logic

Ay > Gy + tuy + Ay — M (1 — pu), veV\IL,ueN,, (11)
> pw=1, veV\I (12)
UuEN,
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Table 3: Instances used in the experiments.

Resources per time instant
Group 10 20 30 40 50 60 H 0

LA 3 3 3 3 0 0 70 50
LB 3 3 3 3 3 3 70 30

where M is an upper bound for the fire arrival time at a vertex. Using the constraints above we
could easily integrate to our model the notion of fireline intensity, as introduced by Belval et al.
(2015).

Fire combat usually happens through direct attacks (e.g. throwing water at the flames)
and indirect attacks (e.g. construction of firebreak lines). Fire suppression at a basic unit v via a
direct attack requires the fire to be imminent (i.e. it does not make sense to throw water long before
the fire arrives). Our model does not distinguish between direct and indirect attacks, such as Avci
et al. (2024) does. To account for that, we could assign to each resource ¢ € R an expiration time
e;, which represents the maximum interval between an attack at time ¢ and the fire arrival time at
the basic unit. When the expiration time of a resource is greater than zero, we have no guarantees
that there is an optimal solution that allocates ¢ as soon as it is available (at time ¢;). As a result,
to introduce expiration times we also have to introduce a continuous variable d;, for ¢ € R, that
defines the time at which resource ¢ is allocated. In summary, we replace constraints (6) and (7) by

t; <d; < H, 1€ R,

—(H4+ )1 —s) 4+ di + 20 < a, i€ RveViueV duw) <d,
(H+z)(1—7’ +d; + 2P <ay, i€ Ryv,ueV:d(u,v) <d,
M(1—rl)+d;i +e; > ay, i€ RveV.

4. Experiments

In this section we present some computational experiments. All the experiments were
done on a platform with a 3.5 GHz AMD Ryzen 9 3900X 12-Core processor, 32 GB of main
memory, running Ubuntu Linux 20.04 LTS. All jobs were executed on a single thread.

4.1. Instances

In our experiments, we consider a set of instances for the model of Alvelos (2018). We
selected these instances because our model is more general than that of Alvelos (2018) (see 3.2.2)
and there is previous work proposing solution methods for this model (see 2.3). This set consists
of 16 instances and each instance is a 20 x 20 grid graph. The set of ignition nodes consist of a
single vertex located at the center of the grid and the time horizon H is 70. The 16 instances are
divided into two groups of 8 instances each, based on the delay caused by a resource (i.e. the value
of §) and the quantity of resources released at each time instant. These values are shown in Table 3.
The optimal solution of all 16 instances is known, so in the sections below we report algorithm
performance in terms of the absolute deviation from the optimal objective value.

4.2. Comparison with the literature

In this subsection we compare our model against the model of Alvelos (2018) using the
instances described in the last section. In our comparison, we use a strengthened formulation of the
model of Alvelos (2018) proposed by Harris et al. (2023). We also consider the logic-based Benders
decomposition of Harris et al. (2023) as a baseline. The algorithms rely on a solver to execute, and in
our experiments we used Gurobi 10.0.1. In Harris et al. (2023), the decomposition-based algorithm
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Table 4: Comparison between M}, My, and M,. The first group of columns (Abs. gap) shows the absolute
difference between the obtained solution and the optimal solution. The second group shows the relative gap
between the best obtained solution and the best obtained lower bound. Each line in the first two groups of
columns presents the average and the standard deviation of 20 replications on the same instance, and the last
line shows the mean of the column. In all 16 instances, M, failed to produce a feasible solution in at least
one replication, so the third column of the first group shows the number of replications in which a feasible
solution was found. Each line in the third group of columns shows the percentage of the 20 executions in
which the optimal solution was found, while the last group shows the percentage of the executions in which
optimality was proven. The last line in these two groups show the percentage of all executions in which the
optimal solution was found (third group) or the optimality was proven (fourth group).

Abs. gap MIP gap (%) OPT (%) POPT (%)

M, M, M, M, M, M, M, M, M, M, M, M,
LAO 0004000 080+154 (17) 0004000 1290+107 - 100 6 0 100 0 0
LAl 0004000 035+118 (19)  000+000 475+337 - 100 9% 0 100 25 0
LA2 0004000 0554060 (16) 0004000 11.95+089 - 10 50 0 100 0 0
LA3 0004000 0054022 (19)  000+000 575+085 - 100 9 0 100 0 0
LA4 0004000 0304092 (10)  000+000 1005+1.00 - 100 9 0 100 0 0
LAS 0004000 0804095 (16)  000+000 835+150 - 100 55 0 100 0 0
LA6 0004000 0004000 (1I)  000£000 955+083 - 100 100 0 100 0 0
LA7 0004000 065+208  (9) 0004000 7.55+1.00 - 100 85 0 100 0 0
LBO 5404328 4404170  (9)  1025+263 2325+133 - 15 100 o 0 0
LBl 0004000 125+183 (1) 0004000 1405+089 - 100 6 0 100 0 0
LB2 3104329 3154203 (10)  830+£270 2125+116 - 20 15 0 0o 0o o0
LB3  LI5+193 0004000 (19)  515+278 12804062 - 65 100 0 0 0 0
LB4 6904375 590+551  (6) 8851246 19054228 - 5 20 0 0o 0o o0
LB5S 2954296 6804265 (13)  665+201 1740+105 - 20 0o 0 0o 0o o0
LB6 5304409 7054362 (12)  775+231 1855+ 167 - 20 5 0 0o 0o o0
LB7 5104323 065+067  (9) 9254212 14154081 - 5 45 0 0o 0o o0
Mean .87+ 141 204+159 (12.88) 3514106 13214127 - 6562 5500 000 5688 156 0.0

starts with an initial solution generated by a greedy algorithm. To make a fair comparison, we do
not provide initial solutions for any of the algorithms. All three algorithms (i.e. the two models
and the Benders decomposition) were executed 20 times on each instance with a time limit of 600
seconds. From now on, we refer to our model as M), to the model of Alvelos (2018) as M, and to
the algorithm of Harris et al. (2023) as Mj,. Table 4 summarizes the results.

Several observations can be made. M}, obtains the best results, both in terms of objective
value and optimality gap. The proposed model comes in second, finding the optimal solution in
about 55% of the time, followed by M,. Notably, M, failed to find a feasible solution in 114 out of
the 320 executions and was not able to find the optimal solution of a single instance. M}, and M,
have a similar performance in terms of solution quality, but in terms of proving optimality, however,
My, performs considerably better.

The results show that the solver is able to find better solutions to M, than to M. We take
a closer look into that by comparing the average size of the two models across the 16 instances.
Our comparison is based on analysing the number of variables, the number of constraints, and the
number of non-zero coefficients in the model. Most modern solvers apply a preprocessing step to the
model, known as presolve, which aims to make it smaller and tighter. Table 5 shows a comparison
between M), and M, considering the original model and the model obtained after the presolve step.

As we can see, M), before presolve is larger than M, (this can be seen in the last column,
which shows the ratio of non-zero coefficients). After the presolve step, however, M, becomes
smaller, which may indicate why it obtains better results.

Since M, struggles to find feasible solutions, and we can find in the literature heuristic
methods for the model of Alvelos (2018) (see Section 2.3), we repeated the experiment of Table 4
but this time all algorithms received a high-quality initial solution. Instead of giving a time limit of
600 seconds to each algorithm, we run a heuristic for 100 seconds to obtain an initial solution, and

DOI: 10.59254/sbpo-2024-193493
https://proceedings.science/p/193493?lang=pt-br


https://proceedings.science/p/193493?lang=pt-br
http://dx.doi.org/10.59254/sbpo-2024-193493

LVl B P SIMPOSIO BRASILEIRO DE
PESQUISA OPERACIONAL

ot 25 DE 04 ATE 07

FX) r 1 -

Lot l[qrdl & 54 nesal

Table 5: Model size comparison. For each metric s (e.g. number of variables), we present the average of

sM,/sm, across the 16 instances, where sz, and sy, are the value of the metric for M), and M,,
respectively. The considered metrics were (in order), number of variables, number of binary variables,

number of constraints, and the number of non-zero coefficients.

Variables Bin. Variables Constraints Non-zeros

Original ~ Presolve  Original Presolve Original Presolve Original Presolve

0.71 0.43 1.12 0.71 1.13 0.42 21.11 0.39

Table 6: Comparison between M}, M), and M, when an initial solution is provided. The notation is the

same from Table 4. Due to space constraints, we just present the mean across the 16 instances.

Abs. gap MIP gap (%) OPT (%) POPT (%)
My, M, M, My, M, M, My, M, M, M, M, M,
Mean 0.07 £0.08 0.09+0.08 0.14+0.16 378 +£0.53 13.21+0.89 3934+1.52 9281 9094 86.56 5562 1.88 0.00

then we execute the algorithm for 500 seconds. We selected the beam search of Delazeri and Ritt
(2024) as the heuristic algorithm, since, in their study, it obtained the best results among the iterated
local search of Mendes and Alvelos (2023) and the greedy heuristic of Harris et al. (2023). As in
the first experiment, we do 20 replications for each instance. Table 6 shows the results.

As we can see in the table, a strong initial solution improves overall solution quality, but
the solver still had difficulties proving optimality. A possible explanation are the weak relaxations
of M, and M,. Table 7 shows the mean and the standard deviation, across the 16 instances, of the
relative gap (in %) between the optimal value of the instance and the relaxation (which is equal for
both models). We also show the relative gap of the root relaxation (the relaxation of the presolved
model). The relaxation values of the new model are significantly far from the optimal objective
values, which suggests the need to explore new decomposition algorithms or valid inequalities when
a proof of optimality is desired.

Lastly, it is interesting to note that the MIP gap of M}, increased when compared to Ta-
ble 4. This happens because, for some instances, M}, can quickly find a solution as good as beam
search in less than 100 seconds and then spend the rest of the time improving the lower bound.

5. Conclusions

In this work, we proposed a new model for fire propagation and suppression that inte-
grates several features from previous research. To the best of our knowledge, this is the first model
to combine minimum travel times with constraints on resource allocation related to safety and spa-
tial locality. Even though the proposed model is more general, our experiments show that, when
evaluated on a set of benchmark instances, it is competitive with more sophisticated algorithms and
outperforms more specialized models in terms of solution quality. Our results also reveal that ex-
isting benchmark instances in the literature do not present a challenge to current methods. A more
diverse and challenging set of benchmark instances would allow more interesting analyses. Addi-
tionally, it would be interesting to see whether the performance gains over the model of Alvelos

Table 7: Relative gap (in %) between the relaxation value and the optimal objective value. We report the

mean and the standard deviation across the 16 instances.

Root relaxation (%)
Relaxation (%) M, M,
96.22 4+ 0.56 73.7£7.16 77.24 +5.17
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(2018) continue even if the extensions proposed in Section 3.2.2 are considered. Finally, there is
no exact or heuristic algorithm in the literature that can solve the proposed model, so this would be
another interesting direction for future work.
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