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Abstract. Forest fires are a growing concern in our planet, as they have
been increasing in frequency and severity over the last few decades. It is
therefore essential to manage firefighting in order to prevent and reduce
the damage caused to life, the economy and ecosystems. This work deals
with the forest firefighting resource dispatch problem using metaheuris-
tics. It is essential to know when and which suppression resources should
be sent to extinguish the ignitions. Note that the faster the resources act,
the smaller the burned area. An adapted genetic algorithm and differen-
tial evolution algorithm are used to solve a firefighting resource dispatch
problem aiming to find the optimal allocation of resources to ignitions,
and at what instant of time each resource is assigned to each ignition,
in order to minimize the total burned area. The two metaheuristics are
applied to a set of 60 randomly generated instances, comprising 5, 7 and
10 resources to extinguish 20 or 30 ignitions. A statistical analysis of the
results is used to compare the efficiency of the metaheuristics, where the
GA shows more competitive results.

Keywords: Fire Suppression - Dispatch Problem - Genetic Algorithm -
Differential Evolution Algorithm

1 Introduction

The increase in forest fires around the world has caused several negative aspects,
such as deaths, pollution and damage to infrastructure, making it a very worrying
factor for society and planet Earth. Therefore, it is crucial to implement forest
fire management strategies, which involve preventing fires, anticipating their
occurrence, identifying fire risk locations and applying necessary and effective
measures to reduce the damage caused by forest fires. In Europe, in 2021, more
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than 1500 km? of land burned, of which 1000 km? belong to protected areas in
the European Union [I5]. In 2017, there was a record number of forest fires in
Portugal, caused by high temperatures and dry thunderstorms.

Firefighting is a very important area that has been studied in the literature.
The number, skills and level of preparedness of firefighting teams are very im-
portant factors in fighting fires [I9]. The better and faster the firefighting team
performs, the less damage it causes. In the field of engineering, various optimiza-
tion techniques have been used to tackle challenges related to fire suppression.
The main objectives involve identifying the optimal trajectory and positioning
for firefighting vehicles, determining the most efficient route and deciding on
the amount and type of resources to be used [5]. A mathematical optimization
model was developed in Zeferino et al. [I7], aiming to find the best locations
for different aircraft on the ground in order to maximize coverage of risk areas.
This model was applied to a case study in Portugal. Mendes and Alvelos [12] fo-
cused on solving a fire suppression problem represented by a grid network and a
fire ignition location. Their objective was to determine the optimal allocation of
firefighting resources to minimize both the burned area and the use of resources
as a secondary objective. They used a novel iterative local search metaheuristic
and a mixed integer programming model, demonstrating the effectiveness of the
metaheuristic in identifying optimal solutions.

The firefighting resource dispatch problem optimization involves selecting
and allocating resources to a fire, as well as determining the appropriate time
to dispatch them [2]. Genetic algorithms have been widely used to solve this
type of problem, with the main objective of minimizing the burned area [7].
Matos et al. [T1] studied a firefighting resource dispatch problem, involving the
allocation of 7 resources (tank vehicles) to extinguish 20 ignitions, aiming to
minimize the total burned area. However, in this modeling of the problem, it
was not possible to refill the vehicles’ tanks whenever they ran out of water.
To solve the optimization task, they used a genetic algorithm adapted to this
specific problem. In addition, a statistical analysis was carried out comparing
different operators of the genetic algorithm, including crossover, mutation and
selection, to determine which combination of operators produced the most favor-
able results. They found that the operators best suited to this type of problem
were exponential crossover, polynomial mutation and tournament selection. The
same problem was discussed in [I0] where an adapted version of the differential
evolution algorithm was used. In addition, a statistical analysis was carried out
to evaluate its performance with different selection and crossover operators. The
results suggested that the current-to-best selection and exponential crossover
operators were the most effective for solving this problem.

In this work, a genetic algorithm (GA) and a differential evolution algorithm
(DE) adapted and implemented in the Python language are applied to solve the
firefighting resource dispatch problem. It should be noted that in this implemen-
tation, it is possible to refill the vehicles’ water tanks (resources) whenever they
run out of water, requiring a different representation of solutions by permutation,
adapted for the GA and DE algorithms, than that used in the previous works
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[TO/IT]. The main goal is to assign different resources of combat to various igni-
tions in order to minimize the total burned area. To compare the performance
of the two algorithms, a set of 60 instances is randomly generated, comprising
5, 7 and 10 resources to extinguish 20 or 30 ignitions. In addition, a statistical
analysis is performed to compare the results obtained by the two metaheuristics.

This paper is organized as follows. The problem is described in Sect. [2| Sec-
tion [3] explains the permutation representation, and the steps of genetic algo-
rithm and differential evolution algorithm. In Sect. [4] the details and results of
the computational experiments, using GA and DE, are presented. Finally, the
discussion and conclusions of this study and future work are stated in Sect.

2 Problem description

In this work, a firefighting resource dispatch problem is optimized, aiming the
minimization of the total burned area.

In this problem, there may be a number of ignitions, which can be understood
as several fronts of the same forest fire. In addition, there are a number of
firefighting resources, which are based on forest firefighting land vehicles with
water tanks, which can have different capacities.

At the beginning, all the firefighting resources (vehicles) are at the base (fire
station) and their water tanks are at full capacity. Concerning the ignitions,
they are all active (burning) and located in different places. The main idea is to
allocate the vehicles to the ignitions, over various instants of time, in order to
completely extinguish them.

Taking into consideration the location of the ignitions, travel times are cal-
culated based on the Euclidean distance between each ignition and the base and
between ignitions, satisfying the triangular inequality. The values of the burned
area by each ignition at each instant of time are known. To do this, a differ-
ent exponential growth model of the fire spread over time was applied to each
ignition, resulting in different types of growth of the burned area. The water
required to extinguish a given ignition over time is calculated using the values
of the burned area at each instant of time, based on the perimeter of a circle.

It should be noted that each ignition can be extinguished only once (even
taking more than one instant of time) and it may require more than one re-
source to extinguish it completely. On the other hand, each resource can only
be allocated to one ignition at each instant of time.

In each instant of time, each resource is available to be assigned to one
ignition or is traveling to the location of an ignition or is being refilled. When a
resource is allocated to a particular ignition, it is extinguished instantly, if the
resource has enough water in its tank. Whenever the water capacity of a resource
is not sufficient to extinguish a given ignition, the ignition remains active an the
resource refills in this ignition taking one instant of time.
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3 Metaheuristics

In this paper, a genetic algorithm and a differential evolution algorithm are
used. These metaheuristics are evolutionary and stochastic algorithms that are
applied to optimization problems. Although they share some similarities, they
have distinct features in their mechanisms and approaches.

3.1 Solution Representation by Permutation

The permutation representation is relevant for combinatorial problems. In this
work, this type of representation allows to search for potential solutions to the
problem of dispatching firefighting resources. Both metaheuristics work with a
population of individuals (chromosomes for GA and vectors for DE) that is a
permutation of the decision variables. This permutation is a unique sequence
of integer values, ensuring that each firefighting resource can deal with several
ignitions at different instants of time, i.e. the permutation indicates a specific
order of priority for assigning resources to ignitions. The size of individual is
determined by multiplying the number of resources by the number of ignitions
and a parameter (m). This parameter defines the maximum number of times a
resource can return to a given ignition, i.e., when a resource runs out of water,
it refills at that ignition, and can go to that ignition up to m times, while the
ignition is still active. For example, for a problem with 2 resources to extinguish
3 ignitions and with m = 3, an individual of size 18 (2 x 3 x 3) is required
to represent a potential solution of the problem, as shown in Table [1} Thus,

Table 1: Permutation representation (example)
Resource R1 R2
Decision Variables|13 4 10 6 1416 8 15 9|1 12175 3 18 2 7 11
Ignitions Order IQ Il I2 I1 I3 I3 Il L; IQ Il 15 15 IQ Il Id I1 IQ IQ

according to this individual, resource 1 goes first to ignition 2, then to ignition
1, then again to ignition 2, and so on, ending at ignition 2. Resource 2 starts
its journey at ignition 1 and ends at ignition 2. As mentioned earlier, in this
example, each resource can be sent to the same ignition up to 3 times (m = 3).

3.2 Genetic Algorithm

Genetic algorithm is a metaheuristic inspired by the principles of biological evo-
lution [6]. It was developed as a machine learning and optimization algorithm
and applied to solve optimization problems with the aim of finding the best
possible solution in complex search spaces. GA working comprises the follow-
ing essential components, a population of individuals (chromosomes), a fitness
function, a selection mechanism and genetic operators such as crossover and
mutation. The population is evolved until a given termination criterion [g].
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In GA, potential solutions of the problem are represented as chromosomes
made up of genes (a vector of elements). Genes encode various aspects of the so-
lution, and genetic operators, such as crossover and mutation, act on these genes
to produce offspring chromosomes. Algorithm [I]starts with a given population of
NP individuals generated at random. Each individual is evaluated by a fitness
function and the fittest individuals have higher probability of being selected to
generate offspring. The selected individuals generate offspring by the operators
of crossover and mutation. The offspring individuals are then evaluated. This
cycle continues until some stopping criterion is reached.

Algorithm 1 Genetic Algorithm

Initialize population
Evaluate population
while stopping criterion is not met do
Selection
Crossover
Mutation
Evaluate population
end while

In this work, a tournament selection was adopted. The GA operators used
in this work are the exponential crossover and the polynomial mutation. These
choices are based on a previous work in which several different operators were
tested for the problem of dispatching forest firefighting vehicles, and these were
the ones that gave the best results [I1].

In the tournament selection two or more parent chromosomes are randomly
selected from population, and the one with the highest fitness function value is
selected to generate offspring. In this work, a binary tournament selection was
used. Thus, tournaments between two selected chromosomes are successively
performed. Each chromosome of the population can only participate in a single
tournament. Exponential crossover is applied to two parent individuals to gen-
erate two new offspring. An initial starting position is generated at random that
guaranties that at least the offspring will differ from the parents in one position.
Then, for the remaining positions of the parent individuals, a random number
between 0 and 1 is generated; if it is less than the the control parameter (CR,
crossover rate), the parent genes are copied to the offspring; otherwise, the par-
ent genes are swapped and then copied to the offspring individual [I3J19]. The
crossover rate determines the probability of crossover occurring [I4]. Thus, the
offspring vector w; is componentwise computed either from the elements of first
parent vector x;. = ®;j = ¥;1,...,T;n or the elements of the second parent
vector v;. = v;; = Vi1,...,Vn (0 ={1,...,NP}, j ={1,...,n} and n is the
dimension of the individual):

w o — d Vi if rand; ; > CR or j = jrand
J x; j, otherwise



6 Matos, M. A. et al.

where rand; ; ~ U(0,1) is a uniformly distributed random number which is
generated for each j and jrang € {1,...,n} is a random integer used to ensure
that u; . # x; . in all cases.

In the polynomial operator, a polynomial probability distribution is used to
generate a solution in the vicinity of a parent. The polynomial mutation employs
a distribution parameter, 7,,, which is typically set in the range between 20 and
100. This parameter plays a crucial role in controlling the spread effect of the
mutation. The probability distribution, both to the left and right of a variable
value, is adjusted so that values outside the specified interval [:105‘7 :Egj] can not
be created by the mutation operator. A mutated individual y; . is created from
the parent individual z; . by mutating each position j € {1,...,n} of the parent
individual, according to a polynomial distribution where u ~ U(0,1) [4].

xi7j+5L(xi7jf:cJL), or = (2u)1+17m -1 for u < 0.5

(1)

Yii = zij+O0r(xy —xij), dr=1-(2(1-u)) o for u > 0.5

The termination criteria determines the end of the search. Possible termina-
tion conditions are related with the stagnation of the population where there is
no further improvement in the value of the objective function, reaching the spec-
ified maximum number of iterations, or reaching a predetermined value of the
objective function evaluations. If the stopping criterion is not met, the algorithm
continues and repeats all steps again to generate a new generation.

3.3 Differential Evolution

Differential evolution is an evolutionary algorithm and was first introduced by
Storn and Price in 1997 [16]. Since then, it has been widely adopted due to its
simplicity and effectiveness in solving complex optimization problems [I4]. The
DE steps are presented in Algorithm [2] where NP is the population size, F’
is the mutation factor and CR is the crossover rate. DE has some similarities
with GA, differing in the order of operators. It starts with a given population of
individuals (vectors). The population evolves through mutation, crossover and
finally selection. This evolution takes place while the stopping criterion has not
been reached.

Algorithm 2 Differential Evolution Algorithm

. Initialize population
. Evaluate population
while stopping criterion is not met do
Mutation
Crossover
Evaluate population
Selection
end while

PPN
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In DE, potential solutions of the problem are represented as vectors in the
search space. DE uses mutation, crossover and selection operators. The operators
define different variants of DE, which nomenclature is as follows: DE/Selection/1/Crossover.
In this work, the variant chosen was DE/Current-to-best/1/Exponential, since
it was the best variant for the dispatch problem, found in [I0].

During the mutation phase, a new candidate is formed by adding a scaled
differential term to an existing base vector (individual). A key factor influencing
this mutation process and subsequently the effectiveness of the algorithm is
the mutation factor (F; and F5), typically limited to a range of 0 to 2. This
parameter plays a fundamental role in regulating the rate of evolution within the
population, dictating the magnitude of the adjustment to the differential term.
A higher value of F} and F, corresponds to a greater probability of breaking
free from local optima, thus promoting the exploration of the solution space.
The mutation in the variant DE/current-to-best/1 is defined by a mutant vector
v; computed by [I8]

v = T + F1 (st — i) + Fo (Tr, — Zr,)

where z; is the selected individual (i.e. 1 # 79 # r3 # i) and F; and F» are real
constants, Fy, F» € [0,2].

In this work, an exponential crossover is used, as in GA. In DE, crossover
involves combining mutant vectors with the candidate solutions present in cur-
rent population. In other words, the algorithm combines two populations: the
current one and the mutated one, and a new experimental population is created.

In the selection phase, a mechanism is used to select the individuals that
will form the next generation. Based on their objective values, a comparison is
made between the experimental and current individuals. The individuals with
the lowest function value (when considering a minimization problem) are selected
to form the next generation. Thus, the new target vector is obtained and its value
is computed as follows:

= {ui, if flu;) < f(zs)

x;, otherwise

where f(u;) is the objective function value of the trial vector and f(x;) is the
objective value of the parent vector.

As with GA, the DE algorithm terminates when a predefined stopping crite-
rion is reached. If the stopping criterion is not reached, the algorithm continues
and repeats all the steps to generate a new generation.

4 Computational Experiments

In this section, the details used in the algorithms (GA and DE), the results ob-
tained by them and finally a discussion of the results through statistical analysis
will be presented.
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4.1 Details

In this work, the GA and DE are adapted from the framework pymoo: Single-
objective Optimization in Python [3]. The experiments were carried out on a PC
11th Gen Intel(R) Core(TM) i7-1165G7 @ 2.80GHz, 2803 Mhz, 4 Nucleus(s),
8 Processor(s) Logic(s), 16 Gb RAM. The code was implemented in python
(version 3.9.35) using VScode (Version 1.87).

In order to test our approach, these metaheuristics are used for a set of 60
instances of the firefighting resource dispatch problem. These instances were
randomly generated for 20 and 30 ignitions and 5, 7 and 10 resources, available
at https://github.com/MarinaAMatos/Inst_Firefighting. For each pair of
ignitions and resources, 10 instances are randomly generated. There are different
types of resources (with predefined water tank capacities - 500 1, 1000 1, 1500
1, 2000 1 and 3000 1 - randomly assigned). The values of the burned area of
each ignition at the initial instant of time are also randomly defined for each
instance and range from 1 to 500 m?. The water required to extinguish a given
ignition is calculated using the perimeter of a circle, whose radius is obtained
by multiplying the burned area by 10, which is the amount of water needed to
extinguish 1 m of the ignition area.

The initial population size used was set at 200 and the maximum number
of generations and the maximum number of function evaluations were 1000 and
100000, respectively, for the two metaheuristics. The m parameter chosen was 5,
i.e. each resource is allowed to return up to 5 times to a given ignition when its
water tank needs refilling. This value was chosen because it was considered suffi-
cient to obtain feasible solutions, since the higher it is, the longer the algorithms
will run. The operators exponential crossover, polynomial mutation and tourna-
ment selection were used in GA. For DE, the variant applied is “DE /current-to-
best/1/exp", i.e. the exponential crossover, polynomial mutation and current-
to-best selection operators were applied. The CR = 0.3, F; = F; = 0.5 and all
the other parameters used were the default ones.

4.2 Results

The results obtained from GA are described below. It should be noted that in
all instances the ignitions were all extinguished. For each number of ignitions,
NI, and number of resources, N R, Table [2] shows the results obtained by GA
and DE, taking into account the average values of the best values (GApes: and
DEjest) and the average of the values (GAyyy and DEqy4) over 30 runs. Columns
4 to 9 show the average of the values obtained in the 10 instances for each pair
of NI and NR. TBAgg represents the average value of the total burned area
TBA, UWgy4 is the average value of used water, Time,,q is the average value
of the instants of time required to extinguish all ignitions, PTy,, the average
value of the processing time in seconds, n feq.q the average value of the number of
function evaluations, and ngen,.  the average value of the number of generations.
The values obtained for TB Ay, UWqyg and Timegq,q in GA are lower than DE.
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Table 2: Solution values for GA and DE
NI|NR TBAwwg| UWayg | Timeavg | Plovg| nfeavg [NGENGvg

GApesr| 5210.5 [10802.3| 114.0 | 270.8 [20500.0| 103.5
DEpes:| 5318.1 [10929.0| 130.0 |254.6 18400.0] 93.0
5 [GAu, | 5273.2[10876.3] 124.4 | 219.3 [17289.3] 87.4
DEau, | 5388.2 [11008.6| 146.6 |201.5|15051.3| 76.3
GApese| 5420.1 [11101.6] 101.0 | 271.4|20060.0| 101.3
DEjpes: | 5481.6 |11170.9| 108.0 |257.1|19440.0| 98.2
20 GAqvg | 5455.8 |11145.3] 104.5 | 224.4[16208.7| 82.0
DEqu, | 5520.4 [11216.4| 116.3 |184.1(13890.0| 70.5
GApest| 5433.1 [11059.9] 80.0 | 294.4|21780.0| 109.9
DEbpes:| 5458.7 |11096.8| 84.0 |250.2(18260.0] 92.3
10 [GA,.,|5450.9 [11082.9] 80.2 |196.9|13580.0] 68.9
DEqu, | 5477.4 [11114.6| 86.4 |167.5(11922.7| 60.6

GAvpest| 8042.3 [16654.6| 185.0 | 535.9|39800.0 200.0
DEgest | 8606.1 |17301.5| 242.0 |316.8 |21300.0{ 107.5
5 GAqvg | 8309.7 |16970.5| 212.7 |392.3 |26726.0| 134.6
DEqvg | 8909.0 (17584.6| 264.4 |291.2|17812.7| 90.1
GApest| 7812.3 |16319.4| 139.0 |662.3|38080.0| 191.4
DEpest | 8110.2 |16633.8| 175.0 | 347.9 |21420.0| 108.1
30 7 GAgug | 7971.2 |16514.8| 162.4 |413.4 (24499.3| 123.5
DEavg | 8264.7 |16835.1| 193.6 |280.5 [16858.7| 85.3
GApest| 7326.9 |15843.1| 107.0 | 583.7(33460.0| 168.3
DEgest | 7469.4 |16004.1| 130.0 |361.8|23120.0| 116.6
GAavg | 7390.9 [15921.7| 115.6 |[419.7|23416.7| 118.1
DEauvg | 7531.5 |16089.7| 131.2 |245.2 (14426.0] 73.1

10
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In relation to the values of PTg,4, nfeqng and ngeng,q, it was found that the
solutions obtained by DE were smaller than those obtained by GA.

Table [3] shows the statistical analysis of the TBA values between GA and
DE for all instances. For the statistical analysis, a one-tailed paired sample t-
student test was used, and in all tests, a significance level of 5% was considered.
The table shows the solutions for all pairs of number of ignitions and number of
resources, where the p-values and the difference in the T'BA value between the
two metaheuristics are shown. It was observed significant differences between all
the results, since the p-value is less than 0.05.

Table 3: Statistical analysis between GA and DE
NI 20 30
NR 5 7 10 5 7 10
GA-DE (best) |-107.7 | -61.5 | -25.6 |-563.8 | -298.0 | -142.5

GA-DE (avg) |-115.0 | -64.6 | -26.5 |-599.3 | -293.5 | -140.6
p-value <0.001

5 Conclusions

Currently, fires have become an area of interest in the academic community,
due to the numerous damages caused. Managing the use of forest firefighting
resources is a crucial issue, and they need to be used more efficiently so that the
fire can be controlled in a shorter period of time.

This paper presents a firefighting resource dispatch problem that aims to
know which and when each resource goes to each ignition, in order to minimize
the total burned area. To this end, the GA and DE metaheuristics were adapted
to this problem and applied to 60 randomly generated instances with 5, 7 and
10 resources to extinguish 20 ignitions, and 5, 7 and 10 resources to fight 30
ignitions. It was concluded that GA is better in terms of minimizing the value
of TBA when compared to DE. However, DE takes less time to find solutions,
i.e. it has a shorter runtime than GA.

In future work, a forest firefighting resource dispatch problem using real data
will be solved.
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