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detecting people who need assistance. Most of the current solutions use path planning approaches under simple
and deterministic environments that fail to model the dynamic nature of fire. Furthermore, the localisation of
victims is assumed to be known which is unrealistic in disaster-like scenarios. To alleviate this issue, this paper
proposes a novel search and rescue (SAR) application using drones. A multi-agent deep Q-network is designed to
train a fleet of UAVSs to search for people and evacuate them in a wildfire scenario. A realistic forest environment

Score is designed that considers variations in vegetation and fire propagation. This helps to challenge RL algorithms to
be more adaptive to changes in the environment due to the evolution of fire. Extensive simulation experiments
are conducted to show the advantages and effectiveness of the proposed approach.

1. Introduction

Autonomous systems have been used as a key tool in search and
rescue (SAR) missions due to the complex nature and risks in disaster
scenarios [1-5]. Wildfires [6,7] have become increasingly common in re-
cent years due to extreme weather conditions caused by climate change
[8,9]. The threats of fires include: social [10-12], economic [13,14], and
ecological (both in wildlife [15,16] and flora [17,18]).

Unmanned aerial vehicles (UAVs) also known as drones have been
used in SAR missions involving wildfires due to their low cost and high
manoeuvrability in complex and risky environments. The most com-
mon approaches for drones in SAR missions involve the design of path
planning and tracking algorithms [19]. Traditional tracking applications
using drones have prior knowledge of the environment (or map) such
that finding the best path to reach a target location can be solved us-
ing a path optimisation technique. However, the environment changes
after a disaster event, such that the previous route plan is not effective
anymore. This raises two main questions that are concern of this pa-
per: 1) how drones can effectively explore a wildfire zone, and 2) how
drones know where the locations of the desired targets (e.g., people) are
in order to assist and evacuate them before the fire propagates further.

* Corresponding author.

1.1. Related work

The use of fleets of robots or drones working in swarms for SAR mis-
sions is becoming more common [20]. The key idea of using swarms is to
exploit their enhanced perception and planning capabilities to perform
SAR missions during or after wildfires autonomously.

Monte Carlo tree search [21] was applied to a swarm of UAVs for
SAR missions, and multi-agent deep reinforcement learning (MADRL)
algorithms [20] have been used to train individual agents or swarms of
UAUVs capable of performing SAR missions. A RL-trained maritime drone
for SAR missions following maritime disasters is proposed in [22], which
is capable of planning its mission by optimizing its trajectory lengths and
being more efficient than current solutions.

Several researches have been conducted regarding the target local-
isation, e.g., in [23] it was proposed to minimize the time required to
locate victims during natural disasters. Here, the swarm was trained to
discover targets strategically in an obstacle-laden geographical area us-
ing Adversarial MADRL. Another approach introduces a MADRL-based
framework for conducting Multi-Agent SAR (MASAR) missions in un-
known, unpredictable environments where targets exhibit dynamic and
unpredictable behaviour [24]. The research in [25] aimed to achieve
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efficient and communication fault-tolerant maritime SAR operations
using MADRL by training heterogeneous agents to successfully perform
trajectory planning and resource scheduling.

A MADRL was proposed for exploration SAR missions [26]. Here,
the swarm was trained through distributed parallel threads develop-
ing the MADAC (Multi-Agent Distributed Actor Critic) framework, using
a Long Short-Term Memory (LSTM) neural network [27] to account
for imperfect communication between agents and partial, incomplete
observations of the environment [28]. The research in [29] improved
the efficiency of emergency response after a disaster in urban areas by
proposing ResQ, a MADRL-based algorithm that can organize the rapid
and effective deployment of rescuers to identify victims in a dynamic
environment.

1.2. Contributions and outline

In view of the above, this paper proposes a novel solution for the
localisation and evacuation of people in wildfire scenarios using multi-
agent deep reinforcement learning (MADRL). The approach designs a
relative complex model of wildfire that considers variable vegetation
density, and a probabilistic fire model. In addition, we consider incor-
porating a new feature based on the temperature of the environment
to avoid using cameras that are prone to high-false positives due to
lightning conditions [30]. A multi-agent deep Q-Network (MADQN) al-
gorithm is designed based on the environment model design which aims
to detect people and evacuate them, whilst considering the fire propaga-
tion and recently visited zones that are not required to be visited again.
In addition, a simple heuristic algorithm is designed under the same task
philosophy for comparison purposes. Extensive simulation experiments
are conducted to show the advantages of the proposed formulation and
future research vectors.

The main contributions of this paper are,

» We model the forest as a grid where each cell has a specific veg-
etation density, whereas current research focuses on forests with
constant density. This approach makes wildfires much more com-
plex for the trained agents to manage, as their propagation becomes
less predictable, with the fire front not being circular or continuous.
We propose a visualization and decision-making approach based on
temperature measurements. Previous authors such as in [31] de-
signed the agents to observe the state of a cell in the grid directly:
whether it is on fire, burned, or burning. This approach is not realistic
because the state of these cells would be difficult to observe in reality
due to smoke or lighting conditions. We propose modelling the tem-
perature evolution around a wildfire and equipping our UAVs with
temperature sensors, a technology that exists in the literature [32].
A novel SAR solution is designed using a MADQN which considers
the stochastic spread of wildfire under variable density vegetation.
Each element of the MADQN (states, actions, sparse reward design)
is well-defined to enhance the detection and evacuation of people in
wildfires.

The outline of this paper is as follows. Section 2 introduces the
methodology followed in this work, which includes the environment
modelling, the MADQN algorithm design, and a heuristic algorithm de-
sign. Section 3 provides the results and discussions of the experiments
conducted in this work. Conclusions are presented in Section 4.

2. Methodology

The methodology of this paper consists of two main parts dedicated
to training and testing the proposed RL-based approach in SAR missions
using drones. Fig. 1 summarizes the high-level block diagrams of the
approach. Both models use a multi-agent deep Q-network (MADQN) ar-
chitecture applied in a novel forest environment under variable density
vegetation and fire propagation. Here, the environment provides both
local and global information to the agents covering both fire locations,
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positions of other drones, and the information of the closest drones.
Both the environment and MADQN algorithm design are discussed in
the next sections.

We assume that the UAVs used in this paper have the basic capa-
bility, once a house is discovered, to locate people in need of urgent
evacuation by firefighters (and potentially provide first aid or instruc-
tions for their evacuation). Therefore these drones can assist people who
have not yet been reached by the fire. Here, we focus solely on training
agents to explore the environment as efficiently as possible in search of
people in danger, who need evacuation, in houses not yet reached by the
fire. These agents will need to take into account the fire’s progression
and learn to avoid exploring unnecessary areas, such as already burned
regions, as this is not part of their mission. We assume that the agents
are equipped with house recognition technology via a standard camera
as found in existing literature [33,34]. In this paper, we do not consider
image processing and delays in gathering the data. We also assume that
the agents have all the necessary systems to carry out their evacuation
mission and/or transmit the location to the fire fighters once a house
is discovered. The performance of the agents in an episode will corre-
spond to the proportion of houses in the environment that were located
and visited by the agents before being reached by the fire. Agents can ob-
serve their environment and identify houses within a radius of 2 blocks
around them.

2.1. Proposed environment model design

Consider a grid G of size N x N with N € N\ {0} denoted as G = N%V
that models a forest environment. Each cell of the grid contains all the
positions occupied by the forest. We propose N = 100 to effectively
cover the complete grid.

2.1.1. Variable vegetation density

Previous approaches model forest models [31] with constant vege-
tation density such that wildfires will grow radially[35], which is not
realistic due to the heterogeneous nature of forests. To be consistent
with real wildfire scenarios, we propose a novel methodology to model
forests with a variable vegetation density that adds more complexity and
realism.

In each cell (i, /), we denote its variable vegetation density as d;; :=
d(i,j) where d;; € [0,1] and it is obtained by following the steps of
Algorithm 1.

Algorithm 1 Variable Vegetation Density distribution algorithm.

Require: Approximate width of high/low density zones denoted as o,
the width of a Gaussian filter K = 2zo,, and (m,n) € [-K, K]
1: Each cell is initialised with a uniform distribution between 0 and 1,
ie.,

dy(X) ~ (0, 1), VX eG (@9)]

2: Define a 2D-Gaussian filter w,,, defined as

_1<M>
e '\ 7 2)

3: Apply w,, to the initial density matrix d,, by performing a convolu-
tion as

W, (m,n) = 5

2no p

K K

,1(@)
=5 Y Yo\ d aa-mi-n ®

2
27”7‘1 m=—K n=—K
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Fig. 1. Architecture of the proposed MADQN for SAR missions.

We separate the 2D convolution d = d, * w,, into two one-
dimensional convolutions to improve the computation time. The two
convolutions are given by

K m2 K n?
1 202 T2 .
d; = Z e 4 Z e “ddy(i—m,j—n) ()]
2”65 m=—K n=—K
= (dy + 0/20) 5 20 ©

Fig. 2 shows how changes in ¢, produce different density distribu-
tions. Notice that small 6, produces grids with random and discontin-
uous distributions. This is not useful since forests are discontinuous by
nature, but not at this level of granularity. On the other hand, as o,
increases, a density distribution is obtained that matches what we ex-
pect to observe in a forest environment. In this paper, we propose to
use 6, = 10 to obtain a mid vegetation distribution between the results
observed in Figs. 2(c) and (d).

2.1.2. Fire propagation model

The main process of the fire propagation model is similar to that pro-
posed in [31,36]. The model consists of the following steps: (1) it starts
with a fire in one cell of the grid with a probability « of transmitting
fire to each of its neighbouring cells at each step. Each burning cell has
a probability g of “extinguishing,” i.e., ceasing to burn and becoming
completely burned out. We proposed a similar fire propagation model
that includes the proposed vegetation density model which adds a new
level of complexity to the environment design.

(c) og=6

(d) og =17

Fig. 2. Variable Vegetation Density distribution d;.

To this end, we define a grid of states on G which corresponds to the
states of each cell. Each cell can be in one of three different states: either
the cell has not yet been reached by the fire and is considered healthy,
or it is reached by the fire and is burning, or it is burned and the fire is
extinguished due to the loss of vegetation, i.e., dead. Hence, we denote
s’;( as the state of a cell at position X € G at step k € [0, o0) given by

sI)‘( € {H,F,D} = {Healthy, Fire, Dead (burnt)}. 6)

We consider two types of cells: vegetation and houses. Here, houses
are not considered sources of fire propagation, but they can be burnt.
We denote I as the set of cells containing the positions of all houses. Let
us define [(X) as the set of immediate neighbours (see Fig. 3) of a cell
X =(,j)as

Iy(X) ={( = 1,)).0G,Jj - D, G+ 1.j)GJj+ D} )
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Fig. 3. Immediate neighbours 7,(X) of X.
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Fig. 4. Visualization of how fire propagates to neighbouring cells. Each burning
cell next to a given cell X has probability y, to transmit the fire to X.

The proposed fire propagation model can be regarded as a local
Markov process (MP) for each cell. Let’s define p’;( oy = P(s')‘(*l €
5" s')‘( € s) as the probability of being at cell X and transitioning from
state s to state s” at step k. This local MP can be classified in the following
cases

« If a cell is healthy, i.e., sl)‘( € H, then the probability that it catches
fire depends on the number of its neighbours on fire. This number,
f }"(, depends on the cell X and the current step k and can be expressed
as follows,

DY FCARS PN o) (®)

Yely(X)

A probability of yy is given at each step to describe the proba-
bility of a healthy cell X, that is next to a burning cell Y, to get fire
from Y. This probability depends only on the density of X and the
transmission probability « as

yx = ady. (C))

This process can be observed in Fig. 4. Here, cells with higher
vegetation density have a higher probability to get a fire from the
neighbouring cells.

Then the transition probabilities from state H to either state F or
state H is given by

k
pl)c(,HaH =1 -ro'x

10
=1-(-p)x. (o

k
Px -7

If a cell X is burning at step k, i.e., s’}‘( € F, then we have two cases:
either the cell stops burning at step k + 1 or it continues burning. We
define the burning time of a cell X as
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Fig. 5. Local Markov process of the wildfire evolution for a cell X at step k.

Dead

Ty =Card({k e N|s% € F}). an

We model the random variable T; as a geometric distribution
such as a burning cell X will tend to have a short burning time with
minor frequency of long burning times. We use the probability g as
parameter of this distribution, i.e., T; ~ Geom(p). From the prop-

erties of geometric distribution we have that g = this implies

1
E(T; )’
that the state transition probabilities can be written as

pl)c(]‘_,D =Pr-p = ﬂ (12)
ppoy =1-0.

This means that the probability that a burning cell extinguishes
at a given step k does not depend on k or X but it always depends
on f.

If a cell X is burnt or dead, i.e., s’;( € D, then the cell X can only
remain dead. Therefore, we have only on state transition probability
given by

Poop = 1. (13)

Therefore, the local state transition process can be summarized in
Fig. 5 and satisfies the following state transition matrix P’)‘( of cell X at
time step k, which is given by

A=y 1=(=y/* 0

X Yx

Pt = 0 1-8 gl 14
0 0 1

Fig. 6 shows the mean final proportion of burnt cells for 10 different
values of g in the range of [0.1, 1.0]. This graph is used to select the best
values for « and . The results show that more cells are burnt when « is
large and g is small. This is the behaviour that we are interested in since
we want to generate wildfires that can burn a large proportion of cells to
demonstrate the capabilities of the proposed MADRL for SAR missions.
To this end, we set « = 0.25 and p = 0.1 which means an average final
proportion of burnt cells of 90 %, and a thin fire front. This configuration
can be regarded as the worst-case scenario, i.e., the fire propagates fast,
such that fires that propagate slowly can be managed relatively easier
by the proposed MADRL.

Fig. 7 shows a fire propagation example in a variable vegetated en-
vironment using the proposed « and g values. The results show that the
proposed wildfire simulation has thin and discontinuous fire front with
a relative complex shape compared with traditional radial propagation



M. Collignon, A. Perrusquia, A. Tsourdos et al.

Mean Final Proportion of Burnt Cells vs Alpha for Different Beta Values
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Fig. 6. Mean final proportion of burnt cells as a function of « for 10 different
values.
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Fig. 7. Wildfire simulation.

shapes. Notice that the fire struggles to propagate in areas with low veg-
etation density, which is consistent with the real behaviour of wildfires.

Remark 1. The proposed environment model design aims to emu-
late the stochastic spread of wildfires considering variable vegetation
density. Future work aims to match and adapt the proposed fire prop-
agation model using real-world fire data to enhance its realism and
generalisation across different vegetation types.

2.1.3. Temperature modelling

Traditional fire detection approaches are based on cameras em-
bedded in the drones to observe the environment and localized fire.
However, these cameras are susceptible to high number of false pos-
itives due to lightning condition issues or disturbances (e.g., smoke).
To overcome this issue, we propose using temperature as observation
method instead of cameras. Temperature measurements are obtained
from thermal cameras installed on UAVs [32,37]. Here, the main chal-
lenge of using this approach lies in the modelling of heat associated with
the wildfire with enough realism and computational efficiency.

To solve this issue, several approaches use heat equations across di-
verse scenarios [38], which have been shown to be computationally
intensive. Therefore, we propose a new method that emulates heat dif-
fusion and heat cooling in a 2-dimensional space. The key idea is to use
a recursive relation between the future temperature grid T**! at step
k + 1 and the current temperature grid 7} at step k as follows,

1. Initialisation: each burning cell at step k is set at temperature

Tinax» While other cells retain their temperature: Ty <« T«

Tr(sx) + Ty % (1= Tp(sx)), where]]r(sk)_(ﬂr( )) de-

(1 ) (i,j))EG
notes the matrix where all coefficients corresponding to burning
cells are equal to 1, otherwise are set to 0.
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e

(b) k=150 (c) k=250

(d) k =500

Fig. 8. Wildfire temperature grid.

2. Temperature diffusion modelling: the temperature matrix Ty is
convoluted with a Gaussian kernel of parameter (diffusion factor)
or,ie, T« T xw, withT =Ty)y_;co-

3. Cooling after burning modelling: the matrix Ty is multiplied by
a cooling factor ¢ € [0,1]: T « cT.

This process can be reduced to iterating the following relation,
T = ¢ (T 1r () + Ty up(*H 0 TF)  w,,. 15)

In this paper, we set the following values T, = 100, o; = 1 and
¢ = 0.965. Here, a low standard deviation Gaussian filter enables spread-
ing the heat locally. This fits the proposed requirements, that is, the
temperature anomaly will be almost zero outside of the burning / burnt
cells, but will increase rapidly in front of the fire front. On the other
hand, a cooling value ¢ close to 1 provides a progressive cooling behind
the fire front. Fig. 8 shows a temperature grid example per step k. The re-
sults show a realistic evolution of the temperature grid that can be used
as input for the MADRL training for SAR missions, which is discussed in
the next section.

2.2. Multi-agent deep Q-network

In this paper, we use a multi-agent deep Q-network (MADQN) under
a centralized training - decentralized execution (CTDE) framework. The
key idea is that the agents share global information about the environ-
ment and their experiences. In addition, in the testing part the agents
operate in a decentralized mechanism such that they make decisions us-
ing their own copy of the trained model. This framework has been used
in both value-based and policy-based (e.g., proximal policy optimization
(PPO)) algorithms [39,40].

The proposed MADQN implementation uses a single network for
choosing actions and a single target network for all the agents. We use
M to denote the number of UAV agents in the swarm. This network uses
a batch of previous experiences sampled from a replay buffer as shown
in Fig. 1. During the testing phase, each agent receives a copy of the
neural network with parameter 6 and each agent uses the same policy
7y for the action selection. Here, the agents are communicating with
each other and receive global information about the environment state
s. In this paper, the neural networks of both the Q-network and target
network will have 2 hidden layers of respectively 512 and 256 neurons
using ReLU as activation functions.

2.2.1. Pre-training modifications

Due to the dynamic nature of the forest fires generated in the pro-
posed model, it can be observed that some fires are not useful for training
episodes of the MADQN algorithm. Indeed, some episodes might be short
because the fire does not spread to any neighbouring cells according to
the proposed transmission probability model and vegetation. To visual-
ize this, a histogram of the duration of forest fires from 1000 simulations
is shown in Fig. 9(a).

We can observe that there are short forest fires with less than 200
steps of duration. These episodes are problematic because the fire does
not have the chance to spread to the edges of the grid and has even
extinguished shortly after igniting. These fires need to be removed to
avoid biased behaviour in the RL-training. We distinguish two groups:
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Distribution of simulated wildfire durations
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Distribution of simulated wildfire durations
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Fig. 9. Forest fire durations.

(1) short forest fires with k < 200 steps, and (2) long forest fires with
k > 200 steps. We additionally distinguish two subgroups of group (1)
defined as follows,

* Subgroup (1.1): This subgroup consists of forest fires that last a short
time because the fire is initially present on a single cell in the center
of the grid, such that it was unable to spread to its neighbouring
cells. This outcome is possible according to the proposed model and
its transition probabilities. Here, the duration is less than k < 5 steps.
Subgroup (1.2): This subgroup contains forest fires that could not
spread to very large areas because of their initial fire zone. Here,
the middle of the grid has a low vegetation density such that the
probability of spreading is too low. The duration time of these fires
is greater than k > 5 steps but less than 200 steps.

To eliminate the wildfires from subgroup (1.1), we propose to in-
crease the number of cells that are initially on fire from one to nine (a
3 x 3 square located in the middle of the grid). This way, the initially
burning cells will have a much higher probability of spreading the fire
to their neighbours in the next time step. To eliminate the wildfires from
subgroup (1.2), we simply propose regenerating the vegetation density
grid, if it has an average density lower than 0.5 within a 3 x 3 square
around the initial fire position. This approach eliminates the short forest
fires and results in the distribution shown in Fig. 9(b).

2.2.2. Search and rescue (SAR) mission

The main problem to be solved by the MADQN is a Search and Rescue
(SAR) mission where the agents/drones not only need to explore an un-
known forest environment with a progressing fire, but also need to locate
houses threatened by the advancing forest fire. This means that we need
to include houses in the proposed forest environment. To this end, we
label N, random positions in the grid as houses. We set N, = 40 until
the end of this work. An example of the forest environment that includes
houses is shown in Fig. 10.

We define I,(X) = {X + (,)) | (i,j) € {=2,0,2}?}, the set of posi-
tions that are less than two units of distance away from X, including
corners. I, can be visualized in Fig. 11. Throughout this part, the set

T: = Uxemr Io(X) represents all the cells of G that are observed by at
least one agent. We recall that I is the set of the positions of G occupied
by houses, and MF¥ is the set of the positions occupied by the agents at
step k. Then, let F’U‘ be the set of houses that have been visited at step k
while still being healthy

K —K'
'nH" NI, ), (16)

Fig. 10. Example of an environment where houses have been randomly added,
with N, = 40. Burnt houses are shown in brown, healthy houses (the ones to be
visited by the trained agents) are still in white and red.

B =000\ (x3 []cenx

Fig. 11. Visualization of the I,(X) set, blue cells represent neighbouring cells
included in I,, while I, contains blue cells and X itself.

with H¥ = {Xeq| s’; € H}. We define k,  as the score function for the
proposed problem, defined as the proportion of houses that have been
visited while not being burnt, after an infinite number of steps given by

Card(I'*)

= lim —— 1
2.6 = I% Card(m) a7
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2.2.3. Agents modelling

The agents initially start at random positions located on the edges of
the grid, namely on the four borders of the environment [41]. They can
also move freely in the grid, according to the action space that will be
defined in the next section. They can observe the environment around
them, within their I, space. The agent modelling is quite simple, that
is, when a given house #4 is in the neighbouring cells of an agent (in the
sense of 1,), it becomes included in T¥. The corresponding probability
can be inferred from (16) as

P(heTk| heéF’Lf‘l):ﬂ(s‘;eH)-ﬂ(heT;) 18)

For realism purposes, agents have to deal with one constraint, i.e.,
when they identify a house, they have to stop moving and stay next
to the localized house for 20 steps. During this time, according to the
problem definition, they can localize people, perform their evacuation
task and transmit the localisation of the recognized people to the fire
fighters. All these are not visible nor implemented in our environment
and we merely stop the UAVs’ movements during these 20 steps.

Remark 2. The proposed hovering time is heuristically selected to emu-
late the search operation and communication latency between the UAVs
and the fire fighters, whilst considering the urgency of moving forward
as fast as possible to search new houses and potential victims. This time
needs to be optimised or adapted as given in Remark 3.

Remark 3. The proposed time constraint needs to be optimised or
adapted to the findings of the UAV. Here, the hovering time could be
larger or smaller depending on how many people were detected/evac-
uated and the time it takes to transmit the information to firefighters.
Here, human-in-the-loop algorithms could be incorporated to optimise
the hovering time as well as federated architectures to optimise the infor-
mation transmission. These are open challenges that are not addressed
in this paper.

2.2.4. State and action spaces
For an agent m, at step k, the state space consists in the following
features

* A presence map: One of the main challenges in search/exploration
tasks in almost continuous environments (small cell size) is to pro-
vide agents with data informing agents which zones have already
been explored enough and which have not, so that they can move to-
wards areas that lack exploration. Therefore, agents need to have as
a state feature data about the neighbouring cells informing which, if
the agent moves on them at the current step, have the highest prob-
ability to lead to an area lacking exploration and which have the
lowest. This reasoning allows to define the variable presence, defined
on the whole grid, that indicates whether a cell is in a much visited
area or not.

To define this matrix, we simply keep track of all the cells on
which the agents have been at least once since the beginning of the
episode. The presence matrix Ps* gets one values at coordinates be-
longing a certain history of agents’ positions that we will specify
later. We then convolute the obtained matrix with a Gaussian fil-
ter of parameter o,. This way, the spreading effect obtained through
the Gaussian filter defines areas where the “presence” is more sig-
nificant. The hyperparameter o, allows to control the width of these
areas. Its value must be chosen carefully, that is, with a ¢, that is
too small, the areas will be too “precise” and centered on the visited
positions, which will not provide to many information to the agents.
Conversely, a o, that is too large defines areas of high presence that
are too wide compared to reality, in which houses might have been
missed by the UAVs. Then, the history of positions that we convo-
lute has to be specified. If we select the complete history, i.e., all
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the current and past positions of the agents until step k, the agents
will always be at the center of a zone in which the presence is high,
because their current cell is in the history on which we apply the
Gaussian filter. Consequently, it is required to apply our Gaussian
kernel on a history of positions until step k —/ instead of step k, with
I the lag, the value of which needs to be optimised.

By experimentation that we will discuss in the next section, we
found that the optimal values for ¢ and / are (c,/) = (4,6). Lastly,
we recall that Ps* is a matrix that contains values informing the
agents where they should move or not to improve their area cov-
erage. Again, by experimentation we found that the agents do not
have to move ‘behind’ the fire front. Indeed, their task is mainly
to discover healthy houses, not to assist potential victims that have
already been reached by the fire. Thus, we add a second term BF
in the definition of our matrix, containing the cells that are burn-
ing while being in the agents’ cumulative observation space fé‘. This
quantity is calculated using an estimate of the set containing the
burning cells, because UAVs do not have the ability to establish the
real state of a cell, but they can estimate it using temperature. The
following formula specifies how to calculate matrix Ps at each step
k>1
19

Psk = (1 (G, j) € A U Bk))(i,j)eG * W,

with,

kil _ k—1
A = U Zo Uperw m

~ —k —k
B =FFnT,={X€G|TL> )T,

(20)

Conversely if k < I, then Ps* = (1 (@i, ) € B"))W)Ec * w, . The
input provided to the agent is a local 3 x 3 map obtained using the
previous matrix given by
Py = (PG ) = InPS" X)) e k) 21

Fig. 12 shows the influence of varying ¢, and / on the Ps grid.
The initial position of the fire (X ;’,) relative to the position of the

k i k — y0 k.
agent X given by uy = X, — X;
The current speed of the UAV, that we define as the distance between
the agent’s current position and its position 5 steps ago: Vlfn =X ,’;‘ -
Xk=5],/5. As the proposed task requires that the agents to move as
fast as possible, this feature will be useful;
If m* is the closest agent to m, then we use as input the position of
mk relative to the one of m given by u¥ =Xk — x*,

Therefore, the feature vector is given by
(22)

The action space consists of 8 possible moves: up, down, left, right,
upper left, upper right, lower left, lower right.

R

(c)1=0 (d) 1=50

(a) op =1

(b) o) = 10.

Fig. 12. Examples of the Ps presence grid around agents.
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2.2.5. Reward function

The reward function is designed and tuned manually until the best
performance is obtained in the proposed SAR operation. Let N, be the
number of houses. At step k, for agent m, we split the reward into four
components,

« A reward r’v‘isinm obtained when the agent visits a house in I,(X ,fl).
In this case, the agent receives a reward that is high but decreases
exponentially if the house is far away from the fire start. This way,
agents are enticed to search for houses around the fire start, which
corresponds to the area where the houses are the most threatened by
the fire. The agents can then search for houses near the edges of the
grid but get a smaller reward. If the agents discover a house that is
already burnt, they get a low positive reward.

A reward r']; esm ODtained if the agent moved to a cell that has a

lower presence than its previous one (+ﬁ in this case), otherwise it

. . 1 .
receives a negative reward — -, where M is the number of UAVs.

A reward 'fpee am that increases with the agent’s speed. As a result,
the agents are encouraged to move faster and explore larger areas.

A reward r(’jlose,m that increases with the distance to the agent that
is the closest to m. With such a reward, the agents may learn not to
stay too close to each other, a behaviour that can limit the agents’

efficiency and avoid multiple agents in the same zone.

The final reward function is given by a linear combination of each
sub-reward with unitary weights, i.e.,

rk o=k +rk +rk

m visit,m pres,m rspccd,m

Lk

r .
close,m

23

The corresponding algorithm, with detailed reward definitions, is given
in Algorithm 2.

Remark 4. Each sub-reward component plays a pivotal role in the
success and generalisation of the proposed MADQN, such that remov-
ing one or more sub-reward components will compromise the overall
performance.

Algorithm 2 Reward calculation algorithm.

1: Initialize rewards r"fisit’m = r’gm’m = i‘pee am = rflose’m =0
: for X € I,(X¥) do
if X el'and X ¢ I'* then
if s € H then
Calculate distance to center dist’;m

g e

stk
& _ 100 _dlsthm
Misitm = Nj, exp( N/2 )
else if s € DUF then
k 10

visit,m Njp
end if
10: end if
11: end for
. i Dokl k
12: if PS'™ — Ps)f < 0 then
. k —
13: rpres’m = oM
14: else
. k
15: Toresm = " Tot
16: end if X
.k = Ym_
17: rspeed,m ~ 40M
18: Determine closest agent m’:
19: Calculate distance to m*: dist* = | X*, — xX||,
mL‘

© ® N 9

1

20: rk
close,m

_ 1
=(1- @)/(IOOM)

. Lok ok k
21: Total reward at step k: r\ = Feisitm T Tpresm

speed,m rc]osc,m
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Table 1

Final hyperparameter values.
Hyperparameter Value
learning_rate Ir 1074
discount factor y 0.98
e-probability 0.12
batch_size 32

2.2.6. Hyperparameters

We perform hyperparameter tuning of the main MADQN hyperpa-
rameters: (Ir,y, e, batch_size). Table 1 summarizes the best hyperparam-
eter values.

2.3. Heuristic-based algorithm

We design a heuristic-based model for comparison purposes with the
MADQN architecture used in this paper. In the literature, plenty of al-
gorithms exist to explore environments without reinforcement learning
[42], and this research area has been widely covered, even for swarms
of agents [43-45]. These algorithms have been proven to be efficient
in grid exploration and discrete environment exploration. However, we
identify two characteristics of most of these algorithms that make them
incompatible with the requirements of the proposed task:

+ These algorithms most often aim to be efficient by minimizing the
number of nodes or edges visited more than once, with no regard
to exploration time. However, in this case, visiting a cell more than
once is not important, as the objective is to explore as much area as
possible and as quickly as possible.

The proposed environment is dynamic due to the fire propagation
modelling. As a result, the graph to be explored changes with time,
as it is of no use exploring already burnt areas. Indeed, applying
an algorithm that was designed to explore a static grid and migrate
it into a grid where some regions do not have the same impor-
tance compared with others (e.g., in burned zones) would be less
efficient.

As a consequence, we hypothesize that an exploration algorithm
based on heuristics has to be designed for this specific task. Therefore,
we design an efficient heuristic algorithm that considers the constraints
imposed by both the task and the environment design. Then, the algo-
rithm will use the presence data to determine towards which direction it
will move at each step. The principle of the proposed heuristic algorithm
is summarized in Algorithm 3.

Algorithm 3 Heuristic-based UAV algorithm.
1: Initialize UAV positions (X,,),,cn,,
2: while Card({s% € F}) #0 do
3 forme[l,M] do

4 Calculate local relative log presence map p¥,
5: if min p¥(dX') < 0.5 then
dX'eA
6 Calculate next move, to non-burning neighbor of minimal
presence:
7: dX = arg min phdx’)
dX'€A | TH(X+dX")<Tpu /2
8: else
9: Calculate the minimal presence’s position: X r"n wps =
arg min Psk(X)
XeG
10: Calculate next move to this minimum: d X = arg min || X I’;‘ P~
dX'eA ‘
XK +dXl,
11: end if
12: Move UAV on X% +dX
13: end for

14: end while
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Rewards and Score vs. Episode

16

141

124

Reward

Total Reward
—— Visit Reward
—— Presence Reward
Speed Reward
—— Close Reward
Score

0 200 400

1000

600 800
Epoch

Fig. 13. Reward and score curves for 1000 epochs.

3. Results and discussion

In this section, we train the proposed model. The trainings are
performed with 5 agents (M = 5) and the results correspond to the
M =5 case. We also perform ablation studies to identify how the model
is affected by changing specific hyperparameters, e.g., the number of
agents.

3.1. Reward curve

The reward curve is shown in Fig. 13. We additionally plot the score
curve (score obtained throughout the episodes of the training) in this
graph. All the reward components are also exhibited. These curves are
obtained during the training using a moving average with a window size
of 50.

We notice that the reward increases until epoch 200 and then sta-
bilises until the end of the training. All the reward components increase,
as well as the score which improves in each episode. Here, the close re-
ward component remains with low values which means that the agents
do not learn to avoid staying too close to one another. However, the
experiments show that removing this component slightly decreases the
final score, hence we decide to keep it. Nonetheless, the reward curve
demonstrates that the agents learn to explore the environment and find
houses, by minimizing their presence value and maintaining high speeds.

Fig. 14 shows an example of how the trained agents search for houses
and help people evacuate from non-burnt houses in an environment
where a wildfire spreads.

In addition, we show in Fig. 15 a Ps grid at the end of a simulation.

We observe in both Figs. 14 and 15 some interesting behaviours that
need to be discussed

« The agents, or at least some of them, seem to initially rush to the mid-
dle of the grid, certainly because of the visit reward which decreases
with the distance to the middle of the grid.

Then, the agents quickly try to move as far as possible from the fire,
since they do not need to stay in burnt areas where they no longer
have houses to visit.

Their trajectories are mainly straight, which is a synonym for high
speed in the proposed simulations and can be attributed to the r
reward.

Most of the time, the agents try to remain in unexplored areas, where
Ps is low. This behaviour is achieved because the agents try to cover
as much area as possible.

speed

All these elements show that the training was efficient. We nonethe-
less observe some unexpected behaviours, for instance, some agents
cross the fire front and move within burnt areas. This remains a minority
behaviour.

(a) k=100 (b) k=250 (c) k=500

Fig. 14. Example of a simulation of the SAR mission using MADQN.

-

Fig. 15. Ps grid for k = 500.

3.2. Comparison studies

We compare the proposed MADQN algorithm with the heuristic-
based algorithm to show the benefits and challenges of the approach.
A histogram of the distribution of scores obtained from 500 simulations
of the SAR mission on wildfires is plotted. This histogram is displayed
for both the heuristic-based algorithm and the MADQN model in Fig. 16.

The distributions show that the MADQN model scores slightly better
than the heuristic-based one. Here, the score difference is about 8 %.
As a reminder, this score means that, using MADQN, the agents get to
visit on average 46 % of the healthy houses before the wildfire ends. The
heuristic algorithm manages to visit only 38 %.
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Distribution of simulated final proportion of visited houses, heuristics

Average: 0.38
4.0

Frequency

0.2
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Final proportion of visited houses

0.8 1.0

(a) Heuristic algorithm

Fig. 16. Distribution of the scores obtained on

3.3. Ablation studies

We perform hyperparameter tuning for the o, and / parameters,
namely the size of the explored zones in the presence grid, and the
last / values that we do not take into account, whilst obtaining the
history of positions for the calculation of Ps (the lag). This optimiza-
tion will allow us to determine if these hyperparameters are useful,
i.e., if the proposed approach based on the Ps matrix is relevant, and
what values enable maximizing IAE(KM). We consider the following

procedure,

» We first train the proposed MADQN model using parameter values
chosen by common sense and by examining the graphical output of
the simulations;

We calculated with the obtained model the score values after mod-
ifying the o, and / parameters in the environment, which means
that the model is used on an environment that does not have the
same parameters as the one it was trained with. This is a flaw of
our approach, however, it enables saving an enormous amount of
training time and consequently gaining precision when calculating
the score. This means that with a pre-trained model, we can calcu-
late its score on more simulations, in this case 50 per combination of
parameters, which is still infinitely faster than training a model per
combination;

We modify the environment’s parameters o, and / using the
ones that maximize the score and retrain the agents on this new
environment.

We detail the ranges of values tested as well as the optimal values
obtained in Table 2.

The plot obtained using all the possible combinations of these pa-
rameters is given in Fig. 17, which shows the possible combinations of
the parameters o, and /. We observe that low values of o, (1 and 2) yield
low scores, which demonstrates the usefulness of defining large enough
zones of past presence, so that the agents know which areas have already
been visited. Conversely, too high values of ¢, decrease the score, but
in low magnitude compared to the low ones. In addition, we study the
influence of /. According to Fig. 17, a lag of zero (I = 0) significantly de-
creases the performance for o, > 3. This observation demonstrates the
usefulness of the lag variable. However, if I # 0, I does not significantly
influence the score for the ¢, values that lead to high scores. We note
that (s, /) = (4,6) maximizes the score.

After analysing the influence of ¢, and / in the proposed model, we
examine the impact of another important feature introduced in Ps given
by B¥ in (20). This term is used to encourage the agents not to move
towards the fire front, as burning cells are given a high presence value.
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Distribution of simulated final proportion of visited houses, DQN
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(b) MADQN algorithm

500 simulations, and corresponding average score.
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Mean Score vs Lag for Different Sigma_p Values
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Fig. 17. Scores obtained with a pre-trained model as a function of the lag /, for
different o, values. Except for / = 0 which yields low scores (for o, > 3), the
variable / does not seem to have a major influence on the score.

To analyse this property of the model, we plot in Fig. 18 the score against
the number of agents for three models: (1) the trained MADQN model
with B¥, (2) a MADQN model without B¥, and (3) the heuristic-based
algorithm denoted as dummy.

The curves show that the score grows as the number of UAVs in-
creases and that the heuristic (dummy) algorithm scores less despite the
number of agents increasing in the environment. This plot also indicates
that the B term has a small influence or no influence on performance
for some values of M, while it increases the score for other values. In
a nutshell, B never yields a drop in performance while increasing it in
the best case. This allows us to conclude that By has a positive influence
on the score of the MADQN model.

Table 2
Range of values for ¢, and /.
Parameter Range tested Best value
o, [1. 101 4
10,207 6
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Score vs. nb of UAVs with heuristics and MADQN (with/without Bk)

—— MADQN, with Bk
0.8 4 —— MADQN, without Bk
— dummy
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Fig. 18. Score as a function of the number of UAVs M, for three different settings
heuristic(dummy) algorithm, MADQN-based model with the B* term, MADQN-
based model without the B* term.

4. Conclusion

In this paper a search and rescue application in wildfire environ-
ments using UAVs is proposed. Here, a novel forest environment that
considers variable density vegetation is introduced. This helps to model
more accurately the evolution of a wildfire. In addition, we consider a
temperature map that provides a better insight into zones that need as-
sistance compared with cameras, which are prone to high false positives.
Then, a multi-agent deep Q-network is designed to search for houses that
might shelter people who need to be evacuated and are threatened by
the fire. In addition, a heuristic-based algorithm is developed for com-
parison purposes with the approach. We demonstrated that agents can
successfully carry out this kind of exploration and SAR mission, being
able to identify nearly 50 % of the threatened houses and outperform
the heuristic model.

Future work will consider the incorporation of additional elements
in the environment and agent design such as wind, humidity, battery
life, and delays/noise in the sensor measurements. We are interested in
incorporating heuristics into the RL design to improve the overall SAR
mission, as well as integrating robust RL models to enhance resilience
and robustness in the swarm operation.
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