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Abstract—Recent large wildfires in the United States and the
subsequent damage that they have caused have increased the
importance of wildfire monitoring and tracking. However, human
monitoring on the ground or in the air may be too dangerous and
therefore, there need to be alternatives to monitoring wildfires.
Unmanned Aerial Vehicles (UAVs) have been previously used
in this problem domain to track and monitor wildfires with
approaches such as artificial potential fields and reinforcement
learning. Our work aims to look at a team of UAVs, in a
distributed approach, over an area to maximize the sensor
coverage in dynamic wildfire environments. We proposed and
implemented the Deep Q-Network (DQN) with a state estimator
(auto-encoder), then compared it to existing methods including
a Q-learning, a Q-learning with experience replay, and a DQN.
The proposed DQN with a state estimator outperformed existing
deep learning methods in terms of reward maximization and
convergence.

I. INTRODUCTION

Wildfires are spontaneous events that are known to cause
massive destruction to structures and wildlife. Consequently,
fighting wildfires is a dangerous task as the behavior of
wildfires can be unpredictable and difficult to model. The
Congressional Research Service reported that for every year
since 2000, there have been an average of 70,600 wildfires
that burned an average of 7.0 million acres in the United
States alone [1]. Although on average, there were 78,600
wildfires annually in the US in the 1990s, the total acres
burned have more than doubled. The loss of wildlife, human
life, and structures highlights the importance of the need to
locate, observe and track wildfires. This information is critical
to making emergency plans to evacuate civilians to safety,
prevent the rapid spread of the fire and to fight the fire.

UAVs have been used to assist humans in emergency and
disaster situations by providing situational awareness with
information such as imagery and maps [2]-[6]. By maintaining
proper communication links between the UAVs and human
operated ground control stations, humans can remotely and
safely assess damage in a given region of interest and the
activity of such disasters [7]-[9]. Therefore, UAVs are highly
suitable for tackling the wildfire tracking problem by providing
imagery and maps while relaying information through each
other to firefighters/operators who are at a safe distance.
Teaming of UAVs and other robots to collaborate for resolving
multiple challenges has risen in popularity for both research
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and application [10], [11]. Teams of UAVs have been used to
collaborate as a network of agents with sensors to build maps
and gather information in their local areas [12], [13].

The objective of this work is to use a team of UAVs to
track the spread of a wildfire and monitor the entire fire.
This work takes inspiration from [14], [15], which uses UAVs
and multi agent reinforcement learning to control UAVs for
static field coverage. Previous work has also been done [16],
[17] that formulated fire boundary tracking as a two-objective
optimization problem, using the same artificial potential fields-
based approach as described in [17] to control these UAVs.
Specifically, Shrestha et al. [18] maximizes the fire boundary
coverage and minimizes the energy consumption of deployed
UAVs in a network. The first objective ensures that agents
could track the spread of the fire while the second maximizes
the length of time UAVs, which can stay in the air while
tracking the fire. The work uses its own implementation of
Deb’s NSGA-II [19] to optimize potential field parameters
encoded in a real-valued chromosome. The tuned potential
field parameters control a team of UAVs that maneuver au-
tonomously to track the spread of the fire front in a distributed
manner. Past work has shown that potential fields are suitable
for distributed control tasks since, once tuned, they have low
computational requirements, can be visualized to help explain
control behavior, and have been used to produce complex task
achieving behavior for heterogeneous groups of agents [16],
[17], [20], [21]. However, potential fields can be highly non-
linear and that makes it difficult to optimize.

In this paper, we are interested in finding alternative and other
methods to track the entire coverage of the fire with a dynamic
fire environment. Previous works done have mostly prioritized
just the fire fronts with a dynamic fire environment or just total
fire coverage with a static fire environment. We will implement
and compare Q-Learning, experience replay with Q-learning,
Deep Q-Network (DQN), DQN with a state estimator (auto
encoder) to track and cover wildfires

The remainder of the paper is organized as follows. Section II
describes prior work in using UAVs for wildfire tracking.
Section III briefly describes our problem formulation [14].
Section IV discusses the different methods that were used for
the problem [22]. Section V presents experimental results
and compares the results with each other. Finally, Section VI
summarizes the work and improvements for future work.

II. BACKGROUND
Although UAVs, a field of multi-robot systems [23]-[26], have
many applications in both civilian and military domains [27]-
[30], we focus on using UAVs for tracking and covering
wildfires. Two fundamental challenges when using UAVs in
unknown regions for fire coverage are fire detection and fire
tracking. However, the two are related as we need detection
for tracking, so we start with providing an overview of work in
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detection. Yuan et al. [31] used Infrared (IR) imaging sensors
installed on UAVs to detect the presence of fire and presented
techniques to process images gathered using different sensors
mounted on UAVs, to study fire spreading behaviors. Afghah
et al. [32] proposed a leader-follower formation to cluster a
set of UAVs into multiple coalitions that collectively covered
a particular area of interest. Merino et al. [33] proposed
a cooperative perception system for multiple heterogeneous
UAVs for automatic detection of forest fires. They collected
data using multiple sensors such as visual cameras, infrared
sensors, and fire detectors mounted on UAV’s and fused them
together for detection, monitoring, and measurement of forest
fires. Another fire detection technique developed by Yuan et al.
[34] analyzes fire segmentation in different color spaces. Cruz
et al. [35] introduced a Forest Fire Detection Index (FFDI) to
detect fires through the use of a new color index. The index
is based on method for vegetation classification and used to
detect flames and smoke.

The work in fire detection has shown that several robust
techniques exist for fire detection and tracking as long as we
have good observation platforms with suitable sensors. In this
paper, we assume that UAVs have a camera that is able to
observe the fire, and the challenge is to cover the fire entirely
as it spreads over time. Coordinated control of multiple UAVs
is essential for dynamic fire coverage, and control techniques
are broadly categorized as either distributed or centralized
control. Casbeer et al. [36] presented a path planning algorithm
to track fire using low altitude short endurance UAVs. Their
centralized path planning computes waypoints for each UAV,
with these waypoints being generated along the edge of a fire
(along the fire boundary). Phan et al. [37] worked on a similar
problem where they proposed a cooperative control framework
for a team of UAVs and unmanned ground vehicles (UGVs) to
detect and track fires. In their centralized framework, a mission
controller monitors a dynamic environment, formulates high
level mission plans, and allocates task to each vehicle.

Maza et al. [38] proposed a distributed decision making ar-
chitectural framework for multi-UAV configuration in disaster
management. Multiple checkpoints in the region of interest
can be used to command UAVs to track down the boundary
for fire coverage. Kyrkou and Theocharides [39] presented a
deep learning approach to deploy UAVs to collect images for
fire classification.

Open challenges still include the coverage of a fire when the
fire spreads dynamically. Earlier approaches to resolve this
problem include [36] and [37] where UAV maneuvering de-
cision making was centralized. Centralized approaches suffer
from a single point of failure and may need more computation
and communication hardware than available. However, given
enough computational and communication resources, these
approaches can direct a team of UAVs to continuously track
the spread of fire along the boundary as long as we have a good
fire spread model or external information about fire boundary.
Simultaneous detection and tracking in a decentralized manner
remains challenging. Pham et al. [16] used a team of UAVs
working together to track and follow a wildfire as it spreads by
tracking fire intensity and heat sources. However, an artificial
potential field-based method was used and required time to
tune its parameters as they can be highly non-linear and that
makes them difficult to optimize.

FOV /(]

Fig. 1: Field of view of a UAV with half angles 61, 6;.
The center of the camera is located at the UAV’s lateral
coordinate at ¢;. Each UAV will record/capture an image of
its observations using its camera and record the number of fire
grids it observes.

III. PROBLEM STATEMENT

In this work, we aim to deploy and control a team of UAVs
to track and cover a wildfire in unknown environments. Let
us assume that we have a set of n homogeneous UAVs. We
assume that the UAVs are equipped with a GPS receiver, a
camera capable of detecting the fire, and able to move North,
East, West, South, and change elevations. We assume that the
UAVs also start at known fire locations at deployment but has
to learn to track and cover the wildfire as it spreads and moves.
At initial deployment, each UAV starts at a fire location that
is not occupied by any other UAV. The coverage and tracking
objective consists of the UAV team spreading out and learning
to cover the fire as it spreads. Each UAV will capture images of
the area under its observation with the camera. The camera’s
FOV model is a pyramid and based on its half-angles §7 =
[01,602])T. Additionally, we make the assumption that the UAV's
are able to communicate to each other and can share their
positions with each other at each time step.

For experimentation and simulation, the fire model is simulated
using FARSITE [40] fire model. Different FARSITE param-
eters were used to simulate and obtain different behaviors
of various wildfire behavior. The fire model and spread are
represented in a discretized grid environment. The objective of
the team of UAVs is to cover the fire as much as possible, and
this is represented by the reward function. Let p; = [¢;, 2;] =
[, y:, z;] denote the pose of a given UAV ¢ € n. ¢; represents
the coordinates in x; and y;, the lateral coordinates and z;
represents the altitude of a UAV . The camera and FOV of
the UAVs are identical to [14] and shown in Figure 1 below.

For deployment, the UAVs are initially deployed at a distinct
fire location. The UAVs start at the known fire locations in
the discretized grid space. After the initial deployment, the
UAVs now move and learn to cover the fire as a team as
the fire spreads. The problem has been solved using potential
fields [16], [18] and Voronoi partitions but potential fields can
be highly non linear and difficult to tune. Additionally, some
of the previous works make assumptions about the mathe-
matical model of the environment. However, this information
is difficult to model accurately because there is insufficient
information or the constant change in the model because of
the dynamic environment.

Authorized licensed use limited to: UNIVERSITY OF NEVADA RENO. Downloaded on February 04,2023 at 21:06:52 UTC from IEEE Xplore. Restrictions apply.



IV. METHODOLOGY
A. Simulation
The fire scenarios in this work is simulated using the FARSITE
fire model with different parameters. The parameters are
defined as:

e  Wind Direction (#), 0 <0 <27
e  Wind Speed (U), 5 m/sec
e  Fire Spread Rate (R), 25 m/min.

To implement the reward function in a simplistic and achiev-
able manner, the environment is implemented into a discretized
grid-based environment to describe the fire model. The state
space and action space set of each UAV is represented as a
discrete finite set in a 3-D grid environment.

B. Reinforcement Learning

Reinforcement Learning aims to maximize the rewards that a
UAV receives once it interacts with the environment. The UAV
takes an action at each state based on a policy 7 to maximize
the reward function, which measures the performance of the
UAV. However, in this problem there are various UAVs that
interact with each other and the environment. This makes the
interaction more complex as the states and environment are
constantly changing. In our approach, we form a joint action
containing all actions of all UAVs taken at a single time step.
This allows each UAV to consider the states and actions of
all other UAVs to coordinate for the optimal state-action pairs.
We define the learning model as:

n is the number of UAVs.

S is the joint state space S = 57 X S X ... X Sy.
S;, where i = 1, ....,n, represents the individual state
space of a UAV 1.

e A is the joint action space A = A7 x Ag X .... X A,.
S;, where i = 1, ...., n, represents the individual action
space of a UAV 1.

e T is the transition probability function, 7" : S x A x
S — [0,1].

e R is the reward function, R: S x A — R.

The UAVs aim to optimize their reward output by determining
the action to take that will return the highest reward in
the future. Since the problem contains multiple UAVs, the
expected return obtained over an episode depends on the joint
state and action pairs. In the multi-UAV scenario at time ¢,
the Q-learning function can be represented as Q(S;, A;) =
QS Ait, Sit—1,Aig—1) = EY ), Arigq1. A, defined by,
0 > X > 1 is the discount factor of Q-learning and effects
to prioritize the rewards received earlier more or prioritize the
rewards received later more. A value closer to O will make the
UAV consider earlier/current rewards, whereas a value closer
to 1 will prioritize the rewards furthers into the future. In [14],
the authors proposed Correlated Equilibrium to accomplish the
team’s goals by reaching a consensus in selecting the actions.
We consider their method of Correlated equilibrium for helping
find a join action for two of the methods implemented for
comparison. We implemented Pham et al’s work [14] as a
baseline comparison for the dynamic wildfire situation, but also
implement Experience replay to Pham et al.’s work, a Deep
Q-Network (DQN) approach, and a DQN with state estimator
approach for comparison.
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C. Reward and Q-Learning Design

[14] showed that a global team goal results in better perfor-
mance and rewards than individual rewards as it converged
faster and resulted in higher reward. The global reward is
defined as the total number of fire cells observed at a time
t over the total fire cells that could be observed at a time
t. Therefore, the global reward function is simply defined as
the percentage of the fire observed by the team of UAVs. The
global reward equation can be represented as: GR = ZlFfilc(LS‘)
where f; is the number of fire cells observed by UAV i at time
t, and F'C is the total number of fire cells observable at time
t. We implement the individual reward for each UAV to be
equal to that of the global reward equation as the UAV’s share
the same team objective and goal. The Q learning function can
then be approximated as:

Qe (S,, At) (1 — @)Q(St, Ar) + a(GR(Sy, Ay) +
/\Ar/naﬁ Q(St41, A7),

where, «, defined by, 0 < < 1 is the learning rate, which
determines how quickly the learning is updated. A value closer
to O indicates that the Q-values are not updated as often, but
a value closer to 1 indiciates that the Q-values are updated
often. The Q-learning and Q-learning with experience replay
methods proposed in this work use the same fixed sparse
representation (FSR) scheme as implemented by [14]. The Q-
Learning algorithm is defined in [14].

D. Q-Learning with Experience Replay

Additionally, Experience Replay (ER) is combined with [14]
for learning a value function from a sample of experience
rather than the most recent state. In ER, the experiences are
stored and used later, whereas in standard Q-learning, the
most recent experience is used to update the value function.
This allows for experiences to be using important experience
repeatedly to update and learn the function. The Q-Learning
with ER algorithm can be defined as Algorithm 1:

E. DON

We consider a DQN to replace the original Q-learning ap-
proach for the problem. Considering that we have n UAVs and
n DQNs (1 DQN for each UAV). We consider the DQN to have
an input of the states and actions of the UAVs, which contains
the size for the real values that represent the state values for
each UAV in the discretized space (z,vy, z), the action taken
by each UAV and the global reward associated with each UAV,
and an output of n, which represents the actions that each UAV
takes. The loss criterion selected for the approach is a Huber
Loss function that is less sensitive to outliers in the data than
the squared error loss function. The DQN approach is defined
as Algorithm 2:

F. DON with State Estimator

1) Online Parameter Estimation: The recursive Hidden
Markov model (HMM) estimation [41], [42], which uses a
stochastic approximation [43] can be used to estimate pa-
rameters of the model. However, the estimation method [41]
becomes computationally intractable as we increase the size
of the grid map. Hence, we employ the computational tools
developed in deep learning that scales with a larger grid map
when it uses GPUs. We approximate the Bayesian recursive
updates [41] for the state estimation with the dynamic auto-
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Algorithm 1: Q-Learning with Experience Replay

Input : discount factor A, learning rate o, number of
experiences to replay K, number of replays N,
number of episodes e, number of UAVs n,
epsilon policy switching e
1 Q + Qo
2 L«
3 for episode = 1, 2, ...., e do

4 Randomly initialize state .S; o
5 fort=1, 2, ... do
6 for k=0, 1, ..., ndo
7 Exchange information with other UAVs to
obtain their positions and state
8 7T(At) =
Optimal joint-action with probability 1 — e
Random joint-action otherwise
9 Decide on unique joint action A; and take
individual joint actions
10 Exchange information about new UAV states
11 Observe global reward GR at time ¢, GR;)
12 E + (St7At7GRt,St+1)
13 Store experience into replay buffer L,
L+ (L,E,N)
14 Retrieve K replays from replay buffer L
15 Update for each UAV:
16 Q + QFunction(Q, M, K, \, a)

17 return(Parameter Vector 0 for each UAV ¢ and policy )

Algorithm 2: DQN

Input : number of episodes e, number of UAVs n,
epsilon policy switching e
Q < Qo
DQN <« Initialize
for episode = 1, 2, ...., e do
Randomly initialize state S; o
forr=1, 2, ... do
for k =0, 1,
Exchange information with other UAVs to
obtain their positions and state
8 W(At) =
Optimal joint-action with probability 1 — e
Random joint-action otherwise

QU R W N e

9 Decide on unique joint action A; and take
individual joint actions

10 Exchange information about new UAV states

11 Observe global reward GR at time ¢, GR;

12 Update DQN for each UAV:

13 DQN(St7 At7 GRt7 St+1)
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Algorithm 3: DQN with State Estimator

Input : number of episodes e, number of UAVs n,
epsilon policy switching e
Q < Qo
DQN <« Initialize
for episode = 1, 2, ...., e do
Randomly initialize state S; o
fort=1, 2, ... do
for k =0, 1,
Exchange information with other UAVs to
obtain their positions and state
m(Ar) =
Optimal joint-action with probability 1 — €
Random joint-action otherwise
Decide on unique joint action A, and take
individual joint actions
Exchange information about new UAV states
Observe global reward GR at time ¢, GR;
State Estimator Observations
SE_OBS(St41,At, Ry)
State Estimator Step Function SE(S;1, 4;)
Update DQN for each UAV:
DQN(Sta At? GRt7 St+1)
Update SE for each UAV:
SE(Ot7 St: At)

encoder network consisting of an encoder!, a recurrent neural
network (RNN)2, and a decoder?, as illustrated in Fig. 2.

The deep neural networks in Fig. 2 are trained to predict the
future observation in the next time step given previous observa-
tions. In contrast to the HMM estimation methods [41], which
only use the current observation, we use replay buffer [47] to
save recent state transition reward associations to sample mini-
batch samples for training. The trajectory of the observation
grid map with |O| possible observations can be seen as |O|
channel image stream. The model in Fig. 2 is trained to
predict the observation image streams, i.e. observation grid
map trajectories.

Additionally, we consider an online state estimator discussed
above with our DQN approach to estimate the state at the
next time step. Our DQN algorithm remains the same but now
we incorporate a state estimator. The state estimator can be
represented as a dynamic auto-encoder that is trained to predict
the next state using batch observations from the UAVs, a batch
of states of the UAVs, and a batch of actions taken by UAVs.
The input for the state estimator is the observation of all UAVs
at time t (O,), the state vector for all UAVs at time ¢ (S;),
and the action taken by all UAVs at time ¢ (A;). The state
estimator is then trained to predict the future observation in
the next time step given the previous observations. The DQN
with State Estimator algorithm can be defined as Algorithm 3:

We can represent the methodology as shown in Fig. 3. The

The encoder compresses images into encodings [44].

2We use the gated recurrent unit (GRU) for the RNN component [45].

3The decoder generates a grid map (an M channel image). The generator
employs the deconvolutional layer structure in [46].
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Fig. 2: Spatio-temporal state estimation network. The dynamic auto-encoder (colored light blue) is trained to predict the
observation at k + 1 using the observation at k£ and the state of RNN denoted as hy.

Initialize Fire Points and
initial UAV Location

|

UAV's Exchange information
about states (Sy) and

observations

Decide on unique joint action
Ag for (A¢) and take

individual joint actions

|

UAV's Exchange information
about new states (S¢4q) and

observations

| Reinforcement Learning used
—_—>
Observe Global Reward GR to update each UAV

Update FARSITE Fire
Simulation time step

Fig. 3: Generalized methodology overview for different algo-
rithms

fire points, UAVs and learning methods are initialized. Then
the UAVs exchange information about the current state S; and
observations. The UAVs decide on a unique joint action A;
for policy 7w and take individual joint actions. After taking
the individual joint actions, the UAVs exchange information
about new states S; 1. After exchanging information, a Global
Reward GR is observed. After a global reward is observed,
each method will perform an update using Reinforcement
Learning for each UAV via Q-Learning, Q-Learning with
Experience replay, DQN, and DQN with State Estimator. After
the learning is updated, the FARSITE fire simulation time step
is updated and this is repeated for 1000 time steps.

V. EXPERIMENTAL RESULTS
The simulation was setup on a 15 x 15 x 5 discretized 3-
D space with the FARSITE parameters mentioned in III. The
simulation composed of n = 3 UAVs, with a total of 6 possible
actions for each UAV: North, South, East, West, UP and Down.
Each UAV in the team will receive a reward between 0 and
1 based on the number of Fire cells that the team of UAVs
covers. While [14] considered overlaps to be negative and
rewarded the team with a reward of 0, we consider overlaps
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((a)) Discretized Fire Initial ((b)) Discretized Fire Final

Fig. 4: 2-D view of a discretized fire simulation from the start
to end of the simulation.

as redundant information but we do not punish the UAVs
for having overlapping information. However, we do count
overlapped fire cells as just one fire cell observed towards the
total reward. There was a total of 1000 iterations for each
episode, with a max reward of 1 per iterations, resulting in a
max reward score of 1000 for an episode. The experimentation
fire simulations were ran over 1000 episodes. Fig. 4 shows
one of the simulation fire environments that was used to test
and compare the algorithms. This figure shows the initial Fire
environment state (Fig. 4 (a)) and the final Fire environment
state (Fig. 4 (b)) in a discretized manner. The fire spreads from
the initial to the final state as simulated using FARSITE, but
the simulation is discretized in the 3-D space.

Fig. 5 shows the 2-D UAV coverage of a fire simulation as
it learns the environment using the DQN and State Estimator.
Fig. 5 (a) shows the initial deployment of the UAVs as they
only cover 1 fire unit. As the fire spreads, the UAVs start the
learning process. This can be seen on 5 (b) as only 1 UAV
covers some fire units, while the remaining 2 UAVs are spread
out and not covering any fire units. During the final deployment
phases, the UAVs cover the entire fire as it spreads.

Using just Q-Learning the simulation results in a mean reward
score of 150.1 and a median score of 137.5 as shown in Fig.
6. The UAVs do not reach the maximum reward of 1000, and
the learning is not consistent, and there are constant changes in
the reward of the team of UAVs. In Fig. 7, the Q-Learning and
Experience replay approach is used. The simulation resulted
in a mean reward score of 705.3 and a median of 782.0.
Although there were increases in the mean and median reward
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((a)) Initial Deployment of UAVs using the DQN and
State Estimator Method.
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((b)) UAV deployment learning the environment using
the DQN and State Estimator Method.
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((c)) Final deployment of the UAVs with total fire
coverage using the DQN and State Estimator Method.

Fig. 5: 2-D UAV coverage of a discretized fire simulation as
it spreads using the DQN and State Estimator Method.
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Fig. 6: Reward of the team of UAVs over 1000 episodes with
Q-Learning. The X-axis represents the number of episodes and
Y-axis represents the reward (max 1000).
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Fig. 7: Reward of the team of UAVs over 1000 episodes with
Q-Learning and Experience Replay. The X-axis represents the
number of episodes and Y-axis represents the reward (max
1000).

over 1000 episodes, there are constant changes in the reward
of the team of UAV which shows a lack of convergence
and constant learning with the approach. In Fig. 8, the DQN
approach is used, and the simulation resulted in a mean reward
score of 734.6 and a median of 783.0. We do not see much
improvements from Q-Learning and Experience replay as the
mean and median rewards over 1000 episodes are similar but
the constant changes in the reward of the team of UAV still
indicate a lack of convergence and constant learning with the
approach. The approaches are still not consistent and concrete
enough for the objective. However, in Fig. 9, the DQN and
State Estimator approach is used, and the simulation resulted
in a median reward score of 906.6 and a median reward score
of 953. Additionally, the rewards show convergence as the
team of UAVs consistently get similar reward scores after
each episode. This indicates that while the UAVs are not able
to cover the entire fire at all times, the UAVs are able to
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Fig. 8: Reward of the team of UAVs over 1000 episodes with
DQN. The X-axis represents the number of episodes and Y-
axis represents the reward (max 1000).
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Fig. 9: Reward of the team of UAVs over 1000 episodes with
DQN and State Estimator. The X-axis represents the number

of episodes and Y-axis represents the reward (max 1000).

learn the environment and estimate the states and observations
accurately and consistently. Other FARSITE fire simulations
that we tested the DQN and state estimator method have show
similar results but with lower mean and median fire coverage.
The model based learning approaches have a lot more variance
than the state estimator, and the results show that to be the case
as the agents are still learning the environment and do not
converge, even though the optimal reward is reached multiple
times.

VI. CONCLUSION
In this paper, we implemented and evaluated 4 different meth-
ods and approaches for a cooperative and distributed approach
for wildfire tracking and coverage with a team of UAVs. We
implemented the Q-learning method from [14], took this Q-
learning and added Experience Replay buffer to the learning
method, a Deep-Q-Network and a Deep-Q-Network with a
State Estimator. Preliminary results indicate that the Deep-
Q-Network with a State Estimator solution shows significant
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promise on this task and outperforms the Q-Learning, Q-
Learning with an Experience Replay Buffer and Deep-Q-
Network. The variances involved with just the model based
methods (Q-Learning, Q-Learning with an Experience Replay
Buffer and Deep-Q-Network) are high and do not lead to
convergence as the UAVs are still learning the environment.
However, the proposed Deep-Q-Network with the State Esti-
mator is promising as the team of UAVs are able to quickly
converge, learn the environment and estimate the states and
observations accurately and consistently. In the future, we plan
to extend this work by varying the number of UAVs during
simulation, considering more realistic physics to govern UAVs
movement, and including more testing fire environments and
simulations.
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