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Highlights

What are the main findings?
• Wind-driven wildfire dynamics and decentralised learning make UAV-based suppres-

sion significantly more challenging than in simplified centralised settings.
• Communication-constrained selective experience sharing improves learning, but con-

tainment remains limited due to sparse rewards, partial observability, and coordination
failures.

What is the implication of the main finding?
• Realistic wildfire modelling is essential for evaluating UAV swarm learning methods, as

simplified environments can overestimate coordination performance.
• Future decentralised MARL systems require better reward design, situational awareness,

and communication mechanisms to achieve reliable wildfire containment.

Abstract

The increasing frequency and intensity of wildfires has created an urgent demand for
scalable and autonomous wildfire response systems. While recent advances in multi-agent
reinforcement learning (MARL) have demonstrated promise for collaborative uncrewed
aerial vehicle (UAV)-based wildfire suppression, most existing approaches rely on sim-
plified fire propagation dynamics and highly centralised learning architectures that are
difficult to deploy in realistic operational settings. This paper presents a decentralised
MARL framework for wildfire suppression that combines stochastic wildfire propagation,
wind-driven spread dynamics, and communication-aware multi-agent coordination. The
proposed framework extends an existing probabilistic wildfire environment through the
incorporation of wind speed and directional effects, producing highly asymmetric and
stochastic wildfire behaviour that more closely resembles real wildfire propagation. A
decentralised Deep Q-Network (DQN) architecture is then introduced in which UAV agents
learn independently through individual replay buffers. To mitigate the sparse-learning
challenges introduced by decentralisation, selective experience sharing based on the SU-
PER algorithm is incorporated, enabling agents to exchange only high-value experiences
under realistic communication constraints. Experimental results demonstrate that selective
communication significantly improves containment performance and learning efficiency
while preserving decentralised execution. The work highlights both the feasibility and
challenges of realistic UAV swarm coordination for wildfire suppression, particularly the
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trade-offs between communication bandwidth, environmental stochasticity, and collabora-
tive performance.

Keywords: decentralised Deep Q-Network; wildfires; fire suppression; communication
degradation; uncrewed aerial vehicles (UAVs)

1. Introduction
Wildfires are becoming increasingly destructive across large parts of the world. Cli-

mate change is driving a sustained rise in global temperatures [1–3], intensifying the fre-
quency and severity of extreme weather events such as storms, heatwaves, and floods [4–8].
Among these events, wildfires have emerged as one of the most destructive and recurrent
natural disasters in recent decades [9,10]. Recent wildfire seasons in regions such as Califor-
nia, Canada, Southern Europe, and Australia have caused substantial ecological damage,
economic losses, and significant threats to human life [11–13]. Beyond their environmental
impact, wildfire response operations require considerable financial resources and expose
firefighters to highly hazardous operational conditions [14].

Despite significant advances in wildfire prediction, monitoring, and early detection,
effective suppression remains largely dependent on human intervention. Conventional
firefighting operations are constrained by deployment time, terrain accessibility, visibility
conditions, and the inherent risks faced by emergency responders. As climate change
continues to increase both the frequency and intensity of wildfire events, there is a growing
need for autonomous technologies capable of supporting suppression operations while
reducing risks to human personnel. Recent advances in robotics and artificial intelligence
have positioned unmanned aerial vehicles (UAVs) as a promising technology for wildfire
management due to their rapid deployment, high mobility, and ability to provide real-time
situational awareness [15]. However, effective wildfire suppression and search-and-rescue
(SAR) operations frequently require the coordinated deployment of multiple UAVs operat-
ing as a swarm. Such systems must address several open challenges, including collective
perception, decentralized decision-making, communication robustness, and adaptive plan-
ning in highly dynamic environments [16–18].

Recent developments in reinforcement learning have significantly advanced au-
tonomous multi-UAV coordination. In particular, Multi-Agent Reinforcement Learning
(MARL) enables teams of UAVs to learn cooperative behaviours through repeated inter-
action with simulated environments, making it a promising framework for autonomous
wildfire suppression [19–21]. Existing studies have demonstrated that MARL can suc-
cessfully coordinate UAV teams for disaster response and wildfire management tasks,
highlighting its potential to improve suppression efficiency while reducing the operational
burden on human responders [22,23]. Nevertheless, several important challenges remain
before such systems can be deployed in realistic wildfire scenarios.

First, many reinforcement learning environments employ simplified wildfire propa-
gation models that fail to capture the strong influence of wind on fire spread [24,25]. As a
result, wildfire behaviour is often represented by unrealistically symmetric propagation
patterns that differ substantially from those observed in real incidents. Second, many
MARL approaches adopt centralized learning architectures [26] based on shared policies,
shared replay buffers, or globally available information. Although these architectures often
achieve strong performance during simulation, they assume persistent communication
infrastructure [27], introduce single points of failure, and scale poorly to large distributed
UAV swarms operating in communication-constrained environments. Finally, relatively
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little attention has been devoted to understanding how realistic communication constraints
influence decentralised cooperative learning and wildfire suppression performance, despite
communication being one of the principal challenges for operational multi-UAV systems.

To address these limitations, this paper proposes a communication-aware decentral-
ized MARL framework for cooperative UAV wildfire suppression. The proposed approach
extends a stochastic wildfire environment by incorporating wind-driven fire propaga-
tion while replacing centralized learning with independent UAV policies that selectively
exchange high-priority experiences using the SUPER (Selective Sharing of Valuable Experi-
ences) communication mechanism, which allows neighbouring UAVs to exchange only the
most informative experiences rather than complete replay buffers. This enables systematic
investigation of the trade-offs between communication constraints, decentralized coordina-
tion, and wildfire suppression performance under more realistic operational conditions.

This work addresses both of these limitations simultaneously through the follow-
ing contributions

1. A stochastic wildfire propagation environment is extended through the incorpora-
tion of wind-driven spread dynamics, producing highly directional and asymmetric
wildfire behaviours that more closely resemble real wildfire propagation.

2. A decentralised multi-agent reinforcement learning framework is developed for UAV-
based wildfire suppression, replacing the centralised learning paradigm of previous
work with independent Dueling Deep Q-Network (DQN) agents and individual
replay buffers.

3. A communication-aware learning mechanism based on the SUPER selective experi-
ence sharing algorithm is introduced, enabling UAVs to exchange only high-value
experiences under realistic communication constraints.

The remainder of the paper is structured as follows. Section 2 provides the wildfire en-
vironment modelling. Section 3 introduces the proposed methodology and both the wildfire
propagation environment and wind model. Section 4 presents the decentralised reinforce-
ment learning framework and communication architecture. Section 5 presents results and
analysis. Finally, Section 6 concludes the paper and discusses future research directions.

2. Related Work
A wide range of technologies have been proposed to support responders during natu-

ral disasters [28]. In wildfire management, conventional suppression strategies rely heavily
on aerial firefighting platforms such as Canadair aircraft, while more recent developments
have explored autonomous robotic systems, UAVs, and emergency eVTOL vehicles capable
of rapidly reaching affected areas [29,30]. Among these technologies, UAV swarms have
emerged as a particularly promising solution due to their flexibility, scalability, and ability
to operate in hazardous environments. However, deploying autonomous UAV swarms in
operational wildfire scenarios remains challenging due to the dynamic nature of wildfire
propagation, limited communication capabilities, and the need for coordinated decision-
making among multiple autonomous agents. According to [16], four major research areas
remain critical for operational deployment: perception and planning, communication,
human-robot interaction, and cost-function trade-offs. Among these, perception, planning,
and communication constitute the principal technical challenges for autonomous wildfire
suppression, where rapidly evolving environmental conditions require robust decentralised
coordination under partial observability.

Several approaches have been proposed to address multi-agent coordination in search-
and-rescue (SAR) and disaster response applications. Monte Carlo Tree Search methods [31]
have been applied to UAV fleets for SAR missions [32], while reinforcement learning
and MARL techniques have demonstrated strong performance in cooperative search and
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rescue tasks [33]. Examples include maritime SAR systems using reinforcement learning
for trajectory optimization [34,35], adversarial MARL frameworks for victim discovery
in obstacle-rich environments [36], heterogeneous-agent SAR architectures capable of
communication-fault-tolerant operation [37], and decentralized exploration strategies based
on distributed actor-critic methods with recurrent neural networks to handle imperfect
communication and partial observability [38]. MARL has also been applied to emergency
response coordination in urban disaster scenarios, demonstrating significant improvements
in victim identification and responder deployment efficiency [39]. Collectively, these studies
demonstrate that MARL provides an effective framework for coordinating distributed
UAV teams operating under uncertainty and partial observability. Nevertheless, most
existing approaches have been developed for generic SAR or disaster-response scenarios
rather than highly dynamic wildfire environments, and typically assume either reliable
communication or do not explicitly investigate the impact of communication constraints
on cooperative performance.

In parallel with advances in autonomous coordination, wildfire spread modelling
has evolved from deterministic empirical models towards stochastic and probabilistic
approaches capable of capturing the inherent uncertainty of wildfire behaviour. While
physics-based wildfire simulators provide highly detailed representations of combustion
and atmospheric interactions, their computational complexity makes them impractical for
reinforcement learning, which requires millions of simulation episodes during training.
Consequently, stochastic cellular automata have become an attractive alternative by pro-
viding a practical compromise between computational efficiency and behavioural realism.
Among the most influential environmental factors identified within the wildfire literature
is wind, which strongly affects propagation direction and spread velocity through mecha-
nisms such as ember transport and directional heat transfer. Recent studies have combined
wildfire modelling with reinforcement learning to develop autonomous suppression and
monitoring systems. For example, Q-learning combined with Value Decomposition Net-
works (VDN) [40] has been used to train UAV swarms capable of monitoring wildfire
propagation, outperforming conventional monitoring approaches [41]. Similarly, Multi-
Agent Deep Q-Networks (MADQN) have been applied to wildfire suppression tasks,
enabling UAV fleets to coordinate retardant deployment and outperform heuristic-based
suppression strategies [42]. These studies clearly demonstrate the potential of MARL for
autonomous wildfire management. However, existing approaches generally rely on simpli-
fied wildfire propagation models, neglect realistic environmental factors such as dynamic
wind conditions, or adopt centralized learning architectures with unrestricted informa-
tion sharing. Consequently, the influence of communication constraints on decentralised
wildfire suppression remains largely unexplored.

Among the existing literature, the wildfire propagation framework developed by [43]
is the work most closely related to the present study, as it combines stochastic wildfire prop-
agation with MARL-based UAV suppression. However, the original framework assumes
isotropic wildfire propagation and a centralized learning architecture based on shared
policies and replay buffers, preventing the investigation of communication-constrained
decentralised coordination. The present work addresses these limitations by extending
the wildfire environment to incorporate wind-driven propagation effects, producing more
realistic directional fire behaviour, while replacing the centralized learning structure with
a decentralized architecture in which individual UAVs learn independently and selec-
tively exchange valuable experiences through the SUPER communication mechanism. This
enables systematic investigation of wildfire suppression under realistic communication
constraints while preserving the benefits of cooperative learning.
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Overall, recent research has demonstrated significant progress in autonomous wildfire
management through advances in wildfire modelling, multi-agent reinforcement learn-
ing, and cooperative UAV coordination. Nevertheless, three important challenges remain:
achieving a suitable balance between wildfire model realism and computational efficiency,
enabling scalable decentralised coordination under partial observability, and understand-
ing how communication constraints influence cooperative suppression performance. These
open challenges motivate the communication-aware decentralised MARL framework pro-
posed in this paper.

3. Methodology
Figure 1 presents the overall architecture and operational workflow of the proposed

communication-aware decentralised MARL framework for wildfire suppression. At the
beginning of each episode, a stochastic wildfire evolves over a heterogeneous environment
according to the proposed propagation model, which incorporates vegetation-dependent
ignition, wind-driven spread, and thermal field generation. UAV agents are randomly
deployed along the environment boundary and, at each decision step, independently
acquire only locally observable information, including thermal measurements, fire-related
guidance information, neighbouring UAV proximity indicators, environmental conditions,
and positional context. Based on these observations, each UAV selects a movement action
using its own Dueling DQN policy [44], interacts with the environment through wildfire
suppression, receives a reward, and stores the resulting experience in its local replay buffer.
Following the UAV actions, the wildfire state and thermal field are updated, producing
the observations for the next decision step. During training, neighbouring UAVs within
communication range improve learning efficiency by selectively exchanging only highly
informative experiences identified through the SUPER algorithm, rather than complete
replay buffers. During execution, however, no experience sharing takes place, and each
UAV operates fully autonomously using only its local observations and independently
learned policy. This design enables the investigation of the trade-offs between decentralised
learning, communication constraints, and cooperative wildfire containment performance.

Figure 1. High-level architecture of the proposed methodology.
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3.1. Wildfire Environment Modelling

Existing operational wildfire simulators such as the Rothermel [45] and McArthur
models [46] have been widely adopted for wildfire prediction by incorporating detailed
physical processes including fuel properties, terrain slope, and combustion dynamics.
However, their usage for training dynamic agents is limited and prohibitive due to their
high computation demands and the impossibility to modify the underlying Markov process.
Therefore, in this paper we adopt a completely different environment that allows to model
agent-environment interactions while preserving the key fire propagation characteristics
necessary for evaluating decentralised coordination algorithms.

The proposed wildfire environment extends our previous framework [43]. While
the vegetation-dependent stochastic propagation and thermal diffusion models are re-
tained, the present work introduces wind-dependent directional fire propagation and
time-varying wind conditions. Furthermore, the agent observation model is redesigned
to support decentralised learning by removing globally available information, enlarging
the local thermal observation window, and replacing the shared-policy architecture with
independent policies that exchange only selected experiences during training. For com-
pleteness, the principal components of the wildfire model are briefly summarised in the
following sections.

3.2. Vegetation Density Modelling

The forest environment is represented as a two-dimensional grid G ∈ N2
N of size

N × N, where each cell corresponds to a local forest region. In order to capture the
heterogeneous nature of real vegetation distributions, each cell (i, j) is assigned a vegetation
density value dij ∈ [0, 1]. Rather than generating these densities independently, spatial
correlation is introduced by applying a Gaussian smoothing filter with standard deviation
σd to an initially uniform random field. This produces contiguous regions of high and low
vegetation density, creating realistic fuel variations across the environment.

The vegetation density directly influences wildfire propagation behaviour. Regions
with higher density values are more susceptible to ignition and support faster fire transmis-
sion, while sparse regions act as natural barriers that can slow or fragment propagation
fronts. In this work, the smoothing parameter is set to σd = 10, which was found to produce
realistic large-scale spatial heterogeneity while maintaining sufficient variability within
the environment.

3.3. Stochastic Fire Propagation

Wildfire spread is modelled as a stochastic local interaction process operating over the
four-neighbour topology of the grid. Each cell X exists in one of three possible states,

sk
X ∈ {H,F ,D} = {Healthy, Burning, Burned}, (1)

where k denotes the current simulation timestep. At each timestep, burning cells may ignite
neighbouring healthy cells according to a probabilistic transition model governed by local
vegetation density. The baseline ignition probability is defined as

γX = αdX , (2)

where α is the global propagation parameter and dX denotes the vegetation density of
the neighbouring cell. Consequently, densely vegetated regions exhibit higher ignition
likelihoods and support faster wildfire expansion.

Once ignited, a burning cell remains active until transitioning to the burned state with
probability β. Burned cells become permanently inert and may no longer participate in the
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propagation process. Together, these local interactions define a Markovian propagation
process whose global wildfire behaviour emerges from the collective evolution of all cells
within the grid.

In the original framework, parameter values of α = 0.25 and β = 0.1 were shown to
produce fragmented and irregular fire fronts representative of heterogeneous forest land-
scapes [43]. These values provide sufficient propagation aggressiveness while preventing
unrealistically uniform spread patterns.

3.4. Thermal Field Generation

In addition to wildfire propagation, the environment maintains a temperature field
designed to emulate thermal observations captured by UAV-mounted infrared sensors.
This temperature map evolves dynamically alongside the wildfire states and provides the
primary sensory input for the reinforcement learning agents.

At each timestep, burning cells are assigned a maximum temperature Tmax, while heat
diffuses spatially across neighbouring cells through Gaussian smoothing. Simultaneously,
previously heated regions cool gradually over time according to a temporal decay factor
c ∈ [0, 1]. The resulting thermal dynamics are expressed as

Tk+1 = c
(

Tmax1F (sk+1) + 1H∪D(sk+1)⊙ Tk
)
∗ wσT , (3)

where 1F (s) denotes the binary mask of burning cells, ⊙ represents the Hadamard product,
and ∗ denotes two-dimensional convolution with Gaussian kernel wσT . The parameters
Tmax = 100, σT = 1, and c = 0.965 were selected to generate smooth but informative
thermal gradients surrounding active fire fronts. Although simplified relative to full
physical heat-transfer models, this approach reproduces realistic temperature anomalies
while remaining computationally efficient for large-scale reinforcement learning training.
The resulting temperature field provides agents with indirect information about nearby
fire activity, allowing UAVs to infer propagation direction and fire intensity without direct
access to global wildfire states.

3.5. Wind Modelling

To improve realism, wind is introduced as a primary propagation influence. Wind
speed and direction directly alter the probability that a burning cell ignites neighbouring
cells, introducing asymmetric spread patterns and significantly increasing environmental
stochasticity. The ignition probability (2) is denoted as γXinitial , and it is modified according
to wind influence

γX f inal = clip(γXinitial (1 + cws cos θ), 0, 1) (4)

where c controls the strength of the wind effect, ws denotes wind speed, and θ represents
the angular difference between wind direction and neighbour direction. The clipping
operation guarantees that the ignition probability always remains within the valid interval
[0, 1], preserving its probabilistic interpretation under all wind conditions.

The angular difference is computed as

θ = min(|wd − nd|, 2π − |wd − nd|), (5)

where wd is the wind direction and nd is the neighbour direction. This formulation al-
lows wind to both enhance and suppress local propagation probabilities depending on
directional alignment. As a result, fires develop highly directional spread patterns rather
than approximately circular expansion. Wind speed values are sampled from a normal
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distribution derived from empirical wildfire measurements, while wind direction is sam-
pled uniformly between 0 and 2π. Additionally, wind conditions evolve slightly during
each simulation episode through small stochastic perturbations applied at fixed intervals.
Although simplified relative to full atmospheric modelling, this approach significantly
improves propagation realism while maintaining computational tractability.

The resulting environment produces a wide variety of wildfire behaviours (see
Figure 2). Fires may propagate narrowly along dominant wind directions, spread asym-
metrically across one side of the environment, or rapidly reach environment boundaries
through directional acceleration. These behaviours create substantially more difficult learn-
ing conditions for reinforcement learning agents, since valuable experiences become both
rarer and less spatially predictable.

(a) Low Impact (b) Low/Medium impact

(c) Medium impact (d) High impact

Figure 2. Representative wildfire propagation patterns generated under different wind conditions.
Red cells denote actively burning vegetation, while black cells denote burned or extinguished regions.
The four examples illustrate increasing wind influence on wildfire behaviour, ranging from low to
high impact. Each subfigure corresponds to a different combination of wind speed and direction,
producing progressively stronger directional propagation and increasingly asymmetric fire fronts.

The final hyperparameters used in the wildfire environment modelling are summa-
rized in Table 1.
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Table 1. Wildfire environment parameters used throughout the experiments.

Parameter Value Description

Grid size 100 × 100 Forest environment dimensions
σd 10 Vegetation density smoothing parameter
α 0.25 Fire propagation coefficient
β 0.10 Burnout probability
Tmax 100 Maximum burning-cell temperature
σT 1 Thermal diffusion parameter
c 0.965 Thermal decay coefficient
Wind speed mean 5.19 m/s Wind distribution mean
Wind speed std. dev. 2.0, m/s Wind distribution standard deviation
Wind direction [0, 2π) Uniformly sampled direction

4. Decentralised MARL for Wildfire Suppression
The primary objective of this work is not simply to improve suppression performance

within simulation, but to move toward a more realistic formulation of autonomous wildfire
response using UAV swarms. While the original framework introduced in [43] demon-
strated that reinforcement learning agents could learn collaborative suppression behaviours,
the training paradigm relied heavily on centralised assumptions. Agents shared a common
replay buffer, possessed access to globally available information, and effectively learned a
single shared policy. Although this simplified training considerably, it introduced several
limitations from the perspective of real-world deployment. In practice, UAV swarms oper-
ating over wildfire environments cannot assume persistent communication with a central
controller, nor can they rely on unrestricted access to global state information. Wildfires
often span extremely large regions, communication bandwidth is inherently constrained,
and partial communication failures are likely during operation. A fully centralised architec-
ture therefore introduces both scalability limitations and a critical single point of failure.

To address these issues, the present work reformulates the suppression problem as a
decentralised multi-agent reinforcement learning task. Each UAV agent learns indepen-
dently through its own replay buffer and policy network, while communication between
agents is modelled explicitly through constrained selective experience sharing. Impor-
tantly, this transition toward decentralisation substantially increases the difficulty of the
learning problem. The combination of independent learning, sparse rewards, and the
newly introduced wind-driven wildfire dynamics creates an environment in which valu-
able experiences become rare and difficult to discover during early training. Consequently,
the decentralised framework requires significant modifications not only to the commu-
nication structure, but also to the state representation, reward design, and performance
evaluation methodology.

4.1. Environmental Complexity and Learning Challenges

The introduction of wind-driven wildfire propagation fundamentally alters the re-
inforcement learning problem faced by the UAV agents. In the previous vegetation-only
propagation model, fires expanded relatively uniformly around ignition regions, making
active fire fronts comparatively easy to locate. In contrast, the enhanced wildfire model
produces highly asymmetric and stochastic propagation patterns. Depending on wind con-
ditions, fires may propagate narrowly across one region of the environment, spread rapidly
toward a boundary, or fragment into discontinuous fronts. This increased environmental
stochasticity creates several major learning challenges. First, the probability that an agent
randomly encounters active fire regions during early exploration decreases significantly.
Valuable experiences therefore become sparse, particularly during the initial stages of
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training when policies remain largely random. Second, the relationship between actions
and long-term outcomes becomes more difficult to infer, since wildfire propagation is now
strongly influenced by exogenous environmental dynamics. Finally, the increased variabil-
ity of fire behaviour complicates performance evaluation itself. A low burn percentage,
for example, does not necessarily indicate successful suppression, since weak or directionally
constrained fires may naturally extinguish without meaningful agent intervention.

For this reason, the primary objective of the agents is reformulated from simply min-
imising burned area toward achieving wildfire containment. Containment is defined as
preventing the wildfire from reaching the environment boundary, thereby simulating suc-
cessful suppression before large-scale escape occurs. This distinction becomes particularly
important in stochastic environments where propagation intensity varies significantly
between episodes.

4.2. Action Space and Local Observations

The UAVs are intentionally modelled at the mission-planning level rather than at
the flight-control level. Each movement action represents the successful execution of a
high-level navigation command between neighbouring grid cells rather than the physical
trajectory followed by the aircraft. Consequently, low-level flight dynamics, including
velocity limits, turning-rate constraints, inertia, aerodynamic effects, and wind-induced
disturbances acting on the UAV, are not explicitly modelled. This abstraction allows the
work to isolate the effects of decentralised decision-making, communication constraints,
and wildfire evolution without introducing additional complexity associated with vehi-
cle dynamics. Although the wildfire environment becomes substantially more complex,
the action space remains intentionally simple in order to isolate the effects of decentralised
coordination and communication. At each timestep, every UAV agent may move to one of
the eight neighbouring cells surrounding its current position. Agents are initially deployed
randomly along the environment boundary to emulate realistic aerial deployment conditions.

Wildfire suppression itself occurs automatically whenever a burning cell lies within
the UAV extinguishing radius. When a UAV suppresses a burning cell, the cell is imme-
diately removed from the active fire front and therefore cannot ignite neighbouring cells
during subsequent wildfire propagation. Because the temperature field is generated from
the active burning cells, suppression also affects future thermal observations by removing
the corresponding heat source. Consequently, UAV actions influence both the wildfire
evolution and the thermal environment through their effect on the set of actively burning
cells. Consequently, the problem remains fully discrete in both action selection and environ-
mental transitions. While simplified, this formulation allows the work to focus specifically
on coordination and learning dynamics without introducing additional complexity arising
from continuous control. Nevertheless, the framework naturally supports future exten-
sions toward hybrid action spaces. In particular, a more realistic suppression model could
incorporate explicit control over retardant deployment, allowing agents to activate or deac-
tivate extinguishing systems while operating under finite suppressant capacity constraints.
Such an extension would introduce resource management considerations alongside spatial
coordination which is topic of our future work.

A more substantial modification concerns the information available to each UAV
agent. Since the goal of the work is to approximate realistic decentralised execution, agents
are intentionally restricted to locally observable information and operationally plausible
telemetry. Unlike the original centralised framework, UAVs no longer receive direct
information concerning the precise positions of neighbouring agents or globally accessible
fire states. Instead, each UAV receives a compact local observation vector consisting of
several complementary information sources:
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1. A 5 × 5 logarithmic temperature map : This is a small grid of temperature readings
centred around the UAV position. This temperature field is derived directly from the
wildfire thermal diffusion model and provides indirect information regarding nearby
fire intensity and propagation direction. Compared to the original 3× 3 representation
used in earlier work, the larger observation window significantly improves the agent’s
ability to infer local fire structure and directional spread.

2. Fire information: In addition to thermal observations, each UAV receives limited fire
guidance information consisting of the initial relative direction and distance toward
the ignition region. This guidance signal is included primarily to stabilise early-stage
learning by increasing the probability that agents encounter active fire fronts before
meaningful exploration policies emerge.

3. Proximity Information: Local coordination awareness is incorporated through a
lightweight proximity representation. Rather than providing exact neighbouring UAV
positions, agents receive a bounded one-hot proximity indicator encoding whether
other UAVs exist within a limited communication radius. This maintains partial
observability while still allowing the agents to infer local swarm density and avoid
excessive clustering.

4. Wind speed and direction: Environmental context is further provided through direct
access to wind speed and wind direction values. Importantly, however, the agents are
not given access to the internal propagation weighting parameters governing wildfire
spread. As a result, UAVs must learn the relationship between wind conditions and
wildfire evolution implicitly through interaction with the environment rather than
through privileged environmental knowledge.

5. Grid location and temporal/fire information: Agents receive coarse positional and
temporal information. Grid coordinates emulate GPS-like localisation capabilities,
while temporal indicators such as current episode progress and global fire intensity
provide contextual awareness regarding the current suppression scenario.

Collectively, these observations define a partially observable decision-making prob-
lem in which UAVs must infer large-scale wildfire behaviour using only local thermal
information, limited coordination awareness, and environmental context. This formu-
lation provides a more realistic approximation of wildfire behaviour than the previous
isotropic propagation model by incorporating directional wind effects and time-varying
wind conditions.

4.3. Reward Function

The reward function was redesigned to support decentralised learning in the more
stochastic wildfire environment. In the original setting, fire propagation was comparatively
regular, and agent performance could be encouraged primarily through local extinguish-
ing rewards. After introducing wind-driven spread, however, this formulation becomes
insufficient. Fires may propagate rapidly in narrow directions, fragment into disconnected
fronts, or reach the boundary before agents have encountered meaningful thermal infor-
mation. Therefore, the reward must provide immediate local learning signals while still
encouraging the global objective of containment.

For each UAV agent i, the total reward at timestep k is defined as

rk
i = rk

ext,i + rk
temp,i + rk

sep,i + rk
guide,i + rk

cont,i, (6)

where the terms respectively correspond to extinguishing performance, thermal-gradient
following, inter-agent separation, early fire guidance, and containment-oriented shaping.
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The principal reward is assigned when an agent extinguishes burning cells within its
suppression radius. Let ek

i denote the number of cells extinguished by agent i at timestep k,
and let Na be the number of UAVs. The extinguishing reward is given by

rk
ext,i = λext

ek
i

Na
− λidle1(ek

i = 0), (7)

where λext > 0 rewards direct suppression and λidle > 0 discourages actions that do not
contribute to extinguishing. This term provides the most direct local signal because it links
the agent’s action to an observable reduction in active fire cells.

However, relying only on extinguishing rewards leads to sparse learning, particularly
at the start of training when UAVs rarely encounter the fire. A thermal shaping term is
therefore introduced to encourage agents to move toward hotter regions of the environment.
Let Tk

i be the temperature at the position of agent i at timestep k. The thermal reward is
defined as

rk
temp,i = λtemp max

(
0,

Tk+1
i − Tk

i
Tmax

)
, (8)

with an upper bound applied in implementation to avoid excessive reward magnitudes.
This term encourages movement toward the fire front without giving the agent direct access
to the global fire state.

To prevent UAVs from collapsing onto the same local region, a separation penalty is
included. If N k

i denotes the set of neighbouring UAVs within a minimum safety radius
rsafe, then

rk
sep,i = −λsep|N k

i |. (9)

This term approximates a collision-avoidance requirement and also promotes wider spatial
coverage of the fire front.

During the first part of each episode, an additional guidance term is used to reduce
the probability of agents wandering for long periods without encountering the fire. Let dk

i
be the distance from UAV i to the initial ignition region. For the first Kg timesteps,

rk
guide,i =


λ+

g , dk+1
i < dk

i ,

−λ−
g , dk+1

i > dk
i ,

0, otherwise,

k ≤ Kg. (10)

After Kg, this term is removed:

rk
guide,i = 0, k > Kg. (11)

This term is not intended to represent a permanent control objective. Instead, it approxi-
mates an initial deployment instruction that would be available in a real wildfire response
mission, where UAVs would normally be directed toward the estimated ignition or active
fire region before autonomous suppression begins.

Finally, because the overall objective is containment rather than merely collecting local
extinguishing rewards, a containment-oriented shaping term is introduced. Let Bk be the
set of burning cells at timestep k, and let ∂G denote the grid boundary. The distance from
the active fire front to the environment boundary is

dk
∂G = min

x∈Bk
dist(x, ∂G). (12)
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A penalty is applied when the active fire front moves closer to the boundary:

rk
cont,i = −λb max

(
0, dk

∂G − dk+1
∂G

)
. (13)

At the terminal timestep, an additional global containment bonus or escape penalty is
distributed equally among all agents:

rterminal,i =
1

Na

+λC, if the fire is contained,

−λE, if the fire reaches ∂G.
(14)

The final reward used for learning is therefore

r̃k
i = clip

(
rk

i + rterminal,i, rmin, rmax

)
, (15)

where reward clipping is applied to stabilise Q-value estimation.
This design deliberately combines local and global signals. The extinguishing and

temperature terms make learning possible under partial observability, since they are directly
related to information available to each UAV. The separation term improves swarm coverage
and prevents redundant agent behaviour. The temporary guidance term improves early
exploration without permanently biasing the learned policy. The containment term aligns
individual learning with the mission-level objective of preventing the fire from escaping
the operational area.

In the experiments, the reward weights were selected to preserve extinguishing as the
dominant immediate reward while preventing agents from exploiting local fire-following
behaviour without contributing to containment. The values used were

λext = 3, λidle =
0.05
Na

, λtemp = 2, λsep = 0.05, λ+
g =

0.5
Na

, λ−
g =

0.2
Na

.

The reward was clipped to the interval [−5, 10] at each timestep to avoid unstable Q-value
growth during training.

4.4. Enhanced DQN Architecture

Transitioning from centralised learning to decentralised multi-agent learning intro-
duces several challenges that significantly increase training difficulty. Independent replay
buffers reduce the frequency with which informative experiences are encountered, while
the introduction of wind-driven wildfire propagation increases environmental stochas-
ticity and non-stationarity. To address these challenges, the baseline DQN architecture
is extended through specialised feature extraction, a dueling value estimation structure,
and several stabilisation mechanisms. Rather than processing the observation vector di-
rectly, the state representation is first decomposed into three independent feature extraction
streams corresponding to: (i) local thermal observations, (ii) positional and fire-related in-
formation, and (iii) environmental variables associated with wind conditions. Each stream
is processed independently before being fused into a common latent representation used
for action selection.

This decomposition serves two important purposes. First, it enables specialised pro-
cessing of different observation modalities. Second, it prevents the thermal observations
from dominating the learning process. Without preprocessing, thermal information rep-
resents 25 of the 42 input features available to each UAV. Following feature extraction,
the relative contribution of thermal observations is reduced to 24 of the 62 features passed
to the DQN, producing a more balanced state representation and ensuring that positional,
fire-state, and environmental information contribute more effectively to decision making.
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The thermal stream is processed using lightweight convolution-inspired feature extraction
layers designed to capture local spatial relationships within the 5 × 5 temperature map.
Such processing is particularly important because thermal observations are inherently noisy
and contain spatial patterns associated with fire-front geometry and propagation direction.
To improve robustness, this stream incorporates normalisation layers and dropout regulari-
sation, whereas the remaining streams employ standard fully connected processing layers.
The outputs of the three feature extraction branches are concatenated and passed to the
decision-making network. The resulting DQN consists of multiple fully connected layers
followed by a Dueling DQN structure, where the network separates into independent
value and advantage streams before recombination. The final output layer contains eight
Q-values corresponding to the eight possible movement actions available to each UAV
within the Moore neighbourhood. The dueling architecture improves learning efficiency in
sparse-reward environments by explicitly separating estimation of the state value from the
relative advantage of individual actions. This distinction is particularly beneficial in wild-
fire suppression tasks, where multiple actions may yield similar short-term rewards despite
having significantly different long-term consequences for containment performance.

Several additional stabilisation techniques are incorporated into the learning process.
A soft target network update strategy based on Polyak averaging replaces conventional
hard target updates. Rather than periodically replacing the target network parameters,
Polyak averaging gradually updates the target network, reducing oscillations in estimated
Q-values and improving convergence stability. Gradient clipping is additionally applied
during backpropagation to prevent excessively large parameter updates arising from
rare but highly informative experiences. The framework also incorporates Prioritised
Experience Replay (PER) [47]. Each transition stored within the replay buffer is assigned
a priority based on its temporal-difference error, enabling experiences associated with
larger prediction errors to be sampled more frequently during training. This mechanism
is particularly valuable in the wildfire environment, where many collected experiences
correspond to routine exploration far from active fire fronts and contribute little useful
learning information. By prioritising informative transitions, the agents focus training on
experiences associated with fire discovery, suppression, and containment. Together, these
architectural modifications improve representation learning, increase sample efficiency,
and provide the stability required for effective decentralised learning in a highly stochastic
wildfire environment. The final hyperparameters used in the Dueling DQN architecture
are summarised in Table 2.

Table 2. Observation dimensions and feature extraction structure of the proposed Dueling DQN ar-
chitecture.

Component Dimension Description

Thermal observation map 25 5 × 5 local temperature grid
Fire-state features 4 Direction and distance guidance
Agent proximity features 1 Nearby UAV indicator
Wind features 2 Wind speed and direction
Position features 10 Local mission context

Total raw observations 42 Input dimension

Thermal feature extractor output 24 Learned thermal representation
Other feature streams 38 Non-thermal processed features

Fused latent representation 62 Combined feature vector
Output actions 8 Moore neighbourhood movement actions
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4.5. Selective Experience Sharing and Communication Constraints

In this work, communication constraints are modelled at the information-exchange
level rather than at the physical communication layer. UAVs exchange only a limited num-
ber of high-priority experiences instead of complete replay buffers or network parameters,
and such exchanges are only permitted when two UAVs are within a predefined commu-
nication range. Communication latency, packet loss, interference, and channel-capacity
limitations are beyond the scope of this study.

Although decentralised learning improves robustness and deployment realism, fully
independent learning significantly slows convergence in sparse-reward environments.
To alleviate this limitation while preserving decentralised execution, the proposed frame-
work incorporates selective experience sharing using the SUPER (Selective Sharing of
Valuable Experiences) algorithm [48]. SUPER extends the concept of Prioritised Experience
Replay beyond individual agents. Rather than sharing complete replay buffers or transmit-
ting global state information, agents exchange only highly informative experiences [49].
Similar to PER, each experience is assigned a priority according to its temporal-difference
error. Experiences associated with large prediction errors correspond to situations where
the observed outcome differs substantially from the agent’s expectation and are therefore
considered particularly valuable for learning.

At predefined sharing intervals, each UAV identifies a subset of high-priority experi-
ences from its local replay buffer. In the baseline implementation, agents collectively share
up to 100 high-value experiences every 10 training episodes. These experiences are inserted
into neighbouring replay buffers, where they can subsequently be sampled through PER
and used to improve policy updates. By selectively sharing only the most informative expe-
riences, the communication overhead remains significantly lower than approaches based on
full replay-buffer exchange while still providing meaningful learning benefits. To improve
realism, communication is additionally constrained by spatial proximity. Wildfire response
operations often occur over large geographical regions where communication range, band-
width limitations, environmental interference, and energy constraints restrict information
exchange. Consequently, experience sharing is permitted only when two UAVs are located
within a predefined communication radius. When a communication link is established,
a sharing pair is formed and each UAV exchanges 10 high-priority experiences with its
neighbour. These experiences are added to the recipient’s replay buffer and become avail-
able for future training updates. The communication radius is defined in grid cells and may
be varied experimentally to investigate the effect of communication constraints on learning
performance. In the present work, unrestricted communication, 20-cell communication
radius, and 10-cell communication radius configurations are evaluated. The resulting com-
munication model occupies an intermediate position between fully centralised and fully
decentralised learning. During training, agents benefit from peer-assisted learning through
selective sharing of valuable experiences while maintaining independent replay buffers and
policy networks. During execution, however, no communication is required and each UAV
operates entirely autonomously using only locally observable information. Importantly,
communication opportunities emerge naturally from the evolving spatial configuration
of the swarm. Consequently, the effectiveness of information exchange depends not only
on the quality of shared experiences but also on the probability of UAV encounters within
communication range. This formulation enables investigation of the relationship between
communication availability, replay diversity, learning efficiency, and emergent coordination
behaviour in realistic wildfire suppression scenarios. For example, during a large wildfire
mission, UAVs monitoring different regions of the fire may temporarily lose connectivity
because of their geographical separation. Once two UAVs enter communication range,
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they exchange only a small number of high-priority experiences before continuing their
missions independently.

4.6. Hyperparameters and Training Configuration

The proposed decentralised MARL framework requires several hyperparameters
related to replay memory, exploration, optimisation, episode duration, and communication.
These values were selected to balance training stability, sample efficiency, and exploration in
the sparse and highly stochastic wildfire environment. Each UAV maintains an independent
replay buffer with a maximum capacity of 30,000 experiences. Since useful suppression
experiences are relatively rare, learning is delayed until each buffer contains at least 3000
samples, corresponding to 10% of the total buffer capacity. Training updates are performed
using mini-batches of 128 experiences sampled from PER.

Each model is trained for 5000 episodes. Since agents typically observe approximately
200–300 environment steps per episode, this provides more than 106 interaction steps
during training. Episodes are terminated after a maximum of 600 steps if the fire has
not already been extinguished or escaped the environment. The discount factor is set to
γ = 0.99, encouraging agents to account for the long-term effect of current suppression
actions on future wildfire spread. The learning rate is initialised as 3 × 10−4 and decayed
during training using a multiplicative factor of 0.9 every 20,000 training steps. Exploration
is controlled using an ϵ-greedy policy. The exploration rate is initialised at ϵ = 0.9 and
annealed to a minimum value of ϵ = 0.02 over the first 1500 episodes. This relatively
high initial exploration rate is necessary because agents are deployed at the environment
boundary and may otherwise fail to encounter informative fire-related experiences during
early training. Selective experience sharing is applied at fixed intervals during training.
In the unrestricted communication case, agents share up to 100 high-priority experiences
every 10 episodes. For radius-limited communication, UAVs may exchange experiences
only when located within the specified communication radius. When a valid communi-
cation pair is formed, each UAV shares 10 high-priority experiences with the other agent.
The communication radii evaluated in this work are unrestricted sharing, 20 cells, and
10 cells. Table 3 summarises the main hyperparameters used in the training process.

Table 3. Main training and communication hyperparameters.

Hyperparameter Value

Replay buffer size per agent 30,000 experiences
Minimum replay size before training 3000 experiences
Mini-batch size 128
Training episodes 5000
Typical episode length 200–300 steps
Maximum episode length 600 steps
Discount factor γ = 0.99
Initial learning rate 3 × 10−4

Learning-rate decay 0.9 every 20,000 steps
Initial exploration rate ϵ = 0.9
Minimum exploration rate ϵ = 0.02
Exploration decay period 1500 episodes
Action space 8 neighbouring movements
Replay sampling Prioritised Experience Replay
Target update Polyak averaging
Communication interval Every 10 episodes
Unrestricted sharing limit 100 experiences
Pairwise radius-limited exchange 10 experiences per UAV
Communication radii tested Unrestricted, 20 cells, 10 cells
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5. Results
This section evaluates the performance of decentralised multi-agent reinforcement

learning for wildfire suppression under different communication constraints. The anal-
ysis focuses not only on containment rates, but also on the coordination failures and
behavioural limitations that emerge when agents operate with partial observability and
restricted information exchange. Three communication configurations were compared:
unrestricted sharing, a 20-cell sharing radius, and a 10-cell sharing radius. Each model
was trained for 5000 episodes, and the best-performing model from training was subse-
quently evaluated over 1000 test episodes. The environment remained highly stochastic
because fire propagation depended on probabilistic spread dynamics and wind influence.
As a result, performance should be interpreted not only as a measure of learned suppres-
sion ability, but also as evidence of how robust each decentralised policy is to uncertain
wildfire behaviour.

5.1. Training Performance

Table 4 reports the best training metrics obtained for each communication configura-
tion. The 10-cell sharing model achieved the highest rolling average reward and the highest
rolling average episode score. The unrestricted sharing model produced the lowest overall
training score, despite having access to the greatest amount of shared experience.

Table 4. Training performance for different communication configurations.

Communication Configuration Highest Rolling Reward Score at Max Reward Highest Rolling Score

Unrestricted sharing 28.806 12.114 17.108
10-cell sharing radius 34.254 19.365 22.293
20-cell sharing radius 30.508 13.091 17.716

The result is notable because unrestricted sharing does not lead to the strongest
learning outcome. Instead, the best training performance occurs under the most restrictive
communication setting. This suggests that, in this environment, communication constraints
may improve learning by limiting the repeated circulation of similar experiences and
increasing the diversity of information encountered by each agent during training.

5.2. Containment Performance and Suppression Effectiveness

The primary evaluation metrics were fire containment and suppression effectiveness.
A wildfire was considered contained if it did not reach any boundary cell of the 100 × 100
environment. Figures 3–5 show the statistical results for the unrestricted sharing, 10-cell
sharing radius, and 20-cell sharing radius cases. Table 5 summarises the test results over
1000 independent episodes.

Table 5. Containment performance over 1000 evaluation episodes.

Communication Configuration Contained (%) Escaped (%)

Unrestricted sharing 26.5 73.5
10-cell sharing radius 41.1 58.9
20-cell sharing radius 33.3 66.7

The containment results follow the same trend observed during training. The 10-cell
communication radius achieves the highest containment rate, containing 41.1% of fires.
The 20-cell model also improves upon unrestricted sharing, although less substantially.
These results indicate that communication constraints do not necessarily degrade decen-
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tralised MARL performance. In this case, constrained communication improves both
training and evaluation outcomes.

Figure 3. Containment performance under unrestricted sharing.

Figure 4. Containment performance under 10 cell sharing radius.

A likely explanation is that unrestricted sharing causes certain agents or trajectories to
dominate the replay process. When experiences are repeatedly shared across the whole
team, agents may train on a narrow and redundant subset of transitions. Radius-limited
sharing, by contrast, distributes experience exchange through local pairwise interactions.
This appears to produce more useful variation in the replay buffers and improves pol-
icy generalisation.
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Figure 5. Containment performance under 20 cell sharing radius.

Containment alone does not fully describe agent performance. Some fires may be
contained with limited intervention, whereas others require sustained suppression. For this
reason, the percentage of burned cells extinguished by the agents was also analysed.
The 10-cell model achieved the highest average suppression effectiveness, with a reported
mean of approximately 27.0%. The unrestricted and 20-cell models achieved lower mean
suppression effectiveness, approximately 17.5% and 20.0%, respectively. This supports
the containment results and suggests that the 10-cell model is more effective at actively
engaging with fires across the test set.

However, higher suppression effectiveness does not automatically imply better con-
tainment strategy. A recurring behaviour observed across models was that agents often
chased actively burning cells instead of positioning themselves to prevent future spread.
This indicates a reward-alignment problem. The agents are directly rewarded for extin-
guishing burning cells, but containment requires anticipating the fire front and acting
before spread reaches critical boundary regions. The learned behaviour is therefore locally
rational but globally suboptimal.

5.3. Observed Coordination Failures

The quantitative results show that the constrained communication model performs
best, but they do not fully explain why containment remains limited. Behavioural in-
spection reveals two major failure modes: reward-driven fire chasing and loss of situa-
tional awareness.

5.3.1. Reward-Driven Fire Chasing

Agents frequently followed the active fire front because this behaviour provided im-
mediate extinguishing rewards. In practice, however, this response is often ineffective
for containment. A more desirable strategy would require agents to position themselves
ahead of the fire, suppress boundary expansion, and coordinate to restrict the fire’s growth.
Figure 6 illustrates a typical reward-driven behaviour in which one UAV repeatedly fol-
lows the active fire front while the remaining UAVs fail to establish an effective contain-
ment boundary. Although the leading UAV successfully suppresses local burning cells,
the swarm does not coordinate sufficiently to prevent further fire propagation.
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Figure 6. Example of reward-driven fire-chasing behaviour. Red cells denote actively burning vegeta-
tion, while black cells denote burned or extinguished regions. The light-blue trajectory corresponds
to the highlighted UAV, whereas the blue trajectories represent the remaining UAVs in the swarm.
Although the highlighted UAV successfully follows and suppresses sections of the active fire front,
the overall team fails to establish an effective containment strategy, illustrating the tendency of agents
to optimise local suppression rewards rather than global fire containment.

5.3.2. Loss of Situational Awareness

A second failure mode occurred when agents moved away from the active fire region
and lost useful observational information. Since each agent relies on local state information,
an agent that loses sight of the fire may no longer receive strong signals indicating where
to move next. This can lead to ineffective wandering in areas with little suppression value.
Figure 7 illustrates a representative failure case caused by limited local observations. Once
several UAVs move away from the active fire front, the available local thermal information
becomes insufficient to guide them back towards the wildfire, resulting in inefficient
exploration and reduced containment performance.

Figure 7. Example of loss of situational awareness under decentralised execution. Red cells denote
actively burning vegetation, while black cells denote burned or extinguished regions. The light-blue
trajectory highlights the UAV that loses contact with the active fire front, while the blue trajectories
correspond to the remaining UAVs. Once local thermal information becomes insufficient, the affected
UAV is unable to relocate the wildfire efficiently, resulting in ineffective exploration and reduced
cooperative suppression performance.
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This behaviour highlights the limitations of decentralised execution under partial
observability. Even when agents have learned useful local suppression behaviours, the team
can still fail if individual agents become disconnected from the shared task. The result
suggests that future systems may require event-triggered communication, limited global
alerts, or learned signalling mechanisms to help agents recover situational awareness
without requiring continuous full communication.

5.4. Ablation Studies

We further conduct ablation studies to show how wind and the number of agents
affect the overall fire suppression performance.

5.4.1. Removing Wind

To evaluate the influence of environmental stochasticity, an additional model was
trained and tested without wind effects, using the best-performing 10-cell communication
setting. The results are observed in Figure 8.

Figure 8. Performance of the 10-cell communication model in the no-wind environment.

Removing wind increased containment performance to 46.9%. This improvement
suggests that wind contributes to the difficulty of the task by increasing the unpredictability
of fire spread. Nevertheless, the improvement is moderate rather than transformative.
The model still fails in more than half of the test episodes, indicating that environmen-
tal stochasticity is not the only limitation. Coordination failures, reward misalignment,
and partial observability remain major constraints even in the simplified no-wind setting.

The no-wind results also show that agents still struggle with larger fires. Although the
absence of wind makes spread more predictable, it can also result in longer episodes and
larger burned regions. This reinforces the conclusion that the agents are not yet learning
robust containment strategies; they are primarily learning reactive suppression behaviours.

5.4.2. Increasing the Number of Agents

A second ablation examined whether increasing the number of agents improves
containment as shown in Table 6. The 10-cell communication model was extended to teams
of seven and nine agents.
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Table 6. Containment performance as the number of agents increases.

Number of Agents Containment Rate (%)

5 agents 41.1
7 agents 48.0
9 agents 51.0

Increasing the number of agents improves containment, with the nine-agent model
reaching 51.0%. This confirms that greater spatial coverage is beneficial in wildfire sup-
pression. However, the improvement is smaller than might be expected from the increase
in available agents. This suggests that simply adding agents does not solve the central
coordination problem.

The result is important for communication-constrained decentralised MARL because
larger teams also increase the complexity of coordination and experience sharing. In the
reported experiments, increasing the number of agents also increased the average number
of shared experiences per sharing episode. This may reduce the effectiveness of experience
sharing if communication becomes too frequent or redundant. Therefore, scaling the
number of agents requires more than increasing team size; it also requires communication
protocols that preserve useful diversity while supporting coordinated action.

5.5. Discussions

The results show that moderate communication constraints can improve decentralised
MARL performance in wildfire suppression. The 10-cell communication radius produced
the strongest training performance, the highest containment rate, and the highest suppres-
sion effectiveness among the three main communication configurations. This suggests that
restricted local sharing can be more effective than unrestricted information exchange when
replay diversity and experience relevance are important. At the same time, the results
reveal persistent challenges. Agents often optimise local suppression rewards rather than
global containment objectives, leading to fire-chasing behaviour. Agents also lose situa-
tional awareness under partial observability, reducing team effectiveness during longer
episodes. Ablation studies confirm that reducing environmental stochasticity and increas-
ing team size improve performance, but neither fully resolves the coordination problem.
Overall, the findings indicate that the key challenge in communication-constrained wildfire
suppression is not merely enabling agents to communicate, but designing communication
and reward mechanisms that promote strategic containment, preserve useful experience
diversity, and maintain situational awareness during decentralised execution.

Compared with our previous centralised framework [43], the proposed approach
replaces the shared policy and replay buffer with independent policies and selective peer-to-
peer experience sharing. Furthermore, globally available neighbouring-agent information
has been removed from the observation space, allowing each UAV to operate solely from
local observations during execution. Although both approaches address cooperative
wildfire suppression, the different wildfire environments and learning architectures prevent
a direct quantitative comparison of performance.

Although the proposed framework provides a flexible environment for investigat-
ing decentralised coordination, it is not intended to prescribe operational deployment
parameters. Variables such as UAV flight altitude, sensing footprint, fleet size, and wildfire
extent depend on the sensing payload, communication infrastructure, airspace regula-
tions, and mission objectives. The present work therefore focuses on the learning problem
itself, while operational parameter optimisation constitutes an important direction for
future research.
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5.6. Limitations and Future Research Directions

Although the proposed framework represents a substantial step toward realistic de-
centralised wildfire suppression, several simplifying assumptions remain. The wildfire
environment is modelled as a two-dimensional grid and does not explicitly represent
terrain elevation, fuel moisture content, atmospheric conditions, or heterogeneous wind
fields. Wind is assumed to be globally consistent across the environment, whereas real
wildfire behaviour is influenced by highly localised and time-varying meteorological effects.
Similarly, UAV agents are assumed to possess accurate localisation and sensing capabilities,
while communication within the specified communication radius is considered reliable.
Practical deployment would likely involve sensor uncertainty, packet loss, intermittent
communication, and platform resource limitations such as battery constraints and finite
retardant payloads. Furthermore, the wildfire environment is formulated as an abstract
discretised representation for reinforcement learning rather than a geographically refer-
enced operational model. Consequently, the grid resolution does not correspond to a fixed
physical ground area, and UAV operating altitude is not explicitly modelled. In prac-
tice, the relationship between sensing resolution, flight altitude, sensor footprint, and the
number of UAVs required depends on the sensing payload, mission objectives, airspace
regulations, and wildfire characteristics. Likewise, the framework does not consider coor-
dination with manned aerial firefighting assets, whose integration would require explicit
modelling of airspace management and operational safety constraints. Incorporating these
operational considerations represents an important direction for future research.

6. Conclusions
This paper presented a decentralised multi-agent reinforcement learning framework

for UAV-based wildfire suppression under realistic communication and environmental
constraints. By incorporating wind-driven wildfire propagation and decentralised learning
mechanisms, the work moves beyond many of the simplifying assumptions commonly
found within existing MARL wildfire studies. The introduction of selective experience
sharing proved particularly important within the highly stochastic wildfire environment,
significantly improving learning efficiency while preserving decentralised execution. Ex-
perimental results demonstrated that communication-aware decentralised MARL can
achieve meaningful wildfire containment behaviours despite sparse rewards and com-
plex propagation dynamics. Nevertheless, the work also highlights several remaining
challenges. Realistic wildfire environments introduce substantial instability into rein-
forcement learning processes, particularly when communication limitations and partial
observability are considered simultaneously. Future work should therefore investigate more
advanced coordination strategies, dynamic weather systems, continuous action spaces,
and resource-constrained UAV models. Ultimately, the results suggest that decentralised
UAV swarms represent a promising direction for future autonomous wildfire response
systems, particularly when communication-aware learning strategies are incorporated into
the training framework.
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