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Abstract—Currently, the use of UAV swarm systems is widespread for large-scale monitoring and surveillance purposes,
demanding effective coordination. While the Multi-Agent Deep Reinforcement Learning methods such as MADDPG leverage
decentralization by providing each agent with the ability to act individually depending on the condition of its local environment,
the learning-based approach is ineffective because of the redundant explorations and coordination that lack structure. In our
review, we focus on recent advancements in the domain of UAV swarm systems, with an accent on inefficiencies inherent in
MARL approaches, making it hard to achieve efficient coverage of the region of interest. The paper is devoted to hybrid
approaches, which combine MARL approaches and spatial planning approaches, specifically Voronoi partitioning.

Index Terms—UAV swarm; Multi-Agent Deep Reinforcement Learning; MADDPG; MAPPO; Voronoi partitioning; Agentic
Al; cooperative coordination; task allocation.

I. INTRODUCTION
Unmanned Aerial Vehicle (UAV) swarms have emerged as an effective solution for large-scale monitoring, surveillance, and search
operations due to their ability to operate collaboratively in dynamic environments [11], [13], [27]. Unlike single UAV systems,
swarm-based architectures leverage multiple autonomous agents to achieve improved coverage, robustness, and fault tolerance.
These systems are widely applied in domains such as disaster response, environmental monitoring, wildlife tracking, and border
surveillance.
Traditional UAV coordination approaches primarily rely on predefined path planning, optimization-based routing, or heuristic
strategies. While such methods ensure predictable behavior, they lack adaptability in uncertain and dynamic environments, where
real-time decision-making is essential [12], [17]. Moreover, these approaches often suffer from scalability issues and fail to
efficiently manage coordination among multiple agents.
To address these limitations, Reinforcement Learning (RL) has been introduced as a data-driven approach that enables agents to
learn optimal actions through interaction with the environment [1], [3], [5]. With the integration of deep learning, Multi-Agent
Reinforcement Learning (MARL) has become a prominent framework for coordinating UAV swarms, allowing multiple agents to
learn cooperative behaviors while operating in decentralized settings [1], [7], [21].
Among MARL algorithms, Multi-Agent Deep Deterministic Policy Gradient (MADDPG) has gained significant attention due to its
ability to handle continuous action spaces and support centralized training with decentralized execution [1],[5], [33]. This enables
UAV agents to make independent decisions based on local observations while benefiting from global information during training.
However, existing MADDPG-based approaches primarily depend on reward-driven coordination, which can result in redundant
exploration, inefficient coverage, and lack of structured task allocation [6], [8], [9].
Recent research has focused on addressing these challenges by integrating spatial decomposition and planning techniques with
learning-based methods. Approaches such as Voronoi partitioning divide the operational environment into non-overlapping regions,
enabling structured task allocation and reducing redundancy among agents [8], [9], [10]. Additionally, emerging paradigms such as
Agentic Al aim to enhance decision-making by incorporating higher-level reasoning and adaptive planning capabilities into
autonomous systems [26], [27].
This survey provides a comprehensive review of recent advancements in UAV swarm systems using Multi-Agent Deep
Reinforcement Learning, with a particular focus on hybrid approaches that combine learning-based coordination with spatial
planning techniques. The paper analyzes existing methodologies, identifies key limitations, and highlights future research directions
for developing efficient, scalable, and intelligent UAV swarm systems.
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Fig. 1. UAV Swarm Coverage Representation

1I. BACKGROUND
A. UAV Swarm Systems
Unmanned Aerial Vehicle (UAV) swarm systems consist of multiple autonomous aerial agents that cooperate to perform tasks
collectively in a shared environment. Unlike single UAV systems, swarm-based architectures offer significant advantages in terms
of scalability, fault tolerance, and operational efficiency, making them suitable for applications such as environmental monitoring,
disaster response, surveillance, and search-and-rescue missions [11], [13], [27]. The concept of UAV swarms is inspired by natural
collective behaviors observed in biological systems such as bird flocks, fish schools, and insect colonies, where global coordination
emerges from simple local interactions among individual agents.
In engineered UAV swarm systems, coordination is achieved through a combination of communication protocols, control strategies,
and decision-making algorithms. These systems are typically characterized by three key properties: autonomy, where each UAV
operates independently; cooperation, where agents share information or divide tasks; and scalability, where system performance
should remain stable as the number of agents increases. Achieving these properties simultaneously is a complex challenge due to
limitations in communication bandwidth, dynamic environmental conditions, and resource constraints such as battery life and
sensing capabilities [11], [12].
Traditional UAV coordination approaches rely heavily on centralized control architectures or pre-defined trajectory planning
methods. While centralized systems provide a global view and optimized decision-making, they suffer from scalability issues and
single points of failure. On the other hand, decentralized approaches improve robustness but often struggle to achieve efficient
coordination due to limited information sharing among agents. These limitations have motivated the adoption of learning-based
approaches that allow UAVs to adapt dynamically to changing environments.

B. Reinforcement Learning

Reinforcement Learning (RL) is a computational framework that enables agents to learn optimal behaviors through trial-and-error
interactions with an environment. The environment is typically modeled as a Markov Decision Process (MDP), defined by a set of
states, actions, transition probabilities, and reward functions [1], [3]. At each time step, the agent observes the current state, takes an
action, and receives a reward based on the outcome. The objective is to learn a policy that maximizes the expected cumulative
reward over time.

With the advancement of deep learning, Deep Reinforcement Learning (DRL) has emerged as a powerful approach for solving
complex decision-making problems involving high-dimensional state and action spaces. Neural networks are used to approximate
value functions or policies, enabling agents to generalize across different states [5]. Algorithms such as Deep Deterministic Policy
Gradient (DDPG) are particularly suitable for continuous control tasks, where actions are represented as real-valued vectors rather
than discrete choices. This makes DRL highly applicable to UAV navigation, where smooth and precise motion control is required.
Despite its success, single-agent RL is insufficient for systems involving multiple interacting agents, such as UAV swarms. In such
scenarios, each agent must not only learn from the environment but also adapt to the behaviors of other agents, making the learning
process significantly more complex.

C. Multi-Agent Reinforcement Learning
Multi-Agent Reinforcement Learning (MARL) extends the RL framework to environments where multiple agents operate
simultaneously and interact with each other.
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In cooperative settings, agents aim to maximize a shared objective, requiring effective coordination and information sharing [1],
[21]. However, MARL introduces several challenges that are not present in single-agent systems.

One of the primary challenges is non-stationarity, where the environment dynamics change as each agent updates its policy during
training. From the perspective of an individual agent, the behavior of other agents appears as part of the environment, making it
difficult to learn stable policies [1], [18]. Additionally, partial observability limits each agent’s access to global information, further
complicating decision-making.

To address these challenges, the Centralized Training and Decentralized Execution (CTDE) paradigm has been widely adopted. In
this framework, agents are trained using global information, such as the states and actions of all agents, while execution is
performed using only local observations. This allows agents to learn coordinated behaviors without requiring extensive
communication during deployment. The Multi-Agent Deep Deterministic Policy Gradient (MADDPG) algorithm is a prominent
example of this approach, where each agent has an actor network for selecting actions and a centralized critic that evaluates joint
actions.

While MARL algorithms such as MADDPG have shown promising results in UAV swarm coordination, they often rely heavily on
reward design to encourage cooperation. Poorly designed reward functions can lead to undesirable behaviors such as redundant
exploration, inefficient coverage, or conflicts among agents [6], [8]. This limitation highlights the need for integrating structured
planning mechanisms with learning-based approaches.

D. Spatial Planning and Agentic Approaches

Spatial planning techniques provide an effective way to improve coordination in multi-agent systems by introducing structure into
the decision-making process. One widely used method is Voronoi partitioning, which divides the environment into regions based on
proximity to a set of seed points, typically representing the positions of UAVs [8], [9], [10]. Each UAV is assigned a specific
region, ensuring that agents focus on different parts of the environment and reducing overlap in coverage. This approach not only
improves efficiency but also simplifies task allocation in large-scale systems.

In addition to geometric partitioning, recent research has explored the integration of higher-level decision-making frameworks under
the concept of Agentic Al. Unlike traditional RL approaches that rely solely on reward signals, Agentic Al introduces goal-directed
reasoning, planning, and adaptive behavior into autonomous systems [26], [27]. These systems are capable of dynamically adjusting
their strategies based on changing conditions, enabling more intelligent and flexible coordination among agents.

The combination of MARL with spatial planning and agentic reasoning represents a promising direction for UAV swarm systems.
By leveraging the strengths of both learning-based and planning-based approaches, it is possible to achieve improved coordination,
scalability, and robustness in complex and dynamic environments.
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Fig. 2. Multi-Agent Reinforcement Learning Framework for UAV Swarms
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1. LITERATURE REVIEW
Zhao et al. (2023) proposed a multi-weight MADDPG (MW-MADDPG) approach to improve coordination among UAV agents in
dynamic environments. Their work enhances reward distribution using multiple critic weights, leading to improved convergence
and cooperation. However, the approach still depends heavily on reward engineering and lacks explicit spatial coordination
mechanisms. [1]
Wang and Jiao (2024) introduced CER-MADDPG, incorporating coordinated experience replay to improve learning efficiency. By
prioritizing relevant transitions, the model achieves better convergence in multi-agent settings, though it does not address
redundancy in spatial coverage. [2]
Kong et al. (2024) developed a reinforcement learning-based approach for UAV target assignment and path planning. Their method
integrates task allocation with trajectory optimization, enabling adaptability to dynamic targets, but lacks structured coordination
among agents. [3]
Chen et al. (2023) proposed an enhanced MADDPG-based UAV task assignment framework aimed at improving workload
balancing among UAYV agents. The study introduced additional constraints for efficient task distribution and demonstrated improved
coordination performance. However, the system remained dependent on reward tuning and lacked explicit spatial partitioning
strategies. [4]
Bista et al. (2025) conducted a comparative study of MARL algorithms including MAPPO, MADDPG, and MADQN for UAV
communication systems. Their analysis showed that MADDPG performs effectively in continuous control scenarios while MAPPO
provides improved training stability. Nevertheless, the evaluated approaches did not adequately address spatial coordination or
redundancy issues. [5]
Liu et al. (2025) proposed an Aol-aware UAV coverage framework combining MADDPG with Voronoi partitioning to improve
coverage efficiency and information freshness. The integration of spatial decomposition reduced overlapping exploration among
UAVs and improved surveillance performance. Despite these improvements, the method introduced increased computational
complexity during training. [6]
Sun et al. (2025) proposed an energy-efficient MARL-based coordination framework for UAV swarms operating in surveillance
environments. Their approach optimized energy consumption while maintaining effective coverage performance. However, the
absence of structured task allocation limited scalability in large operational regions. [7]
Lmaréchal et al. (2023) integrated MADDPG with Voronoi-based pursuit strategies for cooperative target tracking applications. The
method improved coordination efficiency and reduced overlap among UAV agents by assigning spatial regions dynamically.
However, the approach relied heavily on predefined geometric partitioning methods. [8]
Dong et al. (2024) introduced a Voronoi-based UAV exploration strategy aimed at improving area coverage efficiency. Their
framework allocated regions according to proximity, ensuring balanced workload distribution among UAVs. Although effective in
structured environments, the method lacked adaptability in dynamic and uncertain scenarios. [9]
Zhao et al. (2022) combined MAPPO with Voronoi partitioning to improve UAV coverage optimization and scalability. The
approach demonstrated enhanced coordination and reduced redundant exploration compared to conventional MARL methods.
However, the framework still depended on static partitioning and limited adaptive decision-making. [10]
Arranz et al. (2023) investigated UAV-based surveillance systems using sensor-driven adaptive decision-making techniques. Their
work demonstrated improved environmental awareness and real-time monitoring capabilities in surveillance applications.
Nevertheless, the system lacked advanced cooperative learning strategies among multiple UAV agents. [11]
Westheider et al. (2023) proposed an adaptive UAV path planning framework designed for dynamic environments with changing
obstacles and targets. The approach improved route optimization and mission adaptability compared to traditional trajectory
planning methods. However, the framework focused primarily on navigation efficiency rather than multi-agent coordination. [12]
Collignon et al. (2025) applied MARL techniques for wildfire monitoring using UAV swarms operating in hazardous environments.
Their system improved fire detection and adaptive monitoring capabilities through decentralized learning strategies. Despite these
advantages, redundant exploration among UAVs remained a significant limitation. [13]
Patel et al. (2024) developed a TD3-based wildfire tracking framework utilizing reinforcement learning to improve tracking
accuracy and dynamic response in wildfire scenarios. The method demonstrated stable trajectory optimization and improved
environmental adaptability. However, the approach was mainly suitable for limited-agent configurations and lacked efficient swarm
coordination mechanisms. [14]
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Sharma et al. (2024) proposed a UAV trajectory optimization framework focused on improving path efficiency and minimizing
travel costs using optimization algorithms. The study achieved smoother navigation and reduced operational overhead.
Nevertheless, the approach lacked adaptability and scalability for large-scale multi-UAV systems. [15]

Kim et al. (2023) presented an IEEE-based UAV wildfire monitoring framework demonstrating the effectiveness of UAV swarms
for rapid environmental assessment and disaster response operations. The framework enabled efficient data collection and
situational awareness during wildfire events. However, coordination among UAV agents was primarily rule-based and lacked
learning-driven adaptability. [16]

Wu et al. (2023) proposed a reinforcement learning-based UAV obstacle avoidance system for navigation in dynamic environments.
Their approach enabled UAVs to learn safe trajectories while avoiding collisions with static and moving obstacles. Although
effective for navigation safety, the framework did not address cooperative task allocation among agents. [17]

Huang et al. (2025) developed a MARL-based collision avoidance strategy for UAV swarm systems operating in constrained
environments. The method improved navigation safety and reduced inter-agent collision frequency through cooperative learning
mechanisms. However, the approach focused mainly on safety and did not optimize coverage efficiency. [18]

Singh et al. (2024) proposed a multi-UAV formation control framework employing reinforcement learning techniques to maintain
stable formations during coordinated missions. The system improved formation stability and communication efficiency among
UAYV agents. Despite these benefits, the framework did not address exploration or surveillance optimization. [19]

Garcia et al. (2024) introduced the MARLander framework for multi-agent navigation and landing coordination. The method
improved coordinated movement and adaptive decision-making among UAV agents in dynamic environments. However, the system
lacked explicit spatial planning and workload distribution strategies. [20]

Fan et al. (2025) proposed a graph-based MARL framework to improve communication and coordination in UAV swarm systems.
By modeling interactions between agents using graph structures, the approach enhanced scalability and cooperative learning.
Nevertheless, the framework introduced significant computational overhead during training. [21]

Li et al. (2025) developed transformer-based MARL approaches utilizing attention mechanisms to improve coordination and
information processing in UAV swarm environments. These models demonstrated improved learning efficiency and decision-
making performance in complex scenarios. However, the computational requirements of transformer architectures limited their
practical deployment. [22]

Zhang et al. (2024) proposed a Graph Neural Network (GNN)-based MARL coordination model to improve inter-agent
communication and cooperative behavior in UAV systems. The framework enabled agents to efficiently share information and
adapt to changing environments. Despite improved coordination, the method increased system complexity and communication
overhead. [23]

Ahmed et al. (2024) introduced graph attention-based UAV reinforcement learning models to improve cooperative decision-making
among agents. The approach achieved better coordination and improved mission efficiency compared to conventional MARL
frameworks. However, scalability remained a major challenge in large swarm deployments. [24]

Park et al. (2024) proposed a UAV GNN communication framework aimed at enhancing information sharing and collaborative
learning among UAV agents. The study demonstrated improved coordination efficiency in surveillance and exploration tasks.
Nevertheless, increased communication dependency affected scalability and robustness. [25]

Nguyen et al. (2026) introduced an Agentic Al-based UAV coordination framework capable of goal-oriented decision-making and
adaptive planning. The approach improved system adaptability and reasoning capabilities in dynamic environments. However, the
framework introduced concerns related to computational complexity and reliability. [26]

Sapkota et al. (2025) presented a comprehensive survey on Agentic Al-driven UAV systems, highlighting the integration of
planning, reasoning, and autonomous coordination techniques. Their analysis identified the potential of agentic frameworks for
improving UAV autonomy and adaptability. Nevertheless, practical implementation challenges remain unresolved. [27]

Rodriguez et al. (2025) proposed the CoordField framework using field-based coordination strategies for UAV swarm task
allocation. The system improved workload balancing and reduced overlap among UAV agents. However, the framework lacked
integration with advanced learning-based coordination techniques. [28]

Miller et al. (2025) introduced the RALLY framework, which utilized large language models for UAV navigation and high-level
mission planning. The approach demonstrated flexible reasoning and adaptive mission execution capabilities. However,
unpredictability and lack of deterministic control remained significant limitations. [29]
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Anderson et al. (2026) explored agentic UAV deployment models for autonomous planning and intelligent task execution in large-
scale swarm operations. These systems aimed to improve adaptability and decision-making through agentic reasoning frameworks.
Despite their promise, such approaches remain computationally intensive and experimentally immature. [30]

Roy et al. (2025) proposed MAGNNET, a multi-agent graph neural network framework for UAV task allocation and coordination.
The system improved cooperative behavior and resource distribution among UAV agents using graph-based learning strategies.
However, the model required high computational resources and complex communication structures. [31]

Mehta et al. (2025) developed an energy-efficient UAV reinforcement learning model focused on optimizing energy consumption
and mission duration in UAV swarm systems. The framework demonstrated improved resource utilization and operational
efficiency. Nevertheless, spatial coordination and redundancy reduction were not explicitly addressed. [32]

Verma et al. (2025) introduced hierarchical reinforcement learning approaches for UAV systems involving multi-level decision-
making structures for complex surveillance and coordination tasks. These methods improved adaptability and long-term planning
capabilities in dynamic environments. However, the hierarchical architecture significantly increased training complexity. [33]
Brown et al. (2025) presented an IEEE Robotics study on UAV target search using reinforcement learning to improve target
detection and adaptive navigation in uncertain environments. The framework enabled autonomous exploration and real-time
decision-making among UAV agents. However, coordination optimization and redundancy reduction remained unresolved issues.
[34]

Lee et al. (2026) proposed AC-MASAC, an advanced MARL framework for UAV swarm coordination using actor-critic and soft
actor-critic mechanisms. The approach improved training stability, cooperative behavior, and learning efficiency in dynamic
environments. Despite these improvements, the framework continued to rely heavily on carefully designed reward structures. [35]

V. COMPARATIVE ANALYSIS
Table | summarizes the nine surveyed works across five dimensions: method, application domain, primary strength, and key
limitation. This structured comparison reveals important patterns in current MADRL research for UAV swarms.

TABLE 1: COMPARATIVE ANALYSIS OF REVIEWED WORKS

Method

Paper

Application

Strength

Limitation

Kouzeghar et al.

[1]

MADDPG variant +
Voronoi reward

Multi-target pursuit &
tracking

Role-based coordination; \VVoronoi
reward reduces overlap

Reward shaping
dependent; limited
scalability

Huang et al. [2]

MARL + domain
knowledge reward

Collision avoidance

Safe navigation with constraint-
embedded reward

Focuses on safety; not on
coverage or task
allocation

Bista et al. [3]

MADDPG,
MAPPO,comparison

UAV communication
systems

MADDPG for continuous control;
MAPPO for stability

Communication-focused,;
lacks spatial coordination

Sun et al. [4]

Hybrid PPO-based
MARL

Energy-efficient
trajectory & comms

Improved resource utilization;
balanced agent performance

No explicit spatial task
allocation or redundancy
reduction

Zhang et al. [5]

Mean-field DDPG

Large-scale path
planning

Scalable via mean-field
approximation

No structured spatial
allocation; potential
coverage overlap

Cooperative path

Balances individual & collective

High computational

Qu et al. [6] PMI-MADDPG planning rewards via PMI com_plex!ty; reward
engineering dependent
. . Focused on comms
. Swarm network Decentralized; robust against node
Liu etal. [7] MADDPG W W 2 ust agal topology; not area

topology control

failures

coverage
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Method Application Strength Limitation
o . . . . No redundancy reduction
Gadiraju et al. Centralized & UAV fleet movement | Flexible learning for coordinated
. - or structured task
[8] decentralized MARL | control navigation .
allocation
Centralized, _— . . .
. . Swarm coordination Federated/decentralized methods No planning mechanisms
Alietal. [9] decentralized, . . . . -
federated RL benchmarking improve scalability & robustness for spatial efficiency

Several important observations can be drawn from Table I. Existing research predominantly relies on Multi-Agent Reinforcement
Learning algorithms such as MADDPG, MAPPO, TD3, and graph-based MARL frameworks for enabling cooperative UAV
behaviour. Among these, MADDPG remains one of the most widely adopted approaches due to its suitability for continuous control
and decentralized execution in UAV swarm environments. Most reviewed works focus on applications including area coverage,
target tracking, surveillance, collision avoidance, and path planning, highlighting the growing importance of autonomous UAV
coordination in dynamic environments.

Another key observation is that many existing approaches rely solely on learning-based coordination without integrating structured
spatial planning techniques. As a result, several systems experience redundant exploration, inefficient coverage distribution, and
increased collision probability in large operational environments. Recent hybrid approaches combining reinforcement learning with
Voronoi partitioning demonstrate improved coverage efficiency and reduced overlap among UAV agents by enabling region-based
task allocation. Similarly, graph neural networks and attention-based communication frameworks improve inter-agent coordination,
although they introduce additional computational and communication overhead.

The survey also reveals that scalability and computational complexity remain major challenges in large-scale UAV swarm systems.
While graph-based MARL and transformer-based architectures improve cooperative decision-making, their training requirements
often limit practical deployment. In addition, emerging Agentic Al and LLM-based UAV frameworks provide higher-level
reasoning and adaptive mission planning capabilities, but concerns related to reliability, determinism, and computational expense
continue to restrict real-world implementation. These limitations highlight the need for hybrid UAV swarm systems that combine
structured planning, cooperative reinforcement learning, and adaptive decision-making to achieve efficient, scalable, and reliable
autonomous surveillance.

V. DISCUSSION
The reviewed literature clearly shows a transition from traditional rule-based UAV coordination approaches toward learning-based
and adaptive swarm intelligence systems. Recent research increasingly relies on Multi-Agent Reinforcement Learning (MARL)
algorithms such as MADDPG and MAPPO to enable decentralized decision-making and cooperative behaviour among UAV agents
operating in dynamic environments [1], [5]- These approaches allow UAVs to learn optimal actions directly from environmental
interactions rather than depending on manually designed control rules. As a result, reinforcement learning-based frameworks have
demonstrated improved performance in surveillance, target tracking, path planning, and collision avoidance applications [3], [17].
Despite these advancements, one of the most common limitations observed in existing studies is inefficient coordination caused by
the absence of structured spatial planning mechanisms. Many MARL-based systems depend primarily on reward-driven
coordination, where UAV agents attempt to maximize rewards independently [4]. This often leads to redundant exploration,
overlapping coverage, and increased energy consumption, especially during the early stages of training. Although several works
attempt to address this issue using reward engineering and communication-based coordination strategies, these solutions increase
algorithmic complexity without completely solving the problem of spatial task distribution [18], [21].
Another important challenge identified in the reviewed works is scalability. Graph-based MARL frameworks and GNN-driven
communication models improve cooperation and information sharing among UAV agents [23], [24]. Similarly, transformer-based
approaches enhance decision-making capabilities in complex environments [22]. However, these methods introduce high
computational overhead and communication dependency, making practical deployment difficult in large-scale UAV swarms.
Hierarchical reinforcement learning approaches further improve long-term planning and adaptability but significantly increase
training complexity [33].
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A key observation from the survey is that only a limited number of studies combine reinforcement learning with explicit spatial
planning techniques such as Voronoi partitioning [6], [8]. Spatial decomposition methods provide a structured mechanism for
dividing operational regions among UAV agents, thereby reducing overlap and improving coverage efficiency. Compared to purely
learning-based systems, these hybrid approaches achieve better coordination while maintaining adaptability in dynamic
environments.

Recent developments involving Agentic Al and autonomous reasoning frameworks aim to improve mission-level adaptability and
intelligent task execution in UAV swarm systems [26], [29]. These approaches introduce high-level planning and goal-driven
coordination capabilities, enabling UAVs to dynamically adapt to environmental changes. However, concerns related to reliability,
deterministic behaviour, and computational cost still limit real-world implementation. Therefore, the survey suggests that hybrid
frameworks integrating lightweight spatial planning, cooperative MARL algorithms, and adaptive reasoning mechanisms represent
a promising direction for future UAV swarm research.

VI. RESEARCH GAPS
Based on the reviewed literature, several important research gaps can be identified in existing UAV swarm coordination systems:
1) Lack of explicit spatial coordination:
Most MARL-based approaches rely primarily on reward-driven learning without incorporating structured region allocation
strategies, which often leads to overlapping exploration and inefficient area coverage [4], [6].

2) High dependency on reward engineering:
Many reinforcement learning frameworks require carefully designed reward functions to achieve cooperative behaviour among
UAV agents [1], [35]. Small variations in reward parameters can significantly affect learning stability and system performance.

3) Scalability challenges in large-scale swarms:
Although graph-based MARL and communication-driven frameworks improve cooperation, maintaining efficient coordination as
the number of UAV agents increases remains a major challenge [21], [23].

4) Limited integration of planning and learning:
Most existing studies treat spatial planning and reinforcement learning as separate components [8], [9]. Only a limited number of
works combine structured planning approaches such as Voronoi partitioning with MARL-based coordination [10].

5) High computational complexity of advanced MARL methods:
Transformer-based and attention-driven MARL architectures improve decision-making and communication efficiency among UAV
agents [22], [24]. However, these methods require substantial computational resources, limiting real-time deployment.

6) Insufficient focus on coverage efficiency and redundancy reduction:
Several existing works prioritize obstacle avoidance, navigation stability, or communication optimization, while efficient area
coverage and redundant exploration reduction remain comparatively underexplored [17], [18].

7) Limited adoption of Agentic Al in UAV swarms:
Recent agentic frameworks introduce higher-level reasoning and adaptive planning capabilities for UAV coordination [26], [29].
However, practical implementation challenges related to reliability, determinism, and computational cost remain unresolved.

VII. FUTURE DIRECTIONS
Several promising research directions can be identified for improving UAV swarm coordination systems in future studies.

1) Integration of Planning and Learning:

Future UAV swarm frameworks should focus on hybrid approaches that combine structured spatial planning with reinforcement
learning-based coordination. Lightweight planning techniques such as Voronoi partitioning can be integrated with MARL
algorithms to assign spatial regions to UAV agents while allowing adaptive local decision-making [6], [8]. Such hybrid systems can
reduce redundant exploration and improve overall coverage efficiency.
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2) Scalable Multi-Agent Coordination:

As the number of UAV agents increases, maintaining stable coordination becomes increasingly difficult. Future research should
explore scalable MARL techniques including parameter sharing, decentralized training, mean-field reinforcement learning, and
communication-efficient coordination frameworks to support large-scale swarm deployments [21], [23].

3) Dynamic Task Reallocation:

UAV swarm systems operating in real-world environments must continuously adapt to changing conditions such as battery
depletion, moving targets, communication failures, and environmental disturbances. Future studies should focus on adaptive
planning and dynamic task reassignment mechanisms that enable UAV agents to redistribute workloads efficiently during missions

[7], [18].

4) Computationally Efficient MARL Architectures:

Although transformer-based and graph-based MARL models improve coordination and cooperative decision-making, their high
computational requirements limit real-time deployment [22], [24]. Developing lightweight reinforcement learning architectures
suitable for embedded UAV hardware remains an important research direction.

5) Agentic Al for High-Level Decision-Making:

The emergence of Agentic Al introduces new possibilities for intelligent UAV swarm coordination [26], [29]. Future systems may
incorporate reasoning-based planning layers capable of mission-level decision-making, adaptive strategy generation, and
autonomous task management. Combining reinforcement learning with symbolic reasoning and agentic planning could improve
interpretability, adaptability, and coordination efficiency in complex environments.

6) Real-World Deployment and Sim-to-Real Transfer:

Most existing UAV swarm systems are validated primarily in simulation environments. Future work should focus on sim-to-real
transfer techniques, robust communication protocols, and hardware-aware learning models to enable practical deployment in real-
world surveillance and disaster-response scenarios.

VIIl.  CONCLUSION
This survey examined recent advancements in UAV swarm coordination systems using Multi-Agent Reinforcement Learning
(MARL), with particular emphasis on coordination efficiency, scalability, adaptability, and intelligent decision-making. The
reviewed studies demonstrate that algorithms such as MADDPG, MAPPO, TD3, graph-based MARL, and hierarchical
reinforcement learning have significantly improved decentralized control and cooperative behaviour among UAV agents operating
in dynamic environments. These approaches enable UAV swarms to perform complex tasks such as surveillance, target tracking,
exploration, and collision avoidance with minimal human intervention.
Despite these advancements, the survey identified several persistent limitations across existing research works. Most MARL-based
approaches rely heavily on reward-driven learning to achieve cooperation among UAV agents. As a result, problems such as
redundant exploration, inefficient area coverage, communication overhead, and high computational complexity continue to affect
overall system performance. In addition, many existing frameworks lack explicit spatial coordination mechanisms, leading to
overlapping exploration and suboptimal workload distribution among UAV agents.
The analysis further highlights that integrating lightweight spatial planning techniques with learning-based coordination frameworks
offers a promising solution to these challenges. Spatial decomposition approaches such as Voronoi partitioning enable efficient
region allocation and reduce redundant exploration from the initial stages of deployment. When combined with reinforcement
learning algorithms, such hybrid frameworks can improve both coordination efficiency and adaptability in dynamic operational
environments.
Furthermore, emerging research involving Agentic Al and intelligent planning frameworks indicates a growing shift toward higher-
level autonomous reasoning in UAV swarm systems. By integrating structured planning, adaptive learning, and goal-driven
coordination, future UAV swarm architectures can achieve more scalable, reliable, and efficient autonomous operations.
In conclusion, future research should focus on unified hybrid frameworks that combine spatial planning, cooperative reinforcement
learning, and adaptive reasoning mechanisms.
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Such approaches have the potential to overcome the limitations of purely learning-based systems and support the development of
robust real-world UAV swarm applications for surveillance, disaster response, environmental monitoring, and autonomous

exploration.
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