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The burgeoning demand for unmanned aerial vehicles (UAVs) across diverse domains can be attributed to their high flexibility, ease of
deployment and low operational costs. Concomitantly, rapid advancements in reinforcement learning have emerged as a viable avenue for
augmenting the autonomy of UAVs. This paper provides a comprehensive overview of the foundational concepts and methodologies of
reinforcement learning and taxonomizes its applications in UAV decision-making into three primary categories: fundamental tasks
encompassing obstacle avoidance and path planning, advanced tasks involving cooperative control, and complex tasks requiring adver-
sarial decision-making. Additionally, the challenges associated with implementing reinforcement learning in UAV applications are critically
examined. In the final section, we envision future research directions and provide a comprehensive summary of the study. This will assist
practitioners and researchers in selecting appropriate reinforcement learning algorithms for their drone mission applications.
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1. Introduction

In recent years, with the rapid advancement of technology,
unmanned aerial vehicles (UAVs) have become an integral
part of the modern technological landscape [1]. Whether in
civilian domains (such as logistics transportation, power
line inspection and agricultural irrigation) or military
applications (including enemy reconnaissance and intelli-
gent air combat), UAVs play a vital role [2]. Figure 1 pro-
vides examples of various tasks performed by drones. To
offer a comprehensive overview of task types, this paper
focuses on military UAVs.

The effectiveness of drone task execution largely
depends on the decision-making techniques employed.
Researchers have been investigating various decision-

making methods to improve drone performance. For
instance, the authors of [3–5] utilized game theory to fa-
cilitate drone decision-making. With the rise of heuristic
algorithms, approaches such as genetic algorithms [6–8],
ant colony optimization [9, 10], and particle swarm opti-
mization [11, 12] have been frequently applied to tasks
such as path planning and obstacle avoidance. Knowledge-
based methods integrate extensive expert experience and
have also been used as a foundation for drone decision-
making. However, a significant limitation of these methods
is the challenge of representing human expertise through
formal mathematical rules. Nowadays, as the demand
for drones to became more autonomous and intelligent
increased, reinforcement learning has emerged as a prom-
ising machine learning approach, providing new solutions
for autonomous decision-making and behavior optimization
in UAVs.

Reinforcement Learning (RL) is a method that enables an
intelligent agent to learn optimal strategies through con-
tinuous interaction with its environment [13]. In RL, an UAV
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(Agent) obtains the environmental state [14] through var-
ious onboard sensors and performs actions (Actions) based
on the environmental state (State). It then receives feed-
back (Reward) from the environment, thereby learning how
to maximize cumulative rewards over the long term [15].
This learning approach has inherent advantages in the UAV
domain because UAVs need to continuously interact with
the environment and make adaptive decisions based on
environmental changes while performing tasks [16].

In the review of decision-making for drones based on
reinforcement learning, reference [17] outlines the appli-
cation of artificial intelligence methods to the path planning
problem for drone swarms, categorizing them into four
main types: reinforcement learning, evolutionary compu-
tation, swarm intelligence and graph neural networks.
However, the discussion of reinforcement learning is lim-
ited to the aspect of path planning. The authors of [18]
focused on the formation problem of drone swarms, with
similarly limited exploration of reinforcement learning
applications. The authors of [19] primarily introduced the
use of various drone simulators under reinforcement
learning frameworks, with a stronger emphasis on the de-
sign of simulators and simulation environments. Reference
[20] provides an overview of reinforcement learning con-
trol in fixed-wing drones, highlighting aspects such as atti-
tude control, course control, swarming and landing glide.
However, these pertain only to basic functionalities and lack
coverage of more complex task scenarios.

Unlike the aforementioned literature, this paper not only
encompasses the techniques discussed in those works but
also delves into the fundamental nature of decision-making.
It systematically transitions from simple, single-task sce-
narios to complex, multi-task environments, providing a
comprehensive and systematic overview of various rein-
forcement learning algorithms applied in different UAV tasks.

2. Fundamentals of Reinforcement Learning
and Decision-Making for UAVs

Regardless of the form of the reinforcement learning algo-
rithm, its fundamental theoretical framework can be
explained using the Markov Decision Process (MDP) [21].
The MDP process can be represented in the form of the
following five-tuple:

ðS;A;R;T; �Þ ð1Þ
In the MDP framework, S represents the set of envi-

ronmental states that the agent can be in, describing the
agent’s situation at a given time; A represents the set of
actions that the agent can take, defining all possible actions
the agent can execute; R denotes the reward provided by
the environment, which is the feedback or reward signal the
agent receives after interacting with the environment, with
the reward magnitude typically related to the agent’s goal;
T is the state transition function, representing the proba-
bility distribution of the agent transitioning from state st to
state stþ1 after taking action at , describing the impact of the
agent’s behavior on the environmental state; and � is the
discount factor, typically taking values between 0 and 1,
which serves to reduce the influence of future rewards,
emphasizing the importance of current rewards and pre-
venting the agent from focusing too much on long-term
rewards at the expense of short-term ones [22]. Through
repeated interactions, the agent can continuously acquire
new states and receive rewards to learn and update its
model [23], as illustrated in Fig. 2.

The sequence of actions taken by the agent from the
initial state to the terminal state constitutes an episode. The
goal of MDP is to learn an optimal policy that maximizes the
cumulative reward over the entire episode. In other words,
MDP aims to find a policy that maximizes the expected sum
of reward obtained by the agent from the initial state to the
terminal state:

Gt ¼ E
X1
k¼0

� kRtþkþ1

" #
: ð2Þ

Fig. 2. Fundamental framework of reinforcement learning.

Fig. 1. UAV use case.

268 J. Fu & F. Yang

February 2, 2026 5:53:29pm WSPC/284-US 2630001 ISSN: 2301-3850



Gt represents the total reward, E denotes the expectation
and R represents the immediate reward after each action.
To achieve reward maximization, two primary categories of
reinforcement learning methodologies are commonly
employed [24]: value-based reinforcement learning meth-
ods [25–30], which estimate action-value functions [22, 31,
32] and policy-based reinforcement learning approaches
[33–38], which directly optimize policy parameters.

In the modeling of UAV control based on Markov pro-
cesses, we summarize the state space, action space and
reward settings according to the literature. The state space
may include: the UAV’s position, velocity, orientation and
ammunition information; the enemy’s position, velocity, and
orientation; the distance between the UAV and the enemy;
and the target location information. To reduce computa-
tional complexity, the action space is often discretized, such
as dividing the UAVs movement directions into different
angles, acceleration actions, deceleration actions, and so on.
In various tasks, the reward design for UAVs typically
includes: a high reward for completing the target objective;
rewards for avoiding obstacles or enemies during flight;
negative rewards (i.e. penalties) for each step taken or time
spent; and negative rewards for energy consumption or
ammunition usage [39–45].

When applying reinforcement learning methods to UAV
decision-making, the classical exploration-exploitation di-
lemma is inevitable. Since UAVs cannot obtain complete
environmental information during actual mission execution,
we encourage them to perform diverse actions to receive
different reward feedback, thereby avoiding local optima.
However, UAVs cannot take an infinite number of actions;
they need to reasonably balance exploration and exploita-
tion to maximize rewards. The ratio of exploration to ex-
ploitation can be determined using various strategies such
as �-greedy, Upper Confidence Bound (UCB), and Gradient
Bandit algorithms.

To further enhance UAV decision-making capabilities,
researchers have integrated neural networks with rein-
forcement learning methodologies in this domain, known as
Deep Reinforcement Learning (DRL). For instance, during
UAV navigation, environmental state images can be ac-
quired through a monocular camera, processed by con-
volutional neural networks (CNNs), and subsequently
utilized within a reinforcement learning framework to
output optimal actions while maximizing discounted
returns [46].

3. Applications of Reinforcement Learning in UAV

Different reinforcement learning algorithms have been
employed to address various UAV mission challenges.

Currently, civilian UAV applications primarily include
inspection and surveillance, agricultural operations, mete-
orological data collection, exploration and mapping. In
military contexts, UAVs are mainly utilized for reconnais-
sance, strike missions, swarm operations and communica-
tion relays. Regardless of whether UAVs are used for
civilian or military purposes, whether operating individu-
ally or as part of a swarm, obstacle avoidance, and path
planning remain fundamental tasks. The remaining tasks
are categorized in this paper into collaborative cooperation
and adversarial decision-making, as illustrated in Fig. 3.

3.1. UAV obstacle avoidance and path planning

3.1.1. Obstacle avoidance

The obstacle avoidance capability of UAVs is a fundamental
guarantee for their safe flight in executing all tasks. This can
be achieved by leveraging various onboard sensors such as
cameras and radar [47]. The data provided by these devices
are crucial for training reinforcement learning algorithms,
which in turn enables neural network models to learn how
to effectively identify and avoid obstacles in complex spatial
environments.

The research by ZHAO et al. highlights the potential of
Reinforcement Learning (RL) in UAV missions. They
designed a UAV obstacle avoidance method based on the Q-
learning algorithm, which allows the UAV to interact with
the environment and effectively evade obstacles during
flight, thus enhancing safety [48]. Aleksandra Faust pro-
posed an RL strategy based on minimum residual oscilla-
tion trajectories, ensuring that autonomous aerial cargo
UAVs can navigate quickly and safely in environments with
static obstacles [49]. Combining deep neural networks with
reinforcement learning, such as the Deep Q-learning algo-
rithm, has also been used to explore optimal strategies for
UAV obstacle avoidance [50]. Besides using specific obstacle
coordinate information as input data for obstacle avoidance
simulation tests, image information during UAV navigation
can also serve as environmental states for DRL methods. Ou
et al. [51] proposed a novel learning-based framework for
achieving autonomous obstacle avoidance in monocular
vision-based quadrotor UAVs. This framework employs a
two-stage architecture, comprising a perception module

Fig. 3. Task relationship graph.
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and a decision-making module. The perception module
extracts depth information from onboard camera images
using an unsupervised learning approach, which serves as
input to the decision-making module. The decision-making
module leverages Dueling Double Deep Recurrent Q-learn-
ing (D3RQN) to mitigate the limitations of the onboard
monocular camera’s observational capabilities and select
practical obstacle avoidance actions. In addition to depth
information images serving as inputs for reinforcement
learning algorithms, other image modalities, such as RGB
images and event-based imaging types, are also employed.
Ma et al. [52] designed a saliency detection algorithm using
a deep CNN to extract monocular visual cues. This algo-
rithm mimics the human visual detection system, accurately
estimating the position of obstacles within the field of view
(FOV). It then combines with RL-based action selection,
enabling UAVs to learn to avoid obstacles during flight.
AlMahamid et al. [53] asserted that RGB images lack depth
information, impeding the accurate assessment of the dis-
tance between the UAV and surrounding objects, which can
lead to unstable flight maneuvers. Depth information is
crucial for constructing an effective reward function that
penalizes UAV behaviors that bring it excessively close to
obstacles. Consequently, some approaches employ both
RGB images and depth maps as inputs to provide richer
environmental information. In contrast, event-based images
present brightness changes as one-dimensional temporal
sequences. Although they do not include RGB channels,
event-based images can efficiently capture rapid changes
within a scene and are more storage-efficient compared to
traditional 2D images.

These different types of image data outputs reflect the
state of the UAV at various time points, and this state in-
formation is fed as input data into an RL agent. The RL
agent makes decisions based on this input data to control
the UAV’s flight actions, thereby avoiding obstacles. The
design of the RL agent’s neural network structure depends
on several key factors: first, the type of input data; second,
the quantity of input data; and finally, the chosen algorithm.
For instance, when using the DQN algorithm to process RGB
images or depth maps, CNNs are typically employed to
extract features, followed by fully connected layers for
further processing. This is due to the excellent performance
of CNNs in image processing. For event-based image data,
spiking neural networks (SNNs) are utilized. This network
structure is particularly suited for handling spatiotemporal
data and can recognize spatiotemporal patterns within
it [54].

In swarm mode, the obstacle avoidance problem for
UAVs is more complex than that for a single UAV. It involves
a higher-dimensional state space and action space, neces-
sitating full consideration of the coordination between
UAVs. Niu et al. [55] proposed a multi-strategy evolutionary

algorithm based on an improved Artificial Ecosystem
Optimizer and reinforcement learning (MEAEO-RL) to ad-
dress the collaborative path planning challenges for multi-
ple UCAVs in complex environments. This algorithm is
designed to generate optimal candidate paths for each
UCAV, ensuring that they can concurrently reach their
destinations while accounting for temporal variables and
obstacle avoidance. By constructing a brain-inspired learn-
ing framework and integrating swarm intelligence with
human cognitive mechanisms, the intelligence of the swarm
agents is significantly enhanced. Furthermore, the study
implemented a multi-strategy database to replace the tra-
ditional single update method of the Artificial Ecosystem
Optimizer (AEO) during the consumption phase. By utilizing
the cumulative experience from reinforcement learning to
select effective update strategies during this phase, the
algorithm’s computational complexity is reduced. Path
planning simulation experiments conducted in a series of
complex three-dimensional environments demonstrated
that the algorithm excels in robustness, improved conver-
gence accuracy, and the ability to plan cooperative paths for
multiple UCAVs while adhering to various constraints.

Similarly, avoiding dynamic obstacles has always been a
challenging problem. While numerous path planning algo-
rithms have been proposed to help UAVs find effective
paths between the source and the destination, these algo-
rithms often fall short in addressing the issue of dynamic
obstacles. To tackle this challenge, Sonny et al. [56] intro-
duced a Q-learning-based algorithm that not only handles
static obstacles but also adapts to dynamically changing
environments, thereby achieving effective avoidance of dy-
namic obstacles. They incorporated a shortest-distance
priority strategy to minimize the distance the UAV needs to
travel to reach the target. Additionally, the proposed Q-
learning algorithm employed a grid-based method to solve
the path planning problem and maximized the reward by
learning from the behavior of agents in the environment.
Through comparative results, this method demonstrated
improved performance in learning and path length com-
pared to advanced path planning methods such as A*,
Dijkstra and SARSA algorithms. This highlights that UAV
obstacle avoidance and path planning are inseparable
issues; path planning is not merely about determining a
path from the start to the end but also ensuring safety and
efficiency during the flight.

3.1.2. Path planning

UAV path planning can be categorized into global path
planning and local path planning. Global path planning
involves devising routes based on pre-existing environ-
mental information to navigate around obstacles within the
environment. In contrast, local path planning relies on the
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UAVs onboard sensors to perceive information in the
immediate vicinity, enabling real-time route adjustments.
Path planning for UAVs is typically conducted within
two-dimensional or three-dimensional spatial frameworks,
as illustrated in Fig. 4.

Path planning can be addressed using various techni-
ques and algorithms. In this work, we focus on reinforce-
ment learning technologies for solving both global and local
path planning problems. In this approach, the reinforce-
ment learning agent receives information from the envi-
ronment and outputs the optimal path points based on a
reward function.

Zhang et al. proposed a geometric reinforcement learn-
ing method for UAV path planning learning. This method
uses a reward matrix to represent the optimal path from
the current point to the target point, with the reward matrix
updated based on geometric distance and risk information
[57]. The Q-learning algorithm, as one of the classic rein-
forcement learning algorithms, is also an effective approach
for solving UAV path planning problems. For instance,
Tianze Zhang et al. divided the quadrotor UAVs actions into
forward, backward, left, right and hover, establishing a
corresponding Q-table to explore the maximum reward, i.e.
the optimal path, in a grid map simulation environment
[58]. Jones, Djahel and Welsh introduced an innovative
method called Multiple Q-table Path Planning (MQTPP),
specifically designed for UAV path planning in urban
environments. Compared to traditional Q-learning algo-
rithms, MQTPP adaptively re-plans paths within a single
learning stage, significantly enhancing computational effi-
ciency during flight while nearly achieving optimal path
planning results [59]. In addressing the path planning
problem for UAV swarms in obstacle-laden environments,
Puente-Castro et al. [60] proposed a Q-learning-based

system that leverages artificial neural networks (ANN) for
self-adjustment, optimizing the path by learning from both
failures and successes. The study demonstrated that as the
number of UAVs increases, the system is capable of
achieving fewer actions across maps of varying sizes. Fur-
thermore, it was shown that employing a two-layer ANN to
implement the Q-learning algorithm is sufficient to operate
in maps with obstacles, thereby providing an effective so-
lution for the autonomous control of UAV swarms. Wang
et al. [61] addressed the problem of time-constrained path
planning for UAV operations in complex unknown envir-
onments by introducing an Improved Exploration Mecha-
nism (IEM). The IEM combines Prioritized Experience
Replay (PER) and curiosity-driven exploration to enhance
sampling efficiency and encourage exploration, thereby
overcoming local optimum issues in sparse reward envir-
onments. However, increased exploration raises computa-
tional complexity. In addition to value-based methods,
policy-based methods are also quite effective. Silvirianti
et al. [62] proposed Quantum-Based Deep Deterministic
Policy Gradient (Q-DDPG) and Quantum-Based Recurrent
DDPG (Q-RDDPG) schemes for time-series optimization in
UAV communications. This research leverages quantum
models to reduce computational complexity and training
loss, particularly optimizing action selection within contin-
uous state and action spaces. The Q-DDPG and Q-RDDPG
approaches exhibited superior performance in trajectory
optimization and dynamic resource allocation for UAV
communications, achieving higher rewards and lower
training losses compared to traditional DDPG methods.

In exploring the auxiliary role of UAVs in smart cities and
the Internet of Things (IoT), Xi et al. proposed a lightweight
real-time path planning method based on reinforcement
learning, known as the Adaptive Soft Actor-Critic (ASAC)

(a) Two-Dimensional Space (b) Three-Dimensional Space

Fig. 4. Various spatial simulation environments.
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algorithm. This approach significantly enhances the UAVs
path planning capabilities in complex urban environments
by optimizing the training process, network architecture,
and algorithm model [63].

In the field of real-time path planning, Lee et al. [64]
proposed a novel UAV control approach based on Goal-
Conditioned Reinforcement Learning (GCRL). This method
enhances the flexibility of UAV agents in performing diverse
tasks by training them to be guided by subgoals. Compared
to traditional path planning methods, this algorithm enables
UAVs to receive user-defined subgoals in real-time in un-
known environments and execute complex maneuvers such
as high-altitude flight, low-altitude flight, penetration, and
avoidance. Experimental results show that UAV agents,
even pre-trained in simple environments, are capable of
completing challenging tasks in various complex scenarios,
demonstrating the potential applicability of this approach
across different environments.

With the foundational capabilities of obstacle avoidance
and path planning ensured, UAVs can adapt to more com-
plex task requirements. The following discussion will cat-
egorize tasks into two types: cooperative collaboration and
adversarial decision-making.

3.2. UAV collaborative cooperation

In recent years, significant advancements have been made
in the study of cooperative collaboration among UAV
swarms. By integrating multiple UAV systems, these
swarms can perform tasks that are more complex and di-
verse than those a single UAV can handle. Cooperative
collaboration in UAV swarms involves multiple UAVs op-
erating as a unified system, communicating and coordinat-
ing with each other to achieve specific tasks or goals. This
collaborative approach shows tremendous potential for
applications in various fields, including military operations,
search and rescue missions, environmental monitoring and
agricultural spraying.

The key technologies for cooperative collaboration
among UAVs include the following:

(i) Communication Protocols: Ensuring effective commu-
nication between UAVs and the ground control station.

(ii) Path Planning: Designing optimal paths for each UAV
to avoid collisions and overlap.

(iii) Task Allocation: Assigning tasks rationally based on
the UAVs’ capabilities and mission requirements.

(iv) Cooperative Control Algorithms: Facilitating coordi-
nated actions and decision-making among UAVs.

Peng et al. considered a communication system between a
UAV swarm and a base station, which is interfered with
by multiple interference sources. They proposed a

multi-dimensional anti-interference reinforcement learning
algorithm that incorporates energy constraints and tunes
antenna beams, effectively improving decision-making and
enhancing overall UAV communication quality [65]. Xu et al.
used the DQN algorithm to address the UAV formation
control problem under group communication constraints.
Their trained model can complete target waypoint searches
while maintaining general communication quality within
the group [66]. Zhao et al. [67] explored the optimization of
task offloading in UAV-assisted mobile edge computing
environments using multi-agent deep reinforcement learn-
ing (MADRL). They proposed a cooperative MADRL frame-
work and specifically designed the Twin Delayed Deep
Deterministic Policy Gradient (TD3) algorithm to address
the challenges posed by high-dimensional continuous action
spaces. This work not only takes into account the limited
computational and energy capacities of UAVs but also
optimizes UAV trajectories, computational task allocation,
and communication resource management to minimize the
total execution delay and energy consumption. Through
simulation results, they demonstrated that the proposed
multi-UAV multi-edge cloud task offloading method out-
performs other optimization approaches in terms of
performance.

Liu and Bai [68] proposed an intent communication-
based cooperative traffic monitoring method for multiple
UAVs. This approach utilizes multi-agent reinforcement
learning (MARL) neural networks to generate intent infor-
mation and optimizes flight control and task allocation
strategies by incorporating intent data from other UAVs.
The method effectively enhances the collaboration between
UAVs when managing large numbers of random traffic
monitoring tasks, significantly improving vehicle navigation
accuracy and achieving a more balanced workload distri-
bution in autonomous vehicles. Therefore, it is evident that
utilizing reinforcement learning methods is an effective
approach to solving homogeneous UAV cooperative tasks.
UAV swarm operations have made significant contributions
across various tasks.

In certain missions, different types of UAVs are often
required to handle various functional modules, making the
cooperative operation of heterogeneous UAVs a hot topic in
the UAV field. Zhan et al. conducted an in-depth study on
UAV swarms in complex multi-agent collaboration scenar-
ios by proposing a Multi-Agent Proximal Policy Optimiza-
tion (MAPPO) algorithm within the Ray framework. This
research achieved effective collaboration among heteroge-
neous UAVs by incorporating global information in the
Critic network and using local information in the Actor
network. Furthermore, the use of curriculum learning for
phased training enhanced the algorithm’s generalization
performance. Experimental results in a Unity3D collabora-
tive combat environment demonstrated that the MAPPO
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algorithm, upon convergence, completed target tasks with
the fewest steps and achieved the highest average cumu-
lative reward compared to other algorithms, showcasing
exceptional performance [69].

The size of a UAV swarm directly affects the complexity
of task planning, with large-scale UAV clusters facing the
problem of dimensionality explosion. Zuo et al. [70] pro-
posed a fast and robust algorithm that combines the Simple
Attention Model (SAM) with Dynamic Information Rein-
forcement Learning (DIRL) to address the task planning
challenges for large-scale UAV clusters. Dai et al. [71] in-
troduced a UAV deployment and resource allocation
method based on Multi-Agent Cooperative Environment
Learning (MACEL), aimed at optimizing the dynamic
positioning and resource allocation in UAV communication
networks through a distributed architecture. This
method leverages the DQN algorithm, enabling each
UAV to act as an independent agent that learns the
mapping from partially observed state information to po-
sitioning and resource selection decisions. However, this
approach lacks the ability to make decisions based on global
information.

3.3. UAV adversarial decision-making

With the rapid advancement of manufacturing and artificial
intelligence technologies, UAVs have made significant
strides not only in the civilian sector but also in modern
aerial combat due to their superior performance. This aligns
with the other category of tasks discussed in this article:
adversarial decision-making.

Intelligent decision-making technology is essential for
UAVs to perform various tasks — such as reconnaissance,
early warning, and electronic warfare — while maintaining
high survival rates [72–75]. As shown in Table 1, numerous

related projects have been initiated worldwide over the
past two decades [76].

In academia, numerous scholars have extensively
researched UAV adversarial decision-making, recognizing
the superiority of reinforcement learning-based maneu-
vering decisions. Chen et al. [77] designed and developed an
autonomous UAV maneuvering decision-making human-
machine air combat system based on a deep Q-learning
network. This air combat system has been validated to ef-
fectively simulate real air combat, confirming the effec-
tiveness of autonomous UAV maneuvering decisions.
Vlahov et al. [78] used the A3C algorithm to train one-on-
one UAV air combat strategies and transitioned the learned
strategies from simulation to real-world flight testing,
demonstrating that the application of reinforcement learn-
ing in UAV adversarial decision-making is not limited to
simulations. Li et al. proposed a UAV air combat decision-
making method based on parallel self-play reinforcement
learning, enhancing the autonomous decision-making
capabilities of UAVs in one-on-one air combat. This study
established an air combat model, defined missile attack
zones, and employed the Soft-Actor-Critic (SAC) algorithm
to construct the decision model, achieving maneuvering
processes. Additionally, the study analyzed the stability of
the closed-loop air combat decision system controlled by
neural networks using the Lyapunov function and verified
through simulation results the effectiveness of the proposed
algorithm in improving the generalization performance of
UAV control decisions [79]. Zhang et al. [80] developed a
multi-UAV cooperative air combat decision-making model
based on multi-agent reinforcement learning. They
employed bidirectional recurrent neural networks to enable
effective communication between UAVs and integrated
target allocation and situational assessment to generate
cooperative tactical maneuver strategies. These strategies
guide UAVs to achieve an overall situational advantage and

Table 1. Important air combat projects in the last two decades.

Country or region Time Content

France 2003 The “Horizon” Program aims to develop unmanned combat drone prototypes to ensure battlefield
dominance and defense requirements.

Russia 2010 The “National Weapons Program 2011–2020” plans the development of UAV systems and forces.
USA 2016 The “Gremlin” Program aims to explore technologies such as aerial launch and recovery of small drone

swarms, low-cost airframe design and complex digital flight control systems to develop new combat
methods.

USA 2017 The OFFSET Program aims to achieve breakthroughs in the operational capabilities of autonomous drone
swarm systems by combining existing autonomous swarms with new manned-unmanned teaming
technologies.

USA 2019 The Air Combat Evolution project aims to develop intelligent air combat algorithms to achieve cooperative
operations between MAVs and UAVs.

USA 2020 The AlphaDogfight Program aims to test AI algorithms for air combat and to realize joint operational
capabilities between MAV and UAV.
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effectively defeat opponents. This work provides new per-
spectives and methodological guidance for autonomous air
combat decision-making in high-tech local warfare. Jiang
et al. [81] designed a multi-agent transformer network
structure to leverage the homogeneity of UAV state infor-
mation for the structured processing of complex situational
data. Specifically, they utilized a self-attention mechanism
to calculate each UAV’s local situational information, in-
corporating virtual objects to assist in computing the
weight distribution of local situations. This approach results
in a more effective global situational representation, pro-
viding a more accurate foundation for maneuver decision-
making in short-range air combat scenarios involving UAV
swarms.

Besides focusing on situational information as the basis
for maneuvering decisions, Wang et al. [82] proposed an
enhanced multi-UAV air combat decision-making method
based on hierarchical reinforcement learning from the
perspective of action types. By designing a hierarchical
decision network based on tactical action types, they sim-
plified the complexity of the maneuvering decision space
and improved the number of valuable experiences by
decomposing high-quality combat experiences obtained
during training, thereby reducing the complexity of strategy
learning. Experimental results using the advanced UAV
simulation platform JSBSim showed that the proposed
method demonstrated superior performance in both bal-
anced and disadvantageous air combat environments
compared to various baseline algorithms.

In adversarial decision-making, implementing preemp-
tive strategies often yield significant results. Liu et al. [75]
studied adversarial games in air combat environments with
multiple UAVs and proposed a novel Graph Attention Multi-
Agent Soft Actor-Critic Reinforcement Learning and Target
Prediction Network (GA-MASAC-TP Net) to address multi-
UAV adversarial issues. This method enhances graph at-
tention neural networks and group target prediction net-
works, enabling each agent to learn how to handle
teammate information and predict the future trajectories of
targets, thereby improving its strategies during adversarial
processes. The research results indicate that compared to
traditional multi-agent reinforcement learning methods,
GA-MASAC-TP Net shows higher mission success rates and
lower health losses in simulated environments, effectively
forming an efficient multi-UAV adversarial strategy [83].

4. Challenges of Reinforcement Learning in UAV
Decision-Making

In the development of autonomous decision-making for
UAVs, several challenges have emerged. This paper outlines

two of the most significant issues: the challenge of estab-
lishing accurate UAV motion models, and the inherent
challenges of reinforcement learning in training and preci-
sion control.

4.1. Establishing UAV motion models

Establishing a motion model for UAV is a complex process
involving several technical challenges, primarily including
the following aspects:

Dynamic Complexity: The motion of UAVs is influenced
by multiple factors such as airflow, wind, gravity and in-
ertia. The interaction of these factors results in highly
complex dynamic behavior.

Nonlinear Characteristics: The equations governing UAV
motion are typically nonlinear, posing significant challenges
for modeling and control. Nonlinear systems can exhibit
unpredictable behavior, necessitating advanced mathemat-
ical tools and techniques for effective handling.

Dimensionality Issue: UAVs move in three-dimensional
space, requiring consideration of multiple degrees of free-
dom such as roll, pitch and yaw. This increases the com-
plexity of modeling. Additionally, the motion models of
fixed-wing UAVs and multi-rotor UAVs differ significantly,
as shown in Figs. 5 and 6.

Model Validation and Testing: The developed motion
model needs to be validated through experiments, which
may involve flight testing. This process can be costly and
carries inherent risks.

Safety and Robustness: The UAV motion model must be
capable of handling unexpected situations and model
uncertainties to ensure flight safety and system robustness.

Fig. 5. Fixed-wing UAV dynamics model.
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Özbek et al. [84] and Din et al. [85] proposed the Har-
fang3D Dog-Fight Sandbox, a semi-realistic flight simulation
environment that comprehensively considers various fac-
tors to simulate UAV dynamics, environmental states and
aerodynamics. This environment allows users to customize
different task scenarios, including one-on-one dogfights and
multi-UAV adversarial engagements. By using DRL techni-
ques, an intelligent decision-making system was established
to train the agents.

Bøhn et al. [86] utilized DRL agents to interact with
controlled systems capable of handling complex nonlinear
dynamics, exploring optimal control laws. This enabled at-
titude control of fixed-wing aircraft operating on original
nonlinear dynamics, and the trained controller models were
deployed and tested on real UAVs.

When solving the dimensionality issues of UAV motion
models, the action space of UAVs is typically divided into
discrete and continuous action spaces. Some researchers
(e.g. Hu et al. [87, 88]; Yang et al. [89]; Wu et al. [90]; Wang
et al. [91]) have developed intelligent maneuver decision
models based on DRL and constructed corresponding ma-
neuver libraries, providing UAVs with a variety of maneuver
options. These models employ the DQN algorithm and uti-
lize discretized maneuver actions to help UAVs obtain ef-
fective strategies in close or long-range combat, either to
defeat opponents or evade attacks. Specifically, Hu et al.
[87] adopted 15 discrete typical maneuver actions to re-
place the continuous action space of UAVs, and experi-
mental results confirmed the effectiveness of this method in
simulating UAV spatial movements and achieving intelligent
decision-making. To address the mismatch between dis-
crete maneuvers and the continuous maneuvers of real
fighter jets, other researchers (e.g. Yue et al. [92]; Li et al.
[93]; Zhang et al. [94]; Yang et al. [95]; Yoo et al. [96])
began using continuous control inputs to replace discrete

actions such as climbing and left turns. They applied algo-
rithms such as DDPG and PPO, enabling UAVs to learn and
make intelligent decisions in dynamic environments. Li
et al. [93] developed a UAV dynamics model that considers
continuous control variables and designed an intelligent
decision-making framework based on different aerial com-
bat intents, such as attack, evade, pursuit and energy con-
servation. Experimental results show that under the
guidance of MAV intent, the intelligence level of UAVs has
been enhanced.

4.2. Reward function design

RL is a machine learning method that allows agents to learn
how to make decisions through interactions with the envi-
ronment. In reinforcement learning, the reward function is
one of the core components, defining the immediate
reward an agent receives when performing an action or
reaching a state. The design of the reward function is crucial
to the learning performance of the agent [97, 98]. Below are
some key points to consider when designing a reward
function:

Define clear objectives: The reward function should ex-
plicitly reflect the agent’s ultimate goal. For instance, if the
goal is for the agent to complete a task as quickly as pos-
sible, the reward function should incentivize swift actions.

Immediate and long-term rewards: When designing the
reward function, it’s important to balance immediate
rewards with long-term rewards. Immediate rewards can
rapidly guide the agent’s actions, while long-term rewards
assist the agent in learning deeper strategies.

Sparse versus dense rewards: Sparse rewards mean the
agent only receives rewards upon reaching specific goals,
whereas dense rewards provide feedback at every step or
state. Sparse rewards can reduce computational overhead
but may slow down the learning process, while dense
rewards can speed up learning but might require more
complex strategies to avoid local optima.

Positive versus negative feedback: The reward function
can be positive (i.e. encouraging certain behaviors) or
negative (i.e. punishing certain behaviors). In design, it’s
important to consider how to guide the agent’s behavior
through positive and negative feedback.

Exploration versus exploitation: The reward function
should encourage the agent to strike a balance between
exploring new actions and exploiting known effective
behaviors. This can be achieved by designing the reward
function, for example, by increasing rewards for exploratory
behaviors.

Multi-task learning: If the agent is required to accom-
plish multiple tasks simultaneously, the reward function
may need to be designed as multi-dimensional to reflect the
relative importance of each task.

Fig. 6. Multi-rotor UAV dynamics model.
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Safety and constraints: In some applications, such as
autonomous driving or robotic operations, the reward
function may need to include safety constraints to ensure
the agent’s behavior does not violate safety rules.

Timeliness of feedback: Rewards should be given to the
agent as quickly as possible to enable faster learning.

Interpretability: In certain applications, the design of the
reward function should account for interpretability so that
humans can understand and verify the agent’s behavior.

The design of a reward function is a process that
requires customization based on the specific application
scenario and goals. In practical applications, the reward
function may need to be optimized through experimenta-
tion and adjustments to achieve the best learning outcomes.

Wang et al. [16] particularly emphasized the design of
the reward function, adopting a sparse reward scheme,
where the UAV is only rewarded upon successfully com-
pleting a navigation task. This approach simplifies the re-
ward mechanism but is only suitable for tasks with simple
objectives. Hou et al. studied the Subtask-Masked Curricu-
lum Learning for Reinforcement Learning (SubMas-RL)
method, specifically addressing the problem of UAV ma-
neuver decision-making in sparse reward tasks. They con-
structed a sparse reward structure based on key events,
setting unique rewards for each situation. This design
avoids the difficulty of designing dense reward functions
due to insufficient expert experience [99].

Wu et al. [100] adopted a dense reward structure to
guide UAV decision-making. In their research, the reward
consisted of four components: a reward for quickly reaching
the destination, a constant negative reward for each UAV
action, a reward for encouraging safe exploration, and a
constraint reward based on the distance between the UAV
and obstacles. This reward design provides both long-term
goal rewards and immediate feedback for each action, while
also encouraging the agent to explore more of the space.

In designing the reward function for the joint optimiza-
tion problem concerning UAV trajectory and resource al-
location, Silvirianti et al. [101] not only considered the
UAVs flight trajectory, user grouping, and power allocation,
but also quantified the UAVs energy efficiency performance
using cumulative rewards, effectively making energy effi-
ciency an optimization objective to find the optimal UAV
operational strategy.

In the study by Jinsong Hu et al., they proposed the
Twin-Delayed Deep Deterministic Policy Gradient Aided
Covert Transmission Algorithm (TD3-CT), which introduces
a reward-shaping mechanism. This mechanism not only
considers the improvement of effective throughput but also
encourages the UAV to optimize its flight path and trans-
mission strategy while maintaining stealth [102]. Chansu-
parp and Jitkajornwanich, in their research, proposed the
Augmentative Backward Reward (ABR) [103], a design that

breaks through the limitations of traditional reward
mechanisms. Assigning rewards proportional to each tran-
sition’s contribution toward achieving the goal, mitigates
the bias that may be introduced by goal-oriented reward
mechanisms.

Li et al. [104] addressed the issue of insufficient hard
constraints during UAV path planning, which makes it dif-
ficult to ensure safety during the learning and execution
phases. They proposed the Shield-DDPG algorithm, where
the Shield acts as a protective mechanism to ensure that
the UAVs state trajectory satisfies a safety specification.
This method enhances the safety of reinforcement learning
in solving UAV decision-making problems.

5. Future Prospects

Based on the existing research foundation and technological
development trends, future research can further expand in
the following directions:

(i) Algorithm innovation and integration: Future research
may focus on developing new reinforcement learning
algorithms capable of better handling continuous ac-
tion spaces and high-dimensional state spaces. At the
same time, it will explore how to integrate current RL
algorithms with other machine learning techniques
(such as deep learning and imitation learning) to en-
hance decision-making efficiency and accuracy.

(ii) Real-time decision-making and responsiveness: The
application of reinforcement learning in UAV decision-
making will increasingly emphasize real-time perfor-
mance. Researchers will focus on optimizing algo-
rithms to reduce computational resource consumption
and enhance UAVs’ ability to respond quickly in dy-
namic environments.

(iii) Environmental awareness and learning: UAVs will re-
quire deeper environmental perception capabilities to
make better decisions. Future research may explore
how to leverage RL algorithms to enable UAVs to learn
environmental characteristics from experience and
utilize this knowledge for more accurate decision-
making.

(iv) Human-machine interaction: Future UAV systems will
place more emphasis on the human-machine interac-
tion experience. Reinforcement learning can be used to
develop UAVs capable of understanding and predicting
human intentions, thereby achieving more natural and
effective human-machine collaboration.

(v) Interpretability and transparency: With growing
demands for transparency and interpretability in al-
gorithmic decision-making, future research will ex-
plore ways to make RL algorithms’ decision-making
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processes more transparent, enabling users and regu-
latory bodies to understand and trust UAV decisions.

(vi) Hardware and software co-development: Advances in
hardware, such as more efficient computing chips and
more advanced sensors, will evolve in tandem with RL
algorithm development, enhancing the overall perfor-
mance of UAV decision-making systems.

6. Conclusion

This paper explores the application of reinforcement
learning in the field of UAV decision-making. Reinforcement
learning algorithms control UAVs to move in the target di-
rection by using agents to interact with the environment
states, and this method is expected to further enhance UAV
autonomy and intelligence. In this paper, we first review the
fundamental concepts and theories of reinforcement
learning; then, UAV tasks are classified into three catego-
ries: obstacle avoidance and path planning, cooperative
collaboration and adversarial decision-making. We pro-
gressively summarize the contributions of current
researchers, starting from basic functional tasks. Next, we
extract the key challenges and difficulties reinforcement
learning faces in UAV decision-making, along with proposed
solutions. Finally, we provide an outlook on future research
directions.
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