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Abstract

The rapid expansion of unmanned aerial vehicles (UAVs) across diverse application do-
mains has underscored the need for reliable autonomy in complex and dynamic environ-
ments. To advance toward this goal, in recent years, learning-based control strategies have
emerged as a promising alternative, offering adaptability and decision-making capabilities
beyond those of conventional model-based ones. Bearing this in mind, the proposed article
examines reinforcement learning methodologies for controlling UAVs, with particular
emphasis on commonly used virtual environments, benchmark tasks, and the challenges
of bridging the gap between simulation and real-world deployment. Therefore, key limi-
tations, including high computational demands, reliance on extensive training data, and
reduced robustness under environmental variability, are critically analyzed from a practical
implementation perspective. Rather than adopting an algorithm-centric viewpoint, this
work aggregates existing knowledge and categorizes learning-based approaches by their
level of control abstraction and their treatment of safety and stability, thereby identify-
ing the key factors limiting large-scale real-world deployment and the trends shaping
intelligent controllers.

Keywords: UAV control; reinforcement learning; sim-to-real transfer; deployment readiness

1. Introduction

Unmanned aerial vehicles (UAVs) have evolved from specialized technological plat-
forms into widely deployed systems across civil [1], commercial [2], and industrial sectors [3],
emerging as one of the most dynamic areas in contemporary aeronautics and autonomous
systems [4]. Such growth is underpinned by developments in wireless communications [5],
microelectronics [6], and, in particular, artificial intelligence [7]. Applications such as envi-
ronmental monitoring [8], precision agriculture [9], infrastructure inspection [10], emergency
response [11], and autonomous surveillance increasingly rely on UAVs that can operate safely
and efficiently in complex, dynamic environments [12]. Hence, as operational demands
continue to expand, ensuring reliable UAV control has become a primary research topic [13].

Conventional approaches, such as proportional-integral-derivative (PID) controllers [14],
linear quadratic regulators [15], and model predictive control (MPC) [16], have exhibited
strong performance under structured and predictable conditions [17]. However, reliance
on accurate system modeling and limited adaptability constrain their effectiveness in the
presence of nonlinear dynamics, environmental uncertainty, load variations, or tasks that
demand high-level decision-making [18]. These limitations have, in recent years, driven the
development of intelligent control techniques [19], namely methodologies that integrate
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machine learning [20], advanced machine learning [21], and deep learning (DL) [22], thereby
enabling aerial platforms to make decisions and adapt their behavior autonomously. These
advancements marked a shift in control frameworks from manual and semi-automatic
operation toward fully autonomous systems driven by onboard decision-making.

In contrast to traditional model-based methods, reinforcement learning (RL) allows
an agent to learn control policies through direct interaction with the environment, opti-
mizing performance based on cumulative reward signals rather than predefined rules.
More specifically, via a trial-and-error mechanism, an intelligent platform incrementally
refines its behavior by optimizing a function aligned with mission objectives. Furthermore,
when integrated with DL approaches [23], such methods significantly enhance a UAV’s
capacity to process high-dimensional sensory data from visual cameras, light detection and
ranging (LiDAR), and inertial measurement units, thereby enabling perception capabilities
comparable to those of human operators [24]. Therefore, through these mechanisms, au-
tonomous navigation can dynamically adapt to environmental changes, thus highlighting
the important role of intelligent control in complex operational scenarios [25]. Nevertheless,
despite their advantages, several crucial challenges remain that impede the widespread
deployment of DRL controllers [26]. These encompass the substantial computational cost
associated with training large-scale models, the extensive data requirements induced by
repeated trial-and-error interactions, the limited generalization across varying environmen-
tal conditions, and the difficulty of transferring policies learned in simulation to physical
platforms, commonly referred to as the sim-to-real gap [27].

In this context, prior studies have extensively investigated UAV control pipelines,
largely concentrating on specific tasks, such as multi-agent coordination [28] or autonomous
navigation [29], offering detailed algorithmic analyses while largely overlooking real-world
deployment. On the contrary, our article directly addresses the aforementioned gap by
adopting a structured analytical framework that organizes learning-based approaches
along three practically relevant dimensions: (i) control abstraction, (ii) sim-to-real readiness,
and (iii) the incorporation of safety and stability considerations. Viewed through this lens,
the proposed study moves beyond a purely algorithm-centric perspective, i.e., study-by-
study comparison or quantitative meta-analysis of learning-based approaches for UAV
control, allowing for a clearer differentiation between methods predominantly confined to
simulation and those exhibiting partial readiness for real-world deployment.

The remainder of the paper is organized as follows. Section 2 presents the problem
formulation and outlines the elements of the Markov decision process (MDP) typically
used in RL approaches [30]. Section 3 reviews applicable methods, with emphasis on value-
based techniques, policy-based approaches, and continuous-action actor—critic algorithms.
Next, Section 4 compares learning- and traditional-based pipelines while highlighting the
detected key challenges. Finally, Section 5 summarizes the main conclusions and provides
future research directions.

2. Problem Formulation

UAVs constitute an inherently challenging control problem, stemming from their non-
linear dynamics [31], underactuated structure [32], and heightened sensitivity to external
disturbances, including wind, turbulence, and sensor noise [33]. While maintaining stable
flight under such uncertainties is nontrivial, the challenge becomes significantly more
pronounced in autonomous missions [34], where the platform is required to simultaneously
ensure stability [35], perform obstacle avoidance [36], and achieve mission objectives with-
out human intervention [37]. These requirements can be broadly classified into four task
categories [38]: attitude stabilization [39], position and trajectory tracking [40], collision-free
navigation [41], and high-level mission planning [32].
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2.1. Control Framework

This task is further complicated by the tightly coupled dynamics of a six-degree-
of-freedom system [42]. Each control objective entails distinct requirements in terms of
perception [43], control accuracy [44], and decision-making [45]. Meeting these require-
ments necessitates a comprehensive understanding of both low-level physical control
mechanisms and high-level autonomous decision-making processes, each introducing its
own set of challenges.

2.2. Markovian Decision Process for UAV Control

A rigorous formulation of state and action representations is fundamental to learning-
based controllers. RL methodologies are commonly formalized as MDPs, characterized
by the tuple (S, A, P, r, 7). In this framework , S denotes the state space, encompassing all
potential UAV configurations, and A denotes the action space, e.g., motor thrusts. The term
P(s¢11]st, at) defines the state transition probability, which controls the system’s dynamics
using physics equations. The reward function R(s;, a;) offers a scalar feedback signal
that indicates the quality of an action, and the discount factor ¢ € [0, 1) establishes the
significance of future benefits in relation to immediate ones.

However, in practical scenarios, the agent seldom has direct access to the actual system
state s¢ [46], as perception is mediated by noisy, incomplete sensor measurements [47]. As
a result, the control process is more accurately described within the framework of partially
observable MDP [48], defined by (S, A, P,R,Q), O, ). Under this formulation, the state
S corresponds to an observation-based representation derived from sequences of sensor
readings, typically processed by temporal feature-extraction architectures to recover latent
state information [42]. Here, () represents the observation space (the raw sensor data),
and O(o¢|s+1,a¢) is the observation function, which models the probability of perceiving
observation o; given the true state. This way, the agent can select the corresponding action
based on the perceived environment [29].

It is further noted that existing control architectures are commonly categorized into
low- and high-level controllers [23]. The former ones are typically responsible for generating
thrust commands or attitude setpoints that directly influence motor actuation, whereas
the latter ones produce waypoints or velocity references [47]. Within this hierarchy, the
agent’s role is to map control objectives, such as desired roll, pitch, yaw rate, or thrust, into
appropriate motor commands that maintain stable flight [48]. Toward this goal, the learning
process is driven by a reward signal, defined as a scalar feedback received when the agent
executes an action a; that induces a transition from state s; to state sy, 1. This reward
function is designed to encode task-specific objectives and guide policy optimization [49].
Accordingly, the control objective is commonly expressed as the maximization of the
expected cumulative return [50], a formulation that provides a concise and widely adopted
abstraction for sequential decision-making [51].

2.3. Constraints in Controlling UAV

Controlling autonomous aerial agents is subject to a range of physical [2], operational [18],
and safety constraints [23] that must be satisfied throughout both the training and deploy-
ment phases [17]. Physical constraints arise from inherent system characteristics, including
underactuation [31], actuator saturation [52], and limited onboard energy resources [23],
which collectively bound the magnitude and temporal characteristics of feasible control
inputs [52]. Safety constraints are equally fundamental, encompassing collision avoidance
requirements [36], adherence to stable flight envelopes [35], and the prevention of unsafe state
transitions during exploration [53]. Within DRL-based frameworks, these directly impact
the definition of admissible action spaces [54], the formulation of reward functions [26],
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and the adoption of conservative policies or explicit safety-filtering mechanisms [53]. Col-
lectively, they establish the operational limits within which UAVs must operate, driving the
development of learning-based controllers that achieve stability [32], efficiency [55], and
robustness under sim-to-real transfer [27].

Two main strategies are commonly adopted to incorporate constraints into DRL
formulations. A first approach relies on soft restrictions implemented through reward
shaping, where penalty terms are added to the original reward function to discourage
constraint violations [56]. The resulting composite objective balances task performance
and constraint satisfaction but does not guarantee safety [56]. A second class of methods
enforces complex restrictions through safety layers or constrained MDPs, often leveraging
Lagrangian relaxation to maximize expected return while bounding expected cost below a
predefined threshold [43].

2.4. Simulation Environments

Simulation environments constitute a fundamental component in the development
and evaluation of learning-based UAV control systems, as they directly impact sensor
realism, communication interfaces, and experimental scalability [28]. Commonly adopted
platforms, including Gazebo [19], AirSim [55], CoppeliaSim [43], and FlightGear [48],
exhibit substantial differences in licensing models, sensor fidelity, middleware integration,
and support for multi-UAV scenarios [23]. Open-source simulators with native robot
operating system (ROS) support are frequently favored for research prototyping, while
commercial or hybrid solutions often provide superior visualization and high-fidelity
modeling capabilities [23]. As a result, simulator selection plays a pivotal role not only in
training efficiency but also in determining the viability of sim-to-real transfer [28].

Table 1 provides a qualitative overview of simulation environments commonly re-
ported in UAV control studies [45]. Due to its extensive sensor library and native integration
with ROS, Gazebo is commonly regarded as a standard platform for hardware-in-the-loop
(HITL) testing [48]. AirSim, although computationally demanding and less suited to large-
scale multi-agent training, offers high-fidelity photorealistic rendering that is particularly
advantageous for perception-driven DRL policies [29]. In parallel, specialized simulators,
such as Flightmare, emphasize high-speed rendering to enable the simultaneous training
of UAV swarms [28], whereas CoppeliaSim combines a flexible dual-license model with
mature physics engines [23].

Table 1. Overview of commonly used simulation environments for learning-based UAV control,
detailing licensing, sensor capabilities, and integration features.

Simulator License Sensor Support ROS Integration Multi-UAV
Gazebo [23] Open-source Yes (Extensive) Native Yes
AirSim [55] Open-source Yes (Vision-based) Yes Limited
CoppeliaSim [23] Free/Commercial Yes (All types) Yes Yes
FlightGear [48] Open-source Limited Partial Limited
Flightmare [28] Open-source RGB/Depth Yes Yes (Swarm)

3. Learning-Based Approaches for UAV Control

RL algorithms are broadly categorized into model-based and model-free approaches [30].
The latter are frequently preferred in UAV control due to the complexity of aerodynamic
interactions, even when the former employ learned dynamics models for planning [2].
Within the model-free paradigm, pipelines are commonly further classified into policy-
based strategies, which directly optimize the control policy, and value-based methods,
which learn a value function from which a policy is derived. Modern continuous-control
applications predominantly rely on actor—critic architectures, a hybrid policy optimization
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framework in which a critic (value function) is used to reduce the variance of the actor’s
policy gradient updates [31]. To provide a structured overview of the algorithmic landscape,
Table 2 summarizes the key characteristics, typical applications, and trade-offs of the
following value- and policy-based techniques, as well as actor—critic algorithms [7,26,57].

Table 2. Summary of representative reinforcement learning algorithms for UAV control, their typical
applications, advantages, and main limitations derived from a synthesis of empirical findings reported
in prior UAV control studies [7,26,57].

Algorithm Category Typical UAV Tasks Main Advantages/Limitations
Adv.:  Stable on-policy up-
Basic navigation, simple way- dates; integrates exploration
SARSA Value-based . . ! into value estimation. Lim.:
point reaching Discrete actions; unsuitable for
continuous flight dynamics.
Adv.: Off-policy; converges to
. . . optimal value. Lim.: Requires
Q-Learning Value-based GllTlf(.:l-gasgd palth pla.rcllmng, st d}i)scretization; poor scglabil-
plified obstacle avoidance ity to high-dimensional state
spaces.
Continuous maneuvering, sim- Adv.: Naturally supports con-
REINFORCE  Policy-based le traiectory trackin. g tinuous actions. Lim.: High
ple tra) y 8 variance; sample inefficient.
Adv.: Handles continuous ac-
Attitude control, continuous tions; replay buffer improves
DDPG Actor—Critic (off-policy)  thrust/torque regulation, pre- data efficiency. Lim.: Sensitive
cision maneuvering to hyperparameters; unstable
without careful tuning.
Navigation, collision avoid- I?lfs‘:'ir\llefgnSt-aI?éle‘i;(}))r?ifrs\,’crﬁ_
PPO Actor—Critic (on-policy)  ance, take-off/landing, visu- Lim.: R 'S 1 )
ally guided tasks m: .equhlres many samples
(on-policy); slower training.
Adv.: Entropy maximization
Robust control under uncer- improves exploration and ro-
SAC Actor—Critic (off-policy)  tainty, complex dynamic envi- bustness. Lim.: Computation-
ronments ally heavier; tuning entropy
temperature is nontrivial.
Adv.: CTDE reduces non-
stationarity; supports continu-
. Formation control, cooperative  ous multi-agent actions. Lim.:
MADDPG Multi-agent R tracking, swarm Coordli:)nation Scalability c%allenges; requires
joint state/action information
during training.
Adv.: Stable joint training; de-
Distributed planning, mapless centralized execution possible.
MA-PPO Multi-agent RL ¢ Lim.: On-policy—slower data

cooperative navigation . A
P & collection; communication as-

sumptions may be required.

3.1. Value-Based Methods

Early learning-based approaches predominantly relied on value-based methods, in
which an agent learns a state—action value function that estimates the expected return
of executing a given action in a given state. Classical algorithms such as SARSA and
Q-learning established the theoretical foundations by evaluating the utility of state-action
pairs using tabular representations [23]. However, these methods inherently assume
discrete state and action spaces, which renders them impractical for high-dimensional
problems [58]. Most UAV applications require smooth and continuous inputs, including
thrust modulation, attitude regulation, and fine-grained motor-level actuation, which
cannot be effectively captured by discrete-action representations. Consequently, while
value-based approaches remain suitable for high-level decision-making and simplified
planning tasks, their applicability to low-level flight control and complex autonomous
navigation is severely limited [15]. These constraints have driven the transition toward
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policy-gradient and actor—critic methods, which natively support continuous control and
enable end-to-end learning of UAV behaviors [48].

The Deep Q-Network (DQN) represents a key advancement [19], as it enables agents
to process high-dimensional sensory inputs that were previously intractable for conven-
tional value-based methods by approximating the Q-value function using deep neural
networks [34]. To enhance learning stability, DQN introduces two fundamental mech-
anisms: target networks, which provide slowly varying update targets, and experience
replay, which stores and randomly samples past interactions to mitigate correlations in the
training data and smooth changes in the data distribution [19]. Despite being restricted to
discrete action spaces, standard DQN has demonstrated effectiveness in high-level UAV
decision-making tasks, particularly in complex environments where discrete planning and
action selection are sufficient.

As noted above, value-based techniques have primarily been applied to high-level
tasks with discrete decision spaces, but they exhibit significant limitations in low-level
flight control. Discretization of inherently continuous action spaces can lead to unstable
flight trajectories, actuator saturation, and mechanical chattering [47]. More generally, such
approaches are ill-suited for precise maneuvering, as the resulting lack of smooth control
signals increases energy consumption and can induce aerodynamic instability.

3.2. Policy-Based Methods and Actor—Critic Architectures

In contrast to value-based strategies, policy-based methods directly optimize the
policy parameters by ascending the gradient of the expected return [48]. These approaches
use a parameterized policy 71p(a | s) that maps system states to probability distributions
over actions. This formulation naturally accommodates continuous action spaces and
adaptive behavior, making policy-gradient methods particularly well-suited for UAV
control tasks that require smooth signals under dynamic, uncertain conditions. This section
reviews the evolution of policy-based techniques, distinguishing between pure policy-
gradient frameworks, which provide unbiased but high-variance updates, and actor—critic
architectures, which incorporate value function estimates to stabilize learning and improve
data efficiency.

3.2.1. Policy Gradient

A representative example is REINFORCE [59], which updates its parameters using
Monte Carlo estimates of the cumulative return [30]. Despite its conceptual simplicity, this
approach exhibits high gradient variance, leading to unstable learning dynamics and slow
convergence. These limitations are further amplified in UAV control applications, where
tasks are typically long-horizon, system dynamics are highly nonlinear, and exploration is
safety-critical. As a result, practical implementations often rely on extensive reward shaping
and variance-reduction techniques to achieve stable, effective training performance.

A key advantage of policy-based methods lies in their inherent support for continuous
control, enabling end-to-end learning of commands such as thrust modulation, attitude reg-
ulation, and velocity setpoints [51]. Furthermore, the stochastic nature of policy-gradient
formulations provides a principled mechanism for exploration, which is essential in envi-
ronments affected by sensor noise, external disturbances [50], or partial observability [48].
Despite these advantages, pure policy-gradient strategies remain sample-inefficient and
highly sensitive to hyperparameter selection [60]. Their reliance on Monte Carlo return es-
timates can lead to unstable or inconsistent performance, particularly in high-dimensional
observation spaces encountered in vision-based UAV control.
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3.2.2. Actor—Critic Architectures

To address the aforementioned limitations, actor—critic frameworks combine elements
of both value- and policy-based RL by jointly training two coupled networks: an actor that
generates control actions, and a critic that evaluates them through value function estimation
to guide learning updates. This hybrid structure reduces the variance inherent in pure policy-
gradient updates while improving sample efficiency, thereby making actor—critic algorithms
among the most widely adopted approaches in continuous, high-dimensional settings.

DDPG (deep deterministic policy gradient) is a deterministic actor—critic algorithm
in which the latter approximates a state-action value function, while the former pro-
duces continuous outputs, such as thrust commands or attitude adjustments [17]. The
approach integrates experience replay, target networks, and temporally delayed updates
to enhance learning stability. Exploration is facilitated by injecting stochastic noise, com-
monly modeled as Ornstein—-Uhlenbeck processes [61], enabling compelling exploration
in continuous-action spaces. Owing to these characteristics, DDPG is well-suited to fine-
grained UAV tasks, including attitude stabilization [17] and regulation [48], as well as
precision maneuvering [42].

Similarly, proximal policy optimization (PPO) is an on-policy actor—critic approach that
employs a clipped surrogate objective to restrict update magnitudes and limit excessive
deviations between successive iterations [48]. This mechanism substantially enhances
training stability and robustness, particularly in long-horizon UAV control tasks [62].
Within this framework, the critic provides state-value estimates, while parameter updates
are guided by advantage signals that incorporate temporal-difference information [48].
PPO has demonstrated strong performance in navigation, obstacle avoidance, and take-off
and landing scenarios, as well as in hybrid operational settings where UAVs must operate
reliably under dynamic disturbances or partial observability.

In contrast, soft actor—critic (SAC) extends this type of technique by introducing
an entropy-regularized objective that explicitly promotes stochastic action selection [63],
thereby improving exploration efficiency and training stability [19]. By jointly optimiz-
ing expected return and policy entropy, SAC produces smoother control behavior and
enhanced robustness to model uncertainty. Its off-policy formulation and improved sample
efficiency make it well-suited for training in photorealistic simulation environments and
for applications subject to strict safety constraints or limited energy budgets.

In cooperative UAV missions [22,24,28], actor—critic methods have been extended to
multi-agent settings through frameworks such as multi-agent DDPG (MADDPG) and vari-
ants of PPO designed for centralized training with decentralized execution [24,28]. These
approaches address the non-stationarity inherent in multi-agent learning by conditioning the
critic on joint state or action information during training, while enabling each agent to operate
independently at execution time. Such architectures support effective swarm coordination,
collision avoidance, and efficient area coverage with limited communication requirements.

3.3. Deep Reinforcement Learning for Continuous Control

DRL combines function approximation with continuous-action learning, enabling the
synthesis of nonlinear control laws directly from high-dimensional state representations.
In practice, actor—critic algorithms constitute the predominant approaches for continuous
UAV control, as they offer a balanced trade-off between representational expressiveness
and training stability [42]. Despite these advantages, it remains highly sensitive to reward
formulation, hyperparameter selection, and modeling assumptions, with performance
often deteriorating under environmental uncertainty or domain shift [24]. Consequently,
although DRL facilitates control behaviors that are difficult to achieve using classical
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methods alone, its practical deployment continues to depend strongly on simulation fidelity
and the integration of hybrid control architectures [26,48,62].

3.4. Multi-Agent and Cooperative Reinforcement Learning

Many UAV applications require coordinated behavior among multiple platforms [28],
including formation control [64], coordinated exploration [65], area coverage [66], and
decentralized obstacle avoidance [67]. Such tasks introduce additional complexity, as each
agent must learn in the presence of other adaptive agents, leading to a non-stationary
learning environment. Multi-agent RL (MARL) addresses these challenges by facilitat-
ing coordinated decision-making while explicitly accounting for inter-agent interactions,
communication constraints, and shared mission objectives [22].

Within this cooperative setting, centralized training with decentralized execution
(CTDE) has emerged as a dominant paradigm in MARL [28]. During training, a central-
ized evaluator has access to global observations or joint state-action information, thereby
stabilizing learning through collective assessment of agent behavior. At deployment, each
UAV operates solely on local observations, preserving autonomy and robustness under
communication constraints.

Building on this principle, MADDPG extends deterministic actor—critic formulations
to multi-agent scenarios by conditioning the value estimator on the joint state-action
space [28]. This allows agents to learn policies that respond to their teammates’ and
opponents’ behaviors while still producing continuous control commands. In practical UAV
applications, MADDPG has been employed for formation maintenance, cooperative target
tracking, and distributed swarm control, where smooth coordination is required under
dynamically changing environmental conditions [24,68,69]. Related actor—critic variants
further improve scalability through shared reward structures, communication graphs, or
attention mechanisms. In parallel, on-policy MARL approaches, such as multi-agent PPO,
extend the stability properties of PPO to cooperative UAV domains [70]. The clipped
surrogate objective limits destabilizing updates during joint training, while decentralized
execution allows each UAV to operate independently after deployment. Collectively, these
methods have demonstrated strong potential in multi-agent navigation, distributed path
planning, and collaborative obstacle avoidance, particularly in environments characterized
by uncertainty or partial observability [71].

In practical deployments, the choice of a MARL architecture is closely linked to
the available communication infrastructure and latency constraints. Although a detailed
analysis of communication protocols lies outside the scope of this survey, addressing
system-level factors that are often abstracted away in simulation is essential for bridging
the gap between algorithmic development and deployment readiness. Two such factors are
particularly critical.

First, communication architecture imposes strict limitations on coordination in real-
world environments. Unlike simulated settings that assume instantaneous access to global
state information, deployed UAV swarms must operate under severe range and bandwidth
constraints and, consequently, limited observability. This has motivated a shift away from
transmitting raw sensory data toward the design of efficient communication strategies, in
which agents learn what information to share and when to broadcast it.

Second, coordination and team-level objectives extend beyond mere stabilization.
Agents must balance global mission goals with individual safety considerations, a require-
ment that places strong demands on reward design. Poorly specified objectives can lead to
undesirable behaviors, such as inactive or self-serving agents that undermine collective
performance. Careful reward formulation is therefore necessary to promote cooperative
behavior while preventing actions that jeopardize overall mission success.
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3.5. Perception-Driven Reinforcement Learning

Perception-driven pipelines enable UAVs to generate control actions directly from
high-dimensional sensory inputs, most commonly images, depth maps, or LIDAR measure-
ments, by tightly integrating deep perception models with policy learning [26,36,43]. This
paradigm removes the need for explicit mapping or hand-crafted feature extraction and has
demonstrated strong performance in visually guided navigation, obstacle avoidance, and
autonomous landing tasks, particularly within simulation-based environments [29,34,72].
End-to-end DRL architectures, as illustrated in Figure 1, have been shown to effectively
capture nonlinear visual control policies by directly mapping raw sensory observations to
continuous flight commands [42,73].

e Continuous control

‘ y
oy actions
-

Deep Neural Network
(Nonlinear Policy)

High-dimensional

sensor data

Figure 1. Architecture of an end-to-end deep reinforcement learning agent for UAV control. The
system processes high-dimensional raw sensor data (e.g., RGB images) through a deep neural network
to directly output continuous control actions.

Certain architectural choices play a critical role in the successful deployment of
perception-driven control systems. Owing to their computational efficiency on embedded
hardware and strong spatial inductive bias, convolutional neural networks remain the
predominant choice for feature extraction in UAV applications [43]. Although more recent
architectures, such as Vision Transformers (ViTs), offer improved global context modeling,
they typically incur substantially higher computational costs. In safety-critical UAV con-
trol, inference latency constitutes a key concern, as instability may arise if the perception
module’s forward pass exceeds the allowable control period. To mitigate this limitation,
recent research has focused on lightweight perception models [74], including optimized
variants of YOLO architectures (e.g., TakuNet [75]), which aim to balance representational
capacity with real-time execution constraints.

However, perception-driven policies are particularly susceptible to domain shift, as
variations in illumination, surface textures, sensor noise, or camera calibration can lead to
pronounced performance degradation when transferring from simulation to real-world
environments [76]. Empirical studies consistently report substantial drops in the perfor-
mance of vision-based DRL controllers under environmental conditions not encountered
during training, underscoring their limited robustness in safety-critical applications [77].

Thus, while perception-driven RL significantly enhances UAV autonomy in unstruc-
tured environments, its practical deployment is constrained by challenges of sim-to-real
generalization. Addressing these limitations typically requires adopting domain random-
ization strategies, sensor fusion techniques, or hybrid control architectures to ensure reliable
and safe operation in real-world settings [78].

3.6. Training Considerations

Training RL policies for UAV control remains computationally intensive due to sam-
ple inefficiency, high-dimensional state representations, and stringent safety constraints.
Continuous-control tasks typically require millions of interaction steps to achieve conver-
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gence, rendering direct real-world training impractical and necessitating extensive reliance
on simulation environments [54,79]. Off-policy algorithms such as DDPG and SAC par-
tially mitigate this challenge through experience replay, whereas on-policy methods like
PPO generally require significantly larger data volumes owing to their reliance on freshly
collected trajectories [48].

Effective exploration further complicates the training process, as unstructured explo-
ration can induce unsafe behaviors or unstable flight, particularly in cluttered or highly dy-
namic environments [29,53]. Consequently, techniques such as reward shaping, constrained
optimization objectives, and safety-filtering mechanisms are commonly adopted to limit
unsafe actions during training [55]. Sparse reward formulations are often insufficient in
this context, making careful reward engineering a critical component of successful learning.
Dense reward structures that incorporate weighted penalty terms aligned with soft con-
straints as discussed in Section 1. However, overly harsh penalties can lead to excessively
conservative behavior. To balance exploration and safety, curriculum learning strategies
are frequently used, gradually increasing task complexity as training progresses [28]. In
addition, safety layers are increasingly integrated directly into the training loop to intercept
and suppress hazardous exploratory actions before they are executed in the simulator.

Despite continued improvements in simulation fidelity, discrepancies between sim-
ulated and real-world dynamics, sensor characteristics, and environmental conditions
remain a significant barrier to practical deployment [27]. Policies trained exclusively in
simulation often exhibit significant performance degradation when faced with real-world
variations in illumination, sensor noise, or aerodynamic disturbances. Techniques such as
domain randomization and the use of high-fidelity simulators partially alleviate this issue
by exposing agents to a broader range of operating conditions during training, thereby
enhancing robustness and generalization [72,80]. Nevertheless, reliable real-world deploy-
ment frequently necessitates additional fine-tuning using limited real-flight data or the
adoption of hybrid control architectures that integrate learning-based policies with classical
control loops in order to maintain stability and ensure safety [17].

4. Comparison and Discussion

The analysis presented in Section 3 highlights clear contrasts among learning-based
control approaches for UAVs. While value-based methods offer favorable sample efficiency
for discrete, high-level decision-making tasks, the continuous control requirements im-
posed by the dynamics of aerial vehicles necessitate the use of actor—critic frameworks.
However, strong performance in simulation does not directly translate to deployment
readiness. Instead, factors such as safety constraints, data inefficiency, and the persis-
tent sim-to-real gap in sensor and dynamics modeling constitute the primary obstacles to
real-world operation.

Within this context, this section provides a critical synthesis of the examined tech-
niques, focusing on their practical maturity across diverse deployment conditions. First, the
advantages of learning-based strategies are contrasted with those of traditional controllers.
This is followed by an assessment of the fundamental limitations that continue to constrain
learning-based solutions. Finally, the applicability of different algorithmic classes across
distinct UAV operational domains is discussed. To complement this qualitative analysis,
Table 3 summarizes the practical readiness of widely adopted RL approaches, with empha-
sis on continuous control capability, demonstrated sim-to-real transfer, and safety-related
considerations. Collectively, this comparison indicates that only a limited subset of existing
methods has exhibited partial readiness for real-world UAV deployment.
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Table 3. Summary of representative DRL algorithms in UAV control, highlighting typical application
scopes and notable studies demonstrating sim-to-real transfer and constraint handling. Note that
performance attributes are study-specific rather than inherent to the algorithm.

Algorithm Typical Application Key Advantages Sim-to-Real Examples Safety/Constraints
Scope Approach
High-level Path Planning, = Sample efficiency in . Penalty-based reward
DQN/Double DQN Discrete Action Spaces discrete domains [66,81] (Sim-only focus) shaping [58]
Low-level Att}tude Continuous control, Validated in flight tests for ~ Actuator limits, Safety
DDPG Control, Continuous A R . X
Th deterministic policy gain tuning [17] layers [47]
rust
- . . Demonstrated in .
PPO Enc.l-to-End Navigation, Sta.blhlty (clipped fixed-wing attitude Reward shapmg for
Attitude Control objective), Robustness obstacle avoidance [48]
control [51,62]
SAC Agile Maneuvering, Max entropy exploration,  Field experiments for Entropy regularization for
Energy-Efficient Flight Sample efficiency attitude control [82] robustness [82]
MADDPG Swarm Formation, Centralized Training, Mostly Simulation Collision avoidance
Cooperative Tracking Decentralized Execution (Morphing wings) [68,69] rewards [69]
MAPPO Dynamic Target Search, On-policy stability for Simulation-based (Target Potential-field fusion
Large-Scale Swarms multi-agent settings Search) [70,71] rewards [71]

Note: This table categorizes algorithms based on their predominant use cases in the reviewed literature. Sim-to-
Real and Safety capabilities refer to specific successful implementations cited and do not guarantee performance
in all scenarios.

4.1. Comparison with Traditional Controllers

As discussed in Section 2, traditional model-based control schemes remain the dom-
inant solutions for low-level UAV stabilization. Their computational efficiency, ease of
implementation, and, most importantly, the availability of formal stability guarantees
under nominal operating conditions underpin their continued prevalence in practical
systems [17]. For fundamental tasks such as hovering or trajectory tracking, a well-tuned
PID controller often outperforms learning-based alternatives in terms of steady-state ac-
curacy and predictability. Nevertheless, despite their effectiveness in nominal regimes,
fixed-gain controllers exhibit limited adaptability in highly dynamic scenarios, such as
aggressive maneuvers, abrupt payload changes, or actuator degradations, where nonlinear-
ities and unmodeled effects become pronounced, compromising stability. In such cases,
robust and adaptive control strategies can partially address modeled uncertainties, but
their performance remains constrained by the fidelity of the underlying system model.

DRL offers a complementary, data-driven alternative by enabling control policies to
adapt through interaction with the system, without relying on explicit analytical models.
Through this interaction, these types of agents can implicitly realize gain-scheduling behav-
ior, adjusting control actions across a wide range of operating conditions. A key advantage
of these techniques over classical PID control is their ability to accommodate unmodeled
dynamics and structural variations. For instance, PPO-based controllers have been shown
to preserve stable flight under structural changes that would require extensive retuning in
conventional control frameworks. Similarly, prior work has demonstrated the use of DRL
to optimize PID parameters for autonomous landing on moving platforms, highlighting
the potential of learning-based adaptation to surpass manual tuning procedures [47].

Despite these advantages, the flexibility of such controllers comes at a high cost.
Learned policies typically operate as black-box function approximators, offering limited in-
terpretability and lacking the formal safety and stability guarantees that underpin classical
control theory [19]. Consequently, even though DRL methods exhibit strong performance
in complex and uncertain environments, they are generally regarded as complementary
components that augment traditional architectures rather than as direct replacements.
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4.2. Real-World Learning vs. Sim-to-Real Transfer

A distinct line of research explores direct real-world learning, in which control policies
are acquired exclusively through physical interaction with the environment. In contrast,
most existing studies adopt a sim-to-real paradigm to mitigate the risks of trial-and-error
learning on physical platforms. In principle, direct real-world training eliminates the so-
called reality gap introduced by modeling inaccuracies and simulator simplifications [43].
In practice, however, its applicability remains severely constrained by substantial logistical,
safety, and operational challenges.

Uncontrolled exploration in real flight conditions can have severe consequences, as
even a single erroneous action may result in catastrophic hardware failure. Moreover, the
limited battery endurance of aerial platforms poses a fundamental constraint, as DRL algo-
rithms typically require millions of interaction steps to converge, resulting in prohibitively
long flight times. As a result, direct real-world learning has so far been confined to a narrow
set of experimental conditions.

First, nano-UAV platforms are frequently employed, as their low mass and increased
robustness reduce the consequences of crashes and allow repeated physical interactions
during exploration with limited hardware damage [47]. Second, safe RL frameworks
have been introduced, incorporating mechanisms such as virtual safety cages, shielding
strategies, or human-in-the-loop safety pilots that intervene to override control commands
when imminent collisions or unsafe states are detected [48]. Third, real-world learning
is often restricted to simplified control objectives, where the dimensionality of the state
and action spaces is significantly reduced by focusing on low-level primitives, such as
attitude stabilization [15]. This reduction in task complexity lowers sample requirements,
making training feasible within the tight energy and endurance constraints of onboard
UAYV hardware.

4.3. Strengths and Weaknesses

The strengths and limitations discussed in this section arise largely independently of
specific UAV platforms or task formulations. Figure 2 provides a qualitative comparative
overview of representative RL algorithms, illustrating key trade-offs among sample effi-
ciency, training stability, and suitability for continuous UAV control. The comparison is
based on a synthesis of reported results from existing studies, rather than on a theoretically
grounded or quantitatively normalized evaluation framework [26,58,83]. The balanced
assessment highlights that DRL techniques exhibit distinct advantages and shortcomings
that must be carefully considered when designing aerial systems, particularly for operation
under uncertainty.

Value-based methods, such as DQN, are well suited to high-level decision-making
problems with discrete action spaces, for example, target selection or simplified planning.
However, they are ill-suited to low-level attitude control, where the continuous nature
of UAV dynamics demands smooth control signals. In the context of sim-to-real transfer,
on-policy approaches such as PPO are commonly preferred when robustness and training
stability are prioritized over raw sample efficiency, as their constrained update mechanisms
facilitate more predictable behavior and simpler tuning. In contrast, off-policy algorithms
including SAC and TD3 leverage experience reuse to achieve higher sample efficiency,
making them theoretically more attractive for onboard learning scenarios [34]. Moreover,
their capacity to generate smooth, continuous control commands is particularly beneficial
for reducing energy consumption and mitigating aerodynamic instabilities during flight.
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mm PPO (On-Policy) s DON (Value-Based) = DDPG (Off-Policy) = TD3 (Off-Policy) . SAC lOff-Poncy)]

Figure 2. Qualitative comparison of reinforcement learning algorithms (PPO, DQN, DDPG, TD3,
and SAC) for UAV control. This chart is based on a synthesis of empirical findings reported in the
literature and illustrates the trade-offs among sample efficiency, training stability, and suitability for
continuous flight control [26,58,83].

4.3.1. Strengths

End-to-end learning enables the direct mapping of raw sensory inputs to control
commands, eliminating the need for explicitly separated state-estimation and path-planning
modules and thereby reducing overall system latency [72]. Previous studies have shown
that UAVs can acquire stable flight behavior using image-based inputs alone, without
relying on explicit state estimation pipelines [73]. Beyond architectural simplicity, RL
policies are particularly effective at optimizing long-term performance objectives and
handling complex operational scenarios. In contrast, traditional control methods are
typically designed around local or short-horizon optimization criteria. By leveraging
function approximators, DRL frameworks can automatically extract task-relevant features
from high-dimensional sensory data using convolutional neural networks, recurrent neural
networks, and transformer-based architectures [43]. This representational capacity enables
unified neural controllers to manage heterogeneous system dynamics; for instance, learning-
based approaches have demonstrated the ability to handle mixed flight regimes in hybrid
UAV platforms without the need for explicit mode-switching logic [84].

4.3.2. Weaknesses

Despite the aforementioned advantages, most reported successes of RL-based con-
trollers are achieved under carefully designed training pipelines and highly controlled
experimental conditions. A primary limitation arises from generalization failures, which
occur when the distribution of real-world operating conditions deviates from those encoun-
tered during training. Policies learned in a specific environment may degrade significantly
or fail entirely when exposed to even minor environmental variations, posing serious
safety risks in real flight scenarios [27]. This vulnerability is particularly pronounced for
vision-based controllers, which are highly sensitive to changes in visual appearance and en-
vironmental conditions, potentially leading to catastrophic failures during deployment [77].

Sample inefficiency constitutes a further critical drawback. DRL methods require
millions of interaction steps to converge to a stable policy, resulting in substantial compu-
tational cost and extended training times [54]. Although algorithmic advances, such as
proximal policy optimization, partially alleviate this issue by improving training stability,
the overall computational burden remains considerable [59]. In addition, their perfor-
mance is highly sensitive to hyperparameter selection, including learning rates, reward
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weights, and exploration noise characteristics. Inappropriate parameter choices can lead
to unstable behavior or complete training failure, particularly under extreme operating
conditions [17,61]. Finally, the inherent lack of interpretability of neural-network-based
policies presents a major obstacle in safety-critical applications as these controllers act as
black-box approximators, making it difficult to predict, verify, or certify their behavior,
limiting their adoption in scenarios where transparency and formal safety guarantees are
required [31].

4.4. Applicability Across UAV Tasks

At the lowest level, maintaining aircraft stability and tracking angular velocity are the
primary goals. The technical issue lies in the control loop’s high-frequency characteristics
and the requirement for continuous action spaces. By optimizing a substitutive objective
function that limits policy updates, PPO enables consistent policy enhancement and avoids
harmful updates that could lead to catastrophic failure during flight training [15]. Beyond
standard stabilization, DRL offers a framework for managing complex or time-varying
dynamics. Moreover, a well-trained policy could sustain fixed-point flights even when
physical parameters are changed, demonstrating agents’ resilience to physical changes [48].
Alternatively, DRL serves as a high-level tuner, using algorithms such as DDPG to adjust
gains rather than completely replacing the PID loop [17].

Subsequently, in navigation tasks that require sequential decision-making under
uncertainty, learning-based approaches have shown impressive performance [45]. This
layer shifts the emphasis from stability to trajectory generation and spatial awareness. End-
to-end methods, which condense the conventional perception and mapping pipeline into
a single neural architecture, are the main advantage of DRL in this sector [72]. Moreover,
such frameworks are helpful for real-time autonomous aerial navigation, as they directly
map raw sensor input to control actions when paired with DL-based perception [78]. In
addition, it is vital to maintain a balance between efficiency and safety when navigating
in dynamic environments [29]. When obstacles move unpredictably, static path planners
frequently fail. On the contrary, DRL agents navigate high-density settings by anticipating
possible collisions through dynamic reward functions that learn to adjust their exploration
tactics in real-time [29]. Recent architectures combine fluid dynamical systems and long
short-term memory networks to address the specific kinematic constraints of UAVs [42].
This integration provides enhanced feasibility while enabling the generation of smooth,
6-DOF collision-free trajectories that respect the airframe’s physical limitations.

Lastly, at the highest level of autonomy, swarm intelligence poses a scaling problem
that centralized control techniques cannot handle due to computational constraints and
communication bandwidth limitations [22]. Swarm coordination and formation flights are
examples of cooperative tasks that showcase some of RL's most promising applications.
UAV teams can learn decentralized policies that coordinate actions based on shared or
partially shared observations, thanks to MARL frameworks. This is especially helpful
when coordination needs to adjust to difficult circumstances. On top of this, the swarm can
simultaneously optimize each agent’s formation geometry by employing algorithms such
as MADDPG [24]. Potential-field reward shaping is used by algorithms such as MAPPO in
cooperative scenarios to encourage coverage and avoid redundant exploration by multiple
agents [71].

4.5. Key Open Challenges

Despite the rapid progress in learning-based UAV control pipelines, several funda-
mental challenges continue to limit their real-world applicability. A primary bottleneck
arises from the high dimensionality of modern policies, which often rely on processing rich
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sensory inputs. Such architectures impose substantial computational and energy demands,
making real-time onboard inference challenging on resource-constrained flight controllers
while at the same time increasing latency during high-frequency control loops [2,75,85].
These constraints limit the deployment of complex DRL policies to platforms with suffi-
cient on-board compute or require aggressive model compression, which may degrade
control performance.

Another vital limitation concerns data efficiency and training scalability. Most al-
gorithms require extensive interaction with the environment to converge, particularly in
long navigation and cooperative multi-UAV tasks [29,54]. While simulation-based train-
ing mitigates safety risks, the reliance on large-scale simulated experience introduces a
strong dependency on simulator fidelity. Policies that achieve high performance in such
environments often fail to generalize when exposed to real-world disturbances, unmodeled
aerodynamics, or sensor imperfections [26,27]. This sim-to-real gap remains one of the
most persistent barriers to deployment, especially in safety-critical missions.

Robustness under environmental uncertainty represents an additional failure mode.
Vision-based DRL policies are particularly sensitive to changes in illumination, weather
conditions, and visual occlusions, leading to severe performance degradation or unsafe
behavior when operating outside the training distribution [77]. Experimental studies report
significant drops in perception accuracy and control reliability under adverse conditions,
underscoring the fragility of purely perception-driven control pipelines [50]. Although
domain randomization and sensor fusion improve robustness, they do not yet provide
formal guarantees on stability or constraint satisfaction.

Finally, the lack of interpretability and formal safety guarantees remains a major
barrier to certification and regulatory acceptance. As already mentioned, DRL policies
typically operate as black-box approximators, making it difficult to predict or verify their
behavior under rare or extreme conditions [31]. Unlike classical controllers, learning-
based approaches generally lack Lyapunov-based stability proofs or explicit constraint
enforcement mechanisms, limiting their adoption in certified UAV systems [19]. As a result,
current research increasingly favors hybrid architectures, where their policies augment
rather than replace traditional control loops, combining adaptive decision-making with
provable safety properties [23,50].

5. Conclusions

This article has examined learning-based approaches for UAV control, with an em-
phasis on their practical applicability and readiness for real-world deployment. Although
such controllers exhibit strong potential in handling nonlinear dynamics, continuous
control, and high-dimensional sensory inputs, their effectiveness remains highly task-
dependent and uneven across control layers. Actor—critic architectures, particularly PPO
and SAC, emerge as the most promising candidates for continuous low-level control
and navigation, whereas value-based and purely perception-driven methods are con-
fined mainly to simulation-based or simplified settings. Beyond algorithmic perfor-
mance alone, deployment readiness is primarily determined by factors such as sim-to-real
transferability, safety-aware operation, computational feasibility, and robustness under
environmental uncertainty.

Future Directions

Raw algorithmic performance is no longer the primary limiting factor for real-world
adoption. Instead, the absence of formal safety guarantees, the persistent sim-to-real gap
in sensor and dynamics modeling, and the vulnerability of end-to-end policies under
unmodeled disturbances continue to hinder widespread deployment. Bridging the gap
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between simulation-based success and reliable real-world operation requires a shift in
research focus toward the following directions:

e  Safe and Constraints: Training formulations must explicitly include hard safety con-
straints to ensure that exploratory actions respect physical flight envelopes and opera-
tional limits, enabling deployment beyond controlled laboratory settings.

*  Standardized Sim-to-Real Benchmarks: The field would benefit from consistent and
comparable evaluation frameworks. Future studies should prioritize HITL validation
and report deployment-relevant metrics, including energy efficiency, latency, and
communication robustness.

* Implementation of Hybrid and Residual Architectures: Integrating data-driven ap-
proaches with classical control remains a key objective. Residual learning frameworks,
in which learning-based components augment rather than replace traditional con-
trollers, offer a promising balance between adaptability and predictability. For instance,
learning mechanisms can be used to adaptively tune PID gains to compensate for
aerodynamic effects not captured by linear models.
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