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ARTICLE INFO ABSTRACT

Keywords: As applications of Unmanned Aerial Vehicles (UAVs) continue to expand across sectors such as logistics,
Unmanned Aerial Vehicles surveillance, and environmental monitoring, the development of safe and robust autonomous navigation
Al ' capabilities has become increasingly important. Mapless autonomous UAV navigation refers to a UAV’s ability
Mapless

to reach a designated destination along a collision-free and efficient path without human intervention and
without relying on a global map. Achieving this capability is particularly challenging in complex environments,
especially in cluttered spaces, in the presence of dynamic obstacles, or under wind disturbances. Deep
reinforcement learning (DRL) has emerged as one of the leading approaches for modeling UAVs as intelligent
agents that learn effective control policies through interaction with the environment. However, the performance
of these methods depends strongly on both the characteristics of the environment and the limitations of the
underlying algorithms. A deep understanding of algorithmic trade-offs is essential for selecting and tailoring the
appropriate RL framework to ensure safe, robust and efficient UAV navigation in complex environments. Within
this context, this study provides a structured overview of recent advances in state-of-the-art DRL approaches
for Mapless UAV navigation and reviews their application across various UAV-environment dynamics and
constraints. In addition, the review identifies key challenges in deploying DRL in highly complex environments.
It also outlines open research questions and proposes future research directions to advance this field.

Deep learning

1. Introduction

Unmanned Aerial Vehicles (UAVs) have experienced rapid growth
in recent years, driven by their operational flexibility and growing
applications across diverse domains, including package delivery, traffic
monitoring, environmental surveillance, and search and rescue [1].
This rapid growth in UAV applications is driven by inherent benefits
such as reduced operational costs, minimized human risk, and im-
proved efficiency, making them indispensable for modern robotics and
infrastructure development [1,2].

Autonomous UAV navigation refers to a UAV’s ability to carry out
tasks, such as flying between two points by using onboard sensors
or cameras to navigate, avoid obstacles, and determine paths without
human intervention [3,4]. This form of autonomy is part of the broader
category of Autonomous Systems (AS), which includes self-driving cars,
drones, and robots, all designed to operate efficiently while reducing
risks linked to human intervention [5,6]. Equipped with advanced
control algorithms and computing platforms, autonomous UAVs are
capable of making precise, real-time decisions in complex environments
that were once difficult to navigate. In practical applications, UAVs
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must operate safely in these environments to complete assigned tasks.
As a result, ensuring safe and efficient navigation has become a central
focus of research across various operational scenarios. By reducing the
need for constant human oversight, these systems enhance operational
speed and reliability while opening new opportunities for innovation,
ultimately contributing to safer and more sustainable advancements
across society [7].

UAVs face major challenges in achieving autonomous navigation,
especially in unknown environments. Traditional non-learning-based
methods, such as A* [8], Rapid-Exploring Random Tree (RRT) [9],
Artificial Potential Field (APF) [10], Hybrid A* [11], and Genetic
Algorithm [12], rely heavily on complete prior knowledge of the en-
vironment to plan feasible paths. Similarly, classic control techniques
like PID-based control [13], Sliding Mode Control (SMC) [14], Back-
stepping [15] and RISE [16] require precise system models and focus
primarily on short-term error minimization. These methods often fall
short in real-world scenarios due to environmental uncertainties, sensor
noise, imperfect actuation, state estimation errors, unmodeled dynam-
ics, and external disturbances. They also struggle to achieve optimal
long-term performance in complex UAV missions.
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Complex environments present more serious challenges to UAV
reliability and real-world deployment. In high-density areas like dense
forests or pedestrian zones, UAVs must detect and react to moving
obstacles in real time. These dynamic elements produce large vol-
umes of interactive data, making the training of end-to-end neural
networks considerably more difficult [17,18]. For instance, frequent
collisions with dynamic obstacles during early training stages lead to
many failed episodes and negative rewards, and consequently limit
positive experiences for learning effective navigation policies. Addition-
ally, wind disturbances add further complexity. These stochastic and
dynamic forces can cause significant deviations from intended flight
paths, reducing control accuracy, increasing energy consumption, and
compromising mission success [16,19]. Supervised learning (SL) ap-
proaches use deep learning to map sensor or camera inputs directly to
navigation commands [20-23]. These approaches rely on onboard de-
vices to gather environmental data and determine appropriate control
actions. While SL methods perform well in controlled environments,
their dependence on labeled datasets and limited adaptability to chang-
ing conditions reduce their effectiveness and robustness in dynamic
settings.

Deep Reinforcement Learning (DRL) [24], which combines Rein-
forcement Learning (RL) [25] with deep learning, has emerged as
a leading approach to address these challenges. RL agents are not
explicitly instructed regarding correct actions. Instead, they must ex-
plore their environment through trial and error to learn policies that
maximize long-term rewards [25]. This exploration-based approach
makes RL particularly well-suited to tasks characterized by uncertainty
or incomplete prior knowledge. Unlike traditional methods, DRL is
capable of end-to-end learning by mapping raw sensor observations
directly to actions, bypassing the need for accurate robot or sensor
models and mitigating uncertainties like sensor noise [26,27]. Typi-
cally, model-free DRL approaches are used due to their ability to learn
optimal policies without requiring prior knowledge of the environment.
These algorithms adapt effectively to environmental changes through
trial-and-error interactions [19,28]. Furthermore, many DRL methods
incorporate historical state observations to capture spatial-temporal
patterns, reducing oversimplification and enabling agents to more ef-
fectively and reliably predict and adapt to moving obstacles in complex
environments [19,29,30]. Compared to SL, DRL eliminates the need for
time-consuming labeled datasets, learning directly from environmental
feedback, which enhances its flexibility and robustness.

1.1. Scope and contribution

This survey aims to highlight major developments from the past
5-10 years, with a primary focus on contributions from the last five
years, while also incorporating key earlier approaches for complete-
ness. The research community has published numerous reviews and
surveys examining different challenges in UAV navigation. For ex-
ample, several comprehensive studies have investigated broader UAV
applications and system implementations [1,31]. Other surveys have
focused on the communication aspects of UAV wireless networks [2,
32]. RL or DRL approaches have been the sole focus of dedicated
reviews [28,33,34]. Surveys [3,35] on Al-based approaches in UAV
applications offer an overview of a wide range of machine learning
techniques, including methods for perception, planning, and control.
UAV control methodologies are illustrated and discussed in [36,37].
Path-planning algorithms specific to navigation have been discussed
in [38,39]. Surveys on general autonomous UAV navigation [7] present
holistic perspectives on UAV autonomous navigation systems. Addi-
tionally, studies focused on vision-based navigation [4,26,40] explore
camera-based approaches for obstacle detection and localization in en-
vironments where GPS is unavailable. Table 1 provides a comparative
analysis of recent related surveys including their research topic and
main focus.
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Despite the extensive body of literature, important gaps remain. To
the best of the authors’ knowledge, no dedicated survey exists focusing
specifically on the application of RL to UAV navigation in complex
environments. These environments pose unique real-time challenges,
including cluttered spaces, moving obstacles, and wind disturbances.
This paper addresses this gap by providing a comprehensive review of
RL algorithms designed for autonomous UAV navigation under such
conditions. To provide an overview of how existing studies address
these challenges, Fig. 1 summarizes DRL design patterns among the
studies reviewed in this work in terms of the composition of the base
DRL algorithms and the major design techniques identified across the
three environment categories. The contribution not only consolidates
fragmented knowledge but also provides guidance for future research
aimed at advancing UAV autonomy. More specifically, this work makes
the following key contributions:

- The survey introduces a structured classification of complex UAV
environments, providing insight into their specific operational
challenges.

- The survey provides a comprehensive overview of major DRL ap-
proaches for mapless UAV navigation in complex environments,
summarizing their core design choices and limitations.

- The survey outlines future research directions to effectively ad-
dress the challenges identified within this study.

1.2. Research questions and search strategy

This survey adopts a structured narrative review approach to exam-
ine recent developments in DRL for mapless UAV navigation in complex
environments. The objective is to identify representative and influ-
ential studies and synthesize the main methodological developments,
design choices, and remaining challenges. The review is guided by the
following research questions:

What DRL algorithms and learning frameworks have been applied

to mapless UAV navigation in complex environments?

How are DRL methods adapted to different environmental chal-

lenges, particularly cluttered spaces, dynamic obstacles, and wind

disturbances?

- What common techniques are used to improve perception, tem-
poral awareness, exploration, learning efficiency, safety, and ro-
bustness in these environments?

- What limitations remain in current approaches, particularly re-

garding realistic control, generalization, sensing uncertainty, and

real-world deployment?

The literature was identified through keyword-based searches of
major scholarly databases and search engines, including IEEE Xplore,
Scopus, ACM Digital Library, and Google Scholar, complemented by
backward and forward citation searches of relevant studies and existing
UAV navigation surveys. The search primarily focused on publications
from the most recent five years, while earlier studies were retained
when they introduced influential algorithms, problem formulations, or
techniques that remain important to subsequent research.

Search terms were formed by combining UAV-related keywords,
such as “UAV,” “drone,” “quadcopter,” and “unmanned aerial vehi-
cle,” with learning and navigation terms including “deep reinforce-
ment learning,” “reinforcement learning,” “autonomous navigation,”
“mapless navigation,” “obstacle avoidance,” and “local path planning.”
Environment-specific terms such as “cluttered environment,” “dynamic
obstacle,” “moving obstacle,” “wind disturbance,” and “uncertain en-
vironment” were also used. Additional searches used algorithm-specific
keywords, including DQN, DDPG, TD3, SAC, and PPO, to capture
relevant variants and methodological developments.

Studies were retained when DRL formed a central component of
UAV navigation, obstacle avoidance, motion planning, or disturbance-
aware control in complex environments. Works primarily concerned
with UAV communication, networking, task allocation, or purely global
map-based planning were outside the main scope of this survey.
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Fig. 1. DRL design patterns among the studies reviewed for different complex environments. (a) Composition of base DRL algorithms within the reviewed
studies. (b) Relative occurrence of major design strategies identified in the reviewed literature. Percentages are calculated within each environment category and
are intended to illustrate methodological patterns in the selected literature rather than field-wide prevalence.

1.3. Organization

This survey is organized as follows. Section 2 introduces the es-
sential background, including UAV fundamentals, a brief overview of
reinforcement learning (RL) and deep reinforcement learning (DRL),
and the core components of autonomous UAV navigation. Section 3
presents a detailed discussion of DRL for autonomous UAV navigation
in complex environments. It begins by describing UAV navigation
environments and then reviews the various conditions in which UAVs
operate, with particular attention to DRL-based adaptations for com-
plex scenarios. Section 4 summarizes the simulation environments and
performance metrics used to evaluate DRL methods. Section 5 discusses
current research challenges and highlights promising directions for
future work. Section 6 concludes the paper.

2. Background

This section provides a foundational overview of the background
to contextualize DRL approaches for autonomous unmanned aerial
vehicle (UAV) navigation in complex environments. The discussion
is organized into three main subsections: (1) Fundamentals of UAV
Types, Kinematics, and Dynamics (2) Reinforcement Learning and Deep
Reinforcement Learning and (3) UAV Navigation Environment.

2.1. Fundamentals of UAV types, kinematics, and dynamics

2.1.1. UAV types

The classification of UAV is commonly based on several criteria,
including control configuration, physical size, and levels of auton-
omy. These factors critically influence operational capabilities and the
integration of advanced navigation techniques, such as DRL.

In terms of control configuration, UAVs fall into four primary cate-
gories [7]:

- Fixed-wing UAVs, known for their high endurance and speed,
though limited by nonholonomic constraints that restrict maneu-
verability.

Rotary-wing UAVs, including single-rotor types (e.g., helicopters)
and multi-rotor platforms such as quadcopters, hexacopters, and
octocopters, which provide vertical take-off and landing (VTOL)
capabilities and agility in confined environments.

Hybrid VTOL-fixed-wing UAVs, which combine the advantages of
endurance and VTOL.

Bio-inspired flapping-wing UAVs, designed for stealth and effi-
ciency in constrained spaces.

Among these, quadcopters are the most widely used multi-rotor
UAVs in civilian domains due to their structural simplicity, cost-
effectiveness, and suitability for tasks such as aerial photography,
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Table 1
Comparison of UAV review papers.
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Refs. Research topic Year

Main focus

[31] Recent UAV Advances 2022

[1] Practical UAV Application 2023

[32] RL for Multi-UAV Networks 2023

UAV Communication and Control 2023

[2]

[28] RL for UAV Navigation 2022

[33] Deep RL for UAV Application 2021

[34] RL for UAV Systems 2025

[3] Al for UAV Navigation 2022

[35] ML for UAV Navigation 2024

[36] UAV Control 2022

[371 Quadrotor UAV Control 2023

[38] UAV Path Planning 2020

[39] UAV Path Planning with Complexity 2023

Consideration

[7] Autonomous UAVs navigation 2021

[26] Vision-Based Learning for UAV 2024

[4] Vision-Based UAV Navigation 2018

[40] Vision-Based UAV Navigation 2023

General advances in UAV structure, navigation, and applications;
recent developments in control systems and diverse uses such as
search and rescue missions

UAV practical aspects, applications, challenges, security issues, and
future trends in diverse fields

RL-based approaches for autonomous multi-UAV wireless networks
including effective operation in decision-making and multi-objective
optimization under diverse conditions

Communication and control advances in collaborative UAVs for
enhanced coordination and performance

RL approaches for autonomous UAV navigation; classification of
algorithms by environment and capabilities, and provides guidance
on algorithm selection

Deep reinforcement learning techniques for UAV guidance,
navigation, and control; focus on autonomy in civilian and military
applications; identifies current limitations and challenges for
real-world deployment

Comprehensive overview and summary of the application of RL in
different UAV scenarios based on the classification of RL methods

AI methods for UAV navigation, addressing advances and future
challenges in autonomy

Machine learning techniques for UAV navigation; focuses on

real-time applications and improvements in energy efficiency, obstacle
avoidance, communication, execution time, and path planning across
different environments

brief review of the UAV control issues, including motion equations,
various classical and advanced control approaches

Overview of Quadrotor UAV design including classical, intelligent,
and hybrid controllers; covers modeling, applications, experimental
comparisons

UAV path planning methods, solutions, and challenges for optimal
collision-free paths

Introduces environment complexity classification, current methods
and highlights challenges in modeling, sensing, and collision
avoidance

Recent advances in safe autonomous UAV navigation; focus on 3D
obstacle avoidance and trajectory planning; highlights key challenges
in achieving fully autonomous mission execution with minimal
human input

Vision-based learning methods with focus on operational

capabilities across various scenarios; categorizes UAV control strategies
ranging from single-agent systems to more complex multi-agent and
heterogeneous system scenarios.

Vision-based techniques for UAV localization, mapping, and obstacle
avoidance; highlights advantages over laser/radar;

Vision-based UAV navigation techniques covering visual localization,
mapping, obstacle avoidance, and path planning; categorizes

and compares methods; discusses challenges and open issues in
GPS-denied environments.

delivery, and precision agriculture [41,42]. Hexacopters offer greater
stability and redundancy, which make them ideal for mapping and
search-and-rescue operations. In contrast, Octocopters are capable of
carrying heavier payloads, are often used in infrastructure inspection
and environmental monitoring. Overall, multi-rotor UAVs outperform
fixed-wing and other configurations in civilian applications due to their
user-friendly control, lower operational costs, and strong compatibility
with autonomous navigation in dynamic environments [43].

Another common classification of UAVs is based on size, follow-
ing standards set by aviation authorities such as the Australian Civil
Aviation Safety Authority (CASA) and the U.S. Federal Aviation Ad-
ministration (FAA). This classification includes five categories [44]:

- micro UAVs: less than 250 grams, typically used for indoor tasks
- very small UAVs: 0.25-2 kg

- small UAVs: 2-25 kg

- medium UAVs: 25-150 kg

- large UAVs: over 150 kg, typically used for military and long-

endurance missions

In addition to weight, the physical size of UAVSs, particularly frame
diameter is closely related to their application and payload capac-
ity. For example, quadcopters typically fall into the micro or small
category. They often have frame diameters around 400 mm, which
make them suitable for lightweight operations. By contrast, octocopters
which are designed to carry heavier payloads often exceed 1000 mm
in frame diameter to accommodate larger propellers and structural
requirements [42]. These size-based distinctions are critical for regula-
tory compliance, operational planning, and integration with autonomy
frameworks.

2.1.2. UAV kinematics
The kinematic modeling of UAVs involves a fundamental analysis
of their translational and rotational motions within three-dimensional
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space. Kinematics serves as the core theoretical framework describing
UAV movements without explicitly considering forces and torques act-
ing upon them. Fundamentally, UAV kinematics is typically described
using a six degrees of freedom (6 DOF) model consisting of three
translational motions (surge, sway, and heave) and three rotational
motions (roll, pitch, and yaw) [45]. Translational kinematics charac-
terizes linear displacement and velocity transformations in the inertial
coordinate system, mathematically represented by the relationship:

p =Ry, @

where p = [x,y,z]" denotes the position vector of the UAV in an
inertial frame, v = [u,v,w]” is the velocity vector expressed in the
body-fixed frame, and R is a rotation matrix describing the UAV’s
orientation relative to the inertial frame. Typically this rotation matrix
is parameterized by Euler angles roll (¢), pitch (9), and yaw (y), and
takes the following form of:

CyCo  CySeSp = SyCp  CySeCy T 5y Sy
R=|s,co 5,505¢+c,cp S,50CH = CySy (2)
—Sg CoS¢ CoCy
where ¢ and s denote cosine and sine functions, respectively [46].
Rotational kinematics describes the angular motion and orientation
attitude evolution of unmanned aerial vehicles (UAVs) through the
equation:

i1=Tyo, 3)

where 7 represents the time derivatives of the Euler angles (roll ¢, pitch
0, yaw ), ® = [p,q.r]T is the angular velocity vector in the body-
fixed frame, Ty is the transformation matrix converting body angular
velocity to Euler angle rates [47]. The matrix T is given by:

1 singtanf cos¢tané
Tz =10 cos ¢ —sin¢ 4
0 sin ¢ cos ¢
cos @ cos 6

These relationships demonstrate how rotational motion influences
UAV orientation, which is critical for trajectory planning and stabiliza-
tion control. It should be noted that this Euler-angle-based formulation
is subject to a kinematic singularity, thus in those case such as aggres-
sive maneuvers quaternion-based representations are often preferred.
In autonomous navigation, accurate kinematic models support essential
functions such as trajectory generation, real time pose estimation,
and precise maneuvering. For instance, quadrotors rely on kinematic
equations to compute desired attitudes and positions, enabling stable
hovering, agile movement, and effective obstacle avoidance. Fixed
wing UAVs also use kinematic models for navigation, though they are
subject to aerodynamic constraints that limit their maneuverability
and minimum operational speeds [44]. As a result, UAV kinematics
provides a fundamental mathematical framework that supports precise,
dependable, and robust autonomous navigation.

2.1.3. UAV dynamics

UAV dynamics involve the analysis of forces, torques, and motions
that govern the behavior of aerial vehicles, which form a crucial con-
nection between kinematic modeling and practical autonomous control.
While kinematics describes motion without considering its causes, dy-
namics incorporate mass, inertia, and external forces such as gravity,
thrust, aerodynamic drag, and environmental disturbances (e.g. wind
gusts) to model UAV behavior in three-dimensional space. For general
rigid-body UAVs, the Newton Euler formalism describes the dynamics
using six degrees of freedom (6 DOF). The translational dynamics can
be expressed as follows:

mv; = Rf, + mg + d,, %)

where m is the mass, v; is the inertial-frame velocity, R is the rota-
tion matrix, f, represents forces in the body frame, g is the gravita-
tional acceleration, and d denotes external disturbances. The rotational
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dynamics are given by:
lo+oxlo=r1,+1, (6)

where I is the inertia matrix expressed in the body frame, ® is the
angular velocity, t, is the control torque in the body frame, and 7,
represents disturbance torques. These nonlinear and coupled equations
highlight key challenges in UAV control, including underactuation
and sensitivity to external perturbations, which are critical consider-
ations for realistic simulation and autonomous operation in dynamic
environments.

Multirotor UAVs, including quadcopters, hexacopters, and octo-
copters, are widely used in civilian applications due to their vertical
takeoff and landing (VTOL) capabilities, mechanical simplicity, and
high maneuverability [1]. These attributes make them particularly
well-suited for autonomous navigation in complex urban or cluttered
environments. The dynamics of multirotor UAVs are governed by the
thrust and torques generated by individual rotors. For a quadcopter,
each of the four rotors produces upward thrust 7, = k& /-a)’.z and re-
active torque Q; = kqw‘.z, where ; is the rotor speed and k,,k, are
motor-dependent constants [46]. Assuming a specific quadrotor geom-
etry, rotor numbering, body-axis convention, and rotor spin-direction
convention, the total thrust and body torques can be written as follows,

F=Y'T,

while the control torques about the body axes are computed as:

* Roll: 7, = (T, — Ty)
* Pitch: 7, = (T} - T3)
s Yaw: 7, =0 -0, + 03— Q4

where [ is the arm length from the center to each rotor. Due to the un-
deractuated nature of the system (four control inputs for six degrees of
freedom), translational and rotational dynamics are inherently coupled.
For instance, forward motion requires tilting, introducing nonlinear
behaviors such as aerodynamic drag, commonly modeled as d = —k,v;,
where k, is a drag coefficient. Hexacopters and octocopters provide
additional redundancy and fault tolerance, improving system reliability
under dynamic conditions [48].

In autonomous UAV navigation, the dynamics of multirotor sys-
tems play a critical role. For instance, DRL policies often aim to
learn mappings from system states such as position, velocity, and
orientation to control actions (e.g. rotor speeds) by optimizing cu-
mulative rewards. This enables capabilities such as stable hovering,
agile maneuvering, and obstacle avoidance in non-stationary and un-
predictable environments. Accurate dynamic models are essential for
reducing the sim-to-real gap, thereby allowing DRL policies to gener-
alize to real-world conditions that include disturbances such as wind
gusts, sensor noise, or payload variations. These considerations are
particularly crucial in mission-critical applications like search and res-
cue or autonomous package delivery. Many existing models make
simplified assumptions such as the exclusion of blade flapping and
aerodynamic interactions, which can affect performance and consis-
tency [36]. Addressing this limitation continues to be an active area
of research.

2.2. Reinforcement learning and deep reinforcement learning

2.2.1. Reinforcement learning

Reinforcement learning (RL) is a branch of machine learning where
an agent learns to make decisions step by step by interacting with
an environment. The goal is to maximize cumulative rewards, and
the foundations of RL draw from behavioral psychology and optimal
control theory [25]. Unlike supervised learning, which depends on la-
beled data, RL focuses on trial-and-error learning, where the agent im-
proves its behavior based on rewards or penalties. This makes RL well-
suited for dynamic applications such as game playing, robotics, and



D. Ni et al.

autonomous systems. Most RL problems are described using Markov
Decision Processes (MDPs), which assume that the full state of the
system is observable. An MDP is defined by a tuple (S, A, P,R,y),
where S is the set of states, A is the set of actions, P is the transition
probability, R is the reward function, and y is the discount factor for
future rewards [25]. When the agent cannot fully observe the state,
the problem is better represented as a Partially Observable Markov
Decision Process (POMDP). POMDPs extend MDPs by adding an ob-
servation space O and emission probabilities, which model situations
where the agent only receives noisy or incomplete data [49]. This is
common in real-world scenarios such as UAV navigation with limited
or uncertain sensor inputs. Solving POMDPs is harder than solving
MDPs, because the agent must estimate belief states to track likely true
states. In practice, approximate methods are used, including spectral
approaches or deep RL extensions [49].

In RL, two central ideas are value functions and policies. The value
function, written as V (s) for state values or Q(s,a) for action values,
estimates the expected long-term reward from a state or a state—action
pair when following a policy. This allows the agent to judge the quality
of its decisions using the Bellman equation:

V(s)=E [RH-I +rV(sip) | s = S] @

A policy defines how the agent behaves by mapping states to ac-
tions. A policy can be deterministic (fixed action per state) or stochastic
(probabilistic distribution over actions). Different methods use these
concepts in different ways. Value-based methods, such as Q-learning
aim to learn the optimal value function and then derive the policy
from it. Policy-based methods directly optimize the policy parameters
to maximize expected rewards. In many cases, both approaches are
combined in actor—critic methods, where the actor updates the policy
and the critic evaluates it. This combination often improves learning
stability and efficiency [50].

One of the core challenges in RL is the balance between exploration
and exploitation. Exploitation means selecting actions that are already
known to produce high rewards based on current experience. Explo-
ration means trying new actions to search for better outcomes, which is
important for avoiding local optima [25]. Several strategies have been
developed to manage this tradeoff. For instance, the e-greedy method
introduces randomness by choosing a random action with probability
e and the Upper Confidence Bound (UCB) method uses uncertainty
estimates to guide decisions [51]. More advanced approaches, such as
Uncertainty-based or Noise-based exploration allow the level of explo-
ration to change dynamically across different tasks [52]. In deep RL,
exploration is often supported through intrinsic rewards or curiosity-
driven mechanisms [52], which encourage the agent to act even in
environments where external rewards are sparse. These techniques help
the agent discover useful behaviors that might not appear immediately
rewarding.

2.2.2. Deep reinforcement learning

DRL extends classical RL by using deep neural networks as function
approximators. This makes it possible for agents to manage high-
dimensional and complex state spaces, which traditional approaches
like tabular Q-learning cannot handle effectively due to the “curse of
dimensionality” [25]. Deep RL builds on the main ideas of RL, including
MDPs, POMDPs, value functions, policies, and the balance between ex-
ploration and exploitation. With neural networks, DRL can approximate
value functions such as Q(s, a) or directly learn policies, which allows
scalable learning from raw sensory inputs like images or sensor data.
This integration has transformed many fields. In robotics, gaming, and
autonomous systems, DRL enables agents to learn end-to-end mappings
from observations to actions through trial-and-error interaction with
the environment. One of the most influential milestones was the in-
troduction of the Deep Q-Network (DQN) in 2015 [53]. By combining
Q-learning with convolutional neural networks, DQN reached human-
level performance on Atari games and demonstrated the effectiveness
of this approach.

Robotics and Autonomous Systems 207 (2027) 105833

One important element for addressing instability in Deep RL is
experience replay. This mechanism stores the agent’s interactions with
the environment (state, action, reward, next state) in a replay buffer
and samples mini-batches randomly for training [53]. By doing so,
it breaks the temporal correlations in sequential data that can other-
wise lead to biased gradients and inefficient online learning. It also
improves sample efficiency by allowing past experiences to be reused
multiple times. Experience replay helps reduce catastrophic forgetting
and stabilizes neural network updates, which is especially useful in
off-policy methods where the behavior policy differs from the target
policy. A well-known variant is prioritized experience replay, which
samples more often from transitions with higher temporal-difference
errors, speeding up convergence.

Another essential element is the target network. This secondary
neural network updates more slowly than the primary network through
periodic or soft updates. It provides stable bootstrap targets for value
estimation and reduces overestimation bias in Q-learning [54]. The
delayed updates prevent the moving target problem, where fast pa-
rameter changes can destabilize training. In actor—critic frameworks,
Deep RL uses deep networks for both the actor (policy) and the critic
(value function). An example is the Deep Deterministic Policy Gra-
dient (DDPG) algorithm, which is widely used for continuous con-
trol tasks [55]. Another notable off-policy, deterministic actor—critic
method designed for continuous control is Twin Delayed Deep Deter-
ministic Policy Gradient (TD3) [56], which extends DDPG to stablize
learning. Other key techniques include the use of recurrent architec-
tures like LSTMs for POMDPs to handle partial observability [57],
and distributional RL, which models return distributions instead of
expectations to improve robustness in uncertain environments [58].

DRL plays a pivotal role in enabling autonomous unmanned aerial
vehicle (UAV) navigation in complex environments through algorithms
like DQN or DDPG. DRL models UAV navigation as a MDP or POMDP,
where the UAV learns to balance exploration of unknown terrains
with exploitation of learned policies and adapt in real-time to avoid
collisions and optimize energy efficiency. This approach outperforms
traditional methods in handling uncertainties and partial observability
in the navigation task. We will cover these applications including
specific DRL variants and challenges in detail in later sections.

2.3. Core components in autonomous UAV navigation

2.3.1. Autonomy levels

According to the National Institute of Standards and Technology
(NIST) [59], UAV autonomy levels range from manual operation to
complete autonomy. At the lowest level, remotely controlled UAVs are
manually piloted within line-of-sight without onboard sensing. Tele-
operated UAVs allow for beyond-line-of-sight operation using sensor
feedback but lack autonomous obstacle avoidance. Semi-autonomous
systems operate under high-level human supervision, with intermit-
tent autonomy. At the highest level, fully autonomous UAVs indepen-
dently adapt to environmental changes without human intervention.
Higher autonomy levels require increasingly sophisticated hardware
and system integration. Fully autonomous UAVs depend on a range
of advanced sensors, including LiDAR, cameras, inertial measurement
units (IMUs), and GNSS integrated within attitude and heading refer-
ence systems (AHRS) or inertial navigation systems (INS) for accurate
perception and navigation [7]. Flight controllers such as PIXHAWK sup-
port autopilot functionality while high-performance onboard processors
enable real-time decision-making [60]. Additionally, energy-efficient
components like Li-Po batteries and brushless DC motors are essential
to sustain longer flights under dynamic and nonlinear conditions [61].
Beyond hardware, autonomy requires robust software for signal pro-
cessing, adaptive path planning, and system-level fault tolerance. Reg-
ulatory considerations such as FAA-imposed hardware constraints also
play a pivotal role in aligning autonomous system design with safety
and airspace integration standards [1]. Table 2 presents UAV autonomy
levels with their key characteristics and commonly used systems and
components.
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Table 2
Levels of autonomy in UAVs.
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Autonomy level Key characteristics

Common systems/components

Manual Human-in-the-loop, visual line-of- RC controller, direct pilot control
sight, no sensing
Teleoperated Sensor feedback enabled, beyond- Cameras, radio telemetry, IMU, human

line-of-sight, no autonomy

supervision

Semi-autonomous Waypoint-based or supervised

control, some obstacle avoidance

GNSS, IMU, LiDAR or stereo vision,
path planning module, medium processor,
system-level safety checks

Fully Autonomous
avoidance, adaptive behaviors

Real-time decision-making, obstacle

LiDAR, depth camera, GNSS+INS/AHRS,
onboard processors (e.g., NVIDIA Jetson),
Al-based autonomous navigation

2.3.2. Map-based and mapless navigation

Autonomous navigation in UAVs can be broadly divided into map-
based and mapless approaches, each leveraging different strategies to
enable safe operation in environments. Map-based navigation depends
on building and maintaining explicit environmental models through
methods such as Simultaneous Localization and Mapping (SLAM) either
offline or in real time. Using sensor fusion from SLAM, LiDAR, cam-
eras, and inertial measurement units (IMUs) allows UAVs to construct
probabilistic maps while simultaneously estimating their location. Al-
gorithms like ORB-SLAM (for vision-based systems) and Cartographer
(for LiDAR-based systems) are commonly used [7]. These methods per-
form well in structured environments by enabling accurate localization
and global path planning using algorithms like A* or Rapidly-Exploring
Random Trees (RRT) [8,9]. However, as the environment grows in
scale or becomes more complex, maintaining the map for handling
loop closures and global consistency can become computationally ex-
pensive. In contrast, mapless methods eliminate the need for interme-
diate map representations by directly mapping raw sensory input to
control actions. These systems often adopt reactive or learning-based
paradigms, such as end-to-end deep learning models that transform
sensor data into control commands [62]. By focusing on real-time
perception and action, these approaches often use lightweight tech-
niques to optimize behavior under uncertainty. Their adaptability and
reduced computational demands make them especially attractive for
fast-changing or unstructured environments where traditional mapping
may be infeasible.

Mapless methods are preferred in highly complex environments due
to the limitations of map-based approaches in these settings. Dynamic
obstacles, such as moving vehicles, pedestrians, or wildlife in urban
or forested areas, require frequent map updates to ensure accuracy.
Static assumptions in SLAM can cause errors like ghosting or drift when
features change quickly [17]. For example, traditional SLAM techniques
(e.g., visual or LiDAR-based) perform poorly in non-stationary scenes as
they demand real-time detection, segmentation, and remapping of mo-
bile elements. The process places heavy computational loads on UAVs
with limited resources which causes latency and shorter flight times. It
can also fail in GPS-denied or cluttered areas where partial observabil-
ity affects mapping accuracy. Mapless methods address these challenges
by relying on immediate sensory inputs rather than persistent maps,
which allows agile responses through data-driven learning that adapts
to new dynamics without comprehensive mapping. In DRL applications,
mapless navigation integrates effectively with agents learning policies
from high-dimensional inputs like camera feeds. These policies are first
optimized for reward in simulated dynamic environments before being
transferred to real-world applications, and they address challenges such
as wind disturbances and occlusions more effectively than traditional
map-based systems [63-65]. Although map-based methods provide
reliability in predictable environments, their inflexibility amid uncer-
tainty, such as rapid environmental changes or sensor noise, renders
mapless alternatives more suitable for real-world autonomy. Overall,
this trend shows a shift toward hybrid or fully mapless methods in UAV
research, which aim to balance computational efficiency with reliable
performance in uncertain, complex environments.

2.3.3. Path planning and trajectory planning

Path planning and trajectory planning serve as key elements in
autonomous UAV navigation. They allow vehicles to create workable
routes and movements that respect environmental limits, vehicle capa-
bilities, and mission goals. Path planning aims to build a collision-free
route from a start point to a target. It often sets aside time and dynamics
in the early stages. It relies on algorithms like A*, Dijkstra, or sampling-
based options such as Rapidly-exploring Random Trees (RRT) and its
forms (for example, RRT*). These methods explore state spaces pre-
sented as grids, graphs, or probabilistic roadmaps [38,66]. In addition,
trajectory planning improves these routes into time-linked paths. These
paths consider kinematics, dynamics, and restrictions like speed, accel-
eration, and energy use. It applies tools such as polynomial splines [67]
and Model Predictive Control (MPC) [68] to achieve smoothness and
practicality. These steps form a core part of the navigation system.
They connect with sensing and control units to support activities from
waypoint tracking to advanced operations.

Path planning and trajectory planning are key to maintaining adapt-
ability and safety in highly complex environments such as those with
moving obstacles, wind disturbances, limited visibility, or areas without
GPS. Dynamic path planning often relies on real-time replanning meth-
ods. Examples include A* and the dynamic window approach [69,70],
which use local sensor data for reactive avoidance, and informed
RRT*, which can quickly generate a safe path and then refine it
over time [71]. These methods can require significant computation,
particularly when frequent replanning is needed, and they may create
less-than-optimal or oscillating paths in areas with many obstacles.
Their effectiveness also depends heavily on the precision and refresh
rate of onboard sensors. Trajectory planning adds to this by focusing
on multiple goals. These goals cover low energy use [72], reduced
collision risks through chance-constrained MPC [73], and strong re-
sponses to disturbances via feedback loops or random models. For
example, in urban canyons or forested lands, these methods allow UAVs
to handle narrow paths or avoid sudden dangers. They do this by regu-
larly refreshing trajectories from blended sensor inputs, such as LiDAR
point clouds or camera streams. This lowers failure rates in changing
conditions [74]. More advanced methods integrate machine learning,
including neural networks for predicting the movement of obstacles
and DRL for developing end-to-end navigation policies. Such methods
enable proactive decisions that traditional methods may overlook.

It is important to note that path and trajectory planning are used in
both map-based and mapless navigation methods. As discussed earlier,
map-based methods use explicit maps (e.g., those generated through
SLAM) to plan globally optimal routes in well-structured environments,
while mapless methods mostly rely on raw sensor data to perform
local planning in unmapped or rapidly changing areas. Some systems
combine these two ideas, for example, by using graph-based path find-
ing together with sensor-driven trajectory smoothing [70,73,74]. This
hybrid approach increases flexibility and allows UAVs to adapt to many
tasks, including search-and-rescue or delivery in unstable conditions.
As UAV autonomy develops, research continues to focus on algorithms
that are both scalable and computationally efficient, so they can handle
more complex environments and work smoothly with DRL for highly
adaptive navigation.
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2.3.4. Reactive UAV navigation

Reactive navigation in UAVs serves as a method for real-time,
sensor-based decisions. It allows UAVs to react right away to environ-
mental changes without depending on ready-made maps, deliberation
or wide global planning [75,76]. This method focuses on local sensing
and quick actions from sensor data. It produces fast control responses
with lower computing demands [77]. Reactive navigation ties closely to
mapless methods. It avoids the need for complete environment models
and relies on raw sensor data to create control outputs directly or with
moderate processing. In mapless systems, reactive strategies help UAVs
move through unknown or unstructured areas by relying on instant
sensory feedback, such as optical flow or proximity measurements,
instead of building and maintaining maps. This connection makes
reactive navigation a key part of autonomy that supports fast decision-
making and improves agility, while also reduces computational load in
situations where traditional mapping is not practical.

Reactive navigation is well-suited for operation in highly complex
environments. Deliberative approaches often struggle in fast-changing
settings like city streets with moving vehicles, forests with shifting
branches, or disaster sites with unpredictable debris, This is because
they require constant remapping, complete modeling regarding the
environment, which takes significant computing power and time, and
this can lead to delays, navigation errors, or even collisions. Reactive
methods take a different approach by focusing on quick responses.
They let UAVs adjust immediately to new conditions, such as a sudden
obstacle or a strong wind gust, which helps maintain both safety
and efficiency [76]. For example, in GPS-denied indoor spaces or in
crowded outdoor areas, reactive algorithms can combine real-time
sensor data to keep the UAV stable and moving toward its goal [78].
Such features make them suitable for real-time tasks like search-and-
rescue or delivery in unstable settings. This stress on reaction instead
of detailed planning fits the requirements of complex environments.

In reactive navigation, methods are often grouped into two main
types: end-to-end and non-end-to-end. Each processes inputs and gener-
ates outputs differently, with variations in sensor-based, vision-based,
or hybrid designs [4,26,79].

End-to-end approaches combine perception, decision-making, and
control in a single model. They remove the need for a separate control
unit by mapping raw inputs directly to UAV commands. In these
systems, feature representations are not tied closely to specific environ-
mental details but are directly linked to control actions such as velocity
changes or attitude adjustments. For example, a CNN can encode
features from sensor data and output roll, pitch, or yaw commands
without intermediate processing.

Non-end-to-end approaches separate perception from control. They
first create an environmental representation from the field of view,
then pass this to a control unit. These representations are more closely
tied to environmental structure extracted using CNNs or optical flow
algorithms such as the relative positions of corridors or objects. The
control unit then converts this data into commands, sometimes using
distance-to-collision information formatted as matrices, which can be
compressed through clustering or classification for efficient use.

In both approaches, most sensor-based variants rely on LiDAR,
ultrasonic, or infrared sensors to estimate proximity and velocity, which
supports reliable navigation in low-visibility conditions [80]. In con-
trast, Vision-based implementations often use RGB or depth camera
inputs, processed by CNNs for obstacle detection and path correction,
including monocular setups for small UAVs [26]. In addition, hybrid
systems combine visual and sensor data, such as IMU readings, to im-
prove reliability in varied environments [26,80]. End-to-end methods
can learn complex, adaptive behaviors from high-dimensional inputs,
which make them powerful in non-stationary environments. However,
they may face challenges in interpretability and risk overfitting without
large datasets. Non-end-to-end methods provide clearer debugging and
greater adaptability, but may introduce slight delays. Therefore, they
are often more suitable when explicit environmental representation
is a priority. Both are capable of achieving strong performance in
complex environments, and primarily leverage DRL to reduce latency
and improve generalization to new scenarios.
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3. DRL for autonomous UAV navigation in complex environment

This section discusses the application of DRL for autonomous UAV
navigation, with a focus on addressing the challenges posed by complex
environments through innovative algorithmic adaptations and frame-
works. By examining core components, environmental factors, and spe-
cialized DRL designs, it aims to provide a comprehensive understanding
of how DRL enhances UAV efficiency and robustness in real-world
scenarios. Section 3 reviews DRL approaches for autonomous UAV
navigation in complex environments. It first characterizes the key envi-
ronmental factors that shape navigation difficulty, and then examines
representative DRL methods for three major scenarios: cluttered spaces,
dynamic obstacles, and wind disturbances. The discussion emphasizes
how algorithm design, state representation, temporal information, ex-
ploration, experience reuse, and safety mechanisms are adapted to
different environmental challenges. Finally, the section summarizes the
major DRL design choices and highlights how these choices vary across
different types of complex environments. Fig. 1 summarizes DRL design
patterns among the studies reviewed in this section.

3.1. UAV navigation environment

In autonomous UAV navigation, understanding the characteristics
and complexities of the operational environment is fundamental to
designing reliable and adaptive algorithms. The effectiveness of naviga-
tion strategies for DRL depends heavily on how well the learning agent
perceives, models, and reacts to its surroundings. Since UAVs often
operate in uncertain and changing conditions, a precise understanding
of environmental dynamics enables the development of policies that are
both robust and generalizable.

One prior survey classifies UAV navigation environments using
four modeling settings: static-known, dynamic-known, static-unknown,
and dynamic-unknown [39]. In a static-known environment, the map
is available and obstacles remain fixed, so the planner can rely on
complete, stable scene information. A dynamic-known environment still
provides overall knowledge of the space, but some obstacles or agents
can move, so the planner must account for time-varying collisions and
re-planning. A static-unknown environment raises the difficulty because
obstacles are fixed yet their locations (and sometimes even the environ-
ment scale) are not given in advance, which pushes the system toward
online mapping, exploration, or reactive “sense-and-avoid” behavior.
The most demanding case is the dynamic-unknown environment, where
the agent faces both incomplete knowledge and moving obstacles,
leading to partial observability, non-stationary dynamics, and frequent
distribution shift. Since this survey focuses on mapless autonomous
UAV navigation in complex environments, our emphasis naturally falls
on partially or fully unknown and highly dynamic settings, which best
reflect real deployment constraints.

Another common higher-level view classifies environments by spa-
tial domain, including indoor, outdoor (urban/suburban), and natural
scenes [81]. These domains present unique operational challenges and
implications for learning-based control. Indoor environments are typi-
cally structured and confined spaces, such as warehouses, industrial
facilities, or office buildings. These settings often involve narrow cor-
ridors, obstacles with well-defined boundaries. In such environments,
DRL-based navigation focuses on local obstacle avoidance, precise ma-
neuvering, and reward shaping for efficient exploration in maze-like
layouts [82]. Outdoor environments are semi-structured and cover large-
scale areas such as urban or suburban regions. They may range from
dense urban canyons filled with moving vehicles and pedestrians to
more open suburban fields. Key challenges include dynamic obsta-
cles, variable weather conditions, and the need for long-range path
planning that adapts to external changes in real time [83]. These
conditions demand robust DRL frameworks that integrate perception,
prediction, and control for continuous adaptation. Natural environ-
ments are largely unstructured and include forests, mountains, coastal
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regions, and other uneven terrains. These domains present complex
topographies, unpredictable wind fields, vegetation interference, and
visibility fluctuations from fog, rain, or lighting changes. As a re-
sult, DRL algorithms must emphasize terrain-aware decision-making,
adaptive control, and exploration under uncertainty [75,84].

While the spatial classifications offer a useful view, they are often
too broad to explain why a DRL navigation policy succeeds in one
setting and fails in another. We propose a more practical way to an-
alyze DRL-based navigation by describing the environment along three
key dimensions: obstacle density, obstacle dynamics, and environmental
disturbances. Obstacle density spans from low-density open spaces, where
planning is mostly about efficiency, to cluttered obstacle-rich scenes,
where safe motion requires tight maneuvering and strong perception.
Since this survey targets complex environments, we will emphasize
cluttered settings in this study. Obstacle dynamics span from static to
dynamic layouts where obstacle’s motion varies over time quickly. Dy-
namic obstacles create non-stationary transition patterns and introduce
the need for prediction and risk-aware decision-making, so we focus
on these cases as well. In practice, the same policy that works in
static maps can break when obstacle motion changes speed or direc-
tion, which makes dynamic benchmarks essential for fair evaluation.
Environmental disturbances include wind, weather effects, and sensor
noise, all of which can degrade both state estimation and control
stability. Because disturbances are hard to summarize with a single
scalar, it is often clearer to model them as separate factors. In this
survey, we primarily focus on wind disturbances, as they represent
the most common environmental perturbation in UAV deployments
and have a direct impact on navigation performance and operational
safety. Taken together, these three dimensions provide a clear and
structured framework for organizing prior work in this context. More
specifically, in the following subsections we narrow our discussion to
DRL algorithms and their adaptations for three representative types
of complex navigation scenarios: (i) navigation in cluttered spaces,
(i) navigation with dynamic obstacles, (iii) navigation under wind
disturbance.

3.2. Navigation in cluttered spaces

Cluttered environments present a fundamental challenge for map-
less UAV navigation because the vehicle must simultaneously make
progress toward a destination, maintain sufficient clearance from nearby
obstacles, and avoid becoming trapped in locally difficult geometries
such as narrow passages, dead ends, and densely packed obstacle
fields. Unlike navigation in relatively open spaces, successful flight
in clutter depends not only on the underlying reinforcement learning
algorithm, but also on how environmental information is represented,
how useful experiences are collected, and how exploration is guided
during training. Existing studies therefore show a gradual shift from
simply applying standard deep reinforcement learning algorithms to-
ward designing perception, memory, experience-reuse, and exploration
mechanisms specifically for cluttered navigation. A summary of the
works discussed in this section is provided in Table 3.

3.2.1. Overview of DRL approaches for cluttered navigation
A range of deep reinforcement learning algorithms have been adopted

for UAV navigation in cluttered environments, with the choice largely
determined by the form of the action space and the required degree of
control flexibility. Early studies frequently employed Deep Determinis-
tic Policy Gradient (DDPG), which is well suited to continuous actions
such as velocity, heading, altitude, and thrust. For example, Omar et al.
demonstrated continuous three-dimensional obstacle avoidance and
introduced transfer learning from an obstacle-free task to accelerate
learning in cluttered scenes [87]. Subsequent work improved DDPG
by addressing unstable value estimation and competing navigation
objectives. The state-decomposition DDPG method separately processes
obstacle-related and goal-related information before producing the final
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control action [85], while multicritic-delayed DDPG employs multiple
critics and delayed policy updates to improve learning stability in dense
obstacle fields [86].

TD3 has become another widely used choice because its twin critics
and delayed policy updates reduce some of the overestimation and
instability associated with standard DDPG. Its use in cluttered navi-
gation is commonly accompanied by additional learning mechanisms.
For instance, Demonstration-assisted TD3 initializes both the policy and
critic using trajectories generated by a conventional planner, which
reduces the amount of unsafe exploration needed at the beginning of
training [91]. Other TD3-based approaches incorporate recurrent mem-
ory, attention, or privileged information to improve decision-making
when observations are incomplete or noisy [30,88].

Soft Actor-Critic (SAC) provides a stochastic alternative that ex-
plicitly encourages exploration through entropy maximization. This
characteristic is useful in cluttered spaces, where the UAV may need to
discover detours rather than repeatedly follow the most direct route.
SAC has consequently been combined with curriculum learning for
narrow-gap traversal [100], Hindsight Experience Replay for goal-
conditioned navigation [105], and intermediate-target mechanisms for
escaping dead ends and maze-like structures [106]. PPO has also been
adopted for mapless navigation, particularly when stable policy updates
are desired. Representative studies use PPO for continuous local motion
planning from LiDAR observations [102] and for navigation based on
a small number of range sensors [99].

In contrast to these continuous control actor—critic methods, Deep
Q-Networks (DQN) are primarily used when navigation is represented
through a limited set of discrete actions, such as moving forward or
turning left and right. Their relatively simple action formulation makes
them attractive for high-level navigation and perception-oriented tasks.
For instance, memory-enhanced DQN combines visual observations, re-
cent actions, and goal information to reduce repeated turning and cyclic
trajectories around large obstacles [92]. Other DQN-based methods
integrate object detection features or local map information to improve
obstacle awareness while keeping the state representation compact.
Recurrent variants such as DRQN further incorporate temporal informa-
tion, which enable the policy to reason over recent observations when
a single frame is insufficient [17].

The literature reviewed in this study suggests that no single DRL
algorithm consistently dominates cluttered UAV navigation. More im-
portantly, performance in highly cluttered environments increasingly
depends on how these algorithms are complemented by appropri-
ate state representations, memory, experience reuse, and exploration
strategies.

3.2.2. State representation and perception under clutter

A central design question is how much information the UAV re-
quires to make reliable local decisions. Earlier approaches often rely on
compact state vectors containing UAV motion variables, goal-relative
information, and a limited number of range measurements. Such rep-
resentations have the advantage of low computational cost and can
be effective when obstacle geometry is relatively simple. The state-
decomposition DDPG method, for example, uses twelve range mea-
surements together with flight and goal information, but processes
obstacle-related and navigation-related states separately [85]. This de-
composition reflects an important insight: in dense clutter, obstacle
avoidance and goal seeking can compete with one another, and treating
all input variables identically may obscure their different roles.

Several studies therefore explicitly separate perceptual information
from navigation information. The adaptive control TD3 framework
introduces attention that changes emphasis between obstacle-related
sensor inputs and goal-related features according to the immediate
situation [30]. Similarly, hierarchical and attention-based navigation
methods combine depth images with goal distance and heading in-
formation while using recurrent networks and temporal attention to
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Table 3
Representative studies of navigation in cluttered spaces.

Ref Year Targeted application & environment Base RL Control dimension Simulation & test

[85] 2023 3D point-to-point navigation in dense DDPG 3D continuous 1800 x 1800 m randomized 3D obstacles;
static and refreshed dynamic clutter Monte Carlo tests

[86] 2022 Online goal-reaching in unknown cluttered DDPG 2D continuous Synthetic 2D square world with
environments with static obstacles cylindrical obstacles and range sensors

[87] 2020 3D urban navigation to static or moving DDPG 3D continuous Python 3D simulator; 100 m cubic
targets with obstacle avoidance urban scenes with polygon obstacles

[30] 2024 Low-altitude point-to-point navigation in TD3 3D continuous UE4 3D valley world with lakes,
complex valley terrain with static obstacles jungle, mountains, cylindrical obstacles

[88] 2024 Vision-based high-speed navigation in TD3 3D continuous UE4 + AirSim; cylindrical maze, cubic
unknown clutter under partial observability maze, forest, mixed terrain

[89] 2024 Sparse-reward exit navigation in cluttered TD3 3D continuous Microsoft AirSim indoor rooms with
indoor 3D rooms increasing obstacle density

[90] 2022 Aggressive flight through narrow windows TD3 3D continuous UE4 + AirSim simulation; real
and slalom obstacles Hummingbird quadrotor with Vicon

[91] 2020 Local obstacle avoidance in unknown TD3 3D continuous ROS/Gazebo PX4 SITL; AirSim
cluttered 3D environments Rocks and Neighborhood

[92] 2022 Vision-based fixed-altitude goal navigation DQN 2D discrete Microsoft AirSim Blocks and
in occluded realistic 3D scenes Neighborhood scenes

[17] 2021 Local navigation among many moving DRQON 2D discrete 2D 500 x 500 planar simulator with
obstacles in dynamic low-altitude airspace dynamic obstacles

[93] 2020 Indoor goal-directed navigation with DQN 2D discrete ROS-based 20 x 20 planar simulation
monocular sensing and static obstacles across multiple indoor scenes

[94] 2020 Grid-based disaster target search and DQN 2D discrete 2D Snake simulation; limited 12 x 12
sequential hotspot finding outdoor grid tests

[95] 2019 Outdoor exploration and target-reaching DQN 2D discrete AirSim forest, weather, plain-field,
in cluttered partially observable and savanna scenarios
environments

[96] 2023 Agile narrow-gap traversal with varying SAC 3D continuous Custom simulator, Gazebo PX4 SITL,
gap roll angles indoor real-world

[97] 2023 Vision-based goal navigation in unknown SAC/DrQ 2D continuous AirSim with 3 environments; preliminary
cluttered static 3D environments DJI F550 indoor tests

[98] 2023 High-speed FPV gate racing under perception PPO 3D continuous Real 7-gate races; high-fidelity quadrotor
and dynamics uncertainty simulator

[99]1 2023 BVLOS-style goal navigation in unknown PPO 3D discrete AirSim 3D easy/hard areas; 2D grid
sparse and dense static environments pre-screening

[100] 2021 Aggressive tilted narrow-gap traversal SAC 3D continuous Custom simulator; real F330 quadrotor
with tight clearance with Vicon

[101] 2021 Sensor-guided anomaly-source navigation PPO 2D discrete Unity ML-Agents 2D grid-world
in partially observable static grids across obstacle densities

[102] 2021 GPS-denied outdoor point-goal navigation PPO 2D continuous Gazebo simulation; real outdoor forest
in forest-like static clutter flight tests

[103] 2020 Indoor object-goal visual navigation in PPO 2D discrete Habitat/Gibson simulation; Turtlebot3
cluttered unseen environments and DJI Tello tests

[104] 2025 Vision-based navigation and agile traversal TD3 + PPO 3D continuous MATLAB/Unreal Engine 5 simulation;
of rings and narrow gaps in cluttered real quadrotor tests through rings and
3D environments tilted narrow gaps

[105] 2023 Goal-oriented path planning and collision SAC 3D continuous 3D simulation with randomized
avoidance in static cluttered environments start-goal positions and nine static obstacles;

simulated hexarotor trajectory tracking
[106] 2022 Mapless goal-reaching and local-minimum SAC 2D continuous AirSim/Unreal Engine simulation

escape in maze-like cluttered
environments

across five training environments and
one unseen maze; real TurtleBot3
sim-to-real test

identify which recent observations are most relevant for the current
maneuver [97].

Vision-based methods provide richer geometric information but
introduce greater perceptual complexity. Depth images are widely
used because they directly encode obstacle structure without requir-
ing a complete environmental map. The demonstration-assisted TD3
approach maps depth images and relative goal information directly to
continuous velocity commands [91], while privileged-learning methods
employ depth perception together with UAV self-state information and
deliberately corrupt these observations during training to prepare the
policy for noisy sensing [88]. Other studies use RGB imagery and

10

learned visual features. Memory-enhanced DQN, for example, combines
visual observations with recent actions and goal information to reduce
cyclic behaviors when large obstacles block the direct route to the
destination [92].

Memory becomes particularly important because local sensing rarely
reveals the full geometry of a cluttered environment. A vehicle ob-
serving only its current depth image or range measurements may
not know whether turning around an obstacle will eventually lead
toward the goal or into a dead end. Recurrent networks, stacked
observations, and explicit memory mechanisms therefore provide short-
term context. Layered recurrent Q-learning uses LSTM-based networks
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to distinguish obstacle avoidance from target acquisition [17], whereas
memory-enhanced DQN explicitly stores recent visual and action infor-
mation [92]. These approaches illustrate a broader trend that as clutter
becomes more geometrically complex, successful navigation increas-
ingly depends on remembering how the UAV arrived at its current state
rather than reacting solely to instantaneous obstacle distance.

3.2.3. Learning strategies for efficient exploration and collision avoidance

Efficient exploration is particularly difficult in cluttered environ-
ments because random actions frequently produce collisions, while
overly conservative policies may learn to stop, oscillate, or repeatedly
choose familiar safe routes. Consequently, many recent contributions
focus less on changing the basic RL algorithm and more on improving
the quality of experience from which it learns.

Experience reuse is one important direction. Demonstration-assisted
TD3 initializes both the policy and value estimator from trajecto-
ries produced by a conventional planner before allowing the UAV to
improve through its own interaction [91]. This provides meaningful
collision-free behavior early in training and reduces dependence on
purely random exploration. Hindsight Experience Replay addresses
a related problem from another perspective that unsuccessful trajec-
tories may still contain useful navigation experience. The SAC-HER
framework relabels states that the UAV actually reached as alternative
goals, which allows failed episodes to generate additional successful
training examples [105]. This is valuable in clutter because reaching
the intended destination may initially be rare.

More recent studies extend hindsight beyond conventional goal
relabeling. Hindsight intermediate targets introduce temporary goals
when the vehicle appears trapped by a wall, corridor, or cul-de-sac.
Importantly, the resulting detour experiences are subsequently learned
in relation to the original destination, and it teaches the policy that
temporarily moving away from the goal can ultimately be benefi-
cial [106]. This is particularly important in cluttered navigation, where
a simple “always move closer to the goal” strategy often fails. Sun et al.
developed a different idea that instead of merely relabeling a recorded
trajectory, previously reached states are used as alternative goals and
relevant actions are re-executed to create physically consistent success-
ful experiences [104]. Although this requires additional environmental
interaction, it represents a notable attempt to make hindsight learning
more suitable for vision-based UAV navigation.

Intrinsic motivation and entropy-based exploration provide another
strategy. Lv et al. proposed an entropy explorer approach that re-
wards both visiting unfamiliar states and maintaining diversity in ac-
tions, substantially improving TD3 performance as obstacle density
increases [89]. A different curiosity-driven approach for aggressive
flight similarly rewards trajectories that differ from previously experi-
enced ones, encouraging discovery of alternative maneuvering patterns
rather than repeatedly following a narrow set of behaviors [90]. Cur-
riculum learning complements these approaches by beginning with
easier navigation conditions and gradually increasing difficulty. This
principle has been used for narrow-gap traversal [100] and for nav-
igation across increasing obstacle densities. This allows fundamental
goal-seeking behavior to develop before the policy encounters highly
constrained scenarios.

3.3. Navigation with dynamic obstacles

Dynamic obstacles introduce a fundamentally different challenge
from static clutter because safe navigation depends not only on identi-
fying where obstacles are located, but also on understanding how their
positions may change during the UAV’s response. A moving obstacle
that is currently distant may quickly become dangerous, whereas a
nearby obstacle moving away may require little intervention. Conse-
quently, DRL-based navigation in dynamic environments has gradually
evolved from purely reactive obstacle avoidance toward methods that
incorporate temporal information, more effective learning from critical
experiences, and safety-aware decision making. Table 4 provides an
overview of the representative works discussed in this section.
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3.3.1. Overview of DRL approaches in dynamic environments

Early studies commonly adopted value-based methods such as DQN
and DDQN because of their relatively simple training procedure and
compatibility with discrete navigation actions. Wang et al. [118], for
example, decomposed navigation into obstacle-avoidance and goal-
directed modules and used deep Q-learning to coordinate the two tasks.
Their modular design demonstrated that DRL can learn collision avoid-
ance in environments containing rapidly moving obstacles without
requiring an explicit global map. Memory-enhanced DQN approaches
further improved this idea by allowing past observations to influence
current decisions [29]. However, discrete action spaces generally re-
strict the UAV to a small number of predefined maneuvers and may
therefore be less suitable for smooth and agile flight.

For this reason, actor—critic algorithms supporting continuous con-
trol have become increasingly prominent. DDPG was one of the earliest
widely adopted approaches. Wan et al. proposed Robust-DDPG, intro-
ducing delayed learning, adversarial state perturbations, and mixed
exploration to improve stability and robustness under moving ob-
stacles and environmental uncertainty [108]. Hu et al. subsequently
developed REL-DDPG, in which experience selection is tailored to
the UAV’s current situation, improving convergence in complex three-
dimensional environments [107]. Nevertheless, DDPG can suffer from
unstable value estimation, which motivates increased adoption of TD3.
Zhang et al. employed TD3 with a two-stream actor—critic architecture
and showed that incorporating changes in environmental observations
improves adaptation to moving obstacles [27]. Later TD3-based studies
further incorporated prioritized replay and modified value estimation
to improve training efficiency and stability [109].

SAC has also attracted attention because its stochastic exploration
is useful in complex continuous environments. A comparative study
by Kalidas et al. found SAC more effective than DQN and PPO in
their vision-based dynamic navigation scenarios, particularly because
it combines continuous control with replay-based learning and explo-
ration [121]. More recent SAC methods have augmented the state
with temporal information and adjusted reward priorities during train-
ing [119,120]. Meanwhile, PPO despite being less sample-efficient
because it learns primarily from newly collected interactions, remains
attractive because of its stable policy updates and has been success-
fully applied to highly dynamic real-world navigation. Recent systems
using PPO have demonstrated avoidance of fast-moving obstacles and
physical deployment [122,123].

Similar to the algorithms discussed in the last section, no single DRL
family is universally preferable in dynamic environments. Increasingly,
performance gains arise not simply from selecting a stronger base algo-
rithm, but from how environmental dynamics are represented and how
learning is organized around efficiency and safety-critical experiences.

3.3.2. Dynamic state representation and temporal perception

A central difficulty in dynamic environments is that a single obser-
vation describes obstacle position but generally provides insufficient
information about motion. Consequently, state-space design has pro-
gressively shifted from purely spatial representations toward spatio-
temporal representations that allow the policy to distinguish approach-
ing, departing, and crossing obstacles.

One straightforward approach is to provide changes between con-
secutive observations. Wang et al. developed a two-stream Q-network
that separately processes the current laser observation and its temporal
difference, allowing the policy to infer obstacle movement without
explicitly predicting trajectories [118]. A similar principle was later
applied to continuous control by Zhang et al. [27], where a TD3-based
architecture processes both the current environmental observation and
its change. This simple design is important because it adds motion
awareness while avoiding the computational cost of explicit tracking
and prediction.

More complex environments, however, may require information
over longer periods. Singla et al. [29] addressed this problem using re-
current memory and temporal attention. Rather than making decisions
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Table 4

Representative studies of navigation with dynamic obstacles.
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Ref Year Targeted application & environment Base RL Control Simulation & test
dimension
[107] 2021 Goal-reaching with obstacle/threat avoidance DDPG 3D continuous Custom 3D fixed-wing simulator; 32-
in unknown 3D static/dynamic ray sensing; static layouts and one
environments dynamic scenario
[108] 2020 Goal-reaching with static/moving threat DDPG 2D continuous 2D simulator, 400 x 300 m, stochastic
avoidance in uncertain dynamic planar moving threats, LIDAR sector sensing
environments
[27] 2022 Point-to-point navigation in random TD3 3D continuous Unity3D ML-Agents; static training,
static/dynamic 3D multi-obstacle dynamic testing, 2000-episode
environments evaluation
[109] 2024 Point-to-point path planning in cluttered TD3 3D continuous Custom 3D OpenAl Gym;
static and moving-obstacle static/dynamic scenarios; compared
3D environments with DDPG, TD3, SAC
[110] 2024 Vision-based point-to-point navigation in TD3 3D continuous AirSim with Unreal Engine;
realistic static and dynamic 3D scenes low-level neighborhood and city environments;
RGB/RGB-depth comparisons
[111] 2024 Local goal-reaching and obstacle avoidance TD3 3D continuous Gazebo with PX4, HWT_OS,
in unfamiliar indoor-like high-level MAVROS; no-obstacle, static, dense,
environments dynamic tests
[112] 2023 Fixed-wing low-altitude target-reaching in TD3 3D continuous Custom large-scale 3D fixed-wing
unknown dynamic 3D threat environments simulator; moving obstacles, varied
speeds/densities
[113] 2025 Urban low-altitude path planning with DON 2D continuous AirSim-physical UAV twin platform;
static/dynamic obstacles and wind urban tasks, prediction, wind tests
[114] 2024 High-speed, high-density dynamic 3D obstacle PDQN 3D hybrid Custom OpenAl Gym 3D simulator;
avoidance and goal-directed discrete- static/dynamic mixed-motion obstacle
planning continuous tests
[115] 2024 Vision-based goal-reaching and collision DQN 3D discrete Python SVFO training and Unity3D
avoidance in unknown obstacle fields testing with static/moving obstacles
[116] 2020 Goal-directed navigation with DDQN 2D discrete 2D grid simulation; randomized
static/dynamic obstacles and multi- training, deterministic transfer tests
UAV interaction
[117] 2019 Quadrotor goal-reaching in suburban DDON 2D discrete AirSim/Unreal; fixed-altitude urban
clutter with static and moving drones neighborhood; 100-episode tests with
0-2 moving drones
[29] 2018 Indoor local obstacle avoidance with static DRQN 2D discrete Gazebo indoor environments; simulated
clutter and moving humans RGB-D datasets; six test scenes including dynamic
cafe
[118] 2018 Dynamic indoor goal-reaching among DQL 2D discrete Custom 2D simulator; four rooms;
moving obstacles using laser and goal randomized training, deterministic testing
vector
[119] 2025 Local goal-reaching in dense SAC 2D continuous 2D Gym environment; static/dynamic
static/dynamic obstacle fields, including obstacle tests varying count, size,
concave traps speed
[120] 2024 Fixed-altitude point-to-point navigation in SAC 2D continuous Gazebo; dense static and moving-
high-density, highly dynamic clutter obstacle planar scenarios with LiDAR
[121] 2023 Vision-based exit-reaching in static and SAC/PPO/ 2D discrete/ AirSim/Unreal; three training worlds, two test
dynamic 3D cluttered environments DQN continuous worlds,
moving actors and
obstacles
[122] 2025 Real-time quadrotor navigation in highly PPO 2D continuous Unity ML-Agents plus real quadrotor
dynamic clutter with fast-moving obstacles tests with lidar and PX4
[123] 2025 Safe goal-reaching in cluttered dynamic PPO 3D continuous Isaac Sim training, Gazebo evaluation,
spaces with dense static and moving real quadcopter flight with pedestrians
obstacles
[124] 2026 Mapless goal-reaching and obstacle SAC 3D continuous AirSim simulation across playground,
avoidance in unknown cluttered environments canyon, and dynamic urban scenarios;
with static and moving obstacles indoor real-UAV test
[125] 2025 Goal-directed UAV navigation and DQN 3D discrete AirSim/Unreal Engine 4 simulation
dynamic obstacle avoidance in cluttered with varying obstacle densities
indoor environments with moving
pedestrians
[126] 2025 3D local path planning and obstacle avoidance TD3 3D continuous Large-scale 3D simulation with dense,

in complex post-disaster environments
with static and moving obstacles

dynamic, and multi-UAV scenarios;
real-flight validation
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solely from the current monocular observation, the network retains
information from previous observations and emphasizes temporally
relevant features. This is particularly beneficial when obstacles become
temporarily occluded or when their direction of movement cannot
be determined from two consecutive frames. This idea is developed
further by integrating a GRU and temporal attention mechanism with
SAC [119]. Historical states are encoded and selectively weighted so
that the policy can preserve useful motion information while remaining
responsive to current conditions. Such designs effectively acknowl-
edge that mapless navigation with limited sensors is often partially
observable, even when the problem is formally described as an MDP.

Recent approaches have also moved toward more explicit descrip-
tions of obstacle dynamics. Sheng et al. [120] augment LiDAR states
with changes in position and orientation, while NavRL separately rep-
resents dynamic obstacles using their relative positions, dimensions,
and estimated velocities [123]. Fan et al. took a different approach by
stacking historical LiDAR scans into a compact obstacle map, enabling
a neural network to extract both spatial structure and motion patterns
directly [122]. Vision-based frameworks similarly combine depth infor-
mation with UAV and goal states to improve awareness of surrounding
geometry [110]. Collectively, these studies reveal a clear trend that
successful dynamic navigation increasingly depends on representing
not only where an obstacle is, but also how it is moving and how
its motion relates to the UAV’s future trajectory. Temporal difference
features offer a lightweight solution, whereas recurrent and attention-
based models capture longer dependencies. Moreover, explicit velocity
estimation and historical sensor data provide richer motion information
for highly dynamic environments

3.3.3. Learning strategies for efficiency and safety-critical policy design

Dynamic obstacle avoidance also places substantial demands on the
learning process and strategies. Collisions and near-collision situations
may represent only a small proportion of all collected interactions, yet
they contain some of the most valuable information for learning safe be-
havior. This has motivated considerable research on experience replay.
REL-DDPG selects experiences that are not only associated with high
learning error but are also relevant to the UAV’s current navigation
situation [107]. Hu et al. later proposed asynchronous curriculum expe-
rience replay, in which experience priorities are continuously updated
and samples are introduced from easier to more difficult situations
as training progresses [112]. Similarly, prioritized experience replay
has been combined with TD3 to increase the frequency with which
informative transitions are revisited [109,110]. Instead of treating
all past interactions as equally useful, these methods direct learning
toward experiences that carry greater information about difficult or
safety-critical situations in dynamic environments.

Reward design provides another important mechanism for intro-
ducing safety knowledge into the learning process. Most approaches
combine progress toward the destination with penalties for collision
and unsafe obstacle proximity, but more recent studies increasingly
incorporate structured prior knowledge rather than relying entirely on
trial-and-error learning. For instance, Sheng et al. [120] dynamically
adjust reward weights throughout training, allowing broader explo-
ration initially and progressively emphasizing collision avoidance and
goal-directed motion. A different approach incorporates obstacle mo-
tion into their reward formulation so that the UAV is discouraged from
entering potential future collision regions rather than reacting only to
instantaneous obstacle distance [122]. Artificial potential fields (APFs)
provide a particularly intuitive means of introducing such guidance.
Liu et al. incorporated APF-based attraction and repulsion into the
reward function, explicitly encouraging motion toward the target while
increasing penalties as the UAV approaches obstacles [125]. A similar
approach integrates APF-derived repulsive information into the reward
of a SAC-based visual navigation policy [124]. Instead of consider-
ing only the nearest obstacle, their reward aggregates the influence
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of multiple nearby obstacle points, providing a denser indication of
surrounding collision risk.

Beyond reward shaping, recent studies increasingly incorporate ex-
plicit mechanisms that constrain or correct unsafe policy outputs. A
tighter integration between model-based guidance and DRL is adopted
by Ren et al. [126]. Their PG-ITD3 method does not ask the policy
to directly determine UAV motion. Instead, TD3 adjusts the repulsive
coefficients of an improved APF, which subsequently determines the
navigation direction. The APF therefore provides an explicit collision-
avoidance structure while DRL adapts its parameters to changing obsta-
cle configurations. This illustrates a broader trend toward embedding
task-specific safety knowledge into both the policy structure and the
learning process. For instance, NavRL applies a lightweight safety
shield based on velocity-obstacle principles [123]. This approach uses
a PPO policy to proposes a velocity that may lead to a collision,
the command is projected toward a safer alternative. Related hybrid
approaches use APFs, predicted obstacle motion, or structured collision-
risk models to guide learned decisions [124-126]. Such designs reduce
the burden on the DRL policy to discover every aspect of safe navigation
solely through accumulated rewards.

3.4. Navigation under wind disturbance

Navigation under wind disturbances and perception uncertainty
remains one of the central challenges in autonomous UAV systems
operating in complex environments. These factors directly influence
system stability and mission reliability and are therefore a primary
focus of this survey. Accordingly, this survey focuses on approaches
designed to address these challenges. Wind can push the vehicle away
from its intended path, reduce tracking accuracy, and cause unsafe
behavior if the controller cannot respond quickly. At the same time,
limited perception and sensing can prevent the UAV from correctly un-
derstanding its surroundings. Recent DRL studies address these issues at
different levels of the autonomy stack. Some focus on low-level control
and tracking under external disturbances, others study disturbance-
aware replanning and mapless navigation in uncertain environments.
At the control level, wind directly perturbs vehicle dynamics, making
accurate hovering, trajectory tracking, and disturbance rejection more
difficult. At the navigation level, wind can alter the feasibility, safety,
and efficiency of planned motions, requiring the UAV to adapt its path
or local navigation policy to changing conditions. To clarify these de-
velopments, this section reviews the literature from these perspectives.
The studies covered in this section are summarized in Table 5.

3.4.1. Wind-robust low-level control and tracking

A major area of research addresses wind disturbance at the low-
level control layer, where the main goal is to keep the UAV stable and
accurate despite external forces. Rather than solving full path planning,
these studies focus on core flight behaviors such as hovering, waypoint
regulation, and trajectory tracking under changing wind conditions. A
common pattern is to strengthen the control layer rather than redesign
the full navigation stack. Several works combine reinforcement learning
with classical control ideas. For example, Ma et al. [129] adds a DDPG-
based compensation term on top of a dual-loop PID controller, allowing
the UAV to better reject composite wind effects while improving hover
and trajectory tracking. In a similar spirit, Pi et al. [64] introduces a
disturbance-compensation framework in which a pre-trained RL con-
troller is supported by an external observer that estimates wind-like
forces and corrects the control signal, showing that robustness can
be improved even without retraining the policy under disturbances.
Likewise, an integral compensation mechanism is combined with DDPG
learning in [134], directly targeting the steady tracking errors that
often remain under persistent disturbance. Another line of work im-
proves robustness through training design. REFORMA [128] frames
disturbance rejection as a robustness problem and trains a policy with
adversarial disturbances, while also adding an adaptation module that
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Table 5
Representative studies of navigation under wind disturbance.
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Ref Year Targeted application & environment Base RL Control Simulation & test
dimension
[127] 2025 Target search, continuous tracking, DDPG 2D continuous 2D Gym-style grid world, polygon
obstacle avoidance in cluttered occluded obstacles, occlusion zones, noisy sensing
environments
[128] 2024 Robust hovering and gate traversal under PPO 3D continuous gym-pybullet-drones; 3D hover and
unknown action disturbances fly-through-gate under adversarial
disturbances
[129] 2024 Wind-disturbance rejection for hover and DDPG 3D continuous MATLAB/Simulink; composite wind,
trajectory tracking hover, lawnmower tracking, limited
real-flight tests
[130] 2024 Point-to-point regulation and hovering A2C/SAC/ 3D continuous Custom Gym-Bullet quadrotor
under wind and noise disturbances PPO simulator with multiple synthetic wind/noise
models
[131] 2023 Local replanning with collision avoidance PPO 3D continuous ROS, Gazebo, Rotors; 3D power-plant
under wind disturbances environments with sparse, dense, maze
zones
[19] 2023 Trajectory/target tracking under DDPG 3D continuous Python/TensorFlow simulation,
time-varying wind disturbances AirSim HITL, outdoor quadrotor flight
tests
[132] 2023 Stand-off target tracking for tilt-rotor DDPG 3D continuous Numerical simulation, HIL platform,
VTOL under wind real-world VTOL tests
[64] 2021 Hovering and waypoint tracking under PPO 3D continuous Python simulator, indoor fan-wind
external wind disturbances tests, outdoor GPS square-path flights
[133] 2021 Robust waypoint reaching and hovering DDPG 3D continuous MuJoCo Gym simulation; unseen
under disturbances and model mismatch mass and disturbance generalization
tests
[134] 2020 Robust low-level tracking under wind, DDPG 3D continuous High-fidelity quadrotor simulator with
faults, and uncertainty robustness and online-adaptation tests
[135] 2024 Urban navigation with obstacle avoidance PPO + 3D continuous Unity3D ML-Agents; random
and wind-zone-aware goal-reaching LSTM districts; Manhattan CFD-wind validation
[113] 2025 Urban goal-directed path planning with DQN + 3D discrete AirSim-based digital twin; virtual-real
dynamic obstacles and wind LSTM experiments; static, dynamic, windy
scenarios
[136] 2021 Point-to-point and waypoint navigation TD3/SAC 3D continuous ROS, Gazebo, RotorS; 3D indoor
with static obstacles and wind scenarios with wind disturbances
[108] 2020 Point-to-point flight with collision avoidance DDPG 2D continuous 2D simulator; moving obstacles,

in dynamic uncertain environments

density sweeps, disturbance robustness
tests

helps the controller respond to different disturbance strengths during
deployment. This is important because real wind conditions are not
fixed and often change over time. Along related lines, the work in [133]
applied action-robust DDPG to quadcopter control, using adversarial
action perturbations during learning so that the final controller remains
more reliable under model mismatch and control uncertainty. The
approach in [130] takes another route by reshaping the learning signal
through multiple PID-based evaluators and a self-attention mechanism,
with the goal of making training more stable and the resulting con-
troller more resistant to noisy or changing disturbances. A third group
emphasizes tracking performance under changing wind conditions. The
method in [19] improves trajectory tracking by combining incremental
adaptation, guided exploration, and weighted learning updates, which
helps the DDPG-based controller adjust when wind conditions shift
across operating regimes. The study in [132] extends this idea to target
tracking for a tilt-rotor UAV, highlighting a quantum-inspired replay
strategy and disturbance-aware training to improve tracking stability
in windy conditions.

3.4.2. Wind-aware replanning and mapless navigation

Wind-aware local replanning and mapless navigation studies move
beyond basic stabilization and focus on how a UAV should make
navigation decisions when wind changes the safety and feasibility of
different routes. In this aspect, the main challenge is not only to resist
disturbance, but also to adjust motion decisions online so that the vehi-
cle can still reach its goal efficiently and safely. An earlier study [108]

on robust point-to-point navigation in uncertain environments empha-
sizes a simple yet important idea: robustness can be improved by
training policies under disturbances and challenging conditions, such
as moving obstacles and noisy motion. Through exposure to these
scenarios during training, the learned policy develops behaviors that
remain effective even as environmental conditions deteriorate. Another
representative example is the meta-learning replanner in [131], which
adjusts local motion plans around a given reference trajectory and
explicitly changes timing and path corrections when wind and obstacle
density vary; its key contribution is fast adaptation to new disturbance
regimes with only a small amount of online adjustment. For mapless
urban navigation, Wu et al. [135] demonstrates that wind zones around
buildings can generate traps and detours even when the destination
is nearby. The study introduces a multi-objective formulation that
balances goal reaching, obstacle avoidance, and wind exposure by
leveraging compact perception features and temporal memory. In dy-
namic and cluttered environments, the approach in [113] emphasizes
system-level integration. The framework combines obstacle motion
prediction, a safety-shaping layer, and reinforcement learning, and is
supported by a digital-twin loop that uses virtual-physical feedback to
enrich training data and narrow the gap between simulation and real-
world deployment. Another study [136] observes that the combination
of sparse sensing and wind disturbances makes navigation strongly
dependent on historical information. By integrating memory and stabi-
lizing value estimation, the method achieves improved performance in
3D goal-reaching and waypoint navigation tasks under wind conditions.
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Meanwhile, Feng et al. [127] presents a related perspective through
its investigation of target search and continuous tracking in cluttered
environments. Although the focus is on occlusion and temporary target
loss rather than wind, the proposed search-track-relocalize strategy
illustrates an important insight that effective local navigation policies
should incorporate explicit recovery behaviors to handle disruptions
caused by environmental uncertainty such as wind.

3.5. DRL design choice in complex environments

The design of a deep reinforcement learning system for UAV naviga-
tion should be closely matched to the type of complexity present in the
operating environment. Although similar DRL algorithms may be used
across different scenarios, the main challenge is not simply choosing a
particular algorithm, but determining what information the UAV must
understand and what behavior it must learn.

In cluttered spaces, the dominant difficulty is spatial, where the
UAV must perceive nearby obstacles, identify feasible free space, and
continue progressing toward the goal without becoming trapped in
narrow passages, dead ends, or dense obstacle arrangements. As a
result, design choices in these environments place strong emphasis
on spatial perception and efficient exploration. State representations
commonly focus on obstacle distance, depth information, local geom-
etry, and relative goal direction, while memory can help the UAV
avoid repeatedly visiting the same unfavorable regions. Because suc-
cessful trajectories may be difficult to discover when collisions occur
frequently, the learning process also benefits from mechanisms that
make better use of limited experience. Demonstration-based learning,
hindsight learning, curriculum learning, and exploration incentives
can all reduce ineffective trial-and-error and help the policy discover
useful detours. The main design objective in cluttered environments is
therefore to help the UAV understand spatial constraints while learning
how to explore them efficiently.

When obstacles are dynamic, the spatial information alone is no
longer sufficient. The UAV must also understand how the environ-
ment is changing over time. A moving obstacle that is currently far
away may soon cross the UAV’s path, while a nearby obstacle mov-
ing away may pose little risk. Consequently, the design emphasis
shifts from purely spatial perception toward temporal reasoning and
collision anticipation. Current observations are often supplemented
with information from previous time steps, such as changes in sensor
measurements, historical observations, estimated obstacle velocities,
or short-term memory. These additions allow the policy to distin-
guish between different motion patterns and react before a collision
becomes unavoidable. Learning strategies also become more safety-
oriented because near-collision and rapidly changing situations are
especially informative. Experience replay methods can give greater at-
tention to difficult or safety-critical interactions, while reward functions
can encourage the UAV to maintain safe separation not only from
the current obstacle position but also from potential future collision
regions. Some designs further combine learned policies with explicit
safety guidance so that clearly unsafe actions can be corrected. In this
setting, the central requirement is no longer simply to identify free
space, but to understand how free space may change and to act early
enough to remain safe.

Wind disturbance introduces another form of complexity because
uncertainty affects the UAV itself rather than only the surrounding
environment. Even when the desired path is known and obstacles are
correctly perceived, wind can push the vehicle away from its intended
trajectory, reduce tracking accuracy and change the effectiveness of
control actions. The DRL system must therefore learn not only where to
move, but also how to remain stable and effective when the relationship
between action and motion changes. This shifts the design emphasis
toward robustness, adaptation, and disturbance compensation. At the
low-level control layer, DRL is often combined with classical control
or disturbance estimation mechanisms so that learned policies can
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compensate for persistent or changing external forces. Robust training
can expose the policy to different disturbance conditions, allowing it to
maintain performance when wind strength or direction changes. At the
navigation level, adaptation becomes important because wind can alter
the safety, cost, or feasibility of candidate routes. Memory, adaptive
policies, and rapid replanning can therefore help the UAV respond to
changing disturbance patterns rather than following a fixed strategy.

These observations suggest that effective DRL navigation depends
less on selecting a universally superior algorithm and more on adapting
the overall learning framework to the challenges of the operating
environment. The same base algorithm can perform very differently
depending on the detail of its design. As environmental complexity in-
creases, these supporting design choices become increasingly important
because the policy must learn from richer information while remaining
reliable under conditions that may be difficult to encounter sufficiently
during training. Therefore, DRL design for complex UAV navigation
should be viewed as a coordinated combination of perception, state
representation, learning strategy, and control rather than as a sim-
ple choice among individual reinforcement learning algorithms. This
perspective also explains why recent research increasingly modifies
or augments established DRL methods instead of relying solely on
improvements to the base algorithm itself.

4. UAV simulation and performance metrics
4.1. UAV simulators

Drone simulation plays two crucial roles in DRL-based navigation:
(i) low-cost training that enables the extensive trial-and-error required
by reinforcement learning without risking hardware, safety, or regula-
tory compliance; (ii) Test and evaluate new algorithms, sensors, and
autonomy stacks under controlled, repeatable experiments. It supports
environments for quick prototyping before committing to field tests.
In this section, we focus on a set of widely used, readily accessible
UAV simulators that are commonly adopted in DRL workflows on
mainstream operating systems: AirSim [137], Flightmare [138], gym-
pybullet-drones [139], and Gazebo [140], while noting that many other
platforms exist (e.g., proprietary or domain-specific simulators) and
may be appropriate depending on different application requirements.
A full comparison of the discussed simulators is presented in Table 6.

AirSim is an open-source, cross-platform simulator built upon the
Unreal Engine [141] and was created by Microsoft Research as a
platform for AI experimentation [137]. Its primary strengths for DRL
navigation are **high-fidelity visual sensing** and a practical auton-
omy workflow. The simulator exposes Remote Procedure Call (RPC)
APIs for vehicle control and data retrieval with client support lan-
guages including C++, Python, C#, and Java and supports Software
In The Loop (SITL) with PX4/ArduPilot as well as Hardware In The
Loop (HITL) with PX4, which makes it suitable for perception-driven
navigation and sim-to-real validation [137]. In addition, the simulator
supports widely used robotic platforms, such as the Robot Operating
System (ROS) [142]. The main weaknesses are the computational cost
associated with photorealistic simulation and the engineering effort
required to align simulated dynamics and sensors with target hardware.
Additionally, AirSim’s maintenance trajectory should be monitored
because Microsoft has announced plans to archive the original Air-
Sim repository which may affect long-term reproducibility and tooling
stability. Notable Airsim usecases include vision-based collision avoid-
ance, learning-based navigation in complex urban-like scenes, and
dataset generation using its camera and sensor APIs.

Flightmare explicitly targets the speed-fidelity dilemma by decou-
pling a configurable Unity-based rendering engine [143] from a sepa-
rate physics engine for dynamics simulation [138]. This design enables
extremely high simulation throughput. It reported up to 230 Hz render-
ing and up to 200,000 Hz physics on a laptop, supporting large-scale
parallel DRL training for hundreds of quadrotors. Its strengths include
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scalable training, multi-modal sensors (e.g., RGB/depth/segmentation)
and interfaces for extracting 3D scene information (e.g., point clouds),
which are valuable for learning in cluttered 3D environments [138].
The main limitations are that high-throughput physics and photo-
realistic rendering do not automatically guarantee real-world corre-
spondence. While Flightmare can interface with robotics middleware
via ROS wrappers, careful calibration and sim-to-real transfer strate-
gies are still required. The simulator is typically positioned as a fast,
experiment/evaluation platform in research rather than an end-to-
end integration with full autopilot stacks (e.g. PX4/ArduPilot) and
HITL testing. In the original demonstrations, Flightmare was used for
learning quadrotor control policies and for collision-free planning in
complex 3D scenes [138].

gym-pybullet-drones represents a lightweight UAV simulator built
on PyBullet/Bullet physics [144] with a standard Gym-style interface,
designed explicitly for single and multi-agent learning and control
research [139]. A key advantage is its tight alignment with common
RL tooling: the standard environment interface simplifies integration
with libraries such as Stable-Baselines3 or RLlib, and headless execution
supports efficient parallel training for sample-hungry algorithms. It
also provides physics-based features such as realistic collisions and
aerodynamic effects that make it credible for control-centric evalu-
ation [139]. However, its strengths come with limitations. PyBullet-
based simulations typically emphasize rigid-body dynamics and offer
limited capability for photorealistic rendering, sensor fidelity, and rich
world modeling. Currently the main repository does not have native
ROS integration in the core package, which may require users to build
custom bridges when testing ROS-based autonomy stacks. As a result,
the simulator can be viewed as a fast, credible, and controllable exper-
imental platform for UAV control research in single and multi-agent
tasks such as hover stabilization, trajectory tracking, and formation
flight.

Gazebo is a widely used open-source robotics simulator that supports
UAV research by combining physics-based dynamics, extensible sensor
simulation and system integration via plugins and messaging interfaces,
and it is widely used for closed-loop testing of full autonomy stacks
in ROS-centric ecosystems [140]. A major advantage is its ecosystem
compatibility: researchers can connect Gazebo to common robotics
middleware (e.g. ROS), and to popular autopilot stacks (e.g., PX4 or
ArduPilot) for SITL evaluation. The plugin architecture allows custom
models for vehicles, sensors, wind disturbances, and environment inter-
actions, making Gazebo suitable for system-level experiments that span
perception, planning, and control. The main drawbacks for DRL are
typically lower training throughput than minimalist RL environments
and non-trivial configuration overhead when scaling scenario diver-
sity, sensors, and multi-vehicle setups [145]. Overall, Gazebo is best
suited for researchers who need an open, modular, and robotics-native
simulator to validate autonomy pipelines and autopilot integration.
When photorealistic perception and deployment robustness are primary
goals, it is often complemented with higher fidelity rendering engines
or real-world testing.

4.2. Performance metrics

Selecting appropriate evaluation metrics for autonomous UAV nav-
igation is essential for producing fair comparisons across algorithms
and for deriving useful conclusions about performance under realistic
operational constraints. Because navigation policies are often trained
and tested in task-specific simulators or environments, a poorly chosen
metric set can yield over-optimistic results or an incomplete assessment
(e.g., reporting goal attainment without characterizing failure modes).
Therefore, we recommend a robust evaluation protocol that should
cover at least three dimensions: safety, efficiency, and robustness. Table
7 provides a full overview of the discussed performance metrics.

A standard safety or reliability indicator is Success Rate (SR), which
is defined as the percentage of episodes/experiments in which the UAV
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reaches the goal without collision or timeout. It remains the most
widely reported metrics particularly in unknown or partially observed
environments. However, SR alone is insufficient and it should be com-
plemented by Crash Rate (CR), which is defined as the percentage
of episodes/experiments ending in collision typically due to obstacle-
avoidance failure. Lost Rate (LR) is another important metric which
captures the scenarios that UAV neither crashes nor reaches the goal,
typically due to timeouts, oscillatory behaviors, or local minima. These
failure patterns are frequently observed in large-scale or sparse-reward
RL settings. For tasks with an explicit reference trajectory such as
corridor following, precision landing, target tracking, Root Mean Square
Error (RMSE) provides a principled measure of tracking precision,
either relative to the desired trajectory or position. Methodologically,
RMSE is attractive because squaring the error penalizes occasional large
deviations (e.g., overshoot, estimator dropouts, aggressive oscillations),
which often correlate with poor stability or weak disturbance rejection.

Beyond binary safety outcomes, efficiency-oriented metrics are nec-
essary to prevent overly favorable evaluations of algorithms that suc-
ceed only by taking unnecessarily long or conservative routes in com-
plex environments. Path Length (PL), defined as the total distance
traveled typically averaged over successful episodes, is widely used to
measure navigational efficiency. When safety constraints are satisfied,
shorter trajectories generally imply better planning and fewer energy
expenditures. PL is therefore commonly reported alongside SR and
CR, and used in cluttered scenes where a policy can achieve a high
SR by wandering until it eventually reaches the goal, at the cost
of impractical mission times, higher energy consumption and higher
exposure to risk. Success weighted by Path Length (SPL) is a standard
metric that jointly captures task completion and navigation efficiency,
originally proposed to avoid reporting success without accounting for
how circuitous the agent’s motion was [146]. In practice, SPL penalizes
inefficient paths while preserving a binary notion of success, which
yields a single metric that better reflects operational usefulness than
SR alone. Although originated in embodied navigation benchmarks,
SPL can be easily extended to UAV navigation when an approximate
optimal path can be estimated, such as via global planners, occupancy-
grid shortest paths, or best-known trajectories from repeated trials.
However, SPL measures distance efficiency, not directly linked to time,
energy or UAV dynamics. For instance, A distance-optimal route can
be slow if it forces frequent deceleration, tight cornering, stop-and-
go motion. In environment with nontrivial dynamics, distance-optimal
behavior may not align with time-optimal or energy-optimal behavior.

Learning-based evaluation signals are also widely reported, most no-
tably Average Reward/Return (AR), which is computed as the mean cu-
mulative reward over evaluation episodes. While convenient in (DRL),
AR is inherently reward-design dependent: different shaping function
returns can make them incomparable across algorithms and can obscure
which behavioral properties improved. Consequently, reward-based
metrics should be reported primarily as within-study analysis and
should be accompanied by aforementioned safety or efficiency metrics.
Average Steps to Goal and Time to Goal (TTG) quantify how quickly
an autonomous UAV reaches its objective, commonly in discrete de-
cision steps in RL environments. These metrics are useful because
they capture learning speed and efficiency in a directly interpretable
way. In RL-based navigation, average steps or time to goal (TTG)
provides additional insight into learning progress. As policies improve
during training, they tend to reduce unnecessary wandering and dead
ends, which is reflected in decreasing TTG values. Plotting TTG (or
steps) over training iterations therefore helps assess convergence speed
toward an effective policy, which complements reward curves that may
be misleading due to reward shaping.

Robustness metrics are also important for evaluating UAV naviga-
tion performance under environmental disturbance and uncertainty.
Therefore, a typical evaluation should quantify sensitivity to distur-
bances by varying perturbation magnitudes and reporting degradation
curves rather than a single-point result. Studies should report how
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Table 6
Comparison of common UAV simulators used in RL research.
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simulator Rendering Programming API ROS integration Autopilot Primary Research focus
engine
Airsim Unreal Python/C++ ROS wrapper Explicitly Perception-heavy navigation,
Engine support supports synthetic data generation, and SITL
PX4/ArduPilot or HITL simulation.
SITL/HITL
Flightmare Unity Python/C++, ROS wrapper possible High simulation throughput for
built-in wrappers support interface with quadrotor learning/control with
for gym PX4 via bridge optional photorealistic rendering
interface
gym- Pybullet/ Python, native Not supported Not supported RL/control benchmarking
pybullet- OpenGL gym-style (single + multi-agent) with fast,
drones environment lightweight physics and standard
and SB3 workflow Gym API
Gazebo ODE/ C++ Native ROS- Native support System-level robotics integration
Bullet/ centric for PX4 and (ROS), physics + sensors +
Simbody/ ecosystem ArduPilot plugins; widely used for SITL/HITL
DART stacks

core navigation outcomes (e.g., SR, CR, LR, PL, etc.) change as a
function of perturbation level, ideally identifying failure thresholds
and safety margins. Such curves are more informative than aggregate
averages of these metrics because they characterize operational en-
velopes and reveal whether performance collapses abruptly or degrades
gracefully. In addition, robustness should address generalization across
environments. A typical approach involves evaluating performance using
the same safety or efficiency metrics on unseen maps and conditions
that induce distribution shift in geometry and dynamics. Evaluations
should therefore include test suites with varying obstacle densities,
corridor widths, clutter types, and scale, as well as changes in textures,
lighting, weather effects, and sensor noise profiles to probe perception-
driven failure modes. For dynamic environments, robustness should
also be assessed under different patterns of moving obstacles or agents
(e.g., pedestrians, vehicles, other UAVs), including variations in speed,
interaction frequency, and behavioral stochasticity.

5. Current challenges and future directions

In this work, we summarize and compare various approaches pro-
posed in the literature for improving mapless UAV autonomous naviga-
tion in complex environments using reinforcement learning methods.
The environments considered include navigation in cluttered spaces,
navigation with dynamic obstacles, and navigation under wind dis-
turbances. Based on the analysis presented in the previous sections,
the following paragraphs discuss the current challenges and outline
potential future research directions.

A central current challenge for mapless UAV navigation in complex
environments is that many DRL systems depend on a multi-stage per-
ception pipeline whose errors directly shape both decision quality and
safety. In practice, dynamic obstacle avoidance often requires reliable
detection, depth estimation, and tracking. When RGB-D signals degrade
due to clutter, poor lighting, or heavy occlusion, the downstream policy
may receive incomplete or misleading inputs. This error propagation
becomes particularly problematic when the safety mechanism is also
driven by the same perception outputs, because a missed detection can
remove a critical constraint, while false alarms can trigger unnecessary
evasive behavior. As a result, future work should emphasize robustness
to imperfect sensing as a first-class objective rather than an implicit
assumption. Promising directions include designing policies that can
cope gracefully with missing or uncertain observations and evaluating
methods under controlled sensing degradations that reflect realistic
failure modes instead of only clean sensor conditions.

Secondly, closely related challenge concerns how dynamic agents
are represented and anticipated. Many existing designs compress the
surrounding traffic into a fixed-capacity encoding, such as the nearest
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few moving obstacles, which can break down in crowded scenes. The
closest agents are not always the most dangerous. For instance, a fast
mover slightly farther away, or cross-traffic approaching from the side,
may pose greater risk than a nearby but slow obstacle. Moreover, when
systems attempt short-term prediction of obstacle motion, performance
often deteriorates rapidly as the prediction horizon increase which
limits the usefulness of forecasting to near-term reactions. Future work
should prioritize scalable representations that can manage variable
numbers of moving obstacles without assuming a fixed capacity, along
with risk-aware selection mechanisms that rank obstacles by potential
threat instead of distance alone. Furthermore, dynamic obstacles should
not be treated as isolated observations across time. Incorporating sim-
ple temporal patterns such as acceleration and turning can improve the
stability of navigation decisions and help prevent delayed or abrupt
avoidance maneuvers.

A third challenge concerns how safety is enforced during learning
and deployment. Many mapless DRL systems rely on a safety layer that
modifies or overrides the policy when a collision seems imminent. Al-
though this approach can reduce crash rates, it often relies on simplified
geometric assumptions such as modeling obstacles as spheres and short
time-horizon checks. In dense environments, such mechanisms may
become overly conservative, resulting in hesitant motion, deadlocks,
or unnecessarily long detours as the system repeatedly blocks feasi-
ble actions. Furthermore, safety is often encouraged through reward
penalties rather than guaranteed by design, which means constraint
violations may still occur when the policy encounters unfamiliar con-
ditions or when perception temporarily fails. A key future direction is
to move from ad hoc safety fixes toward more principled approaches
to constraint handling and transparent safety reporting. This includes
explicitly monitoring safety violations beyond collisions, such as near
misses, minimum separation distances, and the time spent in unsafe
states. It is also important to develop safety mechanisms that remain
reliable under sensing uncertainty.

A fourth challenge is control realism, particularly the gap between
simplified learning interfaces and realistic control. Many studies restrict
motion to a horizontal plane with fixed altitude, use discrete action
choices, or assume near-perfect tracking of commanded velocities.
These abstractions help learning, but they hide major difficulties that
appear in practice such as actuator limits, delays, and the coupling be-
tween translation and attitude. Even when a policy outputs continuous
acceleration-like commands, the resulting control can fluctuate from
step to step, which indicates limited inherent smoothness and raises
concerns about stability and energy use. Future work should prioritize
learning and evaluation under more realistic control conditions while
maintaining overall system practicality. One promising direction is to
incorporate fundamental vehicle constraints directly into the learning
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Table 7
Common evaluation metrics for learning-based UAV navigation.
Metric Focus dimension Typical usecases Measurement focus Notable
example
Success Rate (SR) Safety Point-to-point navigation, Percentage of episodes/experiments In most
obstacle avoidance, reaching goal without collision or timeout point-to-point
exploration with goal UAV navigation
studies
Crash Rate (CR) Safety Point-to-point navigation, Percentage of episodes/experiment [27],
obstacle avoidance episodes ending in collision [181,
[108],
[30]
Lost Rate (LR) Safety/Efficiency Point-to-point navigation, Percentage of episodes that neither [271,[108],[30]
large-scale navigation succeed nor crash
Root Mean Square Safety/Efficiency Trajectory/target tracking, Root Mean Square Error of tracking [132]1,[641,[19]
Error (RMSE) precision landing precision relative to the desired trajectory
or position
Path Length (PL) Efficiency Goal-oriented navigation Total distance traveled avg over [17],[64]1,[120]
with efficiency episodes/experiments
considerations
Success weighted Safety/Efficiency Goal-oriented navigation Success rate weighted by navigation [103]1,[147],[148]

by Path Length
(SPL)

with efficiency
considerations

efficiency, computed upon the ratio between
the shortest feasible PL and the actual
traveled PL

Average Reward
(AR)

Learning-specific

DRL training evaluation

Mean cumulative reward over evaluation In most
episodes RL-based
studies

Average Steps to
Goal/ Time to
Goal (TTG)

Efficiency/
Learning-specific

Time-critical navigation,
energy-efficient
navigation/DRL training
evaluation

Mean steps to reach goal [120],[118],[92]

Disturbance Robustness Robust navigation Performance metrics (e.g. SR/CR/LR) [108],[19],[128]
Sensitivity (uncertainty) control under disturbance vs. perturbation magnitude

Generalization Robustness Sim-to-real transfer, Performance metrics (e.g. SR/CR/LR) [271,[171,[18],
across (distribution shift) domain randomization on unseen maps/settings [1071,[134]
environments

problem, such as limits on rapid command changes, speed bounds, and
realistic control delays, so that the learned policy does not rely on an
idealized simulator.

Lastly, many mapless DRL navigation results remain convincing
primarily in simulation or within a narrow set of simulated scenarios
that differ only slightly from the training environments. Generalization
and transfer to deployments in different environment remain significant
challenges. In practice, UAVs must operate under shifts in sensing
and dynamics, including different cameras or depth sensors, changing
lighting and weather conditions, variations in obstacle geometry and
motion that may not be present during training. When such factors
are insufficiently represented, the learned policies may fail abruptly
and safety mechanisms may also behave unpredictably. This is because
their underlying assumptions no longer reflect real-world conditions.
Therefore, sim-to-real transfer should be considered a core research ob-
jective rather than a peripheral discussion in future research. Potential
directions include designing training environments that intentionally
vary sensor quality, noise characteristics, and latency. Expanding the
diversity of obstacle types and spatial layouts during training can
further improve robustness. For evaluation, performance should be
assessed in explicitly defined unseen environments instead of relying
solely on variations of the training maps.

6. Conclusion

In this survey, we reviewed how deep reinforcement learning is
being applied to mapless UAV navigation in complex environments.
We first introduced the foundational topics, including UAV types, kine-
matics, and dynamics, since the maneuvers a UAV can safely perform
are ultimately determined by these physical constraints. Building on
that foundation, we discussed Deep reinforcement learning, core com-
ponents of autonomous UAV navigation, including autonomy levels,
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the differences between map-based and mapless navigation, and the
roles of path planning, trajectory planning, and reactive control. The
main body of the survey organized recent DRL approaches by the
environment challenges they target. In cluttered spaces, many methods
show strong progress in local obstacle avoidance, but they often rely on
simplified sensing and motion assumptions. With dynamic obstacles,
the key difficulty is not only avoiding collisions, but also handling
incomplete observations and fast-changing interactions. Under wind
disturbance, we saw that robustness is often improved through com-
pensation, adaptation, or training with disturbances, yet many studies
still test only a narrow set of wind conditions. Across these topics,
a common theme is that impressive results in simulation do not al-
ways translate into reliable behavior in real flight, especially when
perception degrades, dynamics differ, or safety must be guaranteed.
We also highlighted simulators and performance metrics, since eval-
uation quality often determines how much we can trust a claim. Future
work should place more weight on realistic sensing, stronger safety
reporting beyond collision counts, smoother and more stable control
outputs, and clearer generalization tests across environments, sensors,
and disturbances. Overall, mapless DRL is a promising direction for
UAV autonomy, but the next step is to make these systems easier to
trust, compare, and deploy in the complex settings they aim to serve.
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