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Abstract. An intelligent adaptation technique is necessary due to the complexity and unpredictability of the air space, and
autonomous unmanned aerial vehicle (UAV) navigation uses quantum reinforcement learning (QRL) as an advanced control
mechanism. This work suggests quantum-inspired encoding and optimization algorithms for policy learning in order to
overcome the shortcomings in efficiency and scalability of conventional and deep reinforcement learning approaches. The
technique employs quantum-parametric policy optimization on a hybrid quantum-classical architecture after forming UAV
navigation as a Markov Decision Process and adding quantum amplitude encoding. Dynamic obstacle and random wind
disturbance experiments will be carried out in a high-fidelity 3D simulation environment. QRL has decreased energy usage
by up to 17% and increased the top classical RL baseline's convergence speed by 40%. Even in inclement weather, the success
rate remains around 95%, and the minimum obstacle clearance never falls below 1.8 meters. Analysis shows that QRL yields
safer, more robust and sample-efficient policies that are better at generalizing to unseen maps and disturbance-heavy
environments. Based on the above results, the technical feasibility and engineering value of quantum-enhanced learning
algorithms for robust UAV autonomous navigation have been demonstrated; thus, they can serve as a model for future
intelligent aerial decision systems.
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Introduction

Unmanned aerial vehicles (UAVs) are revolutionizing the field of aerial robotics and are being used for a variety
of tasks, including construction inspections, environmental research, observation and surveillance, and disaster
relief [1]. High-autonomy and flexible Unmanned Aerial Vehicles (UAVs) that can function in challenging and
unpredictable environments have been made possible by advancements in on-board sensing, control
architecture, and embedded computing [2]. As a result, numerous studies have been carried out to enhance
robots' perception and navigation capabilities in real-world settings [3]. Traditional rule-based and deterministic
planning algorithms still have fundamental flaws for deployment in unstructured, dynamic, or adversarial
environments for UAVs, despite successful accomplishments in path planning, sensor fusion, and trajectory
optimization [4]. More adaptable learning-based methods are currently being used because classic algorithms
are no longer sufficient for the sheer scale and non-linearity of aerial navigation challenges [5]. Next-generation
methods that can generalize beyond pre-programmed behaviors are required due to the proliferation of high-
dimensional sensor data, non-stationary settings, and the necessity for rapid adaptation [6].

A novel approach to creating intelligent autonomous vehicles is reinforcement learning (RL), which allows them
to learn how to operate and drive by making mistakes in their surroundings [7]. Because RL algorithms learn to
make judgments on their own through iteration rather than being explicitly coded or manually supervised, they
have fared exceptionally well in many areas of robotics [8]. However, conventional reinforcement learning
frequently faces the difficulties of high dimensionality, stochasticity, and resource constraints in complex
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environments of high-end UAVs [9]. The issues include inefficient exploration, sluggish convergence in
complicated environments, and excessively high computational resources needed for policy optimization in
large and dynamic state-action spaces [10]. As a result, people are searching for alternative compute methods
that can accomplish high performance on a broad scale [11]. As quantum computing has advanced recently,
there has been interest in using quantum effects like superposition, entanglement, and quantum parallelism to
speed up learning, increase the size of policy representation, and solve the scaling problems of conventional
algorithms [12]. In order to accomplish more effective, expressive, and flexible learning for challenging-to-
control robots, quantum reinforcement learning (QRL) seeks to harness these phenomena in an organized
manner [13]. According to preliminary studies, QRL can be applied more successfully than conventional
reinforcement learning to increase the quality of solutions, speed up exploration, and manage complex
environmental uncertainties for rapid and stable adaption in some applications [14]. The aforementioned
research has demonstrated that the need for autonomous UAVs and quantum computing may coexist.

Motivated by the aforementioned factors, this study explores the integration of quantum reinforcement
learning for autonomous navigation of unmanned aerial vehicles. A comprehensive framework is put out to
represent the UAV navigation problem as a Markov Decision Process and incorporate quantum-inspired
mechanisms into the design of learning algorithms, policy optimization, and state encoding. This work suggests
guantum features for both techniques and algorithms in light of the shortcomings in real-world reinforcement
learning. To objectively evaluate the system's real functioning, stability, and generalization, run numerous
simulations and comparative tests. The development of a QRL-based UAV navigation scheme, novel techniques
for quantum-policy learning, and real-world experiments contrasting with traditional and learning-based
navigation technologies are the primary topics of this study. This work paves the way for the development of a
new generation of intelligent, high-efficiency, and large-scale autonomous UAV systems.

Related Work

Classical Approaches in UAV Navigation

Traditional path planning and control techniques have been used for the majority of autonomous UAV
navigation for the past few decades [16]. For navigation in organized, static environments, the well-known A*
and Dijkstra's algorithms are complete and optimal; but, as the size of the state space grows, they become
computationally costly [17]. Numerous UAV mission profiles have now been applied to sampling-based
techniques that may find pathways in high-dimensional or partially known settings, such as probabilistic
roadmaps and rapidly-exploring random trees (RRT) [18]. B-spline curve-based methods are commonly
employed for applications that need smooth, continuous trajectories that satisfy UAV kinematic restrictions [19].
However, the aforementioned classical planners are rigid in extremely dynamic, uncertain, or combative
situations since they rely on precise environment maps and set cost functions [20]. In practice, many UAV
systems have also embraced rule-based or behavior-based architectures that draw inspiration from biological
heuristics or reactive control methods. These structures provide quick response times but typically lack global
optimality and generalizability [21]. In order to fulfill both the need for real-time local adaptation and optimal
long-term planning, research has been done on combining deliberative and reactive layers in hybrid designs [22].
Nevertheless, the outdated approach is comparatively rigid and does not satisfy the high standards needed to
grow and function effectively in novel and challenging contexts [23]. Overall, the aforementioned drawbacks of
these pipelines have prompted the creation of data-driven and flexible navigation techniques for robust,
practical UAV autonomy [24]. Developing adaptable solutions that go beyond the purview of earlier study will
be the next phase of this field's research [25].

Reinforcement Learning Methods in Autonomous Systems

A novel form of autonomous control and navigation for robots and UAVs has been developed using
reinforcement learning (RL) [26]. RL develops a navigation policy by maximizing the total reward after directly
interacting with the environment, as opposed to conventional methods [27]. A common example of a tabular
approach that works well in simple, discrete-space issues is Q-learning; nevertheless, to address complicated or
continuous settings, new solution models have been needed [28]. Through function approximation by deep
neural networks, deep reinforcement learning has made it possible to expand the generalization capacities of
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high-dimensional sensory input and unstructured settings [29]. Excellent methods including Proximal Policy
Optimization (PPO), Deep Deterministic Policy Gradient (DDPG), and Deep Q-Networks (DQN) are currently
being used to solve a variety of challenging control and path planning issues [30]. For fleets and swarms of UAVs,
multi-agent reinforcement learning (MARL) can broaden the application of cooperative distributed navigation.
But there are still real-world issues: Problems like sample inefficiency, complicated incentive design, and training
instability have been reported with reinforcement learning techniques, which are often computationally and
data-intensive. Due to model errors and unmodeled dynamics in the synthetic training environment, real-world
deployment also faces a "sim-to-real" transfer issue. In order to lower training costs and improve the robustness
of learnt policies, research is now being done on curriculum learning, safe reinforcement learning (RL), transfer
learning, and other forms of adaptation. While fixed-rule systems have been significantly improved by
reinforcement learning (RL), more robust architectures and data-efficient algorithms that can handle a variety
of situations in the field deployment environment are currently being developed.

Quantum Computing and Quantum Reinforcement Learning

The characteristics of superposition, entanglement, and quantum interference for qubits can be used by
quantum computers, which are novel types of computers. Because a qubit can be in a superposition of both 0
and 1, unlike a traditional bit, it can achieve tremendous parallelism and, for specific tasks, an exponential
advantage over classical computers. Researchers have started investigating applications of quantum speedup in
machine learning, search and optimization, robotics, and autonomous decision-making as a result of the
development of gate-based and adiabatic quantum computers. By storing state and action information in
quantum states and employing quantum algorithms for value propagation and policy optimization, quantum
reinforcement learning (QRL) combines the agent-based learning framework of reinforcement learning with
quantum computing. According to preliminary research, QRL can greatly outperform conventional techniques
in terms of exploration efficiency and convergence speed in large-scale or unpredictable situations. For UAV
path planning and real-time adaptation, quantum-enhanced techniques like amplitude amplification and
quantume-inspired policy iteration provide a means of conducting a global search that is less likely to become
stuckin a local minimum. Hybrid quantum-classical learning frameworks have evolved rather quickly as quantum
hardware has matured, and while noise and decoherence still plague existing devices, they can now execute
practical quantum subroutines. The design of measurement-error-robust algorithms, decoherence, and
restricted hardware resources are still unresolved problems. QRL has demonstrated some promising outcomes
in offering new types of functions for adaptive autonomy in intricate and dynamic navigation challenges, based
on theoretical analysis and initial tests. The combination of QRL with UAV navigation is anticipated to become a
new high-tech aerial system in the future due to the advancement of quantum hardware and algorithms.

Methodology

Problem Formulation and MDP Setup

The environment has been modeled as a high-dimensional, stochastic, time-varying Markov Decision Process
(MDP) in order to more rigorously tackle the navigation problem of UAVs under real-world settings. In this case,
the UAV's state at each discrete time step is shown as:

s¢ = [x0, Ve, 26, v, 04, Ey, di ] Eq.(1)

where ( x;, ¥:, Z; ) represents the UAV's three-dimensional position (in meters), v, is the velocity magnitude
capped at 12m - s71, 8, the heading angle in radians, E, the remaining energy (usually in the range 0 —
180,000 ] ), and d; is the current distance to the navigation goal (0 — 200 m for typical urban settings).

The transition of states incorporates exact physical modeling and stochasticity due to wind gusts, sensor noise,
and dynamic obstacles. The process is given by:

See1 = f(spar) + & Eq.(2)

where f is a nonlinear function encoding the quadrotor's kinematics and battery discharge, and &, represents
zero-mean noise with typical components sampled as e? ~ N'(0, 0.052) for position and € ~ N (0, 0.022) for
velocity and heading.
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The aforementioned advancement, safety, energy efficiency, and smooth driving are the motivations for the
mission's objective. The following is the instant reward at each time step:

1, = 2.5[d;_y — d¢] — 0.015[E;_1 — E¢] — 6l gnision — 0416, — 60,_1] Eq.(3)

where [d;_, — d;] quantifies reduction in target distance (in meters), [E;_; — E;] the energy consumed in
Joules, I.ision is @ binary flag for imminent obstacle encounters, and the smoothness penalty discourages sharp
turns.

The navigation policy directly maps each observed s; to action primitives (e.g., hover, forward, lateral motions,
ascent/descent) in a discretized action space of 6 elements, with action updates occurring at 10 Hz and
constrained by real actuator bandwidth.

The aforementioned results demonstrate that the job structure, which includes particular performance
requirements, energy-saving constraints, etc., is in line with the real conditions of field UAV deployment. In-
depth analysis and high-fidelity engineering deployment are supported by the precise MDP modeling and
guantitative initialization, which offer a repeatable foundation for creating the subsequent quantum
reinforcement learning algorithms.

Quantum RL System Structure and Encoding

The quantum reinforcement learning system for UAV navigation will be built using a hybrid approach that fully
utilizes both classical and quantum resources. Normalize the UAV's sensor and position data into a seven-
dimensional state vector during each control cycle.

St = [x¢, Ve, 2, Ve, 01, By, di] Eq.(4)

which is normalized and amplitude-encoded onto a register of n qubits, preserving the integrity and order of
mission-critical features in a compact quantum representation.

Amplitude encoding is adopted for its efficiency and scalability, so the full state for decisionmaking at time ¢ is
mapped as:

2n—1

b= i) Ea.(5)

k=0

with coefficients a; calculated via deterministic mapping from normalized state entries, guaranteeing a well-
formed quantum state suitable for subsequent processing.

A parameterized quantum policy circuit, denoted U(6), transforms the state register, integrating both trainable
guantum gates and entanglement layers to capture global interdependencies within the encoded state:

|lppolicy> = U(9)|¢t> Eq(6)

Upon measurement, the output amplitude probabilities are processed classically. Action selection probabilities
are extracted as:

p. = Softmax (M(|l/)p0hcy ))) Eq.(7)

where M denotes the quantum measurement operation followed by softmax normalization, ensuring smooth
mapping into the discrete UAV action space.

The trainable circuit parameters are updated iteratively, driven by quantum-enhanced policy gradients to
optimize observed rewards:

Ot41 = 0 + pVgJo(6) Eq.(8)
in which p is a learning rate and ], is the expected quantum policy return.

Figure 1 depicts the specific contents and data flows of these modules, which include action projection, quantum
circuit evolution, quantum state preparation, and classical preprocessing. This summarizes the entire quantum
RL-based UAV navigation architecture along with its crucial connections among subsystems.
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Figure 1. Quantum RL-based UAV navigation architecture

Policy Optimization and Learning Procedure

An unmanned aerial vehicle's policy is optimized for multi-objective flight planning under uncertainty using a
quantum computing-based reinforcement learning technique. In order to include quantum parallelism into
iterative optimization and improve diversified trajectory sampling and policy search, the quantum policy
employs measured amplitude distributions and hybrid policy gradients for parameter refinement. At every
learning cycle, the state |;) encoded from UAV sensor fusion is forwarded through a trainable quantum policy
circuit. The measurement post-processing forms a weighted action probability vector as follows:

L
MUOBN + ). SD
=1

where U(60) represents the quantum policy unitary, M the measurement operator, and §; systemically
incorporates quantum-probability-induced interference corrections, learned over L circuit runs to account for
intrinsic device stochasticity. Create a unique soft selection technique inspired by quantum mechanics for every
action. The agent employs a controlled mixing policy rather than direct sampling:

Eq.(9)

p. = Softmax (IEQ

a, = arg max[deppg + (1= Aexp)PS ] Eq.(10)

where pg is the quantum-predicted action strength, pgl is the classical baseline (e.g., from a receding-horizon
controller), and Ay, (0.5 ~ 0.9) scales quantum-driven exploration. Action execution and environmental
feedback are fed into a quantum Bellman recursion for value propagation:

Qq (spa) =m + VIE|1pt+1)[QQ (St+1s at+1)] Eq.(11)

Through quantum superposition, the expectation operator prevents local policy degeneracy by sampling from
the full post-measurement distribution. Quantum policy gradient based on circuit statistics and cumulative
reward achieves robust parameter learning as follows:

d
VoJo(8) = Eya | (55108 Pa) (Qolsera) = bo)] £a.(12)
where b; is a baseline for variance reduction, often calculated from a moving average of prior returns.
Quantum policy parameters are updated online following:

Oe41 = 6c +pVoJo(0) Eq.(13)
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Learning rates p are adapted within [0.001,0.02] corresponding to the magnitude of nonstationarity measured
in test flights. To further ensure stability and control overparametrization in quantum circuits, regularization is
enforced by adding:

Lreg = /1”9(: - 0t—1”2 Eq.(14)

Regularization strength A is typically empirically set between 0.002 and 0.05 on field hardware.
The holistic workflow - from quantum state preparation, through amplitude measurement, hybrid action fusion,
to value recursion and parameter updates - is depicted in Figure 2, offering a transparent pathway connecting
guantum computational principles with UAV flight policy synthesis.
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Figure 2. Quantum policy optimization workflow

Experimental Design and Analysis

Simulation Setup and Baselines

All of the experimental tests of quantum reinforcement learning (QRL) were conducted in a UAV simulation
environment with an advanced flight dynamics engine in order to make them more realistic and generalizable.
The environment simulates real-world urban and peri-urban conditions using stochastic wind fields, moving
impediments, and configurable atmospheric noise profiles in a three-dimensional navigation space measuring
100 m x 100 m x 30 m [31]. UAV agents are represented as quadrotors with a flight energy constraint of 180,000
Joules, a maximum ascent/descent rate of 4 m-s™, and a velocity limit of 12 m-s™. Multi-modal sensing is
integrated, GPS/IMU is fused for state estimation, and lidar is used for obstacle avoidance in the high-frequency
simulation (100 Hz physics, 10 Hz control); parameters like range, angular resolution, and Gaussian noise
amplitude are calibrated based on the real sensors [32]. Plotting scenario-specific time modifications and adding
more intricate routes will be done in a succession in this manner. The outcomes of every experimental setup are
displayed below in Figure 3.

The scenario suite's four modules are arranged in ascending order of difficulty: the first is a simple point-to-point
navigation task with no obstacles; the second randomly places 15 static cylindrical barriers with radii of 1-2 m
and heights of 5-18 m; the third is an arena with 10-15 mobile, self-propelled obstacles that follow a Markovian
random walk; and the fourth is a disturbance-rich airspace that is occasionally impacted by spatially coherent
gusts with a mean zero and standard deviation of up to 2.1 m [33]. In order to avoid an early trial termination
owing to a collision or target-arrival event, all agents are initially positioned at the perimeter of the workspace
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and must arrive at a defined destination within 500 control steps. The results are statistically sound, and each
experiment is repeated 200 times using a random seed for the agent and environment [34].

(a) Obstacle-free navigation (b) Static obstacles adaptation
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Figure 3. Simulation scenarios and baseline trajectories: (a) Obstacle-free navigation performance; (b) Static obstacles, path adaptation; (c)
Dynamic obstacles, agent reactivity; (d) Stochastic wind, trajectory robustness

A*-graph-based global planning, a conventional receding horizon model-predictive controller (MPC), behavior
cloning (BC), and three well-known deep reinforcement learning agents—DQN (Deep Q-Network), DDPG (Deep
Deterministic Policy Gradient), and PPO (Proximal Policy Optimization)—have all been used as baseline
algorithms for comparison. To guarantee experimental compatibility and fairness, every baseline uses the same
action discretization, sample budget (1.5x10" per agent), and reward shaping as QRL [35].

Mission success rate, mean time to goal, minimum obstacle clearance (physical proximity threshold), and total
energy consumption per completed flight are the four types of key performance indicators. To integrate control
safety and efficiency, metrics are saved for every trial seed and scenario [36].

Trajectories and aggregate results exhibit distinct performance characteristics. All algorithms have a high
completion rate under baseline obstacle-free navigation; nevertheless, as Figure 3(a) illustrates, classical
planning and BC approaches frequently produce longer and less direct pathways. Static impediments reduce the
drop-in success rate and increase collisions for non-learning controllers, as illustrated in Figure 3(b); however,
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learnt RL and QRL policies outperform the baselines in terms of efficiency and clearance. As seen in Figure 3(c),
scenario complexity rises with movable obstacles, and QRL and advanced RL agents dynamically adjust to
minimize reactive collision avoidance failures and decrease average path length [37]. By using improved
exploration and policy transferability in perturbed wind fields, QRL may maintain a high success rate and steady
energy profile, as illustrated in Figure 3(d).

Performance Comparison and Ablation Study

To perform a thorough comparison of quantum reinforcement learning (QRL) with deep and conventional
reinforcement learning (RL) baselines, a comprehensive set of multi-dimensional benchmarks was created.
Convergence, trajectory optimality, adaptability, and the independent contributions of quantum modules were
all examined. Under mission-scale randomization, QRL consistently demonstrated lower variance and faster
policy convergence across 8,000 episodes.

(a) Reward convergence and variance
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Figure 4. Comparative results with classical RL: (a) Reward convergence and variance; (b) Average path length and clearance; (c)
Cumulative collisions per 200 trials; (d) Energy consumption per flight

611



Application of Quantum Reinforcement Learning in Autonomous Unmanned Aerial Vehicle Navigation
https://doi.org/10.64972/jaat.2025v3.240p44e:604-617

Figure 4 shows a direct plot of the mean episode reward as a function of training steps, average path efficiency,
obstacle clearing, and energy consumption, all of which were used to systematically quantify performance in all
situations. As seen in Figure 4(a), QRL much surpasses both PPO and DDPG and has reached a stable, high-reward
policy in 20,000—-25,000 steps. During training, a tight distribution of rewards indicates that QRL is both rapidly
converging and effectively exploring good pathways. QRL is safer and more straightforward for navigation than
any other baseline RL agents because, as Figure 4(b) illustrates, it typically has a shorter average path and a
bigger minimum obstacle clearance.

The collision statistics for QRL are likewise comparatively low, as seen in Figure 4(c). As a result, even as the
dynamic obstacle density becomes more problematic, the collision rate for QRL stays near zero and significantly
lower than that of the other approaches. The superior energy management performance of QRL is demonstrated
in Figure 4(d); PPO and DQN were roughly 12% and 17% more energy-intensive per episode, respectively,
supporting the quantitative effectiveness of quantum-derived decision-making. For all the reasons listed above,
the quantum RL technique is therefore safer and more effective, as illustrated in Figure 4.

(a) Effect of guantum state encoding (b) Quantum policy optimization impact
o
250 - 1
© ] T 200
[} L
p B I
g 1501 8 150 o
2 143 o
i e g
% 100 A =
9 = 100 -
50
50
0- ae T T T T T r
cophite Coqucoqu cod“‘g .—_od“‘g Po“ oy \90\\ oy aoke oW
o AT -5\ ENGHEN enc i EN ciC date \ypdatoyaly it
Qua“téncod‘“q Qess'® DO qand® m\,o g Ouaé‘tm zation C\a% ad\:\“ e Upndo‘“ . a?\ oo G
(c) Sensitivity to encoding and circuit parameters
2401 234 233
228
B
g
= 220 1 215
[
U
=}
=}
Il
3 200 -
w
[}
o
]
5 18
Z 1804
160 =®= Avg Episode Reward

202D 304D 4Q6D 508D 6Q 10D
Qubit Number(Q) / Circuit Depth(D)
Figure 5. Ablation and sensitivity analysis: (a) Effect of quantum state encoding; (b) Quantum policy optimization impact; (c) Sensitivity to
encoding and circuit parameters

The precise causes of the changes are also unknown, in addition to the aforementioned indicators. The unique
representational power of quantum state initialization was demonstrated in Figure 5(a), where the removal of
the amplitude encoding block and its replacement with standard classical encoding led to a significant drop in
peak achievable reward and a slower convergence speed to the policy.
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The quantum policy optimization module's operation is depicted in Figure 5(b). The reward variance rises and
the policy definition becomes more susceptible to environmental changes when this module is ablated and
replaced with a conventional policy update mechanism; in other words, it is less stable than quantum policy
learning in an environment with high dynamic uncertainty. The results of a sensitivity analysis on circuit depth
and encoding width are displayed in Figure 5(c). Excessively deep circuits may exhibit diminishing returns and
are occasionally unstable due to a longer execution time, even if increasing the depth of the quantum circuit
generally improves the robustness of the policy and the reward envelope. To maintain a comparatively high level
of mission effectiveness and energy efficiency, modest parameter adjustment makes sense.

All of these findings suggest that quantum submodules, such amplitude encoding and hybrid policy optimization,
are highly advantageous and essential for stable onboarding and long-term performance gains over classical and
deep RL models, as illustrated in Figure 5. It is practicable to construct and operate in practice since sensitivity
analysis verifies the aforementioned stability throughout the range of practical parameters.

Robustness and Generalization Analysis

Robustness analysis for QRL was conducted under episodic wind bursts and randomly moving obstacles. In these
trials, evaluation focused on the ability to maintain successful mission completion rates and minimum safe
obstacle clearances during acute environmental disturbances. As visualized in figure 6, the results illustrate two
core aspects of QRL’s reliability. Figure 6(a) displays the mission success probability throughout the disturbance
episodes; even as wind velocities peaked at +2.5 m-s™', the QRL agent experienced only brief, small reductions
in completion rate, with stable recovery following within a few time steps. This robust trend is directly attributed
to both the quantum state encoding and the exploration diversity facilitated by quantum circuits.

QRL's safety margins in dynamic scenarios are also comparatively consistent, as seen in Figure 6(b), which lists
the shortest distance to obstacles seen in each episode. According to the aforementioned findings, even with
the worst-case clutter, a clearing of 1.8 meters can be attained. In addition to having less volatility and fewer
near calls, the margin is still higher than that of an average RL baseline. Here, establishes a direct connection
between quantum-driven generalization and the enhanced avoidance effect.

(a) Success probability under disturbance (b) Minimum obstacle clearance
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Figure 6. Robustness in dynamic environments: (a) Success probability under burst disturbance; (b) Minimum obstacle clearance in
nonstationary scenarios

After that, QRL was applied in novel, untested settings, like shifting goal positions and random map
configurations, without any further training. Figure 7 displays the total data from the aforementioned
evaluations. The path optimality scores for numerous novel map-task combinations are displayed on a heatmap
in Figure 7(a). Here, baseline agents' pathways are dispersed and frequently inefficient, whereas QRL trajectories
are comparatively clustered in the optimal performance area; as a result, QRL has a greater capacity to
generalize beneficial behaviors.

613



Application of Quantum Reinforcement Learning in Autonomous Unmanned Aerial Vehicle Navigation
https://doi.org/10.64972/jaat.2025v3.240p44e:604-617

The distributions of energy consumption and trajectory smoothness for each generalization attempt are also
displayed in Figure 7(b). The model exhibits strong adaptation and stability in the face of domain shift since the
QRL results are near to one another and fall within the most efficient and stable performance range. Others
have less regular energy-stability profiles and are more widely distributed. These distributions' statistical
concentration demonstrates that quantum-enhanced policy structures for UAV navigation are workable and
appropriate for use.

(a) Path optimality scores (b) Energy and smoothness statistics
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Figure 7. Generalization and path optimality: (a) Path optimality scores on unseen maps; (b) Energy and smoothness statistics across
randomized transfer tasks

Conclusion

This work introduces a robust quantum-enhanced reinforcement learning (QRL) technique for autonomous UAV
navigation that has outperformed existing deep RL and conventional baseline methods in both theory and
experiment. An engineering-verified control structure in the QRL framework has been constructed using
guantum-state encoding and quantum-parametric policy circuits. This has improved exploration performance,
accelerated policy convergence, increased trajectory safety, and improved energy economy. Numerous
experiments have demonstrated that QRL is still capable of meeting the demands of a wide range of cluttered
spaces, stochastic disturbances, general transfer tasks, and tasks that are specifically created to test
conventional learning systems; in all of these situations, it achieves robust mission completion and good path
optimality. By avoiding the local minimum trap and policy degeneracy, quantum-inspired sampling sets a new
benchmark for adaptive behavior in high-uncertainty aerial domains.

The following are still significant issues, nevertheless. The scalability and operational maturity of quantum
processing hardware now limit the advancement of this work; just a few on-chip circuit module implementations
have been accomplished, and the majority of assessments are carried out in simulated environments. When
compared to the well-established conventional deep learning pipeline for deep quantum circuits and hybrid
gradient optimization, the computing cost is comparatively large. Furthermore, thorough investigations of multi-
agent QRL, high-dimensional observation-action spaces, and distributed quantum resources are still absent,
despite the fact that the existing architecture has shown good results in single-agent and medium-scale
navigation issues. Algorithmic optimization and ongoing improvements in fault-tolerant control and quantum
resource management will be necessary to provide steady real-time deployment on the embedded airborne
platform.

QRL will probably be widely employed in the future because its fundamental advantages—such as sample-
efficient policy discovery, robustness to dynamic uncertainty, and transferability across environments—remain
very relevant. Develop new opportunities for cooperative sensing, search, and autonomous task distribution by
extending QRL to large-scale, multi-UAV, and swarm settings. New hardware acceleration and algorithmic noise
reduction must be seamlessly included into the current autonomous driving infrastructure in order to fully reap
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the benefits of quantum-enhanced navigation. In order to create cross-layer co-design and scalable quantum-
classical training frameworks for the upcoming generation of intelligent, agile, and reliable aerial systems,
further research at the algorithm-hardware interface will be carried out.
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