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Haguanns 3 migkpimeHasm (Reinforcement learning — RL) € mepcrnekTus-
HUM T1X0JIOM JI0 HaBirarii Ta KepyBaHHs KBaJApPOKONTEPAMH B CKJIQHUX Ta HE-
BH3HAYECHUX yMoBax. Ha BiaMmiHy Bija Ki1acudHUX MeToAiB, RL mo3Bonse mpwuii-
MaTu PIlIEHHS Ta KEPyBaTu 0€3MocepeIHbO Ha OCHOBI B3a€MO/I1i 3 HABKOJIHUIITHIM
CEpeOBUILEM, 3MEHUIYIOYM 3aJIEKHICTh Bl TOYHUX MOJEIEH Ta pPYy4YHOIro
HanamtyBaHHd. OCTaHHI JIOCHIJKEHHS IMOKa3ylTh HOro eQeKTHUBHICTb Y
HaBIraili 3a MapIIpyTHUMH TOYKaMHU, EHEPreTUYHO 1HHOPMOBAHOMY IJIAHYBaHHI
MICId Ta TeperoHax aBTOHOMHHUX JApOHIB. BogHouac 3amumaroTbCs BUKIUKA
II0JI0 HAJIHHOCTI, 00YMCIIOBAILHOI €(PEKTUBHOCTI Ta pOOOTH B yMOBaxX BIJCYT-
Hocti GPS.

1. Introduction

Quadrotor navigation can be understood as the overall process that achieves
goal of moving vehicle from start point to finish with some constraints (e.g. ob-
stacle, passing waypoint, time optimality). In contrast, quadrotor control is the
process of generating command signals that make the vehicle follow the desired
motion or trajectory. In practical systems, navigation is therefore a higher-level
task that includes perception, localization, path planning, and decision-making,
while control is responsible for stabilizing and actuating the vehicle [1].

Classical quadrotor control usually uses an outer control loop that generates
high-level commands and an inner loop that tracks them. Common methods in-
clude PID, MPC, and sliding-mode control for higher-level motion regulation,
together with lower-level PID control for actuator-level execution. However, such
approaches require careful modelling, manual tuning, and expert knowledge, and
their fixed structures may become less effective when the environment or operat-
ing conditions change.

RL is attractive because it offers a more flexible alternative. In RL, an agent
observes the state of the environment, takes an action, and receives a reward that
reflects success or failure. For UAVs, this means that sensor data can be mapped
directly to motion decisions or even actuator commands. Compared with many
classical approaches, RL can reduce reliance on detailed prior modelling and can
learn policies for tasks where perception, planning, and control are tightly cou-
pled [1, 2].
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2. Main RL applications in UAVs and quadrotors

A broad review of the field shows that RL is already used in multiple UAV
navigation domains, especially obstacle avoidance, path planning, and autono-
mous motion in complex environments. Survey [2] notes that model-free RL dom-
inates most navigation studies, while training is often performed in simulation
because UAVs have limited onboard computation and crashes are expensive. This
makes RL especially relevant for quadrotor research, where safe data collection
in the real world is difficult.

Another relevant application area is navigation in GPS-denied or partially
observable environments. In such scenarios, quadrotors must rely on onboard sen-
sors such as cameras, inertial measurement units, or range sensors to estimate the
environment and make motion decisions. This makes RL attractive because it can
learn policies that directly connect perception and action under uncertainty. In this
context, RL complements classical navigation pipelines by enabling more adap-
tive behavior in cluttered and previously unseen environments, where complete
maps or accurate localization may not be available [2, 5].

One representative quadrotor application is waypoint navigation. In [1] pro-
posed a TD3-based method for both high-level and low-level quadrotor control
and showed that both learned policies can guide the vehicle through assigned way-
points. Their results indicate that the low-level controller is more accurate in nom-
inal conditions, while the high-level controller performs better under disturb-
ances. This is important because it shows that RL can be applied at different layers
of the quadrotor control hierarchy.

Another important direction is energy- or endurance-aware mission plan-
ning. In [3] authors formulate coverage path planning under varying power con-
straints and learned a DDQN-based control policy that generalizes across random
start positions and varying movement budgets. Their results show that the agent
can balance safe landing and coverage objectives, which is especially relevant for
UAV missions where available energy directly limits reachable area and mission
duration.

At the high-performance end, RL has also demonstrated remarkable capabil-
ity in autonomous drone racing. In [4] reported that the Swift system competed
against three human champions in real-world head-to-head races, won several
races, and achieved the fastest recorded race time while relying on onboard sens-
ing and computation. This result shows that RL-based quadrotor autonomy is not
limited to slow or simplified tasks but can also operate near the dynamic limits of
the platform.

3. Current challenges

Despite latest achievements, challenges remain. Autonomous UAV naviga-
tion is a system-level problem, not only a control problem, and must be evaluated
using broader criteria such as path length, deviation rate, and exploration effi-
ciency. In addition, current reviews continue to highlight difficulties related to
computational power, energy efficiency, robustness, and deployment in realistic
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GPS-denied environments. For quadrotors, this means that future RL methods
should be assessed not only by tracking success, but also by mission efficiency,
safety, and resource consumption [5].

A further challenge concerns sim-to-real transfer and safety assurance. Alt-
hough simulation is essential for RL training, policies learned in simulation may
lose performance in real flights because of modelling errors, sensor noise, actuator
limitations, wind disturbances, and mismatch between training and deployment
conditions. In addition, RL results strongly depend on reward design, training sce-
narios, and the balance between exploration and safety constraints. Therefore, for
practical quadrotor applications, future work should focus not only on improving
task performance, but also on reliable transfer to real platforms, stable behaviour
under disturbances, and predictable operation in safety-critical missions [2, 4, 5].

4. Conclusion

Reinforcement learning is now one of the most promising approaches for
quadrotor navigation and control. It offers clear advantages for tasks where clas-
sical methods require strong modelling assumptions, extensive tuning, or rigid
control structures. Existing studies show that RL can support waypoint naviga-
tion, energy-constrained mission planning, and high-speed autonomous flight. For
a PhD scientific forum, the key conclusion is that RL should be viewed not only
as an alternative controller, but as a broader framework for integrating perception,
planning, and control in autonomous quadrotor systems.
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