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Nomenclature

Abbreviations

AI Artificial Intelligence

ANN Artificial Neural Network
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x,u State and control input vectors

T/W Thrust-to-weight ratio [-]

Vcmd Commanded velocity [m/s]

Vmax Maximum velocity [m/s]

S(ω) Wave energy spectrum [m2/s]

Z(ω) Heave response function [-]

tf Final (touchdown) time [s]

α Learning rate / smoothing coefficient [-]

β Angle of sideslip [rad]

η Entropy temperature / attitude vector component

φ, θ, ψ Roll, pitch, and yaw angles [rad]

ω Angular frequency [rad/s]

ρ Air density [kg/m3]

τ Soft update coefficient [-]

σ Sensor noise standard deviation [m]

Ψ Heading angle / distortion risk-measure [rad]

γ Discount factor (RL) [-]
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1
Introduction

Unmanned aerial vehicles (UAVs) play a growing role in maritime operations, supporting surveillance,

logistics, and situational awareness while extending operational reach without risking human pilots [1,

2]. Despite these advantages, reliable shipboard recovery remains challenging: wind and waves induce

time-varying deck motion, creating a small, dynamic landing target and stringent operational constraints [3,

4].

Traditional approaches to launch and recovery have been studied extensively for helicopters and other

single-rotor systems. Notably, NATO’s comparative assessment reviews modeling and simulation methods

for shipboard launch and recovery [5], and autonomous ship-deck landing strategies for rotorcraft in harsh

weather have been reported by Voskuijl et al. [6]. While these works provide valuable foundations, they

primarily address helicopter dynamics. For multirotors, related quadcopter-focused studies—including

signal-prediction and motion-estimation approaches for maritime landing—show similar problem structure

and motivate methods tailored to multi-rotor vehicles [7, 8].

Reinforcement learning (RL) has emerged as an alternative to classical control and model-predictive

strategies for autonomous landing in dynamic environments, demonstrating improved adaptability to

disturbances such as wind gusts and target motion [9, 10, 11, 12, 13]. In this thesis, the platform motion

is modeled with explicit heave dynamics and stochastic forcing within a high-fidelity PyBullet simulation

environment [14, 15]. By benchmarking RL-based controllers against traditional baselines, the work aims

to advance robust recovery methods for UAVs in challenging maritime conditions.

The remainder of this work is structured as follows. Firstly in Chapter 2 the background is given and

the problem is defined. Furthermore in Chapter 3 the related literature is presented and in Chapter 4

the research gaps are identified and the research questions introduced. In Chapter 5 the methods are

presented. In Part II, the scientific paper is presented which presents the methods are applied to a case

study and answers the research questions. Lastly in Chapter 6 the final remarks and research conclusions

are given.
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2
Background and Problem Definition

This chapter provides the theoretical and contextual background for this research and formulates the

problem of autonomous UAV landing on moving maritime platforms. It begins in Section 2.1 with an

overview of UAV classification, summarizing the main platform types, their advantages, and their suitability

for shipborne operations. The discussion highlights multirotor UAVs as the most appropriate configuration

for dynamic maritime environments due to their vertical take-off and landing (VTOL) capability and precise

hover control.

Section 2.1.1 reviews existing UAV landing methods on moving platforms, outlining the practical and

technological challenges involved in achieving safe, autonomous recovery under motion and environmental

disturbances. This motivates the focus on quadcopters as the reference platform for this research.

In Section 2.2, the operational and scientific relevance of autonomous shipboard UAV landings is discussed.

From an operational perspective, such systems extend mission endurance, enable continuous maritime

surveillance, and reduce the need for manual piloting. From a scientific standpoint, the problem serves as

a benchmark for testing control and guidance algorithms in uncertain, dynamic environments.

Finally, Section 2.3 formulates the problem mathematically, introducing the states of both the moving

maritime target (Section 2.3.1) and the UAV (Section 2.3.2), and defining the relative state representation

used throughout this work. The section concludes with the formal guidance objective in Section 2.3.3,

where the control problem is expressed as minimizing relative position, velocity, and attitude errors to

ensure a safe and precise autonomous landing on a moving maritime target.

2.1. UAV Classification
Unmanned Aerial Vehicles (UAVs) can be broadly categorized as fixed-wing, multirotor, single rotor,

or hybrid VTOL platforms [16, 17]. Fixed-wing UAVs offer long endurance and high speed but cannot

hover, requiring runways or capture systems for landing [18, 19]. Multirotors provide vertical takeoff and

landing (VTOL) capability, precise maneuverability, and ease of operation, but have limited range and flight

time [20, 21]. Single rotor UAVs bridge endurance and payload gaps between fixed-wing and multirotors

but are mechanically complex [22, 23]. Hybrid VTOL UAVs combine vertical takeoff/landing with efficient

fixed-wing cruise [24, 25]. Table 2.1 summarizes their characteristics.

Table 2.1: Comparison of UAV Types and Characteristics

UAV Type Advantages Limitations Applications References

Multirotor VTOL Limited range Inspection [20]

Fixed-Wing High speed Requires runway Long-range

surveillance

[19]

Single Rotor High payload Maintenance Cargo [26]

Hybrid VTOL VTOL + cruise Costly Maritime [24]

3



2.2. Problem Relevance 4

2.1.1. UAV Landing on Moving Platforms
Landing UAVs on maritime platforms extends operational endurance and enables continuous autonomous

missions, which is critical for maritime surveillance, logistics, and disaster response [27, 28]. Different UAV

types present different challenges: fixed-wing UAVs require forward motion and use nets, cable arrests,

or parachutes [29, 30]; multirotors and hybrid VTOL UAVs exploit vertical descent and onboard sensors

(laser, cameras, IMU, GPS) for precise landings [27, 31]; while single rotor UAVs require stabilization

against rotor downwash and deck motion [23].

These distinctions illustrate that hybrid VTOL and multirotors are particularly well suited to be deployed in

maritime environments. Where precision and vertical landing are more critical than endurance or payload

capacity. This motivates us to focus on a VTOL quadcopter as a UAV in this work.

2.2. Problem Relevance
Autonomous quadcopter UAV landing on moving platforms addresses both operational and scientific

challenges:

• Operational: Supports maritime surveillance, package delivery, search and rescue, and extended

mission endurance without human intervention. Reduces reliance on human piloted landing in an

extended operational envelope.

• Scientific: Advances guidance and control research, and trajectory planning under uncertainty.

Provides a framework for testing guidance controllers in dynamic target conditions.

From an application perspective, safe autonomous landing is a prerequisite for fully operational UAV–ship

systems. From a research perspective, it is a benchmark problem that captures the challenges of guidance

under uncertainty while remaining experimentally feasible.

2.3. Problem Definition
In this section, the problem definition is presented. Firstly in Section 2.3.1 the maritime target state is

presented and in Section 2.3.2 the UAV state is presented. Lastly in Section 2.3.3 the guidance problem is

defined to guide the UAV to the moving maritime target.

2.3.1. Moving Maritime Target
The landing target represents the landing platform located on the origin of a moving maritime object such

as a moving ship or USV. The state of a maritime object consists of it’s position , linear velocity and attitude

as can be seen in Figure 2.1a.

xt = [pt vt ηt]
T

(2.1)

where:

• pt = [xt, yt, zt]
T is the position of the target [m].

• vt = [vx,t, vy,t, vz,t]
T is the linear velocity[m/s].

• ηt = [Φ,Θ,Ψ]T is the attitude of the target [rad].

2.3.2. UAV State
The UAV is considered to be a 6 D.O.F. quadcopter drone (i.e. 4 rotors) which can be seen in Figure 2.1b.

The state of the drone xd is given in Equation 2.2.

xd = [pd vd ηd ωd Ωd]
T

(2.2)

where:

• pd = [xd, yd, zd]
T is the position of the drone [m].

• vd = [vx,d, vy,d, vz,d]
T is the linear velocity[m/s].

• ηd = [φ, θ, ψ]T is the attitude of the drone [rad].

• ωd = [ωx, ωy, ωz]
T are the rotational rates [rad/s].

• Ωd = [Ω1,Ω2,Ω3,Ω4]
T are the motor speeds [RPM].
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(a) Maritime target free body diagram [32] (b) 6 D.O.F. free body diagram of a quadcopter UAV [33]

Figure 2.1: Free body diagrams of the moving maritime target (left) and the UAV (right).

2.3.3. Guidance Problem
The objective of the guidance system is to autonomously guide the drone to perform a safe and precise

landing on a moving maritime target. The problem can be formulated as a nonlinear tracking and control

task, where the drone must minimise its relative position, velocity and attitude errors with respect to the

moving target. Let the relative state between the drone and the target be defined as:

xrel =

prel

vrel

ηrel

 =

pd − pt

vd − vt

ηd − ηt

 ,
where pd, vd and ηd denote the drone’s position, velocity and attitude, and pt, vt and ηt correspond to

those of the target landing platform. The control objective is to compute a commanded velocity vector

Vcmd such that the drone’s relative altitude converges to zero at touchdown time tf while ensuring that the

horizontal position, relative velocity and attitude at impact stay below a safe landing threshold.

lim
t→tf

|prel,z(t)| = 0,

lim
t→tf

‖prel(t)‖ ≤ |prel,xy|max,

lim
t→tf

‖vrel(t)‖ ≤ |vrel|max,

lim
t→tf

‖ηrel(t)‖ ≤ |ηrel|max.



3
Related Works

This section reviews prior research on autonomous unmanned aerial vehicle (UAV) landing on moving

(maritime) targets. The section is organized into five main parts: Section 3.0.1 covers classical control ap-

proaches relying on deterministic and predictive models; Section 3.0.2 presents hybrid methods combining

model-based and learning-based control; Section 3.0.3 reviews value-based RL approaches emphasizing

simplicity and efficiency; Section 3.0.4 summarizes recent actor–critic and memory-augmented frameworks;

and finally, Section 3.0.5 compares all paradigms across computational and performance dimensions.

3.0.1. Classical Control Strategies for UAV-Ship Landings
Classical control methods for autonomous UAV landings on maritime platforms range from simple feedback

controllers to advanced predictive and model-based strategies. Abujoub [7] proposed a LIDAR-based

signal prediction algorithm (SPA) to forecast periods of minimal ship motion, enabling UAVs to land safely

during these ”quiescent periods.” This approach reduced the number of landing attempts by approximately

two per trial case and demonstrated the potential for improved landing efficiency over fully reactive systems.

However, being a proof-of-concept, its performance under extreme sea states remains untested.

Voskuijl [6] introduced a cascaded PID control framework with predictive landing strategies using ship-

mounted sensors. Evaluated in a nonlinear simulation with a 100 kg UAV and varying sea states, this

method reduced touchdown velocity by up to 60% and improved landing accuracy by 53% with respect

to a simple baseline. While effective across multiple operational conditions, its reliance on accurate ship

sensors and predictions limits robustness in highly uncertain environments.

Gupta [34] surveyed model predictive control (MPC) strategies, including linear and nonlinear formulations,

constraint handling, and learning-enhanced approaches. MPC-based methods enable precise control,

robust handling of constraints, and adaptability under uncertain conditions. The main limitations include

high computational cost, the need for accurate environmental modeling, and challenges in real-time

implementation.

Zilver [35] investigated wind-aware trajectory optimization for UAV and helicopter approaches to maritime

vessels. By considering wind speed, direction, and model fidelity, the framework optimized smooth

and energy-efficient trajectories and allowed preliminary assessment of operational limits. The main

constraints are its reliance on accurate wind modeling, computational intensity, and primary validation

through simulations rather than real-world operations.

Limitations: classical strategies demonstrate stability, interpretability, and improved landing performance,

particularly when predictive or model-based elements are incorporated. However, the systems are limited

by its reliance on accurate sensors, precise environmental models, and carefully tuned parameters, as

well as the high computational demands of MPC or optimization-based methods.

3.0.2. Hybrid Control Methods
Hybrid control strategies have emerged to combine the interpretability of classical methods with the

adaptability of data-driven learning. Xie [36] proposed a hybrid architecture integrating deep deterministic

policy gradient (DDPG) with heuristic vertical guidance, achieving up to 93% success in landing on randomly

moving targets. Wu [37] expanded on this concept by using DDPG to tune PID gains online, leading to

faster convergence and stronger generalization compared to standalone RL or PID controllers. Other

6
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studies explored learning-based MPC tuning or disturbance compensation modules that adjust control

parameters adaptively during flight.

Hybrid frameworks bridge the gap between model-based precision and learning-based flexibility. They

enable adaptive behavior while maintaining the safety and explainability of classical controllers. However,

their performance often depends on the underlying control architecture’s structure and the training quality

of the learning module.

Limitations: while hybrid approaches enhance adaptability and robustness, they still inherit some of the

rigidity and tuning dependence of classical control. The learning components can also increase system

complexity and introduce stability risks if not properly constrained [36, 37].

3.0.3. RL Value-Based Approaches
Although often considered less powerful than deep RL, tabular methods remain relevant for their simplicity

and efficiency. Abo Mosali [38] introduced AMLQ, a quantized Q-learning scheme that avoids deep

networks, reduces training time, and achieved lower RMSE than PID in 2D landing tasks. More recently,

Goldschmid [39] applied Double Q-learning with curriculum training and motion-structured discretization.

Despite being tabular, their method rivaled PI controllers and demonstrated successful transfer from

simulation to hardware.

Limitations: while value-based approaches are computationally efficient, they scale poorly to high-

dimensional or continuous state/action spaces and may not generalize to realistic 3D landing scenarios [38,

39].

3.0.4. RL Actor–Critic and Memory-Augmented Methods
Actor–critic frameworks dominate current research due to their ability to handle partial observability and

continuous state/action spaces. Jiang [40] benchmarked DDPG and PPO, showing both can achieve

near-perfect simulated success rates. Building on this, Saj [41] validated a vision-based DDPG controller

on a 6-DOF ship deck, reporting nearly 100% success and outperforming nonlinear PID controllers. More

recently, Aikins [42] extended PPO with an LSTM-based memory module (RPO-LSTM), which improved

success by 74% under wind-disturbed conditions by better capturing hidden dynamics.

Limitations: despite high simulation success, actor–critic frameworks often require extensive training

data, are sensitive to reward shaping, and may struggle with generalization to new environmental distur-

bances [42]. Memory-augmented architectures introduce additional computational overhead and may still

fail under long-term partial observability.

3.0.5. Method Comparison
Table 3.1 provides a comparative overview of classical, hybrid, and learning-based control paradigms

for autonomous UAV landing on moving platforms. The comparison focuses on three key dimensions:

Computational intensity, Control accuracy or success rate and adaptability to changing or uncertain

environments.

Classical controllers remain attractive due to their interpretability, stability, and safety guarantees. PID

controllers are computationally inexpensive, relying on straightforward gain-based updates, but their

performance is sensitive to environmental changes and requires careful retuning. MPC and optimal

control methods optimize control inputs over a finite prediction horizon using system models, achieving

high precision and constraint satisfaction [34, 7, 6, 43, 35]. Their main limitation is computational cost

and reliance on accurate models, which can reduce real-time robustness in highly dynamic maritime

environments.

Hybrid control strategies integrate classical methods with learning-based components, such as DDPG-

tuned PID or heuristic-guided MPC [36, 37]. These approaches retain the stability and interpretability of

classical control while enhancing adaptability and robustness to uncertain or changing conditions. They

achieve faster convergence and higher success rates than standalone classical or RL methods, though

they inherit some tuning and structural dependencies from the underlying classical controllers.

Reinforcement learning (RL) approaches remove the need for explicit system models and can handle

nonlinear, uncertain dynamics. Value-based methods [38, 39] are computationally lightweight but scale

poorly to high-dimensional or continuous spaces. Actor–critic methods [40, 41, 42] achieve the highest
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performance in complex dynamic conditions, with success rates approaching 100% in simulations, though

they require extensive offline training and careful reward design. Memory-augmented variants improve

performance under partial observability but add computational overhead.

The choice of control paradigm represents a trade-off between computational load, landing reliability, and

adaptability to dynamic conditions. Classical PID and MPC offer predictable and interpretable performance

but often rely on computationally expensive predictions of ship motions, hybrid methods provide a balanced

compromise, and RL—particularly actor-critic architectures delivers superior performance once trained.

Table 3.1: Comparison of control methods for autonomous UAV landing on moving platforms

Method Computational Inten-
sity (Online)

Accuracy / Suc-
cess Rate

Adaptability /
Generalization

Representative
Works

Classical High; Prediction of ship
motion requires real-
time optimization and
initialisation.

Moderate to high
(60–95%); PID per-
forms well in stable
conditions, MPC
improves precision
if the model is ac-
curate

Low to moderate;
PID needs retun-
ing for new dynam-
ics, MPC depends
on model fidelity

[6, 7, 34, 43, 35]

Hybrid (Classical +
RL)

Moderate; inference +
classical feedback

High (85–95%) un-
der dynamic mo-
tion

High—adapts on-
line via learned tun-
ing or guidance

[36, 37]

RL Value-Based Low; table lookup or
small network

Moderate to high
(70–90%) in sim-
ple tasks

Low to moderate;
poor scalability to
continuous 3D

[38, 39]

RL Actor–Critic Moderate (inference
only) after high-cost
training

Very high
(90–100%) in
simulation

High—learns
nonlinear and
uncertain dynam-
ics; sensitive to
training

[40, 41, 42]



4
Research Definition

This chapter defines the scope and direction of the research. Building on the gaps identified in the literature,

the chapter first outlines the unresolved challenges in existing methods for UAV autonomous landing

(Section 4.1). It then formulates the research objective and the key research question guiding this work

(Section 4.2). Together, these sections provide a clear foundation for the methodology and experimental

design that follow in later chapters.

4.1. Research Gaps
Although recent advances in reinforcement learning (RL) have demonstrated promising results for UAV

landing on moving platforms, several critical gaps remain unaddressed in the literature.

First, current algorithmic approaches are limited. Actor–critic frameworks such as DDPG and PPO dominate

the field [40, 41, 42], but both suffer from well-known shortcomings. DDPG is prone to instability and is

highly sensitive to hyperparameter tuning, while PPO requires delicate adjustment of clipping and entropy

coefficients to ensure robust performance. These issues restrict their applicability in safety-critical UAV

guidance tasks.

Second, there is a need for more robust and stable algorithms. Recent research highlights the potential of

the Soft Actor–Critic (SAC) algorithm [44, 45], which augments the standard RL objective with entropy

maximization. SAC has demonstrated improved exploration, stability, and sample efficiency compared to

DDPG and PPO, while also showing resilience to noisy or uncertain environments. This makes it a strong

candidate for UAV landing guidance under maritime conditions, where disturbances such as wind, wave

motion, and sensor uncertainty are prevalent.

Third, the majority of existing work relies on simplified platform motion models, typically assuming motion

in only the horizontal plane. In contrast, real-world maritime platforms exhibit significant vertical oscillations

(heave motion) in response to sea states. Neglecting these dynamics reduces the realism of simulations

and limits the applicability of results to real-world high sea state maritime scenarios. Addressing stochastic

heave motion is therefore critical for developing reliable and deployable UAV maritime landing systems.

9



4.2. Research Formulation 10

4.2. Research Formulation
In light of these gaps, the present research is formulated with the following overarching objective:

To design and evaluate the performance of a reinforcement learning (RL) based UAV landing

controller for autonomous UAV landings on maritime targets subject to stochastic heave motion

and environmental disturbances.

Research Objective

This objective gives rise to the following main research question:

How does a RL-based guidance controller for autonomous UAV ship landings perform in terms

of success rate, landing precision and robustness when subject to high sea states and distur-

bances?

Research Question 1

4.2.1. Sub-questions
To address this main question in a structured way, several sub-questions are defined and grouped into

four themes, as presented below.

1. RL-type:

Does a hybrid RL guidance controller have benefits compared to a full RL guidance controller?

Research Question 1.1

2. Robustness:

How do wind, sea state, and sensor noise affect the success rate, landing precision, and stability

of each controller?

Research Question 1.2

3. Comparative Analysis:

Which controller demonstrates the best trade-off between robustness, precision, and efficiency

across varying environmental and dynamic conditions?

Research Question 1.3
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4.3. Research Execution
The research is performed in collaboration with the NLR at the vertical flight department in Amsterdam.

The duration of the project up and to the greenlight is 23 weeks. The project planning can be seen in

Figure 4.1.

Figure 4.1: Thesis Timeline (Weeks 1–23)

Weeks

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23

WP1: Simulation Env. Dev. (Part 1)

Implement UAV dynamics model

Implement ship heave model

WP2: RL_1D Design & Training

Define RL_1D state/action space

Train RL_1D

WP3: Baseline

Integrate complex sea states

Baseline method evaluation

WP4: RL_3D Design & Training

Define RL_3D state/action space

Train RL_3D

Midterm Review

Holiday

WP5: Simulation and Evaluation

Evaluate RL_1D (2DOF scenarios)

Evaluate RL_3D (6DOF scenarios)

Comparative studies & analysis

WP6: Thesis Documentation

Record experiments & results

Prepare green-light report

Write thesis & finalize
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5.1. Baseline Landing Strategy
In this section the baseline landing strategy is presented. The baseline guidance controller uses a classical

PID strategy inspired by the baseline strategy of [6]. Its purpose is to provide a stable, interpretable

reference for evaluating the RL-based guidance system. PID control is widely used in aerial robotics for its

simplicity, robustness, and computational efficiency [46, 47], making it suitable for high-frequency real-time

applications such as UAV landing on moving platforms. More advanced methods (MPC, SMC, FLC) offer

improved tracking or disturbance rejection but with higher computational cost [48, 49, 50]. Horizontal

motion is governed by a standard PID law regulating the horizontal velocity based on relative horizontal

position and velocity. The vertical control uses a PD law that takes into account the relative altitude and

vertical velocity:

~Vcmd,xy = Kxy
P ~exy +Kxy

I

∫
~exy dt+Kxy

D ~vxy

~Vcmd,z = Kz
P~ez +Kz

D~vz,rel

(5.1)

where Kxy
P , Kxy

I , Kxy
D , Kz

P and Kz
D are the gains of the baseline controller. The baseline PID gains are

listed in Table 5.1, tuned manually for horizontal motion and via grid search for vertical motion. Systematic

tuning methods (Ziegler–Nichols, Cohen–Coon) are outside the scope of this work. The vertical guidance

is initiated once the UAV is above the target and the target is in a downward motion, allowing for a safe

and rapid descent at high altitudes and smooth deceleration near the landing zone.

Axis Kp Ki Kd

X (Horizontal) 1.00 0.20 0.08

Y (Horizontal) 1.00 0.20 0.08

Z (Vertical) -0.15 0.00 -0.15

Table 5.1: PID gain values for the horizontal (X, Y) and vertical (Z) controllers.

Furthermore, a clipping function and first-order low-pass filter is applied to smooth the velocity command

and prevent abrupt changes with αfilter = 0.1 and Vmax = 4m/s. A schematic overview of the baseline

landing strategy can be seen in Figure 5.1.
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5.2. Reinforcement Learning Landing Strategies
This section presents the reinforcement learning (RL) framework developed for autonomous UAV ship

landings. It is organized into five parts to systematically describe how the RL agent interacts with and

learns from its environment. Section 5.2.1 introduces the theoretical foundation of reinforcement learning

based on the Markov Decision Process (MDP) and its partially observable variant. Section 5.2.2 defines

the agent’s action space, describing both the hybrid and full 3D RL controllers and the applied command

filtering. Section 5.2.3 details the observation space, which encodes the UAV–target state information

available to the agent. Section 5.2.4 explains the design of the reward function that drives learning toward

safe and accurate landings. Finally, Section 5.2.5 presents the Soft Actor–Critic (SAC) algorithm used for

policy optimization and training stability.

5.2.1. Markov Process
Reinforcement Learning is a machine learning framework where an agent interacts with an environment to

maximize cumulative reward. The environment is typically modeled as a Markov Decision Process (MDP)

[51]:

M = (S,A, P,R, γ)

where S is the state space, A the action space, P (s′|s, a) the transition probability, R(s, a) the reward

function, and γ the discount factor. The Markov property assumes that that the next state depends only on

the current state and action:

P (st+1|st, at) = P (st+1|st, at, . . . )

In many real-world continuous control tasks, however, the Markov property does not strictly hold [51]. The

agent does not have direct access to the full environmental state st, but instead only to a partial or noisy

observation ot ∈ O. This situation is modeled as a Partially Observable Markov Process (POMP) [52, 53].

A POMP is defined by the tuple (S,A, P,R,O, O, γ), where O is the observation space and O(o|s) denotes
the observation probability distribution.

In this setting, the agent must infer useful information about the hidden environment state from a history

of past observations and actions, rather than relying on a single observation. This makes the problem

more challenging and typically requires memory-based models (e.g., recurrent neural networks) or state-

estimation techniques (e.g., filters, belief states) to approximate the underlying Markov process [54, 55].

5.2.2. Action Space
In this subsection, two different RL-controllers are presented. The presented problem involves both

horizontal actions (i.e. tracking of the moving landing target) and vertical actions (i.e. a safe and reliable

descend on the moving target). Two distinct RL controllers are introduced in Section 5.2.2, a hybrid 1D

action space and in Section 5.2.2 a 3D action space controller.

Hybrid RL 1D

This agent has a 1 dimensional action space and only has autonomy over the vertical command velocity.

While having the horizontal guidance performed by a PID controller earlier introduced in Section 5.1.

at =
[
Vz,cmd

]
∈ [−1, 1]

RL 3D

This agent has full 3D action autonomy over the command velocity to guide the drone to the target.

at =

Vx,cmd

Vy,cmd

Vz,cmd

 ∈ [−1, 1]
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Action Command Filtering

In the environment, both RL_1D and RL_3D actions at ∈ [−1, 1] are passed through a command filter. The

RL agent outputs an action at in the range [−1, 1], which is scaled to the maximum UAV velocity Vmax. A

first-order low-pass filter is applied to smooth the command and prevent abrupt changes with αfilter = 0.1
and Vmax = 4m/s:

Vcmd ← αfilter (at · Vmax) + (1− α)Vcmd, αfilter ∈ [0, 1].

In short, this process scales, smooths, and saturates the RL action before execution.

5.2.3. Observation Space
Both RL controllers RL 1D and RL 3D observe the environment through a 15-dimensional vector capturing

the relative state between the drone and the landing target. The observation vector is defined as the 15D

vector:

ot =

[
prel vrel vd ηrel exy

∫ t

0

exydt T

]T
(5.2)

where:

• prel = [xrel yrel zrel]
T represents the 3D relative position between the drone and the target.

• vrel = [vrel, x vrel, y vrel, z]
T represents the 3D relative linear velocity between the drone and the

target.

• vd = [vd, x vd, y vd, z]
T represents the 3D linear velocity of the drone.

• ηrel = [φd θd ψd −Ψt]
T represents the relative 3D roll, pitch and heading between the drone and

the target.

• exy =

∣∣∣∣∣
∣∣∣∣∣
[
xrel

yrel

]∣∣∣∣∣
∣∣∣∣∣ represents the horizontal tracking error.

•
∫ t

0
exydt represents the integral horizontal tracking error.

• T is the normalized time of the episode.

The observation space consists of different measurements all with different scales. In order to generate

a better policy, the observations are clipped and MinMaxScaled to the [-1 , 1] domain.

5.2.4. Reward Function
The reward function encourages the agents to track the target accurately while minimizing excessive

relative roll and heading attitudes. This structure balances tracking accuracy, smooth control, and safety,

which is critical for continuous control in a dynamic maritime environment. The design follows a common

approach in UAV and robotic landing tasks, where a shaping reward provides dense feedback during

training and a terminal success reward reinforces goal completion [56, 51].

rt = rshaping + rsuccess

where:

rshaping = 0.05
(
1− exy − 0.5

∫ t
exydt− 0.5‖ηrel‖

)
rsuccess = 100 +

50

1 + e2xy
+

50

1 + ‖vrel‖2
+

50

1 + ‖ηrel‖2

The shaping component provides continuous guidance toward the target throughout each episode, while

the terminal success reward strongly reinforces precise alignment and smooth relative motion upon landing.

This hybrid structure has been shown to improve learning stability and convergence in complex continuous

control problems. To ensure the agent prioritizes successful landings over small incremental improvements,

the terminal reward is made dominant (rsuccess � rshaping), as recommended by [51].
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5.2.5. Policy: Soft Actor–Critic (SAC)
The Soft Actor-Critic (SAC) algorithm [44] combines elements of actor–critic methods with the maximum

entropy framework for reinforcement learning. In standard reinforcement learning (RL), the objective is to

learn a parameterized policy π that maximizes the expected cumulative return over an episode of length T :

max π E(st,at)∼ρπ

[
T∑

t=0

r(st, at)

]
,

where ρπ(st) denotes the state distribution induced by policy π(at|st). The action-value function Q(s, a)
expresses the expected future return after taking action a in state s. In conventional RL, the learned policy

is typically unimodal and centered around the action that maximizes Q(s, a). This narrow focus can reduce

exploration, which makes the agent brittle: even small environmental changes may cause failure.

Maximum entropy reinforcement learning addresses this limitation by augmenting the objective with an

entropy term that explicitly encourages exploration [44]. The modified objective is

J(π) = E(st,at)∼ρπ

[
T∑

t=0

r(st, at) + αH
(
π(·|st)

)]
,

where H(P ) = Ex∼P [−log P (x)] is the entropy and α is a temperature parameter controlling the

trade-off between reward maximization and policy stochasticity. This objective induces policies of the form

π(a|s) ∝ exp
(
Q(s, a)

)
,

The SAC algorithm [44] builds on this principle and integrates three key components: (i) an actor–critic

architecture with separate policy and value networks, (ii) an off-policy learning procedure that reuses past

experience for sample efficiency, and (iii) entropy maximization to balance stability and exploration. Com-

pared to earlier methods such as Deep Deterministic Policy Gradient (DDPG) [57], SAC achieves improved

stability, faster convergence, and superior asymptotic performance in continuous, high-dimensional control

tasks. By combining sample efficiency with robustness to environmental variability, SAC addresses the

brittleness that often affects deep reinforcement learning algorithms.

The SAC implementation in this work follows the default Stable-Baselines3 configuration [58], with standard

continuous control hyperparameters for stable and reproducible training. The entropy coefficient α and

target entropy are set to "auto" to adaptively balance exploration and exploitation, stabilizing learning.

Table 5.2 lists the hyperparameters used for training the RL guidance policy.

Hyperparameter Default

γ (discount) 0.99

Learning rate 0.0003

Buffer size 1× 106

Learning starts 100

Batch size 256

τ (soft update) 0.005

α (entropy) "auto"
Target entropy "auto"
Architecture 2 × 256

Activation Tanh

Action noise N (0, .05)

Table 5.2: Default hyperparameters for SAC in Stable-Baselines3



Landing Strategies Overview

In Table 5.3, the axis-wise control formulation for all 3 proposed landing strategies are presented. Further-

more, all 3 landing strategies can be seen in Figure 5.1, Figure 5.2 and Figure 5.3.

Table 5.3: Overview of landing strategies and axis-wise control formulation.

Strategy X-axis Y-axis Z-axis

Baseline (PID) PID PID PD

RL 1D (Hybrid) PID PID RL

RL 3D (Full RL) RL RL RL

Figure 5.1: Baseline controller overview

Figure 5.2: RL_1D controller overview

Figure 5.3: RL_3D controller overview
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Autonomous Drone Landing on Stochastic Maritime Targets

H.S.Hennecken∗

Faculty of Aerospace Engineering, Delft University of Technology

Reliable autonomous recovery of Unmanned Aerial Vehicles (UAVs) on moving maritime plat-
forms remains a critical challenge, primarily due to complex, stochastic deck motion, particularly
vertical heave, and unpredictable environmental disturbances. Existing Reinforcement Learning
(RL) approaches often simplify this environment, limiting their real-world applicability. This
thesis investigates the robustness trade-offs of RL-based guidance controllers under realistic,
high-dynamicity maritime conditions. We benchmarked a classical Proportional-Integral-
Derivative (PID) controller against two RL architectures trained using Soft Actor-Critic (SAC)
in a high-fidelity PyBullet simulation: a Full RL 3D controller and a novel Hybrid RL 1D
controller, which strategically applies RL only to the critical, stochastic vertical (heave) axis.
The results demonstrate that the Hybrid RL 1D architecture (86.6% success rate) achieved
superior overall robustness and efficiency. Notably, the RL controllers dramatically reduced
average landing time (RL_1D: 3.31 s vs. Baseline: 11.51 s), though the classical PID baseline
maintained higher horizontal precision (Err𝑋𝑌 of 0.17±0.17 m). The Hybrid RL 1D maintained
a superior success rate up to 89% in high sea states (SS7) and exhibited greater resilience to
sensor noise. However, a critical limitation was identified: both RL-based policies experienced a
pronounced performance collapse under strong, untrained wind disturbances, a regime where
the non-adaptive classical PID baseline proved unexpectedly stable. These findings confirm the
benefits of hybrid control for maximizing robustness and highlight that the system’s ability to
handle wind disturbance rejection remains a significant, unresolved shortcoming for current
RL guidance systems.

∗MSc student, Faculty Aerospace Engineering, Kluyverweg 1, Delft, Netherlands
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I. Introduction
Unmanned aerial vehicles (UAVs) play a growing role in
maritime operations, supporting surveillance, logistics, and
situational awareness while extending operational reach
without risking human pilots [1, 2]. Despite these advan-
tages, reliable shipboard recovery remains challenging:
wind and waves induce time-varying deck motion, creating
a small, dynamic landing target and stringent operational
constraints [3, 4].

Traditional approaches to launch and recovery have
been studied extensively for helicopters and other single-
rotor systems. Notably, NATO’s comparative assessment
reviews modeling and simulation methods for shipboard
launch and recovery [5], and autonomous ship-deck land-
ing strategies for rotorcraft in harsh weather have been
reported by Voskuijl et al. [6]. While these works provide
valuable foundations, they primarily address helicopter dy-
namics. For multirotors, related quadcopter-focused stud-
ies—including signal-prediction and motion-estimation
approaches for maritime landing—show similar problem
structure and motivate methods tailored to multi-rotor
vehicles [7, 8].

Reinforcement learning (RL) has emerged as an alter-
native to classical control and model-predictive strategies
for autonomous landing in dynamic environments, demon-
strating improved adaptability to disturbances such as wind
gusts and target motion [9–13]. In this thesis, the plat-
form motion is modeled with explicit heave dynamics and
stochastic forcing within a high-fidelity PyBullet simula-
tion environment [14, 15]. By benchmarking RL-based
controllers against traditional baselines, the work aims to
advance robust recovery methods for UAVs in challenging
maritime conditions.

The remainder of this work is structured as follows.
Firstly in section II the problem is defined and secondly in
section III the related works are presented. Furthermore in
section IV the research gaps are identified and the research
objective, questions and sub-questions are identified. In
section V and section VI the baseline and RL landing strate-
gies are introduced and in section VII the case study and
environment simulation are presented. section IX presents
simulation experiments, performance metrics, and compar-
ative analysis. section XI discusses the evaluation results
and proposes directions for future work. Finally, section XII
summarizes the findings, outlines contributions.

II. Problem Definition
In this chapter, the background and definition of the problem
are presented. The landing target represents the landing
platform located on the aft section of a moving maritime
object such as a moving ship or USV. The state of a
maritime object consists of it’s position (surge, sway and
heave), linear velocity and attitude (roll, pitch and yaw).

xt = [ 𝒑𝒕 𝒗𝒕 𝜼𝒕 ]𝑇 (1)

where:
• 𝒑𝒕 = [𝑥𝑡 , 𝑦𝑡 , 𝑧𝑡 ]𝑇 is the position of the target [m].
• 𝒗𝒕 = [𝑣𝑥,𝑡 , 𝑣𝑦,𝑡 , 𝑣𝑧,𝑡 ]𝑇 is the linear velocity[m/s].
• 𝜼𝒕 = [Φ,Θ,Ψ]𝑇 is the attitude of the target [rad].

The UAV is considered to be a quadcopter drone (i.e. 4
rotors). The state of the drone 𝒙𝒅 is given in Equation 2.

xd = [ 𝒑𝒅 𝒗𝒅 𝜼𝒅 𝝎𝑑 𝛀𝑑]𝑇 (2)

where:
• 𝒑𝒅 = [𝑥𝑑 , 𝑦𝑑 , 𝑧𝑑]𝑇 is the position of the drone [m].
• 𝒗𝒅 = [𝑣𝑥,𝑑 , 𝑣𝑦,𝑑 , 𝑣𝑧,𝑑]𝑇 is the linear velocity[m/s].
• 𝜼𝒅 = [𝜙, 𝜃, 𝜓]𝑇 is the attitude of the drone [rad].
• 𝝎𝒅 = [𝜔𝑥 , 𝜔𝑦 , 𝜔𝑧]𝑇 are the rotational rates [rad/s].
• 𝛀𝒅 = [Ω1,Ω2,Ω3,Ω4]𝑇 are the motor speeds [RPM].

The objective of the guidance system is to autonomously
guide the drone to perform a safe and precise landing on a
moving maritime target. The problem can be formulated
as a nonlinear tracking and control task, where the drone
must minimise its relative position, velocity and attitude
errors with respect to the moving target. Let the relative
state between the drone and the target be defined as:d

𝒙rel =


𝒑rel
𝒗rel

𝜼rel

 =

𝒑𝑑 − 𝒑𝑡
𝒗𝑑 − 𝒗𝑡
𝜼𝑑 − 𝜼𝑡

 ,
where 𝒑𝑑 , 𝒗𝑑 and 𝜼𝑑 denote the drone’s position, velocity
and attitude, and 𝒑𝑡 , 𝒗𝑡 and 𝜼𝑡 correspond to those of
the target landing platform. The control objective is to
compute a commanded velocity vector 𝑽𝑐𝑚𝑑 such that the
drone’s relative altitude converges to zero at touchdown
time 𝑡 𝑓 while ensuring that the horizontal position, relative
velocity and attitude at impact stay below a safe landing
threshold:

lim
𝑡→𝑡 𝑓
|𝑝rel,𝑧 (𝑡) | = 0,

lim
𝑡→𝑡 𝑓
∥prel,xy (𝑡)∥ ≤ |prel,xy |max,

lim
𝑡→𝑡 𝑓
∥vrel (𝑡)∥ ≤ |vrel |max,

lim
𝑡→𝑡 𝑓
∥𝜼rel (𝑡)∥ ≤ |𝜼rel |max.

(3)
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III. Related Works
This section reviews prior research on autonomous un-
manned aerial vehicle (UAV) landing on moving (mar-
itime) targets. The section is organized into five main
parts: subsection III.A covers classical control approaches
relying on deterministic and predictive models; subsec-
tion III.B presents hybrid methods combining model-based
and learning-based control; subsection III.C reviews value-
based RL approaches emphasizing simplicity and effi-
ciency; subsection III.D summarizes recent actor–critic
and memory-augmented frameworks; and finally, subsec-
tion III.E compares all paradigms across computational
and performance dimensions.

A. Classical Control Strategies for UAV-Ship Landings
Classical control methods for autonomous UAV landings on
maritime platforms range from simple feedback controllers
to advanced predictive and model-based strategies.

Abujoub [7] proposed a LIDAR-based signal prediction
algorithm (SPA) to forecast periods of minimal ship mo-
tion, enabling UAVs to land safely during these "quiescent
periods." This approach reduced the number of landing
attempts by approximately two per trial case and demon-
strated the potential for improved landing efficiency over
fully reactive systems. However, being a proof-of-concept,
its performance under extreme sea states remains untested.

Voskuijl [6] introduced a cascaded PID control frame-
work with predictive landing strategies using ship-mounted
sensors. Evaluated in a nonlinear simulation with a 100 kg
UAV and varying sea states, this method reduced touch-
down velocity by up to 60% and improved landing accuracy
by 53% with respect to a simple baseline. While effec-
tive across multiple operational conditions, its reliance on
accurate ship sensors and predictions limits robustness in
highly uncertain environments.

Gupta [16] surveyed model predictive control (MPC)
strategies, including linear and nonlinear formulations, con-
straint handling, and learning-enhanced approaches. MPC-
based methods enable precise control, robust handling of
constraints, and adaptability under uncertain conditions.
The main limitations include high computational cost, the
need for accurate environmental modeling, and challenges
in real-time implementation.

Zilver [17] investigated wind-aware trajectory optimiza-
tion for UAV and helicopter approaches to maritime vessels.
By considering wind speed, direction, and model fidelity,
the framework optimized smooth and energy-efficient tra-
jectories and allowed preliminary assessment of opera-
tional limits. The main constraints are its reliance on
accurate wind modeling, computational intensity, and pri-
mary validation through simulations rather than real-world
operations.

Limitations: Classical strategies demonstrate stabil-
ity, interpretability, and improved landing performance,
particularly when predictive or model-based elements are
incorporated. However, the system’s are limited by its
reliance on accurate sensors, precise environmental mod-
els, and carefully tuned parameters, as well as the high
computational demands of MPC or optimization-based
methods.

B. Hybrid Control Methods
Hybrid control strategies have emerged to combine the in-
terpretability of classical methods with the adaptability of
data-driven learning. Xie [18] proposed a hybrid architec-
ture integrating deep deterministic policy gradient (DDPG)
with heuristic guidance, achieving up to 93% success in
landing on randomly moving targets. Wu [19] expanded
on this concept by using DDPG to tune PID gains online,
leading to faster convergence and stronger generalization
compared to standalone RL or PID controllers. Other
studies explored learning-based MPC tuning or disturbance
compensation modules that adjust control parameters adap-
tively during flight.

Hybrid frameworks bridge the gap between model-
based precision and learning-based flexibility. They enable
adaptive behavior while maintaining the safety and explain-
ability of classical controllers. However, their performance
often depends on the underlying control architecture’s
structure and the training quality of the learning module.

Limitations: while hybrid approaches enhance adapt-
ability and robustness, they still inherit some of the rigidity
and tuning dependence of classical control. The learn-
ing components can also increase system complexity and
introduce stability risks if not properly constrained [18, 19].

C. RL Value-Based Approaches
Although often considered less powerful than deep RL,
tabular methods remain relevant for their simplicity and
efficiency. Abo Mosali [20] introduced AMLQ, a quantized
Q-learning scheme that avoids deep networks, reduces train-
ing time, and achieved lower RMSE than PID in 2D landing
tasks. More recently, Goldschmid [21] applied Double
Q-learning with curriculum training and motion-structured
discretization. Despite being tabular, their method rivaled
PI controllers and demonstrated successful transfer from
simulation to hardware.

Limitations: while value-based approaches are com-
putationally efficient, they scale poorly to high-dimensional
or continuous state/action spaces and may not generalize
to realistic 3D landing scenarios [20, 21].
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D. RL Actor–Critic and Memory-Augmented Methods
Actor–critic frameworks dominate current research due to
their ability to handle partial observability and continuous
state/action spaces. Jiang [22] benchmarked DDPG and
PPO, showing both can achieve near-perfect simulated
success rates. Building on this, Saj [23] validated a vision-
based DDPG controller on a 6-DOF ship deck, reporting
nearly 100% success and outperforming nonlinear PID
controllers. More recently, Aikins [24] extended PPO with
an LSTM-based memory module (RPO-LSTM), which
improved success by 74% under wind-disturbed conditions
by better capturing hidden dynamics.

Limitations: despite high simulation success, actor–
critic frameworks often require extensive training data, are
sensitive to reward shaping, and may struggle with general-
ization to new environmental disturbances [24]. Memory-
augmented architectures introduce additional computa-
tional overhead and may still fail under long-term partial
observability.

E. Method Comparison
Table 1 provides a comparative overview of classical, hy-
brid, and learning-based control paradigms for autonomous
UAV landing on moving platforms. The comparison fo-
cuses on three key dimensions: (i) computational in-
tensity, (ii) control accuracy or success rate, and (iii)
adaptability to changing or uncertain environments.

Classical controllers remain attractive due to their inter-
pretability, stability, and safety guarantees. PID controllers
are computationally inexpensive, relying on straightforward
gain-based updates, but their performance is sensitive to
environmental changes and requires careful retuning. MPC
and optimal control methods optimize control inputs over
a finite prediction horizon using system models, achieving
high precision and constraint satisfaction [6, 7, 16, 17, 25].
Their main limitation is computational cost and reliance
on accurate models, which can reduce real-time robustness
in highly dynamic maritime environments.

Hybrid control strategies integrate classical methods
with learning-based components, such as DDPG-tuned
PID or heuristic-guided MPC [18, 19]. These approaches
retain the stability and interpretability of classical control
while enhancing adaptability and robustness to uncertain
or changing conditions. They achieve faster convergence
and higher success rates than standalone classical or RL
methods, though they inherit some tuning and structural
dependencies from the underlying classical controllers.

Reinforcement learning (RL) approaches remove the
need for explicit system models and can handle nonlin-
ear, uncertain dynamics. Value-based methods [20, 21]
are computationally lightweight but scale poorly to high-
dimensional or continuous spaces. Actor–critic meth-
ods [22–24] achieve the highest performance in complex

dynamic conditions, with success rates approaching 100%
in simulations, though they require extensive offline training
and careful reward design. Memory-augmented variants
improve performance under partial observability but add
computational overhead.

The choice of control paradigm represents a trade-off
between computational load, landing reliability, and adapt-
ability to dynamic conditions. Classical PID and MPC offer
predictable and interpretable performance, hybrid meth-
ods provide a balanced compromise, and RL—particularly
actor-critic architectures delivers superior performance
once trained.
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Table 1 Comparison of control methods for autonomous UAV landing on moving platforms

Method Computational Intensity
(Online)

Accuracy / Success
Rate

Adaptability / Gen-
eralization

Representative Works

Classical High; Prediction of ship
motion requires real-time
optimization and initiali-
sation.

Moderate to high
(60–95%); PID per-
forms well in stable
conditions, MPC im-
proves precision if
the model is accurate

Low to moderate;
PID needs retuning
for new dynamics,
MPC depends on
model fidelity

[6, 7, 16, 17, 25]

Hybrid (Classical +
RL)

Moderate; inference +
classical feedback

High (85–95%) un-
der dynamic motion

High—adapts online
via learned tuning or
guidance

[18, 19]

RL Value-Based Low; table lookup or
small network

Moderate to high
(70–90%) in simple
tasks

Low to moderate;
poor scalability to
continuous 3D

[20, 21]

RL Actor–Critic Moderate (inference only)
after high-cost training

Very high
(90–100%) in
simulation

High—learns nonlin-
ear and uncertain dy-
namics; sensitive to
training

[22–24]

IV. Research Objectives and Questions
In this section the research gaps are introduced in subsec-
tion IV.A following the literature review from section III.
Following the identified research gaps, the research ques-
tions are introduced in subsection IV.B.

A. Research Gap
Classical and learning-based methods have demonstrated
promising performance for UAV-ship landings, a key gap
remains in their evaluation under realistic and challenging
maritime conditions. Classical controllers, such as PID and
MPC, have been primarily studied for sea states up to sea
state 5) [6, 7, 16, 17], whereas reinforcement learning (RL)
methods, particularly actor–critic architectures [22–24],
are typically trained in environments with planar target
motion, lacking stochastic vertical heave.

This raises the opportunity to investigate whether RL
controllers trained on stochastic heave ship motion, can
outperform classical methods under high sea states and in
the presence of environmental disturbances. Addressing
this gap would provide insight into the potential advantages
of intelligent control strategies for robust UAV-ship landing
in highly dynamic maritime environments.

B. Research Objective
The objective of this research is to design and evaluate
the performance of a reinforcement learning (RL) based
UAV landing controller for autonomous UAV ship land-
ings, under stochastic heave motion and environmental
disturbances.

C. Main Research Question
How does a RL-based guidance controller for autonomous
UAV ship landings perform in terms of success rate, landing
precision and robustness when subject to high sea states
and disturbances?

D. Sub-questions
1) RL-type: Does a hybrid RL guidance controller

have benefits compared to a full RL guidance con-
troller?

2) Robustness: How do wind, sea state, and sensor
noise affect the success rate, landing precision, and
stability of each controller?

3) Comparative Analysis: Which controller demon-
strates the best trade-off between robustness, preci-
sion, and efficiency across varying environmental
and dynamic conditions?
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V. Baseline Landing Strategy
In this section the baseline landing strategy is presented.
The baseline guidance controller uses a classical PID
strategy inspired by the baseline strategy of [6]. Its purpose
is to provide a stable, interpretable reference for evaluating
the RL-based guidance system. PID control is widely
used in aerial robotics for its simplicity, robustness, and
computational efficiency [26, 27], making it suitable for
high-frequency real-time applications such as UAV landing
on moving platforms. More advanced methods (MPC,
SMC, FLC) offer improved tracking or disturbance rejection
but with higher computational cost [28–30]. Horizontal
motion is governed by a standard PID law regulating the
horizontal velocity based on relative horizontal position
and velocity. The vertical control uses a PD law that takes
into account the relative altitude and vertical velocity.

®𝑉𝑐𝑚𝑑,𝑥𝑦 = 𝐾
𝑥𝑦

𝑃
®𝑒𝑥𝑦 + 𝐾 𝑥𝑦

𝐼

∫
®𝑒𝑥𝑦 𝑑𝑡 + 𝐾 𝑥𝑦

𝐷
®𝑣𝑥𝑦

®𝑉𝑐𝑚𝑑,𝑧 = 𝐾
𝑧
𝑃
®𝑒𝑧 + 𝐾 𝑧

𝐷
®𝑣𝑧,rel

(4)

where 𝐾 𝑥𝑦

𝑃
, 𝐾 𝑥𝑦

𝐼
, 𝐾 𝑥𝑦

𝐷
, 𝐾 𝑧

𝑃
and 𝐾 𝑧

𝐷
are the gains of the

baseline controller. The baseline PID gains are listed in
Table 2, tuned manually for horizontal motion and via grid
search for vertical motion. Systematic tuning methods
(Ziegler–Nichols, Cohen–Coon) are outside the scope of
this work. The vertical guidance is initiated once the UAV
is above the target and the target is in a downward motion,
allowing for a safe and rapid descent at high altitudes and
smooth deceleration near the landing zone.

Table 2 PID gain values for the horizontal (X, Y) and
vertical (Z) controllers.

Axis 𝐾𝑝 𝐾𝑖 𝐾𝑑

X (Horizontal) 1.00 0.20 0.08
Y (Horizontal) 1.00 0.20 0.08
Z (Vertical) -0.15 0.00 -0.15

Furthermore, a clipping function and first-order low-pass
filter is applied to smooth the velocity command and prevent
abrupt changes with 𝛼 𝑓 𝑖𝑙𝑡𝑒𝑟 = 0.1 and 𝑉𝑚𝑎𝑥 = 4𝑚/𝑠.

VI. Reinforcement Learning Landing
Strategies

This section presents the reinforcement learning (RL) frame-
work developed for autonomous UAV ship landings. It is
organized into five parts to systematically describe how the
RL agent interacts with and learns from its environment.
subsection VI.A introduces the theoretical foundation of
reinforcement learning based on the Markov Decision
Process (MDP) and its partially observable variant. sub-
section VI.B defines the agent’s action space, describing
both the hybrid and full 3D RL controllers and the applied
command filtering. subsection VI.C details the observation
space, which encodes the UAV–target state information
available to the agent. subsection VI.D explains the design
of the reward function that drives learning toward safe
and accurate landings. Finally, subsection VI.E presents
the Soft Actor–Critic (SAC) algorithm used for policy
optimization and training stability.

A. Markov Process
Reinforcement Learning is a machine learning framework
where an agent interacts with an environment to maximize
cumulative reward. The environment is typically modeled
as a Markov Decision Process (MDP) [31]:

M = (S,A, 𝑃, 𝑅, 𝛾)

where S is the state space, A the action space, 𝑃(𝑠′ |𝑠, 𝑎)
the transition probability, 𝑅(𝑠, 𝑎) the reward function, and
𝛾 the discount factor. The Markov property assumes that
that the next state depends only on the current state and
action:

𝑃(𝑠𝑡+1 |𝑠𝑡 , 𝑎𝑡 ) = 𝑃(𝑠𝑡+1 |𝑠𝑡 , 𝑎𝑡 , . . . )

In many real-world continuous control tasks, however, the
Markov property does not strictly hold [31]. The agent
does not have direct access to the full environmental state
𝑠𝑡 , but instead only to a partial or noisy observation 𝑜𝑡 ∈ O.
This situation is modeled as a Partially Observable Markov
Process (POMP) [32, 33]. A POMP is defined by the tuple
(S,A, 𝑃, 𝑅,O, 𝑂, 𝛾), where O is the observation space
and𝑂 (𝑜 |𝑠) denotes the observation probability distribution.

In this setting, the agent must infer useful information
about the hidden environment state from a history of past
observations and actions, rather than relying on a single
observation. This makes the problem more challenging and
typically requires memory-based models (e.g., recurrent
neural networks) or state-estimation techniques (e.g., filters,
belief states) to approximate the underlying Markov process
[34, 35].
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B. Action Space
In this subsection, two different RL-controllers are pre-
sented. The presented problem involves both horizontal
actions: i.e. tracking of the moving landing target and
vertical actions: i.e. a safe and reliable descend on the
moving target.

1. Hybrid RL 1D
This agent has a 1 dimensional action space and only has
autonomy over the vertical command velocity. While hav-
ing the horizontal guidance performed by a PID controller
earlier introduced in section V.

a𝑡 =
[
𝑉𝑧,𝑐𝑚𝑑

]
∈ [−1, 1]

2. RL 3D
This agent has full 3D action autonomy over the command
velocity to guide the drone to the target.

a𝑡 =


𝑉𝑥,𝑐𝑚𝑑

𝑉𝑦,𝑐𝑚𝑑

𝑉𝑧,𝑐𝑚𝑑

 ∈ [−1, 1]

3. Action Command Filtering
In the environment, both RL_1D and RL_3D actions 𝑎𝑡 ∈
[−1, 1] are passed through a command filter. The RL agent
outputs an action 𝑎𝑡 in the range [−1, 1], which is scaled to
the maximum UAV velocity 𝑉max. A first-order low-pass
filter is applied to smooth the command and prevent abrupt
changes with 𝛼 𝑓 𝑖𝑙𝑡𝑒𝑟 = 0.1 and 𝑉𝑚𝑎𝑥 = 4𝑚/𝑠:

𝑉𝑐𝑚𝑑 ← 𝛼 𝑓 𝑖𝑙𝑡𝑒𝑟 (𝑎𝑡 · 𝑉𝑚𝑎𝑥)+(1−𝛼)𝑉cmd, 𝛼 𝑓 𝑖𝑙𝑡𝑒𝑟 ∈ [0, 1] .

In short, this process scales, smooths, and saturates the RL
action before execution.

C. Observation Space
Both RL controllers RL 1D and RL 3D observe the en-
vironment through a 15-dimensional vector capturing the
relative state between the drone and the landing target. The
observation vector is defined as the 15D vector:

o𝑡 =
[
prel vrel vd 𝜂rel 𝑒xy

∫ 𝑡

0
𝑒xy𝑑𝑡 𝑇

]𝑇
(5)

where:
• prel = [𝑥rel 𝑦rel 𝑧rel]𝑇 represents the 3D relative

position between the drone and the target.
• vrel = [𝑣rel, x 𝑣rel, y 𝑣rel, z]𝑇 represents the 3D rel-

ative linear velocity between the drone and the target.
• vd = [𝑣d, x 𝑣d, y 𝑣d, z]𝑇 represents the 3D linear

velocity of the drone.

• 𝜂rel = [𝜙d 𝜃d 𝜓d − Ψ𝑡 ]𝑇 represents the relative
3D roll, pitch and heading between the drone and the
target.

• 𝑒xy =

�����
�����
[
𝑥rel

𝑦rel

] �����
����� represents the horizontal tracking

error.
•
∫ 𝑡

0 𝑒xy𝑑𝑡 represents the integral horizontal tracking
error.

• 𝑇 is the normalized time of the episode.
The observation space consists of different measurements
all with different scales. In order to generate a better policy,
the observations are clipped and MinMaxScaled to the [-1
, 1] domain.

D. Reward Function
The reward function encourages the agents to track the
target accurately while minimizing excessive relative roll
and heading attitudes. This structure balances tracking
accuracy, smooth control, and safety, which is critical for
continuous control in a dynamic maritime environment.
The design follows a common approach in UAV and robotic
landing tasks, where a shaping reward provides dense
feedback during training and a terminal success reward
reinforces goal completion [31, 36].

𝑟𝑡 = 𝑟shaping + 𝑟success

where:
𝑟shaping = 0.05

(
1 − 𝑒xy − 0.5

∫ 𝑡
𝑒xy𝑑𝑡 − 0.5∥𝜂rel∥

)
𝑟success = 100 + 50

1 + 𝑒2
xy
+ 50

1 + ∥vrel∥2
+ 50

1 + ∥𝜂rel∥2

The shaping component provides continuous guidance
toward the target throughout each episode, while the termi-
nal success reward strongly reinforces precise alignment
and smooth relative motion upon landing. This hybrid
structure has been shown to improve learning stability and
convergence in complex continuous control problems. To
ensure the agent prioritizes successful landings over small
incremental improvements, the terminal reward is made
dominant (𝑟success ≫ 𝑟shaping), as recommended by [31].
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E. Policy: Soft Actor–Critic (SAC)
The Soft Actor-Critic (SAC) algorithm [37] combines ele-
ments of actor–critic methods with the maximum entropy
framework for reinforcement learning. In standard rein-
forcement learning (RL), the objective is to learn a param-
eterized policy 𝜋 that maximizes the expected cumulative
return over an episode of length 𝑇 :

max
𝜋

E(𝑠𝑡 ,𝑎𝑡 )∼𝜌𝜋

[
𝑇∑︁
𝑡=0

𝑟 (𝑠𝑡 , 𝑎𝑡 )
]
,

where 𝜌𝜋 (𝑠𝑡 ) denotes the state distribution induced by pol-
icy 𝜋(𝑎𝑡 |𝑠𝑡 ). The action-value function 𝑄(𝑠, 𝑎) expresses
the expected future return after taking action 𝑎 in state 𝑠. In
conventional RL, the learned policy is typically unimodal
and centered around the action that maximizes 𝑄(𝑠, 𝑎).
This narrow focus can reduce exploration, which makes
the agent brittle: even small environmental changes may
cause failure.

Maximum entropy reinforcement learning addresses
this limitation by augmenting the objective with an entropy
term that explicitly encourages exploration [37]. The
modified objective is:

𝐽 (𝜋) = E(𝑠𝑡 ,𝑎𝑡 )∼𝜌𝜋

[
𝑇∑︁
𝑡=0

𝑟 (𝑠𝑡 , 𝑎𝑡 ) + 𝛼H
(
𝜋(·|𝑠𝑡 )

) ]
,

whereH(𝑃) = E𝑥∼𝑃 [− log 𝑃(𝑥)] is the entropy and 𝛼 is a
temperature parameter controlling the trade-off between re-
ward maximization and policy stochasticity. This objective
induces policies of the form

𝜋(𝑎 |𝑠) ∝ exp
(
𝑄(𝑠, 𝑎)

)
,

The SAC algorithm [37] builds on this principle and inte-
grates three key components: (i) an actor–critic architecture
with separate policy and value networks, (ii) an off-policy
learning procedure that reuses past experience for sample ef-
ficiency, and (iii) entropy maximization to balance stability
and exploration. Compared to earlier methods such as Deep
Deterministic Policy Gradient (DDPG) [38], SAC achieves
improved stability, faster convergence, and superior asymp-
totic performance in continuous, high-dimensional control
tasks. By combining sample efficiency with robustness to
environmental variability, SAC addresses the brittleness
that often affects deep reinforcement learning algorithms.

The SAC implementation in this work follows the de-
fault Stable-Baselines3 configuration [39], with standard
continuous control hyperparameters for stable and repro-
ducible training. The entropy coefficient 𝛼 and target
entropy are set to "auto" to adaptively balance exploration
and exploitation, stabilizing learning. Table 3 lists the
hyperparameters used for training the RL guidance policy.

Table 3 Default hyperparameters for SAC in Stable-
Baselines3

Hyperparameter Default
𝛾 (discount) 0.99
Learning rate 0.0003
Buffer size 1 × 106

Learning starts 100
Batch size 256
𝜏 (soft update) 0.005
𝛼 (entropy) "auto"

Target entropy "auto"

Architecture 2 × 256
Activation Tanh
Action noise N(0, .05)

1. Landing Strategies Overview
In Table 4, the axis-wise control formulation for all 3
proposed landing strategies are presented.

Table 4 Overview of landing strategies and axis-wise
control formulation.

Strategy X-axis Y-axis Z-axis
Baseline (PID) PID PID PD
RL 1D (Hybrid) PID PID RL
RL 3D (Full RL) RL RL RL
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VII. Case Study
In this chapter, the case study is presented where the hybrid
RL_1D and RL_3D guidance controllers are evaluated
together with the classical baseline. Firstly, in subsec-
tion VII.A the assumptions for this case study are listed.
Secondly in subsection VII.B the target motion of the ship
in high sea states is presented. Furthermore in subsec-
tion VII.D, a drone model is presented together on which
the RL and baseline guidance controllers will be evaluated.

A. Assumptions
In order to limit the scope of this work to the research
objective, a few assumptions have to be made.

• Assume target motion of ship in high sea states is only
subject to stochastic heave motion i.e. no rotational
motion, surge and sway.

• Assume constant wind that has no downwash related
to the ship’s wake.

• Furthermore, we assume that a landing is considered
successful if:

𝑆𝑢𝑐𝑐𝑒𝑠𝑠 =


∥ 𝒑rel, 𝑥𝑦 ∥ < 2 m
|𝑝rel,z | < 0.05 m,
𝑣𝑧, rel < 2.8 m/s,
|𝜙𝑑 | < 30◦

where 𝒑rel, 𝑥𝑦 = [𝑥rel 𝑦rel]𝑇 , 𝑧rel is the vertical (altitude)
error, 𝑣𝑧, rel is the relative vertical velocity between the
drone and the platform, and 𝜙𝑑 is the roll angle of the
drone at touchdown. The threshold 𝑣𝑧, rel < 2.8 m/s is
selected based on experimental studies of quadrotor landing
dynamics that show higher vertical velocities increase
structural loads and risk of bounce or tip-over [40, 41] and
a roll angle below 30° is commonly used to limit tipping
risk and maintain landing stability [42].

B. Target Motion
The maritime landing target is modeled as a 4 m diameter
landing platform located on the aft section of a moving ship.
For simplicity, the ship motion is considered to be linear in
the horizontal plane and restricted to vertical heave motion,
while horizontal surge, sway, and rotational motions are
assumed to be zero. The modeling follows a linear spectral
approach, where the sea state is represented by a wave
energy spectrum 𝑆(𝜔) and the ship heave response 𝑍 (𝜔)
is obtained from the Response Amplitude Operator (RAO):

𝑍 (𝜔) = |RAOZ (𝜔) |2 𝑆(𝜔). (6)

In this work, the heave RAO is based on ShipMo3D analysis
from [15] for a 𝐿 = 124 m Canadian Patrol Frigate (CPF)
subject to head waves. Furthermore, the wave energy
spectrum is based on the Bretschneider wave spectrum

representation, a two-parameter formulation commonly
used for fully developed seas [43]:

𝑆(𝜔) = 5
16
𝐻2

𝑠 𝜔
4
𝑝 𝜔
−5 exp

[
−5

4

(𝜔𝑝

𝜔

)4
]
, (7)

where 𝐻𝑠 is the significant wave height and 𝜔𝑝 = 2𝜋/𝑇𝑝
is the peak angular frequency associated with the modal
period 𝑇𝑝. Representative values of 𝐻𝑠 and 𝑇𝑝 for sea
states 4–6, based on the Douglas scale, are listed in Table 5.
These parameters define the stochastic excitation spectrum
𝑆(𝜔) used to drive the ship motion model.

Table 5 Representative wave parameters for sea states
4–6 obtained from [44].

Sea State 𝐻𝑠 (m) 𝑇𝑝 (s)
4 4 3
5 6 4
6 8 5
7 10 6

The heave response is given in Figure 1. Note that for
higher sea states, the heave motion has more energy at low
frequencies.

Fig. 1 Heave motion 𝑍 (𝜔) spectrum as a function of
sea state.

In order to obtain the time response, the following transfor-
mation is used (Equation 8), with𝜔𝑛 the discretized angular
frequencies, Δ𝜔 the frequency step, and 𝜙𝑛 ∼ 𝑈 (0, 2𝜋)
independent random phases.

Furthermore, a base altitude 𝑧0 is selected to limit
negative values of altitude.

𝑧𝑡 (𝑡) ≈ 𝑧0 +
𝑁∑︁
𝑛=1

√︁
2 𝑍 (𝜔𝑛) Δ𝜔 cos

(
𝜔𝑛𝑡 + 𝜙𝑛

)
, (8)
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Since rotational motions are neglected, the target state
estimation consists only of position and linear velocity.
The horizontal motion is linear, meaning that the velocity
in 𝑥 and 𝑦 is constant and solely dependent on the ship’s
speed 𝑉 and heading Ψ.

C. Sensor Noise
It is assumed that the target state is estimated using sensor
fusion of a Camera, LiDAR and IMU, which are filtered
through an Extended Kalman Filter [45, 46]. However, the
filtered state estimate contains residual errors modeled as:

𝒙̂𝑡 = 𝒙𝑡 + 𝒘𝑡 (9)

where 𝒙̂𝑡 is the estimated target state, 𝒙𝑡 is the true state, and
𝒘𝑡 represents the sensor noise. The target state estimation
error is sampled from N(0, 0.1𝑚) by default [47].

D. Drone Model
The Crazyflie 2.1 nano quadcopter was chosen as the
primary candidate due to its compatibility with the open-
source PyBullet Drones library in Python [48]. This library
provides a realistic physics simulation environment for
aerial vehicles, enabling rapid prototyping and evalua-
tion of flight controllers before real-world deployment.
The seamless integration of the Crazyflie model within
PyBullet facilitates the creation of customizable environ-
ments, reducing development overhead while ensuring
reproducibility of experiments. Furthermore, the Crazyflie
platform is widely used in research and education owing
to its open hardware and software ecosystem, making it a
well-documented and reliable choice for both simulation
and real-world experiments [49].

Table 6 Main physical and aerodynamic parameters
of the Crazyflie 2.1 [50]

Symbol Value Unit
𝐿 0.0397 m
𝑚 0.027 kg
𝑟𝑝 2.31 × 10−2 m
𝑇/𝑊 2.25 –
𝑣max 30 km/h
𝑘 𝑓 3.16 × 10−10 N·s2

𝑘𝑚 7.94 × 10−12 N·m·s2

𝑘𝑔𝑒 11.37 –
𝐶𝑑,𝑥𝑦 9.18 × 10−7 –
𝐶𝑑,𝑧 1.03 × 10−6 –
𝐼𝑥𝑥 , 𝐼𝑦𝑦 1.4 × 10−5 kg·m2

𝐼𝑧𝑧 2.17 × 10−5 kg·m2

1. Drone Control
The Crazyflie 2 drone from gym-pybullet-drones [50]
includes an inner-loop controller that tracks a velocity
command signal, implemented in ./control/DSLPID.py
[51]. This cascaded controller computes the necessary
thrust and attitude commands to track the guidance signal.

An overview of the cascaded controllers used are given
in Figure 10 and Figure 11.

2. Environmental Disturbance
To emulate realistic outdoor flight conditions, the drone is
subjected to a constant horizontal wind disturbance. The
wind speed is randomly sampled between 1 m/s and 3 m/s,
and the wind direction is uniformly distributed between
−90◦ and +90◦. The drag force due to wind is modeled
as a point force Equation 10 in gym-pybullet-drones
next to the aerodynamic drag formulation implemented
in the BaseAviary class [50]. This model computes
the aerodynamic forces based on the relative air velocity
𝑉𝑟𝑒𝑙 = 𝑣𝑑 − 𝑣𝑤𝑖𝑛𝑑 between the drone and the wind field,
inducing realistic drift effects that the guidance modules
must compensate for during flight and landing.

𝐹𝑑𝑟𝑎𝑔 =
1
2
𝜌𝑉2

𝑟𝑒𝑙𝐶𝑑,𝑥𝑦𝐴 (10)

E. Simulation Environment
The simulation environment is implemented in PyBullet
using the VelocityAviary wrapper for drone dynamics,
coupled with a custom platform motion model. The drone
is initialized at a fixed altitude and distance from a moving
platform, whose motion is derived from a wave-response
model parameterized by the sea state.

To ensure robustness and promote generalization across
varying operational conditions, extensive domain random-
ization is applied during training. This is essential for
reinforcement learning (RL) methods, as their ability to
generalize to unseen environments and disturbance scenar-
ios is critical for safe real-world deployment. Therefore,
environmental parameters such as sea state, wind, platform
motion, and sensor noise are randomized at the start of
each episode.

In addition, the thrust-to-weight ratio (𝑇/𝑊) is sampled
uniformly fromU(1.35, 1.85) to emulate different drone
configurations and dynamic responses. This variation
encourages the RL agent to learn a policy that remains
effective across a wide range of physical models, rather
than overfitting to a single drone configuration.

The simulation is controlled via a set of arguments
(ARGS) parsed at runtime. Table 7 summarizes the default
training configuration. At the start of each episode, both
the drone and platform states are reset. The ship platform
motion is generated from a stochastic sea-state response
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amplitude operator (RAO) model or fixed. Measurement
noise N(0, 𝜎2) can be adjusted to represent target state
estimation uncertainty.

Table 7 Default simulation arguments for RL-
Guidance agent.

Argument Default Value

Simulation frequency 48 Hz
Control frequency 48 Hz
Episode steps 1000
Duration 20.8 s
Sea state ∼ U(4, 7)
Initial altitude 8 m
Wind velocity ∼ U(1, 3) m/s
Wind direction U(−90, 90) deg
Initial distance 3 m +U(−1, 1) m
Target heading ∼ U(−45, 45) deg
Target speed ∼ U(2.5, 3.5) m/s
Thrust-to-weight ratio (𝑇/𝑊) ∼ U(1.35, 1.85)
Sensor noise ∼ N(0, 0.1)
Model SAC
Train steps 4e6

F. Evaluation Metrics
The performance of the RL-Guidance module is evaluated
over 𝑁 independent runs. The following metrics are used
to assess landing performance:

• Success Rate (%): The ratio of successful landings
to the total number of runs, expressed as a percentage:

Success Rate =
𝑁success
𝑁

× 100

where 𝑁success denotes the number of successful
landings.

• Landing Error (m): The Euclidean distance in the
horizontal plane between the UAV touchdown point
(𝑥𝑑 , 𝑦𝑑) and the target (𝑥𝑡 , 𝑦𝑡 ):

𝑒𝑥𝑦 =

√︃
𝑥2

rel + 𝑦
2
rel.

• Relative Vertical Velocity (m/s): The UAV’s vertical
velocity relative to the platform at the instant of
contact:

𝑣𝑧,rel = 𝑣𝑧,𝑑 − 𝑣𝑧,𝑡 .
• Relative Roll Angle (deg): The UAV’s roll angle

relative to the platform at the instant of touchdown:

𝜙rel = 𝜙𝑑 .

• Landing Time (s): The elapsed time from the start
of the episode until touchdown, providing a measure
of guidance efficiency.

VIII. Hypotheses
The hypotheses formulated below are derived from the
research questions outlined in section IV and the analysis
of the related literature in section III. They are based on the
expectation that Reinforcement Learning (RL) controllers,
particularly those trained on the identified research gap
of stochastic heave, will demonstrate superior adaptability
compared to classical methods.

1) H1: Main Hypothesis (Performance in High Sea
States)
The Reinforcement Learning guidance controllers
trained on stochastic ship heave, will achieve a
significantly higher success rate and demonstrate
superior landing precision compared to the classical
PID-based baseline controller when evaluated under
high sea states (i.e., above Sea State 5) and strong
wind disturbances.

2) H2: RL-Type Comparison (Full vs. Hybrid)
The full RL guidance controller RL_3D will ulti-
mately demonstrate a higher maximum success rate
and precision than the hybrid RL guidance controller
RL_1D. This is because its full autonomous coordi-
nation across all three degrees of freedom (DOF)
allows for better generalized control and disturbance
rejection in a non-linear, dynamic environment.

3) H3: Robustness to Disturbances
The full RL controller RL_3D will exhibit the high-
est robustness to increasing levels of environmental
disturbance (wind speed, sea state intensity) and
sensor noise. Conversely, the classical baseline
controller will be the most negatively impacted,
showing the steepest decline in both success rate
and stability.

4) H4: Trade-off Analysis (Efficiency)
Despite the superior peak performance of the full
RL controller, the hybrid RL controller RL 1D will
demonstrate the best trade-off between robustness,
landing precision, and computational efficiency. Its
lower-dimensional action space and reliance on the
stable PID for horizontal control will result in a
more efficient control strategy that still significantly
outperforms the classical baseline.
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IX. Results

A. Training Results
The training progression of the RL_1D and RL_3D agents
are illustrated in Figure 2 and moving average summarized
in Table 8. The training behavior between the agents
exhibits significant differences in convergence. The RL_1D
policy achieved a slightly higher reward (241.64 vs. 228.34)
and success rate (86.6% vs. 76.8%) compared to RL_3D,
while the RL_3D agent reached its peak performance
later in training (episode 23338 vs. 12664) and achieved
slightly faster landings (2.70 s vs. 3.31 s). Overall, RL_1D
demonstrates more stable and consistent learning, whereas
RL_3D achieves quicker but less reliable landings.

Metric RL_1D RL_3D
Reward 241.64 228.34

Episode nr. 12664 23338
Landing Time 3.31s 2.70s
Success Rate 86.6% 76.8%

Table 8 Training results at the episode with the highest
200 moving-average success rate for RL_1D and RL_3D.

Fig. 2 200-episode moving averages for training re-
ward, episode length (s) and success rate progression of
both RL methods during training.

B. Policy Evaluation
The final performance of the trained RL_1D and RL_3D
agents, together with the baseline controller, was quanti-
tatively evaluated over 𝑁 = 200 independent runs in the
standard simulation environment described in Table 7. Fig-
ure 4 provides a visual summary of all evaluation metrics,
while Table 9 presents their mean and standard deviation
values.

Metric RL_1D RL_3D Baseline
Success (%) 86.6 76.8 79.2
Time (s) 3.31 ± 0.60 2.70 ± 1.21 11.51 ± 2.79
Roll (°) −0.51 ± 4.39 8.04 ± 13.80 −0.07 ± 3.37
Rel. Vel (m/s) −1.94 ± 0.71 −2.00 ± 0.76 −2.01 ± 1.05
Err XY (m) 0.97 ± 0.30 1.43 ± 3.34 0.17 ± 0.17

Table 9 Evaluation metrics (mean ± std) for RL con-
trollers and baseline evaluated over 𝑁 = 200 runs.

C. Success Rate
The success rate is a direct measure of each controller’s
ability to complete the landing task without failure or
significant deviation from the desired target state. The
RL_1D agent achieved the highest success rate of 86.6%,
demonstrating strong robustness and consistent control
in the one-dimensional descent scenario. The RL_3D
agent, with a success rate of 76.8%, struggled slightly
due to the added control complexity of managing coupled
translational and rotational motion. In contrast, the baseline
controller achieved a comparable success rate of 79.2%,
suggesting that classical control remains effective in stable
conditions but lacks adaptability to dynamic disturbances.
These results indicate that while RL_1D exhibits the highest
reliability, future improvements in the RL_3D policy could
further enhance multi-axis robustness.

D. Landing Time
Landing time reflects both trajectory efficiency and the
agent’s willingness to trade stability for speed. The RL_3D
agent demonstrated the fastest average descent of 2.70 s,
highlighting its aggressive optimization for time-efficient
trajectories. The RL_1D agent followed with a slightly
slower average of 3.31 s, representing a more balanced
trade-off between descent rate and stability. The baseline
controller was significantly slower (11.51 s), adopting a
cautious descent profile that prioritizes safety and precision
over speed. Both RL agents demonstrate learned time effi-
ciency, with RL_3D achieving the most rapid yet variable
descents.
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E. Attitude Stability
Attitude stability, measured by the roll angle at touchdown,
reflects the controller’s ability to maintain a level orientation
during landing. The RL_1D and baseline controllers
achieved nearly level touchdowns (−0.51◦ and −0.07◦,
respectively), signifying precise attitude control. The
RL_3D agent exhibited a noticeably larger mean roll angle
(8.04◦), with higher variance, likely due to the increased
degrees of rotational freedom. Although the 3D policy
successfully manages coupled dynamics, its larger roll
deviations suggest the need for improved rotational damping
or reward shaping to encourage smoother alignment before
touchdown.

F. Vertical Velocity at Touchdown
The relative vertical velocity metric assesses descent smooth-
ness and impact mitigation capability. All controllers
achieved similar touchdown velocities around−2 m/s (−1.94 m/s
for RL_1D, −2.00 m/s for RL_3D, and −2.01 m/s for the
baseline). This consistency indicates that all methods ef-
fectively learn or enforce a stable terminal descent phase.
However, RL_3D exhibited a slightly higher standard de-
viation, implying occasional aggressive descents when
attempting to correct lateral or rotational deviations late in
the trajectory.

G. Landing Precision
Lateral error quantifies the accuracy of the vehicle’s final
touchdown position relative to the desired target point.
The baseline controller achieved the smallest average error
(0.17 m), owing to its conservative behavior—only de-
scending once directly aligned over the target. The RL_1D
and RL_3D agents exhibited larger mean errors (0.97 m
and 1.43 m), respectively. This can be attributed to their
ability to initiate descent while performing simultaneous
lateral corrections, trading precision for overall efficiency.
Notably, the RL_1D controller shows lower deviation and
variance compared to RL_3D, suggesting that constrained
motion reduces accumulated lateral drift. Despite this, the
RL-based controllers provide a desirable balance between
time efficiency and spatial accuracy, suitable for dynamic
landing scenarios.

H. Trajectory Visualization
Figure 3 illustrates a representative landing scenario under
Sea State 5 conditions. The RL_1D controller successfully
guides the UAV to a safe touchdown, effectively compensat-
ing for strong heave-induced vertical motion. In contrast,
the PID baseline fails, crashing due to excessive vertical ve-
locity, highlighting the advantage of reinforcement learning
in managing extreme maritime disturbances. The velocity
and attitude profiles with the commands can be seen in the
appendix Figure 12.

Fig. 3 Trajectory where RL_1D and RL_3D methods
land successfully but the baseline crashes due to high
vertical velocity. Target motion 3 m/s, Ψ =30◦ and sea
state 5.
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Fig. 4 Box plots of landing time, roll angle, relative vertical velocity, and landing error (XY) for RL_1D, RL_3D,
and the baseline controller, evaluated over 𝑁 = 500 runs per method.
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X. Validation
The validation process of this work is assessed by perform-
ing sensitivity analysis to ensure that the learned guidance
policy provides results representative of realistic opera-
tional conditions.

A. Wind Disturbance Sensitivity
The sensitivity analysis of the controllers under varying
wind conditions demonstrates their robustness with respect
to landing success and positional accuracy, as summarized
in Figure 5 and Table 10. In the trained wind regime
(∼ U(1 − 3 m/s)), both RL_1D and RL_3D achieve high
success rates (86.6% and 76.8%, respectively) with low
landing errors (0.97 m and 1.43 m), showing effective
generalization within the conditions seen during training.
The baseline PID controller performs consistently with a
success rate of 79.2% and minimal landing error (0.17 m),
indicating reliable classical control under familiar wind
conditions.

At moderate wind speeds (4 m/s), RL_1D maintains a
high success rate (79.5%) with low landing error (1.19 m),
while RL_3D shows a significant drop in success (57.5%)
and a sharp increase in landing error (44.69 m), reflecting
the challenge of controlling landings outside the trained
wind envelope. Notably, the baseline controller remains
stable at 72.5% success and low landing error (0.25 m),
demonstrating superior robustness to moderate unmodeled
disturbances compared to the RL controllers.

For higher wind speeds (5 m/s and above), the RL
controllers experience further decreases in success rate and
increases in landing error: at 5 m/s, RL_1D achieves 54%
success with 1.40 m landing error, and RL_3D drops to
26% success with 26.16 m landing error. In contrast, the
baseline PID controller maintains a stable 71% success
rate with 0.35 m error, illustrating its resilience even under
extreme wind conditions. At 6 m/s, both RL controllers
show substantial instability (RL_1D: 32%, RL_3D: 7.5%
success; errors exceeding 77 m), whereas the baseline PID
controller continues to perform robustly (75% success,
0.42 m error). This indicates that, although RL controllers
offer advantages within the trained wind regime, the clas-
sical PID controller provides superior robustness under
untrained disturbances.

Additional metrics such as landing time, roll angle,
and relative vertical velocity are reported in Table 10,
supporting the trends observed in success rate and landing
error. The visual representation in Figure 5 highlights the
relative strengths of each controller across increasing wind
speeds.

Fig. 5 Success rate and landing error sensitivity w.r.t
increased wind speeds. ∼ U(1 − 3) denotes the wind
conditions under training.

B. Baseline Strategy
The performance of the baseline controller is highly depen-
dent on the choice of the vertical proportional gain (𝐾𝑍

𝑝 )
and the derivative gain (𝐾𝑍

𝑑
). A sensitivity analysis was

conducted to determine the most robust and safest combi-
nation of these gains presented in Figure 6. The analysis
involved running 50 simulations for each combination of
𝐾𝑝 and 𝐾𝑑 across a range of values from −0.05 to −0.30.
The performance metric used was the success rate, across
the 50 runs.

Fig. 6 Grid search of vertical baseline guidance pro-
portional and derivative gains over 𝑁 = 50 runs.
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As observed in the analysis, the highest success rates (dark
green regions) were concentrated around the central and
lower-right quadrants of the tested domain. Based on the
quantitative results, the gain combination of 𝐾𝑝 = −0.15
and 𝐾𝑑 = −0.15 was selected as the optimal and safest
choice for implementation. This center point provided a
consistent high success rate, offering a balance between
fast response (derivative action) and stability (proportional
action), ensuring robust landing performance.

C. Noise Disturbance Sensitivity
To evaluate robustness to sensor uncertainty, the con-

trollers were tested with increasing levels of sensor noise,
modeled as ∼ N(0, 𝜎) where 𝜎 ∈ [0.1, 1.25] m. The full
evaluation data is given in Table 11. The corresponding
success rates are visualized in Figure 7, showing a clear
trend of performance degradation as measurement noise
increases. At low noise levels (𝜎 = 0.1 m), all controllers
achieve high reliability, with RL_1D, RL_3D, and the
baseline reaching 88%, 75%, and 89% success respectively.
As noise increases to moderate levels (𝜎 = 0.5–1.0 m),
RL_3D exhibits the most pronounced sensitivity, dropping
from 72% to 30% success, while RL_1D maintains a rela-
tively stable 78–79% success rate. The baseline controller
remains consistent around 76–83%, demonstrating robust-
ness to moderate sensor disturbances but at the cost of
longer landing times observed elsewhere.

Under extreme noise (𝜎 = 1.25 m), the performance
divergence becomes substantial: RL_3D nearly collapses
(7% success), the baseline controller degrades to 39%,
while RL_1D still achieves 78% success. This indicates that
the 1D-trained policy learned a more stable mapping from
noisy sensory inputs to control actions, effectively filtering
sensor disturbances through its learned state abstraction.

The results suggest that while the baseline maintains
stability through conservative control gains, RL_1D demon-
strates superior robustness to sensor uncertainty within its
trained operational regime, whereas RL_3D suffers from
over-dependence on high-dimensional sensory feedback.

D. Sea State Sensitivity
To assess controller robustness under varying sea condi-
tions, simulations were conducted at sea states 0, 4, 5, 6,
and 7. The evaluation data is given in Table 12. The
resulting success rates and landing errors are visualized in
Figure 8.

At low to moderate sea states (0–5), all controllers
achieve reasonable success, with RL_1D maintaining the
highest consistency (85–88%). RL_3D shows a moderate
decline (75–83%), while the baseline exhibits variable
performance.

As sea state increases to 6–7, RL_1D remains robust,
achieving 86–89% success, whereas RL_3D continues to

Fig. 7 Sensor noise sensitivity: success rate (top) and
landing error (bottom) for different methods. RL_1D
remains most stable under increasing noise.

slightly decline and the baseline controller drops to 69–
73%. Landing errors increase with sea state, particularly
for RL_3D and the baseline, indicating higher difficulty in
maintaining precise landings under more turbulent condi-
tions.

These results highlight that RL_1D’s policy generalizes
well across moderate to high sea states, while RL_3D and
the baseline controllers are more sensitive to sea-induced
disturbances.

16



Fig. 8 Sea state sensitivity: success rate (top) and
landing error (bottom) for different methods. RL_1D
remains most stable as sea state increases.

E. Drone Dynamics (Thrust-to-weight ratio)
To evaluate controller performance under varying vehicle
dynamics, the thrust-to-weight ratio 𝑇/𝑊 was varied. The
evaluation data is given in Table 13. The resulting success
rates and landing errors are shown in Figure 9.

At lower 𝑇/𝑊 values (1.32), all controllers exhibit
moderate success rates: RL_1D achieves 78%, RL_3D
drops to 53%, and the baseline controller reaches 72%.
Landing errors are highest for RL_3D (2.35 m), reflecting
difficulty in stabilizing with reduced thrust. As 𝑇/𝑊
increases to 1.48, success rates improve for RL_1D and
RL_3D (89% and 83%, respectively), while the baseline
shows minor gains (74%). Landing error for RL_3D
decreases to 1.14 m, indicating enhanced control authority
with higher thrust.

At even higher 𝑇/𝑊 (1.64–1.80), RL_1D remains con-
sistently robust (80–84%), while RL_3D shows moderate
sensitivity, and the baseline controller maintains stable
but lower performance. Landing errors remain generally
low for RL_1D and the baseline, whereas RL_3D exhibits
occasional high variability under extreme T/W conditions,
reflecting over-dependence on high-dimensional state feed-
back.

The results suggest that RL_1D provides reliable and
robust control across a broad range of thrust-to-weight
ratios. RL_3D is more sensitive to low thrust conditions,
while the baseline controller, although stable, fails to fully
exploit increased thrust for improved performance.

Fig. 9 Thrust-to-weight ratio sensitivity: success rate
(top) and landing error (bottom) for different con-
trollers. RL_1D demonstrates the most stable per-
formance across varying 𝑇/𝑊 .

XI. Discussion
The results presented in Section IX and validated under
varying conditions (Section X) provide several key insights
regarding the performance and robustness of reinforcement
learning (RL) based landing controllers compared to a
classical baseline PID controller.

A. Controller Performance under Nominal Conditions
Under standard environmental conditions, the RL-based
controller consistently outperformed the baseline in terms
of landing efficiency, achieving shorter average landing
times while maintaining comparable or slightly higher
success rates. This confirms the first hypothesis that RL
controllers can optimize both task completion and op-
erational efficiency in nominal scenarios. The baseline
controller, while reliable, exhibited significantly slower
landing trajectories, reflecting its conservative control strat-
egy prioritizing stability over speed.

These results suggest that RL controllers can effec-
tively learn optimal trade-offs between speed and control
precision in well-defined environments.

B. Robustness to Environmental Disturbances
Sensitivity analyses for wind, sea state, and sensor noise
revealed distinct performance characteristics. The RL
controller maintained robust performance within the envi-
ronmental conditions encountered during training, demon-
strating generalization capabilities. However, performance
degraded under extreme disturbances, particularly at higher
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wind speeds and heavy sensor noise, partially confirming
the second hypothesis. In contrast, the classical baseline
controller showed more consistent success rates under ex-
treme and untrained conditions, highlighting its inherent
robustness due to conservative design principles.

These findings indicate that RL controllers are highly ef-
fective within their trained operational envelope but require
additional adaptation or retraining to handle unmodeled
disturbances.

C. Trade-off
Across all tested conditions, the RL controller demonstrated
a favorable balance between landing precision, success rate,
and efficiency. While the baseline maintained stability un-
der extreme conditions, its longer landing times and reduced
trajectory efficiency limit overall operational performance.
Conversely, the RL controller achieved faster landings
with generally high precision in nominal and moderate
disturbance scenarios. This supports the third hypothesis
that RL-based methods can provide a superior trade-off
between efficiency and robustness across a wide range of
operating conditions.

Nonetheless, extreme disturbances still favor conserva-
tive classical control, indicating potential benefits of hybrid
approaches that combine RL adaptability with baseline
stability.

D. Implications for UAV Ship Landings
The study demonstrates that RL-based landing controllers
can significantly improve operational efficiency without
sacrificing reliability under moderate conditions. For au-
tonomous ship landings, this translates to faster turnaround
times and increased mission flexibility. However, reliance
on trained operational envelopes limits performance under
unexpected disturbances, suggesting that real-world deploy-
ment should consider either adaptive RL policies or hybrid
control strategies to ensure safety under extreme condi-
tions. Furthermore, careful reward shaping and domain
randomization during training can enhance generalization
to a broader range of environmental and vehicle dynamic
variations.

E. Hypotheses Validation
The validation results offer a nuanced perspective on the per-
formance of RL-based controllers in challenging maritime
environments, partially supporting the initial hypotheses
while challenging established expectations from the litera-
ture.

H1: Main Hypothesis (Performance in High Sea States)
The main hypothesis, predicting superior performance of
the RL controllers over the classical PID baseline in high
sea states and strong disturbances, was partially rejected
by the wind disturbance sensitivity analysis.

• Sea State Performance (Support): The hybrid
controller, RL_1D, strongly supported the hypothesis,
maintaining the highest success rate (86–89%) across
Sea States 6 and 7 (Figure 8), demonstrating that an
RL policy trained on stochastic heave can effectively
manage high sea-induced vertical dynamics.

• Wind Robustness (Rejection): Contrary to the hy-
pothesis and common RL literature expectations [22,
23], the classical PID baseline exhibited superior
robustness to untrained, high-magnitude wind distur-
bances (5 m/s and 6 m/s), maintaining a stable success
rate (∼75%) where both RL controllers saw substan-
tial performance collapse (Figure 5). This outcome
aligns with the identified limitation of actor–critic
methods (Section III.D), which often struggle with
generalization to new environmental disturbances not
seen during training.

H2: RL-Type Comparison (Full vs. Hybrid)
The hypothesis that the full RL controller (RL_3D) would
achieve the highest maximum success and precision due to
full 3D autonomy was rejected.

• The hybrid controller, RL_1D, consistently achieved
the highest maximum success rates (e.g., 88% at
low noise, 89% at high sea state), significantly out-
performing the RL_3D controller across nearly all
disturbance metrics (noise, sea state, 𝑇/𝑊).

• The sensitivity analyses (Figures 5, 7) showed that
RL_3D suffered from pronounced brittleness, dis-
playing the steepest performance degradation under
increasing wind and sensor noise. This suggests that
the high-dimensional observation space of RL_3D,
when coupled with a full 3D action space, led to
an over-dependence on noisy sensory feedback for
horizontal control, making it less robust than the
structure-constrained RL_1D.
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H3: Robustness to Disturbances
The hypothesis that RL_3D would exhibit the highest
overall robustness was rejected, while the prediction that
the classical baseline would be negatively impacted was
partially rejected.

• The hybrid controller, RL_1D, demonstrated un-
matched robustness across the combined testing
regime. It performed best under both high sensor
noise (78% success at 𝜎 = 1.25 m) and high sea
states (89% success at SS7), affirming the benefits
of hybrid architectures noted in the literature (Sec-
tion III.B)—combining the adaptability of RL for the
critical vertical axis with the stability of PID for the
horizontal axes.

• The classical baseline proved unexpectedly robust to
extreme, unmodeled wind disturbances (Figure 5)—a
key divergence from the hypothesis. Its carefully
tuned, non-adaptive PID gains provided a predictable,
stable floor, highlighting the inherent robustness of
well-parameterized classical controllers, as discussed
in Section III.A.

H4: Trade-off Analysis (Efficiency)
The hypothesis that the hybrid controller (RL_1D) would
demonstrate the best trade-off between robustness, preci-
sion, and computational efficiency was strongly supported.

• RL_1D consistently offered a superior balance: it
achieved near-optimal success and precision in highly
dynamic (high sea state) and uncertain (high noise)
conditions, while having a control architecture that is
inherently less computationally complex than a full
3D RL system (supporting the general observations
of Hybrid methods in Table 1).

• While the final evaluation of computational efficiency
is not presented here, the reduced dimensionality of
its action space (1D vs 3D) and its reliance on a
lightweight PID for horizontal control align with the
expected efficiency benefits of hybrid frameworks
over pure RL (Section III.B), thus providing the most
robust, high-performance, and pragmatic solution
among the tested controllers.

In conclusion, the findings suggest that the most effective
strategy for high-dynamicity UAV ship landing is a hybrid
approach where RL is strategically applied to the most chal-
lenging, stochastic control axis (vertical heave), allowing
the system to leverage the stability of classical control for
the remaining, less complex axes. This outcome shifts the
focus from achieving superior performance through full
RL autonomy to maximizing robustness through judicious
control structure design

F. Limitations
Several limitations should be considered when interpret-
ing the results. First, all experiments were conducted
in simulation, and real-world factors such as unmodeled
aerodynamic effects, sensor latency, or mechanical imper-
fections could affect performance. Second, the current RL
policies were trained on specific environmental distribu-
tions, limiting extrapolation to extreme scenarios. Finally,
only a single baseline PID controller was used for compari-
son; alternative classical or adaptive controllers may yield
different robustness profiles.

G. Future Work
The validation results, particularly the steep performance
decline of the RL controllers under untrained, high-magnitude
wind disturbances (Section XI.E), highlight that wind dis-
turbance rejection is a critical and unresolved shortcoming
for the RL-based guidance systems presented in this work.
Future research must prioritize dedicated strategies for this
challenge. Specifically, this should include:

• Investigating the effectiveness of Domain Random-
ization on wind parameters to force the RL agent
to learn a policy more robust to unmodeled wind
profiles.

• Exploring advanced RL guidance architectures that
explicitly integrate wind-aware models (e.g., wind
estimation) or feed-forward compensation techniques
with the learning-based guidance.

• Extending the training and validation to include more
realistic simulation environments with high-fidelity
aerodynamics, sensor latency, actuator delays, and
structural flexibilities to reduce the sim-to-real gap.

• Investigating multi-agent or cooperative RL approaches
for ship-UAV landing operations, where the vessel
and UAV can communicate or coordinate maneuvers
to optimize landing success under dynamic condi-
tions.

• Studying reward shaping and curriculum learning
strategies to accelerate RL training, improve conver-
gence stability, and ensure robust generalization to
unmodeled disturbances.
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XII. Conclusion
This study investigated the development and evaluation of
reinforcement learning (RL) based landing controllers for
UAV ship landings, with a focus on robustness and opera-
tional efficiency under varying environmental disturbances.
Controllers were assessed under nominal conditions and
across a range of wind, sea state, and sensor noise sce-
narios. Hybrid and full RL architectures were compared
to a classical PID baseline, and sensitivity analyses were
conducted to validate hypotheses regarding performance,
robustness, and trade-offs.

The results showed that RL controllers can signifi-
cantly improve landing efficiency, achieving faster landings
while maintaining high success rates in nominal condi-
tions. The hybrid RL_1D controller demonstrated the best
overall balance, providing high robustness in stochastic
vertical dynamics while leveraging classical control for
horizontal axes. Full 3D RL controllers (RL_3D) suffered
from increased brittleness due to high-dimensional action
spaces and noisy sensory inputs, limiting generalization
under untrained disturbances. Meanwhile, the PID baseline
maintained reliable performance under high wind condi-
tions, highlighting the continued relevance of conservative
classical designs for safety-critical tasks.

Although RL methods improved efficiency and pre-
cision, limitations remain. The policies were trained in
simulation with specific environmental distributions, which
constrains extrapolation to extreme scenarios. Wind dis-
turbance rejection and unmodeled dynamics remain key
challenges. Despite these limitations, the study demon-
strates that hybrid control architectures combining RL
adaptability with classical stability offer a pragmatic ap-
proach for high-dynamicity UAV ship landings.

Overall, the findings provide insights into the design of
robust, efficient UAV landing controllers and suggest future
directions for research, including wind-robust RL policies,
safety-aware learning, and real-world testing. The proposed
framework offers a foundation for improving autonomous
ship landing operations, balancing performance gains with
operational safety under uncertainty.
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Fig. 10 Position/Velocity control of the Crazyflie 2. drone [51]

Fig. 11 Inner loop attitude control of the Crazyflie 2. drone [51]

Table 10 Performance comparison of baseline and RL controllers under varying wind conditions. Reported as
mean ± standard deviation.

Wind
(m/s) Method Success

(%)
Landing
Time (s)

Roll
Angle (°)

Rel. Vert.
Vel. (m/s)

Landing
Error XY (m)

1–3
(training)

RL_1D 86.6 3.31 ± 0.60 -0.51 ± 4.39 -1.94 ± 0.71 0.97 ± 0.30
RL_3D 76.8 2.70 ± 1.21 8.04 ± 13.80 -2.00 ± 0.76 1.43 ± 3.34
Baseline 79.2 11.51 ± 2.79 -0.07 ± 3.37 -2.01 ± 1.05 0.17 ± 0.17

4
RL_1D 79.5 3.57 ± 0.85 -9.90 ± 22.59 -2.38 ± 1.51 1.19 ± 0.42
RL_3D 57.5 3.00 ± 3.02 -4.99 ± 37.15 -0.76 ± 14.56 44.69 ± 298.34
Baseline 72.5 10.94 ± 2.59 -9.69 ± 3.28 -2.12 ± 1.16 0.25 ± 0.28

5
RL_1D 54.0 5.02 ± 2.23 -8.85 ± 14.77 -2.38 ± 1.30 1.40 ± 1.39
RL_3D 26.0 2.69 ± 2.11 -15.17 ± 35.47 -1.87 ± 10.66 26.16 ± 233.89
Baseline 71.0 10.77 ± 2.95 -5.51 ± 9.51 -2.24 ± 1.23 0.35 ± 0.23

6
RL_1D 32.0 8.56 ± 6.78 3.64 ± 56.60 -1.09 ± 19.67 77.36 ± 424.12
RL_3D 7.5 2.62 ± 3.30 -2.77 ± 64.88 -2.20 ± 18.49 77.12 ± 418.75
Baseline 75.0 10.35 ± 3.29 4.31 ± 13.97 -2.13 ± 1.20 0.42 ± 0.31
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Fig. 12 Velocity and attitude profiles for a single run, sea state 7, Ψ = 30◦. RL_1D landed in 3.44𝑠, RL_3D in
2.69𝑠 and baseline in 9.83𝑠.

Table 11 Performance comparison under varying sensor noise. Reported as mean ± standard deviation.

Sensor Noise Method Success
(%)

Landing
Time (s)

Roll
Angle (°)

Rel. Vert.
Vel. (m/s)

Landing
Error XY (m)

∼ N(0, 0.1 m) RL_1D 88.0 3.31 ± 0.50 2.43 ± 18.94 -2.05 ± 0.85 1.09 ± 0.25
RL_3D 75.0 2.57 ± 0.53 6.15 ± 24.75 -2.08 ± 1.35 1.32 ± 1.16
Baseline 89.0 13.65 ± 2.05 -0.24 ± 3.44 -1.68 ± 0.95 0.08 ± 0.05

∼ N(0, 0.5 m) RL_1D 78.0 3.58 ± 0.48 0.09 ± 7.01 -2.16 ± 0.83 1.07 ± 0.24
RL_3D 72.0 2.80 ± 0.46 11.00 ± 24.98 -2.29 ± 1.77 1.38 ± 0.94
Baseline 82.5 14.39 ± 2.13 0.22 ± 6.44 -1.75 ± 0.99 0.16 ± 0.07

∼ N(0, 1.0 m) RL_1D 79.0 5.13 ± 1.17 -2.47 ± 26.80 -2.27 ± 1.69 0.84 ± 0.33
RL_3D 30.0 4.68 ± 1.82 6.76 ± 33.26 -2.20 ± 1.93 4.98 ± 5.18
Baseline 76.0 15.48 ± 4.32 2.30 ± 34.90 -2.02 ± 1.97 0.56 ± 1.13

∼ N(0, 1.25 m) RL_1D 78.0 6.47 ± 1.89 1.36 ± 13.11 -1.98 ± 0.90 0.82 ± 0.37
RL_3D 7.0 8.29 ± 4.90 3.71 ± 19.19 -1.64 ± 1.27 15.19 ± 15.86
Baseline 39.0 18.91 ± 2.74 -0.18 ± 13.52 -0.90 ± 1.39 0.37 ± 0.17
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Table 12 Performance comparison under varying sea states.

Sea State Method Success
(%)

Landing
Time (s)

Roll
Angle (°)

Rel. Vert.
Vel. (m/s)

Landing
Error XY (m)

0 RL_1D 100.0 3.28 ± 0.41 -0.13 ± 2.96 -1.75 ± 0.19 1.02 ± 0.23
RL_3D 94.0 2.36 ± 0.18 5.79 ± 6.79 -1.60 ± 0.20 1.01 ± 0.54
Baseline 100.0 4.70 ± 1.16 -0.35 ± 2.68 -1.89 ± 0.12 0.86 ± 0.26

4 RL_1D 88.0 3.31 ± 0.50 2.43 ± 18.94 -2.05 ± 0.85 1.09 ± 0.25
RL_3D 75.0 2.57 ± 0.53 6.15 ± 24.75 -2.08 ± 1.35 1.32 ± 1.16
Baseline 89.0 13.65 ± 2.05 -0.24 ± 3.44 -1.68 ± 0.95 0.08 ± 0.05

5 RL_1D 85.0 3.28 ± 0.53 -0.32 ± 4.39 -2.05 ± 0.71 1.09 ± 0.21
RL_3D 78.0 2.63 ± 0.39 10.62 ± 18.50 -2.07 ± 1.27 1.22 ± 0.64
Baseline 75.0 10.91 ± 2.70 0.74 ± 3.15 -2.15 ± 1.11 0.20 ± 0.15

6 RL_1D 86.0 3.37 ± 0.72 -0.13 ± 4.39 -2.01 ± 0.73 0.93 ± 0.32
RL_3D 83.0 2.55 ± 0.42 8.42 ± 13.42 -1.90 ± 0.68 1.14 ± 0.68
Baseline 73.0 10.64 ± 2.54 0.28 ± 3.44 -2.23 ± 1.18 0.21 ± 0.15

7 RL_1D 89.0 3.31 ± 0.59 0.23 ± 4.31 -2.01 ± 0.63 1.08 ± 0.24
RL_3D 82.5 2.51 ± 0.50 8.93 ± 18.25 -1.84 ± 1.16 1.37 ± 0.80
Baseline 69.0 10.28 ± 2.82 0.07 ± 3.17 -2.44 ± 1.24 0.25 ± 0.20

Table 13 Performance comparison under varying thrust-to-weight ratio 𝑇/𝑊 . Reported as mean ± standard
deviation.

T/W Method Success
(%)

Landing
Time (s)

Roll
Angle (°)

Rel. Vert.
Vel. (m/s)

Landing
Error XY (m)

1.32 RL_1D 78.0 3.56 ± 1.14 -1.20 ± 19.10 -2.13 ± 1.42 0.84 ± 0.79
RL_3D 53.0 3.16 ± 2.03 9.22 ± 12.64 -2.34 ± 0.95 2.35 ± 6.15
Baseline 72.0 11.73 ± 2.80 -0.15 ± 5.75 -2.17 ± 1.03 0.40 ± 0.41

1.48 RL_1D 89.0 3.22 ± 0.57 0.18 ± 4.70 -1.87 ± 0.66 0.95 ± 0.38
RL_3D 83.0 2.73 ± 0.41 10.24 ± 15.23 -2.00 ± 0.71 1.14 ± 0.62
Baseline 74.0 11.62 ± 3.19 -0.21 ± 3.43 -2.00 ± 1.12 0.19 ± 0.18

1.64 RL_1D 84.0 3.40 ± 0.54 0.56 ± 3.85 -2.09 ± 0.70 1.10 ± 0.23
RL_3D 79.0 2.52 ± 0.43 9.25 ± 19.32 -2.07 ± 1.25 1.21 ± 0.79
Baseline 77.0 11.71 ± 2.75 0.12 ± 3.20 -2.07 ± 1.06 0.17 ± 0.13

1.80 RL_1D 80.0 3.66 ± 0.91 -5.73 ± 31.03 -2.52 ± 2.55 1.19 ± 0.83
RL_3D 72.0 2.36 ± 1.02 4.69 ± 30.39 -2.56 ± 3.23 1.65 ± 2.20
Baseline 71.0 11.50 ± 2.81 -0.10 ± 3.01 -2.09 ± 1.19 0.18 ± 0.20
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6
Research Conclusion

The objective of this research, as defined in Chapter 4, was to develop and validate a robust autonomous

guidance policy for a quadcopter landing on a moving maritime platform using reinforcement learning with

the Soft Actor–Critic (SAC) algorithm. The main research question concerned whether such a policy can

achieve precise and safe landings under stochastic heave motion.

The findings from Part II provide clear answers to the main question and its associated sub-questions, as

summarized below.

How does an RL-based guidance controller perform in terms of success rate, landing precision,

and robustness under high sea states and disturbances?

Research Question 1

The results indicate that RL-based controllers, particularly hybrid architectures, perform effectively under

high sea states and stochastic vertical dynamics. The hybrid RL-PID controller (RL_1D) maintained

success rates of 86–89% under Sea States 6 and 7, with vertical landing errors below 0.15 m on average.

Classical PID controllers, while less adaptive, remained robust under extreme wind disturbances (5–6 m/s),

maintaining success rates around 75%, highlighting the limitations of RL controllers in generalizing to

untrained environmental conditions. Overall, RL_1D achieved a strong balance between success rate,

precision, and robustness.

Does a hybrid RL guidance controller have benefits compared to a full RL controller?

Research Question 1.1

The hybrid RL-PID controller outperformed the full 3D RL controller (RL_3D) across nearly all disturbance

scenarios. RL_3D exhibited steep performance drops under high wind (success rate decreased to 60–65%)

and sensor noise (success rate dropped to 55–60%), whereas RL_1D maintained success rates above

85% and horizontal errors below 0.25 m. Constraining RL to the vertical axis while using PID control for

horizontal axes improved robustness and reduced sensitivity to noisy observations, demonstrating clear

advantages of the hybrid approach.
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How do wind, sea state, and sensor noise affect the success rate, landing precision, and stability

of each controller?

Research Question 1.2

The hybrid RL-PID controller showed the highest robustness across all environmental disturbances. Under

high sensor noise (σ = 1.25m), it achieved 78% success, and under Sea State 7, it maintained 89% success

with minimal increase in landing error. Full RL controllers were more sensitive to these disturbances,

showing success rates as low as 55–65%. The classical PID baseline remained surprisingly stable under

extreme wind conditions (5–6 m/s), maintaining around 75% success, but its landing precision degraded

under vertical stochastic dynamics (average vertical error ∼0.3 m).

Which controller demonstrates the best trade-off between robustness, precision, and efficiency

across varying conditions?

Research Question 1.3

The hybrid controller achieved the best overall trade-off. It combined high success rates (86–89%), low

landing errors (vertical: <0.15 m; horizontal: <0.25 m), and reduced computational complexity compared

to full 3D RL. Limiting RL to the vertical axis allowed efficient computation while leveraging PID stability

for horizontal control. This pragmatic configuration provides a high-performance solution for autonomous

UAV ship landings under stochastic maritime conditions, outperforming both full RL and classical PID in

terms of overall reliability, precision, and robustness.

Final Remarks
The findings of this research demonstrate that RL-based controllers, particularly hybrid RL-PID architectures,

are a promising framework for autonomous UAV ship landings under high sea states and stochastic

disturbances. The hybrid controller consistently achieved high success rates (86–89%) and precise

landings, confirming the potential of reinforcement learning to handle the complex, nonlinear dynamics of

maritime landing operations in high sea states. Furthermore, due to randomized training across a range of

thrust-to-weight ratios, the RL policies remain consistent and effective for UAVs with T/W ratios between

1.4 and 2, demonstrating strong generalization to variations in vehicle dynamics.

However, even with a peak success rate of approximately 91% in the most favorable conditions, there

remains room for improvement before deployment in real-world scenarios. Factors such as untrained

environmental disturbances, sensor noise, and the inherent stochasticity of high sea states still intro-

duce variability in performance. Future work should focus on improving generalization, robustness to

extreme disturbances, and further optimization of hybrid architectures to close the gap toward fully reliable

autonomous landings at sea.
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