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Abstract

Autonomous landing of uncrewed aerial vehicles (UAVs) on ships poses a significant challenge due to wind
disturbances and wave-driven vessel motion, which continuously perturb the landing target. While deep rein-
forcement learning (DRL) offers adaptive, model-free control, monolithic policies must jointly handle coupled
horizontal positioning and heave-compensated descent, leading to high-dimensional learning problems and
complex training environments. This paper proposes a decoupled actor–critic DRL framework in which two
agents are trained for complementary subtasks: a horizontal controller that tracks the moving deck under ran-
domised wind and target drift, and a vertical controller that regulates descent by compensating ship heave
through commanded vertical velocity. The approach is evaluated in a Gazebo–ROS–PX4 software-in-the-loop
simulation environment that includes variable wind and wave parameters. Trial results demonstrate robust dis-
turbance rejection, achieving mean horizontal landing errors below 0.2 m across most wind–wave conditions,
with a worst-case error of 0.31 m. The vertical controller achieves touchdown velocities below 1 m/s for sea
states up to 4, corresponding to the majority of real-world maritime conditions. Compared with a single-agent
controller, the proposed decoupled approach reduces horizontal landing error by up to an order of magnitude,
and significantly improves landing reliability, enabling consistently safe autonomous landings across a range
of wind and wave conditions.
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1. Introduction
In recent years, the operation of Uncrewed Aerial Vehicles (UAVs) in the maritime sector has in-
creased substantially. Their versatility, cost-effectiveness, and ability to mitigate risks by performing
hazardous tasks have made them a valuable asset in this domain. UAVs have been widely adopted
for a range of applications, including environmental monitoring and remote sensing [1], search and
rescue operations [2], emission monitoring [3], maritime communication [4], and logistics [5]. Safe
landing of UAVs on vessels remains a key challenge in maritime operations, particularly during re-
mote deployments such as offshore missions, where limited battery endurance necessitates reliable
landing and recharging capabilities.
Unlike static landing platforms, maritime environments introduce complex, dynamic conditions that
significantly increase the difficulty and risks during landing. Unsteady hydrodynamic effects on the
vessel alter the landing zone’s attitude and position, making tracking more difficult. The motion also
increases the risk of damaging the UAV as it approaches the landing deck, requiring sensitive align-
ment between the UAV and the landing platform near touchdown. Marine winds introduce an ad-
ditional disturbance that can significantly affect the aircraft’s state during landing. Although piloted
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control has been successfully used for such operations, this limits scalability and demands the pres-
ence of skilled personnel. A fully autonomous method is the long-term solution, but it requires a
robust control scheme capable of handling highly variable landing conditions.
Reinforcement Learning (RL) has emerged as a rapidly growing area of robotics research, with signif-
icant applications in UAV control. Numerous studies have applied RL to UAV landing tasks, address-
ing both static and dynamic platforms in controlled environments [6]. However, few works address
the specific challenges of maritime landings. One reason for this is the highly nonlinear and stochas-
tic nature of the environment. RL algorithms require substantial amounts of data to learn effective
policies, and this demand is further amplified in dynamic environments with rapidly changing dis-
turbances such as wind and waves. Designing a comprehensive reward function for this task often
leads to inefficient, intractable learning, thereby preventing the development of a robust control policy.
Furthermore, overfitting can limit a learned policy’s adaptability to variable environmental conditions,
such as those encountered in the maritime landing task.
This paper proposes a novel RL control method for autonomous UAV landing on an Uncrewed Sur-
face Vehicle (USV) by dividing control authority between two agents, leveraging decoupled learning to
maximise computational tractability and overall performance. One agent is trained to control horizon-
tal position above the landing target in the presence of wind disturbances, while the other is trained
to control vertical position, compensating for the vessel’s heave motion induced by waves. This sepa-
ration of control authority enables specialised training environments, producing policies that operate
in parallel to achieve autonomous landings on ships.

2. Related Work
Autonomous UAV maritime landings have traditionally been addressed using model-based and per-
ception driven control strategies. Complementary techniques such as visual-servoing [7, 8, 9] and
motion prediction algorithms [10, 11, 12] have been explored; however, model predictive control
(MPC) has emerged as the dominant method due to its ability to explicitly account for system dynam-
ics, operational constraints, and future platform motion during trajectory optimisation. The state-of-
the-art in maritime UAV landing is presented by Procházka et al. [13], who propose an MPC-based
trajectory generation framework that exploits predicted USV states derived from onboard sensor fu-
sion and inter-vehicle communication. These predictions are informed by a 6-DOF hydrodynamic
USV model augmented with wave dynamics, enabling more accurate estimation of vessel motion
under realistic sea conditions. This allows continuously updated trajectories that account for both
UAV dynamics and complex USV deck motion, while landing phase-dependent adaptation of the cost
function provides precise, attitude-synchronised touchdown on a potentially tilting deck.
Classic approaches like this demonstrate strong performance in ideal conditions, but remain depen-
dent on explicit dynamical models and finite-horizon predictions, which can limit robustness in highly
stochastic maritime conditions characterised by complex and rapidly varying wave–vehicle interac-
tions as well as wind.
In contrast, RL provides a data-driven framework for learning control policies directly from interaction,
capturing nonlinear disturbance effects without explicit modelling, although its effectiveness relies
heavily on sufficient training diversity. While RL has already been applied to UAV landing problems,
relatively few works address maritime platforms specifically. Early studies typically assume static
landing surfaces [14, 15, 16], whereas more recent work has begun to consider moving targets.
For instance, Wu et al. [17] combine a standard PID module with a DRL agent to automatically tune
PID gains for velocity control, enabling smooth and adaptive landings on both static and dynamic
platforms. By randomising platform trajectories during training, the agent learns a robust policy that
generalises to varying environmental conditions. Xie et al. [18] propose a decoupled framework in
which separate models handle horizontal tracking and vertical descent. While the tracking model
uses DRL, the descent phase relies on heuristic rules because the landing target moves only hor-
izontally. Similarly, Rodriguez et al. [19] implement a Deep Deterministic Policy Gradient (DDPG)
agent for horizontal position and velocity control using a Gazebo-based RL framework. However, ver-
tical descent is not included in the action space; a constant velocity is commanded along the z-axis,
simplifying the problem and accelerating convergence. This highlights a broader trend in RL-based
UAV landing research: autonomous control typically handles horizontal positioning and perception,
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while vertical descent and final touchdown are still governed by conventional or heuristic controllers.
Although this is sufficient in many scenarios, maritime landings involve wave-induced heave, which
demands a more robust and adaptive strategy for vertical descent.
Ali et al. [20] apply RL specifically to vertical descent and touchdown, while horizontal positioning
and alignment are managed by a model-based controller. Their results demonstrate that policy-
based DRL agents, particularly Proximal Policy Optimisation (PPO), can learn smooth and efficient
landing strategies under wave-induced heave, achieving lower impact velocities than value-based
agents. However, as with most RL studies in this domain, wind disturbances are not considered. Ma
et al. [21] introduce a hybrid PID–DRL controller for UAV trajectory tracking. In their approach, a dual-
loop PID stabilises position and attitude, while a DRL compensator, trained in staged wind-perturbed
simulations, dynamically mitigates disturbances. The system uses realistic fractal-based composite
wind models to ensure robust performance under varying conditions, but is applied to general flight
tasks rather than landing scenarios. Lee et al. [22] employ a vision-based DRL model inspired by
naval helicopter operations for ship landings under windy conditions. However, their method does not
account for wave-induced heave, and the simulated and experimental winds are of constant speed
and direction, limiting applicability to realistic maritime environments.
This work investigates the role of control structure in reinforcement learning for autonomous UAV ship
landings under maritime disturbances. The main contributions are:

• A decoupled control architecture for disturbance-specific learning, in which separate training
environments are used to isolate and address wind and wave-induced effects, enabling targeted
policy development.

• A demonstration that control decoupling reduces learning complexity and improves landing
reliability, shown through comparative training and evaluation across coupled and decoupled
formulations.

• Insights into disturbance-specific policy learning, highlighting how isolating environmental ef-
fects influences policy behaviour, generalisation, and robustness in maritime landing scenarios.

3. Proposed Method
The UAV ship-landing problem is formulated as a Markov Decision Process (MDP) and solved using
deep reinforcement learning (DRL). Figure 1 shows the overall architecture. Actor-critic algorithms
are employed for their ability to handle continuous state and action spaces, providing fine adjustments
essential for stable flight during complex manoeuvres such as landing on a moving ship. Both agents
are trained using a DDPG algorithm, with added experience replay to enhance training stability.
The actor and critic networks are implemented as fully connected feedforward neural networks with
two hidden layers of 400 and 300 units, respectively. Each hidden layer applies layer normalisation
followed by a rectified linear unit (ReLU) activation function. The output layer uses a tanh activation,
which is then linearly scaled to the environment’s action bounds. Network parameters are optimised
using the Adam optimiser. Weights of the hidden layers are initialised from a uniform distribution
proportional to the inverse square root of the layer width, while the output layer weights are initialised
in the range [−3 × 10−3, 3 × 10−3] to stabilise early training.
Exploration noise is generated using an Ornstein–Uhlenbeck process with parameters: mean 𝜇 = 0,
volatility 𝜎 = 0.15, mean reversion Θ = 0.2, time step 𝑑𝑡 = 0.05, and initial state 𝑥0 = 0. The other
hyperparameters selected for all agents are listed in Table 1.

3.1 Vertical controller
Both controllers use a state representation augmented with a fixed history of past observations to
improve learning performance. Relative vehicle states are taken from the NED (North East Down)
reference frame (see Figure 2) with

Δ 𝒑W = 𝒑W
UAV − 𝒑W

USV =


Δ𝑥

Δ𝑦

Δ𝑧

 (1)
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Figure 1 – Overview of the UAV control pipeline. The vertical and horizontal controllers receive state
observations and output actions according to their trained policies. These actions are passed to the

environment interface, where they are converted into velocity commands and transmitted to PX4.
PX4 processes the commands through its cascaded control architecture to generate motor outputs,
driving the simulated vehicle. Updated state observations are then returned to the controllers at the
next time step. Wind disturbances are generated at each time step within the environment interface
and applied via the USV Wind plugin, while wave parameters are predefined and applied through

the Virtual RobotX plugins to generate wave dynamics in the virtual environment.

Δ ¤𝒑W = ¤𝒑W
UAV − ¤𝒑W

USV =


Δ ¤𝑥
Δ ¤𝑦
Δ ¤𝑧

 (2)

For the vertical controller, the state 𝑠𝑉 at time step 𝑛 is defined as

𝑠𝑉𝑛 = (o𝑉𝑛 , o𝑉𝑛−1, o
𝑉
𝑛−2, o

𝑉
𝑛−3, o

𝑉
𝑛−4, o

𝑉
𝑛−5) (3)

with

o𝑉𝑛 = (Δ𝑧𝑛,Δ ¤𝑧𝑛,Δ𝜙𝑛,Δ𝜃𝑛). (4)

where Δ𝑧𝑛 and Δ ¤𝑧𝑛 denote the relative vertical position and velocity between the two vehicles at time
step 𝑛, and Δ𝜙𝑛 and Δ𝜃𝑛 denote the relative roll and pitch angles.
The action space is defined as a bounded continuous space:

𝑎𝑉 ≡ ¤𝑧cmd ∈ [−0.3, 0.3] m/s (5)

where ¤𝑧cmd is the vertical command velocity sent to the autopilot firmware.
To aid learning, a shaping function determines the reward. The shaping function seeks to minimise
vertical offset, relative velocity and command velocity to the flight controller, and is defined as:

Table 1 – Hyperparameters For Both Agents

Parameter Value
Learning rate (𝛼) 1.0 × 10−4

Target smoothing (𝛽) 1.0 × 10−3

Discount factor (𝛾) 0.99
Soft update rate (𝜏) 1.0 × 10−3

Batch size 64
Replay buffer size 1.0 × 106
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Figure 2 – Illustration of the coordinate system, where W represents the local North East Down
(NED) frame and B the UAV body frame. 𝒑W

UAV = [𝑥, 𝑦, 𝑧]T and 𝒑W
USV are the translation vectors of

the UAV and USV, respectively.

Φ𝑉 (𝑠𝑛, 𝑎𝑛) = −𝛽1 |Δ𝑧𝑛 | − 𝛽2 |Δ ¤𝑧𝑛 | − 𝛽3 | ¤𝑧cmd,n | (6)

where 𝛽1, 𝛽2, and 𝛽3 are positive weighting constants, with values 𝛽1 = 90, 𝛽2 = 60, and 𝛽3 = 5.
The reward at time step 𝑛 is computed as

𝑟𝑉𝑛 = Φ𝑉 (𝑠𝑛, 𝑎𝑛) −Φ𝑉 (𝑠𝑛−1, 𝑎𝑛−1) + 𝑅land (7)

where 𝑅land is defined as

𝑅land =



+50, if |Δ𝑧𝑛 | < 𝜖 ∩ |Δ ¤𝑧𝑛 | < 𝑣1,

−100, if |Δ𝑧𝑛 | < 𝜖 ∩ |Δ ¤𝑧𝑛 | > 𝑣2,

50
(
1 − |Δ ¤𝑧𝑛 | − 𝑣1

𝑣2 − 𝑣1

)
, if |Δ𝑧𝑛 | < 𝜖 ∩ 𝑣1 ≤ |Δ ¤𝑧𝑛 | ≤ 𝑣2,

0, otherwise.

(8)

with 𝜖 = 0.05 m, 𝑣1 = 0.5 m/s, 𝑣2 = 1.0 m/s.
By structuring the reward function to apply constant penalties throughout an episode, the agent is
incentivised to complete the task as quickly as possible. 𝑅land is added to penalise high-impact
landings and reward softer touchdowns, discouraging the agent from learning a reckless policy for
landing.

3.2 Horizontal controller
For the horizontal controller, the state 𝑠𝐻 at time step 𝑡 is defined as

𝑠𝐻𝑛 = (o𝐻
𝑛 , o𝐻

𝑛−1, o
𝐻
𝑛−2, o

𝐻
𝑛−3, o

𝐻
𝑛−4, o

𝐻
𝑛−5) (9)

with

o𝐻
𝑛 = (Δ𝑥𝑛,Δ𝑦𝑛,Δ𝑧𝑛, Δ ¤𝑥𝑛,Δ ¤𝑦𝑛, Δ𝜙𝑛,Δ𝜃𝑛). (10)
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where Δ𝑥𝑛,Δ𝑦𝑛,Δ𝑧𝑛 is the relative position, Δ ¤𝑥𝑛,Δ ¤𝑦𝑛 are the relative horizontal velocities, and Δ𝜙𝑛,Δ𝜃𝑛
are the relative roll and pitch.
The continuous action space is

𝑎𝐻 ≡ ( ¤𝑥cmd, ¤𝑦cmd) (11)

where

¤𝑥cmd, ¤𝑦cmd ∈ [−3, 3] m/s (12)

are the horizontal command velocities.
The shaping function for horizontal motion is defined as

Φ𝐻 (𝑠𝑛, 𝑎𝑛) = −𝛽4 |Δ𝑥𝑛 | − 𝛽5 |Δ ¤𝑥𝑛 | − 𝛽6 | ¤𝑥cmd,𝑛 |
− 𝛽7 |Δ𝑦𝑛 | − 𝛽8 |Δ ¤𝑦𝑛 | − 𝛽9 | ¤𝑦cmd,𝑛 | (13)

The reward function for the horizontal controller at time step 𝑛, 𝑟𝐻𝑛 is identical to that used for the
vertical controller (7) but with the horizontal shaping function (13) and no landing reward 𝑅land.

4. Simulation Environment and Training
The simulation environment used in this study integrates Gazebo with Robot Operating System
(ROS). The UAV model is controlled by the PX4 software-in-the-loop (SITL) autopilot via MAVLink
to emulate realistic flight dynamics. ROS acts as the middleware, handling state data and control
interfaces between PX4 and external nodes. A custom OpenAI Gym-compatible environment wraps
this system, enabling the RL agent to interact with the drone via velocity commands and to receive
state observations. The UAV states are obtained from PX4’s onboard state estimator, which fuses
IMU, GNSS, compass, and barometer using an Extended Kalman Filter (EKF). The WAM-V states
are taken as ground truth directly from the simulation environment.
This setup enables training of RL policies in a high-fidelity physics-based simulation, with real-time
communication among Gazebo, ROS, and PX4. Training and testing are performed using the default
3DR Iris quadrotor 3.6 kg and the WAM-V unmanned surface vessel, with a landing deck measuring
1.02 m wide by 1.84 m long.

4.1 Wave Model
Waves are simulated using the Virtual RobotX (VRX) plugin [23], which generates irregular ocean
waves by sampling a parametric wave spectrum. The simulator employs a two-parameter form of the
Pierson–Moskowitz (PM) spectrum [24], representing a fully developed sea in deep water.
The spectrum is parameterised by the peak angular frequency 𝜔𝑝, which determines the dominant
wave period 𝑇𝑝 according to

𝜔𝑝 =
2𝜋
𝑇𝑝

(14)

and a user-specified significant wave height 𝐻̄𝑠, representing the average height of the highest one-
third of waves. This value is related to the PM significant wave height 𝐻𝑠 through a gain factor

𝐾𝐻 =
𝐻̄𝑠

𝐻𝑠

(15)

which scales the spectral energy.
The spectral density function 𝑆𝐵 (𝜔) describing the distribution of wave energy across angular fre-
quencies 𝜔 is given by

𝑆𝐵 (𝜔) = 𝐾2
𝐻 𝛼

𝑔2

𝜔5 exp
[
−5

4

(𝜔𝑝

𝜔

)4
]

(16)

where 𝛼 is the Phillips constant (0.0081) and 𝑔 is gravitational acceleration.
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A finite set of sinusoidal wave components is sampled from the spectrum, with amplitudes

𝐴𝑖 =
√︁

2𝑆𝐵 (𝜔𝑖) Δ𝜔𝑖 (17)

where 𝜔𝑖 are the sampled angular frequencies and Δ𝜔𝑖 are the corresponding frequency intervals
used in the spectral discretisation.
The resulting free-surface elevation is obtained through superposition of these components as

𝜂(𝑥, 𝑡) =
𝑁∑︁
𝑖=1

𝐴𝑖 cos (𝑘𝑖𝑥 − 𝜔𝑖𝑡 + 𝛿𝑖) (18)

where 𝑘𝑖 is the wavenumber determined by the deep-water dispersion relation

𝜔2
𝑖 = 𝑔𝑘𝑖 (19)

and 𝛿𝑖 is a random phase.
This approach provides a simple, physically consistent, and user-customisable method for generating
sinusoidal wave fields for maritime simulations.

4.2 Wind and Turbulence Model
Wind disturbances are modeled using a stochastic Dryden-inspired turbulence model. The turbulent
wind components 𝑢, 𝑣, and 𝑤 are generated using first-order shaping filters driven by Gaussian white
noise. The time constants of the filters are derived from Dryden turbulence length scales and the
mean wind speed 𝑈,

𝑇𝑢 =
𝐿𝑢

𝑈
, 𝑇𝑣 =

𝐿𝑣

𝑈
, 𝑇𝑤 =

𝐿𝑤

𝑈
(20)

where 𝐿𝑢, 𝐿𝑣, and 𝐿𝑤 are the turbulence length scales in the longitudinal, lateral, and vertical direc-
tions.
The turbulent velocity components evolve according to the discrete stochastic update

𝑢𝑘 =

(
1 − Δ𝑡

𝑇𝑢

)
𝑢𝑘−1 + 𝜎𝑢

√︂
2Δ𝑡
𝑇𝑢

𝜉𝑢 (21)

𝑣𝑘 =

(
1 − Δ𝑡

𝑇𝑣

)
𝑣𝑘−1 + 𝜎𝑣

√︄
2Δ𝑡
𝑇𝑣

𝜉𝑣 (22)

𝑤𝑘 =

(
1 − Δ𝑡

𝑇𝑤

)
𝑤𝑘−1 + 𝜎𝑤

√︄
2Δ𝑡
𝑇𝑤

𝜉𝑤 (23)

where Δ𝑡 is the simulation timestep, 𝜎𝑢, 𝜎𝑣, and 𝜎𝑤 are turbulence intensity parameters, and 𝜉𝑢, 𝜉𝑣,
and 𝜉𝑤 are independent Gaussian random variables with zero mean and unit variance.
The mean wind vector is added to the turbulent components to produce the final wind field used
in the simulation. While this does not reproduce the exact Dryden spectral model, it preserves the
characteristic correlation structure of atmospheric turbulence and provides a computationally efficient
disturbance model for RL training.

4.3 Sea States and Beaufort Scale
There are several methods for classifying the severity of a maritime environment. Most commonly,
sea state classifications are used, based on the Douglas Sea Scale [25], which characterises wave
conditions according to significant wave height and wave period. The World Meteorological Organi-
zation (WMO) formalises these classifications through its sea state code [26], summarised in Table 2.
However, sea-state classifications are limited to water conditions and do not account for the corre-
sponding wind speeds. Consequently, in this study, wind speeds are classified using the Beaufort
scale [27] as seen in Table 3.
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Table 2 – Sea state classifications based on the WMO sea state code

Sea State Significant Wave Height (m) Description
0 0 Calm (glassy)
1 0 – 0.1 Calm (rippled)
2 0.1 – 0.5 Smooth (wavelets)
3 0.5 – 1.25 Slight
4 1.25 – 2.5 Moderate
5 2.5 – 4.0 Rough
6 4.0 – 6.0 Very rough
7 6.0 – 9.0 High
8 9.0 – 14.0 Very high
9 >14.0 Phenomenal

Table 3 – Beaufort scale for wind classification

Beaufort No. Wind Speed (m/s) Description
0 <0.5 Calm
1 0.5 – 1.5 Light air
2 1.6 – 3.3 Light breeze
3 3.4 – 5.4 Gentle breeze
4 5.5 – 7.9 Moderate breeze
5 8.0 – 10.7 Fresh breeze
6 10.8 – 13.8 Strong breeze
7 13.9 – 17.1 Near gale
8 17.2 – 20.7 Gale
9 20.8 – 24.4 Strong gale

10 24.5 – 28.4 Storm
11 28.5 – 32.6 Violent storm
12 >32.6 Hurricane

4.4 Training
Each controller is trained independently in a unique environment designed to learn simple and effec-
tive policies tailored to its control task. Each controller trains for 1000 episodes of varying length as
described below.
The horizontal controller is trained in a windy environment, with the USV drifting due to wave-induced
motion. At the start of each episode, a mean wind speed and direction is randomly selected in the
ranges 𝑈 ∈ [0, 4.5] m/s, 𝜓 ∈ [0, 360◦], and 𝜃 ∈ [−10◦, 10◦] and turbulence intensities: 𝜎𝑢 = 𝜎𝑣 =

2.12, 𝜎𝑤 = 1.4 to produce sufficient variance to train adaptable policies. The UAV begins the episode
hovering at a fixed altitude and randomised horizontal error from the USV in the range 𝑥 ∈ [−5, 5] m,
𝑦 ∈ [−5, 5] m to avoid overfitting to one approach path. The episode terminates after 12 seconds.
The vertical controller is trained with the UAV positioned at an initial altitude of 10 m above the deck
in sea state 3. During training, the vessel undergoes wave-induced heave motion, and the UAV must
descend while regulating relative vertical velocity. An episode terminates when the UAV reaches the
predefined landing altitude, 0.05 meters above the deck. If this condition is not satisfied, the episode
terminates after a maximum duration of 45 seconds. Each episode begins at a random point in wave
motion to avoid overfitting to a single condition.

5. Results and Discussion
For each combination of sea states 0–5 and Beaufort numbers 1–5, both controllers are evaluated in
parallel over 100 episodes of the autonomous ship landing task. The episode architecture is identical
to that used to train the vertical controller, with termination occurring only after reaching a fixed height
above the USV’s deck or after a timeout. The results are presented in Tables 4 and 5.
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Table 4 – Mean Horizontal Landing Error Magnitude (m)

Sea State Beaufort Number
𝜎

0 1 2 3 4 5
0 0.125 0.115 0.118 0.127 0.131 0.123 0.064
1 0.130 0.117 0.122 0.115 0.121 0.121 0.062
2 0.146 0.146 0.142 0.120 0.183 0.105 0.064
3 0.131 0.131 0.126 0.124 0.122 0.105 0.067
4 0.120 0.160 0.129 0.114 0.122 0.180 0.081
5 0.168 0.169 0.173 0.198 0.185 0.308 0.115

Mean error across trials; 𝜎 denotes the representative standard deviation for each sea state.

Table 5 – Mean Magnitude of Vertical Relative Landing Velocity (m/s)

Sea State Beaufort Number
𝜎

0 1 2 3 4 5
0 0.252 0.242 0.255 0.272 0.314 0.306 0.075
1 0.260 0.245 0.257 0.276 0.305 0.322 0.080
2 0.309 0.297 0.308 0.343 0.362 0.397 0.130
3 0.494 0.465 0.480 0.487 0.489 0.491 0.169
4 0.688 0.665 0.670 0.675 0.713 0.755 0.235
5 1.207 1.274 1.378 1.201 1.285 1.353 0.477

Mean error across trials; 𝜎 denotes the representative standard deviation for each sea state.

Results demonstrate robust horizontal tracking across all test conditions, with mean landing devia-
tions from the target remaining below 20 cm except for the worst case. The controller develops a
policy that effectively mitigates wind disturbances, adapting to sudden changes in wind speed while
maintaining precise tracking of the USV’s horizontal drift, as illustrated in Figure 5. The vertical con-
troller achieves soft landings for sea states up to 4, with a mean vertical landing velocity less than
1 m/s, well within safe thresholds. At sea state 5, the significant motion of the USV impairs the con-
troller’s velocity-tracking performance, thereby elevating the likelihood of UAV damage upon landing.
According to [28], sea states 0–4 account for approximately 83% of conditions worldwide, indicating
that the operating window of this method encompasses the vast majority of real-world scenarios, and
even in more extreme conditions, landing remains possible but at increased risk.
During trials, vertical landing velocity increases with stronger wind conditions, highlighting a correla-
tion between wind speed and touchdown rate, whereas the horizontal error shows little sensitivity to
changes in sea state. This is likely due to the more static conditions in the vertical controller’s training
environment compared to those in the horizontal controller’s. Without sufficient domain randomisa-
tion, it is unable to adapt to environmental changes, showing overfitting to its training conditions.
For comparison, a single-agent method is trained for 1000 episodes that combines the state spaces,
action spaces, and reward functions of the horizontal and vertical agents. Over 100 trial landings,
when sea state and Beaufort number were matching at 0, 3, and 5, the single-agent method produces
landing errors of 0.72 m, 0.74 m, and 1.61 m respectively, which are approximately five times higher
than the decoupled method. The vertical landing speed differentials were 0.2 m/s, 0.49 m/s, and
0.75 m/s respectively, which are lower than the decoupled method. However, the single-agent takes
approximately three times longer to land, as the agent fails to learn when it can safely descend
(see Figure 3), instead hovering above the platform. This is especially evident when compared to
the decoupled method’s descent shown in Figure 4, which limits variation in control inputs to the
touchdown stage. Furthermore, the horizontal landing error is so significant that the majority of test
trials landed outside the bounds of the USV’s landing deck. This highlights the benefit of separating
horizontal and vertical control: a single-agent approach cannot effectively learn a policy to complete
the task because of the intractability of the combined state-action space and the complexity of its
reward function.
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Figure 3 – Single agent method sample landing showing timeseries of the UAV and USV vertical
position (top) and vertical velocity (bottom). Sea state = 3.

Figure 4 – Decoupled agents method sample landing trial showing timeseries of the UAV and USV
vertical position (top) and vertical velocity (bottom). Sea state = 3.
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Figure 5 – Sample landing trial showing the effectiveness of the decoupled agents method at
Beaufort Number 5. Timeseries of both command and wind velocities are presented in both the

lateral (top) and longitudinal (bottom) directions.

6. Conclusions
This paper presented a novel decoupled DRL approach for autonomous UAV landings on maritime
platforms. By separating horizontal and vertical control into specialised agents, the method achieved
robust tracking across a range of wind and wave conditions, effectively mitigating nonlinear distur-
bances that challenge monolithic control strategies. Comparisons with a single-agent approach
demonstrate that dividing the state and action spaces between two agents and training in disturbance-
specific environments substantially improved landing accuracy and reliability.
Despite these successes, the vertical controller shows limited generalisation under extreme sea
states, indicating the need for a more diverse and dynamic training environment. Additionally, the
current framework does not address attitude alignment at touchdown, which becomes critical under
severe wind and wave conditions. Future work will focus on extending the training environment to
cover a wider operational envelope and integrating attitude control to enable fully autonomous, safe,
and precise maritime landings under harsher environmental conditions, with efforts to test the method
in real-world trials.
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