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 A B S T R A C T

Accurate quadcopter navigation under windy conditions remains challenging for traditional control methods, 
especially in the presence of unpredictable wind gusts and strict navigational constraints. This paper evaluates 
Deep Reinforcement Learning (DRL) based controllers under such conditions, analysing the impact of wind 
domain randomisation, multi-goal training, enhanced state representations with explicit wind information, 
and the use of temporal data to capture affecting dynamics over time. Experiments in the AirSim simulator 
across four trajectories — evaluated under both no-wind and windy conditions — demonstrate that DRL-
based controllers outperform classical methods, particularly under stochastic wind disturbances. Moreover, 
we show that training a DRL agent with domain randomisation improves robustness against wind but reduces 
efficiency in no-wind scenarios. However, incorporating wind information into the agent’s state space enhances 
robustness without sacrificing performance in wind-free settings. Furthermore, training with stricter waypoint 
constraints emerges as the most effective strategy, leading to precise trajectories and improved generalisation 
to wind disturbances. To further interpret the learned policies, we apply Shapley Additive explanations 
analysis, revealing how different training configurations influence the agent’s feature importance. These 
findings underscore the potential of DRL-based neural controllers for resilient autonomous aerial systems, 
highlighting the importance of structured training strategies, informed state representations, and explainability 
for real-world deployment.
1. Introduction

Unmanned Aerial Vehicles (UAVs),  are critical for modern appli-
cations such as inspection, mapping, and autonomous delivery (Gu-
gan and Haque, 2023; Caballero-Martin et al., 2024). However, nav-
igating reliably in real-world conditions, facing disturbances such as 
wind gusts, remains an open challenge. Traditional control strate-
gies like Proportional–Integral–Derivative (PID) controllers and Linear 
Quadratic Regulators (LQR), being linear controllers, often struggle 
with the inherent nonlinearities in UAV dynamics and their interaction 
with environmental disturbances such as wind gusts (Tzortzis et al., 
2016). These limitations are particularly critical in waypoint-based nav-
igation tasks, where persistent deviations can result in mission failure, 
while even minor deviations lead to increased energy consumption due 
to corrective manoeuvres.

Deep Reinforcement Learning (DRL) has emerged as a powerful 
learning paradigm capable of handling partially observable environ-
ments with stochastic and non-linear dynamics (Mnih et al., 2015; 
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Andres et al., 2025), while being able of learning control policies 
directly from interactions with the environment. DRL-based neural con-
trollers have demonstrated state-of-the-art performance in high-speed 
UAV tasks (Kaufmann et al., 2023; Wurman et al., 2022). However, 
obtaining robust and generalisable solutions often requires a careful 
design of the training environment, including the presence of realistic 
disturbances (Song et al., 2021b; Haarnoja et al., 2024). Additionally, 
the lack of explainability in DRL policies raises concerns about their 
real-world deployability, as their decision-making processes remain 
largely opaque.

In this work, we aim to understand how design choices during 
training affect the robustness and reliability of DRL-based UAV navi-
gation under wind disturbances. Our main contribution is a systematic 
evaluation of two key aspects: (1) the training setup, including the 
presence of wind disturbances and other critical design choices; and (2) 
the state representation, which reflects the information selected by the 
algorithm designer to guide the agent’s decisions. While prior studies 
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have developed robust DRL controllers for UAVs, none have, to the 
best of our knowledge, thoroughly examined how these training and 
representation choices influence both performance and interpretability 
across a range of wind scenarios and navigation challenges. To that end, 
we conduct experiments in AirSim (Shah et al., 2017), an open-source 
platform that provides high-fidelity physics and sensor models suitable 
for aerial robotics research, making it possible to incorporate realistic 
wind gusts and sensor feedback. Specifically, our study investigates:

• Wind Disturbance: How training an agent with wind gusts of 
varying magnitudes and directions affects its ability to handle 
rapid and unpredictable disturbances.

• Single- vs. Multi-Goal Navigation: We compare controllers trained 
for a single waypoint against those trained to navigate through 
multiple waypoints, reflecting more complex (and realistic) mis-
sions.

• Waypoint Distance Constraints: We analyse if enforcing a tighter 
distance threshold around each waypoint during training yields 
benefits when constraints are subsequently relaxed during the 
deployment (evaluation) phase.

• Enhanced State Representations: We assess whether providing ad-
ditional perception cues (such as wind estimates, next-goal infor-
mation, or stacked past observations), can enhance the decision-
making system in dynamic wind environments.

To assess both performance and policy interpretability, we evalu-
ate the controllers across four distinct reference trajectories (rhombus, 
circle, figure-8, and zig-zag) under both no-wind and windy conditions. 
Additionally, we leverage SHapley Additive exPlanations (SHAP) to 
analyse which state features the agent prioritises when making navi-
gation decisions, helping bridge the gap between black-box RL models 
and human interpretability.

Our results reveal that DRL-based controllers trained with realistic 
wind disturbances, enhanced state representations, and strict way-
point constraints can successfully navigate in complex environments 
while adapting to unpredictable wind gusts. Compared to classical 
controllers, which often fail under the same constraints, DRL-based 
policies exhibit:

1. Faster task completion times, measured as fewer simulation 
steps, reflecting improved flight efficiency.

2. Higher waypoint success rates, defined as the percentage of 
predefined waypoints along the trajectory for which the agent’s 
actual flight path comes within a 0.5 m radius, a threshold that is 
easily achievable in calm conditions but challenging under wind.

These findings showcase the importance of structured DRL training 
strategies for UAV navigation in dynamic environments. By bridging 
the gap between algorithmic proposals and real-world deployment, our 
work contributes towards the development of trustworthy, adaptable, 
and explainable neural controllers for autonomous aerial systems.

The rest of the paper is organised as follows. Section 2 reviews 
related DRL and quadcopter navigation work. Section 3 introduces 
the preliminaries needed for this manuscript. Section 4 outlines our 
methodology, explaining the problem formulation, how the wind is 
modelled, and the details behind our DRL training. Section 5 describes 
the experimental design. In Section 6, we present and analyse the re-
sults, emphasising how training with wind disturbances and enhanced 
state representations fosters robust navigation policies. Moreover, we 
analyse the feature importance with SHAP. Finally, Section 7 concludes 
the paper and discusses future research work.

2. Related work

This section reviews prior work relevant to UAV navigation (Sec-
tion 2.1), DRL in the context of UAVs (Section 2.2), and wind-aware 
control strategies (Section 2.3. We then highlight how our work differs 
and contributes to this field in Section 2.4.
2 
2.1. UAV navigation and control

Quadcopter navigation has been extensively studied in recent years, 
with a wide range of approaches spanning from classical control strate-
gies to modern learning-based techniques. Traditional path planning 
algorithms for UAVs predominantly rely on bio-inspired heuristics 
(e.g. genetic algorithms (Kok et al., 2013), ant colony (Chen et al., 
2017) and particle swarm optimisation (Liu et al., 2016)) or sampling-
based (e.g., rapidly exploring random trees (Lin and Saripalli, 2017; 
Penicka and Scaramuzza, 2022; Debnath et al., 2024)) methods. These 
methods have demonstrated effectiveness in structured environments 
but often struggle with dynamic conditions such as wind disturbances. 
A recent survey on UAV navigation further reinforces this observa-
tion (Gugan and Haque, 2023), indicating that while classical ap-
proaches remain dominant, learning-based methods constitute only 
17% of the current solutions. Nonetheless, the integration of such 
learning-based methods has increased (Caballero-Martin et al., 2024), 
as AI-driven controllers offer the potential to improve adaptability and 
robustness, especially in stochastic and dynamic environments.

2.2. Reinforcement Learning for UAVs

Reinforcement Learning, particularly when combined with neu-
ral networks, enables UAVs to learn control policies directly from 
observations and to adapt in real-time. Early DRL methods demon-
strated the feasibility of end-to-end policy learning for agile flight 
manoeuvres (Hwangbo et al., 2017; Pi et al., 2020). In this framework, 
DRL-based agents can control UAVs in multiple ways, including linear 
velocity control, collective thrust with body rates, or even direct rotor 
thrust control (Kaufmann et al., 2022). Linear velocity control and DRL-
based path planning are the most widely adopted solutions, due to 
their interpretability from a human perspective. Various RL algorithms 
have been explored in this domain. For instance, Lee and Moon (2023) 
proposed SACHER, a method combining HER and SAC to enhance 
obstacle avoidance, while Hong et al. (2021) utilised RL to optimise 
UAV flight trajectories for energy efficiency. Additionally, hybrid ap-
proaches combining DRL with classical path-planning algorithms have 
been introduced to improve real-time adaptability (Maw et al., 2021). 
Although collective thrust and rotor thrust control have been shown to 
produce more efficient and higher-performing policies, they introduce 
higher training complexity and reduced interpretability (Azar et al., 
2021). Furthermore, a persistent challenge in DRL-based UAV naviga-
tion is generalisation, as policies trained in specific environments often 
struggle under unseen conditions (Song et al., 2021b).

2.3. Wind-aware UAV

Many classical approaches rely on wind-relative velocity computa-
tions to determine optimal trajectories, often assuming the availability 
of precise wind measurements through anemometers (Shafiee et al., 
2021). For instance, Hota and Ghose (2014) proposed a method for 
identifying periods of maximum bounding rates in windy conditions, 
but this approach was limited to 2D path planning and failed to adapt 
to time-varying wind disturbances. Similarly, model-based control tech-
niques such as LQR and 𝐻inf  synthesis have been evaluated for UAV 
stabilisation under both transient and steady wind conditions, assuming 
a reliable disturbance model (Massé et al., 2018). These challenges 
have also been explored in ground target tracking under various wind 
conditions (Jayaweera and Hanoun, 2022), and even some research has 
been directly oriented towards wind field prediction to enhance UAV 
safety in urban settings (Gianfelice et al., 2022).

On the other hand, DRL solutions have focused on policy robust-
ness by introducing external perturbations during training. Robust-
DDPG (Wan et al., 2020) applied adversarial noise, improving gener-
alisation to dynamic conditions, although wind-specific effects were 
not explicitly analysed. Similarly, without explicitly considering the 
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wind, Loquercio et al. (2021) learned a policy by imitating the be-
haviour of a teacher with privileged information.

Other works have directly integrated wind information into the state 
representation. For instance, Hong et al. (2021) optimised UAV energy 
consumption using TD3 and offline CQL, incorporating wind varia-
tions between episodes, though not dynamically within an episode. 
Alternatively, Pi et al. (2021) introduced an interference compen-
sator for a neural network controller, rather than explicitly modelling 
wind, achieving a 75% improvement in tracking accuracy under dis-
turbances. From a hardware perspective, Micro-Electro-Mechanical Sys-
tems (MEMS) sensors have been explored for real-time wind estimation, 
allowing DRL agents to train with wind magnitudes between 0 and 
5 m/s (Simon et al., 2023). While most DRL applications have focused 
on navigation and hovering manoeuvres, recent research has demon-
strated its effectiveness for UAV take-off and landing under strong wind 
gusts (up to 10 m/s) (Olaz et al., 2023). Additionally, some researchers 
have proposed the use of recurrent modules to anticipate the UAV 
movements in dynamic situations, using either RNN when the problem 
is formulated as a POMDP (Xie et al., 2021), or adopting LSTM to 
anticipate wind variations (Wu et al., 2024).

2.4. Our contribution

While previous works have explored DRL-based UAV control, this 
work specifically targets training strategies that enhance navigation 
robustness under wind disturbances. Unlike Kaufmann et al. (2022), 
which applied domain randomisation to various parameters except 
wind, we explicitly incorporate wind domain randomisation to improve 
policy adaptability. Additionally, while Olaz et al. (2023) examined 
wind-aware DRL for take-off and landing, our work extends its ap-
plicability to waypoint-based navigation. We also go beyond Hong 
et al. (2021), where wind variations only occur between episodes, 
by introducing intra-episode wind fluctuations, making the training 
environment significantly more realistic. Moreover, unlike Wu et al. 
(2024), which assumes structured wind zones and LSTM-based models 
for temporal reasoning, we evaluate whether simpler frame stacking 
techniques can provide similar benefits without requiring recurrent 
architectures or explicit wind-conditioned reward shaping. A key dis-
tinction of our work lies in its explainability focus. While other works, 
such as He et al. (2021), applied SHAP and CAM methods to analyse 
CNN-based policies in a wind-free setting, here we leverage SHAP 
analysis to interpret policy behaviour in challenging wind conditions.

In summary, this work assesses the impact of training setups, state 
representations, and wind disturbances on decision-making. By adopt-
ing a linear velocity control framework, our approach balances in-
terpretability and robustness, bridging the gap between algorithmic 
developments and real-world UAV deployment while improving trust 
and reliability in DRL-based navigation policies. To the best of our 
knowledge, there is no prior work in the literature of this nature.

3. Preliminaries

We now formalise the UAV navigation task as a Markov Decision 
Process (Section 3.1) and provide the necessary background on the 
learning algorithm (Section 3.2) and explainability (Section 3.3) used 
in our study. 

3.1. Problem formulation

We formulate the UAV navigation problem as a Markov Decision 
Process (MDP), where at each timestep 𝑡, the agent (UAV) observes 
a state 𝑠𝑡 ∈  and executes a control action 𝑎𝑡 ∈  (Sutton and 
Barto, 2018). After the action is taken, the environment transitions to 
a new state 𝑠𝑡+1 based on the UAV’s dynamics and any other elements 
that surround and affect the task completion (e.g., wind). Moreover, a 
reward 𝑟 ∈  is provided, which is used as a feedback signal that 
𝑡

3 
guides the agent during training. The objective is to learn a policy
𝜋(𝑎 ∣ 𝑠) that maximises the expected cumulative return: 

𝐺𝑡 = E
[

𝑇
∑

𝑡=0
𝛾 𝑡 𝑟𝑡

]

, (1)

where 𝛾 ∈ [0, 1) is the discount factor and 𝑇  is the episode horizon. This 
formulation enables the UAV to learn a controller that commands the 
needed actions to navigate through the waypoints while compensating 
for wind disturbances and respecting any distance constraints.

3.2. Proximal Policy Optimisation (PPO)

Proximal Policy Optimisation (PPO) (Schulman et al., 2017), is an 
on-policy policy gradient DRL algorithm suited for either discrete or 
continuous control tasks. It alternates between sampling data through 
agent–environment interaction and optimising a clipped surrogate ob-
jective that prevents large network updates. Concretely, it minimises: 

𝐿clip(𝜃) = Ê𝑡
[

min
(

𝑟𝑡(𝜃) 𝐴̂𝑡, clip(𝑟𝑡(𝜃), 1 − 𝜖, 1 + 𝜖) 𝐴̂𝑡
)

]

, (2)

where 𝑟𝑡(𝜃) is the probability ratio between new and old policies 𝑟𝑡(𝜃) =
𝜋𝜃 (𝑎𝑡|𝑠𝑡)
𝜋𝜃𝑜𝑙𝑑 (𝑎𝑡|𝑠𝑡)

, 𝐴̂𝑡 is the estimated advantage function at time 𝑡, and 𝜖
is a hyperparameter used to clip the maximum desired update. By 
constraining the update magnitude, PPO achieves stable learning and 
typically converges faster than traditional policy gradient methods.

3.3. Shapley Values for explainability

Originally designed for cooperative games (Shapley, 1953), this 
framework has lately emerged as an approach to assess explainability 
in machine learning models. The technique provides a principled way 
to attribute the contribution of each feature to a model’s output. Specif-
ically, Shapley Values (Lundberg and Lee, 2017) allocate the average 
marginal contribution of a feature across all possible feature coalitions, 
ensuring fairness and consistency in the attribution process.

Formally, consider a predictive model 𝑓 that takes an input 𝐱 =
[𝑥1, 𝑥2,… , 𝑥𝑛], where 𝑥𝑖 represents the 𝑖th feature. The Shapley Value 
𝜙𝑖 for feature 𝑥𝑖 is given by: 

𝜙𝑖 =
∑

𝑆⊆⧵{𝑖}

|𝑆|! (| | − |𝑆| − 1)!
| |!

(

𝑓 (𝑆 ∪ {𝑖}) − 𝑓 (𝑆)
)

, (3)

where:

•   is the set of all features,
• 𝑆 is any subset of   that does not include feature 𝑖,
• 𝑓 (𝑆 ∪ {𝑖}) represents the model’s prediction using the features in 
𝑆 along with 𝑥𝑖,

• 𝑓 (𝑆) represents the model’s prediction using only the features in 
𝑆.

The Shapley Value 𝜙𝑖 measures how much the inclusion of feature 𝑥𝑖
changes the model’s output when averaged across all possible subsets of 
features 𝑆. In this work, Shapley Values are employed to provide post-
hoc explanations for the DRL agent’s decision-making process to gain 
insight into the agent’s behaviour and its response to environmental 
factors like wind disturbances.

4. UAV navigation

This section details the methodology we followed to evaluate the 
different design choices that affect the UAV navigation learning under 
wind disturbances. We begin by describing the problem setup (Sec-
tion 4.1), then explore possible enhancements that can be made in the 
state space (Section 4.2) and provide an overview of the simulation 
environment and wind modelling used for training and evaluation 
(Section 4.3).
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4.1. Problem formulation

To begin, we introduce how the UAV navigation problem is formu-
lated by detailing the state, action, and reward structures, which are 
the necessary components that enable DRL.

4.1.1. State space
Motivated by the results in related research (Hwangbo et al., 2017; 

Song et al., 2021b), we construct a state representation 𝐬𝑡 ∈  that com-
prises pre-processed information, providing the most pertinent vari-
ables for flight stability and navigation. The state vector at time 𝑡 is 
defined as: 
𝐬𝑡 = [𝜽𝑡,𝝎𝑡, 𝐯𝑡,𝐩𝑡, 𝛥𝐩𝑡] (4)

where each of the components are defined as follows:

• Attitude (𝜽𝑡): Represents the UAV’s orientation at time 𝑡, often 
expressed as a vector of roll (𝜙), pitch (𝜃), and yaw (𝜓). This is 
necessary for stabilising the UAV and determining its heading.

• Angular Velocity (𝝎𝑡): Denotes the rotational rates of the UAV 
along the 𝑥, 𝑦, and 𝑧 axes:
𝝎 = [𝜔𝑥, 𝜔𝑦, 𝜔𝑧].

Angular velocity is crucial for adjusting the UAV’s orientation, 
especially in response to external disturbances such as wind.

• Linear Velocity (𝐯𝑡): Describes the UAV’s translational speed 
along the 𝑥, 𝑦, and 𝑧 axes:
𝐯 = [𝑣𝑥, 𝑣𝑦, 𝑣𝑧].

This information forms the basis for velocity control and trajec-
tory tracking.

• Current Position (𝐩𝑡): Represents the UAV’s position in the envi-
ronment at time 𝑡:
𝐩 = [𝑝𝑥, 𝑝𝑦, 𝑝𝑧].

Accurate position tracking is essential for navigation and ensuring 
waypoint completion.

• Next Waypoint Relative Position (𝛥𝐩𝑡): Specifies the displace-
ment from the UAV’s current position (𝐩𝑡) to the next waypoint 
(𝐩𝑔𝑜𝑎𝑙𝑡 ):

𝛥𝐩 = 𝐩𝑔𝑜𝑎𝑙 − 𝐩 = [𝛥𝑝𝑥, 𝛥𝑝𝑦, 𝛥𝑝𝑧]

This guides the UAV’s movement towards the target, keeping 
navigation goal-oriented.

The overall state vector 𝐬𝑡 combines these components, providing 
the RL agent with the necessary information to make informed control 
decisions.

4.1.2. Action space
The action space () defines the control commands the UAV can 

execute at each timestep. Although multiple control types exist (Koch 
et al., 2018; Kaufmann et al., 2022), in our implementation, the action 
𝑎𝑡 ∈ , sampled at each timestep, determines the UAV’s linear veloc-
ity (Loquercio et al., 2021; Hong et al., 2021) along the 𝑥, 𝑦, and 𝑧
axes:

𝒂 = [𝑣𝑥, 𝑣𝑦, 𝑣𝑧]

We model the action space as continuous. In fact, these values are nor-
malised within the range [0, 1], representing a fraction of the maximum 
allowable velocity:
𝑣𝑖 = 𝑎𝑖 ⋅ 𝑣max, 𝑖 ∈ {𝑥, 𝑦, 𝑧},

where 𝑎𝑖 ∈ [0, 1] is the action chosen by the agent along dimension 
𝑖 and 𝑣max is a predefined maximum velocity for the UAV. This ap-
proach ensures flexibility in controlling speed while maintaining safety 
4 
and scalability to different environments. Indeed, the agent’s policy 
𝜋𝜃(⋅|𝑠) outputs actions sampled from a Gaussian distribution for each 
dimension:

𝑎𝑖 ∼  (𝜇𝑖, 𝜎2𝑖 ),

where 𝜇𝑖 and 𝜎𝑖 are the mean and standard deviation learned by 
𝜋𝜃(⋅|𝑠) for each velocity component. This formulation enables smoother 
control and higher precision in navigation tasks compared to discrete 
action spaces.

4.1.3. Reward function
The reward function () is designed to encourage the UAV to 

move closer to the next goal position while penalising behaviours that 
lead to deviations or collisions. Specifically, we adopt a dense reward 
formulation built upon the evolution of the distance from the UAV (𝐩𝑡) 
with respect to the next goal (𝐩goal) (Song et al., 2021b). That is, we first 
calculate the aforementioned distance (referred as 𝑢𝑡) at each timestep 
𝑡: 
𝑢𝑡 = ‖𝐩𝑡 − 𝐩goal‖, (5)

and then we calculate the reward 𝑟𝑡 ∈  as: 
𝑟𝑡 = 𝑢𝑡−1 − 𝑢𝑡, (6)

where 𝑢𝑡−1 is the distance at the previous timestep. This design encour-
ages the UAV to minimise its distance to the goal, providing positive 
rewards for moving closer and negative rewards for moving away.

In addition to this dense reward, the agent receives:

• A success reward of +10 upon reaching the goal, defined as when 
𝑢𝑡 ≤ 𝛿, where 𝛿 is a small threshold distance.

• Termination penalties to discourage undesirable behaviours:
– If the UAV collides with an object during flight, the episode 
terminates, and the agent receives a penalty of −100.

– If the UAV’s distance to the goal exceeds a predefined 
threshold 𝑢𝑡 > 𝑢max, the episode terminates early, and the 
agent is also penalised.

4.2. Enhancing the state representation

As defined in Eq.  (4), our UAV’s state representation includes atti-
tude, angular and linear velocity, the quadrotor’s position and next goal 
information. To evaluate the impact of additional sensor and temporal 
information on the agent’s performance, we conduct ablation studies 
using the following enhanced state configurations:

• Additional Future Goal (NG): This configuration appends the 
relative position of the next waypoint to the state vector:
𝛥𝐩𝑛+1 = 𝐩𝑔𝑜𝑎𝑙𝑛+1 − 𝐩

where 𝐩𝑔𝑜𝑎𝑙𝑛+1  represents the relative distance to the goal coming 
after the current goal (given that 𝑛 is the current goal). This 
setup is only applicable when the agent is trained considering 
𝑛goals > 1. As consequence, the state would be in this case 𝐬𝑡 =
[𝜽𝑡,𝝎𝑡, 𝐯𝑡,𝐩𝑡, 𝛥𝐩𝑡, 𝛥𝐩𝑛+1𝑡 ].

• Wind Vector (W): Instead of passing the absolute wind vector, 
we include the relative wind amplitude and direction with respect 
to the UAV’s current orientation. This is expressed in the UAV’s 
local body frame as:
𝐰rel = [𝑤𝑥,rel, 𝑤𝑦,rel, 𝑤𝑧,rel],

where 𝑤𝑥,rel, 𝑤𝑦,rel, and 𝑤𝑧,rel represent the relative wind compo-
nents along the UAV’s forward (𝑥), lateral (𝑦), and vertical (𝑧) 
axes, respectively.
The relative wind vector is derived by transforming the global 
wind vector 𝐰 = [𝑤 ,𝑤 ,𝑤 ] from the inertial (global) frame 
global 𝑥 𝑦 𝑧
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to the UAV’s body frame. The rotation matrix 𝐑, which maps the 
inertial frame to the body frame, is constructed as:

𝐑 = 𝐑𝑧(𝜓) ⋅ 𝐑𝑦(𝜃) ⋅ 𝐑𝑥(𝜙),

where 𝐑𝑥,𝐑𝑦,𝐑𝑧 are the standard rotation matrices for roll, pitch, 
and yaw, respectively. The relative wind vector is then computed 
as:

𝐰rel = 𝐑⊤ ⋅ 𝐰global.

As a results, the state representation is composed for this case as 
𝐬𝑡 = [𝜃𝑡, 𝜔𝑡, 𝐯𝑡,𝐩𝑡, 𝛥𝐩𝑡,𝐰rel𝑡 ].

• Frame Stacking (FS): Instead of using only the current state 𝐬𝑡, 
this configuration stacks 𝑘 past observations:

𝐒𝑡 = [𝐬𝑡−𝑘+1, 𝐬𝑡−𝑘+2,… , 𝐬𝑡].

This approach provides the agent with temporal context, captur-
ing short-term trends such as changes in wind or velocity.

By testing combinations of these configurations, we identify if any 
of these factors contribute to learning a better policy.

4.3. Environment

All experiments are conducted in AirSim (Shah et al., 2017), a 
widely adopted open-source simulator for aerial robotics, offering high-
fidelity physics, realistic sensor and wind disturbance modelling, strong 
community support, and a well-documented Python/C++ API that 
facilitates integration with Gymnasium and other DRL libraries. The 
simulator provides sensor readings (e.g., position, velocity, attitude) 
at a fixed control frequency of 50 Hz. To reflect a computationally 
feasible decision-making loop, the RL agent generates new velocity 
commands at 10 Hz. Additionally, the simulator enforces collision 
checks and waypoint distance constraints,1 allowing us to penalise the 
agent appropriately when it veers off course or exceeds the maximum 
allowed waypoint radius.

4.3.1. Wind setup
Wind disturbances in the simulation are modelled as dynamic forces 

applied to the UAV, simulating real-world aerodynamic effects. The 
wind is characterised by its magnitude (speed) and direction, acting 
primarily in the horizontal 𝑋𝑌 -plane. The resulting wind vector 𝐰 is 
expressed as:

𝐰 = [𝑤𝑥, 𝑤𝑦, 0],

where 𝑤𝑥 and 𝑤𝑦 represent the wind components along the 𝑋- and 
𝑌 -axes, respectively. No vertical component (𝑤𝑧 = 0) is considered in 
this work. To emulate wind scenarios, we define what we call a wind 
profile, which consists of:

• Magnitude Range (𝑤𝑚𝑎𝑔): The wind speed is randomly sampled 
from a uniform distribution [𝑤min, 𝑤max], allowing simulation of 
calm or turbulent conditions.

• Direction Range: The wind direction is sampled uniformly from 
[0◦, 360◦], providing full angular coverage.

• Gust Frequency 𝑤𝑓𝑟𝑒𝑞 : The wind conditions are updated at regu-
lar intervals (e.g., every 2 s), mimicking gusty weather patterns.

1 By default, set to 0.5 m.
5 
4.3.2. Training scenario
Similar to previous works (He et al., 2021), each training episode 

begins with the UAV initialised at the centre of the environment at the 
spawn position 𝐩0. A target waypoint is sampled uniformly at random 
within a radius of 0 to 10 meters relative to 𝐩0. The episode terminates 
under the following conditions:

1. The UAV reaches the goal with 𝛿 <= 0.5 m.
2. A collision occurs during the flight.
3. The maximum number of timesteps 𝑡max is reached, where:

𝑡max = 𝑛goals × 100,

with 𝑛goals = 1 for single-goal scenarios (to be adjusted for 
multi-goal experiments).

4.3.3. Integration AirSim-Gymnasium
Most RL libraries (Liang et al., 2018; Weng et al., 2022; Huang et al., 

2022; Raffin et al., 2021), require a Gym/Gymnasium like compatible 
API for custom environments (Towers et al., 2024). While AirSim 
provides high-fidelity physics and sensor models, it does not include a 
Gymnasium environment by default. Thus, a custom environment was 
developed to comply with Gymnasium’s interface requirements, ensur-
ing a correct integration with commonly used RL implementations. Fig. 
1 shows the overall software architecture.

5. Experimental setup

In this section, we describe the experimental setup used to train 
and evaluate the UAV controllers. This includes baselines and the used 
hyperparameters (Section 5.1) and the adopted evaluation metrics and 
trajectory (Section 5.2). 

5.1. Baselines

We adopt AirSim’s built-in functions MoveOnPath (for sequential 
waypoints) and MoveToPosition (for a single waypoint) to translate 
user-defined targets into velocity commands through a simple feedback 
mechanism. At each step, the UAV’s positional error (distance to the 

Fig. 1. Integration framework connecting AirSim, Gymnasium, and Stable-
Baselines3. The environment module provides sensor data and simulates UAV 
dynamics, while the DRL agent outputs velocity commands. The required 
environment API module was developed by us.
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next waypoint) is used to generate a velocity vector, with its magni-
tude constrained by a maximum velocity and shaped by an adaptive 
lookahead parameter. These velocity commands are then passed to 
the flight controller, which converts them into low-level attitude and 
throttle controls. Although these methods are designed to bring the 
drone within a default accuracy threshold, 𝛿 = 0.5 m, factors such as 
overshoot, vehicle dynamics, and the discrete nature of the adaptive 
lookahead can cause the drone to settle just outside the threshold. 
For more information, please refer to the official implementation.2 
Note that these methods operate on high-level commands rather than 
learning from trial and error, as DRL does.

5.1.1. DRL hyperparameters
In this work, we utilise the PPO implementation from

Stable-Baselines3 (Raffin et al., 2021), which offers a reliable and well-
tested codebase written in Python. We train each agent for a total of 
200,000 steps using PPO with a discount factor of 0.99, a lambda value 
of 0.95 (for GAE), a learning rate of 0.0001, an entropy coefficient of 
0.01, a rollout size of 128, 4 minibatches, 4 epochs and a clip coefficient 
of 0.2. In what it refers to the neural network architecture, we use an 
actor-critic framework with 2 fully connected layers of 64 neurons. Last 
but not least, all state variables are normalised.

5.2. Evaluation

During the training phase, we execute callbacks every 10,000 steps 
to monitor the policy’s performance. Each evaluation involves run-
ning the agent on multiple trajectories (see below, the ‘‘Trajectories’’ 
Section 5.2.2) under two environmental conditions:

• A no-wind scenario where the wind magnitude is set to 0 m/s, 
𝑤𝑚𝑎𝑔 = 0.

• A windy scenario where the wind magnitude is fixed at 10 m/s, 
𝑤𝑚𝑎𝑔 = 10, with randomised wind directions.

For each evaluation callback, 10 independent rollouts are conducted 
per trajectory and wind condition. These rollouts are executed stochas-
tically (i.e., we sample from the agent’s action distribution) to reliably 
assess the policy’s true performance.

5.2.1. Metrics
To evaluate performance, we use three complementary metrics:

• Success Rate per Trajectory (SR):  measures how often the UAV 
successfully completes an entire trajectory, meaning it reaches 
all intended waypoints within a predefined number of steps. It 
is given as a percentage (%).

• Success Rate per Waypoint (SR-W): captures partial successes, 
reporting the percentage of individual waypoints reached within 
each trajectory. It is useful when a UAV fails near the end but still 
completes part of the route.

• Steps for all trajectories (ST): measures the total number of 
steps taken during a trajectory attempt, regardless of whether 
it succeeded or failed. Lower values generally indicate more 
efficient navigation.

Using all three metrics allows us to better understand the UAV’s be-
haviour under different conditions. For example, a policy with high 
SR-W but low SR might consistently fail near the final waypoint, while 
differences in step count may highlight inefficiencies caused by wind 
disturbances.

2 https://github.com/microsoft/AirSim/blob/main/AirLib/src/vehicles/
multirotor/api/MultirotorApiBase.cpp
6 
Fig. 2. Illustration of Rhombus, Circle, Figure-8, and Zig-zag trajectories. The 
red octagon marks the spawn position, the green ‘X’ indicates the first goal, 
and the purple ‘X’ represents the second goal. All other subgoals are denoted 
by small orange circles.

5.2.2. Trajectories
To test generalisation across various flying profiles, we define four 

representative trajectories: Rhombus, Circle, Figure-8, Zig-Zag. Each tra-
jectory consists of multiple waypoints laid out in a distinct geometric 
pattern (Fig.  2), and we chose these shapes because they cover a wide 
range of navigational challenges:

• Rhombus forces the UAV to execute sharp turns followed by 
straight segments (e.g., inspecting the corners of a rectangular 
building or surveying a fenced perimeter).

• Circle emphasises continuous curvature, testing whether the agent
can maintain stable flight on a curved path rather than stopping 
and restarting at discrete waypoints (e.g., circling a storage tank).

• Figure-8 extends the circle by combining left- and right-hand 
loops in a compact area, checking if the agent can manage fre-
quent direction changes without overfitting to a single turn pat-
tern (e.g., search and rescue passes).

• Zig-Zag introduces alternating sharp angles with no curved seg-
ments, stressing waypoint precision and rapid reorientation as 
needed (e.g., navigating through narrow obstacles).

In practical, real-world tasks, UAVs often follow paths that resemble 
these archetypal patterns. By covering these geometries, our evaluation 
spans the major turn-angle and curvature challenges a quadcopter faces 
under wind disturbances. 

6. Results

This section presents and analyses the results obtained from the 
experiments described in the previous sections. In order to assess 
statistical variance, we train three agents with different seeds for each 
type of experiment.

We first begin by analysing the performance of a DRL-based agent 
with respect to the baselines. Under no-wind conditions, all methods 
successfully complete the trajectories. However, as shown in Fig.  3, the 
number of steps required by the DRL agent is generally similar to or 
fewer than those required by the baselines.3 This is because Move-
ToPosition executes point-to-point movements, causing the UAV 
to decelerate at each waypoint, which increases the number of steps. 
While MoveOnPath performs better by generating smoother trajecto-
ries, its performance still falls short compared to the DRL agent. More-
over, in both cases, the lookahead mechanism is applied to adaptively 
regulate the velocity.

3 The number of steps is calculated by training an agent with PPO for 
200,000 steps and evaluating its performance with the last policy, 𝜋𝑡=200,000. 
This does not necessarily meant to be the best policy.

https://github.com/microsoft/AirSim/blob/main/AirLib/src/vehicles/multirotor/api/MultirotorApiBase.cpp
https://github.com/microsoft/AirSim/blob/main/AirLib/src/vehicles/multirotor/api/MultirotorApiBase.cpp
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Fig. 3. Number of steps needed by each algorithm (DRL, MoveOnPath, 
MoveToPosition) to complete each trajectory type in the absence of wind.

On the other hand, windy scenarios significantly impact the success 
rate of the baselines. The DRL agent achieves SR between 80%–100% 
across different trajectory types, whereas the baselines report worse 
results (Fig.  4.top). Indeed, MoveOnPath is incapable of getting more 
than 20% of the trajectories correctly, while MoveToPosition man-
ages to complete most of the trajectories according to the constraints, 
yet struggles in the Circle trajectory. A deeper analysis of which sub-
goals were correctly achieved (Fig.  4.bottom) reveals that DRL oc-
casionally fails to satisfy the waypoint constraints in Circle, with a 
few outliers causing these violations. In contrast, the baselines con-
sistently exhibit 1–3 violated subgoals per trajectory, MoveOnPath
being the one with the worst performance. These differences are further 
illustrated by the executed trajectories in Fig.  5. Under windy condi-
tions, both MoveToPosition and MoveOnPath exhibit significant 
deviations from the required paths, frequently violating the imposed 
waypoint constraint of 𝛿 < 0.5 meters (marked with a red circle); 
whereas DRL maintains adherence to the constraints, showcasing its 
robustness to wind disturbances and its ability to execute trajectories 
effectively despite dynamic environmental conditions.

Fig. 4. Comparison of DRL, MoveOnPath and MoveToPosition under 
some windy scenarios. (Top) Success rate in different trajectories, considering 
that all goals are traversed according to the constraints (𝛿 < 0.5). (Bottom) 
Number of subgoals completed with 𝛿 < 0.5. Note that Circle, Rhombus, Figure-
8 and Zig-zag trajectories are composed of [7, 4, 7, 5] waypoints, respectively.
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Fig. 5. Circle and Zig-zag trajectories executed by MoveToPosition
MoveOnPath and DRL methods under a windy setup. The coloured arrows 
indicate the wind directions at different time steps. In the cases where the 
closest distance to waypoints is larger than the established 𝛿 = 0.5 m, a red 
circle is shown. All setups have been evaluated with the same seed.

6.1. Training conditions variations

After showcasing the potential of DRL under windy scenarios, in 
this subsection, the impact of different training configurations on the 
DRL agent’s performance is evaluated. Specifically, we consider three 
variations: (1) training with different wind conditions, (2) multi-goal 
training, and (3) enforcing stricter waypoint constraints during training 
(i.e., reducing 𝛿 from 0.5 to 0.2 and 0.1).

By using various wind conditions, we aim to simulate the agent 
with domain randomisation (Loquercio et al., 2020) over different wind 
patterns. Meanwhile, multi-goal training provides an environment more 
representative of real-world trajectories, as all evaluation tasks involve 
navigating multiple waypoints. Finally, although training with stricter 
constraints increases the difficulty, it may lead to the development of 
more robust strategies that generalise better when these constraints are 
later relaxed.

Fig.  6 illustrates the success rate and average steps for each con-
figuration under no-wind and windy evaluation scenarios over time 
(training steps). Since this figure aggregates performance across all 
trajectories, extracting detailed insights directly can be challenging. For 
trajectory-specific results, we refer the reader to Appendix  A.

To facilitate direct comparison, Tables  1 (no-wind) and 2 (wind) 
summarise the success rate and episode length for each configuration. 
These tables report the highest observed average success rate (SR) over 
all callbacks. If multiple training steps yield the same maximum success 
rate, the step (ST) with the shortest episode length is selected as the best 
configuration.

Wind domain randomisation. Training under various wind conditions 
leads to a clear trade-off between generalisation and efficiency. While 
policies trained in wind-free environments learn faster and achieve high 
success rates in no-wind scenarios, they struggle when evaluated under 
wind disturbances. This is evident in Table  2, where the PPO baseline 
achieves one of the lowest SR (82) and highest ST (130.7), indicating 
that the lack of exposure to wind during training results in poor adap-
tation to unseen disturbances. In contrast, policies trained with domain 
randomisation exhibit greater robustness, significantly improving SR 
under wind disturbances. However, this improvement comes at the 
cost of reduced efficiency in no-wind conditions, as seen in Table  1, 
where wind-trained policies require more steps than the PPO baseline 
(ST = 65.9). This suggests that while domain randomisation enhances 
adaptability, it may introduce inefficiencies when disturbances are 
absent.

Multi-goal training. A similar trend is observed for multi-goal training, 
which was expected to enhance trajectory planning across multiple 
waypoints. However, the results indicate that this approach provides 
only marginal improvements and, in some cases, even underperforms 
compared to the PPO baseline. Indeed, in windy conditions, the SR 
remains similar, while the episode length increases slightly, suggesting 
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Fig. 6. Aggregated success rate (left) and number of steps required (right) across four trajectory types for different training setups. The results are shown for 
scenarios with no wind (top row) and with wind disturbances (bottom row).
Table 1
Simulation results with various training setups under no-wind conditions. For each trajectory type, the table reports the success rate (SR, in %) and the 
average number of steps (ST) required to complete the task. The last column presents the average performance across all trajectories. Values in blue indicate 
an improvement over the PPO baseline: for SR, a higher value than PPO’s SR is considered an improvement, while for ST, a lower value is considered better 
(provided that SR is equal to or higher than PPO’s SR).
Simulation Rhombus Circle Figure-8 Zig-Zag Average

SR (↑) ST (↓) SR (↑) ST (↓) SR (↑) ST (↓) SR (↑) ST (↓) SR (↑) ST (↓)
PPO 100 50.5 100 65.3 100 67.7 100 69.2 100 65.9
{𝑤𝑚 = 5, 𝑤𝑓 = 1.5} 100 53.9 100 71.7 100 71.0 100 77.0 100 69.2
{𝑤𝑚 = 5, 𝑤𝑓 = 0.5} 100 52.9 100 69.2 100 69.2 100 100.4 100 77.5
{𝑤𝑚 = 5, 𝑤𝑓 = 3.0} 100 53.0 100 71.7 100 69.2 100 61.8 100 68.9
{𝑤𝑚 = 10, 𝑤𝑓 = 1.5} 100 75.1 100 78.4 100 95.3 90 104.9 96 92.6
{𝑤𝑚 = 10, 𝑤𝑓 = 0.5} 100 64.9 100 90.3 100 92.1 97 94.9 98 85.8
{𝑤𝑚 = 10, 𝑤𝑓 = 3.0} 100 70.8 100 85.8 100 99.7 67 116.2 88 104.5
{𝑤𝑚 = 0 − 10, 𝑤𝑓 = 1.5} 100 49.8 100 65.9 100 67.9 87 89.5 96 81.43
𝑛goals = 2 100 50.3 100 69.9 100 70.9 100 72.3 100 66.8
𝑛goals = 3 100 50.0 100 68.1 100 70.3 100 57.0 100 61.9
𝛿𝑡𝑟𝑎𝑖𝑛 = 0.2 100 48.4 100 62.2 100 64.7 100 58.3 100 58.4
𝛿𝑡𝑟𝑎𝑖𝑛 = 0.1 100 49.7 100 62.5 100 65.8 100 53.1 100 57.8
that the added complexity does not necessarily translate into improved 
generalisation. This implies that simply increasing the number of goals 
during training is insufficient to enhance policy robustness.
Stricter training constraints. Notably, training with stricter waypoint 
constraints (𝛿𝑡𝑟𝑎𝑖𝑛 = 0.2 and 𝛿𝑡𝑟𝑎𝑖𝑛 = 0.1) consistently yields the best 
performance across both no-wind and windy conditions. As shown in 
Table  1, the agent trained with 𝛿𝑡𝑟𝑎𝑖𝑛 = 0.1 achieves the lowest episode 
length (ST = 57.8), while in windy scenarios, as shown in Table  2, it 
still maintains high efficiency (ST = 83.5) and successfully completes 
8 
all trajectories (SR = 100). Furthermore, despite the increased difficulty 
introduced during training, the learning process does not require addi-
tional agent–environment interactions compared to the PPO baseline, 
as evidenced in Fig.  6. This suggests that enforcing stricter constraints 
improves trajectory control and enhances adaptability without neg-
atively impacting sample efficiency. Such a property is particularly 
desirable for real-world applications, where UAVs must operate reliably 
in both structured and dynamic conditions while minimising the need 
for extensive training.
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Table 2
Simulation results with various training setups under wind conditions. For each trajectory type, the table reports the success rate (SR, in %) and the average 
number of steps (ST) required to complete the task. The last column presents the average performance across all trajectories. Values in blue indicate an 
improvement over the PPO baseline: for SR, a higher value than PPO’s SR is considered an improvement, while for ST, a lower value is considered better 
(provided that SR is equal to or higher than PPO’s SR).
Simulation Rhombus Circle Figure-8 Zig-Zag Average

SR (↑) ST (↓) SR (↑) ST (↓) SR (↑) ST (↓) SR (↑) ST (↓) SR (↑) ST (↓)
PPO 100 90.0 73 141.2 73 161.8 93 119.5 82 130.7
{𝑤𝑚 = 5, 𝑤𝑓 = 1.5} 100 85.5 97 92.8 97 119.8 80 123.2 89 108.1
{𝑤𝑚 = 5, 𝑤𝑓 = 0.5} 100 86.8 90 117.2 90 125.6 83 139.8 85 125.0
{𝑤𝑚 = 5, 𝑤𝑓 = 3.0} 100 92.9 93 108.0 93 122.0 97 118.4 92 111.1
{𝑤𝑚 = 10, 𝑤𝑓 = 1.5} 100 67.8 100 77.1 100 89.0 90 108.9 97 85.3
{𝑤𝑚 = 10, 𝑤𝑓 = 0.5} 100 68.9 100 93.5 100 96.3 93 110.8 98 97.7
{𝑤𝑚 = 10, 𝑤𝑓 = 3.0} 100 68.5 100 81.5 97 103.6 53 140.7 84 108.9
{𝑤𝑚 = 0 − 10, 𝑤𝑓 = 1.5} 100 72.0 90 106.7 93 118.2 70 149.4 78 122.5
𝑛goals = 2 100 102.1 80 127.3 77 151.7 73 145.7 78 133.3
𝑛goals = 3 100 104.8 97 136.8 87 141.0 100 128.0 89 132.3
𝛿𝑡𝑟𝑎𝑖𝑛 = 0.2 100 69.6 97 92.1 100 92.3 100 94.2 98 93.7
𝛿𝑡𝑟𝑎𝑖𝑛 = 0.1 100 69.1 100 80.4 100 94.8 100 84.5 100 83.5
6.2. Enhanced state representations

To evaluate how additional state information affects the agent’s per-
formance, we analyse the strategies introduced in Section 4.2. Specifi-
cally, we examine (1) the inclusion of next-goal relative position (NG), 
(2) frame stacking (FS) to incorporate temporal context, and (3) wind-
related information (W) to account for external disturbances. Fig.  7 
illustrates the training progress for each approach, while Tables  3 and
4 summarise the final results under no-wind and windy conditions, 
respectively.

Frame stacking. The results indicate that frame stacking (FS) does 
not provide any tangible benefits in this task. Unlike in other DRL 
environments where temporal dependencies are crucial, the UAV’s 
dynamics and the stochasticity introduced by wind do not seem to 
benefit from short-term memory. This is evident in Table  3, where FS 
performs nearly identically to the PPO baseline in no-wind conditions 
9 
(ST = 68.6 vs. ST = 65.9 for PPO). However, in windy conditions, FS 
underperforms slightly, suggesting that the additional temporal data 
might introduce noise rather than improving robustness. This out-
come is consistent with findings in the multi-goal training experiments, 
where additional complexity does not necessarily translate to improved 
generalisation.

Next-goal. Introducing next-goal information (NG) improves perfor-
mance under no-wind conditions. The inclusion of the next waypoint’s 
relative position helps the agent plan beyond the immediate goal, 
leading to more efficient paths. This is reflected in Table  3, where NG 
reduces the number of steps compared to the PPO baseline (ST = 62.1 
for NG with two goals and ST = 61.3 for NG with three goals, versus 
ST = 65.9 for PPO). However, this advantage is diminished in windy 
conditions, where NG leads to a slight degradation in success rate (SR 
= 78 and 81 for NG-based policies, compared to SR = 82 for PPO). 
This suggests that the agent may overfit to deterministic transitions, 
Fig. 7. Aggregated success rate (left) and number of steps required (right) across four trajectory types for different state representation strategies. The results 
are shown for scenarios with no-wind (top row) and with wind disturbances (bottom row).
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Table 3
Simulation results with multiple state representations under no-wind conditions. For each trajectory type, the table reports the success rate (SR, in %) and the 
average number of steps (ST) required to complete the task. The last column presents the average performance across all trajectories. Values in blue indicate 
an improvement over the PPO baseline: for SR, a higher value than PPO’s SR is considered an improvement, while for ST, a lower value is considered better 
(provided that SR is equal to or higher than PPO’s SR).
Simulation Rhombus Circle Figure-8 Zig-Zag Average

SR (↑) ST (↓) SR (↑) ST (↓) SR (↑) ST (↓) SR (↑) ST (↓) SR (↑) ST (↓)
PPO 100 50.5 100 65.3 100 67.7 100 69.2 100 65.9
FS (k=4) 100 50.8 100 68.6 100 70.3 100 73.3 100 68.6
NG (𝑛goals = 2) 100 50.6 100 62.1 100 71.0 100 57.2 100 62.1
NG (𝑛goals = 3) 100 51.0 100 61.3 100 67.4 100 60.4 100 61.3
W, {𝑤𝑚 = 10, 𝑤𝑓 = 1.5} 100 69.8 100 79.3 100 101.0 100 69.0 100 81.1
W, {𝑤𝑚 = 0 − 10, 𝑤𝑓 = 1.5} 100 54.2 100 69.8 100 72.7 100 80.1 100 70.1
Table 4
Simulation results with multiple state representations under wind conditions. For each trajectory type, the table reports the success rate (SR, in %) and the 
average number of steps (ST) required to complete the task. The last column presents the average performance across all trajectories. Values in blue indicate 
an improvement over the PPO baseline: for SR, a higher value than PPO’s SR is considered an improvement, while for ST, a lower value is considered better 
(provided that SR is equal to or higher than PPO’s SR).
Simulation Rhombus Circle Figure-8 Zig-Zag Average

SR (↑) ST (↓) SR (↑) ST (↓) SR (↑) ST (↓) SR (↑) ST (↓) SR (↑) ST (↓)
PPO 100 90.0 73 141.2 73 161.8 93 119.5 82 130.7
FS (k=4) 93 125 60 150.7 63 162.8 67 153.4 66 150.7
NG (𝑛goals = 2) 97 95.2 83 147.4 67 159.6 77 132.3 78 136.1
NG (𝑛goals = 3) 100 93.2 83 138.5 63 159.9 93 123.4 81 149.0
W, {𝑤𝑚 = 10, 𝑤𝑓 = 1.5} 100 66.6 100 74.3 100 94.6 97 82.3 98 98.2
W, {𝑤𝑚 = 0 − 10, 𝑤𝑓 = 1.5} 100 72.9 100 75.3 100 97.9 97 101.0 98 92.1
assuming a wind-free environment, which hinders its ability to adapt 
to stochastic disturbances.
Wind domain randomisation. The most significant performance gains 
arise from incorporating wind information (W) into the state repre-
sentation. Unlike previous findings, training the agent with a constant 
wind magnitude of 10 m/s (i.e., 𝑤𝑚 = 10, 𝑤𝑓 = 1.5) and explicitly pro-
viding this information in the state enhances performance in no-wind 
conditions, achieving SR = 100 and ST = 81.1 — a clear improvement 
over training without wind state information (SR = 96, ST = 92.6). 
However, in windy conditions, this setup exhibits a slight performance 
drop, requiring more steps (ST = 98.2) compared to training without 
wind information (ST = 85.3). This trade-off aligns with expectations: 
without wind observations, the agent struggles in no-wind settings but 
generalises better in wind, as it has only experienced disturbances 
during training.

Among the evaluated setups, the most balanced and robust ap-
proach is training with variable wind magnitudes between 0 and 
10 m/s (𝑤𝑚 = 0 − 10, 𝑤𝑓 = 1.5), which effectively improves generali-
sation while maintaining efficiency. This setup achieves SR = 100 and 
ST = 70.1 in no-wind conditions, closely matching the PPO baseline 
(ST = 65.9) and significantly improving upon training without wind 
information in the agent’s perception (ST = 85.8). More importantly, in 
windy conditions, it attains the best performance (SR = 98, ST = 92.1) 
across all setups analysed in Table  4. Furthermore, this configuration 
outperforms the same training setup without wind state information 
(SR = 78, ST = 122.5), reinforcing the advantage of explicitly modelling 
wind dynamics in the state space.

These results suggest that incorporating wind-related information, 
when trained under diverse wind magnitudes, leads to more robust and 
generalisable policies across different environmental conditions.

6.3. Explainability of learned policies

While previous results demonstrate the effectiveness of different 
training configurations and state representations, understanding the 
10 
decision-making process of the DRL agent remains crucial. To gain 
insights into how the agent prioritises state variables when making 
navigation decisions, we leverage SHAP (Lundberg and Lee, 2017), 
previously introduced in Section 3.3

Fig.  8 presents the SHAP value distributions for the different state 
components in one of the experiments where we trained a PPO agent, 
evaluated under no-wind (top) and windy (bottom) conditions. The 
results reveal that the next waypoint relative position 𝛥𝐩𝑡 (denoted 
as ‘‘p_goal’’ in the figure) is the most influential feature, followed by 
the velocity 𝐯𝑡 and the current UAV position 𝐩𝑡. Notably, the SHAP 
attributions are consistent with the control structure: the action compo-
nent 𝑉𝑥 is primarily influenced by the state variables along the 𝑥-axis, 
while 𝑉𝑦 is predominantly affected by those in the 𝑦-axis. Since the UAV 
navigates exclusively in the xy-plane, features related to the 𝑧-axis are 
assigned negligible importance.

Interestingly, attitude (𝜽𝑡) and angular velocity (𝐰𝑡) exhibit rel-
atively low feature importance in the standard training setup. This 
suggests that, within the velocity-based control formulation, the agent 
prioritises translational motion over direct attitude regulation. Since 
the UAV operates in the xy-plane, active orientation adjustments are 
likely minimal, or attitude corrections may be implicitly captured 
through velocity control.

In the presence of wind, the feature importance distribution remains 
qualitatively similar; however, the magnitude of SHAP values decreases 
significantly. While in no-wind conditions, SHAP values ranged from 
0 to 2.5, in the presence of wind, they are constrained to the range 
of 0 to 1.2. Additionally, the gap between dominant and secondary 
features is less pronounced. This suggests that, under wind distur-
bances, the agent’s decision-making relies more evenly on multiple fea-
tures, likely as an adaptation mechanism to compensate for increased 
environmental variability.

Given the extensive set of training configurations, a per-experiment 
SHAP analysis would require excessive visualisation space and would 
be impractical. Therefore, to synthesise the overall trends, we compute 
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Fig. 8. SHAP value analysis of the trained DRL (PPO) policy under no-wind (top) and windy (bottom) conditions. The left and middle subplots display the 
SHAP value distributions for individual state components for the 𝑉𝑥 (left) and 𝑉𝑦 (middle) action values, respectively. The right subplots summarise the overall 
feature importance, regardless of 𝑉𝑥 and/or 𝑉𝑦.
the aggregated SHAP importance scores for each feature across the best 
training setups and summarise them in Fig.  9.

A key observation from this aggregated analysis is that models 
trained with wind domain randomisation and without wind informa-
tion in the state representation tend to assign greater importance to 
pitch (𝜙), roll (𝜃), and angular velocities (𝑤𝑥, 𝑤𝑦). This suggests that, 
in the absence of explicit wind-related inputs, the agent relies more 
on these features to infer and compensate for external disturbances. 
Moreover, when wind domain randomisation is applied and wind vari-
ables (wind_x, wind_y, wind_z) are explicitly included in the state, the 
importance of attitude-related features decreases in both no-wind and 
windy scenarios. This shift indicates that the agent manages to integrate 
wind effects into its decision-making process better, rather than relying 
on indirect cues from its orientation.

These findings reinforce the effectiveness of incorporating wind 
information into the state representation, as it enables the agent to 
develop a more structured control strategy while reducing reliance on 
secondary variables.

7. Conclusions

This work evaluated the performance of DRL-based controllers for 
UAV navigation under strict waypoint constraints and varying wind 
conditions. Through extensive statistical analysis across multiple tra-
jectories and random seeds, we systematically assessed the impact 
of different training strategies and state representations on naviga-
tion robustness. The results demonstrate that DRL-based controllers 
consistently outperform classical methods, particularly in stochastic 
environments with wind disturbances.

Our findings highlight that training with wind domain randomisa-
tion improves wind robustness but at the cost of reduced efficiency 
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in no-wind conditions. However, augmenting the agent’s perception 
with wind information enhances generalisation in both no-wind and 
windy scenarios, provided the agent is exposed to variable wind mag-
nitudes during training. Furthermore, training with stricter waypoint 
constraints proves to be the most effective strategy, leading to precise 
trajectories and improved adaptation to environmental disturbances. 
Conversely, temporal stacking and multi-goal training provide only 
marginal benefits, suggesting that additional complexity does not al-
ways translate into better navigation policies. These results underscore 
the importance of structured training strategies and informed state 
representations for developing resilient DRL-based UAV navigation 
policies.

To further interpret the learned policies, we applied SHAP analysis 
to quantify feature importance across different training configurations 
and evaluation conditions. The results reveal that the agent adjusts its 
reliance on different state variables depending on the adopted training 
setup, state representation and environmental conditions. Notably, the 
next-goal relative position consistently emerges as the most influen-
tial feature, reinforcing its role in guiding waypoint-based navigation. 
Furthermore, policies trained with explicit wind information exhibit 
reduced dependence on pitch, roll, and angular velocities, suggesting 
a shift towards more stable and structured decision-making. These in-
sights provide a deeper understanding of the agent’s internal reasoning, 
aiding in the refinement of training methodologies and fostering greater 
trust in black-box AI solutions for real-world UAV applications.
Future work. Advancing UAV control in windy environments opens 
promising research directions. First, exploring more sophisticated sur-
rogate wind models could help capture real-world aerodynamic effects 
more accurately, thereby narrowing the sim-to-real gap (Olaz et al., 
2023). A natural next step involves deploying the trained policies on 
physical UAVs in outdoor windy environments, in order to evaluate 
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Fig. 9. Aggregated SHAP feature importance scores for different evalua-
tion scenarios: no-wind (top) and windy (bottom) conditions. Each column 
represents a different training setup, including the PPO baseline, stricter 
waypoint constraints (𝛿𝑡𝑟𝑎𝑖𝑛 = 0.1), and various wind domain randomisation 
configurations with or without wind information explicitly included in the 
state representation. The colour intensity indicates the relative importance of 
each feature in the agent’s decision-making process.

their actual robustness and generalisation capabilities. One practical 
option would be to use Pixhawk-based hardware, as it is supported 
via PX4 software-in-the-loop (SITL) within AirSim, enabling a smoother 
transition from simulation to real-world testing. Another important 
step lies in improving simulation environments. While AirSim has very 
accurate dynamics in our experiments, we found that it runs at ∼5 Hz, 
which produces slow training. Faster simulation suites would enable 
training more complex policies, such as low-level controllers, which 
require a higher volume of interactions to converge effectively (Song 
et al., 2021a; Kulkarni et al., 2023; Makoviychuk et al., 2021) 

Beyond this, an interesting direction involves transitioning towards 
visual navigation. This approach could not only simplify the required 
state representation and reduce sensor dependencies, but also expand 
the UAV’s perceptual capabilities — enhancing obstacle avoidance, en-
abling object recognition, and even supporting the tracking of moving 
12 
targets through onboard vision. In addition, it would be of high interest 
to explore ways to improve the robustness of the learned policies under 
degraded sensing conditions, such as noisy observations, delayed sensor 
inputs, or partial sensor failures, all of which are common challenges 
in real-world deployments. 
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Appendix A. Evaluation success rate and step — circle, rhombus, 
figure8, zig-zag

This appendix extends the outcomes detailed in Section 6 of the
manuscript. Specifically, we illustrate the success rate and the required 
number of steps for each individual trajectory shape (Circle, Rhombus,
Figure-8, and Zig-Zag), under both no-wind (Figs.  A.10 and A.12) and 
windy conditions (Figs.  A.11 and A.13). Note that these results are 
further divided across two evaluation aspects: different training setups 
(Figs.  A.10 and A.11) and alternative state representations (Figs.  A.12
and A.13). 

These disaggregated Figures complement the aggregate plots and ta-
bles in the main text, offering deeper insights into the agent’s behaviour 
across varied scenarios and multiple seeds. 

Data availability
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Fig. A.10. Success rate per trajectory (left) and steps (right) under no-wind scenarios for different training setups.
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Fig. A.11. Success rate per trajectory (left) and steps (right) under windy scenarios for different training setups.
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Fig. A.12. Success rate per trajectory (left) and steps (right) under no-wind scenarios for multiple state representations.
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Fig. A.13. Success rate per trajectory (left) and steps (right) under windy scenarios for multiple state representations.
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