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Abstract: This research presents a comprehensive approach for mitigating noise pollution
from Unmanned Aerial Vehicles (UAVs) in urban environment by using Reinforcement
Learning (RL) for flight path planning. Focusing on the city of Turin, Italy, the study
utilizes its diverse urban architecture to develop a detailed 3D occupancy grid map, and
a population density map. A dynamic noise source model adjusts noise emissions based
on the UAV velocity, while acoustic ray tracing simulates noise propagation in the en-
vironment. The Deep Deterministic Policy Gradient (DDPG) algorithm optimizes flight
paths, minimizing the noise impact, and balancing both the path length and the popula-
tion density located under the UAV path. The simulation results demonstrate significant
noise reduction, suggesting scalability and adaptability for global urban environments,
contributing to sustainable urban air mobility by addressing noise pollution.

Keywords: UAV; noise mitigation; reinforcement learning; path planning; DDPG; UAM;
acoustic ray tracing; drone noise; aerial robotics; sustainable drones; quiet drones; drones
and environment

1. Introduction

The advent of Unmanned Aerial Vehicles (UAVs) has revolutionized many sectors
including surveillance, search and rescue, delivery [1,2], environmental monitoring, etc. [3].
Urban Air Mobility (UAM) aims to utilize the urban airspace for efficient transportation
of goods and passengers, thereby reducing ground traffic congestion. However, public
acceptance of UAVs is hindered by concerns over privacy, safety, and noise pollution [4].
Addressing UAV noise is crucial for the successful implementation and acceptance of UAM
services. Mitigation strategies encompass structural modifications, such as sound-proofing,
the use of porous materials [5] and biologically inspired blade designs, as well as active
noise cancellation techniques [6] employing digital signal processing.

Optimizing UAV flight paths is another strategy for reducing the UAV noise impact.
One study utilizes the “iNoise” software to simulate and calculate noise, proposing flight
paths that minimize the noise impact [7]. Another study uses the A* algorithm to compute
various paths with different levels of “quietness”, overlaying a grid to designate obstacles
and “quiet zones” [8]. Agent-based modelling is employed in [9] to guide the UAV away
from noisy, heavily used paths. The work in [10] integrates Gaussian beam tracing and
the A* algorithm with a noise-based objective function to mitigate urban noise pollution
from UAVs. A method introduced in [11] leverages a noise assessment platform to generate
noise maps and uses an improved cost-based A* algorithm to find optimal UAV flight paths
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with minimal sound exposure. Additionally, authors in [12] exploit a simulated annealing
algorithm to balance noise reduction and energy efficiency, prioritizing noise abatement
in residential zones by incorporating noise sensitivity levels. This work focuses on the
development of a noise-aware UAV path planning strategy in urban environment by means
of a Reinforcement Learning (RL). This paper contributes to the development of sustainable
UAM by addressing the critical issue of noise pollution in populated environments, enhanc-
ing the potential for UAV operations to be publicly acceptable and regulatory compliant.
Section 2 describes the methodology employed in the study, divided into several key com-
ponents: creation of obstacles and population density maps for the study area, modelling
of the noise source, modeling of noise propagation using ray tracing, and development of a
RL-based approach for noise-aware UAV flight path planning. The implementation details
are presented in Section 3. In Section 4, the model is validated by means of simulation
results with maps unseen during training, and a discussion is proposed.

2. Noise-Aware UAV Path Planning in Urban Environment
2.1. Obstacles and Population Density Maps

Buildings’ location and dimension data is sourced from OpenStreetMap (OSM) for
constructing a 3D occupancy grid of Turin, Italy. The study area is defined within the
longitude range of [7.6039°, 7.708°] E, and the latitude range of [45.0386°, 45.1069°] N.
Building heights are randomly assigned values between 12 m and 18 m. The area was
represented by a 3D tensor, with each point indicating occupancy (1) or vacancy (0).
Population density data is obtained from Meta, filtered to match the coordinates of the
obstacles map. Figure 1 shows the satellite picture of the area as well as the obstacle map
and the population density map. Both the maps were subdivided into manageable maps,
each 200 x 200 cells, enabling consistent training and simulation. Each cell has a length

of 2 m.
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Figure 1. The geographical location of the area of study (Turin, Italy): (a) satellite image of the study
area; (b) obstacle map of the study area; (c) population density map of the study area.

2.2. Noise Source Modelling

A point-source spherical propagation model is employed to simulate the UAV noise.
This model simplifies calculations while remaining representative of established findings.
Although multi-rotor UAVs produce highly directional noise in their immediate vicinity,
it’s assumed that the noise propagates isotropically at the distances considered in this study.
Consequently, as the UAV traverse its routes, the noise pattern generated on the ground
does not distort when turning.

Typically, a constant noise source is assumed in such models; however, the noise levels
of the drone is correlated with its velocity, and since the RL agent can adapt its velocity, it
is beneficial to incorporate this variable into the noise model. Since Sound Pressure Level
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Noise Source Acoustic Rays

(SPL) at a distance of 1 m from the ‘DJI Inspire 2" quadrotor was measured at speeds of
5,10, and 20 km/h in [13], an exponential curve is fit to these data points. This results in
Ly = 60.24-exp(0.003379-v) which allows dynamic noise level adjustment based on UAV
velocity during flight. Ly denotes the source SPL (in dB), and v denotes the velocity (in
km/h). The apparently overly simplified drone’s noise model introduced by the relation
between Ly and v can be re-addressed quite easily in the future by interpolating data
resulting from extensive experimental results and/or introducing new parameters and
functions for the assessment of the impact of drone-generated noise on people based on
the operating conditions [14]. In the context of minimizing UAV noise impact, accurately
modelling noise propagation is critical. This process involves generating acoustic rays
emitted from a noise source, which are utilized in the ray tracing algorithm. The source
altitude is set to 40 m and direction vectors from the source to 46 predefined ground points
are computed and normalized to unit vectors, as illustrated in Figure 2.
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Figure 2. The noise source: (a) the acoustic rays emitted from the source at an altitude of 40 m;
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(b) collision points of the unobstructed rays on the ground. (c) Synthetic representation of the
scenario with buildings and the consequent reflection of acoustic rays.

2.3. Acoustic Ray Tracing

The ray tracing algorithm models UAV noise propagation considering geometric di-
vergence, atmospheric absorption, and reflections. The assumptions include homogeneous
medium properties such as temperature, pressure and relative humidity, linear propagation,
specular reflection, and negligible diffraction. The algorithm initializes arrays for each
ray, propagating them through the medium and updating their positions based on the
direction. Reflections off surfaces are assumed to follow the law of specular reflection,
where the angle of incidence equals the angle of reflection. The SPL attenuations due to
geometric divergence A, and atmospheric absorption A,y are aligned with ISO 9613-2
standards [15], and these attenuations are subtracted from the source SPL. The overall
SPL at a height of 2 m, Ly, is then computed by summing contributions from all the rays,
providing a comprehensive method for evaluating ground-level noise impact. Ag;,, Aatm,

L
and Ly are compued as Ay, = ZOlog(d%) + 11, Agi = #610, and Lo+ = 10log (ZIN 1010>.

In particular, d is the distance travelled from the source (in m), dy is the reference distance
(do = 1 m); L; is the attenuated SPL at the ground for each ray, and « is the coefficient of
atmospheric attenuation (in dB/km). Given a temperature of 10 degrees Celsius, Relative
Humidity (RH) of 70%, and assuming a nominal median frequency of 200 Hz (drones
typically operate between 100-300 Hz), the atmospheric absorption coefficient, «, is set
to 0.76 dB/km as per ISO 9613-2. The effect of wind on sound propagation is neglected
since it depends on frequencies and distances, and established models currently lack in the
literature [16]. This issue may be addressed in future works.
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2.4. Reinforcement Learning

RL is a paradigm of Machine Learning (ML) that trains an agent to accomplish tasks
in uncertain environments. At each discrete time step, the agent receives observations and
rewards from the environment, and sends actions back. The reward provides immediate
feedback on the success of the agent’s previous action relative to the task’s goal. An RL
agent consists of two main components: a policy and a learning algorithm. The policy
maps current environment observations to a probability distribution over possible actions,
implemented by a function approximator with tuneable parameters. The learning algorithm
continuously updates the policy parameters based on the agent’s actions, observations,
and received rewards. RL is typically modelled as a Markov Decision Process (MDP).
The primary objective of the agent is to maximize the return, G, which is defined as the
expected sum of the discounted future rewards: G(t) = E [2;0:0 'ykRHkH] ; where 7 is the
discount factor, and R is the reward. The agent gradually updates its policy, 7, towards
the optimal policy, 7t*, via action-value methods or policy gradient methods, which are the
two principal approaches. The detriment of sample efficiency of policy-based approaches
can be improved by combination with value-based methods. For this reason, the DDPG
algorithm [17] has been implemented in this work.

2.5. Deep Deterministic Policy Gradient (DDPG)

The DDPG algorithm is a model-free, off-policy RL method that concurrently learns a
Q-function and a policy, optimizing both using off-policy data and the Bellman equation.
DDPG utilizes an actor and a critic. The actor represents a deterministic policy that maps
states to actions, and the critic evaluates the action-value function.

During training, the agent stores past experiences in a replay buffer, and mini-batches
of experiences are sampled from this buffer to update the critic by minimizing the mean
squared error between the predicted and target Q-values. The actor is updated using the
policy gradient, which involves calculating the gradient of the Q-value with respect to the
action, and adjusting the policy parameters to increase the expected return. The DDPG
algorithm maintains four function approximators to estimate the policy and the value
functions: Actor 77(S; 0) takes observation S as input and returns the corresponding action
that maximizes the long-term reward; Critic Q(S, A; ¢) takes observation S and action A as
inputs, and returns the expected long-term reward; Target Actor 71;(S; 6;) and Target Critic
Q:(S, A; ¢¢) are both periodically updated using the latest actor and critic parameters (6
and ¢) to maintain stability.

DDPG trains a deterministic policy using an off-policy approach. Since the pol-
icy is deterministic, on-policy exploration at the start may not cover a sufficiently di-
verse range of actions to obtain useful learning signals. To enhance exploration, noise is
added to actions during training using the Ornstein-Uhlenbeck noise model. The noise
scale can be reduced over the course of training using a decaying factor to balance the
exploration-exploitation tradeoff. The noise value v(f) at each time step t is updated
aso(t + 1) = v(t) + Meana-(Mean — v(t))-T + std(t)-N'(0,1)- /T, the standard deviation
decays at each time step as std(t + 1) = std(t)-(1 — Decay Rate). Mean, is the mean at-
traction constant which specifies how quickly the noise model output is attracted to the
mean, Mean is the mean of the noise value, std is the standard deviation, T is the sampling
time and NV (0, 1) represents a normal random variable.

3. Implementing the RL Framework

The MATLAB'’s 2024 Deep Learning and Reinforcement Learning Toolboxes facilitated
the development, training, and testing of the DDPG agent in a structured environment.
The training setup involves configuring the environment, and initializing both the actor
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and the critic neural networks. Some of the main hyperparameters meticulously tuned
to optimize the training process are reported in Table 1. Also, Mean,. = 0.15, Mean = 0,
std = 0.85, and Decay Rate = 10~%. The Adam algorithm is used for optimization, with
gradient clipping to mitigate the exploding gradient problem.

Table 1. Key tuned hyperparameters associated with the algorithm, and the scaling factors of the
reward function of the RL model.

Hyperparameter Value
Mini batch size 128
DDPG Algorithm Discount factor y 0.99
Smoothing factor t 103
Learning rate « 10-°
Actor/Critic Number of hidden layers 3
Number of nodes in each hidden layer 256
Reward Function A, Ao, Az, Ay, As, Ag 0.02,0.07,0.43,0.01,0.47,1

During training, a random obstacle and a population density map are selected at
the beginning of each episode, and the agent’s starting and target positions are specified
randomly. Training proceeds with the episode termination condition being either the agent
reaching the target within a radius of 2 m or exhausting the maximum number of episode
steps (280). The agent is trained until converging to the optimal policy by monitoring the
learning curves.

3.1. State Representation and Action Space

The state representation is a critical component in the RL approach, providing a
detailed snapshot of the drone’s current situation to the neural network. The state is
represented as a 24-dimensional vector, encapsulating various features of the drone and
its environment such as: cartesian coordinates of the drone and the target in the XY plane,
distance from the drone to the target, orientation of the target with respect to the drone
represented as an angle in the XY plane, population density at the drone’s current location,
mean population density across two sub grids (15 x 15 and 51 x 51 cells) centred on the
drone, orientation of the maximum population density in the sub grid with respect to the
drone, overall SPL value on the ground, distances and orientations of the three closest
and three furthest obstacles. To ensure stability during training, each of these values is
normalized to the range [0, 1]. Normalizing input features ensures balanced gradients, and
improves the generalization capability of the RL agent.

The agent operates within a fixed height airspace, navigating in any direction across
the continuous XY plane. The sampling time, T, for the agent is set to 0.3 s, balancing
decision frequency and computational efficiency. The range of movement at each time
step, calibrated to match the maximum velocity of commercial drones (approximately
101 km/h), is set to 6 m for both X and Y directions.

3.2. Reward Function

The reward function plays a pivotal role in achieving the desired behavior from the
model. It is crucial to set the components of the reward function to guide it towards
achieving optimal path and policy. At any timestep, if the episode terminates (the agent
reaches the target), a reward of 2 is given. Otherwise, the reward is calculated by the
weighted sum of the following terms, which are all individually normalized in the range of
[0, —1]:
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Flight Paths
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e  Idle penalty P4, (t): penalizes the drone for remaining stationary. A penalty of —1 is
applied if the drone’s position has not changed in between timesteps.

e  Distance penalty Ppjssance(t): encourages the drone to reduce the distance to the target.
The penalty is based on the change in Euclidean distance to the target.

e  Population density penalty Pppsiry (t): discourages navigation through high-density
areas. A penalty of —1 is applied if the population density increases from the previous
timestep; otherwise, a smaller penalty of —0.1 is applied.

e  Noise penalty Ppy;s(t): penalizes high noise levels. If the SPL exceeds the threshold
(maximum possible SPL on the ground), a penalty of —1 is applied. Below the
threshold, the penalty decreases exponentially to 0 as the SPL decreases to 0.

e  Cumulative noise penalty Pcy, Noise(t): encourages lower cumulative noise and,
indirectly, shorter flight time. The penalty increases based on the cumulative noise up
to the current timestep.

e  Smoothness penalty Ps,, 0, (t): prevents erratic behaviour and encourages smooth
navigation. The penalty is based on the angular difference in the movement vector
between consecutive timesteps.

The total reward at each timestep, R(t), is calculated as R(f) = AqPp,(t) +
/\ZPDist{mce(t) + /\3PDensity(t) + /\4PNoise(t) + )‘SPCumu_noise(t) + A6 Psmooth (t)r where A is the
scaling factor.

4. Results and Discussion

In order to validate the accuracy of the agent’s learned policy, the trained agent
is tested on a map different from the testing dataset. To compare its performance, this
trajectory is compared with the direct path to the target and the optimal path found from the
A* algorithm. The heuristic function in the A* algorithm is configured to account for both
distance (40%) and population density (60%). Since the noise model is velocity-dependent,
defining a velocity for the alternative methods is essential to evaluate their noise impact
accurately. For a fair comparison, the average velocity of the RL path is used as a constant
velocity along the entire path computed by the other methods. The flight paths are depicted
in Figure 3, and the results are tabulated in Table 2.

Velocity distribution along the Trajectory (RL)
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Figure 3. (a) Flight paths for the RL, A* and direct paths. (b)Velocity distribution along the RL flight
path. (c) Heat Map of the SPL distribution along the RL path.

The RL agent follows a trajectory of 356.2 m, which is 6.98% and 6.02% longer than
the direct and the A* paths, respectively. Despite its longer path, the RL agent achieves
the lowest SPL per unit length, indicating a prioritization of noise reduction over travel
efficiency. The RL agent records the lowest minimum SPL level among the paths at 44.76 dB.
This ~2.7 dB reduction demonstrates the agent’s ability to effectively reduce noise in
specific segments of its path, which is valuable for noise-sensitive environments. However,
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the RL agent’s maximum SPL is the highest at 56.13 dB. This suggests that the agent
dynamically adjusts its speed, accelerating in less sensitive areas and slowing down in
noise-sensitive ones, balancing time and noise constraints. The total SPL for the RL agent
is the highest at 17,652.2 dB, reflecting its longer path. Nonetheless, the RL agent excels
in noise management with the lowest SPL per unit length at 49.55 dB/m, indicating an
efficient noise distribution along its trajectory. The SPL distribution along the flight paths
and the noise impact in the environment for the 3 methods are shown in Figure 4.

Table 2. Performance metrics of the test for the 3 methods along with the comparison of the RL
model’s performance with respect to both the A* and the direct paths.

Path Path Average Minimum Maximum Total SPL per Unit
Length (m)  Velocity (km/h) SPL (dB) SPL (dB) SPL (dB) Length (dB)
Direct 332.97 84.04 47.89 52.87 16,782.8 50.41
A* 335.99 84.04 47.47 52.8 16,974.2 50.52
RL 356.2 84.04 44.76 56.13 17,652.2 49.55
RL vs. Direct 6.98% 0% —6.54% 6.17% 5.18% —1.71%
RLvs. A* 6.02% 0% —6.02% 6.31% 5.11% ~1.92%
SPL distribution along the Trajectory (RL) o SPL distribution along the Trajectory (A*) - SPL distribution along the Trajectory (Direct Path)

0 40 80 120 160 200
Path Length [m]

(a)
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Figure 4. (a) SPL distribution along the RL path; (b) SPL distribution along the A* path; (c) SPL
distribution along the direct path; (d) Top view of noise impact in the environment for RL path;
(e) Top view of noise impact in the environment for A* path; (f) Top view of noise impact in the

environment for direct path.

The comparative analysis reveals that while the RL model generates a longer path and
higher overall noise levels, it minimizes SPL per unit length and achieves lower minimum
SPL values. The increased path length suggests a deliberate trade-off to prioritize noise
reduction. The higher maximum SPL indicates occasional noise peaks due to dynamic
velocity adjustments. These findings highlight the RL model’s potential for minimizing
noise pollution in noise-sensitive environments, despite not always producing the shortest
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or fastest path. To rigorously evaluate the generalization capability of the RL model, 20 tests
were conducted on ten different maps, each featuring random start and target locations.
The statistical analysis, presented as the median and Standard Deviation (Std) values for
each performance metric are reported in the Table 3. The validation results confirm that the
RL model demonstrates strong generalization capability as well as accuracy across diverse
map layouts.

Table 3. Median and standard deviations of the performance metrics for the 3 methods.

Path Path Length Minimum SPL Maximum SPL Total SPL per Unit
(m) (dB) (dB) SPL (dB) Length (dB)

Median Std  Median Std  Median Std Median Std Median Std

Direct 295.44 1221 47.89 3.82 53.19 2.58 14,925.4 6446 52.9 291

A* 336 128.28 4747 3.65 54.19 2.7 16,588.8  6794.9 52.78 2.73

RL 333.18 138.8 45.57 3.88 56.61 1.91 17,6254  7363.5 51.77 2.97

RL vs. Direct 12.78% 13.68% —4.84% 1.68% 6.44%  —2597% 18.09% 14.2% —2.14% 2.13%
RL vs. A* —0.8% 82%  —4.01% 624%  449%  —29.26% 6.25% 8.37% —1.92%  8.84%
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