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Abstract

Unmanned Aerial Vehicles (UAVs) have emerged as vital components in appli-
cations such as urban mobility, surveillance, and logistics. However, achieving
safe and efficient navigation in cluttered and dynamic environments remains
a significant challenge. This study proposes a Deep Reinforcement Learning
(DRL) framework based on the Proximal Policy Optimization (PPO) algorithm
to enable multiple UAVs to autonomously navigate complex urban environments
while avoiding collisions and reaching designated targets. Unlike traditional
model-based control approaches, the proposed PPO-driven system learns opti-
mal navigation strategies through continuous interaction with the environment.
It dynamically adapts to both static and moving obstacles—including other
UAVs—ensuring responsive and collision-free operation in real time.
Comprehensive simulations conducted in both 2D and 3D urban environments
demonstrate that the trained agents achieve robust performance in single- and
multi-UAV scenarios. The UAVs exhibit effective cooperation, generalize well to
unseen environments, and maintain safe separation during flight. The results con-
firm that the DRL-based framework provides a scalable and intelligent solution
for autonomous UAV navigation, offering a viable pathway toward real-world
deployment in smart city and aerial traffic management systems.

Keywords: Unmanned Aerial Vehicle (UAV), Deep Reinforcement Learning(DRL),
Proximal Policy Optimization(PPO), 2D/3D-Environment, Model based control



1 Introduction

Unmanned Aerial Vehicles (UAVs), also known as drones, have evolved from mili-
tary tools into vital assets in civilian sectors, including logistics, agriculture, disaster
response, and surveillance [1, 2]. The rapid expansion of UAV applications in urban
mobility, surveillance, and logistics has underscored the need for robust and intelli-
gent navigation systems that can operate in dynamic, obstacle-rich environments. My
academic background in electronics design and technology, combined with a strong
interest in autonomous systems and control algorithms, addresses the challenges of
UAV navigation and coordination in complex scenarios. Advances in sensors, embed-
ded systems, and communication technologies have made UAVs more capable and
accessible [3]. With the growing deployment of UAV in complex environments, such
as urban landscapes or disaster zones, autonomy has become a critical focus in UAV
research [4].

Autonomous navigation requires UAVs to plan and follow safe trajectories while
avoiding collisions in dynamic, obstacle-rich environments, as illustrated in Fig. 1.
Multi-UAV systems offer scalability and fault tolerance, enabling missions to be dis-
tributed across multiple agents [5]. However, they also introduce challenges such as
real-time coordination, collision avoidance, and communication under uncertainty [6].
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Fig. 1 Illustration of UAVs Navigation in 3D Environment

Traditional control strategies, such as Model Predictive Control (MPC), have
shown strong results in structured settings but struggle with adaptability, real-time
computation, and scalability in dynamic or multi-agent scenarios [5, 6]. Recent lit-
erature has highlighted the potential of Deep Reinforcement Learning (DRL) as a
model-free solution that learns directly from environmental feedback [7, 8], as shown
in Fig. 2. Algorithms such as Proximal Policy Optimization (PPO) have demonstrated
success in enabling robust and adaptive UAV navigation [9, 10]. For example, Qi et
al. [9] showed how PPO can improve UAV path planning, and Pan et al. [10] applied
PPO for tracking moving targets in cluttered environments.

The evolution of autonomous navigation for Unmanned Aerial Vehicles (UAVs)
has been driven by the increasing demand for robust and adaptable systems that can
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Fig. 2 Reinforcement Learning

operate in complex, dynamic environments. Early research in UAV navigation relied
heavily on traditional control methods such as Model Predictive Control (MPC), which
excels in structured, static settings due to its ability to handle system constraints
and predict future states [1] [5]. However, as highlighted in my own prior work and
by researchers such as Saccani et al. [5], MPC-based approaches encounter signifi-
cant limitations in dynamic, obstacle-rich, or multi-agent scenarios, struggling with
real-time adaptability, high computational overhead, and a dependency on accurate
environmental models. My personal experience with MPC-based UAV path following
confirmed these challenges: while MPC performed well in structured environments and
at lower speeds, its effectiveness diminished as UAV speed increased and when obsta-
cles were introduced, particularly when multiple UAVs needed to coordinate in shared
airspace. These limitations motivated the exploration of more flexible, learning-based
control strategies.

The objective is to develop and evaluate a deep reinforcement learning frame-
work based on Proximal Policy Optimization (PPO) that enables multiple UAVs to
autonomously and efficiently navigate complex 2D and 3D environments, avoid colli-
sions, and coordinate in real-time for safe and scalable urban operations. This work
builds on these advances by exploring PPO-based DRL to enable multiple UAVs to
learn safe, coordinated navigation in complex 2D and 3D environments.

2 RELATED WORK

Several previous studies have explored user association strategies in UAV-assisted net-
works, emphasizing the improvement of connectivity and the avoidance of collisions.
For example, the authors in [11] proposed a mechanism that allows UAV to dynami-
cally associate with ground user equipment (UEs) and adjust their flight coordinates to
maximize downlink (DL) throughput in multi-UAV scenarios. Similarly, [12] addressed
a joint optimization problem involving both UE-UAV association and UAV position-
ing to enhance communication efficiency. However, the methods proposed in these
studies do not fully account for the interference and collision avoidance challenges that
arise in full-duplex (FD) multi-UAV environments. In such settings, UAVs must coor-
dinate their flight trajectories and communication links to prevent aerial collisions and
minimize mutual interference. Therefore, it becomes essential to develop efficient algo-
rithms that jointly optimize decoupled UL/DL associations, UAV trajectory design,
and collision avoidance mechanisms in FD multi-UAV networks.



Given the high maneuverability of UAVs, the communication distance between
UAVs and UEs can be kept sufficiently short to enable reliable in-band FD communi-
cation. Accordingly, both UEs and BSs (including macro base stations and UAVs) are
assumed to operate in FD mode for efficient spectrum reuse [13]. For instance, as illus-
trated in Fig. 3, a UE and its associated UAV can perform simultaneous UL and DL
transmissions on distinct frequency channels, while UAV trajectories are dynamically
adjusted to maintain safe separation distances and prevent mid-air collisions.

Fig. 3 A graphical illustration for DL-UL decoupling association in an FD wireless network consist-
ing of one MBS and multiple UAVs.

Recent advances in reinforcement learning (RL) and, more specifically, deep rein-
forcement learning (DRL), have opened new avenues for autonomous UAV navigation
[6][7][8]. Unlike MPC, DRL does not require explicit models of the environment;
instead, UAVs learn optimal navigation strategies through trial and error, guided by
carefully designed reward functions. This model-free approach is especially attractive
for multi-UAV systems, where coordination and collision avoidance are paramount.
Several studies have demonstrated the effectiveness of DRL in UAV path planning
and multi-agent coordination. For instance, Chen and Hossain [6] showed that multi-
agent DRL can manage joint user association and trajectory design in UAV networks,
enabling real-time decision-making even as environmental conditions change. Peng et
al. In [7], the exploration of DRL-based path planning for UAV-assisted edge comput-
ing highlighted the method’s adaptability and robustness in dynamic settings. Zheng
et al. [8] demonstrated that multi-layer reinforcement learning can improve scalability
and adaptability compared to traditional methods. Other researchers, such as Gu et al.
[2], have also contributed by proposing stepwise DQN algorithms that enhance UAV
path planning in complex, crowded environments, further illustrating the versatility
of DRL in addressing the challenges of modern UAV operations.

Within the DRL landscape, the Proximal Policy Optimization (PPO) algorithm
has emerged as a particularly effective choice for UAV navigation tasks [9][10][14].



PPO is known for its training stability and efficiency, especially in continuous con-
trol problems, such as UAV flight. Recent works, such as those by Qi et al. In [9]
have further improved PPO for UAV path planning, achieving better convergence and
robustness in complex environments. Additionally, Pan and Wang [10] developed a
PPO-based maneuvering target tracking method for UAVs in urban environments,
demonstrating the algorithm’s ability to handle dynamic targets and obstacles. Fer-
nando et al. [14] proposed a scalable, decentralized RL framework using recurrent PPO
for UAV target localization, showcasing the potential for real-world deployment in per-
ceptually degraded environments. The advantages of DRL over MPC are numerous:
DRL’s adaptability, scalability, and ability to support autonomous learning make it
well-suited for modern UAV navigation and coordination tasks, especially in scenarios
involving multiple UAVs and complex environments [1][4][15].

Despite these advances, DRL-based approaches are not without their challenges.
Training can be computationally intensive, and the performance of learned policies is
highly sensitive to the design of the reward function [16][17]. Sample inefficiency and
the need for careful hyperparameter tuning can also pose practical hurdles [18][19].
However, ongoing research continues to address these issues, improving the robustness
and real-world applicability of DRL for autonomous UAV systems. For example, recent
work by Zhang et al. [4] proposed an efficient RL-based cooperative navigation algo-
rithm that addresses sparse reward problems and enhances training efficiency through
staged-tuning and prioritized experience replay strategies. Similarly, Zeng et al. [3]
introduced coverage-aware navigation algorithms leveraging DRL and radio mapping,
demonstrating improved learning efficiency and adaptability in urban environments.
These innovations highlight the dynamic nature of the field and the ongoing efforts to
bridge the gap between theoretical advancements and practical deployment.

The work builds on these developments by focusing on the practical implementation
and evaluation of PPO-based DRL for multi-UAV systems in challenging environ-
ments. By leveraging PPO, I aim to enable UAVs to autonomously navigate, avoid
collisions, and coordinate in shared 3D environments, thereby overcoming the limita-
tions encountered with MPC. The results from simulation experiments demonstrate
that, after sufficient training, UAVs can dynamically adapt their trajectories, avoid
obstacles, and efficiently reach their targets, even in complex urban-like settings with
multiple static and dynamic obstacles [1][4]. These findings are supported by the
broader literature, which consistently demonstrates the advantages of DRL over tra-
ditional control methods in scenarios requiring real-time adaptability, multi-agent
coordination, and robust collision avoidance [6].

3 Motivation

The increasing use of UAVs in urban mobility, surveillance, and logistics demands
intelligent navigation systems capable of real-time collision avoidance and coordina-
tion in dynamic, obstacle-rich environments. Traditional approaches, such as Model
Predictive Control (MPC), struggle with adaptability and scalability in such settings
[1, 4].



To address these challenges, this work employs Deep Reinforcement Learning
(DRL) with Proximal Policy Optimization (PPO), which is chosen for its stability
and effectiveness in continuous multi-agent scenarios. Recent studies have demon-
strated PPO’s superior performance in UAV path planning, target tracking, and
energy-efficient navigation compared to conventional methods [2—4].

To overcome these limitations, I turned to Deep Reinforcement Learning
(DRL), which offers a model-free, learning-based framework that enables UAVs to
autonomously learn optimal navigation strategies through continuous interaction with
their environment. Among the DRL algorithms, Proximal Policy Optimization (PPO)
was selected for its training stability, efficient handling of continuous action spaces,
and practical balance between performance and complexity. Recent research by Qi et
al. demonstrated the effectiveness of PPO-based algorithms for UAV path planning
in complex environments, with improved convergence and robustness compared to
traditional methods|[2]. Similarly, Pan and Wang showed that PPO-based approaches
can achieve high success rates in maneuvering, target tracking, and obstacle avoid-
ance in urban environments[3]. Chikhaoui et al. further highlighted the advantages of
PPO-based DRL in energy-efficient navigation and collision avoidance in 3D urban
spaces|4].

The primary contribution of this project is the development and evaluation of
a multi-agent DRL framework based on PPO, specifically tailored for trajectory
optimization in obstacle-rich, dynamic 3D environments. The framework enables real-
time collision avoidance, coordinated multi-UAV navigation, and energy-efficient path
planning, addressing the limitations of centralized MPC approaches. By integrating
advanced reward shaping, network architectures, and experience replay strategies, the
proposed system achieves robust generalization and scalability. This work bridges the
gap between traditional control methods and modern DRL, demonstrating the prac-
tical effectiveness of PPO-based DRL for multi-UAV systems. The novelty lies in the
seamless integration of continuous control, multi-agent coordination, and dynamic
obstacle handling within a unified learning framework, paving the way for safer, more
intelligent, and scalable autonomous aerial operations in urban landscapes. This work
bridges the gap between traditional control and modern DRL, showcasing the practical
effectiveness of PPO-based approaches for safe, scalable UAV operations in complex
urban scenarios.

4 Methodology

The work implements a methodology adopted to address the problem of UAV trajec-
tory optimization, with an emphasis on collision avoidance and real-time adaptability.
The proposed solution leverages a Deep Reinforcement Learning (DRL) framework
using the Prozimal Policy Optimization (PPO) algorithm. PPO is selected for its
balance between training stability and policy improvement efficiency.

4.1 Proximal Policy Optimization (PPO)

Proximal Policy Optimization (PPO) is a reinforcement learning algorithm that trains
an agent to make decisions by updating its policy. It is a policy gradient method that



improves stability by limiting the size of policy updates using a ”clipped” objective
function, which prevents the new policy from deviating too drastically from the old
one. This makes the learning process more reliable, simpler to implement, and more
sample-efficient than standard policy gradient methods; the architecture of the PPO
is presented in Fig. 4.
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Fig. 4 Proximal Policy Optimization (PPO) architecture

The core algorithm utilized in this work is PPO, a popular and efficient DRL
algorithm. The PPO addresses the instability issues associated with earlier policy
gradient methods by incorporating a clipping mechanism that restricts the magnitude
of policy updates. This approach prevents sudden and drastic changes in the learned
policy, ensuring smoother and more stable convergence toward an optimal solution.

DRL, especially Proximal Policy Optimization (PPO), allows agents to learn
optimal policies directly from their interactions with the environment, making it
well-suited for navigation and collision avoidance [8].

PPO is particularly suitable for tasks involving navigation and obstacle avoidance,
as it allows agents (in this case, UAVSs) to learn directly through interaction with the
environment. By continually exploring and exploiting the state-action space, the agent
gradually improves its decision-making strategy. The learning framework is based on
the actor-critic method, where the actor network is responsible for determining the
actions to take, while the critic network evaluates the outcomes of these actions by
estimating a value function. The continuous interplay between these networks refines
the agent’s policy iteratively.

The UAV is modeled as an autonomous agent navigating a two-dimensional envi-
ronment filled with obstacles. The goal is to reach a specified target location from a
predefined source while minimizing collision risk. The reinforcement learning environ-
ment is defined by three key components: the state space, the action space, and the
reward function.

4.1.1 State Space

The state of the UAV is defined by its normalized current position and its relative
position with respect to the target. Specifically, the state vector includes the difference
between the UAV’s coordinates and the target’s coordinates, as well as the UAV’s own



normalized position. The normalization process scales the values to a range between -1
and 1, which stabilizes the learning process by ensuring that the neural network input
remains within a manageable range. This normalized state vector is expressed as:

_ Pz — Ptarget,z Py — Ptarget,y Pz Dy
50 ’ 50 507 50

S

where:

Pz, Py: Current position of the UAV.

Dtarget,z» Prarget,y: Larget position coordinates.

The normalization ensures that all inputs are bounded between —1 and 1. [1]]20]

4.1.2 Action Space

The actions taken by the UAV consist of displacements along the x-axis and y-axis.
These displacements are bounded to ensure feasible and safe movements within the
environment. The actor network outputs the parameters of a Gaussian distribution
(mean and standard deviation), from which the actual movement vector is sampled.
This probabilistic action selection enables the UAV to explore various strategies during
training, which is crucial for learning robust navigation behaviors [4, 21].

4.1.3 Reward Function

The reward function is designed to incentivize progress toward the target while penal-
izing collisions and aimless wandering. The primary component of the reward is the
negative Euclidean distance between the UAV and the target, which encourages the
agent to reduce this distance. A bonus reward is provided when the UAV reaches close
proximity to the target (within a defined threshold), and a large penalty is imposed
for any collision with obstacles. The reward function is mathematically formulated as:

R =—-d+30-I(d < 1.5) — 200 - I(collision)
where d is the Euclidean distance between the UAV and the target, and I denotes
an indicator function that returns 1 if the condition is true and 0 otherwise [4, 22].

4.1.4 Distance Calculation

The distance to the target is calculated using the Fuclidean norm, given by:

d= Hpcurrent - ptarget”
where:
Pecurrent: UAV’s current position.
Ptarget: Larget position.
I - |: Euclidean norm.



4.1.5 Algorithmic workflow

Algorithm 1: PPO-Based Multi-UAV Navigation with 3D Obstacles

Input: Number of episodes Nepisode, maximum steps Ngtep, SoUrce position
Ssrc, target positions {7;} for each UAV, environment boundaries and
building definitions

Output: Trained actor and critic networks, reward history, UAV trajectories,

and return paths

Initialize actor and critic network parameters;
Initialize PPO agent and memory buffer;

for each episode do

for each UAV do

Set initial position and initialize trajectory;
for each target do

for each step do

Construct state vector;

Sample action and update position;
Handle collisions and target reaching;
Compute and store reward;

Append position to trajectory;

if target reached then
L break

| Return to source and store trajectory;

Update PPO agent using collected experiences;
| Store episode reward and print progress periodically;

4.2 Actor-Critic Framework

The actor-critic architecture is central to the PPO algorithm. The actor network
outputs the parameters of a probability distribution (typically Gaussian) over the
action space. From this distribution, the UAV samples its next move. This probabilistic
action selection mechanism promotes sufficient exploration during the early training
phases[20].

The critic network, on the other hand, estimates the value function, which predicts
the expected return from a given state. By comparing the actual returns to these
estimates, the algorithm determines whether the actions taken were better or worse
than expected [1, 4].

4.2.1 Policy Output (Actor Network)

The policy (actor network) must output actions for the agent to explore the envi-
ronment. Instead of deterministic actions, we use a probabilistic approach to allow
for exploration during training. This helps the agent learn better in dynamic and
uncertain environments.



The actor network outputs a Gaussian policy for sampling actions:
a~ N(u(s),o(s))

where:

u(s): Mean action predicted by the actor network.

o(s): Standard deviation that controls exploration by the spread of possible actions
predicted by the actor network.

a: The sampled action from the policy.

4.2.2 Critic Value Estimation

The critic network estimates the value of a state s , representing its expected return,
given by:
V(S) - fcritic(s)

where feitic i the function implemented by the critic neural network.

4.3 Discounted Return (G)

To account for future rewards, the algorithm computes a discounted return at each
time step. This is given by the recursive formula:

Gy =1 +7G

Where G; is the return at the time step t, r; is the reward received, and = is
the discount factor, typically between 0.9 and 0.99, which controls the importance of
future rewards [1, 4].

4.4 Training Process

4.4.1 Environment Simulation

The simulated environment includes a 2D/3D space with randomized obstacles and
targets. Each episode begins with the UAV at a fixed source location, and it must reach
the target location while avoiding these obstacles. The dynamic nature of obstacle
placement encourages generalization in the learned policy.

4.4.2 Action Sampling

At each time step, the actor network outputs the parameters of a Gaussian distribu-
tion. The UAV samples its next action from this distribution, introducing stochasticity
and enabling exploration.

Pnew = Pcurrent + @

4.4.3 Advantage Estimation

The advantage function measures how much better an action is performed compared
to the expected baseline. It is computed as:

10



At = Gt — V(St)
A positive advantage indicates that the action was beneficial and should be rein-

forced, whereas a negative value suggests that the action was suboptimal, as shown in
Fig. 5.
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Fig. 5 restricted range of objective function

where:

A;: Advantage at time step t.

G¢: Discounted return/reward at time step ¢.

V(s¢): Value of the state s; estimated by the critic.

If A > 0, the action was better than expected, and the policy should be reinforced.
If A < 0, the action was worse than expected, and the policy should be suppressed.

4.4.4 Gradient Clipping

To prevent large updates during backpropagation, gradient clipping is employed. When
the computed gradient exceeds a defined threshold, it is clipped to remain within
bounds|9, 23]

grad jippeq = clip(grad, —max norm, max_norm)

This technique stabilizes training, especially in environments with sparse or erratic
rewards.

4.4.5 Loss Functions

The actor loss is formulated to encourage advantageous actions while penalizing abrupt
policy updates. PPO uses a clipped objective function:

L2%" = —E [min (¢ Ay, clip(r, 1 — €, 1 + €) A4)]

where:
r, — _latlst)
t Wold(at|5t)

a small constant (typically 0.2) that defines the clipping range. Additionally, A; is the
advantage at time step ¢.

is the probability ratio of the new policy to the old policy, and € is

11



The critical loss is defined as the mean squared error between the predicted and
actual returns. The critic network estimates the value of each state. The critic’s objec-
tive is to minimize the error between the predicted value and the actual discounted
reward [24, 25].

N
s 1
Lcrltlc — N 2 (V(St) _ Gt)2
t=1

This loss drives the critic to improve its predictions, thereby enhancing the
accuracy of advantage estimation.

where

N: Number of time steps in the episode.

V(s¢): Value of state s;.

Gy: Discounted return at time .

4.4.6 Gradient Clipping

To ensure stability during training, gradients are clipped to prevent excessively large
updates:
Vo « clip(Vo, 0, ) (1)

4.4.7 Policy Updates

Here, both the actor and critic networks are updated using their respective loss func-
tions via the Adam optimizer. This optimization process is carried out iteratively over
multiple episodes.

4.4.8 Performance Evaluation

The effectiveness of the trained policy is evaluated over multiple episodes by analyzing
key metrics such as reward convergence, the efficiency of trajectories, and the rate
of successful obstacle avoidance. Visualization of the UAV’s path is used to assess
whether the UAV is able to consistently navigate around obstacles and reach the target
location.

4.5 UAV Dynamics Integration

In the earlier version, UAVs were controlled using direct positional changes in the
form of [Az, Ay, Az]. However, although this approach was effective for basic path
planning and collision avoidance, it did not accurately reflect how real UAVs move in
physical space. To bridge this gap and make the simulation more realistic, we extended
our model to include basic UAV flight dynamics using four essential control inputs:
thrust, pitch, roll, and yaw rate. The UAV’s motion is influenced by both its linear
and angular control inputs. In the dynamic model, it can be considered as follows:

Thrust (T): Controls vertical lift or descent.

Pitch (0): Tilts the UAV forward or backward, affecting motion along the x-axis.
Roll (¢): Tilts the UAV sideways, influencing motion along the y-axis.

Yaw rate (¢): Changes the heading angle, affecting the direction.

12



¢ Control Parameters: Thrust ("), pitch (), roll (¢), and yaw rate (¢).

¢ Kinematic Model:
a; =T'sind, a,=Tsing

a, =T cosfcosp—g
v v+ aAt
p < p+ VAt

where g is gravitational acceleration.

The state of the UAV is represented as:

s = [xa% Z, %,vywzﬂ/’]

where (z,y, z) is the current position, (vs,vy,v.) are the velocities along each axis,
and 9 is the yaw (heading) angle.

Given an action a = [T, 0, ¢, 1/)], the UAV’s position and velocity are updated using
the following simplified equations:

Prp1 = + 0 At

a; =T -sin(f)

ay =T - sin(¢)

a, =T -cos(8) - cos(¢p) — g

Vg = Uy + ag - At

Vy = Uy + ay - At

v, = v, +a, - At

T=x+v, At
y+ vy At
z=z+v, At

Here, g is the gravitational constant (9.81 m/ 82) and At is the simulation time step.

5 Results and Discussions

5.1 UAYV Collision Avoidance in 2-D Environment

A single UAV was tasked with navigating from the source [0, 0] to the target [50, 50]
in a 2D environment with ten rectangular obstacles, as listed in Table I. Using PPO,
the UAV successfully avoided all obstacles and reached the target, which is also listed
in Table II, as shown in Fig. 6. The reward convergence plot in Fig. 7 demonstrates
effective learning.

5.2 Multi-UAV Collision Avoidance in 3-D Environment

The following diagram illustrates a 3D environment containing seven buildings with
varying positions, heights, and widths, along with a base station and four target points.
Two UAVs are required to navigate from the source to their assigned targets. Each

13



Table 1 Buildings
positions and width

[(x,y positions) , (width)]
(2,42) , (4,5)
(5,13) , (3,3)
(7,14) , (3,3)
(17,45) , (4,4)
(22,38) , (2,2)
(20,12), (3,3)
(25,27), (2,2)
(29,7), (2,2)
(32,0), (5,5)
[(40,10), (2,2)]

Table 2 Target Positions

Source [x,y,z] | Target [x,y,z]
UAV [0,0] [50,50]

UAV Flight Trajectory

a0q

== Obstacie

B e oo
] = oostacie
I Obstacle
= Onzracie
. Obstacle
= Onstacie

— UAV Path

0 10 20 £l 40 50

Fig. 6 UAV Trajectory of 2D Environment

UAV is assigned two targets and will travel through the city, first reaching its first
target and then proceeding to the second, while avoiding the buildings. This navi-
gation is achieved using the Proximal Policy Optimization (PPO) algorithm, a deep
reinforcement learning technique.

In this, the stars represent the first targets, and the cross-signs represent the second
targets for both UAVs. The red-colored symbols indicate the first target (star) and
the second target (cross) for UAV1, while the purple-colored symbols indicate the first
target (star) and the second target (cross) for UAV2.

14
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Fig. 7 Reward Convergence Plot of 2D Environment

5.2.1 Simulation Environment

Two UAVs began their flight from the source position [25, 25, 5], avoiding the buildings
considered obstacles. In the trajectory diagram shown in Fig. 8 & Fig. 9:

1. The blue-colored trajectory represents the flight path of UAV1, which first reached
its initial target at [15, 10, 25] and proceeded to the next target at [45, 42, 20].

2. The yellow-colored trajectory represents the flight path of UAV2, which first
reached its initial target at [45, 5, 15] and then traveled to[5, 45, 20].

® The positions, widths, and heights of the buildings are listed in Table III.

Table 3 Building positions, width,
and height

[(x,y positions) , (width) , height]
[(5,15) , (4,3) , 27]
[(10,40) , (3,3) , 20)]
[(15,30) , (3,3) , 30]
[(20,5) , (4.4) , 25]
[(25,35) , (2,2) , 20]

(30,15), (2,2) , 20

(35,40), (3,3) , 35

® Target positions are listed in Table TV.

Table 4 Target Positions

Target 1 [x,y,z] | Target 2 [x,y,z]
UAV 1 [15, 10, 25 [45, 42, 20]
UAV 2 [45, 5, 15] [5, 45, 20]

The Multi-UAV Reward Convergence Plot for the 3D Environment 1 (Env1) in Fig.
10 illustrates the learning stability and performance improvement of the reinforcement
learning (RL)-based collision avoidance and trajectory optimization algorithm during
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Fig. 8 Top view of Multi-UAV Trajectory of 3D Envl
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Fig. 9 Side View of Multi-UAV Trajectory of 3D Environment

Altitude

the training process. The reward curve represents the cumulative reward obtained by
multiple UAV agents over successive training episodes within the three-dimensional
environment. As training progresses, the average reward gradually increases and the
variance decreases, demonstrating that the agents are converging toward optimal coop-
erative behaviors. This convergence implies that the UAVs have effectively learned to
balance multiple objectives, including collision avoidance, maintaining communication
links, and planning energy-efficient paths.

5.3 Multi-UAV Multi-Target Tracking and Collision Avoidance

In this scenario, two UAVs are deployed in a realistic 3D urban environment to track
and intercept two separate moving targets. The environment comprises seven buildings
situated at various locations with differing heights and widths, adding complexity and
creating several potential obstacles for the UAVs to navigate. A base station is also
present, and each UAV is assigned its own target to follow. Both UAVs start from the
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PPO Training Progress with 7 Obstacles
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Fig. 10 Multi-UAV Reward Convergence Plot of 3D Envl

same fixed source location, while the two targets begin their movement from different
positions. Each target moves along its own unique and non-linear path through the
city-like environment, reflecting the challenges of real-world target tracking, where
movement can be unpredictable and dynamic.

To handle this, we use the Proximal Policy Optimization (PPO) algorithm—a
powerful deep reinforcement learning method. PPO enables each UAV to learn how
to make informed decisions based on its observations, such as its own location, the
location of its assigned target, and the surrounding buildings. Over many train-
ing episodes, the UAVs learn to navigate efficiently, track their targets, and avoid
obstacles, including each other.

—— UAV 1 Path
-+ Target 1 Path
@ Target 1 Positions
@ Final Target 1 Position
O j.[ Interception 1
! - UV 2 Patn
Target 7 Path

) Target 2 Positions
J @ @ Final Target 2 Position
| Interception 2

\ Home Base 1
Ay L Home Base 2
Yoy : {

Fig. 11 UAV Trajectory of 3D Environment

The simulation results are shown in Fig. 11, Fig. 12, & Fig. 13 through trajectory
plots:

1. The blue and green lines represent the flight paths of the two UAVs as they follow
their assigned targets while avoiding collisions.

2. The red and orange lines show the paths taken by the two mobile targets as they
move through the environment.
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Fig. 12 UAV Trajectory of 3D Environment

3. The star markers indicate the interception points where each UAV successfully
reaches its target. Once intercepted, both the UAV and its target stop moving,

indicating the end of the mission.

This experiment demonstrates how multiple UAVs can operate simultaneously in a
shared space, adapt to changing conditions, and effectively carry out their tasks using
reinforcement learning. It highlights the potential of intelligent algorithms to handle
complex navigation and coordination in real-world urban settings.

Fig. 13 UAV Trajectory of 3D Environment
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In the later stages of training, the reward curve stabilizes around a high value,
confirming the successful convergence of the learning algorithm shown in Fig. 14 and
consistent coordination among the UAVs. The smoothness of the convergence trend
also reflects the robustness of the reward design and the efficiency of the underlying
policy update mechanism.

PPO Training Progress for Multiple UAVs
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Fig. 14 UAV Trajectory convergence of 3D Environment

5.4 Obstacle Avoidance Performance

The Deep Reinforcement Learning (DRL) framework developed in this work enables
UAVs to autonomously navigate complex urban environments, efficiently reaching tar-
gets while avoiding both static and dynamic obstacles. Although early training stages
may involve occasional failures as the policy learns to generalize, convergence leads
to consistently efficient, collision-free trajectories. The Proximal Policy Optimization
(PPO) algorithm facilitates robust exploration and real-time adaptation, allowing
UAVs to dynamically adjust their paths and maintain safe distances from obstacles
and other UAVs. Randomized placement of obstacles and targets during training fur-
ther enhances the policy’s ability to generalize, resulting in high success rates for
collision avoidance and energy-efficient, coordinated multi-UAV navigation.

6 Conclusion

This work demonstrates the effectiveness of deep reinforcement learning, specifically
using the Proximal Policy Optimization (PPO) algorithm, for the autonomous naviga-
tion of multiple UAVs in complex urban environments. By moving beyond traditional
control methods, such as Model Predictive Control, which are limited by computa-
tional intensity and poor adaptability in dynamic multi-agent scenarios, the proposed
PPO-based framework enables UAVs to achieve robust collision avoidance, efficient
path planning, and coordinated multi-agent navigation even in obstacle-rich and
unpredictable settings. The results show that UAVs can autonomously adapt their tra-
jectories, avoid both static and dynamic obstacles, and efficiently reach their targets,

19



validating the practical advantages of learning-based approaches over conventional
methods. Recent research by Qi et al., Pan and Wang, and Chikhaoui et al. further sup-
ports these findings, highlighting PPO’s superior convergence, robustness, and success
rates for UAV navigation in urban environments.

Looking ahead, several promising directions for future development are evident.
Hardware-in-the-loop validation will be essential to test the learned policies on real
UAVs under physical constraints and real-world noise. Extending the framework to
handle moving obstacles and scaling up to larger UAV swarms will further improve
robustness and applicability. Integrating more sophisticated energy and time models,
as well as exploring transfer learning and explainable decision-making techniques, will
enhance the system’s efficiency and transparency. With advancements in communi-
cation technologies, such as 5G and 6G, and the potential for incorporating human
feedback, the future of intelligent UAV systems is poised for significant growth and
real-world impact.
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