© 2025 JETIR March 2025, Volume 12, Issue 3

www.jetir.org (ISSN-2349-5162)

JETIR.ORG
JOURNAL OF EMERGING TECHNOLOGIES AND

INNOVATIVE RESEARCH (JETIR)

An International Schaolarly Open Access, Peer-reviewed, Refereed Journal

AUTOMATED UAV NAVIGATION IN SIMULATED
ENVIRONMENTS

EsTHER PRIYA R1, AABHESHEK P 2, ARUN T N 3, GARREPELLI VARSHINI

4 SASIKUMAR SO

Assistant Professor, Department of Al & DS, Jansons Institute of Technology,
Coimbatore, India 1
UG Students, Department of Al & DS, Jansons Institute of Technology, Coimbatore,
India2 -5

ABSTRACT

The rapid advancement of drone technology has sparked
significant interest in the development of autonomous
navigation systems. This project focuses on creating a robust
model designed to enable unmanned aerial vehicles (UAVS)
to operate independently in dynamic environments. By
leveraging advanced algorithms for real-time decision-
making, path planning, and obstacle detection, this allows
UAVs to navigate without human intervention. Utilizing Deep
Reinforcement Learning (DRL), specifically the Soft Actor-
Critic (SAC) model, and LiDAR for obstacle detection, the
system is designed to learn and adapt in real-time while
avoiding both static and dynamic obstacles. The project
employs the AirSim simulation platform to train models in
various simulated environments, ensuring adaptability and
robustness. Key outcomes include efficient collision
avoidance, adaptive learning across diverse terrains, and
improved navigation performance compared to traditional
methods.
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INTRODUCTION

The rapid advancements in artificial intelligence (Al) and
autonomous systems have paved the way for the development
of intelligent Unmanned Aerial Vehicles (UAVS).
Autonomous drone navigation is a critical area of research that
focuses on enabling drones to operate without human
intervention while ensuring efficiency, safety, and

adaptability in complex environments. These drones leverage
real-time sensor data, deep learning algorithms, and
reinforcement learning techniques to make intelligent
navigation decisions.

Traditional drone navigation systems rely on predefined
flight paths and limited obstacle avoidance mechanisms,
making them unsuitable for dynamic and unpredictable
environments. To address these challenges, modern Al-driven
approaches incorporate Deep Reinforcement Learning (DRL),
Soft Actor-Critic (SAC) algorithms, and object detection
models such as LIDAR for real-time obstacle detection and
adaptive learning. By integrating these advanced techniques,
drones can process sensor inputs from GPS, LiDAR, and
onboard cameras, allowing them to navigate autonomously
and make real-time decisions in unknown environments.

This paper presents the development and implementation
of an Al-powered autonomous drone navigation system that
utilizes SAC-based Reinforcement Learning (RL) for path
planning and decision-making. The system is trained in a
simulated environment using AirSim and Unreal Engine,
ensuring realistic testing and validation before real-world
deployment. Our proposed model enhances existing
navigation frameworks by introducing adaptive learning, real-
time obstacle avoidance, and efficient path optimization.
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DESCRIPTION

This research explores Deep Reinforcement Learning
(DRL) for autonomous UAV navigation in complex
environments. The authors employ the Soft Actor-Critic
(SAC) algorithm to optimize flight paths while ensuring
smooth obstacle avoidance. The UAV is trained in AirSim,
simulating real-world challenges such as moving obstacles,
low visibility, and GPS-denied conditions. A LiDAR-based
object detection model is integrated with depth cameras to
enhance perception, allowing the UAV to detect and respond
to obstacles in real time.

The study compares DRL approaches like DQN, PPO, and
SAC, concluding that SAC provides superior path
optimization, energy efficiency, and adaptability. The model
successfully minimizes unnecessary deviations, ensuring
collision-free navigation while maintaining computational
efficiency. The results demonstrate the potential of Al-driven
UAVs for applications in search and rescue, surveillance, and
autonomous delivery. Future work aims to enhance multi-
drone collaboration and improve robustness against sensor
failures.

EXISTING SYSTEM

Current UAV navigation systems primarily rely on
traditional ~ waypoint-based path  planning, SLAM
(Simultaneous Localization and Mapping), and rule-based
obstacle avoidance. These methods use GPS, IMU, LiDAR,
and vision-based sensors to navigate and avoid obstacles.
However, they often struggle in dynamic environments where
real-time decision-making is crucial. Traditional algorithms
like A and Dijkstra’s algorithm™ are widely used for path
planning but require predefined maps and lack adaptability to
unexpected obstacles.

Another category of existing systems employs
classical control techniques such as PID controllers, Extended
Kalman Filters (EKF), and Model Predictive Control (MPC).
While effective in structured environments, these methods
face limitations in complex, unstructured terrains.
Additionally, machine learning-based approaches, including
CNN s for obstacle detection and basic reinforcement learning
for navigation, have been explored, but they often require
extensive training data and struggle with real-time adaptation.
These limitations highlight the need for deep reinforcement
learning (DRL)-based Al models for autonomous UAV
navigation, offering improved adaptability, efficiency, and
real-time responsiveness.

DRAWBACKS:

Existing UAV navigation systems rely on predefined
paths, GPS, and rule-based obstacle avoidance, which limit
their adaptability to real-world dynamic environments. These

systems often struggle with real-time decision-making, energy
efficiency, and sensor reliability, making them less effective
in complex scenarios.

1. Limited Adaptability: Traditional path-planning
algorithms struggle to adapt in environments with
unpredictable obstacles, such as moving objects or
dynamically changing terrains.

2. High Dependency on External Inputs; Many
conventional methods rely on GPS for localization,
which becomes unreliable in indoor environments or
GPS-denied areas.  Similarly, SLAM-based
navigation is highly dependent on sensor accuracy
and environmental conditions.

3. Computational Overhead: Some advanced planning
algorithms, like Model Predictive Control (MPC),
require significant computational power, making
them inefficient for real-time execution on resource-
constrained UAVS.

4. Poor Obstacle  Avoidance in  Dynamic
Environments: Most existing solutions focus on
static obstacles and fail to provide efficient path
planning in the presence of moving objects, leading
to potential collisions.

5. Limited Learning  Capabilities:  Rule-based
approaches and traditional control methods lack the
ability to learn from experience. They do not
improve over time and require manual tuning for
different environments.

PROPOSED SOLUTION

The proposed UAV navigation system leverages Al-driven
techniques, particularly Deep Reinforcement Learning (DRL)
with the Soft Actor-Critic (SAC) algorithm, to enhance
autonomous flight and real-time obstacle avoidance. By
integrating LiDAR, visual perception, and LiDAR-based
object detection, the UAV can dynamically adapt to changing
environments, ensuring safer and more efficient navigation.

Key Features of the Proposed System:

1. Al-Based Adaptability — Uses DRL to continuously
learn and improve navigation strategies in dynamic
environments.

2. GPS-Independent Navigation — Operates reliably in
GPS-denied areas using LIiDAR and IMU sensor
fusion.

3. Optimized Path Planning — Reduces unnecessary
deviations and selects energy-efficient flight paths.

4. Low Latency Decision-Making — Processes sensor
data in real-time, ensuring smooth and immediate
obstacle avoidance.

5. Robust Sensor Integration — Combines multiple
sensors (LiDAR, camera, IMU) for enhanced
perception and redundancy.

MERITS

The proposed Al-driven drone navigation system surpasses
traditional methods by integrating Deep Reinforcement
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Learning (DRL), real-time obstacle detection, and sensor
fusion for enhanced accuracy, adaptability, and efficiency.

1. Enhanced Adaptability — The Al-driven model
continuously learns from real-time data, allowing the
UAV to navigate effectively in dynamic and
unpredictable environments.

2. GPS-Independent Operation — Unlike traditional
systems, the UAV can function efficiently in GPS-
denied areas by relying on LiDAR, IMU, and vision-
based navigation.

3. Optimized Flight Path — The reinforcement learning
algorithm ensures energy-efficient and collision-free
navigation, minimizing unnecessary deviations and
improving battery life.

4. Real-Time Decision Making — The system processes
sensor inputs rapidly, enabling instant obstacle
detection and avoidance, reducing response time in
critical situations.

5. Robust Sensor Fusion — By integrating multiple
sensors (LIDAR, Cameras, and IMU), the system
ensures high reliability, even in low-light or
challenging conditions.

MODULE DESCRIPTION:

The proposed system integrates AirSim as a simulation
environment to facilitate autonomous UAV (Unmanned
Aerial Vehicle) navigation using deep reinforcement learning
(DRL) and computer vision-based obstacle detection.

The methodology is structured into the following key
phases:

Environment
(Airsim Simulation)

l

‘ UAV (AirSim) Simulation ’

.

Obstacle Detection

(LiDAR)
%ected Obstacles

Path Planning
& Decision Making
(DRL - SAC)

|

Navigation Performance Metrics
(Collision Avoidance,
Adaptive Learning)

|

\ UAV Movement in AirSim ‘

Actions/Control Signals

1. Environment Setup (AirSim Simulation)

AirSim, a high-fidelity simulation platform built on
Unreal Engine, is used to create a realistic virtual environment
for UAV navigation. The environment consists of walls,
obstacles, and open spaces to test the UAV’s ability to
maneuver efficiently. This setup mimics real-world
conditions, allowing for controlled experiments in UAV
navigation.

2. UAV Simulation

A virtual UAV is deployed within the AirSim
environment. The UAV is programmed to navigate
autonomously based on predefined flight parameters and
control signals. These include:

¢ Initial position and orientation
o  Flight speed and altitude constraints
e  Sensor data acquisition (camera feed, LIiDAR, IMU)

3. Obstacle Detection (LIDAR - Based)

To enable real-time obstacle detection, the UAV is
equipped with a LIDAR-based sensing system. LiDAR (Light
Detection and Ranging) is a robust technology that provides
precise distance measurements and 3D spatial awareness. The
detection pipeline consists of:

e  Emitting laser pulses from the UAV’s LiDAR sensor
to scan the environment.

e Receiving reflected signals to determine the distance
and shape of obstacles.

e Generating a 3D point cloud, mapping the
surrounding terrain and objects.

e Detecting and classifying obstacles based on spatial
data and object properties.

e Sending detected obstacle coordinates to the path-
planning module for real-time navigation.

This approach enables the UAV to perceive its
surroundings accurately, ensuring safe and dynamic obstacle
avoidance in real-time flight operations.

4. Path Planning & Decision Making (DRL - SAC
Algorithm)

The UAV's movement decisions are controlled using Deep
Reinforcement Learning (DRL), specifically the Soft Actor-
Critic (SAC) algorithm. This component is responsible for:

e Receiving obstacle detection data from LiDAR

e Generating optimal navigation paths to avoid
collisions

e Adjusting flight trajectory dynamically based on
environmental feedback

e Learning from past experiences to improve future
navigation efficiency

The SAC algorithm is particularly useful for handling
continuous action spaces, making it ideal for UAV navigation
in complex, uncertain environments.

5. Navigation Performance Metrics (Collision
Avoidance & Adaptive Learning)

To assess the efficiency of the UAV navigation system,
various performance metrics are evaluated in real-time,
including:

e Collision avoidance rate: Measures how effectively
the UAV avoids detected obstacles.

e Navigation accuracy: Evaluates the UAV’s ability to
reach predefined waypoints.

e  Adaptive learning progress: Tracks improvements in
decision-making over multiple training iterations.

o Flight stability: Assesses the smoothness of UAV
movement and trajectory adjustments.

6. UAV Movement in AirSim

Finally, based on the learned navigation policies, the UAV
moves through the simulated environment, following a
collision-free trajectory. The UAV continuously refines its
path based on real-time sensor inputs and reinforcement
learning updates, ensuring efficient and safe autonomous
navigation.

This methodology provides a realistic, Al-driven UAV
simulation, allowing for the development of intelligent, self-
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learning drones capable of autonomous navigation in complex
environments.

HARDWARE DESCRIPTION

e Processor (CPU): A high-performance multi-core
processor such as Intel Core i7/i9 or AMD Ryzen
7/9 is required for running Al models, reinforcement
learning algorithms, and handling large datasets.

e Graphics Processing Unit (GPU): A dedicated
NVIDIA GPU (RTX 3060 or higher) is
recommended for training deep learning models,
including LIDAR for obstacle detection and
reinforcement learning in AirSim. GPUs with
CUDA support significantly speed up model
training.

e RAM (Memory): A minimum of 16GB RAM is
required, with 32GB recommended for smoother
simulation,  faster = data  processing, and
reinforcement learning training.

e Storage (SSD): A 512GB SSD (minimum) is
recommended for fast data access, storage of trained
Al models, and efficient handling of simulation
environments.

e Operating System: The project is best developed and
tested on Windows 10/11 or Ubuntu 20.04+, as
these support AirSim, Python, and deep learning
frameworks like TensorFlow and PyTorch.

SOFTWARE DESCRIPTION

e Operating System: Ubuntu 18.04 or 20.04 (for
compatibility with Al frameworks and drone
simulation platforms).

e Deep Learning Frameworks:

o TensorFlow / PyTorch for training and
deploying reinforcement learning models.

o OpenCV for image processing and feature
extraction.

e  Simulation Software:

o AirSim (Microsoft) and Unreal Engine for
realistic drone simulation and training in
virtual environments.

o Gazebo and ROS (Robot Operating
System) for additional simulation support
and real-world integration.

e  Object Detection and Sensor Fusion:

o LiDAR for real-time object detection and
classification.

o Kalman Filter / Extended Kalman Filter
(EKF) for state estimation and obstacle
tracking.

e Communication Protocols:

o MAVLIink / PX4 Autopilot for interfacing
with UAYV flight controllers.

o Robot Operating System  (ROS)
framework for sensor data processing and
control

USER INTERFACE

The user interface (Ul) is developed using Unreal
Engine’s editor and AirSim’s built-in visualization tools. It
provides an intuitive and interactive experience for
monitoring and controlling UAV simulations.

The Ul components include:

WHRinpots) 2saverl €9 & Cootent »

1. Simulation Environment (3D Visual Representation)
The main interface showcases a 3D environment with
obstacles, enabling real-time observation of the UAV's
behavior. The virtual testbed includes:
e Walls, barriers, and open spaces to simulate a real-
world UAV navigation scenario.
e Realistic lighting, textures, and shadows to improve
the visual experience.
e Adjustable obstacle layouts for testing UAV
performance in various conditions.
2. UAV Camera Views & Multi-Angle Perspective
The Ul provides multiple camera views to monitor UAV
movements:
e Third-person view — Displays the UAV from an
external perspective.
e  First-person (FPV) camera view — Simulates the
UAV’s onboard camera feed.
e Top-down navigation map — Shows a bird’s-eye
view of the UAV’s path.
These views help users track UAV movement, analyze
obstacle interactions, and debug navigation issues efficiently.
3. Control Panel for UAV Simulation
The Ul includes a control panel that allows users to modify
and interact with the UAV in real time. Key functionalities
include:
e  Start/Stop Simulation — Initiates or halts UAV
movement.
e Speed Control — Adjusts the UAV’s velocity
dynamically.
e Obstacle Placement Controls — Enables users to
reposition obstacles in the environment.
e Camera Angle Selection — Allows switching
between different views.
4. Performance Metrics Display
Real-time data on UAV performance is displayed using
graphical overlays and numerical indicators. Users can
monitor:
e Obstacle detection statistics (confidence scores,
bounding box coordinates)
o Navigation success rate (number of successful/failed
runs)
e Collision rate and avoidance success percentage
e Reinforcement learning rewards and model
improvement trends
This helps in evaluating system efficiency and refining
navigation strategies.
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5. Debugging & Visualization Tools
To facilitate system analysis and debugging, the Ul
includes:
e Log files and real-time telemetry data to track UAV
movement.
e Graphical overlays for bounding boxes around
detected obstacles.
e Waypoints and trajectory visualization to analyze
UAV decision-making.
These tools enable developers and researchers to fine-tune
the UAV’s Al model, improving obstacle avoidance strategies
and navigation efficiency.

RESULTS

The Al-driven UAV navigation system successfully
achieved autonomous flight, real-time obstacle detection, and
adaptive path planning in a simulated environment using
AirSim. The integration of Deep Reinforcement Learning
(SAC algorithm) allowed the UAV to continuously improve
its navigation strategy, reducing collision risks and optimizing
flight efficiency. The system effectively processed LiDAR,
IMU, and camera inputs to detect and avoid both static and
dynamic obstacles, ensuring smooth navigation.

The UAV demonstrated high accuracy in obstacle
detection using LiDAR, enabling quick decision-making and
real-time rerouting. The reinforcement learning model
significantly reduced unnecessary flight deviations, leading to
energy-efficient path planning. The Al system successfully
adapted to GPS-denied environments, operating solely on
sensor fusion techniques. The results validate that Al-
powered UAV navigation can enhance autonomous flight
capabilities, improve real-time decision-making, and ensure
reliable operations in complex environments.

The process works in the following:

1. The image displays a UAV simulation in AirSim,
where the drone is successfully armed and under API
control. The collision count is zero, indicating
smooth navigation, while lighting issues in Unreal
Engine are noted.

2. The image shows a drone simulation in AirSim,
where the UAV is successfully armed and controlled
via APIl. The collision count remains zero,
indicating safe navigation through obstacles, while
Unreal Engine prompts lighting issues.

CONCLUSION AND FUTURE WORK

The proposed Al-driven UAV navigation system
demonstrated efficient autonomous flight, real-time obstacle
avoidance, and adaptive learning using Deep Reinforcement
Learning (SAC) and LiDAR-based object detection. The
system successfully integrated LiDAR, IMU, and visual
sensors to navigate through complex environments while
ensuring optimized path planning and minimal collision risks.
The use of AirSim simulation validated the UAV’s ability to
function in GPS-denied environments, reinforcing its
adaptability in real-world applications. The results confirmed
that Al-powered UAVs can improve autonomous navigation,
energy efficiency, and decision-making under dynamic
conditions.

While the proposed system has proven effective in
simulations, further improvements and real-world testing are
required for large-scale deployment. The following
enhancements are planned for future iterations:

e Integration of More Advanced Sensors: Including
thermal and infrared cameras to improve navigation
in extreme weather conditions.

e Field Testing in Real-World Scenarios: Deploying
the UAV in real-world environments such as
industrial sites, disaster zones, and agricultural fields
to validate its robustness.

e Multi-UAV Coordination: Implementing swarm
intelligence to allow multiple UAVs to collaborate
and perform complex tasks more efficiently.

e 5G and Cloud Computing Integration: Leveraging
5G networks and cloud-based Al processing to
enhance UAV communication and real-time data
analysis.

e Improved Energy Management: Exploring energy-
efficient Al algorithms to further optimize flight
paths and extend UAV battery life.

These advancements will push the boundaries of
autonomous UAV navigation, making Al-driven drones more
practical for applications such as search and rescue,
surveillance, industrial inspections, and package delivery.
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