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ABSTRACT

Driven by cutting-edge research in Al vision, sensor fusion and autonomous
systems, intelligent robotics is poised to revolutionise Aviation hangars, shaping
the "hangars of the future" by reducing inspection time and improving defect
detection accuracy. Many hangar environments, especially in maintenance,
repair and overhaul (MRO) operations, rely on manual processes and algorithms
that need to be optimised for the increasing complexity of these settings. These
include varied obstacle structures, often low-light conditions, and frequent
changes in the scene.

The application of mobile robot solutions demands enhanced perception,
accurate obstacle avoidance, and efficient path planning, essential for effective
navigation in the busy hangar environment and aircraft inspections. The
application of ROS navigation stack has been at the center of most solutions and
is mostly efficient in static settings while limited in complex environments. These
systems are often computationally intensive and require pre-configuration of
environmental parameters, making them less efficient in changing environments
with real-time demand. Deep learning models and ROS integration have shown
promising improvements, leveraging experiential learning and large datasets.
However, accurately detecting obstacles of different shapes and sizes, especially
in varying lighting conditions, poses a significant challenge and affects safe

navigation.

To overcome these challenges in complex environments, this research proposes
a novel solution for enhanced obstacle detection, avoidance and path planning.
Our system leverages LIDAR and camera data fusion with a real-time and
accurate YOLOvV7/YOLOvV5 object detection model for robust identification of
diverse obstacles. Additionally, we proposed a combination with ROS planners,
including Dijkstra, RRT and DWA, for path planning optimisation to enable
collision-free navigation. The system was validated with ROS Gazebo and real-
Turtlebot3 robot. It achieved zero collisions with YOLOv7 and RRT integration, a
2.7% increase in obstacle detection accuracy, and an estimated 2.4% faster

navigation speed than the baseline methods.
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1 Background

The MRO hangar is an essential domain in the aviation sector with diverse
processes that ensure the safety and reliability of the aircraft MRO operations.
Aircraft visual inspection is among the core tasks involving mostly manual
navigation through different checkpoints to detect and evaluate any defects
around the exterior path of the aircraft. Integrating advanced technologies
including robotics and artificial intelligence has improved operational efficiency
with automated and autonmous solutions [1]. With this, Intelligent mobile robots
can autonomously navigate and interact with such busy hangar environments to
perform collision-free aircraft inspection, leading to more effective and efficient
maintenance practices. AMR-safe navigation is a critical factor in recent research

due to the complexity and dynamism of real-world structures.

This thesis focuses on techniques that improve a robot’s environment perception,
obstacle detection, avoidance and path planning for safe navigation in complex
environments. The mobile robot must be equipped with advanced sensors for
accurate interpretation and response to their surroundings [2]. LIDAR and camera
sensors were employed, adopting a fusion strategy to enhance and expand
robots’ perception of their environments, overcoming the limitations of individual
sensors [3]. The ROS framework is central to most robotic applications and has
a structural platform that integrates and fuse sensor information with relevant
algorithms to facilitate effective navigation in different environments [4]. The path
planning algorithms (RRT and DWA) are leveraged with sensor streams to
optimise obstacle avoidance and path planning mechanisms. Looking at the
complex structure of the MRO hangars with dynamic and diverse obstacle types,
accurate obstacle detection and classification can be challenging, limiting safe
navigation. This facilitates the need for expanded functionalities leveraging
accurate obstacle detection capabilities of the YOLO model. The combined
system is a hybrid solution that integrates conventional ROS RRT and DWA path
planners, multisensory data, and a YOLO object detection model for advancing
the capabilities of autonomous mobile robots required for autonomous aircraft

inspection.
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1.1 Motivation

Despite the increasing focus on digitalisation in hangar MRO operations to
circumvent complex and dynamic system challenges, most aircraft hangars still
need to engage in manual processes and outdated solutions. The hangar
environment depicted in Figures 1-1 and 1-2 illustrates the complexity that can
arise in busy seasons. The environments are often cluttered with diverse tools
and equipment, which vary in shape and colour, adding to these settings'
navigational and operational challenges. The low-light condition shown in Figure
1-2 can be very challenging when accessing occluded or inaccessible areas.
While there has been a notable rise to address significant challenges in these
environments, the embedded functionalities in these systems still need to be
improved. These gaps in performance and capability form the foundational
motivation for this research project, aiming to enhance the existing robotic

systems to address the complexities and dynamic nature of these environments.

Figure 1-1: Unstructured busy hangar. Figure 1-2: Low-light condition in hangar

1.1.1 The aircraft inspection problem:

Aircraft inspection involves a systematic process where inspectors move from
one checkpoint to another within the aircraft to identify defects, diagnose issues,
and certify that the aircraft is fit. While widely used, manual inspection is prone to
errors and can be time-consuming and costly. Additionally, environmental factors
contribute to more complexities and uncertainties in the scenario, further

complicating the inspection task and environmental safety [5].
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1.1.2 The environment perception problem

While there is a growing trend in developing robotic platforms to automate the
inspection process in busy aircraft hangars, many of these robots need to be
equipped with more sensor capabilities. Some rely on individual sensors like
cameras that can generate rich environmental information but have a limited field
of view [6]. LIDAR sensors, on the other hand, offer more comprehensive
coverage but may be less effective in perceiving detailed environmental features.
These gaps in sensor functionalities are of critical concern, as they directly impact
robot’'s perception of their surroundings, increasing safety issues during

navigation for an inspection task.

1.1.3 The Obstacle Detection Problem

In aircraft hangars, mobile robots are tasked with identifying and interacting with
various obstacles and navigating through complex aircraft geometries to conduct
inspection procedures. There are situations of low light conditions which affect
the robot's ability to detect and navigate around dynamic structures [7]. The
diverse nature of these obstacles in terms of different shapes, sizes, colours, and
intensities, as shown in Figures 1-1 and 1-2, requires robust and versatile
methodologies to accurately detect and adapt to the changing structures [8].
Many robotic solutions are based on mathematical computations and
preconfigured parameters relative to different environmental states [9]. This
approach can be limiting in dynamic and unknown settings, making it difficult for
the robot to detect and respond to unpredictable obstacles not anticipated in their

initial program.

1.1.4 The obstacle avoidance and path planning problem

The mobile robot systems are designed and programmed to execute diverse
tasks, including safe navigation necessary for aircraft inspection. MRO hangars'
dynamic nature and increasing complexities challenge conventional path-
planning algorithms. The robot is required to respond swiftly to moving obstacles
and unforeseen changes, making prompt control to avoid the barriers and
generate a feasible path to the target location. Conventional path planning
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algorithms like the ROS Dijkstra, RRT global, and DWA local planners are limited
in intelligence [10] and struggle to dynamically avoid and adjust planned routes
in complex real-time scenarios [11]. The reliability and adaptability of such robotic

solutions in real-world busy hangars are minimal.

1.2 Aim, Gaps and Objectives
Aim

To develop an improved vision-based obstacle detection and avoidance model
using a combined custom YOLOv5 and ROS navigation stack for mobile robot

safe navigation in unstructured and changing environments.

1.2.1 Research Gaps

This comprehensive review identified several research gaps, which serve as the

foundation for this research.

Research Gap 1: The increasingly complex and constant changes in the busy
hangar environment challenge the efficiency of existing robotics navigation
solutions. This impacts the robot’s ability to make real-time control decisions

required for safe path planning during an inspection task.

Research Gap 2: Identifying obstacles of diverse structures under different
lightning conditions remains challenging with existing algorithms. This limits the
ability of the robots to accurately recognise obstacles and respond promptly for
avoidance, which is crucial for a safe navigation experience in dynamic

environments like aircraft hangars.

Research Gap 3: Many robotic systems rely on sensors like LiDARs and
cameras to perceive and interact more naturally with the world. While LIDAR and
similar sensors offer 360-degree field of view, they have limitations in acquiring
detailed environmental features such as colour and texture, relevant for safe and
efficient navigation. On the other hand, cameras can provide rich visual
environmental information about the environment but are constrained to perceive

objects within a certain range and angle. The use of individual sensor can limit

20



the robot's navigation safety and efficiency and not robust for real-world

applications.

1.2.2 Objectives

The objective is generally to review existing work and find gaps that can be

improved to establish an optimised mobile robot solution suitable for aircraft

inspection in busy hangar environments. This is detailed as follows.

Objective 1:

A literature review that examined studies that detailed mobile robots' use
in real-world complex environments focused on aircraft visual inspection
in aviation hangars.

Identified the main challenges faced in this context, such as identifying
obstacles of varied nature, varying lighting conditions, and manoeuvring
environmental factors to achieve safe navigation for an inspection task.
Explored gaps in ROS obstacle avoidance path planning algorithms, deep
learning models specific to complex and dynamic environments, and

available improvement techniques to address these gaps.

Objective 2

Set up ROS and Gazebo simulation with turtlebot3 robot package
integrating vision-based sensors (RGB-D and LIDAR) with incremental
complexity for testing robotic application, as widely applied in robotic
research.

Create a realistic DARTeC hangar model in a Gazebo simulation
environment to generate data and validate performance, replicating real-
world operations.

Combine and Preprocessing datasets according to deep learning

standards and suitable YOLO format, enhancing detection accuracy.

Objective 3
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e Developed a customized YOLOvV5 object detection framework
incorporating DenseFuse and CBAM to achieve 70-80% improved
detection accuracy compared to baseline model.

Objective 4

e Develop an improved NAV-YOLO solution with YOLOV5 object detection
model and ROS navigation stack to enhance real-time obstacle detection
and avoidance, 10-20% collision reduction in complex settings.

Objective 5

e Evaluate and compare NAV-YOLO performance with baseline ROS
navigation stack planners. Target 5-20% performance improvement.

e Establish simulation to real world transfer to physical robot.

1.3 Methodology

This research work was achieved in 5 phases, as illustrated in Figure 1-7.

1.3.1 Phase 1: Literature review.

The literature review in this study focused on exploring the enabling technologies
of Industry 4.0, particularly robotics and Artificial Intelligence (Al) algorithms that

are pertinent to the safe navigation of mobile robots in complex environments.

1.3.2 Phase 2: Simulation, Data capturing and Pre-processing.

Simulation

The simulation environment was set up with ROS noetic, Gazebo 11, PyTorch,
OpenCYV libraries, and a Turtlebot3 waffle-pi robot package equipped with LIDAR
and OAK-D Camera packages on Ubuntu 20.04. A hangar-model environment
was developed and integrated, as shown in Figures 2-2, with relevant ROS nodes
connected to improve obstacle detection and avoidance experience. An overview

of the hangar launch file was shown in Appendix E.
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Figure 1-3: Developed ROS-Gazebo simulation environment.

Data Capturing

3D Modelling
Laser scan
RGB image

Robot:

¢ TurtleBot3 Waffle Pi

» Camera (FOV 60°)

- 2D LIiDAR (FOV 360°)

The Image and video data were captured using camera and OpenCV libraries

from the simulation environment as described in Figure 1-4, TUI hangar using

RGB and thermal cameras, and integration of LLVIP public datasets to expand

the

X

—-Filter blank and duplicates

ROS
Image file
-Data_Record Script:
-Sensnor image topic(Image)
-Geometry twist topic (Velocity)
> Rosbag

Figure 1-4: Data generation process.

Model capability. More experimental Data was generated using ROSBAG for

4 ™)
Data Preprocessing

-Manual Image annotation
-Rescale and normalize dat:
-Saved pretrained weight

3 J

performance evaluations. The dataset image representation is shown in Figure

1-5 and 1-6, and the description is as follows.

e MS COCO - Default pre-train YOLOvV5 (328,000 images)
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e LLVIP Generated fro Dataset — public datasets (15,488) [12]
e TUI hangar dataset — Generated from TUI hangar (365 image pairs) [13]

e Synthetic datasets (generated from simulation) — 280 images.

Simulation

Figure 1-5: Custom Datasets

RGB-IMAGE THERMAL-IMAGE

Figure 1-6: LLVIP datasets
Data pre-processing

The data was filtered to remove duplicate and blank data to maintain consistency.
The YOLO data labelling format was adopted, with each image associated with
a corresponding data file that contains bounding box annotations for each object

within the image.

1.3.3 Phase 3: Model Development & Integration.

The NAV-YOLO framework combines the capability of the YOLOvV5 real-time
object detection algorithm with the ROS navigation stack integrated with fuse
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sensor data to enable the robots to detect obstacles in complex environments

and use this information to improve navigation experience in an inspection task.
Object detection module.

This addresses research gap two and part 3, where many datasets from relevant
environments and low-light conditions were combined to customise and train the
YOLO obstacle detection model. This was developed in the obstacle detection
module, FUSE-YOLO [14] withYOLOvV5 model. The classic YOLOv5 was pre-
trained with COCO datasets using the PyTorch platform. The trained YOLO file
consists of labelled datasets, YOLOvV5 weights and a YAML file with parameters
and settings that can be tuned to adapt the model to perform well on the
navigation task. YOLOv7 was also integrated for more performance checks, as
shown in Table 5.

Object Avoidance module

The module focused on research gaps 1 and 3 by developing NAV-YOLO and
improving NAV-YOLO models to address inconsistencies in obstacle avoidance
and path planning functionality in recent robot navigation applications. This
module uses the transformed information that the obstacle detection module
provided to decide how to avoid obstacles from the starting to the target location.
Considering the use case, which is aircraft visual inspection, 5 different
checkpoints were defined in the environment configuration and the received
transformed information from the obstacle detection module is used to improve
ROS planners ability to generate a feasible and safe route. Figures 4-1 and 5-1
present the NAV-YOLO framework structure. It employs the ROS algorithm for
path planning, including Dijkstra, RRT global planners, and DWA local planners,
to navigate free spaces and establish safe navigation operations in complex

settings.

1.3.4 Phase 4: Model transfer, validation, and Evaluation

In this study phase, the improved NAV-YOLO solution undergoes evaluation to
validate its proof of concept. For quality assurance, data from the TUI hangar was

used and enhanced with other datasets. The proposed solution was validated in

25



simulation and physical turtlebot3 robot. The Turtlebot3 robot was setup with
OAK-D camera shown in Appendix A. The solution is iteratively evaluated and
compared with the capabilities of classic Dijkstra, RRT, DWA planners, and
YOLOvV5/YOLOvV7 models.

1.3.5 Phase 5: Conclusion and thesis completion

In this concluding phase of the study, areas for future research were identified
and highlighted, providing direction for future exploration. The conclusion was
drawn from the findings presented in journals and the thesis, laying the
groundwork for ongoing advancements in this area of robotics.

Industry 4.0

Robotics

Autonmous mobile
robot navigation

Obstacle detection
and avoidance

Data Preprocessing: ROS-GAZEBO SIMULATION
- ::;:n“dna:a“h: yolo format Data generation - [gentify robot and environment dynamics Identify Obstacle avoidance constraints
- Normalize in the range [0, 1] & recording - Sensor nudes for image and obstacle detection | i1 comptex and changing environment
- Augument § data splitting - Obstacle avoidance script for robot navigation

(owemmones ]

Object detection Obstacle avoidance
with YOLOvS ROS navigation stack Simulation to Real-robot
= Pretrained over COCO dataset - Detected Object with bounding transfer
- Extract and learn features box cordinates |

- Bounding box for object cordinates - Estimated obstacle distance
- Class probability & confidence value - Camera/depth cordinates to
laserScan data

Model testing Performance Evaluation Comparative Analysis
Collision rate
Navigation time

- Mmean average precision

Figure 1-7: Methodology flow diagram
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1.4 Thesis Structure

This thesis adopts a paper-based format and consists of six chapters. It is
structured in three parts, part 1 covers the literature review, in part two, the details
of deep learning model centred in chapter three was outlined. Part three involves
chapter four and five. Looking at the chapter structures, chapter one covers the
project's background and describes critical objectives and contributions. Chapter
Two detailed the literature review, emphasising the notable impact of improved
obstacle avoidance and path planning systems in hangar environment
applications based on related work and applications in similar environments.
Chapter three discussed the YOLOvV5 model improvement with custom and public
datasets and enhancement with an attention mechanism. A combined YOLOV5
and default ROS navigation stack model was developed in Chapter 4 to facilitate
accurate obstacle detection in complex scenarios for a navigation task. Chapter
5 explained improvement strategies integrating YOLOv7 and the RRT path
planning algorithm. The final part of the thesis provides a general discussion of
the different phases of the research work and alignment with the research
objectives, drawing conclusions and discussing potential research direction. The
chapters represent distinct phases in the research methodology, as Figures 1-7
demonstrate, aligning with the objectives and ensuring a structural flow of
information throughout the papers. The papers in alignment with the objectives

are listed in Table 1-1.
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Table 1-1: List of publications.

Obstacle Detection and
Avoidance in Robot
Operating System
Framework (Rapidly

Exploring Random Tree

and Dynamic Windows

Approach)

Chapters | Paper Title Publications Status
Chapter 2 | Advancements in Learning- | MDPI Journal. Published
Based Navigation Systems
for Robotic Applications in
MRO Hangar:
Review"
Chapter 3 CNN-fusion architecture Presented In SPIE | Published.
with visual and thermal ThermoSense Conference.
images for object detection
Chapter 4 | Mobile Robot Obstacle | Presented in  ICCMA | Published.
Detection and Avoidance | Conference.
with NAV-YOLO . :
Published in IJMERR
Journal.
Chapter 5 | Improved Hybrid Model for | MDPI Journal Published.
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Part 1: LITERATURE REVIEW

Robot navigation and real word complexities and uncertainties were considered

in finding the research gaps. The use case in this project is to enhance aircraft

visual inspection in complex MRO hangars.

Key considerations include:

Unstructured and changing environments.

Obstacles of varying features.

Difficulty in low light situations.

Difficulty in obstacle detection and avoidance.

Safe navigation.

Existing ROS planners and Deep learning capabilities.

Real-time and adaptability demand.
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2 Advancements in Learning-Based Navigation
Systems for Robotic Applications in MRO Hangar:
Review

This research paper focused on the growing interest in learning-based navigation
for mobile robots, particularly in the context of visual aircraft inspections in MRO
hangars. It highlighted the need for efficient perception and obstacle avoidance
in these dynamic environments. The paper reviewed conventional methods that
use mathematical computations for local and global planning, noting their
limitations in complex, dynamic settings. It emphasised advancements in
machine learning and intense learning for enhancing navigational capabilities.
The review also covered learning-based strategies for environment perception,
obstacle detection, avoidance and path planning using fused vision-based
sensors (LIDAR and cameras). The paper concludes by discussing current
challenges and future directions in this field of learning-based navigation for
mobile robots, which is crucial for understanding the evolving landscape of robotic

navigation and the potential pathways for enhancements in the domain.

Paper published on: https://www.mdpi.com/1424-
8220/24/5/1377#:~:text=The%20review%20cateqgorised%20algorithms%20based,applications%
20in%20real%2Dworld%20scenarios.
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2.1 Introduction

In recent years, the aviation sector has made significant strides in the periodic
inspection and maintenance of aircraft, aiming to keep pace with the increasing
global air traffic demand. This focus is driven by a commitment to safety and the
goal to reduce operational costs, which currently represent 10 -15% of airlines’
operating costs and are projected to rise from $67.6 billion in 2016 to $100.6
billion in 2026 [15] This has heightened interest in automated visual aircraft
inspection to reduce traditional manual check and by technicians, which are often
time-intensive and susceptible to transcriptional error, especially when accessing
areas within the aircraft that are hidden and hazardous [16]. To address these
challenges and provide efficiency in the aircraft visual inspection process, the
aviation industry is constantly adopting digitalization, including the application of
autonomous robotic systems, including mobile robots and drones. Here, the robot
Is expected to interact with its surroundings and navigate effectively around
obstacles without collision. Having a good understanding of dynamic and
changing environmental structures like in MRO hangars, with the capability for
accuracy and real-time detection and avoidance of obstacles [17]. The hangar
environment is unpredictable, with diverse object irregularities, including light
variations contributing to environmental uncertainties and navigational difficulties.
Consequently, autonomous vehicles need to be equipped with reliable obstacle
detection and avoidance mechanisms to improve their ability to navigate the

surrounding environment safely.

Traditionally, mobile robots have utilized technologies such as Radar, GPS, and
other sensors for navigation. However, in comparison to these sensors, RGB-D
(Red, Green, Blue — Depth) cameras and LiDARs (light detection and ranging)
systems, although more expensive, offer significantly broader ranges and higher
resolutions. These advanced sensors enable the capture of a more detailed
representation of the environment. RGB-D cameras provide a rich visual and
depth perception, while LIDAR systems offer more precise environmental
mapping, making them superior for complex navigation tasks [18]. The data
generated by these vision-based sensors passes through processing networks

to develop environment models that facilitate application of obstacle avoidance
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solutions. The use of mobile robots to perceive, detect, navigate through
environments, and enhance inspection processes has gained considerable
attention in this field [19]. However, the principal challenge extensively
investigated is accomplishing a navigational task that ensures an optimal,
collision-free, and shortest path to the designated target. This challenge is
amplified by the inherently complex and unstructured nature of the changing
environments, and this affects the real-time decision-making process as the
robot's navigation efficiency in the scene. Consequently, the robot's navigation

and obstacle avoidance ability is challenged.

Previous studies have demonstrated various methods of autonomous navigation,
with significant attention given to conventional approaches that combine local and
global path planners. These methods, including the dynamic windows approach
(DWA) [20], Rapidly exploring random tree (RRT) [21], and Dijkstra [22], have
shown notable results, especially in static environments and can successfully
navigate robots from one point to another with a reasonable level of confidence
that they will avoid collisions with obstacles. However, these approaches
frequently rest on a set of presumptions that are unlikely to be true in practice
[23], involve a significant computing burden [24], and manual tuning of system
parameters [19]. Also, it requires extensive engineering effort to develop and
adapt the system to different environments, especially with dynamic obstacles of

varying shapes and sizes.

Recent studies have demonstrated an increasing interest in learning-based
techniques, underpinned by advancements in deep learning and computer vision,
for their efficacy in self-learning, optimisation and adapting to variable conditions.
This transforms raw sensory input into an adaptive understanding of the
environmental features, facilitating obstacle detection, avoidance, and path
planning in unstructured and complex scenes. This equips mobile robots with the
capability to tackle the intricacies of dynamic real-world environments effectively.
The work in [25] is applied to learn navigation tasks and plan a safe path
efficiently. Nagabandi et al. [26] address adaptability and generalizability in

dynamic environments, while Koh et al. [27] improve real-time capabilities for
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practical navigation experience in aircraft inspections. While humerous mature
algorithms for obstacle avoidance exist, the development of highly robust
obstacle avoidance algorithms, particularly those enabling robots to operate
effectively in unstructured environments, remains an area meriting further

investigation.

This research paper comprehensively analyses learning-based approaches to
autonomous ground robot navigation within complex environments. It aims to
facilitate obstacle detection, obstacle avoidance and path planning within MRO
hangar environments' challenging and confined spaces, striving for safe and
intelligent navigational outcomes. The application of deep learning-based
detection techniques, including deep reinforcement learning DRL [25], Fast R-
CNN (Fast region convolutional neural network) [28], and YOLO (you only look
once) [29], have been extensively studied. These models can detect obstacles
with varied and unpredictable form dimensions and even under challenging
lighting conditions. Each technique employs unique methods; DRL utilises policy,
value, and reward systems, while YOLO & FAST RCNN uses bounding boxes
and class labels to provide comprehensive information. In combination with
sensor fusion, visibility in low-light situations and improved detection capability
can be attained, consequently enhancing obstacle-free path planning and
adaptation to a wide range of scenarios. Multiple sensor information creates a
more robust and accurate representation of the environment, which is used to
train and enhance the applicability and reliability of the model [14]. This study
presents numerous learning-based mobile robot navigation algorithms proposed
to address navigation difficulties, enhance motion decisions, and generalise in
changing and complex hangar scenes. These methodologies are organised into
three distinct categories: deep learning, object detection and hybrid approach, all
focusing on improvements in environmental perception, adaptability and safe
navigation capabilities in handling complexities and uncertainties inherent in a
changing and dynamic environment. The core components of learning-based
methods discussed in this review work are shown in Figure 2-1. The significant

contributions are summed up as follows:
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e This study examines learning-based navigation strategies, emphasising
efficiency, safety and adaptability for use in complex settings such as MRO
hangars.

e The review categorised algorithms based on deep learning, obstacle
detection, and hybrid techniques, contributing to the generation of optimal
and safe paths in a given environment.

e It elucidates these algorithms' challenges and potential directions for their

applications in real-world scenarios.

The rest of the sections are structured as follows: The subsection of section |
highlights some related literature. Section Il presents the concept of machine
learning and robotics as industry 4.0 (14.0) technologies with their significance in
autonomous mobile robot (AMR) systems for the digitalisation of aircraft
inspection and maintenance operations. Section Ill presents the learning-based
frameworks and potential use cases in aircraft maintenance and repair
operations. Section IV discussed associated difficulties, future trends, and
opportunities, critically looking at simulation to real-world transfer. Finally, the

conclusion and future direction are discussed in section V.

Environmental Learning-base MRO Hangar Navigation
Complexity Framework Navigation Solutions Improvement

Multisensory input

Deep Reinforcement ‘
Changing Structure P learning Obstacle detection Adaptability

Camera

LiDAR Variable Objects Object detection Obstacle Avoidance Generalizability

1
l
l
l
l

Low light condition Hybrid Algorithm Path Planning Safety

Figure 2-1: Overview of the learning-based Architecture in this survey

2.2 Related Work

In recent years, there has been remarkable advancement in obstacle detection,
avoidance, and path planning in different domains. This advancement plays a
significant role in realising the vision of the “Hangar of the future,” which envisions

a highly automated, efficient, and safe environment for aircraft maintenance and
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inspection. Recent studies engaged AMR navigation and interaction with its
environment to automate aircraft inspection in a hangar environment [30].
Thanavin et al. [31] investigated robot navigation mechanisms for aircraft
inspection in complex hangar environments. In [32], the authors proposed an
automated approach to aircraft inspection using a depth camera-based mobile
robot by following a predefined path to the target location. Another work applied
obstacle avoidance control with the mobile robot while navigating around an
aircraft for visual inspection [33]. However, much research has not been done
specifically on hangar environments, but similar challenges have been addressed
in recent research studies. This harnesses the power of deep learning techniques
and the capabilities of various visual sensors such as cameras, LIDAR, and depth
cameras to improve the navigational abilities of mobile robots. This primarily
focuses on overcoming the limitations of traditional methods by enhancing
environmental perception and adaptability mechanisms, thereby effectively
addressing unforeseen complexities and uncertainties of environmental factors
[25]. Many extensive reviews have been conducted to explore the application of
learning techniques in mobile robot navigation, encompassing aspects like

obstacle detection, obstacle avoidance, and path planning.

2.2.1 Object Detection Models applicable to robot navigation.

Deep learning is a promising technique for solving object detection problems and
challenges. Sampo et al. [34] conducted a comprehensive survey highlighting the
multifaceted capabilities of deep learning. These include managing multimodal
sensor data, extracting features, learning complex and high-dimensional states,
and addressing advanced object recognition challenges. In [35], the authors
reviewed recent and successful object detection methods that have significantly
advanced the field of autonomous vehicles. Furthermore, the study in [36]
provides an overview of object detection and segmentation systems specific to
autonomous vehicles, focusing on the detection methods, sensors, and fusion
capabilities to achieve results and extend to related challenges in other
application domains. The research paper in [37] delved into the range of object

detection and tracking techniques, emphasising their generalizability in complex
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settings. The works by Simegnew et al. [35] discuss the capabilities of object
detection models by evaluating object detection metrics from sensor input. The
implementation of the YOLOvV5 object detection model was introduced in [38]
which demonstrates reduced computational demand and improved system
accuracy when tested on KITTI datasets. However, a limitation noted in the
review study [39] is its ineffectiveness in detecting particular environmental
objects. The application of the Faster RCNN two-stage object detector model, as
discussed in [40], addresses detection issues by providing efficient learning-
based object detection and tracking solutions for autonomous vehicles. This
model, however, faces challenges due to its structural complexity and high

computational demands.

2.2.2 Reinforcement learning-based Models used in robot
navigation.

Applying deep reinforcement learning represents another facet of deep learning
methods, specifically in addressing challenges related to robot obstacle
avoidance and path planning [41]. Diverse modalities have been analysed,
including learning from scratch in model-based and model-free states and
learning from experience. The authors in [38] reviewed the transition from classic
obstacle avoidance and motion planning to the capability of the learning-based
approaches, yielding notable results. However, this review focused on applying
RL only in mobile robot autonomous navigation. Significant limitations of DRL in
real-world service robots were elaborated in [42], and to address these
challenges, Zhao et al. [40] explored DRL methods, which represent a synergistic
combination of RL and DL. They highlighted the significant contributions of DRL
in achieving optimal path planning and efficient navigation, particularly in the
context of constraint factors. Jahanzaib et al. [43] reviewed the capabilities of
deep learning through environmental perception and modelling for an efficient

navigation experience.

Most models integrate Q-learning techniques to solve navigation challenges
through path planning and obstacle avoidance using discreet actions [44][45].

The author in [46] used a reward function and continuous action space to achieve
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safe navigation tasks. Imitation learning, the act of behaviour cloning, has also
been adopted recently by many scholars with outstanding success. Mustafa et
al. [47] demonstrated using experience solutions to learn and solve new problems
using machine learning concepts. Whereas the one by [48] reviews imitation and
reinforcement learning methods that build essential obstacle perception and
control mechanisms from environmental data for the fully autonomous and

intelligent robot navigation system.

In another study, the application of behaviour-cloning techniques using the fuzzy
controller [49] and from human demonstration [50] [51] demonstrated
optimisation of the robot's navigation experience. The concepts of intelligent robot
navigation have been significantly enhanced with learning-based systems,
including supervised learning that focuses on feature extraction and adaptability
in changing environments leveraging vast amounts of data [52]. Some of these
have been integrated into the conventional algorithms to enhance their suitability

in real-time applications and real-world environments.

2.2.3 Navigation with Hybrid Models

The combination of classical path-planning and learning techniques, presumed
to offer more excellent practical stability, has garnered considerable attention. A
comprehensive review of navigation conditions in static and dynamic
environments was conducted by Patel et al. [53], exploring potential hybrid mobile
robot navigation techniques and the suitability of their performance across
various environments. In their work, Shrinivas et al. [54] in their work explored the
advantages of hybrid methods with reference to different areas of application.
Salim et al. [55] reviewed integrating neural network-based solutions, focusing
on input, output and environment state and their ability to address major obstacle
avoidance and path planning constraints. The work in [56] comparatively
analysed heuristic neural network algorithms for path planning and obstacle
avoidance. Wenzheng et al. [57] further explored the application of real-time
neural network algorithms for generating collision-free routes to the destination,
aiming to improve robot systems' motion control and obstacle detection accuracy.

Overall, this paper leveraged many learning-based navigation methods studies,
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providing a broader understanding and recommendation on the application and
suitability of recent models based on their functionalities in complex

environments.

2.3 Concept and Background

2.3.1 MRO Hangar in Aviation

The aviation industry has continually revolutionized to improve the safety and
reliability of aircraft usage in air travel. The traditional aircraft maintenance and
inspection approach involves semi-automated systems with human control to
execute tasks. Sensing and navigation systems are usually pre-programmed to
follow predefined inspection paths and do not adapt to unexpected conditions or
obstacles. These factors are time-consuming and increase the overall operation
cost. There is a growing need for more advanced and automated systems,
potentially reducing cost and enhancing safety. The aviation industry has adopted
the application of robotics solutions to enhance the MRO processes of aircraft
towards the “Hangar of the Future” initiative. The MRO hangar represented in a
simulation model shown in Figure 2-2 is a major part of the Aviation sector where
industry 4.0(14.0) technologies have gained wide adoption and are instrumental
in improving safety and operational efficiency in the environment [30], [58].

Robotics and artificial intelligence are some of the critical enablers of 14.0, as

illustrated in

Figure 2-2: Simulated Cranfield University MRO hangar
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Figure 2-3. These technologies have been effectively harnessed using
unmanned vehicles, including intelligent ground robots for autonomous
navigation in a busy and changing hangar environment, particularly for
inspection, maintenance and repair tasks. A comparative description of the smart
application of robotics over the conventional method is shown in Table 2-1. The
use of mobile robots have emerged as a promising technology that enables
efficient and precise operations in many tasks implementation, including
assembly, drilling, painting, and inspections. Intelligent Robots use machines
built and programmed to perform a specific task, combined with artificial
intelligence techniques that instil and optimise intelligence through automated,
data-driven learning capabilities. The integration of these technologies has
spurred a digitalisation drive within the sector, promoting the concept of “Hangar
of the future”. This is where intelligent robots play major roles by improving aircraft
inspection efficiency and reducing aircraft-on-ground (AOG) time and overall

operation cost.

A typical hangar environment is characterised by highly complex configuration
space due to unstructured and dynamic objects that vary in shape, size, and
colour. Low-light conditions in such environments can also impact visibility in
certain areas. These factors pose a challenge for robots, as their ability to
navigate from the starting point to the target location is constrained by objects
and changing environmental structures [59]. Mobile robots must proactively
engage with their surroundings, interacting with and exploring the aircraft
environment to ensure efficient navigation experiences [60]. In this process, they

generate valuable information using.

Table 2-1: Comparing MRO hangar's traditional and intelligent robotics applications.

Tasks Traditional Intelligent robotics
approach application

Inspection Dependent on | Enhanced accuracy

accuracy program quality and | facilitated by learning and
human interaction data analysis.
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detection and | planning algorithms

Automation Manual -semi- | It is fully automated with
level automated with | limited human input.
human oversight
Algorithms Predefined algorithms | Sensor fusion, advanced
combined with | navigation algorithms and
essential sensor input | machine learning models.
Obstacle Basic, simple path |l am using real-time and

advanced deep-learning

maintenance time and

error management

navigation models to enhance path
planning.
Task Best suited for | Able to manage varied and
performance repetitive and defined | complex tasks.
tasks
Cost Higher cost for longer | Lower maintenance

engagements and cost.

Various sensors facilitate the detection of environmental features, including

positions of obstacles, which are essential for environment modelling and safe
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navigation to their destinations [61]. Different machine learning-based
functionalities have been developed, leveraging environmental information for
robotic applications [41]. These have been demonstrated through various robotic
platforms, such as the human-like robots from Boston Dynamics and the Crawling
inspection robot by Cranfield University [62]. These robot systems follow
standard robot architecture comprising sensory data acquisition, environmental
perception, decision-making process, and execution of actions. This architecture
Is embedded within the robot’s hardware framework to effectively learn the robot’s
orientation relative to a set of state space variables for optimal navigation in

complex and dynamic environments.

Figure 2-3: Industry 4.0 technologies

2.3.2 Intelligent Robotic in MRO Hangar

Mobile robots encompass comprehensive system structures that work together
through perception, detection, motion planning and control, as illustrated in
Figure 2-4, to perform a series of navigation tasks. Robotic scientists in this field
have proposed many intelligent technologies integrated to form an Internet of
Robotic Things (IORT) that can interact with the environment and learn from
sensor information or real-time observation without human intervention [63]. This
technology empowers robots to operate more independently and make decisions
based on the information they gather from their environments. Machine Learning
(ML) is an Artificial Intelligence approach at the core of these enabling intelligent
technologies with widespread adoption [64] become an essential component in
accomplishing many intelligent tasks in robotics. The ML techniques incorporate
sensor information fusion, object detection [65], collision avoidance mechanism
[66], pathfinding [67], and control systems [34]robot’s autonomous navigation
problems [68] Diverse arrays of sensors, including Laser scanners, cameras,
LIDAR and others, are leveraged for information gathering, mapping, obstacle
detection, and robot positions and velocities. The fusion of information from these
multiple sensors has brought a paradigm shift in developing more robust and
accurate models of robotic systems. The multisensory fusion augments the

capabilities of each sensor, thereby enhancing the overall system's visual
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perception and its efficacy in obstacle detection and avoidance under various
operational conditions [69]. ML methods have revolutionized robot navigation,
especially in unstructured and complex environments, by offering highly accurate
and robust capabilities [70], from properly recognizing and categorizing objects
from photos or video streams in real time to training models by learning from data

to adapting to various obstacles encountered during navigation.

ONBOARD
COMPUTATION

Actuators SENSORS Perception

|IORT

(Internet of robotic things)

Planning Control »  Action

Communication ) Intelligent
(internet) control

Figure 2-4: Structure of Robotic Intelligence.

2.3.3 Robotic Navigation

Autonomous robot navigation entails mapping, localisation, obstacle detection,
avoidance, and achieving an optimal path efficiently from a starting point to a
predefined target location [64]. The nature of obstacles encountered can be static
or dynamic, depending on the environment structure. Navigating such an
environment can be challenging due to the reliance on the sensory and real-time
capability of analysing the vast amount of environmental data. Some of the robot
navigation problems include the need to accurately perceive, identify, and
respond to the environment's geometry, the robot's shape, obstacle types, and
obstacle position using a suitable model. However, improper navigation
processes often result in inaccuracies in perception, the development of flawed
models of the environment, and emergencies of learning complexities,
significantly limiting the robot from achieving its navigational goal. Applying

advanced computational techniques like parallel processing and deep neural
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network (DNN) algorithms has significantly improved the navigation experience.
In the context of a neural network-enabled approach for obstacle avoidance and
path planning, the architecture encompasses several interconnected modules,
each contributing uniquely to overall system efficiency. As illustrated in Figure 2-
5, the modules collaboratively contribute to achieving optimal path planning,
adapting to changing scenarios, and minimising obstacle collisions in complex

environments.

For many applications, various researchers have added specialist knowledge and
undertaken studies to improve these modules to solve navigation problems. In
most cases, the agents learn from data or through trial and error to master
navigational skills and facilitate the generalisation of learned skills in similar
settings in simulation environments, which is valuable for reducing training time
and real-world difficulties. The virtual platform helps manage environmental
factors and task structure that can influence these models' efficiency, adaptability,
and reusability before transferring to the real world. In the MRO hangar
environment context, the robotic systems are subject to complexities and
uncertainties due to the unstructured nature of the settings, variability in object
types and sensor capacity. This demands robust solutions capable of perceiving,
responding and adapting to real-time changes.

2.3.4 Vision Sensors

Mobile robots must thoroughly understand their environment to perform robotics
tasks effectively. To achieve this, robots are equipped with sensors to perceive
and gather relevant information from the surroundings. Vision-based sensors,
including LIDAR and Cameras, have become the most used equipment for
unmanned vehicles (UV) detection and navigation tasks [71]. LiDAR is

extensively used in the detection and tracking of

v
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Figure 2-5: Learning-based Path planning framework.

AMR, even though it may be more costly than some alternatives. The sensor can
obtain reliable information, including basic shape, precise distance
measurements, and position of the obstacle and is more efficient in different
weather and lighting conditions [72]. However, it is limited in capturing objects
with rich information that is required to achieve precision for obstacle detection
compared to RGBD sensors [73] [74]. This limitation can result in safety issues
when navigating in a busy and dynamic environment with real-time demand.
RGBD cameras have also shown excellent capabilities, including high resolution
and generating rich and detailed environment information, though within a limited
range, but remarkably efficient in object position estimation using depth
information [75] [76]. However, the performance is highly susceptible to lightning
conditions, which can be associated with specific areas in the hangar
environments. The hangar environment significantly influences the choice of
appropriate perception sensors for operational use within the space. Obstacle
detection sensors are designed to interact with the environment and generate
environmental data through sensor devices. They then use algorithms based on
computer vision and object recognition for obstacle detection, tracking, and
avoidance in a navigation system. To complement the capabilities of the RGB
camera, depth sensing was combined in [77] to provide an accurate distance
between obstacles and the robot position based on operational range and
resolutions. The author in [78] employs depth camera information to estimate
robots' poses for an efficient navigation experience. Depth cameras like Microsoft
Kinect, Intel RealSense, and OAK-D offer valuable 3D spatial data that can
precisely enhance robots' understanding of their environment. The integration
facilitates obstacle sensing and state estimation for robust obstacle avoidance
and path planning. Like the RGB cameras, variable lighting conditions and
environmental factors can affect the accuracy of the perceived obstacles and
position. This perception constraint is part of obstacle avoidance and path-

planning challenges in complex settings.

Recent research has significantly contributed to intelligent obstacle detection and

avoidance solutions based on sensor usage and algorithm improvement.
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2.3.5 Obstacle detection

Obstacle perception and identification for robot navigation involves locating
potential obstacles that could influence a robot's ability to navigate its
surroundings. The mobile robot utilises its sensory systems, including LiDARS or
cameras, to perceive and understand its environment, enabling it to plan a safe
and collision-free path to its intended destination. Deep Learning has gained wide
adoption in research and industry, leading to the development of numerous
navigation models that leverage different object detection models and sensor
inputs for robot obstacle detection and avoidance systems. Most recent object
detection methods are based on convolutional neural networks (CNN) like YOLO
[79], Faster R-CNN [28], and single-shot multi-box detectors [80]. Faster R-CNN
is renowned for its high detection accuracy and employs a two-stage deep
learning framework. This network structure impacts the computational efficiency
and speed, which are crucial for real-time applications [81]. On the other hand,
the YOLO model is a one-stage object section approach known for significant
speed and real-time performance. This makes it well-suited for autonomous
mobile robot navigation, where prompt decision-making is vital for obstacle

avoidance and motion control.

2.3.6 Obstacle Avoidance

Ensuring the safety of the working environment is a primary priority when
deploying mobile robots for navigation tasks in complex environments. The safety
solution should be able to perceive the environment and take proactive actions
using reliable sensors to avoid obstacle collisions [66]. The mobile robot should
be able to identify a safe and efficient path to navigate within its operational
environment, which may contain static and dynamic obstacles to the target
destination. Different learning-based obstacle avoidance algorithms have been
developed to enable robots to effectively and precisely complete intended tasks.
Some are integrated with local and global planners to efficiently adjust the
direction and speed of robot motion in response to detected obstacles within
static and dynamic environments to generate an improved path to reach the

target location [82]. Recent review studies, learning-based models in robotic
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navigation, have demonstrated notable success by learning and generating
obstacle data from the environment sensors. These models extract obstacle
features from images and video streams, allowing them to classify and locate
different obstacles within the given environment. Integrating these models into
Robot operating system (ROS) based planners has improved robotic navigation
performance. Planning algorithms like the Dynamic Window Approach (DWA) )
[20] have good capabilities in a dynamic and complex environment and have
been widely combined with learning algorithms for more excellent capability,

efficiency, and intelligent path planning [83].

2.3.7 Path Planning

Autonomous learning in path planning has made significant progress recently,
where technologies such as CNN and deep reinforcement learning have been
increasingly adopted. Path planning entails a sequence of configurations based
on robot types and environment models that enable robots to navigate from a
starting point to a target location [84]. The environment can be mapped to
represent geometric information about the environment and connectivity between
nodes or maples. The map-based method enables the robotic solutions to
compute the robot's dynamics and environment representation for an optimal
global path planning to the goal [85]. Local path planning relies on real-time
sensory information to safely navigate static and dynamic obstacles. Another
aspect of path planning configuration is the maples model, which requires no
predefined map of the environment but capitalises on frameworks like deep
learning models to learn and enhance optimal navigation strategies. Path
planning in an MRO hangar can be challenging as the environment is often
changing and complex with a high density of obstacles. To ensure a robust
obstacle-free path, ongoing research is focusing on path tracking [86], advanced
deep learning [87] and hybrid approaches for more autonomous and intelligent

robot path planning to target locations [83].
3.8 Path tracking

Safe and efficient robot navigation requires a path-tracking system that guides

mobile robots along the planned trajectory to a target location, managing and
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minimising deviation from the scheduled route. This involves continuously
monitoring and updating the planned route based on sensor feedback and the
changing environment. The work in [86] reviewed path-tracking algorithms
relative to high and low speeds. For high-speed applications, the reaction time
available for the robots to perceive, process and respond to obstacles is
significantly reduced at high velocities, making it harder to execute quick and
sharp manoeuvres without compromising stability or safety. Looking at low-speed
use cases, the application of robotic systems in MRO hangars involves low-speed
movement and the requirement for precise path tracking in complex settings. The
low-speed movement of these robots can lead to path-tracking errors, especially
when dealing with sharp turns and frequent changes in direction. Accurate
modelling of low-speed dynamics is essential to adjust the robot's behaviour for
optimal path tracking. The combination of adaptive control systems, sensor
technologies [88] capability for robot navigation in such scenarios. From the study

in [89]variety of scenarios [90].

2.4 Learning-based navigation techniques

The dynamic and unforeseeable state of edge cases in the real world makes
applying the navigation task challenging. Ensuring that the systems can detect
and respond effectively to changing and unstructured scenarios is essential for
safe and reliable navigation [91]. The conventional approach, which works best
in a static environment, is known to be computationally intensive and must be
adjusted to varying environment states and motion dynamics. The learning-based
approach has been instrumental in addressing the limitations of the traditional
methods. These methods utilise complex neural network architecture to process
sensory data and extract relevant features, allowing them to adapt to a wide
range of environmental structures and make more informed decisions [48]. The
primary focus of this paper is on integrating deep learning methods that
specifically address challenges associated with obstacle detection, avoidance,

and path planning in dynamic and complex environments.
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2.4.1 Deep Reinforcement Learning (DRL)

This represents a transformative autonomous navigation approach that combines
the perception ability of deep learning and the decision-making potential of

reinforcement learning to effectively map sensory input to navigation actions,

Y

State T Reward (R,) Action
A

Rt+l

Environment

Figure 2-6: Overview of interaction between agent and environment

leading to an improved end-to-end navigation process. The DRL-based
navigation model description, shown in Figure 6, has demonstrated a great
capacity to achieve safety, adaptability, and efficiency by learning about the
workspace with less reliance on the accuracy of sensor information. The Deep
neural network functionalities of the DRL, like CNN and Autoencoder (AE), can

automatically extract varying features from highly complex environments.

Researchers have adopted this paradigm and have developed different
approaches that address autonomous navigation challenges by leveraging DRL
algorithms like Proximal Policy Optimization Algorithms (PPO) [92], Deep
Deterministic Policy Gradient Algorithms (PPO) [92], Deep Deterministic Policy
Gradient Algorithms (DDPG) [93], Trust Region Policy Optimization (TRPO) [94]
and others. Most of these algorithms are constrained by sparse rewards [95]
which impacts model training and convergence rate. Some proposed methods

have been shown to discretise the action space. However, these have achieved
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limited success in addressing the complexity of specific settings. On the other
hand, the Policy gradient approach, utilising gradient descent, has been applied
to solve continuous space problems by calculating the policy parameters to
maximise the expected reward [96]. In achieving optimal navigation in complex
environments, value-based RL algorithms have shown enhancement for
applications involving discrete action spaces by using an argmax to choose the
action with the highest Q-value [97]. Further improvement is achieved by
adequately tuning system hyperparameters and incorporating deep learning
functions. This includes multiple hidden layers, extensive datasets, RelLU
activation functions, and Adam optimiser. Such configurations have been
demonstrated to achieve efficiency in obstacle detection, avoidance and path

planning in autonomous navigation systems.

Table 2-2. Comparison of papers on DRL-based robot navigation systems.
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Ref | Principle. Method Model | Strength Limitations

[98] | Avoid Obstacles | Deep Q network | Model- | Can learn from | Applicable in
and Navigation. (DQN) & | free very depth noise less complex

Duelling Double settings.
Deep Q network
(D3QN)

[99] | Path planning in | DDPG Model- | Optimal path | Predefined
continuous free generation  with | tracks can
space. less obstruct

environmental efficient

information navigation in
high-dynamic
scenes.

[93] | Generalization LSTM + DDPG Model- | 100% success | Only
ability of path free rate, 18.8% better | considered
planning. training time and | static

21. obstacles.
% shorter
distance covered.
[100] | Collision-free DDPG with a | Model- | An improved | Network
navigation. separate free replay mechanism | parameters
experience. was adopted for | are randomly
training and | set, and
improved network | limited in real-
performance. time
situations.

[101] | Object Deep neural | Map- Average Require a
recognition and | network (DNN) based | recognition more complex
robot navigation accuracy of 80%. | environment

to validate
real-world
applicability.

[102] | Object detection | CNN Model- | Can detect and | The default
and tracking for based. | track multiple | ROS
navigation obstacles. algorithms

used are
limited in
complex and
real-time
demanding
environments.

2.4.2 Object detection model.

Effective obstacle perception and detection are fundamental to ensuring robots
can plan collision-free movements. The mobile robot utilises sensing systems,
including LIDARs or cameras, to perceive environmental features that could

interfere with navigation tasks. Various methodologies are adopted to improve
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these capabilities. Some are designed for static settings, detailed environment
maps, sensor fusion, and dynamic scenarios, potentially enhancing navigation
ability. The integration of machine learning has proven great efficiency and
accuracy in object detection applications. This learning-based method drives
learning from data to perform MR navigation tasks through domain knowledge
[56]. In the MRO hangar context, the changing environmental structure with
varying object types, occlusion and low-light conditions limits the capability of the
learning model. It requires more training costs to scale to new environment
variables. These are among the major difficulties of obstacle detection in real-
world mobile robot navigation that have resulted in many environment-related
accidents. Object detection algorithms use the explicit definition of environment
variables like obstacle size, shape, depth and object distance range in the
environment [64], [72] to predict obstacles, improve obstacle avoidance and plan
a smooth route to the destination. Most algorithms employ pre-trained object
detection networks to develop models relevant to obstacle avoidance and path-
finding optimization. Some that are widely applicable in robotics system include
CNN, Faster R-CNN, and YOLO.

2.4.2.1 CNN

CNN is a type of deep learning framework that is characterised by numerous
convolutional layers instrumental in processing and analysing input data.
Structured with potentials to identify and extract relevant data features from
images automatically as required for detection and classification in real-time
settings [64]. Recent studies have shown different approaches to developing
object detection and collision avoidance models. Qi et al. [103] used Dropout and
DropConnect techniques to improve CNN trained on Pascal VOC public datasets
to detect and classify obstacles in difficult settings, improving object detection
accuracy. Additionally, Mechal et al. [104] presented a CNN model trained with
different types of images, such as RGBD, RGB and HSD, enabling the
classification of obstacle avoidance actions. [103], [105] used CNN to estimate
the depth of objects in an image to consequently steer commands for a quadrotor.
This study provides evidence demonstrating the superior performances of CNNs

compared to traditional methods. Similarly, Liu et al. [106] proposed a CNN
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vision-based improved model for obstacle avoidance, aiming to generate steering
commands for a mobile robot while reducing the need for complex and time-
consuming hand-engineering of features. The ability of CNN to learn feature
representations directly from raw image data without the need for manual feature
extraction marks a significant advancement in the field of object detection and
has led to widespread adoption in various applications, including autonomous

vehicles and robotics.

2.4.2.2 Faster R-CNN

Faster R-CNN is an extension of CNN based on the region proposal network
(RPN), which is classified as a two-stage convolutional neural network. This
sophisticated approach is intended to create bounding boxes for each proposed
region and then extract important features from these regions, making it easier to
classify the objects contained in each region later [81]. Faster R-CNN is
mentioned in Lee et al. [107] paper where it was used to assist unmanned
vehicles to avoid collision. Mahendrakar et al [81]. employed this technique to
ease robot navigation while showing the excellent accuracy of the Fast-R CNN.
In the study conducted by Hakim et al. [108], Faster R-CNN was explained to
operate in two phases. Initially, it generates bounding boxes around several
objects within an image, and subsequently, in the second phase, the proposed
regions undergo classification to accurately detect objects. Compared to other
object detection models like YOLO, Faster R-CNN is more precise in the object
detection process with a more comprehensive and multiple-layer structure [103]
and this makes it an attractive option for real-time applications. However, the gain
in accuracy comes at the expense of real-time identification speed, as the
algorithms exhibit slower performance in this regard. In addition, significant time
is required to collect training data in the case of multiple-layer CNN models [109].
Real-world applications require obstacle detection systems with high accuracy
and real-time capabilities to efficiently respond to the increasingly complex
demands of different domains. Faster R-CNN is potentially more computationally

intensive and of low inference.
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2.4.2.3Y0OLO

YOLO, on the other hand, utilizes a single-stage kind of object detection with
bounding box coordinates created around detected objects in the grid-based
network. The technology programs images in grid cells with bounding box
coordinates, confidence scores and object type information for object detection
[81]. Emmi et al. [110] compared YOLOv3 with Retina Net-Resnet to address
map-building challenges and selected YOLO based on its performance. Cao et
al. The author in [111] based its solution on YOLOvV3 to achieve high accuracy in
object detection and system and processing speed to enable efficient underwater
robot navigation. Also, Mahendrakar et al. [81] proposed improved YOLOV5 in
autonomous navigation to demonstrate the effectiveness of YOLO in real-time
situations. This is a significant factor in real-time object detection, as that
practicality of object detection models lies on their processing speed considering
real-world uncertainties. the speed of the process holds significant importance for
practical obstacle avoidance. Comparative analysis between YOLO, CNN and
Faster R-CNN [112], highlights YOLQO’s superior adaptability in real-time object
detection scenarios. While YOLO’s speed and adaptability make it an attractive
option for real-time applications, its dependency on extensive training data
underscores a potential limitation, especially in an environment with data scarcity.
Therefore, the choice between the object detection models should be guided by

specific application requirements to balance speed and accuracy.

2.4.3 Hybridization with Neural Network

Hybridisation of algorithms has become commonplace as it integrates the
strength of learning and non-learning methods to achieve more effective,
accurate and reliable obstacle detection and avoidance solutions. This section
investigates notable publications on classic ROS-based and machine-learning
methods. The concept of Robot operating system (ROS) navigation planners
provides a detailed framework that can integrate different types of algorithms and
sensors to develop complex robotics applications [4]. Emerging solutions have
utilised neural networks (NN) to optimise traditional path planning and obstacle

avoidance techniques in recent times[55], [113]. A neural network is a layered
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framework of inter-connected nodes that takes input based on a designed task
and produces network prediction or classification as output. The author [113]
applied a long Short-Term memory (LSTM) neural network using a robot pose
and agent to obstacle distance as input to solve end-to-end path planning while
avoiding a dynamic obstacle. Another work in [114] used a padding mean neural
dynamic model to address the challenges of traditional neural dynamics by
enhancing the completeness and optimality properties of path planning in static
and dynamic environments. However, integrating multiple techniques can
increase computational demand and the system's complexity and affect real-time
performance. Other factors, like environment dependency, may affect

generalizability to different platforms.

Table 2-3: Recent solution with integrated ROS and Object detection models

Ref Sensor | Environme | Learning Strength Limitations
nt
Algorithm
[115] | Vision Dynamic YOLOv4 and | Increased 3% Reduced
sensor inSim/real ROS DWA detection speed | detection accuracy
world of 15 FPS
higher
[116] | Vision Static & Yolov3 & Improved Default ROS
sensors | Dynamic in obstacle planners used
Simulation | ROS DWA avoidance with require improvement.
about 82%
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detection
accuracy of

[117] | Monocul | Complex in | Fully Reduced path The model cannot
ar simulation Connected length and adapt to changes
camera Network optimised due to limited data

(FCN) & A* trajectory coverage.

[118] | RGB-D Static in CNN &ROS Improved Limited in low-light

cameras | simulation autonomous situations
navigation with
camera and IMU
Sensors.

[119] | Lidar Complex in | ROS & Improve Limited to a static
and simulation YOLOV3 obstacle environment.
camera detection and

navigation
performance.

[120] | RGBD Static in Yolo3 & Successful Require trade-off
image Real world | odometry collision-free between speed and

program trajectory obstacle detection
accuracy.

[121] | LIDAR Static in YOLO+ 70% less time to | Used a sensor with

Real world | Simultaneou | compute limited functionality
s localization | inference which | and in a less
and mapping | improves complex
(SLAM) obstacle environment.
detection and
navigation.

[122] | Monocul | Dynamic MASK R Improved Obstacle detection
ar Real-world | CNN (Region | obstacle accuracy is limited
camera Convolutiona | detection in low- | when the robot to

| Neural light situations. obstacle distance is
Network) less than 1.5m.
[123] | LIDAR Static in Yolov3 +ROS | Improved Robots lose the path
Real world | global planer | obstacle to the target location
avoidance in a when two obstacles
static are close to each
environment. other.

2.5 Drawbacks and Future Work

Most obstacle detection, avoidance, and path planning solutions are unstable and

require robustness to be applicable in real-world scenarios. These systems rely
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on various parameters, and finding suitable configurations is complex and results
in unpredictable performance [113]. This can be exacerbated when dealing with

limited training data. Generating data and experience from

Table 2-4: Strengths and limitations of hybrid systems solutions in obstacle avoidance

and path planning.

Ref. | Model composition Strength Limitations
[124] | Multilayer perceptron | Avoid obstacles and | Inability to integrate with
(MLP) find the shortest path | other path planers
significantly.
[113] | Long Short-Term Memory | Completeness and | The experiment is limited
(LSTM) synchronised with | optimality of path | to the simulation
ROS planning environment.
[125] | CNN-based ROS with | Improved obstacle | Limited in dynamic and
ROS-cafe avoidance and motion | complex environments.
control
[117] | FCN and A* Obstacle  avoidance | Use of only a camera
and path planning which limits the field of
view (FOV)
[118] | CNN & ROS Obstacle detection and | Limited in a dynamic
avoidance setting
[126] | Sampling-based planner | Improved path | Scaling to complex
(RRT*) and conditional | planning problems can be difficult.
variational ~ Autoencoder
(CVAE).

The robot’s environment through perception and interaction can be challenging
owing to environmental factors, system functionalities and even the robot’s
dynamics. These can impact the functionality and capability of the algorithm,
especially in cases where sufficient and relevant data is required for practical
robot training. Conversely, recent research has demonstrated the significance of
extensive and versatile data and experience to improve end-to-end robot

navigation experience. Robots tend to generalise better in this case and can
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apply learned skills to novel situations, making them reliable in real-world

applications.

The effectiveness of learning-based methods also depends on the quality of
sensor information. Poor sensor data can affect robotics solutions' stability,
reliability and performance. They can be subject to high inaccuracies and noise
in sensor data that breed uncertainties and deviations in performance, affecting
safe navigation [127]. Calibrating and simulating sensors to match actual sensor
specifications are essential to bridge the gap. Also, augmenting simulated sensor
data to replicate the noise, uncertainty, and limitations of real-world sensor
properties should be able to fine-tune the robot’s ability accordingly. Combining
data from multiple sensors with sensor fusion techniques has been proven to

bridge the reality gap.

Another primary research concern is transferring the trained model from
simulation to real-world robot platforms. The simulation environment
accommodates high-level collisions and reduces training difficulties compared to
training in a physical environment, which can be dangerous and cause damage
to the robot [124]. For the learning-based algorithm to be helpful for robot
navigation, it must be swift in adapting to the new environment and generalising
to related tasks without the cost of additional training. Tai et al. [128]
demonstrated a maples motion planner built on observations from a low-
dimensional range laser sensor and asynchronous deep-RL technique to
generalise to a real differential robot platform without further retraining. Achieving
efficient transfer without performance degradation for obstacle avoidance and
route planning solutions requires developing a high-fidelity simulation
environment that closely mimics the real-world environment [106]. However, not
all tasks can leverage knowledge from one another, and some necessitate
specialised models tailored to specific challenges. For example, in an MRO
hangar, the mobile robot domain experience might be specific to obstacles unique
to aviation maintenance settings, and this complexity requires a customised

model. However, integrating advanced Neural networks and deep learning
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techniques has marked a significant improvement in intelligent robotics, paving

the way for more efficient and reliable solutions.

2.6 Conclusion

This research review provides a comprehensive overview of the current
landscape of learning-based object detection and avoidance in emerging
intelligent and autonomous vehicles. The complex and dynamic MRO hangar
environment requires robust and intelligent robot navigation systems to manage
tasks with high demand efficiently. An optimal path planning model is necessary
to generate an obstacle-free and shortest route to the target point through
efficient obstacle detection and avoidance solutions. Recent work in this area
showed improved safety and reliability and significantly contributed to broader Al-
driven robotics in dynamic real-world applications. We critically examined the
inherent functionalities and challenges of applying these models in AV
environments, mainly focusing on the trade-offs between detection accuracy and
avoidance efficiency. Our exploration of various learning-based techniques has
underscored their potential to utilise extensive datasets significantly and
experience learning to enhance adaptability and task generalisation, factors vital
for real-time robot navigation in a changing MRO hangar environment. Choosing
models for safe and efficient robot navigation is an operational environment-
specific requirement. Relative to the MRO hangar scenario, the combination of
deep learning architecture, advanced path planning, and obstacle avoidance
strategies from our recent work using LIDAR and camera data fusion have
enhanced reliability and adaptability in changing structures.

The findings emphasise the need for continued research in this domain,
particularly in developing algorithms that balance performance with
computational demands. These advancements promise to make robotics

systems more adaptive, intelligent, and efficient in the complex environment.
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PART 2: DEVELOPMENT OF DEEP LEARNING
BASED OBSTACLE DETECTION MODEL

The literature review established the gaps in conventional navigation systems
that are majorly based on ROS framework and key limitations in managing real-
world complexities related to busy hangar environment. It also explored the
capabilities of deep learning models and hybrid solutions that have been studied
in recent time. This facilitated the development of YOLO deep learning-based
object detection model to improve the accuracy and real time adaptability of the
navigation system in complex environment. This chapter developed improved

YOLOV5 object detection model and the overview of this project include;
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e Data capturing from TUI hangar and simulation environment.

e Public dataset integration and processing.

e Dataset Integration into the YOLO model.

e Customization with CBAM for improved YOLO object detection.
e Performance Evaluation

e Comparison with baseline model

Paper published in: https://www.spiedigitallibrary.org/conference-proceedings-
of-spie/12536/125360S/CNN-fusion-architecture-with-visual-and-thermographic-
images-for-object/10.1117/12.2665984.full.

3 CNN-FUSION ARCHITECTURE WITH VISUAL AND
THERMOGRAPHIC IMAGES FOR OBJECT
DETECTION

This research paper aims to develop a novel image fusion-based CNN
architecture for enhancing autonomous robotic systems in aircraft visual
inspection within MRO operations. The focus is improving obstacle detection and
avoidance capabilities necessary for safe navigation in complex environments
with diverse obstacles. The crowded and varied nature of obstacles in hangar

environments poses a significant challenge for the current neural network-based
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systems, especially in low conditions. The research developed an improved
YOLOV5 object detection model, specifically tailored using custom fused RGB,
thermal images, and deep learning attention mechanism. The model
development detailed how data was generated, processed, and fused with data
from other sources, including public datasets, to improve the model's capabilities.
This customisation demonstrated an improved model’s accuracy and efficiency
in detecting obstacles in challenging situations compared to the conventional
YOLOV5 object detection model. This development significantly improves the
YOLOV5 model's suitability for enhancing robot navigation and preparedness for

integration into the ROS navigation stack.

3.1 INTRODUCTION

The increasing potential for autonomous mobile robots (AMR) to achieve
intelligent operations has attracted continuous research interest in domains like
the aviation industry. One of the major application areas is visual aircraft
inspection for capturing aircraft surface defects during maintenance, repairs and
Overhaul (MRO) operations in a hangar environment. The busy hangar
environment is inconsistent in structure, with objects of varying shapes, sizes,
colours, and intensities contributing to difficulties in the robot’s real-time motion
control while detecting and avoiding obstacles in a navigation task. AMR requires
high detection accuracy in distinguishing solid and low-density moving objects for
safe navigation in different lighting or environmental conditions. Significant
improvement has been achieved by enhancing the robot’s perception [129] which
is heavily dependent on sensing devices and background information which can
be ambiguous. Thermal and RGB cameras are vision-based sensors used for
object detection in autonomous mobile robot navigation tasks and have different
capabilities based on light variations. RGB camera images provide more detailed
information in good light conditions, but shadows and illumination intensity impair

performance.

On the other hand, thermal images are good at spotting objects of even small
shapes in visually degraded and high-contrast conditions. Still, image information

usually lacks detailed features like colour, which compromises application in
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different scenes and situations. The fusion of visible and thermal images [130]
has improved the perception of object features in complex environments. It has
increased the robustness of the information in object detection and avoidance
tasks. Image fusion-based methods are critical concepts that have been widely
developed in the literature to improve the visual quality of the fused image [131]
and enhance object detection in different applications with more accurate
information and clarity. This includes using traditional methods like deep neural
network-based approach [132], fuzzy logic [133], and multiscale and sparse
representation. These algorithms often rely on handcrafted feature extraction
method to fuse image information. Traditional methods are usually tuned for
specific task or datasets and might not generalise well to new scenarios or object
types. Also designing an effective traditional technique requires significant
domain knowledge which can be time consuming. This can be very challenging
especially for shallow objects [134] and results in poor-quality image
classification. Deep learning methods have demonstrated improved performance
by automatically learning relevant features from the input data.

This research aims to develop an efficient and more robust object detection
technique for mobile robots to respond timely to obstacles and navigate safely in
unstructured and dynamic scenarios using deep learning on fused image data.
Image-based fusion for object detection has been widely studied using deep
learning and applied in different use cases with a reasonable success rate [135]
Convolutional neural networks (CNN) are one of the variants of deep learning
models and are powerful for feature extraction from image data. Recent
improvements with CNN architecture have been proposed to extract relevant
object features and classify them accordingly to enhance object detection, like
ResNet, Alex Net, FusionGAN [136], NestFuse [137], and DenseFuse with
encoding and decoding networks [138] These CNN networks utilise dense
blocks, which compromises computational requirements and limits the real-time

application of the models.

To address this drawback, we propose an adaptive YOLOv5 model [29] based

on fused RGB and thermal images using a pre-processing module and attention
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mechanism to improve object detection accuracy. In addition, the model will
incorporate custom augmentation techniques and a convolutional block Attention
module (CBAM) to take advantage of the image sources' feature dissimilarity to
improve object recognition and avoidance. The goal is to create more informative
images that increase object visibility and improve scene understanding for

accurate object detection and avoidance in challenging cases.

The main contribution of this work can be summarised as follows:

e Multisensory data preparation and processing from simulation, real-world
hangar environment and public datasets.

e The DenseFuse network is utilized to fuse information from multiple
sources such as RGB and Thermal images. To enhance the visibility and
clarity of the input images captured in low-light or dark areas.

e Ther CBAM is integrated into the YOLOV5 model architecture to enhance
attention mechanism and focus on relevant features in the input images to
improve detection accuracy.

e Comparison of the performance improvement of YOLOV5 with the addition
of DENSEFUSE and CBAM using traditional YOLOv5m as a baseline.

3.2 Related Work

Recent research on object detection with multi-source images has shown
improvement and robust environmental adaptation capability. Traditional and
deep-learning detection methods are two critical categories of object detection
that have been widely studied. Conventional methods like the sliding window
approach [139], support vector machine (SVM) [140] and template matching-
based algorithm [141] involve manually designed feature extraction procedures
for object detection and classification in an image. This method is challenging,
computationally inefficient and poorly performed with small and diverse objects.
Therefore, the automatic and hierarchical approach to feature extraction in
convolutional neural network (CNN) algorithms [142] has garnered more
research attention than traditional methods, especially in solving the problems

mentioned earlier.
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The most popular CNN architectures for object detection are based on the single-
stage and two-stage detectors network. Faster R-CNN [143] is among the two-
stage variants that were improved by using region of interest (ROI) and region
proposal network (RPN) pooling. The study in [144] generates sparse related
bounding boxes for target objects using non-maximal suppression technique to
select the region of interest. However, this still is limited in achieving the real-time
improved inference speed required for application in autonomous vehicles. On
the other hand, Yolov5 is among the one-stage detection methods that use a grid
framework to predict the position and classification of multiple objects in the frame
for better detection accuracy. Different improvements have been made in yolov5
in [145]. The model elements' structural adjustment method was used to improve
small object detection and inference time, and [146] authors expanded the cross-

stage-partial-connections (CSP) module to enhance the use of shallow features.

Many more researchers have proposed better models using fused visible and
thermal. Yunfan et al. [147] use a multi-layered CNN architecture that combines
RGB and thermal images for improved pedestrian detection. Wagner et al. in
[148] based detection model to train the KAIST dataset described for pedestrian
detection using merged FIR and RGB images. Osman et al. [149] trained the
YOLOv3 model with a merged image spectrum but required more images to
optimise the network's performance. In [150], a multispectral model based on
Yolov4 with combined RGB and thermal images was used to demonstrate high
detection accuracy and adaptation capability in changing scene scenarios. More
improvement was seen in [151] where the authors used illumination-aware deep
neural networks with visual and thermal images to enhance object detection
performance. Early fusion enhancement was used in [152] by using a CNN-based
fusion module to extract useful features from the RGB and thermal images
towards better object performance. Based on these studies, we have proposed a
fuse-YOLO that leverages thermal and RGB features and a CBAM module for
the yolov5n network to improve object detection accuracy. This will enhance
relevant object feature extraction, lightweight capability, and computational
suitability for mobile robot navigation tasks.
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3.3 IMAGE ENHANCEMENT FOR ROBOTS OBJECT DETECTION

In this context, we focus on improving the performance of an existing deep neural
network capable of recognising different types of objects under varied lighting
situations by supplementing RGB images with thermal images through a fusion
network. The RGB images are known to have high resolution and can capture
detailed information representing environment features. But suffer in low light
scenes where image qualities are impaired, making it challenging to extract
relevant information. In contrast, thermal images are robust to different lightning
conditions, can detect the temperature differences of objects in complex scenes
but are associated with low spatial resolution. This results to less detailed images
and can affect application in daylight situation where colour information is
essential. To address the limitations of each modality, studies have explored
fusion techniques that can combine RGB and thermal data to leverage their

individual strength, provide richer information and enhance image quality [153].

The aim of this project is to develop a pretrained model that can learn from diverse
datasets covering relevant environments and low light scenarios. This model will
be integrated into a robotic platform to improve the navigation system within
hangar environments characterised by varying lightning conditions. This work will
enhance navigation capabilities of autonomous mobile robots, especially in
detecting obstacles that may not be apparent or well captured by RGB cameras,
which are commonly employed in robot navigation. Additionally, it will improve
obstacle recognition and avoidance algorithms necessary for robot application in

aircraft inspection operations.

3.3.1 Overview Of Yolov5 Algorithm

YOLOVS is a popular CNN-based object detection framework that uses a single-
stage architecture and grid of cells to train the detector to operate precisely and
with more visibility, enabling the system to identify any object in complex
environments. It is easy to deploy and train. The architecture comprises the
backbone based on the cross-age partial connection (CSP-Darknet-53) model
[154] that connects convolutional layers to extract object features from input

images at a reduced computational cost. The neck structure is in the middle
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phase and uses a Path Aggregation Network (PANet) [155] to up-sample, down-
sample, fuse feature maps, and extract the multiscale object. This is done at
different levels of the backbone region and helps the model to generalise on
unknown data. It improves the detection and localisation accuracy of objects of
interest in an image. The YOLOvV5 detection head uses a dynamic anchor
assignment approach to cluster the ground-truth objects by adjusting the sizes
and shapes from input images. This will generate multi-dimensional bounding box
information, including probabilities of the object class, confidence and box

coordinates.

The Yolov5 model is configured with a yaml file that is used to define the
parameters that make up the model architecture [145] and has a variety of pre-
trained models represented as YOLOv5n, YOLOv5s, YOLOv5m, YOLOvVSI and
YOLOvV5x where the difference between them lies on inference time and size of
each model in terms of the depth and width of the network [156]. The general
Yolov5 model [29] consist of series of convolutional layers with different kernel
sizes, batch normalisation [157] and ReLU activation functions [158] to optimise
feature extraction and detection accuracy. The YOLOv5Sm model performed
better with our custom dataset and was used as the baseline model in this

context.
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Figure 3-1. The Fuse-YOLO architecture.

3.3.2 Proposed FUSE-YOLO Object Detection Model

The proposed solution combines Densefuse network, YOLOv5m object detection
model and CBAM network, to develop FUSE-YOLO model. This approach
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leveraged the capabilities of each component to enhance image visibility and
model performance in accurately detecting varying obstacle in changing and
challenging environment even in dark areas. Additionally, the solution
incorporates diverse datasets including Synthetic data, real-world TUI hangar
environment data, and LLVIP datasets, to improve the robustness and reliability

of the model.

3.3.2.1 Synthetic Images from the DARTeC simulation model.

An existing DARTeC hangar model was adopted in this project for simulating
robot obstacle avoidance and navigation task relevant for aircraft visual
inspection. The hangar model was integrated into the ROS-Gazebo simulation
environment used in this study. A default turtlebot3 package was implemented
and turtlebot3 simulated robot configured to navigate and capture data from the
environment using camera sensor. A total of 280 images were generated and
annotated using roboflow. Figure 3-2 is a representation of images captured in

the simulation environment.

LI T

Figure 3-2: Synthetic Datasets.

3.3.2.2 RGB Images from TUI hangar

The RGB images are captured from TUI hangar using an RGB camera. TUI
hangar is busy environment with changing and unstructured environment

features. The generated images represent colourful features of the cluttered
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environment as illustrated in figure. Additionally, some part of the images

captured dark areas containing obstacles that are obscure from the visible light

as depicted in the image pairs in figure. The data collected from low light areas

can pose challenges for a deep learning model especially for object detection
task due to poor visibility and image quality. To overcome this, data fusion
approach has shown good improvement [159]. By combining data from multiple
sensors like thermal images and rgb images, visibility and feature detection can
be enhanced in low light conditions. In this use case, the proposed approach
involves preparing the model on large datasets including low-light specific
datasets. By leveraging these datasets, the model can bootstrap its learning
process and adapt more effectively to the changing hangar environment. The
captured images were 365 images, and they were resized, cropped and
annotated using Roboflow platform. Figure 3-3 below is an illustration of TUI

hangar images.
Figure 3-3: RGB images from TUI hangar

3.3.2.3 Thermal Images from TUI hangar

The use of thermal cameras to capture thermal images offer unique advantage
for obstacle detection in complex robot environments. The FLIR T560 thermal
cameras was used to capture thermal images from TUI hangar [13] which
includes diverse scenes, occluded areas and different types of obstacles relevant
to robot’s navigation tasks. They detect infrared radiations emitted by objects in
the environment which makes them effective in low-light conditions but offer lower
resolution images when compared to RGB cameras making it difficult to capture

fine details of environment objects. The RGB and thermal image pairs in figure

68



3-4 are representation of thermal image complementary capability to enhance
detection in images captured from dark areas. Thermal images have grayscale
intensity values, different temperature distributions and provide information
beyond just shape and colour [160]. The YOLOV5 model used in this study,
leverage thermal images to compliment RGB images in improving obstacle

detection in cluttered hangar environment.

The thermal image datasets are labelled with bounding boxes using roboflow
annotation platform [161] around obstacles that the robots need to detect and
navigate around. The pre-processing include image resizing, data augmentation
and converting the annotated bounding box coordinates the format compatible
with the input dimensions of the YOLO network. However, the traditional YOLO
model is designed to process RGB images with three color channels, but thermal
images use single intensity channel. Here the proposed solution introduces
DenseFuse [138] network to effectively fuse the images and reconstruct it to RGB
image format compatible with YOLO input format. The model is trained with these
datasets to learn to detect obstacles that are in the dark or hidden parts as well
as in visible parts of the environment. This enables the robot through transfer
learning to adapt to the changing environment and enhances obstacle

identification and avoidance.

P ————

Thermal Images

RGB Images
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Figure 3-4: RGB and Thermal images Pairs.

3.3.2.4 LLVIP DATASET (Thermal & RGB)

The LLVIP datasets [12] are collection of images captured in low light scenarios
from RGB & thermal cameras, used to develop and evaluate computer vision
algorithms aimed at enhancing images captured in dark environment where
visibility and image clarity is often compromised. This publicly available dataset
comprises images captured from a wide range of dark scenes and environments
using RGB and thermal cameras, shown in Figure 3-5. These images showcase
various real-world scenarios where low-light conditions present challenges. The
LLVIP datasets was pre-processed, tailored for training and evaluating YOLO
object detection model. In the proposed solution, the LLVIP datasets were fused
with DenseFuse and integrated to augment the capabilities of the YOLO model
in detecting objects in low-light images. By leveraging this dataset during training,
the YOLO model can learn to accurately detect objects in challenging lightning

conditions, thereby improving its performance and application in robot navigation

in this context.

RGB-IMAGE THERMAL-IMAGE

Figure 3-5: LLVIP dataset.

3.3.2.5 DATA FUSION WITH DENSEFUSE

YOLO networks are traditionally designed to process RGB images with three
colour channels. Modifying YOLO to accept input from both thermal and RGB

modalities with separate branches for feature extraction and fusion at different
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stages of the network can be complex and computationally demanding. The use
of DENSEFUSE to fuse and reconstruct image with three RGB channels was
adopted for efficient YOLO model training. DenseFuse is a deep learning
framework that employs a feature fusion approach that combines information
from thermal and RGB images to enhance the visibility of objects [130] for
applications like robot navigation. The network layer consists of multiple layers
and dense connections to facilitate feature extraction, fusion and reconstruction
to generate the fused image while preserving spatial details. The feature
extraction is done by the encoder module where meaningful feature
representations of the input images are captured. The network is configured by
taking a weighted average of the RGB, green and blue channel to create a single
grayscale channel. The grayscale is used as the input to the encoder layer which
operates on a single channel and extract features relevant to the fusion task.
DenseFuse maintains a separate pathway for RGB and thermal data at the

encoder layer to process each type of data independently and extract features.

This is transferred to the fusion module, which integrates the thermal and RGB
features using adaptive mechanism to capture precise details and adjust the
contribution of features from each source. At the decoder layer which consists of
deconvolutional layers, the fused features are upsampled by learning to generate
colour channels that are consistent with the original RGB training data. The final
output is presented in RGB format, incorporating features from multiple sources.
The network is trained using default parameter tuning which include learning rate
of 1 x 104, batch size of 2 and epoch set to 4. The model adopts minimized loss
functions to guide the optimization of the network parameters and to preserve
feature details in the fused image. Figure 3-6 shows a resulting fused image from
thermal and RGB images, which is the input to the proposed YOLOvV5 object
detection algorithm.
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Figure 3-6. Representation of Fused RGB and thermal images with DenseFuse

The use of DenseFuse has contributed to the advancement in image fusion, deep
learning and computer vision generally. Recent studies have applied the
DenseFuse network to obtain high resolution fused images in data fusion process
[162]. The work in [146] also used DenseFuse model to enhance data based on
combined thermal and RGB images for YOLO object detection. Another work
[146] applied DenseFuse model to improve the visibility of defect features and
detection accuracy using YOLOvV5. The same approach is applied to seamlessly
fuse multiple image sources (TUI thermal/RGB images and LLVIP thermal/RGB
images) to generate enhanced visible images important for YOLO object
detection model. This will improve YOLO network’s ability to perform object
detection in cluttered and changing environments when integrated into robot

platform for real-time navigation tasks.

3.3.2.6 IMPROVED YOLOv5 WITH CONVOLUTIONAL BLOCK ATTENTION
MODULE (CBAM)

The introduction of CBAM was to enhance the capabilities of YOLO objection
detection model, and its ability to detect objects accurately by providing it with
more robust feature representation. CBAM is a module that enhances features
representation in convolution neural networks [163]. It focuses on critical
information by considering both the Channel attention module and Spatial
attention module as illustrated in figure 3-7. The channel attention module (CAM)
captures inter-channel dependencies in the feature map, assigns weight to each

channel, focusing on informative channels and suppressing the less relevant
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ones. The module computes attention weights for each channel of the feature
maps based on its global average and global maximum pooling representation
as shown in equation 1, computed with equation 2 representing modulation of the
input feature map by the channel attention score. The spatial attention module
(SAM) at the other hand focuses on distribution of feature within a channel,
assigns weight to different spatial locations, learn to highlight important object
regions while suppressing less important ones. The module combines mean and
maximum pooling operation shown in equation 3 to produce attention maps [164]

that is focused on extracting useful spatial information for the target object.

Channel .
) Spatial
— =
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Figure 3-7: The structure of CBAM

The network structure was redesigned by assigning weights to the feature maps
to improve fewer effective features and this can significantly improve detection
accuracy in complex and changing environment. Studies have shown significant
improvement in integrating CBAM into YOLO for accurate object detection. The
authors in [164] integrated CBAM to improve YOLOv5 model detection accuracy
of small objects. This mechanism was also integrated into YOLO model in
another study, to improve detection accuracy apple leaf disease by extracting
useful information [165] In the same order, this study illustrates YOLO model
enhancement with CBAM by extracting relevant information of the target features

improving the object detection accuracy.
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3.4 FUSE-YOLO ARCHITECTURE

The YOLOVS5 is employed in this solution as the object detection model,
leveraging its real-time capabilities and accuracy in detecting objects in images.
The FUSE-YOLO model integrates multiple components including DenseFuse
network that generates fused images, the YOLOv5 model and the CBAM
technique to focus on relevant features and improve object detection accuracy.
The solution incorporates diverse datasets including synthetic data that help to
augment the training dataset, real-world TUI hangar environment data and LLVIP
datasets that provide realistic and challenging scenarios encountered in actual
operational environment. The FUSE-YOLO leverages these datasets to learn
robust representations and adapt to different environment conditions, ensuring

reliable detection of varying obstacles even in the dark areas.

The FUSE-YOLO network illustrated in figure 3-1 has two modules, first is the
Image fusion module using Densefuse [138] with details shown in Appendix B.
This network uses encoder-fusion-decoder architecture with convolutional layers
that extract rough features and dense blocks that extract high-level depth features
from the input to the fusion layer. The fused feature maps are fed through a
decoding network, which reconstructs the fused image using up-sampling and
convolutional layers to improve visual quality. The LLVIP thermal and RGB
images are fused and reconstructed as enhanced RGB output through
DenseFuse, as well as the TUI thermal and RGB images. The fused TUI, LLVIP
and simulation RGB images were merged and fed into the backbone region of
YOLOV5 model for feature extractions. The FUSE-YOLO was Initialise with
default YOLO model trained weight which is pre-trained on MS COCO [166]]
datasets. A redefined data augmentation structure was introduced using image
cropping, flipping, rotation, and contrast adjustment for fused and simulation
images. Also, CBAM attention mechanism was incorporated into the neck region
of YOLO to enhance the distinctiveness of relevant features. (CBAM) [163]] as
shown in Figure 3-3 and detailed in Appendix C consist of the channel attention
module (CAM) and the spatial attention module (SAM) that facilitate useful
features extraction for the target object. The model head region outputs detected

feature maps using a fully connected SoftMax layer, applying anchor boxes with
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object class probability and confidence scores. The fuse-YOLO employs iterative
hyperparameters tuning in the experiment to train and optimised detection
accuracy. This is saved as a pretrained YOLO weight that can be beneficial in
bootstrapping object detection from camera feed in ROS and robot’s environment

for improved obstacle detection and avoidance.

3.4.1 Data Preparation

The yolov5 model is trained on diverse datasets including simulation environment
data, real-world TUI hangar environment data, and LLVIP datasets, to ensure
robustness and adaptability to different environmental conditions and scenarios.
The use case dataset was generated from TUI hangar [13] with standard RGB
and FLIR T560 thermal cameras. The datasets consist of 365 pairs of thermal
and RGB images and 365 fused images and was manually annotated based on
13 categories of objects. This includes crowded images with instances of objects
found in maintenance, repair and overhaul (MRO) hangar environments such as
Chairs, airstairs, persons, waste-packs, cables, materials, stands, toolboxes,
aeroplane-body, ground-vehicles, trolleys, electricals and tires. We use
customised data augmentation techniques to increase the diversity of the training
data, which was relatively small and introduce the LLVIP public dataset [12]
obtained for object detection in low light conditions The LLVIP datasets contains
30976 images with 15488 pairs by default, but 1500 pairs were used in this study.
This results to 1500 fused images which was annotated with four object classes
including person, car, bicycle, and motorcycle and pre-processed to YOLO model
training format. It was added to increase the number of training samples, assist
the model in learning to recognise a broader range of objects and handle various
scenarios. The synthetic RGB images include 7 objects classes including ground-
vehicle, cone, stand, tire, wall, person, and airstairs. All the images were labelled
and pre-processed with Roboflow annotation platform. The images were resized
to 640x640, and uniform format of preprocessing was utilized to maintain
consistency in the network.

Datasets:
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e LLVIP Dataset — Low-light object features (1500 fused images, 4 object

classes)
e TUI hangar dataset — custom (365 fused image, 13 object classes)
e Synthetic datasets (simulation) — 280 RGB images, 7 object classes.
Preprocessing:

The RGB images were configured for DENSEFUSE network by taking a weighted
average of the RGB, green and blue channel to create a single grayscale channel
and images were reconstructed to RGB format after fusion. For YOLOv5 model

training;

¢ Resizing - All the images were resized to 640x640 dimensions to maintain

consistency.

¢ Augmentation —Image cropping, flipping, rotation, and contrast adjustment

for all the images.

The datasets were first added together for training with FUSE-YOLO including
1500 fused LLVIP, 365 fused TUl images and 280 RGB simulation images to give
2145 images. The 2145 images were divided into training, validation, and testing
sets at a ratio of 80:10:10. The custom training dataset contained 1717 images,
and the test and validation datasets contained 214 images, respectively. The next
training was done using TUI RGB and Thermal images separately. The 365 TUI
RGB images as well as the 365 thermal images were divided into 293 for training,
36 images for validation and 36 for testing.

3.4.2 Relevance of the datasets

The TUI hangar datasets and the simulation environment data represents the
robot operational environment in real-world and simulation environment
respectively. The TUI data provides accurate representation of the challenges,
variations and complexities that might not be able to replicate in the simulation
environment. On the other hand, the simulation data are generated from the

DARTeC hangar simulated environment with different objects to compliment and
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expand real-world data. This data is used to improve the accuracy and efficiency
of the YOLO models, before deploying it in real-world applications. The LLVIP
dataset includes a wide range of real-world scenarios captured in low-light
conditions. Training the YOLOV5 model on such realistic data allows the model
to learn robust representation of objects in varying lightning situations and this

improves model performance.

For all the thermal images used, the relevance is to detect obstacles in low-light
situations. The thermal images give the model an understanding of the obstacle
structures in dark situations, improving object detection in dark areas of the
hangar environment. The diversity and volume of images used in training the
FUSE-YOLO model ensures that the model learns to detect objects accurately in
different environment and help the model to adapt to different environmental

factors when deployed in real-world.

3.5 EXPERIMENT AND RESULT

To train our models and guide our studies, we used a dataset of bounding box
annotated objects from the perspective of an autonomous mobile robot
navigation for aircraft visual inspection in a hangar environment. The software
configuration of the proposed model includes PyTorch framework, python 3.9,
and CUDA version 11, running on the Windows 10 operating system (OS). The
OS runs on Intel(R) Core (TM) i7-10750H CPU working at 2.60GHz with 32G
memory. And Jupyter notebook was used to train and evaluate the model. To
ensure that our trained model can detect different kinds of objects, we initialised
the model trained with a pretrained weight based on MS coco datasets which is
the default state of YOLO models [167].

3.5.1 Model Training

To ensure our trained model can detect different kinds of objects, we initialised
the model trained with a pretrained weight based on MS coco datasets which is
the default state of YOLO models. The pretrained weight combined merged
images from the DENSEFUSE output which includes fused LLVIP datasets and
fused TUI hangar datasets and in addition, the simulation environment data. The
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Fuse-YOLO algorithm and baseline YOLOv5m model were first trained on the
merged data with image resolution of 640, batch sized of 16 and 100 epochs.
This is to establish a standard weight for FUSE-YOLO model. The image
resolution of 640 pixel means that each input images are fed into the algorithm at
a consistent width and height of 64 pixels. The batch size accounts for the
number of training samples processed at each iteration of the training algorithm.
This balances between training efficiency and memory constraints. Training for
100 epochs indicates that the mode iterated over the entire datasets 100 times
and this choice ensures that the model has sufficient exposure to the training data
to learn meaningful representations. During trainings, | used the Adam optimiser

with momentum at 0.9 and learning rate at 0.005 for the 100 epochs.

The second phase of the experiment involves training each of the YOLOvV5
variants (Medium, Large and extra-large) and FUSE-YOLO on only fused TUI
images and the performance outcome was shown in Table 3-1.

Table 3-1: Result Comparison between YOLOvV5 models and FUSE-YOLO on fused TUI

RGB_thermal images.

Models mAP(0.5)% MAP(0.5-0.9)% | P(%) R(%)
Yolovsm 65.8 48.8 72.9 64.6
Yolovsl 63.9 48.8 67.5 66.9
Yolov5x 65.1 50.8 72.5 63.4
Fuse-YOLO 68.1 47.9 63.4 74.9

The last phase of training includes training FUSE-YOLO algorithm and baseline
YOLOv5m model independently using each of TUI RGB and thermal images and
using the same standard parameters of 640 pixels, batch 16 and 100 epochs set
for each training stage. The fused LLVIP images were also used to train the
FUSE-YOLO and baseline model to evaluate and compare the performance
outcome. The best weight from each of the trained models was saved and used
to detect the accuracy on test images. The result from these experiments based
on detection accuracy is detailed in Table 3-2 below.
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Table 3-2: Comparative performance of YOLOv5m and Fuse-YOLO on four datasets

based on (MAP)gs.

Datasets YOLOv5m (%) Fuse-YOLO(%)
TUI RGB-Image 58.2 61.8
TUI Thermal-Image 47.4 49.1
Fused TUI RGB_Thermal 62.5 64.2
Fused LLVIP 73.3 75.6

3.5.2 Evaluation Metrics

To evaluate the performance of the proposed fuse-Yolovs model, we used the
custom and public LLVIP datasets to compare the detection accuracy and
computational efficiency. We will review some of the evaluation metrics we
employed in our experiment that are widely used to evaluate the performance of
object localisation. The classification model includes precision and recall, which
measure the percentage of accurate positive detections made by the algorithm
and the rate of accurate positive detections made by all ground truth objects,
respectively. Next is the Intersection over union (loU) concept that measures the
overlap ratio between the predicted boundaries and ground truth bounding boxes
to the union region. It calculates the correctness of object localisation and is used
as a threshold value for accurate measurement with mean Average Precision
(mAP) [168] The mAP represents the standard metric for object detection
accuracy evaluation of a detection model. The speed with FPS (Frames per
second) is another evaluation metric relevant to real-time applications. See the

formulas below representing the evaluation metrics.

Precision = (3-1)
TP+FP
Recall = —— (3-2)
TP+FN
mAP = % Y AP (3-3)
AP = fol Pre (Rec)dRec (3-4)
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IoU (3-5)

- targetUprediction

Where TP = True Positive is the number of correct objects detected, FP = False
Positive is the number of falsely detected objects, FN = False Negative is the
number of missed objects, and AP = Average precision (average accuracy of
each object type).

3.5.3 Results

In each experiment we trained, evaluated and tested the performance of our
model. The YOLOv5m models and FUSE-YOLO were trained and tested on four
different datasets to validate performance. Also, three variants of YOLOv5(m, |,
& x) and FUSE-YOLO were trained on fused TUI images and performance were
compared based on their detection accuracy. The results were recorded and
evaluated to compared performance with baseline YOLOv5m models. The same
evaluation metrics which includes precision, recall and mAP were applied where
the mAP loU threshold was set to 0.5 for each category. In Table 3-1, the FUSE-
YOLO showed significant improvement in detection accuracy of about 68.1%
against the 65% mAP average accuracy recorded for the YOLO variants. This
was graphically represented in figure 3-8 showing improvement with data fusion
(DenseFuse) network and CBAM where both enhanced feature representation of
images and focus on capturing informative object features, and this improved the

overall detection accuracy of the model.

In Table 3-2, Different datasets were used to compare FUSE-YOLO performance
with the baseline model. Focusing on the TUI datasets which is the operational
environment data, The FUSE-YOLO showed better accuracy on all the datasets
when compare with the baseline YOLOv5m. The improved detection accuracy
was more significant on the fused TUI dataset with 64.2% accuracy over 62.5%
recorded for YOLOVS. This is further illustrated in figure 3-5 showing visual
display of detection accuracy with confidence score. The fuse TUI images
showed detection of more object at higher accuracy compared to others, and this
demonstrates the effectiveness of DenseFuse network in enhancing performance

of the YOLO model object detection task. The evaluation with LLVIP was done
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as well. However, it showed higher accuracy due to limited complexities in the
images. The images have 4 classes and less cluttered structure making object

detection task more straightforward, leading to higher accuracy.

3.6 DISCUSSION

The FUSE-YOLO improved mean average precision (mAP) by 1.5% on the fused
TUI custom dataset and 2.3% on the LLVIP, and the precision dimension showed
slight improvement. The general accuracy was minimal by several per cent in
some categories, especially for objects like stands that represent different frames
of stands, while other object classes showed significant improvement. The
proposed model performed better in accuracy than the YOLOVS5 classical models
with significant variations. FUSE-YOLO detected varying objects through the
fusion network, although more improvement is required in especially in data
annotation as this will increase the model performance. The overall experiment
results, showed that the proposed FUSE-YOLO can significantly increase the
identification and detection of objects in complex settings, proving that the

method can improve obstacle avoidance in robot navigation as is in this context.
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Figure 3-8. Performance comparison of the yolov5 models and Fuse-YOLO based on Fused

TUIl images.
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Figure 3-9. Object detection results on the model test using RGB_Thermal image, thermal

and RGB image.

3.3. CONCLUSION

The motivation of this work is to develop a system that improves the accurate
detection of objects of different structures in light variations, and this is a
significant challenge in the design of autonomous mobile robots for aircraft visual
inspections. The research proposes a multi-spectral convolutional neural network
called fuse-YOLO that combines the features information of RGB and thermal
images. The fuse-yolov5 model was developed based on the Yolovbim network
and can detect objects varying at different light variations compared to the
baseline model. The work significantly improved real-time object detection
accuracy by combining RGB and thermal images to help identify features under

bright and low light intensity, respectively.

The experiment's result demonstrated the algorithm's efficiency and was verified
based on the custom and LLVIP public datasets. Compared with the standard
Yolov5 network, mAP's overall value was improved by approximately 2%, and
most object classes' AP were slightly improved. Our model shows great potential
in identifying objects even in low light states and facilitates application in
optimising robot obstacle avoidance and motion control decisions in complex
environments. Further work will be done by training the images independently
and fusing the output at feature fusion or decision fusion level to improve model

performance and generalisation capability.
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PART 3: INTEGRATION OF YOLO MODEL INTO ROS
NAVIGATION STACK

In this part of the projects, the developed and improved YOLOvV5 model was
integrated into the ROS ecosystem. The process of developing the model called
NAV-YOLO was covered in chapter 4 and 5. Chapter four focused on establishing
the concept and working model. However, there were performance issues that
are related to detection accuracy, lag in data synchronisation and slow
navigation. These were the focus in Chapter five and prompted integrating more
recent YOLOvV7 model to improve detection accuracy and real-time capability.
RRT ROS planner was also used in the system development to enhance path

planning. The project highlights include;

e Integration of YOLOV7 into NAV-YOLO
Integration of RRT into NAV-YOLO
e Develop improved NAV-YOLO-RRT

e Performance evaluation
e Transfer to TurtleBot physical robot

e Comparative analysis.

Paper published in: https://www.ijmerr.com/2024/IIMERR-V13N2-219.pdf
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4 Mobile Robot Obstacle Detection and Avoidance with
NAV-YOLO

This paper proposes the NAV-YOLO system, a vision-based navigation model
integrating a pre-trained YOLOVS5 detection model with the ROS navigation stack,
aiming to optimise obstacle detection and avoidance in MRO hangar
environments. This paper used the pre-trained YOLOv5 model developed in
Chapter 3, focusing on improving the detection and avoidance of varied obstacles
in a hangar environment with the robot navigating and performing an inspection
task. The ROS-YOLO integration in this project utilised a camera stream to detect
environmental information. The detected data from the integrated YOLO model
with bounding box coordinates are transformed to laser scan data format to
update the ROS planners with real-time environment information, enhancing the
robot’s ability to detect and avoid obstacles. This paper demonstrated the
model's effectiveness by validating the performance using ROS-Gazebo
simulation and Turtlebot3 waffle-pi robot platform. The paper showed improved
performance results for obstacle detection and avoidance, enabling the robot to
navigate through predefined checkpoints to its target location without collisions in

a modelled hangar environment.

4.1 Introduction

The application of mobile robots for visual inspection has been adopted in MRO
(Maintenance, Repair, and Overhaul) hangars, where a significant level of
autonomy and automation is required to navigate safely environments with
irregular object structures and varying complexities. This implies that the mobile

agents must autonomously observe, detect, avoid, and make control decisions
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from multisensory information to make collision-free navigation in unstructured
and dynamic scenes. One of the critical navigation challenges is detecting and
avoiding obstacles in complex and changing environments, such as busy
hangars, where obstacles of varying shapes and sizes can lead to potential
collisions and safety hazards. Efficient mobile robot navigation requires robust
perception capability [169], and most recent approaches use vision-based
sensors like RGB cameras and LIDAR to gain an understanding of environmental
features and improve object detection, avoidance, and navigation techniques
[170]. Laser devices are more costly, and conventional algorithms based on this
information source are usually complex. On the other hand, RGB cameras
provide depth and feature-rich environmental information and are widely used for
developing robot navigation models. However, extracting accurate obstacle
information from these input devices and modelling it for a reliable and safe

navigation experience is still widely studied.

Over the years, conventional vision-based navigation systems based on the ROS
framework have been widely used. ROS is an open-source robotic platform that
was first released in 2007 [171] to provide classical support tools, packages, and
libraries ready-to-use [4], [172] for developing robotic applications. The ROS
navigation stack is an aspect of the ROS ecosystem with a toolset and
functionalities that equip robots to interact with their environment, avoid
obstacles, and plan paths with reasonable intelligence [173]. This system’s
accuracy, reliability, and environment suitability depend on obstacle detection,
collision avoidance and path planning algorithms. The default ROS (Robot
Operating System) navigation stack uses A* (A-star) global and Dynamic
Windows Approach (DWA) local planning algorithms [174] where the latter
employs a local search strategy that evaluates potential trajectories based on
robot dynamics, environmental constraints, and safety margins. DWA has been
widely used in different domains and has shown promising results in robot local
path planning and obstacle avoidance cases. However, it's challenged with
scenarios that require complex navigation behaviours, accurate real-world
obstacle identification and handling of dynamic obstacles. Also, achieving good

performance with DWA requires handcrafted parameter tuning to suit changing
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scenarios, limiting its capability in real-world applications. Recent advancements
have applied deep learning [175] techniques with Convolutional Neural Networks
(CNN) to learn deeper feature representations from environmental data for object
classification and detection [176] to enhance intelligent navigation. The YOLOv5
(you look only once) model is among the most widely adopted systems for object
detection [14] struggles with detection accuracy in complex and changing
environments, mainly where varying object types and lighting conditions are
critical factors. Different hybrid models have been proposed but are still limited in
performance. The primary focus of this research is to design and develop an
advanced object detection and obstacle avoidance system that transforms
YOLOVS5 detection output into laser scan data suitable for ROS navigation. This
will create a robust and accurate real-time system that can effectively detect
obstacles of varying shapes and sizes in different lighting conditions to ensure
maximum safety and efficiency in the face of uncertainties. In our recent work,
we developed a fused CNN [14] that uses image fusion from RGB (red, green,
and blue) and infrared data to improve object visibility, detection accuracy, and
feature extraction using the YOLOV5 object detection model [14]. The fuse-YOLO
solution is integrated into the ROS navigation stack in this part of the project for

efficient object recognition and avoidance.

This study presents a vision-based navigation model that employs a pre-trained
YOLOvV5 model and ROS navigation stack to improve obstacle detection and
avoidance for safe navigation in a complex environment. This solution uses an
RGB-D camera as the primary perception modality, providing rich environmental
data through real-time visual feedback to enhance the robot’s situational
awareness in busy and cluttered hangar environments. By integrating the
YOLOV5 object detection algorithm, the robot can respond proactively and
accurately to varying and irregular obstacles. The YOLOv5 object detection
model uses deep learning techniques to identify and classify objects [29] in the
robot’s field of view, enhancing robot perception detection and avoidance
capabilities [177] The object detection node is created in the ROS framework to
publish detected objects’ positions and sizes. It is transformed into a laser scan

data representation that interacts with the DWA planner in the ROS navigation
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stack. This provides a complete navigation pipeline for the robot to improve path
planning and obstacle avoidance using sensor information dynamically. The
contribution is to enhance the obstacle detection and avoidance problems in the
complex aircraft hangar environment using coordinate transforms from camera
frames to map frames to improve the accuracy and reliability of the obstacle
detection and avoidance mechanism. The complete research process is shown
in Fig. 1. First, the OpenCV Al Kit with Depth (OAK-D) camera [178] is embedded
in the turtlebot3 waffle_pi robot to gather environmental information through the

detection node created with a pre-trained YOLOvV5 model [14].

Obstacle Detection Obstacle Avoidance
(YOLOvS) (ROS Navigation stack)
|
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Figure 4-1: Integrated YOLO and ROS navigation framework.

The output with bounding box representing object size, position, and distance
estimation is converted to interface with the costmap parameter node in the
ROS navigation stack to detect obstacles accurately and plan a smooth
obstacle avoidance path for the mobile robot. The detection and avoidance
capabilities were benchmarked with YOLOV5 baseline variants and the default
ROS navigation stack. The performance is evaluated, analysed, and validated

with a real robot in an office environment. The overall contribution includes:
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Integrate the OAK-D stereo camera in the Turtlebot3 waffle_pi robot to obtain

environmental information.

Create a ROS node that generates object detection results using pre-trained
YOLOV5 weight.

Develop an improved navigation algorithm by transforming object detection
results to laser scan format for the navigation stack’s local planner to improve

obstacle detection and avoidance.

Evaluate and validate the solution using baseline YOLOV5 versions and DWB

local planner.

The remainder of this paper is organised as follows: Section Il briefly reviews the
related works for object detection and the ROS combination approach in mobile
robot navigation. Section Il introduced the necessary background information on
YOLOVS5 and the ROS navigation stack, along with a detailed overview related to
the proposed methodology. Section IV demonstrates the experimental and
evaluation of the effectiveness of the proposed algorithm. This is followed by
Section V, which dwells on the result and discusses the achieved result. Finally,

section VIl presents the summary and future work of the paper.

4.2 Related Work

The requirement for obstacle detection and avoidance for mobile robots to safely
navigate in complex scenarios is a crucial area of attention in robotics research.
In real-world operations, accurately detecting static and dynamic obstacles is still
a bottleneck. Conventional obstacle detection employs mathematical
approaches, limiting detection efficiency and extracting detailed obstacle
features. Recent profound learning-based obstacle avoidance developments
have gained significance in research and application[179]. Image feature
representations are learned through stacked convolutional layers to realise the
description of environmental-complicated objects [180]. For instance, Madawi et
al. [170] proposed the use of Faster RCNN, which is a region-based convolutional
neural network CNN (R-CNN) and multi-stage object detector model improved to
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detect and avoid hazardous objects using a custom image dataset for an indoor
mobile robot operational environment. Henke et al.[181] proposed a safe
navigation system with YOLOv2 that recognises objects and calculates their
distances to the robot for a control decision. However, these algorithms did not
consider the object’s height and size, which are critical for quality detection and
safety in a complex setting. To improve the detection capability, Hairol et al. [182]
proposed an object detection and avoidance algorithm that can give control
instructions to a mobile robot but is limited to objects with either square or
rectangular shapes. This relates to traditional obstacle avoidance methods based
on mapped environments and struggles with environmental changes and
dynamic structures. Hybrid solutions have been studied to detect and avoid
irregular-shaped objects to address this for real-world applications. Luo et al.
[183] developed Contextual-YOLOV3 with improved environment perception
capability to help identify even small objects and enhance obstacle avoidance
techniques for an intelligent inspection task. Aghi et al. [184] used the ROS
navigation system and CNN techniques to create a resilient navigation model that
is power efficient, and Lee et al. [185] integrated a pre-trained deep convolutional
neural network to detect and classify obstacle types for efficient obstacle
detection and avoidance. In general, research on obstacle and avoidance for
mobile robot navigation is still widely studied, and the introduction of object
detection models to improve performance still requires further improvement. This
paper proposes a new robust and accurate real-time object detection and
avoidance method based on the YOLOv5 and ROS navigation stack that strikes
a balance between accuracy and efficiency, enabling the robot to navigate

smoothly and safely in dynamic environments

4.3 Methodology

For a safe visual inspection with mobile robots, accurate perception and an
avoidance system are required to navigate autonomously in a complex
environment. This paper proposes a combination of object detection and
avoidance methods, as shown in Figure 4-1, where a pre-trained and improved

YOLOvV5 model [14], trained with custom datasets, was integrated into the ROS
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framework for real-time obstacle recognition and avoidance towards improved
navigation for aircraft visual inspection tasks. The study compares the proposed
method against the existing default navigation stack planners: the A* algorithm
and the traditional DWA.

4.3.1 YOLOV5

YOLOV5 (You Only Look Once) is one of the releases of the YOLO family
developed by Redmon et al. [79], a single-stage object detection model that can
learn image features at different scales. Compared to other detection algorithms,
YOLOVS is widely used for its fast inference time and low computer resource
demand, making it efficient for real-time applications [186]. It was built on the
PyTorch framework and uses the CSPDarknet53 backbone structure to extract
feature maps from the input image. The neck region architecture is designed with
a path aggregation network to improve the detection of objects of different sizes.
At the same time, the head structure consists of prediction layers that generate
bounding box coordinates, class probability and object confidence score [187].
The model employs many techniques to improve detection accuracy, like anchor
boxes, post-processing techniques, optimisers, and mish activation functions. It
performs significantly well in detecting different object structures and uses non-
maximum suppression to suppress multiple detections of the same object.
YOLOV5 contains small, medium, large, and extra-large types distinguished by
their respective network structures. An improved YOLOS5s was applied in this
context, which was developed by integrating the DENSEFUSE network [138] and
the CBAM-based YOLOV5s technique [164] Fused environment-specific thermal
and RGB images and LLVIP datasets [12] were trained for efficient obstacle
detection and avoidance capability for a mobile robot navigating in a cluttered
hangar environment with lightning variations. The package generates output from
a ROS topic named /yolov5/yolovs, disseminating crucial information like
bounding box coordinates and object detection probability value from the
processed camera feed.
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4.3.2 Ros Navigation Stack

The ROS navigation package is a configurable framework that houses modules
that manage autonomous navigation system capabilities for mobile robots. This
includes the move-base sub-package that provides functionalities for action
servers, path planning, obstacle avoidance and motion control modules [188].
Different path-planning algorithms can be implemented, and navigation
parameters can be configured based on the application scene. The ROS
framework, by default, consists of Dijkstra global and DWA local planners. These
are used as the baseline in this context to compare the navigation abilities of
mobile robots through obstacle routes without collision. The Dynamic Windows
Approach (DWA) is widely used for robot motion planning and obstacle avoidance
[189]. It employs a local search strategy that allows the robot to select the best
trajectory in real time while avoiding collisions with detected obstacles.
Comparing its capability with other ROS local planners, such as potential field
[190], DWA uses a velocity-based method to determine a collision-free path
towards the objective against the way following the approach of the possible field.
The robot can dynamically access and choose viable velocities that steer it
towards the intended destination while ensuring obstacle avoidance [76]. The
combination with the improved YOLOV5 object detection model enhances the
mobile robot's obstacle detection and avoidance strength and overall navigation

behaviour, which are critical for safe navigation.

4.3.3 Transfer Learning

Intelligent robots often face resources constraints like limited processing power
and sensor capabilities, making it challenging to run large object detection models
efficiently. Recent studies have applied transfer learning to address these issues,
allowing robots to benefit from pretrained models and adapt them to their specific
tasks. Transfer learning is imitating human ability to learn and adapt to different
environments regardless of their primary sense like a blind person can navigate
a new environment using touch and sound based on prior knowledge. Pretrained
models are models developed based on experience and are trained on massive

datasets, to learn general features and object categories. In this study, diverse
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datasets of images encompassing the objects and scenarios that the robot will
encounter in its operational environment including LLVIP public datasets,
simulations, and manually captured TUI images, were used. These were used to
pretrained YOLOvV5 model enabling the model to leverage its experience with
different environments to improve its performance in real-world application. The
pretrained YOLO model was transfer to the robot platform to reduce real-time
complexities of training and adaptation to different sensor perception of
environmental features, through knowledge learned from different sources

including thermal and RGB images.

The OAK-D camera integrated on the robot platform allows real-time perception
and processing of environment data leveraging pretrained YOLO model.
Densefuse network was trained with thermal and RGB images and not connected
to any sensor. The OAK-D camera was used in the ROS framework via robot
package to perceive environment information at real-time and the pretrained
model aided fast data processing based on learned experience. This eliminates
training from scratch in embedded devices considering computational demand,
facilitating perception and detection accuracy. The YOLOv5 model by default was
developed and trained with MS COCO datasets [166]] promoting transfer learning
and eliminating the complexity of training from scratch. In [191], the study utilized
synthetic learning approach to allow the model to learn from datasets establishing
learning that is transferred to robot for semantic segmentation and object
detection. Another project [192] used transfer learning from model that is
pretrained on synthetic data to improve autonomous soccer robot by allowing it
use prior knowledge about useful objects. Yazid et al. [193] adopted transfer
learning through pretrained YOLO model to improve on detection accuracy and
low latency performance for robotic manipulator. Also, in [194], parts and tools
recognition using a controlled robot was implemented using a transferred
knowledge from a pretrained CNN model and this improve detection accuracy in
the operation. Adopting transfer learning in this research work yielded significant
improvement including minimized data processing complexity, harnessed system
adaptation to changing environment, and obstacle detection and path planning

improvement.
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4.3.4 The Proposed Method

We aim to develop a real-time object detection and avoidance system to
overcome object irregularities and light variations in a complex environment when
carrying out an autonomous navigation task. The core idea is that it can pick out
where the obstacles are and create a trajectory to avoid them accordingly. This
will improve its ability to detect the barriers and augment the trajectories it

produces.

4.3.4.1 OAK-D Camera

This paper uses the DepthAl OAK-D camera [178] as the primary vision-sensing
device to capture images or video footage of the robot's environment. The camera
is specifically designed for conducting depth estimation, object detection, and
tracking experiments that effectively promote the obstacle detection and
avoidance tasks required in this case study. Cameras are notable for high
resolution and detailed information compared to LiDARs, especially when
tracking fast-moving objects accurately in real time. The data from the LIDAR is
used by default to update the local planner costmap, which is a 2D grid-based
representation of the local environment around the Turtlebot in ROS navigation
stack. The costmap assigns cost values to each cell in the grid based on the
information received from the LaserScan message. Obstacles are assigned
higher costs, while free spaces are given lower costs. A mechanism is
established to convert the objects detected within the camera’s field of view into

relevant scan-based information to achieve this capability with a camera device.

From the simulation perspective, the obstacle detection and avoidance system
process begin with integrating the OAK-D Depthai ROS repository developed for
ROS into ROS navigation nodes as the data stream source for object detection.
This is configured to communicate with the YOLO model through ROS image
message using /cameral/image_raw topic. The improved YOLOvV5 model used in
this work was developed to detect varieties of object structures from the camera

in changing and light variation environments. These are set up in the ROS
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simulation environment [195] to acquire information from the environment as
ROS image message using /camera/image_raw topic, which is converted to a
suitable YOLOVS5 readable format and resized using the OpenCV package. With
the pre-trained YOLOV5s package that includes model weights and configuration
files, the ROS detector node process generates information to identify and
describe objects in the environment. The detection output in the form of a ROS
topic named /yolov5/yolov5 contains structural properties like the bounding box
coordinates, class probabilities and object detection probability values that are

transformed to generate a safe path to the target location [121].
YOLO’s Detected Result to Laser Scan Data

The detected object transformation starts by fetching the positions of the objects
detected by the YOLOVS5 package and injecting them into the local path planning
algorithm. The DWA planner, by default, takes laser scan data as input from the
LiDAR device to steer the velocity commands [125]. The detected YOLO result
is converted to laser scan data and reprogrammed in the move-base package to
improve the DWA planner function as displayed in Figure 2 workflow. The
lyolov5/yolovs topic, which is of vision_msgs/Detection2DArray of ROS object
detection message type, generates the bounding boxes' pixel coordinates,
among other features and computes the centre of the bounding boxes. To
increase the robustness of the solution and ensure more accurate laser
information, the left and right parts of the pixel coordinates of the obstacles were
also computed. This provides precise detection of varying shapes of obstacles
within the 10m detection range of the camera device. The pixel coordinates are
converted to camera coordinates with correspondence to the depth image
captured by the RGB-D camera that provides the distance of each pixel from the
camera's optical centre. This conversion is facilitated using camera intrinsic and
extrinsic parameters provided by turtlbot3 Waffle Pi sensor_msgs/Cameralnfo

topic. This contains the focal lengths f, and f,, and the principal points C, and C,
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that are used to compute the distance point of the objects as shown below in

equations 1 and 2.

. . (Pixel coordinate in x— Cy)
Camera coordinate in x = f = (4-1)
X

. . (Pixel coordinate in y— Cy,)
Camera coordinate iny = - (4-2)
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Figure 4-2: YOLO object detection to scan data conversion workflow.

Once the camera coordinates were obtained, the ROS tf2 library, which provides
built-in tools to transform the camera data into scan data, was employed to
automate data transformation between frames. With the 3D coordinates of the
detected objects in the laser scan frame, the system can calculate the Euclidean

distance from each object to the robot's centre. The Euclidean distance formula
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in equation 4-3 is applied to determine the straight-line distance between the
detected object and the robot's centre. The LaserScan message is generated and
published on a specific ROS topic to allow interface with other ROS nodes or
applications.

distance = /(X —x,)2 + (Y —y,)2 (4-3)

Where (X,Y) represent the transformed coordinate of the 3D point and (x_0,y_0)
represent the origin of the robot’s centre which in this case will be (0,0). To be
sure of the consistency of the data converted, the LaserScan data corresponding
to the position of the bounding boxes were also converted to map coordinates
and printed. Then, the robot was placed in front of an obstacle of a known
position. The map coordinates printed were slightly different by an avoidable few

centimeter from the obstacle coordinates.

4.3.5 Obstacle Avoidance

The process of detecting and transforming the object and generating distance
values is repeated for all the pixels in the camera frame, essential for the DWA
local planner to understand the immediate obstacles and free spaces surrounding
the robot. The transformed /scan node that generates coordinate frames in
suitable format for path planning and obstacle avoidance in the navigation stack
is configured in the costmap file of the move-base package. The navigation stack
capability is enhanced, and the ground robot from the experiment navigates
through different checkpoints while avoiding detected obstacles with significant
accuracy. The resulting solution is a lightweight system that can detect small to
large environmental objects and respond in real-time to achieve a safe
autonomous navigation experience. Performance metrics were defined for
comparing the models, such as mean average precision (mAP), inference speed,
time, distance covered, and number of obstacles detected. Both accuracy and
efficiency were considered to strike a balance between performance and real-

time capabilities.
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4.4 Experiment

Aiming at a solution that will solve the navigation problem of obstacle detection
and avoidance, the integrated solution was evaluated and validated through
systematic experiments. These experiments were conducted on a computer
running an Ubuntu 20.04 64-bit operating system, ROS noetic, and powered by
an 8th generation Intel® CPU, with YOLO packages, OAK-D dependencies and
ROS requirements adequately configured. To measure the solution's detection
accuracy and collision avoidance efficiency, the robot was navigated from its
initial position to a designated goal within the hangar setting. The average time
taken for the robot to reach its destination was approximately 15 minutes.
Throughout this process, the models' performance was observed in correctly
identifying obstacles and instances where obstacles were not detected at all. We
used common performance indicators for the object detection model and
avoidance measures in the ROS framework, including the number of obstacles
detected and avoided per distance and time, intersection over Union (IOU),

precision, and mean average precision.

We implemented our proposed model in the ROS_Gazebo simulation
environment with the Cranfield DARTeC aircraft hangar virtual world model as
shown in Figure 4-3, and a total of fifteen obstacles, 12 static and 3 dynamic
obstacles, were spawned in the environment at an increasing rate. The obstacles
include a moving person and other aircraft hangar-related object types. The
turtlebot3 robot navigation experience was tested in three different environments
with varying complexities and 5 checkpoints each, to study the behaviour of the
robot at different instances. The Adaptative Monte Carlo Localization (AMCL)
pose of the robot was recorded using the rosbag tool. The AMCL is a localisation
algorithm used in ROS to obtain more accurate information about the robot's pose
in its environment. The robot poses were plotted to compare the path taken for

the two methods and the total distance covered by the turrtlebot3 was computed
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using the Euclidean distance formula shown in equation 3 to determine the

shortest path.

Figure 4-3: Robot obstacle detection in a hangar environment.

Finally, the total navigation time for each of the methods and the number of
collisions were recorded. The model was transferred to the real-world Turtlebot3
Waffle_pi robot, which showed good detection avoidance accuracy when used in

an office environment, as shown in Figure 4-4.

Figure 4-4: Real-world object detection test result.

We compared the NAV-YOLO framework with the default ROS navigation stack
DWA planner based on the number of obstacles detected and avoided per

distance, distance covered and time to the target location. The detection accuracy
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was also evaluated based on YOLOvV5 small and medium versions to observe the

model’'s performance and generalizability to increased environmental
complexities. To ensure robustness and reliability in the evaluation process, each
experiment type is repeated five times. This repetition serves to mitigate any
potential anomalies and to derive a more accurate and representative
understanding of the system's behaviour across multiple instances. The
performance evaluation results are detailed in Tables I, Il, and Ill with visual

representations in Figures 4-5 and 4-6 below.

TABLE 4-1: Comparing Time and Distance Covered by NAV-YOLO and ROS NAV-stack

Models Time(mins) Distance Covered (m) Number of Collisions
ROS NAV-Stack | 16.37 278.9 2
NAV-YOLO 14.43 262.7 0

TABLE 4-2: Comparing Obstacles Avoided by NAV-YOLO and ROS NAV-Stack in

Different Environments.

Models

Environ 1

(5 Obstacles)

Environ 2

(10 obstacles)

Environ 3

(15 obstacles)

ROS Navigation Stack

5

7

11

NAV-YOLO

5

10

14

TABLE 4-3: Comparing the Accuracy of NAV-YOLO with YOLOVS5 Variants.

Models MAPos (%) Precision (5%)
YOLOvV5mM 75 74
YOLOVvV5s 70 77
NAV-YOLO 79 78
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4.5 Result and Discussion

4.5.1 Result

This section delves into the empirical evaluation of the object detection and
avoidance models, highlighting their performance in accurately identifying
obstacles of varying shapes and sizes for obstacle avoidance. Two variants of
YOLOV5 are used: YOLOv5s and YOLOv5m, as benchmarks to compare the
obstacle detection performance of NAV-YOLO in real-time. For the obstacle
avoidance evaluation, efficiency was compared based on the ROS DWA planner
and the new NAV-YOLO model. The summary of the algorithms applied in ROS
DWA planner which is the default and NAV-YOLO is illustrated in figure 4-5. After
simulating each method, data shown in Table 4-1 were obtained. The NAV-YOLO
experiment was the fastest in terms of execution time, covered a reasonably short
distance and the path followed seemed smoother without collision as shown in
Figure 4-6.

ROS DWA PLANNER NAV-YOLO

DWA Local
Planner

Dijkstra Global
Planner

Figure 4-5: Algorithms in Proposed and Baseline solution.
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Figure 4-6: NAV-YOLO Trajectory.

The default algorithm experiment encountered an obstacle after reaching the
second and fourth checkpoints and Figure 4-7 showed a very rough path to the
target location which contributes to the slightly longer average time of 16.37
minutes for 278.9m distance covered. An essential aspect contributing to the
extended execution time of the default algorithm lies in the occurrence of robot
localization failures during a subset of tests. This phenomenon necessitates a
period for the robot to rectify its position before resuming its intended path,
consequently influencing the overall navigation time. This gives the proposed
solution an edge as it shows better perception ability of its environment which
improves its localization capability and overall navigation without collision. In
Table 4-2, three different environments were explored to evaluate the
performance of the obstacle avoidance system for this work. The first experiment
makes use of only static obstacles, in the second experiment, we increase the
number of static obstacles plus one dynamic obstacle, and in the final experiment,
we introduce three dynamic obstacles into the environment. It is important to note
that the start position of the robot in all the experiments is the same. In
environment 1, the robot avoided all the static obstacles with both models but
showed increased collision rate for the ROS navigation stack in environments 2
and 3. These environments showed that our approach outperformed the baseline

method by detecting almost all static and dynamic obstacles at different phases
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with augmented scenario complexity. The analysis of the accuracy of the
detected objects, as shown in Table Il brought out exciting findings. YOLOvV5
versions showed a good accuracy of 72.5% on average in detecting obstacles
correctly, while NAV-YOLO performed significantly better with an accuracy of
79.2%, as visually presented in Figure 4-3. The investigation is further conducted
through real-world experiments on the Turtlebot3 robot, shedding light on its
adaptability in navigating changing and complex environments. As shown in
Figure 4-4, NAV-YOLO displays an improved level of detection accuracy with a
precision rate of 78% in an office environment without prior environmental

experience.
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Figure 4-7: ROS NAYV Trajectory

4.5.2 Discussion

The successful integration of the ROS local planner and YOLO detector in both
simulation and real-world states was proven, highlighting the effectiveness of our
approach. The hangar model complexity was changed by increasing the number
of obstacles per scene, as shown in Table 2, to observe model efficiency and
adaptability in complex settings. The ROS navigation stack with the default DWA
planer [196] failed in some instances to avoid obstacles, while the proposed
approach showed a significant improvement for both static and dynamic
environments in terms of accuracy of detection and avoidance in different
environments. The baseline model's uses cosmap concept to represent
environment and identify areas that the robot should avoid based on each grid

cell values. This mechanism simplifies obstacle representation in the
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environment [197] but does not give detailed detected object information like the
size, shape, and color of the object, that are cirtical especially where dynamic

obstacles are applicable.

Furthermore, the comparison of YOLOvV5 variants and the proposed method
shows a disparity in detection accuracy, as displayed in Figure4-5. The primary
factor includes the architectural pattern that increases complexity from small to
large versions of YOLOv5 models [29]. An increase in network structure
increases detection accuracy and speed but requires more computational
resources. The integrated pretrained YOLOv5s model was developed with an
improved YOLOv5m structure that balances computational intensity and
performance to achieve better detection results. The overall NAV-YOLO-RRT
solution [198] shows improved detection avoidance capability for mobile robots
compared to the performance of the ROS-based Dynamic Windows Approach
planner. One of the notable limitations in this project is that the camera field of
view can only capture objects in the forward direction making dynamic obstacle
avoidance more challenging in more complex environments. Also representing
objects with 2D bounding boxes do not provide accurate information about the
distance of objects from the robot. The use of additional stereo cameras or fusion
with LIDAR will be explored in the next project to mitigate this problem.

4.5.3 Conclusion

This paper presents a vision-based obstacle detection and avoidance algorithm
for robust and efficient navigation in aircraft hangars. The proposed approach
successfully combines the YOLO detection model and ROS navigation stack to
enhance robots' ability to detect and avoid obstacles accurately. This combination
harnesses the strengths of YOLOV5's object detection capabilities and the ROS
DWA planner's real-time obstacle avoidance technique facilitating the real-time
adaptation of the robot's trajectory to avoid collisions, showcasing the potential
for dynamic obstacle avoidance. The ROS DWA planner uses real-time obstacle
data from YOLOvV5 to adjust and update the robot's planned path and this

demonstrates its ability to effectively identify and classify obstacles of varying
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structures in different environments. The navigation solution was integrated into
a real-world robotic platform (TurtleBot3), and the object detection and avoidance
goals were significantly achieved. The proposed solution is a valuable solution
for autonomous robot navigation and is applicable in diverse real-world

scenarios.

With these promising results, there are still areas for further improvement. The
integration of a more advanced planner algorithm can improve obstacle
prediction with optimal obstacle avoidance navigation strategy to improve
adaptability in unknown environments. For detection enhancement, object
detection accuracy, especially in identifying intricate objects, remains a challenge
and can be addressed through continuous model refinement and dataset
augmentation. More performance metrics will be investigated and optimized to

expand the effectiveness of this model in the real world.
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5 Improved hybrid model for obstacle detection and
Avoidance in ROS framework (RRT and DWA)

This research paper focused on developing an improved NAV-YOLO system that
leveraged YOLOv7 and RRT path planning algorithms to address obstacle
detection and navigation challenges of state-of-the-art solutions in mobile robot
applications. This paper acknowledges the dynamic and unpredictable nature of
real-world hangar environments and the need for enhancement with high
accuracy for obstacle detection, avoidance, and efficient path planning, to
develop the NAV-YOLO-RRT model. The improvement solution in this paper
combines an RRT-integrated ROS navigation stack and a pre-trained Yolov7
object detection model to enhance the capability of the developed work on the
NAV-YOLO system. The proposed approach in this study leveraged the high
accuracy of the YOLOvV7 obstacle detection model and the efficient path-planning
capabilities of RRT and DWA to improve the navigation performance of mobile
robots in real-world complex and dynamically changing settings using a hangar
environment as the use case. The proposed developed solution was extensively
tested through simulations and real-world robots, comparing performance with
NAV-YOLO and ROS navigation stack as the baseline. The performance results
demonstrated a high-level obstacle avoidance capability, ensuring the safety and
efficiency of mobile robot navigation operations in hangar environments.
However, the speed of the robot navigation might require an improvement for

very complex scenarios.

Paper published on: https://www.mdpi.com/1424-8220/24/7/2262
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5.1 Introduction

The aviation sector is increasingly integrating mobile robot solutions into its
operational framework for activities including inspection and maintenance tasks.
The robot systems are designed to perform diverse tasks, including inspecting
aircraft components for defect identification, collecting data, and transporting
tools and equipment. However, safely navigating in a complex aviation
environment like the smart hangars is difficult for these robots [199]]. This
necessitates the development of enhanced navigation algorithms with sensor
technologies crucial for the robot to navigate safely and effectively in such
workspace. Recent developments in vision-based navigation systems have seen
significant progress, leveraging robot operating system (ROS) navigation stack
local and global planners [4]. ROS provides a modular and flexible set of software
packages for developing autonomous navigation applications. The ROS
navigation stack planners work in conjunction to generate obstacle-free routes
from the robot's current position to its goal destination. The local planner includes
the time elastic band (TED) [200] and DWA [201] algorithm while the global
planners consist of Dijkstra and A*, employed as default components of the ROS
navigation stack. The Dijkstra algorithm among the global planners is known for
its efficacy in finding the shortest path shortest path by exploring the entire space
[202]. This can be computationally expensive, time-consuming and impractical in
dynamic environment making it more suitable in static environments with
predefined obstacles. The increasingly complex and real-world demands in
dynamic environment limits the practical application of this algorithm. Looking at
the smart hangar environment where the environment is dynamic and requires
real-time responsiveness, the changing conditions of environmental factors
necessitate navigation solutions that are adaptive and capable of real-time
decision-making [203]. Rapidly exploring random tree (RRT) planner is among
the global planners that employs sampling strategy, by sampling points by
exploring the robots’ configuration space and incrementally builds a tree structure
based on these samples. This enables the robot to explore diverse areas where
the obstacle may appear or move and adapt its path in response to changing

conditions. While its capable of adapting to changes in the environment, it may
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not react quickly to dynamic obstacle and rapidly changing conditions.
Consequently, there is a need for more advanced hybrid approaches that can
effectively handle the unpredictable nature of such environments, ensuring safe,
efficient, and real-time navigation of mobile robots [204]. The Integration of
advanced hybrid solutions, which can learn, process, and adapt to varying
environmental conditions, has shown significant improvement for an efficient
mobile robot solution in complex settings. Some of these solutions have
combined the strength of machine learning [47], [205] sensor fusion [206] or other
conventional navigation techniques [207], [208] to create robust systems capable
of real-time decision-making and adaptation for robot navigation. Machine
learning technique such as YOLO models play a significant role in object
detection and real-time capabilities [209], enabling the robot to detect varying
obstacles in its environment as it navigates. While YOLO does not directly drive
the robots path planning and obstacle avoidance approach, it enhances the
robot’s situational awareness by continuously identifying obstacles in the scene.
This information can be utilized by the robot to make more informed decisions

and update its RRT-based path to navigate round obstacles in real-time.

This paper proposes an improved hybrid framework that integrates the capability
of the RRT-based ROS navigation stack with the YOLOV7 object detection model,
which harnesses sensor information from LIiDAR and camera systems to enhance
the adaptability and navigation functionalities of mobile robots in complex and
changing environments. This brings improvement to an established NAV-YOLO
framework in the ongoing research project that leverages path planning
proficiency of RRT and sensor fusion to significantly improve the precision and
reliability of autonomous robot navigation in environments characterized by
unpredictability and variable obstacles. The camera sensor, while providing high-
resolution visual information, is constrained by a limited field of view, and this is
complimented by integrating LIDAR input that provides 360-degree
environmental coverage. This broadens the scope of obstacle detection and
significantly enhances the mobile robot’s ability to perceive, navigate and interact
with a wide range of environmental features. The object data detected by the pre-

trained YOLO node [14] from the camera stream is integrated with laser scan
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data from the LIDAR sensor within the cost map file of the ROS ecosystem. This
communicates multi-dimensional environmental information to RRT and DWA
planners within the navigation system and facilitates the robot’s accurate obstacle
avoidance decision-making and path-planning capabilities in real time. This
framework is simulated and validated in turtlebot3-enabled ROS-Gazebo
environment and physical robot. The experiment showed an intelligent obstacle
detection and avoidance solution that significantly enhanced robot navigation
capabilities for aircraft inspection in a hangar environment. The general

contribution includes,

1. RGB camera and LiDAR sensor fusion to broaden the robot'’s field of view
in complex and dynamic settings.

2. Integration of customized pre-trained YOLOv7 model into ROS framework
for accurate detection of varying and unstructured environmental
obstacles.

3. Enhancement of NAV-YOLO with RRT global planner for effective real-
time obstacle avoidance and path planning.

4. Comparative analysis of ROS navigation stack, NAV-YOLO and proposed
RRT enables NAV-YOLO to validate improved performance.

The rest of the paper is structured in four parts; section 3 discusses related works
that have contributed to obstacle detection with YOLO, sensor fusion capability
and robot navigation with ROS framework. Section 4 details the methodology,
describing the YOLOvV7 version of the object detection model, the structural
component of the RRT path planning algorithm and an overview of the
development process. In section 5, the experimental analysis was performed,
analysing the detection and path planning capability of the proposed model
related to NAV-YOLO and the baseline model. Finally, section 6 presents the

summary and future direction.

5.2 Related Work

Diverse approaches have been employed in expanding the potential application
of robotics, especially around safe navigation in complex environments. The

combination of traditional algorithms and cutting-edge machine learning
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techniques has shown significant efficiency and reliability in obstacle detection
and avoidance for a safe robot navigation experience. However, adaptability in
environments densely populated with varying obstacles and the need for an
efficient real-time response for optimal obstacle avoidance and path planning
have become major challenges in many applications. The study presented in
[207], [208] proposed a CNN-based neural RRT model, similar to research work
in [126] that utilized conditional variational autoencoder (CVAE) to enhance the
path planning process using a nonuniform sampling distribution method, but
environmental obstacles information was not given keen consideration in these
methods. Canglong et al. [106] applied a combined solution based on ROS and
CNN-based end-to-end learning that utilized datasets acquired from a low-level
camera. This was applied in a structured enviornment and will struggle in real-

time complex scenarios.

Another work in [210] uses object detection based on a vision system and deep
learning to detect obstacles and accelerate path planning. However, obstacle
avoidance capability is limited. This was addressed in [211] by developing a
solution that learns obstacle representation in complex environments using
LiDAR sensors to demonstrate generalization in unknown features and enhance
path planning ability. A sensor-based learning system was presented in [212] that
uses an integrated sampling-based planner with deep learning architecture to
improve obstacle avoidance and path planning. Here, LIDAR's inability to detect
rich environmental information affects the accuracy of obstacle detection and
avoidance. From another view, the author in [213] employed depth camera
information to develop the YOLOv4 object detection model and enhanced the
path planning process with RRT while integrating sensor fusion information with
deep reinforcement learning. The work in [214] also applied multimodal LiDAR
and camera information for the object detection process using the pre-trained

CNN technique to improve autonomous vehicle perception.

This paper proposed a new navigation methodology that learns from perceived
environmental features for precise obstacle avoidance and path selection

decision making, and this facilitates real-time adaptability and responses in
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complex scenes. Our proposed integration framework of YOLOv7 and ROS
framework techniques presents a significant advancement with sensor fusion in
robot navigation capabilities, enabling safe and efficient operation in complex and
unpredictable settings, and opening new avenues for autonomous robot

deployment in diverse industries.

5.3 Methodology

This project presents the development of a vision-based hybrid model for
obstacle avoidance and path planning in mobile robotics, innovatively merging
conventional ROS navigation methods with advanced YOLO deep learning
techniques. The approach addresses safety needs critical to autonomous robot
navigation, capable of detecting a wide range of obstacles. Autonomous robot
navigation not only demands high-precision obstacle detection capability but also
needs to respond in real time to complex and changing MRO scenes to ensure
that the robot can make timely and accurate decisions. The navigation system is
centred on integrating RRT with DWA planners to combine the efficiency of the
RRT in optimal path planning and DWA in real-time obstacle avoidance. This
solution is enhanced by integrating LIDAR /Camera sensor fusion and the YOLO
object detection model, which allows mobile robots to navigate around obstacles
with precision while optimizing paths in real-time.

5.3.1 CNN-based YOLOv7 Model

YOLO is one of the many CNN-based computer vision models that is based on a
single-stage, end-to-end training and detection process [209]. With the capability
to perform multiple detections simultaneously, its improved variants, like
YOLOV7, noted with superior accuracy and speed of inference, outperform other
related object detection models like SSD [80] and Faster RCNN [144] two-stage
object detection models. While these models have been instrumental in object
detection, they often lag in speed and optimization efficiency, especially in
complex environments with varied obstacle structures. Over time, a series of
successive iterations of the YOLO framework have been conceived and are
presently undergoing further development [215]. YOLOvV7 is among the latest

versions in the YOLO series of real-time object detection models, built for real-
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world challenges and was officially released in 2022 [216]. The concept involves
data processing including image resizing, data augmentation and the use of
convolution neural network (CNN) as the backbone architecture for feature
extraction. Also, it uses anchor boxes to predict bounding boxes for objects
ensuring that anchor boxes closely match object sizes and shapes in the data.
Recent study [217] compared YOLO variants including YOLOvV5 as faster and
more lightweight than previous YOLO while YOLOv7 showed improvement in
speed and accuracy which are relevant in this manuscript for real-time robot

navigation.

Our previous experiment with YOLOvV5 showed reasonable speed and accuracy
in simulation environment but limited success rate when deployed on the physical
turtlebot3 robot platform obviously due to limited hardware capacity. This
necessitated the experimentation with an improved YOLO variant for faster speed
in frames per second (FPS) faster and enhanced accuracy. Some of the metric
used to evaluate the model’s performance as explained in our previous work in
[14] include mean average precision (mAP) which is the mean of average
precision value calculated for each object class. A higher mAP indicates good
performance in object detection. The intersection over union (loU) is another
metric that measures the overlap between the predicting bounding box and the
ground truth bounding box. A higher IoU indicates better accuracy in detected
objects. The FPS measures the speed at which the model can process images

and higher FPS indicates faster processing and model efficiency.

5.3.2 ROS Planners

The ROS planners are part of the ROS navigation stack algorithms that provide
path planning and navigation functionalities in the ROS framework. The default
ROS path planning algorithms include Dijkstra and DWA global and local
planners, respectively [218]. Other advanced path-planning algorithms have
been developed over the years, like the RRT, which, although not a native part
of the ROS navigation stack, can be integrated to optimize path-planning
functions. RRT is an incremental sampling-based algorithm [219] with a tree

structure that selects a random state xrand from a uniform distribution in every
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iteration and then identifies the nearest vertex xnearest in the tree state [220].
Every successful connection establishes a new state, xnew, ensuring a feasible
transition where new vertexes and edges are formed between xnearest and
xnew. This iteratively expands the tree structure, exploring the state space and
balancing the computational demand until target conditions are met. To address
some issues encountered during the experiments, specific parameters were
updated within the RRT ‘move_base’ package. The goal tolerance was changed
from the default 0.5 to 1 meter to reduce computational issues that made most of
the integrated package struggle to function and improve the robot’s ability to
smoothly align with the target location. The number of iterations was also reduced
from 4000 to 1000 to make the path search faster. The branch length was realized
to be short and affected the robot’s ability to align with the generated path. This
was increased from 0.2 to 0.6 to address this problem. The RRT allows exploring
the wide space of the hangar. For this study, the RRT is integrated to enhance

the functionalities of the Dynamic Window Approach (DWA) local planner.

The DWA local planner is specifically designed for local trajectory planning and
obstacle avoidance. It takes into account the robot’s current velocity, acceleration
limits, and the immediate environment to calculate the safe and feasible path
towards the goal. DWA operates by creating a dynamic window of possible
commands (linear and angular velocities) that the robots can execute,
considering their dynamics and the feasibility of the trajectory [201]. The planner
utilizes the local costmap, which represents the environment around the robots
and the detected obstacles to evaluate the potential collision of simulated
trajectories [221]. DWA is highly configurable with parameters that can be fine-
tuned for specific navigation tasks, such as velocity ranges, acceleration limits,
etc. While DWA is adept at avoiding obstacles in less complex environments
[203], its performance in highly cluttered or constrained environments, like the
MRO hangars, may be suboptimal. In such environments, DWA benefits from
being paired with complimentary algorithms to achieve optimal performance, as
it may require additional strategies to navigate effectively through dense and

unpredictable spaces.
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5.3.3 Sensor Fusion

One major research interest in intelligent robotics is the integration of
multisensory capabilities to expand and enhance a robot’s perception of its
environment and navigation operations. This provides a more comprehensive
understanding of the surrounding robot’s environment and enables it to make
more accurate and informed decisions, adapting to varying environmental
structures and conditions compared to relying on an individual sensor [222]. This
work integrates LIDAR and camera sensor devices, LIDAR’s provide geometry of
the surroundings and a 360-degree field of view [223], while transformed camera
frames from YOLO detectors add rich definitions to environment variables. The
data from LIDAR and YOLO-detected camera frames are registered in the robot's
costmap. The costmap is a 2D grid-based representation of the environment
around the robots. The fused data stream continuously updates the costmap,
providing the planners with a dynamic and accurate representation of the
environment [224]. This information is then used in conjunction with the planners
to enhance the robot’'s perception capabilities and make better-informed
decisions for obstacle detection, avoidance, and path planning.

The Lidar data is published using sensor_msg/LaserScan, while YOLO-detected
object information is integrated with sensor_msg/Image ROS package. The
coordinates of the detected objects are transformed to be in the same reference
as the robot's navigation system. This information is updated in the ROS
navigation stack costmap_common_params.yaml file, where the obstacle layer
that represents obstacles detected by lidar is configured in
local_costmap_params.yaml and YOLO-detected object layer created as an
extension in the costmap for YOLO information. The obstacle layers from LIDAR
and YOLO layers are included in the move_ base params.yaml file. The
combined information improves the robot's field of view in the environment. This
integration strives to capitalize on the strengths of both sensor types [222],
overcoming the limitations posed by LIDAR's temporal resolution while leveraging

its wide field of view for robust obstacle detection and avoidance.
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5.3.4 System Architecture

The solution was first established by combining pretrained YOLOV5 [14] and the
default ROS navigation stack to develop a system called NAV-YOLO which
showed need for improvement after evaluation [225]. The NAV-YOLO approach
interfaced YOLO and default ROS planners which include Dijkstra and DWA
planners. The YOLO identifies and localises object in the robot environment
based on camera feed and publishes the detected objects information using
bounding boxes and class label on a ROS topic. This is configured in the costmap
which act as a bridge between YOLO and the ROS planners. The ROS planners
then utilize the updated costmap which represents the interface between the
robot’s environment and ROS planners, to generate safe and efficient navigation
paths. The proposed solution in this manuscript followed the same approach but
incorporated pretrained YOLOV7 in tune with our previous work [14] and RRT
algorithm to enhance the performance of the NAV-YOLO. This development is
structured in two modules, the obstacle detection and obstacle avoidance system

as shown in Figure 5-1:

5.3.4.1 Obstacle detection module

This system focuses on the accurate perception of environmental features using
camera sensors to generate custom datasets for YOLOv7 accurate object
detection. The YOLOv7 tiny variant was developed and pretrained using
successful techniques developed in our previous work [14]. From the previous
work perspective, the contribution is to enhance object detection model using
improved YOLO model. This approach includes capturing a wide range of
obstacles found in MRO hangars, including tools, vehicles, and structural
elements in the real world and in simulation, and using these datasets to train the
model. LLVIP [12] public datasets were also integrated to expand the capability
of recognising objects in diverse scenarios considering low-light conditions, which
are common in certain areas of the MRO hangar or during specific times of the
day. For data fusion, DenseFuse network was first used to fuse RGB and thermal
images from Real-world and LLVIP datasets to expand the model capability to

accurately detect obstacles in low-light conditions. The architecture of the YOLO
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model was slightly adjusted to make it suitable for real-time application. This
involves the integration of convolution block attention mechanism module
(CBAM) which improves performance by attention focusing on relevant features
and suppressing of background noise to priorities important objects details
relevant for real-time detection [226]. The datasets are merged and pre-
processed to suit YOLOvV7 input requirements. The pre-processing process
includes data annotation, data augmentation with flipping and cropping
techniques and image resizing to 640x640 dimension, which were done using
Roboflow annotation tool [161]. The training process was fine-tuned using default
hyperparameter, batch size of 20, and 640x640 resolution through iterations. The
YOLOV7 was trained offline and evaluated to attend accuracy level of about 68-
70% which indicates that the model can identify obstacles accurately within the
input image even in low light conditions. This also ensures that the model
maintains required performance capable of running on robot’s onboard hardware
with limited computer resources. The model is trained and validated to ensure
that the model’s inference is fast and reliable to allow real-time processing in
ROS. The customised YOLOv7 model and weights file was saved and transferred

to a dedicated ROS package with custom nodes that load the model and weights.

The YOLO node subscribes to the /image topic to perform object detection on the
received image. The detected result is published and transformed to laser scan
format for more informed navigation decisions. This is configured in the ROS
navigation costmap which interfaces with the ROS planners. The paper leverage
YOLOvV7 object detection capabilities to enhance the robot’s ability to better
perceive their environment, enabling it to make more informed decision-making
in navigation task. The RRT can generate feasible paths from the robot’s current
position to the goal based YOLO’s object detection results (detected objects),
and can dynamically update the environment map, avoiding collisions with
detected obstacles during path planning. YOLO also provides real-time updates
on the positions and trajectories of dynamic obstacles, allowing DWA to adjust
the robot’s velocity and steering commands accordingly to avoid collisions and

ensure safe and efficient navigation.
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Figure 5-1: Improved NAV-YOLO system architecture.

5.3.4.2 Obstacle avoidance module

To implement the obstacle detection module in the ROS ecosystem, YOLO
detection and depth data nodes are created to load a pretrained YOLO model.
The camera image stream is subscribed to and processed to detect obstacles
published with bounding box information. The bounding box coordinates are
generated with classification type and confidence scores for each detected
object. With depth map and camera properly calibrated and aligned to the same
resolution and dimensions, the bounding box centre is mapped to depth image,
to extract depth value at the centre. This typically is the value of the distance from
the sensor to the object at that point. The centre of the bounding box can be

calculated using the equation below.

bbox = x, y, w, h (From YOLO detection) (5-1)
cxX =x-+ % (5-2)

h
cy=y-+ > (5-3)
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Figure 5-2 : Detected objects transformation workflow

where bbox is the bounding box defined by its top-left corner (x, y) and its
dimensions (width w and height h). And cx, cy represents the centre coordinates.
However, the process of deriving laser scan data from the centre coordinates
assumes that the detected object is solid, without any gaps, as is the case with
standing humans or chairs. This was addressed by generating laser scan
information from the entire width of the image at the centre of the object’s height
instead of at the centre of the camera. This adaptation will allow for a more
comprehensive representation of the object's spatial extent, accommodating
scenarios where there might be gaps or spaces within the object's outline. This
adjustment will enhance the fidelity of the generated laser information,
contributing to more accurate and reliable obstacle detection and avoidance,
especially in situations involving objects with varying shapes and configurations

and will be expanded in our next project phase.

117



5.3.4.3 Converting pixel coordinates to camera coordinates.

The key parameters for this transformation include the 2D coordinate image from
the YOLO detector and camera intrinsic matrix with key parameters including
focal length (fx, fy) and principal point (cx, cy) of the camera shown in the equation
1 and 2. The 2D coordinates from the image frame (u, v) are transformed to 3D
coordinates in the camera’s coordinate (X, Y, Z) relative to the cameras position
and orientation to understand objects spatial positioning in real world from their

positions in the image. The shown in the equation 1 and 2.

X = (x_obj —cx) x %:j (5-4)
Y = (y_obj —cy) x =22 (5-5)
/= Z_Obj =0 (5-6)

Where x_obj, y_obj represents detected object coordinates, and z_obj represents

depth estimation (assuming ground plane projection Z=0)

After obtaining the 3D points in the camera coordinates system, the points are
transformed to robot’s coordinate using extrinsic parameters (rotational matrix R
and translation vector t) that describe camera’s orientation and position relative

to the robot’s coordinate. The equation is shown below as;

X xobj
Y| =Rx* |Yobj |+t (5-7)
VA Zobj

With the robot’s centre coordinate transformed in laser scan frame, considering
its geometry and current pose, the Euclidean distance from each detected object
to the robot’s centre can be calculated [227]]. That is the distance between two

points in the space and is computed using the below formula:

Distance=,/(x_obj- X)2 + (y_obj- Y)? + (z_obj- Z)2 (5-8)

This distance is employed to identify potential collisions and plan safe paths
around the obstacles. The overall process of detection to transformation is

represented in the workflow shown in Figure 5-2.
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5.3.4.4 Data Fusion

Having YOLO detection transformed, the detected objects are projected onto the
LiDAR laser scan by associating it with corresponding position in the LIDAR scan.
The LIDAR sensor provides 360-degree scans of the environment, and each scan
point represents distance and angle information relative to the robot’s position.
The system utilizes sensor_mgs/LaserScan ROS packages to subscribe to
LIDAR data and the coordinates are transformed with ROS tf package using
robots base frame as the reference. This ensures that camera images and LIDAR
scans are represented in the same coordinate system. The transformed LIDAR
data and YOLO detected objects nodes are configured in the costmap with ROS
observation sources layer configured to subscribe to scan_1 and scan_2 which
represent Lidar scan as /trans_scan and Yolo object detected node as /scan_yolo
respectively. The transformed data are fused together and publish as an

integrated representation of the environment.

5.3.4.5 Costmap configuration

The resulted laser scan data is configured in the costmap to update costmap cells
[221]]. The cotsmap is a grid-based representation of the robot’s environment
where each cell has a cost associated with traversing through it. The cells that
correspond with the position of obstacles are assigned higher costs, while free
cells are given lower costs [228]. Also, the LIDAR data is integrated into the
costmap_common_params.yaml file to specifically expand the robot’s field of
view. The costmap dynamic layer parameters like the obstacle range, update
frequency, and resolution are set to continuously update by setting static_map
parameter to false and maintaining other default parameters value. The
continuous costmap update helps to accurately reflect the current environment.

The ROS navigation stack path planners, including RRT and DWA, access the
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costmap to generate collision-free paths where it considers the cost values of
cells to avoid high-cost areas representing obstacles and determine traversable
routes. The RVIZ visualization tool was employed to observe updates with
necessary adjustments to enhance path planning algorithm control decisions in
planning a safe route around the obstacle while navigating to the target location.
Figure 5-4 gives an overview of the navigation work of the integrated ROS Path

planner and YOLO object detection solution. Figure 3 gives an overview of the

Figure 5-3: Object detection and transformation to laser scan workflow
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navigation work of the integrated ROS Path planner and YOLO object detection
solution. While the robot is navigating through its environment, figure 3 showed
the replanning capability as well as object detected as it navigates around

obstacles.
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5.4 Experiment

The improved NAV-YOLO model was developed and evaluated in the

Reset Laft-Click: Rotate. Middie-Click: Move X/Y. Right-Click= Zoom. SMIt: More opticet.

ROS_Gazebo simulation environment. Gazebo is a robot simulation framework
integrated into ROS that provides a safe and controlled environment for accurate
modelling of real-world scenarios. The Cranfield University hangar environment
was replicated in the Gazebo simulation for this experiment as shown in Figure
1-4. The experiment for this project was conducted on a computer equipped with
an Ubuntu 20.04 64-bit operating system with ROS noetic version, powered by
an Intel(R) Core (TM) i7-10750H CPU at 2.60GHz. For deep learning integration,
the YOLOV7 tiny object detection model was used, and the RRT global path
planning algorithm was also integrated, each at different interfacing nodes within
the ROS costmap package. The setup utilized the Turtlebot3 waffle_pi robot
package, which comes equipped with embedded LIDAR and camera sensors.
For system validation, three sets of experiments were conducted to compare their
performance and adaptability in an increasingly complex environment. The first
approach evaluated the obstacle avoidance and path planning performance of
the default ROS navigation stack comprising Dijkstra and DWA planner. The
second approach combined the YOLOv7 object detection model with default
ROS global and local planners (NAV-YOLO). The last method integrated the
YOLOvV7 model and RRT global planner into the ROS navigation stack (NAV-
YOLO-RRT). Figure 5-5 shows an overview of the compared three solutions.
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Figure 5-4: Robot navigation showing ROS path planning and YOLO object detection.

During the baseline experiment using the default ROS navigation stack, the
robot’'s movement and interactions with obstacles, as well as sensor data, were
systematically recorded with conditions that are consistent with other
experiments, including starting point and goal location. The NAV-YOLO and
NAV-YOLO-RRT experiments followed the same procedure but involved an
object detection model that generates transformed laser scan data from the RGB-
D images used for the evaluation of obstacle detection performance. In the
experiment environment, five distinct checkpoints were defined, representing
inspection points around the aircraft. The environment is generally populated with
20 different and strategically positioned obstacles comprising 10 statics and 10
dynamic obstacles. These obstacles were incrementally added, creating three
different environments to assess the robot’s behaviour in environments of
increasing complexity. The three environments (1, 2 & 3) were built with 10 static
obstacles each and 3, 6 and 10 dynamic obstacles respectively. The
experimental setup is structured to guide the robot through predefined
checkpoints and then to the target location which is also the starting point. This
is to evaluate the robot’s path planning and obstacle avoidance capability through
the generated route. The use of “rosbag” plays a crucial role in this process and
was used to capture relevant data that was used for the evaluation. This includes
measuring metrics like the time taken to reach the target location, distance
covered and collision rate, which are necessary for assessing the efficiency of

the robot’s navigation system in real-time hangar scenarios.
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Navigation Stack YOLO and Navigation Stack NAV-YOLO-RRT

YOLOv7 YOLOv?

DWA Local Planner

DWA Local Planner

RRT Global Planner

Dijsktra Global Planner

Figure 5-5: Compared NAV-YOLO methods

5.4.1 Data Collection

The data was collected to comprehensively analyse the robot's behaviour,
navigation performance, and the accuracy of the object detection system. The
Adaptive Monte Carlo Localization (AMCL) pose of the robot was recorded using
the ‘rosbag’ as and converted to csv file as shown in Appendix D, to determine
the robot’s position and orientation in the environment. AMCL is a robotic
algorithm that uses a particle filter to estimate a robot’s position in its environment
[229]]. In each environment, the ‘rosbag’ records key metrics including sensor
data, robot pose, goal status, and time to reach goals for effective performance
evaluation. The AMCL pose of the robot was used to plot and compare the path
taken for each of the compared methods. The total distance over time was
computed using the Euclidean distance formula shown in Equation 5-5. A motion
script was developed that initiates a timer at the beginning of the navigation task
to its destination, to measure the total navigation time that is used to evaluate the
fastest approach. Another script was also used to log each collision event,
incrementing a counter every time a collision is detected. The data collection
experiments of this project are structured to ensure that the results are consistent
and reliable and are conducted multiple times under the same initial conditions.
Upon completion of the experiments, the gathered data undergoes rigorous

analysis to derive meaningful conclusions.

123



5.4.2 Result

To assess the efficacy of the proposed solutions, comparative analyses were
conducted, using the ROS navigation stack as the benchmark. The choice was
as a result of an established standard and framework for ROS navigation stack
which is widely adopted. Leveraging it as a baseline will give researchers
practical insight and understanding of the improvement and efficiency offered by
the proposed solution. Three different simulated environments with a different
number of obstacles were used. The evaluation was based on three critical
metrics: the time to reach the target location, the total distance covered during
navigation and the number of collisions encountered. The start position of the
robots was consistently set at the coordinates of (6.0, 7.0, 0.0) in each
experiment, ensuring accurate comparison of the system's performance across
different environments including Environment 1, 2, and 3 used in this project
experiment. In Environment 1 and 2, which has 10 static and 3 dynamic and 10
static and 6 dynamic obstacles respectively, the default ROS navigation stack
encountered collision at two different points and along with notable increase in
time and distance covered. This signifies its limitation in obstacle detection,
avoidance and efficient path planning. Conversely, the other developed solutions
guided the robot through the environments within a reasonable timeframes and
distances without colliding with obstacles. In environment 3, the complexity
increased with 10 static and 10 dynamic moving persons as obstacles. Both the
ROS navigation stack and NAV-YOLO solutions encountered collisions in
environment 3, surpassing the collisions occurrence observed in Environment 1
and 2. Furthermore, they require more time and distance to navigate to target
location as environmental complexity increases when compared to the navigation

experience in the earlier environments.

The NAV-YOLO-RRT proposed solution effectively navigated to the target
location with no collision encountered in environment 3 as demonstrated in Table
1. Further comparison in Figure 5 a, b and ¢ showed the smooth trajectory
generated and followed by the proposed solution while the other solutions
showed very rough trajectories indicating inconsistency in replanning route and

avoiding obstacles. This shows the efficiency of the NAV-YOLO-RRT solution in
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safely navigating complex environments with improved obstacle avoidance

mechanism. However, the proposed solution exhibited a longer time and distance

covered, spanning 18 minutes and 627.8 meters, respectively, in Environment 3

when compared with the default ROS navigation and NAV-YOLO solutions which

covered distances of 619.5 and 615.8 meters, respectively in less time. This

result outcome suggests that while the proposed solution achieved collision-free

navigation, the complexity of the environment influenced the path planning

strategies and requires more time to reroute to target location. This can be

improved to enhance real-time capability of the system.

Table 5-1: Performance evaluation of developed solutions with baseline.

Time(min) Distance Number of
Covered(m) collisions
ROS Navigation | 17.57 619.5 3
stack
NAV-YOLO 16.37 615.8 2
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Figure 5-6: Comparison analysis of NAV-YOLO and NAV-YOLO-RRT trajectory with

baseline.
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5.4.3 Obstacle Detection Performance

We further compared the obstacle detection and data synchronisation capability
of NAV-YOLO and NAV-YOLO-RRT, as shown in Figures 5-7 and 5-8: to ensure
a robust evaluation of the detection performance. For the reliability and validity of
the experimental results, the experiments were conducted multiple times under
the same initial conditions. This provides a robust understanding of any variation
in the environment and the robot’s behaviour under different scenarios. We
conducted the experiment integrating YOLOv3, YOLOvV5 and YOLOvV7 versions
of the YOLO object detection model. The comparison between YOLOv3 and
YOLOVS5 in terms of inference time per frame highlights a significant difference in
processing speed. YOLOv3 had an average inference time of 0.582 seconds per
frame, while YOLOvV5s demonstrated a faster average inference time of 0.225
seconds. Comparing the proposed NAV-YOLO-RRT solution integrated with
YOLOvV5 and YOLOv7, it was observed that the average time for the robot to
reach its destination was approximately 17minutes, during this period, the
performance of the models in accurately identifying obstacles was closely
monitored including tracking metrics like frames processed per second (fps),
number of obstacles avoided, and number of collisions using a python script as
shown in Table 5-2. YOLOV5 showed approximately 66% accurate detection with
a faster inference rate of 168 on Turtlebot3, while in YOLOvV7, a lower inference
rate of 134 and approximately 70% improved accuracy was observed.

Table 5-2: Performance result of YOLOv7 and YOLOv5

Models Frames rate | Obstacles detected | Collision
and avoided with
obstacles
YOLOvV5s 168 15 5
YOLOv7-tiny | 134 17 3

Further comparison between NAV-YOLO and NAV-YOLO-RRT showed that
there were lags in obstacle detection in the robot’s view as it navigates the
environment with NAV-YOLO solution. Figure 6a showed the camera view while
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figure 6b showed the YOLO detected obstacles in real-time. The object view in

the two images do not correspond due to synchronisation issue between the

| i

A '4.1 '.(l

sensor input and the transformed detected data. This implies that the
processing of data from the point of robot capturing images with camera, to
YOLO processing, distance estimation, transformation from camera coordinates
to laser scan data and to navigation decisions posed some delays. For NAV-
YOLO experiment, hardware limitations, YOLO model and environmental

complexity were significant contributing factors..
Figure 5-7: Observed lag with NAV-YOLO in obstacle detection

The experiment with NAV-YOLO-RRT as demostrated in Figure 7 showed
improved data synchronisation and object detection in real-time. The

environment perception from camera view and YOLO object detction perspective

tend to align reasonably in real-time.

Figure 5-8: Improved Obstacle detection with NAV-YOLO-RRT
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5.4.4 Path Planning Evaluation

The experiment also provided valuable insight into the robot’s path generation
capability and trajectory, which were analysed using the RVIZ visualization tool
while moving through five predefined checkpoints towards its target location. For
the evaluation, three distinct environments with increasing levels of complexity
were created, ensuring a thorough assessment across a range of scenarios. The
start position of the robots was consistently set at the coordinates of (6.0, 7.0,
0.0) in each experiment, ensuring accurate comparison of the system's
performance across different environments. Each experiment was repeated five
times to minimize deviations and obtain a more accurate understanding of the
system behaviour at different instances. The key metrics that were used in this
evaluation include average path length, time taken, and observed deviation from
the planned trajectory. The comparative result illustrated in Table 5-1 showed
three collisions with the Default ROS navigation stack and two with NAV-YOLO
in the most complex environment with dynamic and static obstacles. Although the
NAV-YOLO system showed better performance in terms of completing the task
in a shorter distance and time compared to other evaluated solutions, NAV-
YOLO-RRT showed no collision. The proposed NAV-YOLO-RRT solution, on the
other hand, displayed a slightly longer average completion time of 18 minutes
compared to the NAV-YOLO and baseline system, which averaged
approximately 16 and 17 minutes, respectively. The obvious contributing factor
was that the solution accumulated additional processing time while replanning

the path to accurately avoid obstacles.

5.4.5 Transfer to physical Turtlebot3 waffle_pi

The NAV-YOLO and NAV-YOLO- RRT solutions were transferred to the
turtlebot3 robot at different instances for practical application and performance
validation. Appendix A showed the Turtlebots robot used with OAK-D camera
setup. The DepthAl Oak-D camera was used in the setup to enhance the robot's
vision capabilities. The NAV-YOLO- RRT demonstrated proficiency in detecting
and estimating obstacle positions, aligning with the camera data stream, as

shown in Figure 5-9. The system computes the pose of the detected obstacle
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within the laser scan frame by leveraging the bounding box centre of the detected
object as illustrated in equations 5-8. This helps the robot to navigate and avoid

obstacles efficiently, even in unknown office environments, as shown in Figure 5-
10.
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Figure 5-9: Detected and estimated obstacle position
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Figure 5-10: NAV-YOLO-RRT detection and path planning in the real-world robot.
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5.4.6 Discussion

Analysing the performance of the developed solutions relative to the baseline set
by the default ROS navigation stack experiments offers valuable insight. This
provides a comprehensive understanding of its effectiveness and the challenges
faced in complex navigation scenarios. The proposed system operates at
approximately 0.3Hz frequency, which translates to about one frame every 3to 4
seconds. This rate indicates the frequency at which the system responds to
environmental data and was observed to achieve smooth navigation with less
path replanning through to the target point. However, the 3 to 4-second delay
introduced noticeable latency in its reaction, which could potentially impact
obstacle detection and avoidance. This could be problematic considering the
real-time responsiveness required in a dynamic hangar environment. In the next
phase of the project, there will be a focus on utilising improved prediction
algorithms and an upgraded robot platform. From the integrated YOLO models
perspective, there was observed disparity in inference time between YOLOv3
and YOLOV5, which can be attributed in part to the architectural improvement in
YOLOV5 with CSP-Darknet53 as the backbone model [29], [81]. YOLOV5 also
demonstrated higher computational efficiency compared to YOLOv3, requiring
15.9GB@416 FLOPs (Floating Point Operations) against 154.9GB@416 at the
same FLOPs counts required.

While YOLOV5 offers a higher potential speed of 170 fps, suitable for real-time
processing demands, YOLOv7, despite a lower frame rate of 144 lower frame
rate, provides better accuracy in obstacle detection and is more suited for
resources-constrained Turtlebot3 robot platform due to its lower computational
requirements. However, there would be a need for trade-offs and potential
optimization for the integrated NAV-YOLO-RRT system to be more efficient in the
hangar environment. A focus will be on improving its average completion time
and distance covered compared to other solutions. While the system offers
superior obstacle avoidance ability that reduces the risk of collisions, enhancing
safety and adaptability which is important for real-world hangar applications, and

improving navigation speed will be beneficial as well.
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5.5 Conclusion

In conclusion, the YOLO model was trained with custom datasets and integrated
into the ROS framework to develop an improved obstacle detection, avoidance,
and path planning system tailored for mobile robots in complex and dynamic
hangar environments. This is to address the issue of the increasing complexity of
real-world busy hangar environments where detecting and avoiding obstacles of
diverse structures and dynamics is quite challenging. Firstly, we replaced the
customised YOLOV5S in an established NAV-YOLO solution with a customised
YOLOV7 object detection model to improve the obstacle detection capability of
the default ROS navigation stack. Second, fused LIDAR input with the
transformed YOLO detected objects to expand robot’s field of view. Then, the
proposed NAV-YOLO-RRT was developed, effectively leveraging the RRT
planner to adapt to varying environmental conditions and dynamically replan
trajectories to update navigation path based on real-time sensor input. The
experimental results demonstrated that the integration of the YOLOvV7 with mobile
robot navigation system significantly improved robot’s ability to accurately detect
and avoid obstacles. The solution can enable the robot to respond promptly to
changes in the environment, minimizing the risk of collision and improving overall

navigation performance in the changing and dynamic hangar environments.

The mobile robot can autonomously navigate through predefined checkpoints,
detecting and avoiding static and dynamic obstacles accurately, generating a
safe path to the target location. This achievement marks a significant contribution
to the field of robotics, particularly in enhancing autonomous navigation
capabilities in challenging scenarios. In future work, the focus will be on improving
the NAV-YOLO-RRT navigation speed, considering a balance with detection
accuracy to enhance safety as well as operation efficiency in the hangar
environment. Also, addressing latency in data processing, which impacts the
robot’s ability to replan paths promptly in response to sudden obstacles, is
another critical area. In addition, sensor fusion extension and hardware

consideration will be part of focus areas for future work.
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6 Conclusion & Future Work

6.1 Discussion

The research kick starts from exploring the enabling technologies of Industrial 4.0
to narrow down the best approach to implementing automation and autonomy in
Aviation hangar environment. Aircraft visual inspection was realised to be one of
the areas affect by the complexities and uncertainties of busy hangar
environments. Focusing on improving mobile robot navigation in dynamic MRO
hangar, the study identified significant gaps in obstacle avoidance and path
planning efficiency. Key objectives were outlined to address these limitations,
including real-time obstacle detection and adaptive path planning strategies. As
a result, the study proposed NAV-YOLO, a deep learning powered navigation
system that utilizes sensor fusion, obstacle detection model and dynamic path
planning to overcome these challenges and navigate MRO hangars safely and
efficiently. The overall aim is to develop an improved vision-based system that
combines YOLO model and ROS navigation planners for mobile robot safe &
intelligent navigation in unstructured and changing environments. These goals
were achieved by fulfilling the outline objectives as illustrated in the next sub-

sections.

6.2 Addressing the research aim and objectives.

Comprehensive Research: This study delves into different critical aspects of
obstacle avoidance, detection and path planning to unlock valuable insight for
developing an intelligent navigation system. These technologies were
comprehensive detailed and discussed in Chapter 2 of this thesis. The leveraged
cutting-edge frameworks like YOLO deep learning for obstacle detection, muti-
sensory information for robust environment understanding and ROS navigation
stack for obstacle avoidance and path planning. This is to bridge a gap between
existing algorithms and develop an intelligent framework that could improve the
capability of robotic systems to interact and navigate complex, dynamic, and

changing environments.
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Simulation and data capturing: The development and implementation of the
model demands the use of simulation to mitigate the risk associated with
experimenting and testing on real-world robot platforms. This is to reduce
potential damages and cost implications during the initial phase of model
development, iteration and refinement. The high-fidelity CAD model of the hangar
environment in ROS-Gazebo simulation replicates real-world features and aids
in generating a large number of relevant datasets. Real-word data was captured
from the TUI hangar, and additional public datasets were integrated to improve
the robustness and adaptability of the system to the changing real-world
environment. Chapter 3 provides detailed information on how the datasets were

prepared and utilized to train the YOLO object detection model.

Improved YOLO object detection model: A key improvement to the identified
research gap is to develop a robotic system capable of detecting obstacles of
varied shapes and sizes in different lighting situations. In Chapter 3, the proposed
solution leveraged PyTorch deep learning-based YOLO algorithm to enhance
obstacle detection capabilities in mobile robots. The combined datasets were
processed and used to train and enhance the detection capability of the YOLO
model. Another improvement with CBAM was integrated into the YOLO model to
improve the speed of accurate detection and reduction in network complexity.
The improved YOLOV5 model called FUSE-YOLO showed 2.7% improvement
when evaluated and compared with the baseline YOLOv5 model. These are
integrated into the ROS navigation stack and contribute to a more lightweight and

resource-efficient navigation system.

Muti-sensor data fusion: In Chapter 4, NAV-YOLO was developed by
transforming the camera stream through the YOLO model in the ROS ecosystem.
However, the robot's limited field of field of view from the camera input became
noticeable from detected collisions. These were more obvious when
environmental complexities increased, practically when the number of

environmental obstacles rose from 7 to about 15 incrementally.

Leveraging the ROS costmap configuration package, an improvement was done
in Chapter 5, integrating data from both camera and LIiDAR sensors to expand
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the robot’s field of view and perception capabilities. The integration of these
sensory inputs allows the robot to perceive its environment with greater clarity
and depth. This enriches the robot's situational awareness and refines its
navigation strategies, enabling it to make more accurate and informed decisions.
The applied sensor fusion techniques facilitate intelligent robotic systems capable

of navigating and operating autonomously in complex environments.

NAV-YOLO development (Dijsktra+DWA+YOLOV5): The NAV-YOLO model
development in Chapter 4 integrates the default ROS navigation package,
including Dijsktra global and DWA local planner with YOLOvV5 object detection
following the same process of model development demonstrated in chapter 2.
This demonstrates improvement in accurately navigating complex obstacles,
enabling inspection tasks from start to end. The planners are updated with real-
time interaction and adaptive potentials from transforming YOLO-detected data.
As much as this model showed a 6% improvement in distance covered and
reduced collision compared to the default navigation planners, there was a
significant lag in data synchronisation. The Turtlebot3 robot's field of view was
limited to about 62 degrees as well, which contributed to collisions in more
complex and dynamic environments. This prompted more improvements and
stability but set this system as a new benchmark for performance in autonomous

robotic navigation.

Improved NAV-YOLO (RRT+DWA+YOLOv7): The improved version of the
NAV-YOLO system was developed in Chapter 5, addressing the challenges of
NAV-YOLO. This incorporates a more enhanced global path planning algorithm,
the RRT, and integrated the YOLOvV7 object detection model to expand the
model's capability in real-time obstacle avoidance and general navigation
experience. The RRT showcases path planning effectiveness in complex and
dynamically changing environments, while YOLOvV7 is known for its improved
accuracy and speed in obstacle detection. The combined techniques utilised
multi-sensory information from LiDAR and the camera to expand the robot’s field
of view. The YOLOv7-tiny version was used to make the system more lightweight

for embedded systems. With expanded perception capability, the combined
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solutions enhance the mobile robots' precision and autonomy. This enables it to
efficiently navigate unknown and low lightning spaces, planning paths that
maximise safety and efficiency in diverse environments. NAV-YOLO with
YOLOV7 was also developed in this chapter for comparative analysis.

Transfer To Real-world Robot (Turtlebot3 waffle_pi): In chapters 4 and 5, the
developed NAV-YOLO solution was implemented on the real-world Turtlebot3
robot. This robot platform faced constraint due to its limited hardware
functionalities like its raspberry pi computing unit have insufficient processing
power, which impacted the developed model's performance. Iterative
improvements were made to the model, including optimising the YOLO algorithm
with a lighter version and enhancing real-time data processing. The project's next
phase intends to implement the solution on a higher-capacity hardware platform

to accommodate better and leverage the developed model's capabilities.

Evaluation and Validation (ROS-Gazebo and Real Robot): The effectiveness
of the developed methods was evaluated and validated using both ROS-Gazebo
simulations and real-world robot implementations. The environment is composed
of different checkpoints defined in Table 6-1. Chapter 2 showed the performance
evaluation of the proposed FUSE-YOLO with 64% accuracy compared with
approximately 63% accuracy of the YOLOv5m model trained with combined

thermal and RGB images.

Comparing the integrated solutions with the default ROS navigation stack
planners baseline model, the NAV-YOLO developed in Chapter 4 and measured
through key evaluation metrics showed an improved path completion time of
10%, no collision at that level of complexity and high success rates from start to
target locations. However, the system showed synchronisation issues between
sensor data and detected data, which was critical for real-time obstacle
avoidance. The NAV-YOLO was significantly improved in Chapter 5 by
integrating  YOLOv7 and developing the NAV-YOLO-RRT model, which
demonstrated superior performance from a significantly limited number of
collisions to no collision upon enhancement. The evaluation metrics show an

improved path completion time of 10% and high success rates from start to target
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locations. Although when the dynamic obstacles were increased to 5, the
proposed solution took longer, and more distance was covered to get to the target
location, but no collision was recorded. Generally, the developed model offers
robust and real-time adaptability techniques for autonomous obstacle avoidance
and path planning in a variety of complex settings. The successful application in
simulations and real-world conditions shows its reliability and potential
applicability in a wide range of autonomous robotics applications and positions it

as a significant contribution to autonomous robotics.

Table 6-1: Defined checkpoints for robot navigation

S/N | Name Goal position (x, y)

1 A (2.080396175, 2.966490269)
2 B (4.931311131, 15.1021328)
3 C (10.3697052, 28.9610939)

4 D (9.882028026, 14.74886698)
5 E (5.00, 7.00)

In summary, the project significantly contributes to safe robot navigation in
complex settings by bridging the performance gap in obstacle avoidance and path
planning. Leveraging YOLO deep learning technigues within the ROS framework
and integrating multi-sensory data, we significantly reduced collision rates and
increased path completion and success rate. The combined algorithmic
techniques development represents an advancement for safe and efficient robot
operation in MRO hangars and other industries, paving the way for a future where

robots seamlessly integrate into our world.

6.3 Contributions to knowledge

The contributions include:
e The proposed NAV-YOLO model is a significant advancement in the
broader field of robotics and autonomous systems. It showed excellent

capability to detect and avoid obstacles in complex and ever-changing

environments. This contributes to safety and efficiency, which are
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paramount in MRO hangars and other commercial and industrial
applications.

The integration of deep learning techniques allows the NAV-YOLO system
to learn and adapt to new environments and obstacles over time. This
permits the model to handle complex scenarios, especially where
traditional sensor-based systems might struggle, such as environments
with varying lighting conditions, diverse obstacle types and unstructured
terrain.

By integrating with the ROS Navigation Stack, the NAV-YOLO model can
enhance path planning by providing more accurate and timely information
about obstacles, enabling the robot to navigate moving and static
obstacles safely. The ROS framework also provides a robust and well-
supported framework, ensuring compatibility with a wide range of robotics
platforms.

The NAV-YOLO system, with its improved capabilities in accurate obstacle
detection and navigation in real-time, can be applied in numerous domains
where safety, efficiency and adaptability are crucial. This includes
industrial robotics, public space service robots, and drones for inspections
and surveillance.

This development opens avenues for further research, particularly in
integrating deep learning with robotics and optimising the systems for
more real-time operations. NAV-YOLO can be expanded to work
effectively with collaborative robots alongside human workers, ensuring

precise interaction and less risk.

6.4 Future Work

The development and implementation of this model encountered numerous

challenges and areas that require enhancement to solve the robotics problem.

6.4.1 Focus on Lightweight model structure.

The NAV-YOLO performance is generally impacted by the computationally

intensive nature of its models. The YOLO model needs to process image data in
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real-time to provide timely information for navigation. The smaller Turetlebots3
platform has limited onboard computational power that strains the system
resources and affects performance. Although lighter versions of YOLOvS5 and
YOLOvV7 were used to reduce computational demand, the developed model still
lagged in efficiency and real-time capability, experiencing a delay of 0.2
milliseconds per frame. Fine-tuning specific model parameters might yield better

performance.

6.4.2 Generating High Fidelity data from sensor perception

The YOLO detected data from the camera’s field of view provides bounding
boxes around detected obstacles, including coordinates for the corners of the
box. The approach applied in this solution involves using the centre of the
bounding box to estimate the object's position. This assumes the object is solid
and uniform, which is not always the case. For example, a person might have a
gap between their legs or an object with openings. In this case, using just the
centre point can lead to the wrong data representation of these non-uniform
objects. A more effective approach might be to consider the entire width of the
box at a specific height. This adjustment will improve the fidelity of the generated
laser scan data, especially in scenarios where the obstacles vary in shape and

configuration.

6.4.3 Real-Time update

The real-time operation of converting YOLO'’s output into the costmap suitable
format for dynamic obstacle avoidance showed some inconsistent delays. This is
due to the image preprocessing and costmap update mechanism. Some critical
parameter adjustments were made, including timestamp alignment using
message filters to compensate for delays in data processing. Code optimization,
as well as accelerating hardware functionalities, can contribute to more advanced

solutions.

6.4.4 Sensor Fusion Enhancement

The LIDAR-camera data fusion in this model is focused on expanding the robot’s
field of view to give the robot 360 degrees of perception coverage. This sensor
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fusion technique can be further expanded by complimenting camera visual data
with LIiDAR for precise distance measurements. Also, choosing an efficient
sensor fusion method that can prioritise relevant information and minimise
computational overhead while ensuring accurate obstacle representation will be

appropriate for future work.

6.4.5 Enhancement of the path planning algorithms (ROS Navigation
Update)
The primary aim of improving NAV-YOLO is to significantly reduce lags and
improve the responsiveness of the obstacle detection and avoidance system. The
processing of detected data and synchronisation with the LIDAR information still
introduced notable delays in the system navigation. Specific parameters like the
safety margin were adjusted to maintain a safe distance from the obstacle
position. The project's future work might consider implementing an obstacle
prediction algorithm to anticipate future obstacles positions and proactively
update the cost map dynamic mechanism. Additionally, probabilistic approaches
that factor in the likelihood of different movement scenarios will support the robot

in responding effectively to dynamic changes.

6.4.6 Hardware considerations

The Turtlebot3 robot platform was problematic due to its limited computational
resources. The Turtlebot3 robot is a CPU-based system with limited
functionalities to experiment with advanced deep learning model integration. One
solution implemented for computational limitations was to process data off-board
on another computer. This introduced network latency and made the robot unable
to operate in real time. Hardware upgrade should efficiently handle this

computational, enhance real-time operations, and minimise safety concerns.

139






7 Appendices

> . A )
. V_‘\ i .
.l . - L ;‘
’ wE e R AR
. % | (Y“‘ v e X
A ’ '." )+ .‘...ui"'.{;i'}
- e e PO v

- )

h OAK_D camera.

Tonasids Sk ::'l"'ff._. ! 5 3
Appendix A: Turtlebot3 robot wit

141



Appendix B: DENSEFUSE

DENSEFUSE
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Other key features:
* Encoder with dense block to retain salient features
* Regularisation A-norm and softmax operation to avoid overfitting
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Appendix C: Convolutional Block Attention Mechnism

CBAM (Channel Attention Mechanism)

Channel Spatial
;" Attention \ Attention
Input | Module Output

Module
Features | E / Features
|

M,(F) =g (MLP (AvgPool(F)) + MLP (MaxPooI(F)))

F'=M.(F)®F

Ms(F") = o(f 77 ([4; vgPool(F')MaxPool (F")]))
F" = MS(F") R F'

& = element-wise multiplication, F = the input feature map, Mc(F) = channel
attention map output, Ms(F') = spatial attention map output , F'' = feature map

output by the CBAM.

Key features:

* Channel attention to focus on the object features

* Spatial attention module focuses on target
location.
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Appendix D: AMCL- pose data from robot navigation.
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Appendix E: Hangar model launch file

File Edit Format View Help
<node
name="spawn_model"
pkg="gazebo_ros"
type="spawn_model"

hangar_model)/urdf/hangar_model.urdf -urdf -model hangar_model"

<node
name="fake_joint_calibration”
pkg="rostopic”
type="rostopic”
args="pub /calibrated std_msgs/Bool true" />
<l-- Spawn robot --»>
<arg
<arg
<arg

<arg
<arg yaw_pos" default="1.57125"/>
<param name="robot_description” command="$(find xacro)/xacro --inorder '$(find turtlebot3_description)/urdf/turtlebot3_$(arg model).urdf.xacro'" />

<node name="spawn_robot" pkg="gazebo_ros" type="spawn_model" args="-urdf -model turtlebot3_¢$(arg model) -x $(arg x_pos) -y $(arg y_pos) -z $(arg z_pos) -Y $(arg yaw_pos) -paran

<!-- Load the turtlebot3_navigation stack --»
<include file="$(find turtlebot3_navigation)/launch/turtlebot3_navigation.launch">

<arg name="map_file" value="$(find hangar_model)/map/hangar_map_v1.yaml"/>

<arg nam initial _pose_x" value="$(arg x_pos)"/>

<arg name="initial_pose_y" value="$(arg y_pos)"/>

<arg name="initial_pose_a" value="$(arg yaw_pos)"/>

<param name="robot_description” command="$(find xacro)/xacro --inorder '$(find turtlebot3_description)/urdf/turtlebot3_s$(arg model).urdf.xacro'" />
</include>

<I-- voLov7 Launch file -->
<include file="$(find hangar_model)/launch/yolov7.launch™ />

<l-- rqt_view_image -->
<node pkg="rqt_image_view" type="rqt_image_view" name="rqt_image_view" args="/yolov7/yolov7/visualization" respawn="false" output="screen" />

<l-- Load obstacles --»>
<include file="$(find hangar_model)/launch/obstacles.launch” />

</launch>|
-

Appendix F: RRT_DWB planner launch file.

File Edit Format View Help

<launch>
<!-- Arguments -->
<arg model™ default="$(env TURTLEBOT3_MODEL)" doc="model type [burger, waffle, waffle_pi]"/>
<arg map_file" default="$(find turtlebot3_ navigation)/maps/map.yaml”/>
<arg move_forward_only” default="false"/>
<arg cmd_vel topic" default="/cmd_vel™ />
<arg odom_topic" default="odom" />
<l-- Gazebo -

<include file (find turtlebot3_gazebo)/launch/turtlebot3_world.launch">
gui” value="false"/>
<arg name="world_name" value="$(find turtlebot3_gazebo)/worlds/turtlebot3_world.world"/>

</include>

<l-- Turtlebot3 -->

<include file="$(find turtlebot3 bringup)/launch/turtlebot3_remote.launch”>
<arg name="model" value="$(arg model)" />

</include>

<l-- Map server -->
<node pkg="map_server" name="map_server" type="map_server" args="$(arg map_file)"/>

<l-- AMCL -->
<include file="$(find turtlebot3 navigation)/launch/amcl.launch"/>

<!-- move_base -->
<node pkg="move_base" type="move_base" respawn="false" name="move_base" output="screen">
<param name="base_local_planner" value=

"dwa_local_planner/DWAPlannerros” />
<param name="base_global_planner" value="global_planner/RRTGlobalPlanner"/>
<rosparam file="$(find turtlebot3 navigation)/param/costmap_common_params_$(arg model).yaml™ command="load
<rosparam file="$(find turtlebot3_ navigation)/param/costmap_common_params_$(arg model).yaml™ command="load
<rosparam file="$(find turtlebot3 navigation)/param/local_costmap_params.yaml” command="load™ />
<rosparam file="$(find turtlebot3 navigation)/param/global_costmap_params.yaml” command="load" />
<rosparam file="$(find turtlebot3 navigation)/param/move_base params.yaml" command="load" />
<rosparam file="$(find turtlebot3 navigation)/param/dwa_local_planner_params_$(arg model).yaml" command="1
<rosparam file="$(find rrt-global-planner)/params/rrt_global_planner.yaml" command="load" />
<remap from="cmd_vel" to="$(arg cmd_vel topic)"/>
<remap from="odom™ to="$(arg odom_topic)"/>
<param name="DWAPlannerROS/min_vel x" value="@.8" if="$(arg move_forward_only)" />

</node>

<l-- rviz -->
<node pkg="rviz" type="rviz" name="rviz" required="true"
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Appendix G: YOLOvV7 launch file

"l yolovT.launch - Notepad B O

ile Edit Format View Help

launch>
<arg name="img_topic" default="/yolova_publisher/color/image"/>
<arg name="depth_image_topic"” default="/yolov4 publisher/stereo/depth"/>
<arg name="depth info topic" default="/yolov4 publisher/color/camera info"/>

<node pkg="yolov7 ros" type="detect ros.py" name="detect" output="screen"
ns="yolov7">
<!-- Download the official weights from the original repo --»
<param name="weights_path" type="str"
value="%(find yolov7 ros)/config/weights/yolov7.pt"/>
<!-- Path to a class_labels.txt file containing your desired class labels. The i-th entry correspond
<param name="classes_path" type="str" value="$(find yolov7_ros)/config/class_labels/coco.txt" />

<!-- topic name to subscribe to --»

<param name="img topic" type="str" value="$(arg img topic)" />

<param name="depth_image_topic"” type="str" value="%$(arg depth_image_topic)"” />
<param name="depth info topic” type="str" value="$%$(arg depth info topic)" />

¢<!-- topic name for the detection output --»

<param name="out_topic"” type="str" value="yolov7" />

<!-- confidence threshold -->

<param name="conf_thresh” type="double” value="0.35" />

<!-- intersection over union threshold --»

<param name="iou_thresh” type="double" value="@.45" />

<!-- queue size for publishing --»>

<param name="queue size" type="int" value="1" />

<!-- image size to which to resize each input image before feeding into the

network (the final output is rescaled to the original image size) --»
<param name="img_size" type="int" value="648" />

¢l-- flag whether to also publish image with the visualized detections --»>
<param name="visualize" type="bool" value="true" />
<l-- 'cuda' or 'cpu' -->
<param name="device" type="str" value="cpu" />
</node>
/launch>
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