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Abstract

This thesis addresses the challenge of environment perception in the field of au-
tonomous mobile robot navigation, with a primary focus on two key aspects: dynamic
obstacle estimation and collaborative localization using visual sensors.

An accurate perception with a rapid response is fundamental for any autonomous
vehicle to navigate safely. In the field of dynamic obstacle estimation using visual
sensors, we introduce an efficient method for obstacle estimation that utilizes only
depth image of an RGB-D sensor to facilitate quick dynamic obstacle estimation. Here,
we utilize another depth map representation, known as the u-depth map, for obstacle
detection and propose a restricted v-depth map to improve the estimation of obstacle
dimensions. Additionally, we present a novel tracking algorithm to monitor obstacles
in subsequent frames until they are within the field of view.

In the realm of collaborative localization using visual sensors, we propose a client-
server-based collaborative SLAM framework. Participating robot are equipped with a
camera (monocular/stereo/RGB-D) and an inertial sensor for visual odometry, while a
centralized server executes processor-intensive tasks such as loop closing, map merging,
and global optimization. This framework employs Visual-Inertial Odometry and can
adapt to use Visual Odometry in the presence of noisy inertial sensor measurements.
It addresses certain disadvantages of odometry-based systems, such as erroneous pose
estimation due to incorrect feature selection or losing camera track due to abrupt
motion, providing a more accurate result.

Recognizing the limitations of RGB-D sensors in accurately estimating long-range
obstacles, we investigate the utilization of Light Detection and Ranging (LiDAR) sen-
sors, which offer precise environmental assessments in the form of 3D point clouds.
Building upon the success of u-depth and restricted v-depth maps derived from our
prior work with depth images, we extend these methodologies to LiDAR point clouds for
long-range obstacle estimation. This approach obviates the necessity for certain com-
putationally intensive modules, such as ground plane segmentation and 3D clustering,
present in existing obstacle detection methods utilizing 3D LiDAR point clouds.

The evaluation of these three methods is conducted using multiple simulated data
sets, self-captured data sets, open data sets, and real robot motion to establish their
accuracy and effectiveness.

Furthermore, we propose a visual inspection system for pre-flight aircraft inspec-
tion using autonomous collaborative drones. This system is auto-adaptable to any
aircraft model with minimal manual intervention. The drones initiate from random



x

locations in the vicinity of the aircraft, utilizing a novel registration algorithm to col-
laborate and navigate using LiDAR-Inertial measurements. The navigation algorithm
establishes multilayered zones for safe navigation and employs our previously proposed
obstacle estimation method using LiDAR to avoid static and dynamic obstacles. The
system incorporates a low-cost RGB-D camera for inspection and defect detection.
The proposed system is evaluated in a simulation with an anonymous aircraft model,
demonstrating the ability to complete the inspection task within 10 minutes using two
UAVs.
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Chapter 1

Introduction

The past two decades have witnessed an explosion of technological advancements in
robotics and its related domains, driven by the keen interest of researchers in these
active research areas. This advancement has exerted a direct influence on nearly every
industry, fostering a widespread adoption of robotic solutions. Consequently, there
has been a substantial growth in the integration of robotic solutions across various
industries. Industrial robots can be broadly classified into two groups:

• The first group comprises stationary robots that execute tasks without changing
their positions, exemplified by robotic arms, welding robots, and similar appli-
cations.

• The second group consists of mobile robots that traverse their environments to
perform assigned tasks. Examples include Autonomous Mobile Robots (AMRs),
Autonomous Ground Vehicles (AGVs), Unmanned Aerial Vehicles (UAVs), and
Humanoids.

Industrial mobile robots find applications in diverse fields such as farming, agriculture,
manufacturing, healthcare, logistics, retail, hospitality, and services. This diversity has
led to a notable proliferation of various industrial robotic applications. The matu-
rity achieved in the autonomous navigation of robots has opened up possibilities for
deploying multiple robots simultaneously in scenarios where a single robot may be inef-
ficient due to the scale of the task or where quick completion is essential within a given
timeframe. Utilizing multiple heterogeneous mobile robots in large-scale missions is ad-
vantageous because complex tasks can be decomposed and assigned to different robots
based on their capabilities, thereby reducing the overall completion time. This thesis
delves into different aspects and challenges associated with autonomous visual naviga-
tion in unknown environments by robots.

Throughout the remainder of the thesis, the terms ‘robots’, ‘clients’, or ‘agents’
are used interchangeably to denote the participating robots, and bold lowercase letters
represent vectors, while bold uppercase letters or combinations thereof signify matrices.
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The subsequent sections of this chapter are structured as follows: Section 1.1 focuses
on the preliminaries, providing essential background information. Section 1.2 outlines
the fundamental principles of visual navigation by autonomous robots. Section 1.3
articulates the objectives of the thesis, while Section 1.4 elucidates the specific contri-
butions of the work. Finally, Section 1.5 delineates the organizational structure of the
remaining chapters in this thesis.

1.1 Preliminaries

In contemporary times, robots are universally outfitted with either a single or multi-
ple cameras, which capture two-dimensional (2D) images of their surrounding environ-
ments as they attempt to comprehend their surroundings. In this regard, understanding
the relationship between the three-dimensional (3D) environment and the correspond-
ing 2D images becomes crucial. Appendix A.1 provides a concise explanation of this
fundamental relationship. Additionally, Appendix A.2 delves into the fundamentals of
reconstructing a 3D structure from a compilation of 2D images using Structure from
Motion (SfM) [6].

1.2 Autonomous Navigation of Robots

The autonomous navigation of mobile robots in unfamiliar environments necessitates
an understanding of the surroundings, represented as a 3D structure, to determine
a navigation path by avoiding obstacles. Simultaneously, it requires continuous aware-
ness of the robot’s location within the environment. This 3D representation of the
environment is referred to as a map, while the estimation of the robot’s poses (posi-
tion and orientation) within the environment is termed self-localization. As detailed
in Appendix A.2, SfM [6] emerges as a significant technology for reconstructing a 3D
structure from an assortment of unordered 2D images and for estimating the poses
associated with those images. This technology finds equal applicability in the realms
of self-localization and map creation while the robot is in motion. However, a no-
table drawback of SfM lies in its exponentially growing execution time, rendering it
unsuitable for real-time robotic motion estimation, which is an essential requirement
for effective navigation. Consequently, researchers have devised variations of the core
technology that preserve its essence while being capable of real-time execution. Within
the context of this thesis, we delve into the evolution of different techniques associated
with autonomous navigation, including obstacle estimation and tracking for safe path
planning, as well as self-localization and map generation using visual sensors.
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1.2.1 Obstacle Estimation and Path Planning

A mobile robot operating autonomously within an environment necessitates a compre-
hensive understanding of both occupied and vacant regions derived from the recon-
structed map. Occupied regions represent obstacles that must be avoided, directing
the robot’s path exclusively through empty spaces. These obstacles typically fall into
two categories: static and dynamic. Dynamic obstacles include movable entities such
as humans, cars, and other robots. Consequently, obstacle detection stands as a crucial
task in enabling autonomous navigation for mobile robots. Fig. 1.1 depicts a sample
captured image in a static environment along with the corresponding detected obsta-
cles. The complexity of this task amplifies in dynamic and cluttered environments,

(a) (b)

Figure 1.1: An example of obstacle detection: (a) An RGB image captured in a static
environment, (b) Detected obstacles are highlighted with yellow bounding boxes.

where the objectives are threefold:

• Detect obstacles within the field of view (FOV) of sensors mounted on robots.

• Measure the states of obstacles, encompassing whether they are static or dynamic,
their dimensions, and the velocities of dynamic obstacles.

• Predict the future locations of obstacles to plan for collision-free navigation.

An obstacle, in this context, refers to any object capable of impeding the motion of
a mobile robot, spanning AMRs, AGVs, or UAVs. These obstacles can be of varying
shapes and sizes, with dynamic obstacles dynamically altering their characteristics.
Detecting and tracking multiple obstacles in a cluttered environment becomes even
more intricate due to these diverse attributes. A mobile robot frequently requires
the ability to comprehend and track multiple dynamic obstacles swiftly, responding
promptly to avoid potential collisions. Therefore, the entire process must be executed
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onboard to circumvent communication delays. Furthermore, the obstacle detection
and processing must be not only accurate but also swift enough for real-time execution
onboard. Despite the progress made, existing approaches still fall short in addressing
all the diverse characteristics that obstacles may exhibit.

Similar to obstacle detection, Visual Object Tracking (VOT) is a pertinent re-
search topic in computer vision. The primary objective of VOT is to track one or more
specified objects within a given video sequence. However, the concept of obstacle track-
ing differs from conventional VOT. To illustrate these distinctions, consider Fig. 1.2,
which features three non-consecutive snapshots from the PTB dataset [7]. The results

a c 

f 

b 

d e 

Figure 1.2: Three non-consecutive snapshots from the PTB [7] dataset, where (a)–(c) dis-
play the ground truth of object tracking, specifically the toy bear, marked with red bounding
boxes, in contrast, (d)–(f) illustrate the likely outcomes of obstacle detection, marked by

boxes in red, yellow, and green.

of object tracking are depicted in Fig. 1.2(a)–(c), focusing on a toy bear as the ob-
ject of interest. The red bounding boxes indicate the detected portions of the bear.
In Fig. 1.2(a), the bear is successfully detected. In Fig. 1.2(b), the lower portion of the
bear is obscured by a box, resulting in only the upper portion being detected. Mean-
while, Fig. 1.2(c) reveals that VOT failed to detect the bear’s major portion (face) due
to occlusion. Unlike VOT, where specific objects are tracked, obstacle detection aims
to identify any object in front of the capturing device that could obstruct the robot’s
motion. Therefore, the main goal in obstacle detection is to detect all objects, with no
specific object of interest. Fig. 1.2(d)–(f) illustrates potential outputs of an obstacle
detection method. Fig. 1.2(d) shows detected obstacles such as a bear and a lady
marked in green and red boxes, respectively. Fig. 1.2(e), (f) present scenarios with
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three obstacles marked in green, red, and yellow boxes, highlighting contextual differ-
ences that restrict the direct application of VOT to obstacle detection and tracking in
a robotic environment for navigation purposes.

The task of path estimation or planning for a mobile robot involves determining
a sequence of maneuvers necessary for the robot to reach its destination from its starting
or current location while avoiding collisions with obstacles. This assumes a mobile robot
with a certain degree of freedom within a 3D environment and a set of obstacles within
that space. A continuous path is deemed legal only if it neither intersects any obstacles
nor self-intersects. Fig. 1.3 depicts a single sample path among many possible paths
for the example in Fig. 1.1. Various algorithms address path planning and broadly fall

Destination 

Start Position 

Figure 1.3: A sample path to reach the destination for the previous example in Fig. 1.1.

into two categories: (i) occupancy grid-based and (ii) graph-based methods.

• Occupancy grid-based methods divide the entire space into 3D voxels (small
cuboid grids) and assign them as occupied or free. The planning algorithm
considers trajectories as the shortest lines that do not cross any occupied voxels,
reaching the destination voxel from the current location voxel.

• Graph-based methods create a structure where nodes represent places (e.g.,
bedrooms, kitchens, balcony), and edges define paths between places (e.g., doors
connecting rooms, doors connecting rooms and kitchens). These edges also carry
weights representing the difficulty of traversing the path. Finding the trajectory
involves determining the shortest path between the current location node and
the destination node.

Recent works [8], [9] highlight existing challenges in the path planning domain, such as
estimating free spaces of convex shapes, determining navigable space, and identifying
the best possible path in real-time.
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1.2.2 Visual Odometry

Visual Odometry (VO) [10]–[12] is a process for estimating robot poses using inputs
solely from either single or stereo cameras attached to robots. It constitutes a specific
case of SfM where the cameras are pre-calibrated, and the images are ordered sequen-
tially. The term ‘VO’ derives from the concept of wheel odometry, which estimates
vehicle motion by integrating the number of wheel turns over time. VO mirrors wheel
odometry in estimating vehicle poses by analyzing changes in sequences of images cap-
tured by an onboard moving camera. Specifically, VO focuses on determining the 3D
motion of the camera as soon as a new frame arrives, with the entire estimation pro-
cess expected to complete before the next frame arrives. Consequently, VO works with
a sequence of images and necessitates sufficient illumination for efficient functioning.
Additionally, consecutive images must have ample scene overlap for accurate estima-
tion. A notable advantage of VO over wheel odometry is its applicability to any robot
with at least one camera. Other major advantages include its suitability for Global
Positioning System (GPS)-denied areas, immunity to wheel slippage in uneven terrain,
and the capability to produce more accurate trajectory estimations, making VO an
appealing candidate for continuous robot pose estimation.

The typical steps of VO are outlined below:

• Estimates the pose for the first two images, denoted with IMG0 and IMG1,
respectively, through the estimation of Fundamental and Essential matrices. De-
compose the Essential matrix to obtain the rotation matrix and translation vector
as described in Appendix A.2.

• Use homography [13], [14] based initialization in the case of a planer scene.

• For new (k + 1)th image, denoted with IMGk+1, find matched features between
the images IMGk and IMGk+1.

• Estimate the Essential matrix (Ek···k+1) from IMGk to IMGk+1 using the matc-
hed features.

• Extract the rotation matrix, Rk···k+1, and the translation vector, tk···k+1, through
the decomposition of the Essential matrix and compute the relative pose

Tk···k+1 = [Rk···k+1| tk···k+1]

.

• Correct the scale of tk−1···k and tk···k+1 using three-view geometry [13].
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• Calculate the pose of image IMGk+1 relative to the first image as

T0···k+1 = T0···k × Tk···k+1

This incremental estimation is described in Fig. 1.4.

IMG0  

IMGk-1  

IMGk  

IMGk+1  
𝑻𝒌 ⋯ 𝒌+𝟏 

𝑻𝟎 ⋯ 𝒌 

Figure 1.4: A pictorial view of incremental camera pose estimation in VO.

• For enhanced camera pose estimation in VO, Bundle Adjustment (BA) [10] is
employed on the pose graph linked to the current image IMGk+1. Appendix A
provides the details of BA. In VO estimation, BA is typically applied to a limited
subset of images, known as local optimization or sliding window-based BA.

Some of the major demerits of VO are listed below:

• Incremental drift is a significant issue, as errors introduced during image-to-
image motion estimation accumulate over time, leading to noticeable drift. While
sliding window-based BA, as mentioned above, mitigates this to some extent,
incremental drift becomes more pronounced in long-term robotic autonomous
navigation, presenting potential challenges.

• VO estimation is in an unknown scale, making it unable to measure the exact
distance between two locations in a metric unit.

1.2.3 Visual SLAM

Visual Simultaneous Localization and Mapping (VSLAM) [15]–[20] represents another
avenue of research in the fields of computer vision and autonomous visual navigation.
VSLAM closely aligns with VO but operates with greater precision, imposing additional
constraints on camera path estimation and refinement. VSLAM constructs a graph
where robot poses serve as nodes, and the special constraints between these poses act
as edges, forming what is referred to as the pose graph.

A fundamental distinction between VO and VSLAM lies in their objectives. While
VO aims to incrementally estimate the current robot pose and reconstruct the current
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scene view, VSLAM seeks to establish a globally consistent robot path and globally
correct 3D structure reconstruction. To achieve this, VSLAM introduces additional
verification steps and restrictions, with loop closure detection being a pivotal verifica-
tion step. Loop closure detection occurs when the robot revisits a previous location,
allowing the system to add special constraints among recent and old poses, enhanc-
ing pose graph connectivity. Unlike VO, VSLAM retains the entire robot path and
map structure from initialization, leading to potential operational inefficiencies due to
the rapid accumulation of data. To address this, VSLAM introduces the concept of
keyframes (KFs) and eliminates redundant images, ensuring a lightweight and operable
system for extended durations. VSLAM places significant emphasis on optimization for
creating a global and consistent map, employing sliding window-based Bundle Adjust-
ment similar to VO after each frame insertion. Additionally, VSLAM performs BA on
the entire loop whenever a loop is detected and on the entire robot path to maintain
a consistent global map. Consequently, VSLAM emerges as a stable framework for
autonomous visual navigation, finding widespread applications in AMRs, UAVs, and
UGVs.

VSLAM can be broadly categorized into two types: (i) feature-based methods and
(ii) direct methods.

• Feature-based methods: These methods consider specific points, lines, cor-
ners, etc., as features in the images, assuming their uniqueness for easy identi-
fication across consecutive images. Feature-based methods extract and match
these features to estimate camera poses, as visual odometry (Section 1.2.2).

• Direct methods: In contrast, direct methods utilize a large number of pixels
or all pixels without feature extraction. These methods track pixel movements
based on photogrammetric properties such as color, brightness, and intensity
gradient, shifting the problem from geometric error minimization to photomet-
ric error minimization. Direct methods yield denser maps, offering advantages
in completeness, object inference, and robust tracking, especially in featureless
environments and changing lighting conditions.

This thesis primarily focuses on the feature-based method due to its suitability for
collaborative VSLAM, as discussed in [21]. Consequently, the basic architecture of
a feature-based VSLAM is presented. Fig. 1.5 illustrates the architecture of a well-
known feature-based VSLAM, ORB-SLAM2 [15], supporting monocular, stereo, and
RGB-D cameras.

The architecture is distributed across three major threads: tracking, mapping, and
loop closure and optimization.
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Figure 1.5: ORB-SLAM2: A VSLAM Framework.

• Tracking Thread: This thread receives input images from the camera, pre-
processes them to find matched features, predicts the initial pose using a linear
motion model, refines the pose through matches from local map points (MPs),
and decides whether to consider the image as a new KF.

• Mapping Thread: This thread is responsible for creating the map, inserting
new KFs, and performing maintenance operations on the map, such as inserting
new KFs and MPs, removing redundant KFs and MPs, and running local BA.

• Loop Closure Thread: This thread continually searches for matches with
previously visited locations using a database and identifies a loop in the robot
path when a stable match is found. It corrects the entire path by introducing
new edges between old and new KFs and refines the map with global BA on the
entire loop.

Despite its advantages, VSLAM faces inherent challenges such as losing camera
tracking and all estimations residing in unknown scale. The estimation of robot
poses through feature matching relies on substantial scene overlap between consec-
utive frames, posing difficulties when a robot moves freely. Consequently, VSLAM
systems frequently struggle to find enough matched features, resulting in an unstable
pose estimation, a situation known as losing camera track [15]. In such scenarios,
VSLAM systems resort to re-localization, searching for sufficient feature matches with
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all previous keyframes before resuming standard camera tracking procedures. More-
over, VSLAM, like SfM and VO, is unable to determine the exact metric scale, leaving
the estimation in an unknown scale. This limitation means that obtaining absolute
scale in VSLAM, essential for navigating specific distances, remains unattainable.

1.2.4 Visual-Inertial SLAM

Visual-Inertial SLAM (VI-SLAM) stands as an alternative SLAM framework in which
camera tracking leverages inputs from two distinct sensors: the Inertial Measurement
Unit (IMU) and the camera. The IMU sensor comprises three sensors, namely ac-
celerometer, gyroscope, and magnetometer. The accelerometer measures linear accel-
eration across three axes (roll, pitch, yaw), the gyroscope measures rotational rates
along these axes, and the magnetometer aids in gravitational force measurement. Con-
sequently, the IMU provides a preliminary measurement of the robot’s motion, serving
as an initial estimate for camera motion. This initial estimate facilitates the discovery
of matched features in a guided manner, particularly beneficial for scenarios involv-
ing significant or jerky motion. This approach minimizes the risk of losing camera
track, a persistent issue in VSLAM. The process of estimating the camera track using
both IMU and camera sensors is known as Visual-Inertial Odometry (VIO) [22]–[25],
and VI-SLAM employs the VIO technique for camera tracking. Fig. 1.6 illustrates the
IMU-integrated version of ORB-SLAM2 [15], where the tracking thread derives the mo-
tion model from IMU data, deviating from the linear motion model in ORB-SLAM2.
Feature matching utilizes this motion model to enhance feature matching. Notably,
motion estimation from the IMU is consistently in metric units, enabling VI-SLAM to
provide metric unit estimations, thus supporting navigation over specified distances.

In essence, VIO is anticipated to yield more accurate pose estimations than VO,
contingent upon the quality of the IMU sensor [18]. However, the potential introduction
of noise in IMU data may result in a correspondingly noisy estimation of camera
motion, subsequently impacting the precision of camera pose estimation. Consequently,
in practical applications, the presence of noisy IMU measurements poses a challenge
to the quality of the combined measurements. As a result, the system necessitates
intelligence to validate IMU measurements before integrating them with other sensors,
introducing a challenging aspect to system design.

1.2.5 Collaborative VSLAM

In scenarios involving extensive and distributed missions, relying on a single robot may
prove inadequate due to mission deadlines and individual robot limitations, such as the
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Figure 1.6: An IMU integrated version of ORB-SLAM2.

limited endurance of commercial drones. Drones, for instance, often have a maximum
endurance of 30 minutes, making them insufficient for extensive missions. Employ-
ing multiple heterogeneous robots, combining UGVs and UAVs equipped with various
sensors, becomes advantageous in such missions. Collaborative VSLAM frameworks,
as discussed in [21], [26], [27], enable multiple robots to share information, collabora-
tively create a global environmental map, and enhance system reliability. Collaborative
approaches facilitate rapid exploration of regions, ensuring system functionality even
if one or more robots become inoperable. Two main types of collaborative SLAM
frameworks exist: centralized [21], [26], [28] and distributed [27], [29]–[31]. Centralized
systems involve a centralized server controlling communication, whereas in distributed
systems, participating robots, usually homogeneous, share information directly.

The primary challenges in collaborative frameworks encompass effective communi-
cation among robots, ensuring information availability, minimizing information sharing
to maintain a small network footprint, fusing partial maps from individual robots, pre-
venting loss of tracking, reusing map information, managing network delays, and more.

To recapitulate the aforementioned discussion, obstacle detection proves integral
in autonomous navigation. We explored what constitutes obstacles and why VOT is
not directly applicable to detect dynamic obstacles. Challenges in dynamic obstacle
detection were highlighted. Appendix A presented the fundamentals of SfM for under-
standing 3D structure reconstruction from a set of 2D images. We then delved into
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how VO evolves from SfM and utilizes similar techniques for autonomous navigation.
Challenges in VO were discussed, and VSLAMs were introduced as a solution, ad-
dressing some issues. However, VSLAMs may still be inefficient for many autonomous
navigation scenarios. In this context, VI-SLAMs exhibit the potential for increased
accuracy. For multiple robots, collaborative VSLAMs adopt either distributed or cen-
tralized models, each with its own advantages and limitations. Challenges associated
with collaborative VSLAMs were also outlined.

1.3 Objectives of the Thesis

We have examined various aspects of visual autonomous navigation by mobile robots,
witnessing significant progress over the last two decades. Throughout this exploration,
we have underscored the prevalent problems and challenges related to obstacle es-
timation, path planning, self-localization, map generation, among others. This thesis
aims to present a comprehensive navigation framework wherein multiple heterogeneous
robots autonomously identify surrounding obstacles and collaboratively explore the
environment using collaborative VI-SLAM. The proposed navigation framework holds
potential applications in distributed autonomous robotic inspection tasks across diverse
domains. The primary objectives are delineated below:

• Develop capabilities to estimate dynamic obstacles in highly dynamic environ-
ments.

• Ensure quick real-time dynamic obstacle estimation by leveraging existing sensor
inputs.

• Establish a collaborative framework wherein multiple robots, equipped with het-
erogeneous visual sensors, can seamlessly collaborate.

• Enable participating robots to share information within the collaborative frame-
work.

• Facilitate rapid environmental map generation through collaborative efforts.

• Ensure global consistency in the collaborative map for subsequent robotic navi-
gation tasks, such as obstacle detection and manipulation.

• Support long-term navigation within the collaborative framework.

• Ensure stability and robustness of the SLAM algorithm in various scenarios, such
as providing accurate estimations in linear motion, minimizing camera track loss,
and sustaining performance during jerky motions.
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• Foster self-awareness in individual robots to mitigate erroneous estimations.

• Establish an autonomous inspection system wherein robots can execute autono-
mous navigation for comprehensive inspection tasks.

1.4 Contributions of the thesis

This thesis focuses on addressing multiple challenges in robotic navigation, specifically
targeting dynamic obstacle avoidance for collision-free safe navigation and promot-
ing collaborative visual navigation with multiple cooperative robots. The comprehen-
sive analysis encompasses two key aspects of autonomous visual navigation by mobile
robots, culminating in the presentation of an autonomous visual inspection system
utilizing collaborative UAVs. The primary contributions are outlined below:

• Efficient Dynamic Obstacle Estimation:

– Utilizes only depth maps from an RGB-D sensor for precise collision-free
navigation in cluttered environments.

– Implements dynamic binary thresholding on u-depth maps to enhance ob-
stacle detection and accurately estimate their dimensions.

– Introduces a representation method using restricted v-depth maps for im-
proved estimation of obstacle dimensions.

– Presents an algorithm for obstacle tracking, employing efficient processing
of u-depth maps.

• Heterogeneous Centralized Collaborative VI-SLAM Framework:

– Proposes a collaborative VI-SLAM framework allowing participating robots
or clients to carry heterogeneous visual sensors, such as monocular, stereo,
or RGB-D cameras.

– Distributes low computation tasks to clients and offloads high computation
tasks to a central server.

– Implements tightly-coupled VIO or only VO for pose estimation on each
robot.

– Adapts the camera tracking module to auto-adjust for erroneous IMU pose
integration.

– Supports multi-map scenarios on each client, eliminating the need for re-
localization.
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– Introduces an efficient criterion for estimating the reliability of camera pose,
triggering loss of tracking if reliability falls below a threshold.

– Presents a novel algorithm for efficient map fusion on the server, applicable
for a single client or collaboration among multiple clients.

• Improved Dynamic Obstacle Estimation Using 3D LiDAR:

– Proposes enhanced dynamic obstacle estimation using 3D Light Detection
and Ranging (LiDAR) sensor data.

– Defines u-depth and restricted v-depth representations from 3D LiDAR
point clouds to facilitate obstacle detection, estimation, and tracking. While
depth maps are typically associated with RGB-D cameras, LiDAR provides
colorless point clouds. This work’s primary contribution lies in establishing
u-depth and restricted v-depth representations from 3D LiDAR point clouds
and utilizing them for the detection and estimation of obstacles.

– Eliminates computationally intensive modules, such as ground plane seg-
mentation and clustering, by estimating obstacles from u-depth and re-
stricted v-depth representations.

• Autonomous Aircraft Inspection System Using Collaborative UAVs:

– Introduces a novel registration process among participating UAVs, requiring
no common landmark for matching and initiating the registration process.

– Enables each UAV to autonomously generate poses to view specific portions
of the aircraft surface optimally.

1.5 Organization of the thesis

We have delved into fundamental concepts of autonomous visual navigation, encom-
passing perspective projection and the structure-from-motion pipeline (detailed in Ap-
pendix A). Our exploration spanned various self-localization techniques, ranging from
visual odometry and visual SLAM to visual-inertial SLAM, along with collaborative vi-
sual SLAM for multiple robots. Additionally, we addressed dynamic obstacle detection
and path planning. To encapsulate, the thesis is structured as follows:

Chapter 2: Provides an in-depth review of existing literature in the domains of
single and collaborative VSLAMs and VI-SLAMs. It also examines dynamic obstacle
estimation utilizing visual sensors.
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Chapter 3: Introduces a novel approach for obstacle estimation in dynamic clut-
tered environments, leveraging depth images from RGB-D cameras. The chapter
presents an innovative algorithm for continuous dynamic obstacle tracking, contribut-
ing to collision-free path planning. It also highlights the limitations of RGB-D cameras
in navigation and obstacle detection.

Chapter 4: Proposes a new centralized framework for collaborative visual-inertial
navigation among heterogeneous robots, equipped with different visual cameras. The
framework evaluates the quality of IMU data before utilization, supports multi-map
operations within a single robot or among multiple robots, and incorporates an efficient
map fusion algorithm.

Chapter 5: Introduces another novel approach for obstacle estimation utilizing
3D LiDAR sensors. The method processes LiDAR data as depth images, enabling
quicker and more accurate estimations compared to RGB-D cameras.

Chapter 6: Presents a distributed visual inspection task employing multiple col-
laborative drones. The self-localization and multi-robot cooperation are facilitated by
3D LiDAR sensors, while the inspection task is performed with RGB-D cameras. The
chapter introduces a novel registration technique.

Chapter 7: Concludes the thesis by summarizing the contributions achieved and
outlining potential directions for future work.
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Chapter 2

Literature Survey

This chapter presents detailed study on the existing works on dynamic obstacles detec-
tion and tracking using visual sensors, and further extend the study to VSLAMs and
collaborative VSLAMs as these are the backbone of autonomous navigation for mobile
robots.

2.1 Obstacle Detection

Existing approaches use both active and passive sensors for detecting obstacles. Dy-
namic obstacle detection commonly relies on active sensors like ultrasonic and radar.
Despite their widespread use, these sensors present limitations such as a low field of
view and sparse sensing, as detailed in [32], [33]. In this literature survey, our primary
emphasis is on exploring conventional geometric-based obstacle detection systems that
utilize sensors like stereo cameras and RGB-D cameras.

2.1.1 Stereo Images

In obstacle detection, researchers widely use stereo cameras to calculate the distance of
obstacles through disparity measurements from image pairs. Researchers place intense
focus on disparity processing for detecting obstacles by AGV. Labayrade et al. first in-
troduced u-disparity and v-disparity image formation from stereo disparity in [34], [35],
explaining their properties for object identification after ground plane segmentation.
The work concentrates on detecting obstacles standing on the ground plane, such as
other vehicles, trees, and pedestrians. Helen et al. introduced a low-latency obstacle
avoidance system [36] utilizing u-disparity for rapid obstacle detection in cluttered en-
vironments. However, dynamic obstacles were deliberately excluded from the scope of
their study. Kormann et al. demonstrate improved road segmentation with a spline
road model and obstacle detection from uv-disparity in [37]. Adrian et al. showcase
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multiple representations of the disparity image and uvθ-disparity to achieve obsta-
cle detection in [38]. Song et al. [39] present obstacle detection using a considerate
uv-disparity that employs a refined v-disparity for accurate road segmentation. These
approaches are equally applicable in a system aiding visually impaired persons [40] due
to the similarities in motion characteristics between humans and AGVs. Therefore,
these above-discussed approaches are limited to AGV-type motion.

2.1.2 RGB-D Images

Huang et al. present an obstacle detection system [41] for indoors using Microsoft
Kinect [42], which first denoises the depth image using morphological operations and
afterward segments the ground using a v-depth map. The system considers all re-
maining regions as obstacles after ground segmentation. The region-growing algorithm
tracks dynamic obstacles in subsequent frames. The system limits indoor UGV-type
motion and requires high computations for denoising and region-growing operations.
Lately, low-cost RGB-D cameras (e.g., RealSense D400 [43]) have gained popularity
due to technological advancements in terms of indoor and outdoor capabilities, weight
reduction, and form factor. These small, lightweight cameras are perfect for fitting on
Micro Aerial Vehicles (MAVs). Therefore, researchers focus on detecting objects and
obstacles with RGB-D cameras.

VOT has become highly popular and made substantial progress in object tracking
scenarios over the last decade [44]–[46]. While conventional methods predominantly
concentrate on tracking objects in RGB video sequences, challenges persist in RGB-
based tracking due to factors like cluttered backgrounds, occlusion, and deformation.
Consequently, researchers have explored VOT by incorporating RGB-D data to address
these challenges. Hannuna et al. propose a real-time RGB-D tracker, DS-KCF [47],
which is built upon the KCF tracker [48] and uses depth cues to handle occlusion,
scale variation, and shape changes. Kart et al. propose CSR-rgbd++ [49], a general
framework that uses depth segmentation-based occlusion detection in a discriminative
correlation filter (DCF) framework. Liu et al. propose a three-dimensional exten-
sion of the classical mean-shift tracker [50] that deals with occlusions more effectively.
Recently, Kart et al. also propose OTR, a long term RGB-D tracker that proposes
modeling appearance changes via 3D target reconstruction. More recently, Qian et al.
propose DAL [51], an RGB-D tracker that embeds depth information into deep fea-
tures through the reformulation of a deep DCF. Very recently, Yan et al. propose the
first offline trained RGB-D tracker, DeT [52], which is based on two RGB trackers:
ATOM [53] and DiMP [54]. It uses an additional depth branch to extract depth fea-
tures and a module for feature fusion. The system is trained using generated RGB-D
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videos from existing monocular RGB tracking training data. The system also uses the
DepthTrack [52] dataset for training and showed remarkable performance on the test-
ing set of DepthTrack. These RGB-D trackers are mainly trained using deep networks
and require a good amount of contextual data for training. We excluded these RGB-D
trackers from the state-of-the-art (SoA) comparison due to contextual differences, as
shown in Fig. 1.2 and explained in Section 1.2.1.

Yang et al. [55] present a system for dynamic obstacle segmentation that converts a
depth image to a point cloud, segments out the planar road, and considers all remain-
ing points as obstacles. The system differentiates static and dynamic obstacles using
the DECOLOR algorithm. The system is not suitable for MAVs due to its demand for
high computational resources in processing the point cloud. Odelga et al. [56] present
an obstacle detection and tracking system for teleoperated UAVs that uses a bin oc-
cupancy filter, breaking the entire visible region into smaller bins and searching for
the presence of an obstacle in a bin in a probabilistic way. Luiten et al. [57] present
an approach, MOTSFusion, that uses 3D tracklets to estimate dynamic obstacles and
their trajectories. The algorithm requires high computation for dense optical flow cal-
culations. Lin et al. [4] present a vision-based dynamic obstacle avoidance system for
MAV (VbOAD). The system uses u-depth maps for detecting obstacles, a multivariate
Gaussian probability density function to track obstacles in subsequent frames, and a
Kalman filter-based approach to predict their probable future positions and velocities.
Estimation of an obstacle’s dimensions using only u-depth maps can become incorrect,
which is further explained in details in Section 3.2.2.2. The system makes a restric-
tive assumption by assuming fixed obstacle sizes, a constraint that does not align with
real-world scenarios, as evidenced in the OpenLORIS-Scene market data sequence [58].
The system uses a predefined obstacle height while detecting obstacles from a u-depth
map, limiting the system to a predefined obstacle size. The experimental results are
limited to only detecting multiple walking humans in an empty room and corridor.

2.2 VO and VSLAM

VSLAM serves as the fundamental backbone for self-localization and environmental
map generation in autonomous visual navigation by robots. VSLAMs can be broadly
categorized into two groups: feature-based methods and direct methods. The basic
concepts behind both types are discussed in Section 1.2.3. The successive sections
provide a literature survey of both types of VSLAMs.
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2.2.1 Feature-based Methods

PTAM [59] is one of the milestone VSLAM architecture proposed by Klein and Mur-
ray, presenting a design to run VSLAM real-time on CPU by partitioning the tracking
and mapping modules onto multiple threads. The system is designed as a KF-based
SLAM using images from camera phones to operate in small indoor environments.
PTAM uses Feature from Accelerated Segment Test (FAST) corner points [60] as fea-
tures and employs similar methods as described in Section 1.2.3 for self-localization
and mapping. PTAM has a bootstrapping problem related to manual initialization
from a monocular camera. It fails to produce reliable camera pose estimations in
multiple scenarios, such as abrupt camera motion, sudden rotation, low-textured en-
vironments, etc. The authors of PTAM propose an extended version of PTAM in [61]
to work on camera phones, but the proposed system has similar drawbacks as PTAM.
Taihú Pire et al. present a stereo version of PTAM, S-PTAM [62], [63], where it fol-
lows a similar threaded structure, separating the time-constrained camera tracking task
from high computational map building and refinement tasks. The stereo initialization
process allows reconstructing a metric 3D map and bypasses the bootstrapping problem
in initialization.

Raúl et al. present another VSLAM framework using Oriented Rotated Brief (ORB)
point features [15], ORB-SLAM [64], highly influenced by PTAM and follows an au-
tomatic initialization based on a statistical approach to model selection between pla-
nar and non-planar scenes using homography or the fundamental matrix [13], respec-
tively. Subsequently, Raúl et al. come up with a groundbreaking VSLAM architecture
known as ORB-SLAM2 [15], designed for three types of cameras: monocular, stereo,
and RGB-D. The accuracy and robustness in multiple scenarios, e.g., indoor-outdoor,
small-large scale, multiple types of motion, etc., make this the most acceptable VSLAM
architecture. ORB-SLAM2 works quite accurately in feature-enriched environments
but struggles in texture-less environments, as shown in [16], and frequently loses the
camera track in abrupt motion.

Pumarola et al. present a VSLAM architecture that uses points and lines together
as features, PL-SLAM [65], which significantly increases the number of features and
produces more accurate results in feature-enriched environments, but handling dual fea-
tures increases the amount of data and the computation cost significantly and makes
the system unreliable in the long run. Subsequently, Pumarola et al. also show the us-
age of PL-SLAM for self-localization in an aerial manipulation task in [66]. Maity et al.
present a VSLAM architecture specially designed for low-textured environments, where
the system uses points lying on edges. The system proposes a novel initialization tech-
nique using geometrical validation from a reconstructed map and a novel camera pose
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recovery mechanism when the system experiences an unstable situation due to fewer
matched features. The system also proposes a unique method for loop detection using
structural properties of edges in the images. This system exhibits better accuracy in
low-textured environments but is unable to sustain jerky and abrupt motion.

Pyojin et al. present a low-drift visual odometry algorithm for RGB-D images [67],
where rotational motions and translational motions are separately estimated from
points, lines, and planes features. The proposed system first concentrates on retrieving
the drift-free rotational motion using both lines and planes by exploiting environ-
mental regularities with an efficient SO(3)-manifold constrained mean shift algorithm.
Afterwards, the translational motion is estimated through de-rotated reprojection er-
ror minimization. The system shows an exceptional improvement in pure rotational
motion estimation.

The performance of feature-based VSLAM algorithms highly depends on the type
of features used, and therefore, researchers use points, lines, and planes features in
combinations. Humans usually track any landmark not as any of such features but
rather watch or track objects as a whole; therefore, researchers put effort into adding
semantic information in camera tracking. In this context, Yang and Scherer present
CubeSLAM [68], where every visible object is represented with 3D bounding cuboids
and tracked using this 3D cuboid object representation. This system incorporates
dynamic objects into the estimation, therefore, able to segregate the static and dynamic
part of the scene and shows a better SLAM estimation.

We have noticed that losing camera track is a pertinent problem for VSLAMs and it
is handled with re-localization procedures (see Section 1.2.3). However, re-localization
is a probabilistic procedure and therefore not guaranteed to be completed within a finite
time period. Thus, it is not feasible to wait for re-localization after losing camera track
in a real mission. In this context, recently Richard et al. proposed ORB-Atlas [69], a
multi-map system for a single agent, in which it creates a new sub-map after tracking
fails and merges multiple sub-maps afterward once map overlapping is found. The
system is designed only for a single client, but it provides a possibility to further
extend for multiple clients in a collaborative framework.

2.2.2 Direct Methods

We have discussed multiple feature-based VSLAMs and their properties, where we
observed that feature-based VSLAMs utilize a set of KFs and feature points to con-
struct a sparse map of the environment. This approach has enabled VSLAM to run
in real-time on consumer-grade computers and mobile devices. We have also noticed a
significant improvement in computer processing power and camera performance in the
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last decade. Therefore, the desire to create a denser map of the environment seems
tangible through Direct Photogrammetric SLAM or Direct SLAM. We focus on the
evolution of direct VSLAM methods over the last decade and interesting trends that
have emerged.

Silveira and Malis present one of the early works on direct methods in [70], where
pixel intensities are used as the observation criterion, and the initialization is made
without any assumptions about either the scene structure or the camera motion. The
system also associates some geometric constraints, namely the cheirality and the rigid-
ity, with the intensity variation and estimates the parameters using an efficient second-
order approximation method.

DTAM [71] is another initial work on direct VSLAM presented by Richard et al.,
where it processes all pixels to generate a dense map. DTAM heavily relies on a Graph-
ics Processing Unit (GPU) to process such a vast amount of data in real-time. DTAM
initializes with a stereo baseline, creates the initial map with stereo measurements, and
establishes a camera motion model from camera tracking. The depth of each pixel on
successive images is computed and optimized by minimizing the total depth energy.
DTAM shows better performance in low-textured environments and is better suited for
variable/auto-focus cameras and motion-blurred images.

Jakob et al. proposed the idea of Large Scale Direct SLAM, LSD-SLAM [72], where
it looks for high-gradient regions of the scene, especially edges, and analyzes the pixel’s
intensity only on those regions. The main idea is that there is very little information to
track between frames in low-gradient or uniform pixel areas for depth estimation. The
depth initialization in LSD-SLAM with random values of high uncertainty by using
inverse depth parametrization [73], and it further optimizes the depth based on the
disparity computed on image pixels. The optimization does not converge with true
depth in multiple scenarios for the noisy initialization and noisy photometric error
computations.

Christian et al. propose an extension of VO with the introduction of Semi-direct
VO, SVO [74], where it proposes to use a sparser map with the direct method and blurs
the differences between feature-based and direct methods. SVO extracts feature points
like a feature-based method but uses the direct approach to perform camera motion
estimation on the tracked features. In addition, SVO uses BA as the optimization
tool to refine the camera poses and map structure. The main advantage of SVO
is that it operates near-constant time and runs at relatively high frame rates. The
positional accuracy of SVO under fast and variable motion is better, but SVO only
provides tracking and avoids loop closure or global map optimization features, making
the system unreliable for long runs. Ruben et al. propose an upgraded version of SVO
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using a point-line combination as the feature, PL-SVO [75], and have shown improved
accuracy in low-textured environments.

Jakob et al. further extend their work towards direct SLAM to propose Direct
Sparse Odometry, DSO [76], a direct method with a sparse map. DSO splits the entire
image into multiple regions and chooses sampled pixels from all the regions with some
intensity gradients for tracking. This pixel selection criterion ensures that tracked
points lie across the images and produce better estimations. The initial solution is not
a complete VSLAM method as the loop closure and global optimization were excluded,
but a later version, LDSO [77], proposed by Gao et al., includes loop closure and can
create maps with relatively small drifts.

Yang and Scherer propose a direct monocular odometry [17] using point and line
features to benefit from the advantages of both direct and feature-based methods. The
proposed system recovers the camera pose by minimizing both the photometric and
geometric errors to the matched edge in a probabilistic framework. The system shows
better accuracy in low-textured environments, illumination changes, and fast motions.

2.3 VIO and VI-SLAM

VIO has entered the field of robotics as the fusion of visual and inertial cues becomes
popular due to the complementary nature of these two sensing modalities. Existing
visual-inertial fusion approaches can be categorized into two types: loosely-coupled
systems and tightly-coupled systems. In loosely-coupled systems, IMU measurements
and visual measurements are incorporated independently, and the final camera pose
is estimated by combining both estimations. We refer to [78] as an example of a
loosely-coupled system. In contrast, a tightly-coupled system jointly estimates all
sensor states and optimizes them together. The IMU frequency is much higher than
the frequency of the camera, and Forster et al. show a pre-integration method on
IMU data in [79], which can further be integrated with KF-based VIO estimation,
producing better estimation than loosely-coupled systems. Therefore, we focus only
on tightly-coupled systems.

Leutenegger et al. propose an early tightly-coupled VIO system, OKVIS [22], where
estimations from an IMU are tightly integrated with visual measurements, and an
IMU error term is introduced along with the reprojection error in a fully probabilistic
manner, optimized with a joint non-linear cost on a sliding window.

Tong et al. present a robust corner-feature-based visual-inertial SLAM, VINS-
Mono [80]. VINS-MONO initializes with a vision-only SfM structure to estimate a
graph of up-to-scale camera poses and feature positions. An IMU pre-integration
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estimates the camera motion, and a loose alignment of camera motion with the re-
constructed visual structure is performed afterward for initialization. The main idea
behind this alignment is to match the up-to-scale visual structure with metric scale
pre-integrated IMU measurements. VINS-MONO uses a tightly coupled VIO, re-
localization, efficient global optimization, and exhibits superior performance against
other state-of-the-art implementations. The authors of VINS-MONO extend their
work to VINS-Fusion to support stereo cameras. The availability of the source as
open-source and very precise accuracy on multiple open datasets makes VINS-MONO
very famous among researchers.

He et al. propose an extended version of VINS-MONO with points and lines,
PL-VIO [81], which is a tightly-coupled monocular visual-inertial odometry that ex-
ploits both point and line features. The line features provide more connected con-
straints and yield better estimation.

The requirement for semantic information for robotic navigation and manipulation
is essential, and keeping this objective in mind, Rosinol et al. provide an open-sourced
library for real-time metric-semantic VI-SLAM, Kimera [82], where the library performs
mesh reconstruction and semantic labeling in 3D in the form of a 3D dynamic scene
graph [83].

Very recently, Campos et al. present ORB-SLAM3 [84], a visual-inertial version
of ORB-SLAM2 [15] with multi-map support. ORB-SLAM3 is also a tightly-coupled
system that provides multi-map support, meaning it reinitializes from the beginning
whenever it finds the estimated camera poses are not reliable and stores the old map
for later use. It tries to fuse older maps with the current map whenever the robot
visits any old locations. ORB-SLAM3 shows state-of-the-art accuracy on various open
datasets.

A detailed survey on all variants of VSLAMs is presented in [19], [20], and we can
draw the following conclusions from the above study and the survey. Direct VSLAMs
with semi-dense or dense map generation are still computationally heavy for standard
computers; therefore, researchers focus on sparse map reconstruction using direct meth-
ods. Feature-based VSLAMs provide great accuracy but are limited to only feature-rich
environments and perform poorly in low-textured environments. Therefore, researchers
either use a combination of multiple features or some special optimization technique to
overcome the problem and provide a better estimation in low-textured environments.
Both feature-based and direct VSLAMs are not capable enough to sustain jerky or
abrupt motions. On the other side, VI-SLAMs are more capable of handling jerky and
abrupt motions. The accuracy of VI-SLAMs is established to be better than VSLAMs
on multiple open datasets. Existing VI-SLAMs assume that the IMU measurements
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always provide the correct motion model, but in a real scenario, this is not always true
and depends on the quality of the IMU.

2.4 Collaborative VSLAMs and VI-SLAMs

We have discussed the applicability and basic idea of collaborative VSLAM in Sec-
tion 1.2.5, where we also have explored the two categories of collaborative VSLAMs:
distributed and centralized. Researchers predominantly opt for feature-based VSLAMs
in collaborative frameworks due to accurate information sharing, as explained in [21].
Therefore, we restrict our discussion to feature-based collaborative VSLAMs and
VI-SLAMs.

2.4.1 Distributed Collaborative Methods

Various collaborative frameworks are presented in [85]–[87], which utilize the global
fused map to guide the trajectory estimation of UAVs but refrain from sharing the
global map with the UAVs. Consequently, these systems are limited to 3D scene re-
construction. Choudhary et al. [88] propose an object-based distributed SLAM system
where all agents exchange information directly among each other and perform all in-
formation fusion on-board, without having a central instance. Relative localization
is based on commonly observed pre-trained objects. Recent distributed SLAM sys-
tems are proposed in [27], [29]–[31], focusing on different aspects (e.g., decentralized
place recognition, map overlap identification, efficient distributed loop closure, data
exchange, robustness, etc.) of decentralized collaborative SLAM. However, challenges
with these distributed systems include the necessity for participating robots to be
equipped with high computational processing, assurance of data consistency, and the
avoidance of double-counting of information.

2.4.2 Centralized Collaborative Methods

One of the early works on centralized collaborative VSLAM is CoSLAM [89], where
multiple cameras can participate in building a map collaboratively using vision-only
SLAM algorithms. CoSLAM initializes all cameras by viewing a common scene and
segregates the dynamic foreground from the static background. CoSLAM clusters cam-
eras into multiple groups based on their view overlap. One of the main disadvantages
of CoSLAM is that all cameras are synchronized by observing the same scene at initial-
ization, which is not realistic in a big mission. The proposed architecture of CoSLAM
has become noncompetitive after the introduction of VI-SLAMs.



26 Chapter 2. Literature Survey

Another early work on centralized collaborative VSLAM is proposed by
Forster et al. [90], where the system is designed only for collaborative MAVs based
on the SfM pipeline. The MAVs stream their poses and feature points from the se-
lected KFs to a central ground control station. The ground control station performs
map merging once an overlapped region is found. The ground control station never
shares optimized information with the MAVs, and therefore, the MAVs are unable to
benefit from the updated information.

Riazuelo et al. propose C2TAM [91], based on a client-server model, where each
client uses a distributed framework by applying the expensive map optimization as a
service in the cloud. Each client is designed to run PTAM [59] for their self-localization.
The server performs the map merging task and periodically sends back the optimized
complete map to every agent. The system is communication-heavy for a large map
in widely distributed areas because of repeated transmission of the complete map to
every client.

Deutsch et al. present a collaborative framework [92] that allows participating
agents to use different monocular SLAMs as long as the agents provide a pose graph,
where every node is associated with an image, and the graph is in absolute scale. The
server performs the merging of pose graphs, which is purely visual-based, and each
agent is informed only of updates to its local pose graph and is unaware of sub-maps
from other agents.

Schmuck and Chli propose CCM-SLAM [21], a client-server-based collaborative
SLAM framework where each client runs monocular VO on a local map with a fixed
number of KFs and offloads the older map to a centralized server. The server maintains
maps of all clients and performs all high computational tasks, e.g., map merging, loop
closure, global optimization, etc. The proposed design of CCM-SLAM distributes the
low and high computational tasks to support less-powered agents to participate and
benefit. However, the main disadvantage is that the clients offload the older maps to
the server and are unable to re-localize with older maps after losing the camera track
due to any abrupt or jerky motion, which is evident in a VSLAM scenario.

Recently, Ouyang et al. present a collaborative framework [93], which uses a similar
design to CCM-SLAM for UGVs to carry only monocular or RGB-D cameras. The
presented system supports only UGV motions, limiting the system for a distributed
mission with heterogeneous robots. The proposed system claims to fuse maps between
a monocular camera (without metric scale) and an RGB-D camera (with scale), but
the literature does not provide the mechanism of such fusion. The proposed system
considers each camera as an independent client in a scenario where a single agent carries
multiple cameras, making the system more computationally intensive.



2.4. Collaborative VSLAMs and VI-SLAMs 27

Marco et al. propose the VIO version of CCM-SLAM, CVI-SLAM [26], for only
monocular cameras and use pre-integrated IMU measurements for the optimization
of KF poses. The system shows a SoA accuracy for monocular cameras on multiple
open datasets. Jialing et al. present a collaborative visual-inertial SLAM [94] using
monocular cameras for an augmented-reality application in which multiple users in-
teract with their smartphones. The system is designed as a client-server architecture
that models the maps as deformable maps, and all the sub-maps in the fused maps are
optimized independently to solve the problem of common map distortion. Patrik et al.
recently present a visual inertial SLAM for centralized collaboration, COVINS [28],
which is also designed as a client-server architecture and given special focus to support
as many numbers of agents that can run in real-time and shows the system is capable
of incorporating twelve agents jointly. All these proposed visual inertial SLAMs show
SoA accuracy on open datasets equipped with good IMU sensors. However, no system
is adaptable enough to deal with noisy sensor measurements.
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Chapter 3

Obstacle Detection and Tracking
Using Depth Image

3.1 Introduction

We have examined the fundamental concept of obstacle detection and tracking, rec-
ognizing its significance in autonomous navigation, followed by an extensive literature
survey. The literature survey encompasses an exploration of the constraints found in
current approaches and the challenges associated with obstacle detection and tracking
in dynamic and cluttered environments. Achieving accurate and less computation-
intensive obstacle detection and processing is crucial for real-time execution. However,
current approaches still fall short in addressing all the characteristics of dynamic ob-
stacles. In this chapter, we introduce a dynamic obstacle detection system based on
the research outlined in [2]. This system is designed to run on board any autonomous
system, including UGVs and MAVs, aiming to mitigate issues such as tracking mul-
tiple dynamic obstacles with minimal computations and handling dynamic obstacles
with varying shapes and sizes, as discussed in Section 1.2.1. Our system employs
u-depth and v-depth maps for obstacle detection, and we present a novel algorithm
for tracking obstacles in subsequent frames. The proposed system estimates relative
velocities between the camera and obstacles, transforming them into the fixed world
coordinate frame using self-localization. Utilizing an RGB-D camera and an IMU as
sensors, each capturing data in their respective coordinate frames (denoted as C for
the camera and B for the body/base_link of the IMU in this chapter), our system
ensures fixed transformations between these frames. The fixed transformation from
the camera coordinate frame to the base_link coordinate frame is denoted as BTC ,
with W representing the world coordinate frame.

The rest of this chapter is organized as follows. The architecture of the proposed
system and our contributions are described in Section 3.2. A series of evaluations
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and real-world tests is presented in Section 3.3. Finally, the conclusions are drawn in
Section 3.4.

3.2 System Architecture

The implementation of the proposed system has two main modules, which are shown in
Fig. 3.1, (i) Localization module; and (ii) Obstacle detection and tracking module. The
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Figure 3.1: Block diagram of the proposed system for robust dynamic obstacle detection
and tracking using RGB-D camera sensor data.

proposed system can be considered the perception module of any autonomous vehicle,
where the primary responsibility of the perception module is to perceive the environ-
ment for autonomous navigation. We use the state-of-the-art visual-inertial system
VINS-MONO [80] for self-localization. The obstacle detection module receives depth
images from an RGB-D sensor, such as the Intel RealSense D435i [43] or Microsoft
Kinect [42]. The proposed system assumes the depth images are rectified, so that an
RGB and its corresponding depth images must have one to one pixel mapping. We an-
notated detected obstacles using our proposed method on multiple RGB images in this
chapter, where those RGB images are used only for better visualization because the ob-
stacle detection and tracking module processes only depth images. Finally, the system
estimates the velocities of all dynamic obstacles in the world coordinate frame W .

3.2.1 Self Localization

The proposed obstacle detection module has the requirements of identifying an ob-
stacle’s state (i.e., static or dynamic) and estimating the velocities of all dynamic
obstacles. The system is intended for a mobile robot, and therefore, a static obsta-
cle shows a displacement in consecutive images when the robot is in motion. This
means that estimating the motion of any obstacle from the camera coordinate frame is
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not possible, as the camera coordinate frame moves along with the robot. Therefore,
we require a fixed coordinate frame for estimating the motions of all obstacles. Any
localization module produces robot poses at every instance from a fixed coordinate
frame: the world coordinate frame W . We can transform the estimated location of
any obstacle from the camera coordinate frame to the world coordinate frame with a
coordinate transformation through the robot poses. VINS-MONO [80] stands out as a
SoA localization system, utilizing monocular images and IMU data to estimate robot
poses in the fixed world coordinate frame, denoted as W . VINS-MONO is open-source
software and produces acceptable outcomes in many open sequences, which led us to
select VINS-MONO as the localization module in our framework. We refer to [80] for a
detailed description of VINS-MONO. If we have a robot pose as WTB, then WTB

(
BTC

)
is the transformation from the camera coordinate frame to the world coordinate frame.

3.2.2 Obstacle Detection

In this section, we describe our obstacle detection component of the proposed system.
The obstacle detection module receives depth images as input from the input sensor.
VbOAD [4] uses a column-wise histogram representation of the depth image called the
u-depth map [34] for obstacle detection and its dimension estimation. The approach
in VbOAD has a serious limitation in obstacle height estimation, where empty space
is represented as being occupied in a specific situation. There are certain limitations
of VbOAD, which are discussed below. In the proposed method to overcome these
limitations, we use two-step depth map representations, where we use the u-depth map
representation first. Afterward, we use a restricted row-wise histogram representation
of the depth image called a restricted v-depth map.

3.2.2.1 Depth Map Processing

The objective of depth map processing is to identify obstacles and estimate the positions
and dimensions of those obstacles. U-depth map is a representation of depth values,
where only the locations of obstacles becomes bright horizontal lines. Identification of
these bright horizontal lines from a dark background is quite easy, therefore, detection
and estimation of obstacle from u-depth map is also easy and quick. Therefore, we
first discuss the computation of the u-depth map.

The u-depth map is a column-wise histogram representing the depth values of the
depth image. We use row-column order notation to represent any matrix, 2D coordi-
nates, image resolution, or rectangle size in the rest of the thesis. Let us consider a
depth image IMGDhI×wI

with a 2D coordinate frame I, where hI is the height and



32 Chapter 3. Obstacle Detection and Tracking Using Depth Image

wI is the width. The total number of histogram bins is n, and the sensor depth range
is [mind, maxd]. Then, the range of each bin is (maxd−mind)

n
, and the corresponding

u-depth map is uIMGDn×wI
. The position of any obstacle is estimated from this

column-wise histogram, and for better understanding, the histogram is considered a
gray image in which white patches represent obstacles. The details of the u-depth map
calculation are summarized in Algorithm 1: U-depth-map( ).

Algorithm 1 : U-depth-map( )
Input: depth image IMGDhI×wI

, number of bins n, sensor depth range [mind,maxd]
Output: u-depth map uIMGDn×wI

1: Initialization : uIMGD ← 0, Scale = 255
hI

2: for i = 1 to wI do
3: for j = 1 to hI do
4: if (mind ≤ IMGD(j, i) ≤ maxd) then

5: Index = ⌊{ (n−1)
(maxd−mind)

× (IMGD(j, i)−mind)}+ 1⌋

6: uIMGD(Index, i) = uIMGD(Index, i) + 1
7: end if
8: end for
9: end for

10: uIMGD = uIMGD × Scale
11: return uIMGD

The calculation of the u-depth map outlined above deviates from the approach
presented in [38], where the calculation stems from a stereo disparity map. In the
current method, specifically in line 10 of Algorithm 1: U-depth-map( ), the values of
the u-depth map uIMGD are normalized within the range [0, 255] for enhanced pro-
cessing. In this scheme, the histogram bins are arranged in ascending order from top to
bottom, signifying that a row i corresponds to a smaller depth than a row j, with i < j.
Consequently, any closer obstacle contributes to the upper rows in the u-depth map,
resulting in the depth bins associated with the obstacles appearing as white horizontal
patches. Fig. 3.2 illustrates the relationship between obstacle positions and these white
patch positions in a u-depth map, depicting two obstacles situated in different depth
ranges. The dimensions of a white patch offer information about the corresponding
obstacles position and size in the depth image, necessitating the segmentation of these
white patches. Basic image processing operations are employed to achieve this seg-
mentation. Initially, the u-depth map is converted into a binary image, making the
white patches more noticeable and easier to identify. Binary thresholding is performed,
where the threshold value of each row (Trow) is determined using the Equ. 3.1.
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Figure 3.2: Illustration of obstacles in the u-depth map: (a) A sample RGB snapshot in
Gazebo [95], (b) Corresponding depth image with lower intensity representing smaller depths,
and (c) Corresponding u-depth map, where the white patch at a smaller row index indicates

the closer obstacle.

Trow = Λ+ ℘× uIMGDrow | uIMGDrow ∈ [1, 2, 3, ..., n] (3.1)

where Λ and ℘ are constants, experimentally determined as Λ = 18.96, ℘ = 2.04.
Equ. 3.1 shows that each row of u-depth map (uIMGD) is assigned a different thresh-
old value, which is proportional to the row number of the u-depth map. This approach
gives greater emphasis to closer obstacles, even if they are smaller in size. This dy-
namic binary thresholding enhances obstacle detection and facilitates accurate dimen-
sion estimation, as detailed in Section 3.3.4 and Section 3.3.6, respectively. Due to
the inherent noise in the depth estimation of RGB-D sensors like the Intel RealSense
D435i, the u-depth map may contain some noise, causing the white patches to be dis-
continuous. In such cases, a closing operation [96] with a (3 × 5) structuring element
is applied to these white patches, producing continuous patches efficiently. Figure 3.3
illustrates a u-depth map and its corresponding thresholded u-depth map after the
closing operation. Subsequently, individual components are obtained using the compo-
nent analysis technique [97], with each component segmented within a bounding box.
Henceforth in this chapter, the term ‘u-depth map’ is used to represent the ‘thresh-
olded and closed binary u-depth map’. At this point, we calculate the dimensions of
the detected components.
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Figure 3.3: Estimating obstacle width from u-depth map: (a) Snapshot from the
OpenLORIS-Scene market data sequence [58], (b) Corresponding u-depth map, (c) Cor-

responding thresholded u-depth map after a closing operation.

3.2.2.2 Dimension Estimation

In the previous section, we saw the component analysis technique segment each obstacle
in a u-depth map within a bounding box. Now, we present the method to calculate
the dimensions of any obstacle in the 3D world coordinates. First, we obtain the
position and dimensions on the depth image (i.e., 2D positions and dimensions), and
then we extend the method to find the positions and dimensions in 3D. Let us consider
a sample white patch in a u-depth map with a bounding box as shown in Fig. 3.4,
where the top-left corner of the bounding box is (ut, ul) and the right-bottom corner
is (ut + uh, ul + uw). We can find the depth range [dmin, dmax] for the corresponding

Figure 3.4: A sample thresholded u-depth map with a segmented obstacle and the corre-
sponding bounding box.

obstacle in the camera coordinate frame (C) from the row indexes ut and (ut + uh)
using Equ. (3.2):

dmin = (ut − 1)× (maxd −mind)
(n− 1)

+mind

dmax = (ut + uh − 1)× (maxd −mind)
(n− 1)

+mind

(3.2)
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where, n is the number of histogram bins and [mind, maxd] is the sensor depth
range. The width of the corresponding obstacle on the depth image will be the same as
the width of the white patch on the u-depth map because the u-depth map contains a
column-wise histogram. Therefore, the column location does not change from the depth
image to the u-depth map calculation. The relation between the width of a white patch
and its corresponding obstacle’s width is pictorially shown with red arrows in Fig. 3.3.
In order to estimate the height of the obstacle, VbOAD [4] collects the pixels from the
depth image that contain depth values within the range [dmin, dmax] and within the
column range [ul, ul + uw]. It then calculates the minimum and maximum rows based
on the positions of those selected pixels. Now, let us consider a scenario where two or
more obstacles are present within the column range [ul, ul + uw] and within the depth
range [dmin, dmax]. Then, all those obstacles will contribute to the same depth bins, and
a single white patch in the u-depth map will be obtained. Therefore, VbOAD combines
the height of all obstacles present within the same column range and the same depth
range. Fig. 3.5 shows one such example where the height of a single obstacle becomes
the combined height of multiple obstacles. Fig. 3.5(a) shows a person standing at a

Figure 3.5: Height estimation of an obstacle using VbOAD [4]: (a) A snapshot captured
with D435i along with the estimated height of the obstacle (the person), (b) Corresponding

thresholded u-depth map.

certain distance from the camera, and a portion of the roof is also visible at the same
distance from the camera. Fig. 3.5(b) is the corresponding u-depth map, and the red
arrows show the width of the person estimated from the white patch of the u-depth
map. The estimated height of the person, as in VbOAD, is shown with a red rectangle
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in Fig. 3.5(a). The empty space between the person’s head and the roof becomes a
part of the person’s height.

Like, u-depth map, we can take a row-wise histogram of the depth image, and then
we should get a vertical white patch for an obstacle, and the height of the obstacle will
equal the height of the corresponding vertical patch. The depth of the ground plane
grows from bottom to top. Therefore, when we take a row-wise histogram, the ground
plane becomes more prominent, and the identification of an obstacle’s height is not
straightforward. Labayrade et al. [34], [35] show a row-wise histogram representation
of the depth image, a v-depth map, that helps in ground plane segmentation for any
UGV. Fig. 3.6 shows the v-depth map pictorially, where Fig. 3.6(b) shows the v-depth
map of Fig. 3.6(a). Fig. 3.6(c) is the corresponding thresholded v-depth map, where

Figure 3.6: Obstacle height calculation using the proposed restricted v-depth map: (a) The
same snapshot from Fig. 3.3(a), (b) Corresponding v-depth map, (c) Corresponding thresh-

olded v-depth map, (d) Corresponding proposed thresholded restricted v-depth map.

the curved white patch is the representation of the ground plane. The obstacle’s height
is not understandable from a v-depth map. This is the major drawback of estimating
the height of an obstacle from a v-depth map.

In the present method, instead of considering the entire image, we consider only
the column ranges of that particular obstacle. As a result, if we only consider the
column range [ul, ul + uw] and the depth range [dmin, dmax] in v-depth map formation,
then obstacle height estimation becomes simple and accurate because we only use
the pixels that lie on the obstacle, and the corresponding white patch only becomes
visible on the thresholded image, as shown in Fig. 3.6(d). We call this map as a
restricted v-depth map and use it only for accurate height estimation. We compute
binary thresholding on the restricted v-depth map for a similar reason, as with the
u-depth map. The details of the restricted v-depth map with binary thresholding are
summarized in Algorithm 2: Restricted V-depth-map( ).
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Algorithm 2 : Restricted V-depth-map( )
Input: depth image IMGDhI×wI

, number of bins n, column range [ul, ul+uw], sensor
depth range [mind,maxd], obstacle’s depth range [dmin, dmax]

Output: Thresholded v-depth map vIMGDhI×n

1: Initialization : vIMGD ← 0
2: for i = 1 to hI do
3: for j = ul to ul + uw do
4: if (dmin ≤ IMGD(i, j) ≤ dmax) then

5: Index = ⌊{ (n−1)
(maxd−mind)

× (IMGD(i, j)−mind)}+ 1⌋

6: vIMGD(i, Index) = 1
7: end if
8: end for
9: end for

10: vIMGD = vIMGD × 255
11: return vIMGD

One important aspect of the above calculation is selecting the threshold value to be
one, because the selected column range and depth range allow us to select only those
pixels that lie on an obstacle. We do not want to lose a single pixel that lies on the
obstacle. We also perform a closing operation with a (5 × 3) structuring element to
generate continuous vertical white patches. Then, we apply component analysis, such
as a u-depth map, to find the bounding boxes. The relationship between the height of
the white patch and its corresponding obstacle’s height is pictorially shown with red
arrows in Fig. 3.6. Hereafter, in this chapter, we use the term ‘restricted v-depth map’
to represent the ‘thresholded and closed binary restricted v-depth map’.

The restricted v-depth map produces multiple patches if multiple obstacles exist in
the same depth range. Fig. 3.7 shows the height correction of the previous example,
where the height of the girl come as the combined height of the girl and the roof,
as pictorially shown in Fig. 3.5. Fig. 3.7(a) shows the height estimation using the
proposed restricted v-depth map, and Fig. 3.7(b) shows the thresholded restricted
v-depth map where two different obstacles, the person and a small portion of the roof,
are visible. Fig. 3.7(c) is the magnified view of the portion, where the roof is present
in the restricted v-depth map. The estimated height of the person using the proposed
restricted v-depth map is shown with a green rectangle in Fig. 3.7(a), and the arrows
show the height of the green rectangle derived from the white patches of the restricted
v-depth map.

Now, let us consider a sample white patch on a restricted v-depth map with a
bounding box as shown in Fig. 3.8, where the top-left corner of the bounding box
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Figure 3.7: Estimation of the height of an obstacle using the proposed restricted v-depth
map: (a) The same image used in Fig. 3.5 and the result of the proposed technique, (b) Re-
sult of the thresholded restricted v-depth map, (c) The magnified view of the thresholded

restricted v-depth map shows the portion of the roof as a separate obstacle.

is (vt, vl) and the right-bottom corner is (vt + vh, vl + vw). The corresponding obstacle

Figure 3.8: A sample magnified, thresholded restricted v-depth map with a segmented
obstacle within a bounding box.

on the depth image must be of the same height as the white patch on the restricted
v-depth map. Now, we have the bounding box using the u-depth map represented by
coordinates (ut, ul) and (ut + uh, ul + uw), and we have the bounding box using the
restricted v-depth map with coordinates (vt, vl) and (vt + vh, vl + vw). The dimensions
of these bounding boxes allow us to calculate the dimensions of the corresponding
bounding box on the depth image. Therefore, the bounding box for the current obstacle
on the depth image is represented by the coordinates (vt, ul) and (vt + vh, ul + uw).

We transform this two-dimensional rectangle of the depth image into the three-
dimensional camera coordinate frame using the relationship between the image coor-
dinate I and the camera coordinate frame C. We have provided a quick description
about this relation with perspective projection in Appendix A.1 and refer to [13] for
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a detailed description of this relationship. Furthermore, we assume all obstacles are
of a rectangular parallelepiped in shape with dimensions (Cdimh, Cdimw, Cdimd) and
a position (CPx, CPy, CPz). Now, let us consider the most simplistic and popular
camera model (i.e., the pinhole camera model as described in Appendix A.1), which
we use to transform the measurements from 2D to 3D. Here, we take the simplistic
form of the intrinsic camera matrix and assume fx and fy are the focal lengths in the
image’s horizontal and vertical directions, respectively, and (cy, cx) is the principal
point. We use the concept as shown in Equ. (A.1) and formulate the size calculation
of the rectangular parallelepiped-shaped obstacle as presented in Equ. (3.3)

Cdimw =
((ul + uw)− cx)dmax

fx
− (ul − cx)dmax

fx

=
uw × dmax

fx

Cdimh =
((vt + vh)− cy)dmax

fy
− (vt − cy)dmax

fy

=
vh × dmax

fy
Cdimd = (dmax − dmin)

(3.3)

Similarly, the expression to calculate the centroid of the rectangular parallelepiped
is given in Equ. (3.4):

CPx =
((ul +

uw
2
)− cx)× (dmin +

Cdimd

2
)

fx

=
(2ul + uw − 2cx)× (2dmin +

Cdimd)

4fx

CPy =
((vt +

vh
2
)− cy)× (dmin +

Cdimd

2
)

fy

=
(2vt + vh − 2cy)× (2dmin +

Cdimd)

4fy

CPz = dmin +
Cdimd

2

(3.4)

Let us assume BTC is the transformation from the camera coordinate frame to the
body coordinate frame. BTC is a fixed transformation for any robot, and the estimation
of BTC is performed offline. We refer to [98] for details on the estimation of BTC . Let
us also assume WTB (see Fig. 3.1) is the transformation from the body coordinate
frame to the fixed world coordinate frame at any instance, that is the robot pose.
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The estimation of WTB comes from the self-localization module, VINS-MONO [80], as
shown in Fig. 3.1. We use the transformation WTB

(
BTC

)
to transform the rectangular

parallelepiped’s location and size from the camera coordinate frame C to the fixed
world coordinate frame W . This world coordinate frame W helps to track the dynamic
obstacles. Fig. 3.9 presents an example of a detected obstacle on the OpenLORIS-
Scene market data sequence [58], where the dimensions of the obstacle are annotated
in the world coordinate frame W .

(a) (b)

Figure 3.9: (a) An RGB snapshot with detected obstacles in the OpenLORIS-Scene market
data [58], (b) Corresponding Rviz [99] visualization with annotated dimensions.

3.2.3 Obstacle Tracking

Tracking associates the detected obstacles in subsequent images and helps predict their
future positions within a predicted zone. The usual methods of tracking is either
using some visual features [55] or using some probability function [4]. Here, we ignore
visual features as these are computationally heavy, and the tracking time grows with
the size of an obstacle in the image frame. We process a minimal number of pixels
from the u-depth map to track obstacles in subsequent frames. One popular way
to match two image segments is through Hu Moments [100] calculation, where two
images are compared with their structural properties. However, the white patches do
not have such good structural properties, and we discover in our multiple experiments
that Hu-moment matching produces many false-positive results. Thus, we exclude
Hu-moment matching and propose a suitable matching algorithm.

In this work, we propose a simple matching algorithm. First, we generate a sig-
nature for an obstacle using the u-depth map and then search for a similar signature
in the neighboring region of the next frame. As discussed earlier, the u-depth map
effectively contains an obstacles location, width, and height. On the other hand, a
restricted v-depth map contains only height information. To incorporate the restricted
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v-depth map into the obstacle signature, we would need to combine it with the u-depth
map to retain all relevant information. However, this would increase the complexity
of the obstacle signature. Since our goal is to create a fast and efficient tracking al-
gorithm, we chose not to include patches from the restricted v-depth map, focusing
instead on minimizing complexity. We observe that signatures with the u-depth map
are capable of being tracked using our proposed tracking algorithm as described below.
Another advantage of using a u-depth map is that if any obstacle moves parallel to the
optical direction of the camera (i.e., the relative depth change is at its maximum), the
corresponding position change in the u-depth map is minimal, and tracking works well.
However, if any obstacle moves from left to right or vice versa, the position change of
the obstacle in the u-depth map would be at the same rate as in the depth image, and
the tracking algorithm is required to adapt to such movement.

Let’s consider a hypothetical obstacle A, represented by a set of white pixels denoted
as PA in a u-depth map. For a visual explanation of our pixel selection, refer to
Fig. 3.10, where the white pixels in Fig. 3.10(a) illustrate the selected pixels of PA.
Additionally, there exists another set of pixels, CA ⊂ PA, representing the contour

(a) (b)

Figure 3.10: A sample pictorial view of the selected points in ΦA for obstacle A: (a) Red
dots represent the points present in ΦA, (b) Vector formation using the points in ΦA.

of A. The contour is defined as an ordered set of pixels where two consecutive pixels
are neighboring pixels. Now, we establish another set comprising the minimum number
of ordered pixel points ΦA = {ϕ1, ϕ2, · · · , ϕk} ⊂ CA. This set is designed such that
ϕi → ϕi+1 ∈ ΦA for i ∈ {1, 2, · · · , k − 1, k} (ϕk+1 ≡ ϕ1), connected with a vector lAi

,
which must be entirely contained within CA. The length of each vector should be
maximized, as ΦA is formed with the minimum number of pixel points. The red dots in
Fig. 3.10(a) represent the points of ΦA, where |ΦA| is significantly shortened from |PA|.
Fig. 3.10(b) shows the vectors that are formed with the points of ΦA. The directions
of these vectors depend on the start and end point coordinates. Therefore, they can
be in any direction, and Fig. 3.10(b) also shows that some small vectors are slanted.
We compute the extreme left point, ΦAL

, and the extreme right point, ΦAR
, of ΦA. We

also deduce the visibility of the obstacle V isA in terms of being fully visible or partially
visible using the points ΦAL

and ΦAR
. We consider obstacle A to be partially visible
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if the point ΦAL
touches the left edge or the point ΦAR

touches the right edge of the
u-depth map. We consider {ΦA, ΦAL

, ΦAR
, V isA} to be the signature of obstacle A,

where ΦA contains very few points but retains complete structural information and aids
in fast execution. We also create a probable zone around the obstacle A. The probable
zone selection is based on the maximum allowable relative speed of any obstacle, the
FOV and fequency of the input RGB-D camera, and the sensor’s operating depth range.

In the context of obstacle signature, the described method appears to be very
similar to convex hull. While it is possible to represent an obstacle more efficiently
using a convex hull with fewer points, this method often includes extra regions that
do not belong to the actual obstacle. Consequently, convex hull representations for
different obstacles with similar appearances may become indistinguishable. In the case
of dynamic obstacles, whose shapes change over time, convex hull representations can
vary drastically, which may lead to difficulties in tracking. Therefore, for simplicity, we
chose to use underline representation as shown in Fig. 3.10 to ensure stable tracking.

To match with another obstacle B located within the probable zone of obstacle A in
the subsequent depth image, we initiate the alignment of obstacle B with obstacle A.
This alignment is determined by the visibilities of obstacles A and B. When both
obstacles A and B are entirely visible, the alignment occurs at the nearest extreme
points i.e., either {ΦAL

, ΦBL
} or {ΦAR

, ΦBR
}. In cases where either of the obstacles is

partially visible to the left edge of the u-depth map, the alignment takes place at the
right extreme points, specifically {ΦAR

, ΦBR
}, or vice versa. Equ. (3.5) illustrates the

calculations for left and right alignment:

AlignL{A,B} = ΦBL
− ΦAL

AlignR{A,B} = ΦBR
− ΦAR

(3.5)

We use either AlignL{A,B} or AlignR{A,B} to transform the signature of B based
on the visibility of obstacle B, and we name the selected alignment Align{A,B}. We
measure the dissimilarity between the signature of obstacle A and the transformed B

using Equ. (3.6):

Difference{A,B} = Dim{A,B} + Pos{A,B} + Length{A,B} + Angle{A,B} (3.6)

where, Dim{A,B}, Pos{A,B}, Length{A,B}, and Angle{A,B} are the dissimilarity costs
of the dimension, position, vector length, and vector direction, respectively, between
obstacles A and B. The expression to calculate Dim{A,B} is given in Equ. (3.7), and
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the Pos{A,B} is calculated using Equ. (3.8):

Dim{A,B} =
| ∥(ΦAR

− ΦAL
)∥ − ∥(ΦBR

− ΦBL
)∥ |

∥(ΦAR
− ΦAL

)∥
(3.7)

Pos{A,B} =
∥Align{A,B}∥

Maxh
(3.8)

where, Maxh is the maximum horizontal pixel displacement permitted for any
obstacle. Equ. (3.9) shows the relation for calculating the Length{A,B}:

Length{A,B} =

1
|ΦA|

∑
i∈ΦA,j∈ΦB

| (∥lAi
∥ − ∥lBj

∥) |
MaxLengthDiff{A,B}

(3.9)

where, lAi
is the vector formed with the ith and (i+ 1)th point in ΦA and lBj

is
the vector formed with the jth and (j + 1)th point in ΦB. MaxLengthDiff{A,B} is
the maximum allowable difference in the vector length between obstacles A and B.
The Angle{A,B} between two obstacles (A and B) is computed using Equ. (3.10):

Angle{A,B} =

1
|ΦA|

∑
i∈ΦA,j∈ΦB

(lAi
⊙ lBj

)

MaxAngleDiff{A,B}
(3.10)

where, ⊙ calculates the angle between two vectors and MaxAngleDiff{A,B} is the
maximum allowable angle difference between the pair {lAi

, lBj
}.

We introduce additional considerations in estimating the overall dissimilarity cost
between obstacles A and B, as expressed in Equ. (3.6). These considerations are rooted
in the assumptions that obstacle B is located nearly in the same position as obstacle A,
and the dimensions of A and B are almost identical. Consequently, certain closely
matching terms on the right-hand side of Equ. (3.6) are set to zero. The conditions
are listed below:

1. If at least one of the matching obstacle from obstacles A and B is fully visible, and
only Dim{A,B} < ThDim1 , then we consider Length{A,B} = 0 and Angle{A,B} = 0.
This is the case where obstacle A moves from its previous position, but the width
of the obstacle matches closely even after complete visibility in one frame.

2. If at least one of the matching obstacle from obstacles A and B is fully visible,
and only the horizontal component of Align{A,B} < ThAlign1 , then we consider
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Pos{A,B} = 0. This is the case where the obstacle A does not move much, but
there is a width change due to partial visibility in one frame.

3. If at least one of the matching obstacle from obstacles A and B is fully visible,
Dim{A,B} < ThDim1 , and the horizontal component of Align{A,B} < ThAlign1 ,
then Pos{A,B} = 0, Length{A,B} = 0, and Angle{A,B} = 0. This is the case where
the obstacle A almost stays at its previous position, and the width of the obstacle
closely matches even after full visibility in one frame.

4. If both obstacles A and B are partially visible, Dim{A,B} < ThDim2 , and the
horizontal component of Align{A,B} < ThAlign2 , then we consider Length{A,B} = 0
and Angle{A,B} = 0. This is the case where obstacle A almost stays at its previous
position, and the widths of the obstacles closely match in partial visibilities.

We consider the signatures of obstacles A and B a match if the difference, denoted
as DifferenceA,B, falls below a specified threshold ThA,B. In the event of multiple
obstacles having a score below ThA,B, we designate the obstacle with the lowest score
as the matched one. Subsequent to establishing a signature match, we update the
signature with the most recent information. This straightforward approach contributes
to stable tracking with minimal processing time.

3.3 Experimental Results

For experimental purposes, we use an NVidia Jetson TX2 embedded computing board
to implement and test the proposed method in C++ with the Robot Operating System
(ROS) [101] environment. In experiment, we evaluate and analyze the performance
of our proposed method using various datasets, such as indoor and outdoor scenes,
multiple static and dynamic obstacles, and fast-moving obstacles.

3.3.1 Datasets and Experimental Description

Multiple datasets that we use are broadly of five types, and the detailed configurations
of datasets are presented in Table 3.1. The Set1 dataset of Table 3.1 is a self-captured
simulated dataset recorded in the rosbag format that contains the continuous RGB-D
images, IMU measurements, and ground-truth (GT) poses of all the robots. The Set2
and Set3 datasets are RGB-D open video sequences, which have the GT of object
tracking. The Set4 dataset is a self-captured real dataset with continuous RGB-D
images and IMU measurements recorded in the rosbag format. We captured multiple
sequences of data under this dataset, where all of them are outdoors with direct and
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Table 3.1: Configurations of all experimental datasets

Datasets Type Mounted Depth Image Size Description
on Sensor and rate (Hz) of Dynamic

Obstacle
Set1 Gazebo Indoor Husky Microsoft 480× 640 Single

Simulation [95] Robot [102] Kinect [42] 30
Set2 PTB [7] Indoor Fixed/ Microsoft 480× 640 Single,

Hand-held Kinect [42] Multiple
Set3 DepthTrack [52] Indoor/ Fixed/ Realsense 415 360× 640 Single,

outdoor Hand-held [43] Multiple
Small obstacle,
Fast moving

Set4 Self-Captured Outdoor, Hand-held RealSense 480× 848 Single,
Indirect D435i [43] 60 Multiple,
Sunlight, Dynamic size
Direct and shape,
Sunlight Small obstacle,

Fast moving
Set5 OpenLORIS-Scene Indoor Wheeled RealSense 480× 848 Single,

[58] Robot D435i [43] 30 Multiple,
Multiple
heights

shaded sunlight on the obstacles, avoiding direct scorching sunlight to avoid depth
corruption. The Set5 is another open dataset, which is available in rosbag format
and contains continuous RGB-D images and IMU measurements, as well as the GT
self-localization pose of the robot.

We categorize all of our experiments broadly in five groups, and Table 3.2 presents
these categories to understand the utility of the experiments. We implement the com-
plete system as outlined in the system description and assess its performance incremen-
tally. The initial category aims to verify the system’s accuracy against the GT; hence,
we select datasets that include GTs for this evaluation. The second and third categories
are intended to validate the system’s performance with single and multiple non-rigid
dynamic obstacles, respectively. The fourth category emphasizes the effectiveness of
dynamic thresholding. While dynamic thresholding was applied in all previous ex-
amples, this specific experiment elucidates its true significance. In the fifth and final
category, we evaluate the system’s performance with a very fast-moving obstacle.

In all of our experiments, the obstacle detection and tracking modules jointly take
0.4–0.9 ms for a single obstacle, irrespective of its size in the image frame. The average
tracking time is about 4–5 ms, considering a maximum of five obstacles. Therefore,
the system can perform in real time with five obstacles or more with a 60-Hz camera.
The tracking algorithm confirms successful tracking of an obstacle with a maximum
velocity of 2.5 m/s with a 60-Hz camera.
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Table 3.2: Categories of all experiments

Experimental Objectives Datasets Availability of Features of the selected data
Ground Truth

Accuracy measurement Gazebo Simulation, Yes Single and multiple
with rigid obstacles PTB, DepthTrack obstacles
Tracking a non-rigid Self-Captured No a human is walking, sitting,
dynamic obstacle standing in outdoor

OpenLORIS-Scene
Multiple humans are walking

Tracking multiple Yes in groups as well as
non-rigid dynamic separately in a shopping center
obstacles Self-Captured No Multiple humans are walking

and crossing each other
Effect of our proposed

OpenLORIS-Scene
Multiple humans are walking

dynamic thresholding Yes or standing in groups as well as
with a specific example separately in a shopping center
Tracking a very fast Self-Captured No Human throwing
moving obstacle basket ball

3.3.2 Parameter Tuning

We experimentally determined the values of the parameters introduced in Section 3.2.3,
and each parameter maintains a constant value across all of our experiments. The
parameter values are listed in Table 3.3; however, the descriptions are discussed below.

Table 3.3: Parameter Values of the Proposed Technique

Parameters Resolution Resolution
(480 × 640) (480 × 848)

Maxh 40 49
MaxLengthDiff{A,B} 30
MaxAngleDiff{A,B} 100◦
ThDim1

0.1
ThDim2 0.25
ThAlign1

10
ThAlign2

20
ThA,B 1.5

• Maxh is the maximum allowable horizontal pixel displacement for any obstacle,
related to the obstacle speed and quantified in the pixel domain. Therefore,
Maxh must have a higher value in cases where the environment has fast-moving
obstacles or the image width is large. Setting Maxh to a large number enables
the system to deal with fast-moving obstacles, but it increases the processing
time. We found that setting the value of Maxh to 6% – 7% of the image width
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produces stable tracking. We set Maxh to 40 for a resolution of 480 × 640 and
49 for a resolution of 480× 848.

• MaxLengthDiff{A,B} and MaxAngleDiff{A,B} represent the maximum allow-
able length and angle differences between two vectors. These values encode
the changes in obstacle signatures in u-depth maps due to motion. There-
fore, keeping lower values for these parameters enforces a hard constraint in
signature matching between two obstacles and rejects those with a small sig-
nature mismatch. On the other hand, a large value for these parameters can
increase the false-positive matching result. In our experimental evaluation, we
set MaxLengthDiff{A,B} = 30 pixels and MaxAngleDiff{A,B} = 100◦.

• We consider the pairs (ThAlign1 , ThDim1) and (ThAlign2 , ThDim2) as two-level
threshold measurements. Each level considers the alignment distance and di-
mension dissimilarities between the two signatures, respectively. The first level
indicates an exact match, and the second level indicates a good match between
the two signatures. The two levels of thresholding are created to use some clues to
match quickly between two closely related signatures, bypassing some processing.
Therefore, this two-level thresholding concept decreases the total processing time
and does not affect the accuracy of the system. The values are experimentally
set to ThDim1 = 0.1, ThDim2 = 0.25, ThAlign1 = 10, and ThAlign2 = 20.

• Finally, we accept a signature as matched if the dissimilarity score between the
signatures of obstacles is below the threshold ThA,B, which is set experimentally
to 1.5.

3.3.3 Experiment 1: Tracking Single Dynamic Obstacle and
Comparison with Ground Truth

We evaluate the accuracy of the proposed algorithm using datasets that provide the
GT location of all obstacles throughout the entire duration. This category of experi-
ments utilizes both simulated and open datasets. Accordingly, we begin by discussing
the environmental setup of the simulated dataset and then proceed to elaborate on
the experiments conducted within that context. Subsequently, we provide a detailed
description of the experiments conducted with the open datasets.

3.3.3.1 Gazebo Environment and Experimental Set-up

We create a shop floor environment with two Husky robots [102], defining paths with
a series of way points. The defined path ensures that Husky1 (in Fig. 3.11) observes
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Husky2 in motion, allowing Husky1 to view multiple static obstacles and a dynamic
obstacle (Husky2) during its motion. Fig. 3.11 presents some snapshots of the environ-
ment for a better understanding of their motion pictorially, where two Husky robots,
Husky1 and Husky2, are encircled with white and yellow circles, respectively. Their
camera viewing directions are shown with front arrow lines, the FOV is shown with
colored triangles, and the travelled path is shown with curved white and yellow lines,
respectively. The sizes and directions of the arrows and FOV triangles are merely
indicative and do not correspond to the actual scales.

We compare the proposed obstacle detection and tracking algorithm with Boost-
ing [103], KCF [48], MedianFlow [104], MIL [105], MOSSE [106], TLD [107], and
VbOAD [4]. The first six algorithms use RGB image-based tracking, whereas VbOAD
and the proposed method use depth image-based tracking. RGB image-based tracking
is highly dependent on initialization because these algorithms segment the initialized
region of interest as foreground and background and try to track the foreground in
subsequent image frames. In real-life scenarios, obstacles typically enter the FOV from
the exterior, initially appearing partially visible and gradually becoming fully visible as
they move within the FOV. Consequently, we conduct two types of testing scenarios.
The first one involves initializing the RGB-based tracking algorithms with full visibility
of Husky2, while the second one initializes these algorithms with partial visibility of
Husky2. Both VbOAD and the proposed algorithm successfully detect Husky2 as soon
as it becomes partially visible in both test scenarios. For all RGB-based tracking, we
utilize the implementation provided by OpenCV [108].

3.3.3.2 Initialization at Full Visibility of Husky2

In this experiment, all RGB image-based tracking algorithms, as mentioned before,
initialize or detect Husky2 as a dynamic obstacle when it becomes completely visible,
but VbOAD and the proposed algorithms detect Husky2 as soon as it is visible par-
tially in the depth image. Fig. 3.12 shows the tracking and dimension estimation results
of Husky2, where the detected position and dimensions are indicated with bounding
boxes. The first column of all RGB image-based tracking algorithms in Fig. 3.12 repre-
sents the initialization frames, where Husky2 is completely visible. In this experiment,
we find that the performances of KCF and MOSSE are better than other RGB-based
tracking algorithms because these two algorithms could detect when Husky2 is exit-
ing the FOV and stop tracking as soon as Husky2 becomes partially invisible. The
Boosting algorithm produces erroneous results when Husky2 goes out of the FOV and
becomes partially invisible, and it continues to produce erroneous tracking results even
after Husky2 is totally out of the FOV. This is visible in the snapshots from the fourth
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 3.11: Snapshots of Gazebo [95] environments: (a–h) are time-sampled snapshots
depicting the movements of Husky1 (white) and Husky2 (yellow).
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Boosting

KCF

MedianFlow

MIL

MOSSE

TLD

VbOAD

Proposed Method

Figure 3.12: Comparison of tracking a dynamic obstacle (Husky2), where all RGB-based
algorithms (top six rows) are initialized when Husky2 becomes completely visible (first col-

umn). VbOAD and the proposed method are initialized when Husky2 is partially visible.
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to the eighth columns of the Boosting algorithm in Fig. 3.12. The MedianFlow al-
gorithm starts producing erroneous results when Husky2 changes its appearance from
the initialization appearance, as shown from the third column onward in Fig. 3.12,
where the estimation error increases even further as Husky2 partially goes out of the
FOV. The MedianFlow algorithm also produces erroneous tracking results similar to
the Boosting algorithm when Husky2 is totally out of the FOV.

We find MIL to be the best algorithm among all RGB-based tracking algorithms
used in this experiment. The performance of the algorithm is similar to the Boosting al-
gorithm. Still, the dimension estimation is less erroneous than the Boosting algorithm,
as shown in the snapshots of the MIL algorithm in Fig. 3.12.

The TLD algorithm has a more significant influence on the appearance of the ob-
stacles. Therefore, it is more prone to producing erroneous results when an obstacle
changes its appearance. We find erroneous tracking results in the dimension estimation
of Husky2, as shown in the snapshots from the second column to the sixth column of
the TLD algorithm in Fig. 3.12.

The VbOAD algorithm is executed with a threshold height of 1 m, and it pro-
duces more accurate results compared to all RGB-based algorithms. Nevertheless, the
proposed method achieves a more precise estimation of Husky2 dimensions compared
to VbOAD. This enhancement is evident in the snapshots at the second, third, and
seventh columns of the proposed method in Fig. 3.12.

3.3.3.3 Initialization at Partial Visibility of Husky2

In this experiment, all algorithms, as mentioned before, initialize or detect Husky2
as a dynamic obstacle as soon as it becomes partially visible to Husky1. Fig. 3.13
shows the tracking and dimension estimation results of Husky2, where the detected
position and dimensions are drawn with bounding boxes. The first column of Fig. 3.13
represents the initialization frames, where Husky2 is partially visible. The RGB-based
tracking algorithms (first six rows in Fig. 3.13) produce erroneous tracking results
and inaccurate obstacle dimensions when Husky2 becomes fully visible. The VbOAD
algorithm executes with a threshold height of 1 m. It identifies Husky2 as soon as
it is partially visible in the depth image and generates more accurate results than all
RGB-based tracking. The proposed method also detects Husky2 as soon as it appears
partially in the depth image. The proposed system estimates the dimensions of Husky2
more accurately than VbOAD in some situations, and the accuracy improvement is
evident in the comparison snapshots between VbOAD and the proposed method in
the 3rd and 4th columns of Fig. 3.13.
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Boosting

KCF

MedianFlow

MIL

MOSSE

TLD

VbOAD

Proposed Method

Figure 3.13: Comparison among the mentioned tracking algorithms with a dynamic obsta-
cle (Husky2). All algorithms are initialized when Husky2 becames partially visible (first col-

umn).
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3.3.3.4 Accuracy Comparison on simulated data

We evaluate the accuracy of the proposed method against the GT of the experiment
where both VbOAD and the proposed method are initialized when Husky2 is partially
visible, while all RGB-based algorithms are initialized when Husky2 is completely visi-
ble. Fig. 3.14 presents a comparative analysis in terms of the deviation of the estimated
relative distances from the actual relative distances of Husky2 from Husky1. We cal-

Figure 3.14: Comparative analysis of the deviation between the estimated and actual
relative distance of Husky2 from Husky1 in the camera coordinate frame C.

culate the GT of the relative distances by considering the absolute positions of Husky1
and Husky2 from Gazebo. These absolute positions are measured in the body coor-
dinate frame B. Therefore, this GT represents the relative distances between the two
IMUs of the two Huskies. Fig. 3.14 shows the estimated curves of all SoA algorithms
and the proposed algorithm, where any estimation curve closer to the GT curve rep-
resents more accurate estimation. All tracking algorithms in Fig. 3.14 do not have
any knowledge about the position of the IMU in Husky2 and calculate the relative
position in the camera coordinate frame C as explained in Equ. (3.4). The Boosting,
MedianFlow, and MIL algorithms show a sudden jump between 2151 sec and 2152 sec
to high distances because these algorithms detect an erroneous obstacle at very far
distances after Husky2 goes out of the FOV. This incident is captured in the snap-
shots from the sixth to the eighth columns of Boosting, seventh and eighth columns
of MedianFlow, and eighth column of MIL in Fig. 3.12. The curve of the proposed
method (purple) is the closest to the GT curve among all the SoA methods presented
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Figure 3.15: The proposed method consistently estimates Husky2’s closest distance, which
is always smaller than the relative distances at any given time.

in Fig. 3.14. Therefore, we can conclude that the proposed dynamic obstacle track-
ing and dimension estimation show the best accuracy among all the SoA algorithms
presented in this experiment.

The position of a Husky is determined by the IMU’s location within the body of
the Husky. However, in autonomous navigation, the closest distance to any obstacle
(i.e., the nearest point on the obstacle body) holds significant importance, as an ob-
stacle avoidance algorithm may utilize this distance for ensuring safe and collision-free
navigation. Therefore, we pinpoint the closest portion of the obstacle and estimate the
closest distance. Fig. 3.15 compares the estimated closest distances of the proposed
method with the GT of relative distances. The estimated closest distance is calculated
as the distance between the optical center of the Kinect [42] of Husky1 and the closest
surface of Husky2, as detected from the depth image. Consequently, at any given time
instance, the closest distance should always be smaller than the corresponding relative
distance between the IMUs of the two Huskies [102], and this effect is illustrated in the
comparison graph.

Researchers often seek to identify error sources in obstacle estimation by assessing
accuracy separately in each axis. Consequently, we evaluate the absolute position of the
obstacle in all three axes, aiming to discern error sources by comparing with the GT.
Fig. 3.16 illustrates the estimation of absolute positions in all three axes in the world
coordinate frame against the GT. A closer alignment between the estimation curve and
the corresponding GT curve indicates more accurate estimation. The absolute position
of Husky2 is determined as the centroid of the detected dynamic obstacle using the
proposed method. In this experimental setup, the XY plane represents the ground
plane. Therefore, estimations on the X and Y axes improve as Husky2 approaches
Husky1 (around 2146 sec in Fig. 3.16), and conversely, the error increases as Husky2
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Figure 3.16: Absolute positional estimation of Husky2 in the world coordinate frame by the
proposed method compared to the GT of the experiment, where all algorithms are initialized

when Husky2 is partially visible.

becomes partially invisible to Husky1 (after 2150.5 sec in Fig. 3.16). The Z-axis exhibits
nearly constant error (Z-axis in Fig. 3.16), attributed to the actual IMU position of
Husky2 being lower than the estimated centroid. We conducted 12 motions within the
Gazebo environment, allowing one Husky to observe the other in motion, and repeated
each set five times. The maximum error identified in all our evaluation tests is 0.9 m.

3.3.3.5 Accuracy of the Proposed Method on Open datasets

We evaluate the proposed method using two open datasets, PTB [7] and Depth-
Track [52], each comprising multiple RGB-D videos with GT provided in the form
of 2D bounding boxes for object tracking in each frame. Our obstacle detection fo-
cuses solely on depth images and does not engage in object-level segmentation. Con-
sequently, conceptual distinctions between object detection and obstacle detection, as
explained in Section 1.2.1, limit our ability to directly compare our estimation with
the provided GT and execute SoA methods. In this scenario, we omit the comparison
with SoA and establish a distinct formulation for comparison with the GT. Let Ag rep-
resent the GT rectangular area and Ae denote our estimated rectangular area. We
define the accuracy measure as ACC = (Ae ∩ Ag)/Ag. ACC = 0 indicates the worst
case, while ACC = 1 signifies the best case. Fig. 3.17 displays snapshots from all five
training sequences of the PTB dataset, featuring our estimations alongside the GT.
The depth images (the second column of Fig. 3.17) with our estimations offer a clearer
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

(i) (j)

Figure 3.17: RGB and corresponding depth snapshots from the PTB data set [7]:
(a),(b): bear_front, (c),(d): child_no1, (e),(f): face_occ5, (g),(h): new_ex_occ4, and
(i),(j): zcup_move_1. The RGB images display our obstacle estimation in green rectan-

gular boxes, with ground truth annotations represented by red rectangular boxes.
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Figure 3.18: ACC plot of our estimation for (a) bear_front, (b) child_no1, and
(c) new_ex_occ4 video sequences from the PTB dataset [7]. An ACC = 1 indicates best

estimation.

perception of accurate obstacle detection and dimension estimation, successfully seg-
menting all obstacles with proper dimensions. To quantify the accuracy of the proposed
method, we plot the error, and Fig. 3.18 illustrates the accuracy plots of our evalua-
tions on three video sequences of the PTB dataset. The accuracy values consistently
exceed 0.8. However, we observe a reduction in accuracy to approximately 0.8 when
multiple obstacles are in close proximity, and depth discontinuities are less prominent.
In summary, our method showcases strong performance in obstacle detection and di-
mension estimation, with accuracy metrics consistently surpassing 0.8, as evidenced by
evaluations on the PTB dataset, despite challenges posed by close-proximity obstacles.

Fig. 3.19 illustrates the tracking outcomes of our proposed method across eight
video sequences sourced from the DepthTrack [52] dataset. These sequences encom-
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 3.19: Results of our proposed obstacle tracking system for the (a) ball10_wild,
(b) cube03_indoor, (c) duck03_wild, (d) hand01_indoor, (e) human02_indoor,
(f) pot_indoor, (g) squirrel_wild, and (h) suitcase_indoor video sequences from the Depth-

Track dataset [52].
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pass diverse scenarios, including varying lighting conditions, differing motion speeds,
and objects of varying sizes, both indoors and outdoors. Notably, challenges arise
in tracking a small obstacle, such as a person’s hand, in the hand01_indoor video
sequence (Fig. 3.19(d)), where dynamic thresholding on the u-depth map prioritizes
smaller obstacles closer to the camera, leading to occasional failures. A similar trend
is observed in the ball10_wild sequence (Fig. 3.19(a)). Despite these challenges, the
proposed method exhibits superior performance in the remaining video sequences, as
reflected in the average accuracy values presented in Table 3.4. The table outlines the
average ACC values (i.e., ACCavg) for all tested video sequences from both the PTB
and DepthTrack datasets. Despite encountering challenges in tracking small obstacles,
such as a person’s hand or small ball, in specific video sequences, our proposed method
demonstrates superior performance across diverse scenarios, including variations in
lighting, motion speeds, and object sizes, both indoors and outdoors, as evidenced by
consistently high average accuracy values exceeding 0.82 (Table 3.4) in the tested video
sequences from the PTB and DepthTrack datasets.

Table 3.4: Experimental evaluation on PTB[7] and DepthTrack[52] datasets

Dataset Sequence Type ACCavg

PTB

bear_front Indoor 0.952
child_no1 Indoor 0.934
face_occ5 Indoor 0.981
new_ex_occ4 Indoor 0.952
zcup_move_1 Moving camera 0.913

DepthTrack

ball10_wild Very small obstacle, 0.821
direct sunlight

cube03_indoor Very small obstacle, 0.852
random motion

duck03_wild Daylight condition, 0.921
moving camera

hand01_indoor Very small obstacle 0.820
human02_indoor Human motion 0.948
pot_indoor Very high motion 0.914
squirrel_wild Jerky motion, 0.871

moving camera
suitcase_indoor Indoor 0.933

3.3.4 Experiment 2: Tracking Single Non-Rigid Dynamic Ob-
stacle

We evaluate the proposed method with a dynamic obstacle that abruptly changes its
shape and size while in motion. We choose this scenario because it is a common be-
havior where robots and humans work in the same environment, and different human
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motions result in dynamic obstacles that change their shape and size. We use self-
captured outdoor data in indirect sunlight, where a girl of a height of 1.53 m walks
toward the camera at an average speed of 1 m/s. She bends down suddenly for 4 sec-
onds, stands up again, and walks again. Fig. 3.20 presents a comparison of the proposed
method with the VbOAD. Fig. 3.20(a) presents the tracking results of the VbOAD,

i. ii. iii.

iv. v. vi.
(a)

i. ii. iii.

iv. v. vi.
(b)

Figure 3.20: Comparison of the proposed method with the VbOAD [4] algorithm in the
presence of a dynamic obstacle that changes its shape and size abruptly during motion: (a)

Tracking output of VbOAD, (b) Tracking output of the proposed method.

where obstacles are denoted with purple-colored bounding boxes. The VbOAD uses a
fixed threshold on the u-depth map, and the threshold value is set to 1.524 m. There-
fore, the VbOAD detects all obstacles with heights equal to or greater than 1.524 m.
The VbOAD algorithm fails to detect any obstacle with a height below the threshold
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of 1.524 m. As a result, the VbOAD fails to detect the girl when she bends down
and shortens her stature, as illustrated in Fig. 3.20(a)(ii),(iii). Fig. 3.20(b) shows the
tracking results of the proposed method. The proposed method successfully detects
and tracks the girl continuously while she is within the FOV.

3.3.5 Experiment 3: Tracking Multiple Non-Rigid Dynamic
Obstacles

We evaluate the proposed method with multiple dynamic obstacles of different shapes
and sizes, where the obstacles are either moving in different directions and crossing
each other or moving in a group. We choose this scenario because it is a common
behavior where multiple humans and robots interact in the same environment. We
use outdoor sequences of self-captured data and indoor sequences of the open dataset
OpenLORIS-Scene [58].

3.3.5.1 Dynamic Obstacles Moving in Different Directions

We test the proposed method with two dynamic obstacles and multiple static obstacles
using self-captured outdoor data in indirect sunlight. Two walking girls are considered
dynamic obstacles, where they walk at an average velocity of 1 m/s but in different
directions. The two dynamic obstacles cross each other in proximity. Fig. 3.21 shows
the tracking results along with the timestamps and estimated distances of both de-
tected dynamic obstacles. The proposed method detects the two dynamic obstacles
and successfully tracks them, as shown in Fig. 3.21(a),(b). Then, the proposed method
considers the two obstacles as a single one when they come into proximity, as shown
in Fig. 3.21(c), and again considers them two as new obstacles as they become farther
apart, as shown in Fig. 3.21(d). The accuracy of the proposed system is comparable
to VbOAD; thus, it is excluded from the comparison.

3.3.5.2 Multiple Dynamic Obstacles with Different Heights

We evaluate VbOAD and the proposed method with dynamic obstacles of different
heights using the indoor open dataset OpenLORIS-Scene. In the data, two people
are visible toward the left of the image, and they gradually walk together toward the
right and finally leave the FOV. Afterward, a walking child suddenly comes within
the FOV from the right edge of the image. Fig. 3.22 presents the comparison output
between VbOAD and the proposed method. Fig. 3.22(a) shows the snapshots of the
tracking results of VbOAD, where obstacles are denoted with a purple-colored bound-
ing box, and Fig. 3.22(b) shows the snapshots of the tracking results of the proposed
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(a) (b)

(c) (d)

Figure 3.21: Performance of the proposed tracking algorithm with two moving obstacles
alongside multiple static obstacles: (a–d): Time-sampled snapshots displaying the results

using our proposed method.

method, where obstacles are denoted with a green-colored bounding box. The VbOAD
algorithm is executed with a 1.524-meter obstacle height, successfully detecting the
two walking persons. Still, it fails to identify the true dimensions of the obstacles be-
cause of wrong thresholding, as shown in Fig. 3.22(a)(i)–(ii). The VbOAD algorithm
fails to detect the small child with a height of about 1 m, as shown in the snapshots
in Fig. 3.22(a)(iv)–(vi). The proposed dynamic thresholding on the u-depth map suc-
cessfully detects and estimates the dimensions of obstacles of various sizes, as shown
in Fig. 3.22(b).

3.3.6 Experiment 4: Advantages of Dynamic U-Depth Thre-
sholding

We compare the effect of the proposed dynamic thresholding with that of fixed thresh-
olding as proposed in VbOAD. The edges of the white patches on the u-depth map do
not become bright when an obstacle has a bent shape, and fixed thresholding may cut
the edges of such white patches that are not as bright, irrespective of their position and
size. We show this phenomenon in Fig. 3.23 with two examples. Fig. 3.23(a) presents
the first example, where Fig. 3.23(a)(i) shows the comparison of detected obstacles
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i. ii. iii.

iv. v. vi.
(a)

i. ii. iii.

iv. v. vi.
(b)

Figure 3.22: Comparison of the proposed method with the VbOAD [4] algorithm on the
market sequence of the Open LORIS-Scene dataset [58] with multiple dynamic obstacles of dif-
ferent sizes: (a) (i–vi) Time-sampled snapshots with the output of VbOAD, (b) (i–vi) Time-

sampled snapshots with the output of our proposed method.
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VbOAD Proposed Method

i. Detected obstacles

ii. u-depth map, unthresholded

iii. u-depth map, thresholded
(a)

i. Detected obstacles

ii. u-depth map, unthresholded

iii. u-depth map, thresholded
(b)

Figure 3.23: The effectiveness of the proposed dynamic thresholding compared to fixed
thresholding as presented in VbOAD [4] on the market sequence of the Open LORIS-Scene

dataset [58]: (a) Example 1, (b) Example 2.
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on the same snapshots, and Fig. 3.23(a)(ii) shows the corresponding unthresholded
u-depth map. Fig. 3.23(a)(iii) shows the corresponding thresholded u-depth map.
VbOAD generates incorrect dimensions of the obstacle in the thresholded u-depth
map with a fixed threshold value, as shown in the first column of Fig. 3.23(a)(iii). The
fixed value thresholding generates an erroneous result due to the bent shape of the leg
of the standing lady. The proposed method with dynamic thresholding produces an
accurate thresholded u-depth map, as shown in the second column of Fig. 3.23(a)(iii).

Fig. 3.23(b) shows the output of the second example with a similar pattern as the
previous example. The thresholding of VbOAD generates an erroneous result (the first
column of Fig. 3.23(b)(iii)) because the obstacles are very close to the camera in this
frame, and both sides of the white patches fall below the given fixed threshold value.
The proposed dynamic thresholding generates more accurate dimensions in this case,
as shown in the second column of Fig. 3.23(b)(iii).

3.3.7 Experiment 5: Tracking a Fast-Moving Obstacle

We assessed the performance of the proposed method using self-captured outdoor data
featuring a fast-moving basketball thrown toward the camera at an average speed of ap-
proximately 5 m/s. The experimental results, presented in Fig. 3.24, depict snapshots
displaying only the estimated dynamic obstacles for improved visibility. Each snapshot
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Figure 3.24: Performance of the proposed tracking algorithm with a very fast-moving
obstacle: (a–e): Time-sampled snapshots displaying the results using our proposed method.

includes timestamps and estimated distances, while Fig. 3.24(c)–(e) additionally de-
note estimated velocities, calculated after successful tracking in consecutive 5 frames.
Initially, the algorithm struggles to detect the ball when it appears small and distant,
as the proposed dynamic thresholding of the u-depth map prioritizes nearby objects
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with smaller sizes. Consequently, the ball is rejected due to its perceived small size and
distance from the camera. However, successful detection occurs when the basketball
is approximately 1.625 m away, as shown in Fig. 3.24(a), allowing continuous track-
ing until it exits the FOV. The average estimated velocity is approximately 7.114 m/s.
The basketball’s motion, parallel to the camera’s viewing direction, results in relatively
low positional changes in the u-depth map, facilitating successful tracking. Neverthe-
less, the system may encounter challenges in detecting obstacles moving with equal or
greater speed from left to right or vice versa.

3.3.8 Execution Time

Fig. 3.25 provides a comparison of execution times based on an experiment conducted
on simulated data, wherein RGB-based algorithms are initiated when the dynamic
obstacle (Husky2) is entirely visible, as discussed in Section 3.3.3.2. The minimum,
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Figure 3.25: Comparison of minimum, median, average, and maximum execution times for
single obstacle tracking.

median, average, and maximum execution times for the proposed method and other
SoA algorithms are presented, with time details specified for single obstacle tracking.
The initialization resolution for the testing obstacle on an RGB image is set at 174×403.
To enhance clarity, we exclude the initialization time from the plot for all RGB image-
based tracking algorithms, given its range between 18.5641 and 100.2011 ms, which
impacts the maximum time value. Conversely, the initialization time for the proposed
method is 4.3722 ms. Fig. 3.25 highlights significantly higher execution times for
BOOSTING, KCF, MIL, and TLD in comparison to MedianFlow, MOSSE, VbOAD,
and the proposed method. The time details for VbOAD [4] are sourced from the
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Figure 3.26: Comparison of continuous execution time for single obstacle tracking.

literature. For improved visibility and comprehension, we limit our further comparative
representation to only MedianFlow, MOSSE, and the proposed method.

Fig. 3.26 illustrates the plots of continuous running time for the proposed method,
MOSSE, and MedianFlow in the same experiment mentioned above. In every scenario,
the proposed method demonstrates a minimum execution time, as depicted in Fig. 3.26.
Correspondingly, Fig. 3.27 provides the box plot, where the 75th percentile of the
tracking time for a single obstacle in our proposed method remains below 1.15 ms, and
the maximum tracking time for a single obstacle is 4.37 ms. The percentile indicates

Figure 3.27: Box plot of the execution time for single obstacle tracking, as illustrated in
Fig. 3.26.

that in 75% of the frames, the obstacle processing time remains under 1.15 ms. In
contrast, the 75th percentiles of the tracking time for a single obstacle in MedianFlow
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and MOSSE are 3.983 ms and 5.547 ms, respectively, which are significantly higher
than those of the proposed method. The 75th percentile of the tracking time for a
single obstacle in the VbOAD algorithm, as reported in the literature, is below 8 ms.
Consequently, the proposed method proves to be more than two times faster, supporting
the conclusion that it can effectively perform real-time obstacle detection with a 60 Hz
camera in parallel with any real-time SLAM and path planner modules.

3.4 Conclusions

This chapter introduces a dynamic obstacle detection and tracking system for robotic
applications in dynamic environments, leveraging depth images. The system utilizes a
u-depth map for obstacle detection and a restricted v-depth map in conjunction with
the u-depth map for precise estimation of obstacle dimensions. To enhance detection
accuracy and dimension estimation, a dynamic binary thresholding approach is ap-
plied to the u-depth map. An efficient algorithm is proposed to track obstacles across
diverse scenarios, including indoor and outdoor environments, varying lighting condi-
tions, multiple dynamic obstacles moving in different directions, obstacles with fast
motion, small-sized dynamic obstacles, and those dynamically changing shapes and
sizes. The system’s performance is evaluated using both self-captured and open data
sequences. It demonstrates a real-time capability to run onboard with 60 Hz, achieving
an average computation time of 0.6 ms per obstacle detection and tracking, successfully
tracking obstacles at speeds of up to 5 m/s. The proposed system outperforms SoA
methods in terms of obstacle state estimation accuracy and execution time, making
it suitable for dynamic obstacle detection in mobile robot navigation. However, the
system has limitations in detecting very fast-moving obstacles due to the maximum
operating depth range of RGB-D sensors, which is typically around 3 meters. Future
work will explore sensors with longer-range perception to detect and track fast-moving
obstacles beyond the current system’s capabilities.

With this proposed obstacle detection solution, an agent can successfully navigate
in a cluttered dynamic environment with a successful collision-free path planning. The
maturity in the VI-SLAMs domain for single agent motivate us to solve problems of
collaborative visual navigation, where multiple robot can share information and help
each other to complete a big and distributed mission quickly, we shall look to formulate
a collaborative VI-SLAM framework to support multi-agent cooperative navigation.
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Chapter 4

An Adaptive Collaborative
Visual-Inertial SLAM for
Multi-Agent Localization

4.1 Introduction

In Section 1.2.3, we have studied the importance of VSLAM in the field of autonomous
navigation by robots because VSLAM can estimate the robot pose and 3D scene struc-
ture accurately. However, VSLAM has some inherent problems such as cumulative
drift, losing camera track, unknown scale [10], etc. In Section 1.2.4, we have also seen
that VI-SLAM can alleviate some of these problems due to the complementary nature
of IMU with the camera. In general, VI-SLAM is expected to produce better pose
estimation than VSLAM, but this depends on the quality of the data that the IMU
sensor generates from the motion [18]. In practice, noisy IMU measurements can reduce
the quality of combined measurements. Therefore, the system requires intelligence to
validate the IMU measurements before fusing them with any other sensors.

The use of multiple heterogeneous mobile robots on a big mission is advantageous
because a complicated task can be broken down and allocated to multiple robots based
on their capabilities to reduce the mission completion time. A collaborative SLAM
framework helps multiple robots to navigate in an unknown environment in coopera-
tion, generates a global environmental map, and shares information among the robots.
Information sharing leads to the rapid exploration of the region and results in a more
reliable system because the system can still function even if one or more robots become
inoperable. The major challenges of any collaborative framework are communication
among participating robots, information availability among all robots, fusing partial
maps generated by individual robots, avoiding losing track, the reuse of map informa-
tion, handling network delays, etc.



70
Chapter 4. An Adaptive Collaborative Visual-Inertial SLAM for Multi-Agent

Localization

In this spirit, we propose a collaborative VI-SLAM framework based on the re-
search work in [109], CORB2I-SLAM, where each participating robot is treated as a
client and accompanied by at least one visual sensor (e.g., monocular/stereo/RGB-D
camera) and may carry an IMU. These robots have limited processing capabilities and
navigate using either VIO or VO on a local map depending on the availability of the
IMU. The framework contains a centralized server with higher processing and larger
storage capability. The server receives information from all participating robots and
executes all computationally complex tasks for VSLAM, e.g., loop closing, map man-
agement and merging, and optimization. The optimization is in the form of Bundle
Adjustment [110], where all the camera poses and the 3D structure are further globally
refined through reducing the average reprojection error, as explained in Appendix A.2.5.
The central server shares optimized information with the respective robots whenever
required. The rest of the chapter uses robots, clients, or agents synonymously to in-
dicate the participating robots. Our proposed system uses ROS [111] based message
passing.

This chapter is organized as follows. Section 4.2 describes the proposed collabora-
tive framework and the contributions. Section 4.3 presents the experimental results.
Finally, Section 4.4 concludes the chapter.

4.2 CORB2I-SLAM Framework

We present the architecture of our proposed framework in Fig. 4.1. Every client robot
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Figure 4.1: CORB2I-SLAM architecture.

is equipped with at least one monocular/stereo/RGB-D camera, an IMU (optional), a
processing unit, a small memory unit, and a wireless module. The central server con-
tains high-performance computation capabilities along with large storage and wireless
communication capabilities. The system configuration does not assume any specific
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configuration of client robots, so any type of UGV or UAV can participate as a client.
If IMU is available, any agent must try to initialize with VIO and continue with VIO
if the biases of the accelerometer and gyroscope, gravity direction, and velocities are
estimated correctly; otherwise, VO estimation follows. In this context, we assume that
the environment is feature-rich and has sufficient illumination.

Each client executes ORB VO/VIO on its local map, adhering to a design com-
parable to ORB-SLAM2 [15]. In our current system, the local map structure adopts
a sparse map, avoiding of a dense map formulation on the client to mitigate com-
putational load. Consequently, the map structure, KFs, and MPs follow conventions
similar to ORB-SLAM2, differing only in their globally unique identifiers. Initially,
every client receives a distinctive client identification number (client ID, e.g., Client1,
Client2, etc.) from the server and initializes a local map. Representing the immediate
vicinity of the client, the local map, containing a fixed number (N) of KFs, prompts
clients to offload the map structure, inclusive of all KFs and MPs, to the server. Si-
multaneously, they discard old KFs and MPs not part of the local map. To minimize
communication overhead, messages are exclusively designed for visual data, resulting
in the server map comprising solely visual data.

The server allocates a dedicated client manager for each client to handle data man-
agement for associated clients. This management includes receiving new KFs and MPs
from the corresponding client and storing them in the appropriate stack. The server
dispatches past KFs and maps back to a client when it detects the client approaching
a location near a past location and the client’s local map lacking the past location. If
the client identifies matches with these past KFs, the server executes a loop closer. We
utilize an analogous transmission protocol for transferring data between a client and
the server, akin to the approach employed in CCM-SLAM [21]. A novel re-initialization
procedure, incorporating a globally unique map, is implemented when any client ex-
periences track-loss. All computationally intensive algorithms, such as intra-map and
inter-map place recognition, map fusion, and global Bundle Adjustment [110], run on
the server. This design links the collaborative functionalities of the framework to the
server’s performance, which diminishes as the number of active clients increases. Nev-
ertheless, the real-time operations of the client robots remain independent of the server,
ensuring consistent efficiency for the client robots.

4.2.1 Notations

The position and rotation of the world frame W relative to the i-th camera frame can
be described by the rigid body transformation WTCi

∈ SE(3), where SE(3) is the
special Euclidean group [5], WRCi

is the corresponding rotation matrix and W tCi
is
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the corresponding translation vector. A landmark is represented as a 3D point κ ∈ R3

with its image projection as u = φ(κ) where u ∈ R2.

4.2.2 Client Robot

We start with the description of a client robot, where we take a sample client to look
into the internal modules. Fig 4.2 present a modular design of a client, where the
modules are described in the following sections.

Client Robot 

Local Map 

(KF & MP) 

Visual 

Camera 

Optimizer 
Local BA 

IMU Pre-

integration 

Communication 

Manager 

IMU 

Camera 

Tracking 

VO Pose 

Consistency 

Re-initialization 

Odometry 

Tracking 

Fails? 

Yes 

No 

Figure 4.2: Internal modular design of a client in CORB2I-SLAM.

4.2.2.1 Odometry

We have explored the process of estimating camera pose from IMU motion and the ben-
efits of leveraging IMU measurements for this purpose, such as mitigating tracking fail-
ures in rapid or erratic camera movements (discussed in Section 1.2.4). Consequently,
we develop a self-localization system based on VIO. However, we also maintain the op-
tion for VO in cases where the IMU is unavailable or its estimation is unreliable. The
integration of IMU and visual estimations in the VIO system is tightly coupled [79].
To facilitate this, we adopt the approach of pre-integrating IMU measurements, as
proposed in [79], which is briefly explained below.

IMU Pre-integration
ORB-SLAM2 [15] is a feature-based VSLAM system that incorporates the concept of
KF into the map structure. Consequently, the motion estimation of the current camera
frame is always performed with respect to the last KF. Since the IMU frequency is
usually much higher than that of the visual camera, a one-to-one matching is not
feasible. Therefore, it is necessary to extract the IMU data captured from the last KF
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to the current frame and integrate them to estimate the small motion of the current
frame from the last KF. This integration procedure of IMU data is referred to as
pre-integration.

When considering the current frame as the latest KF, pre-integration of the IMU
measurements between two consecutive KFs is required to calculate the motion of
the latest KF from the previous one. We employ a manifold-based pre-integration
approach to transform IMU measurement data into visual KF constraints to estimate
the camera pose, as proposed in [79]. Therefore, for a detailed understanding of using
IMU measurements to estimate camera poses through manifold-based pre-integration,
we refer to [79].

Camera Tracking

In the present system, the initialization of the VO tracking is initiated by extracting
ORB features from two frames: a reference frame and the current frame. Their poses
are then estimated either by homography or by a fundamental matrix, following a
similar approach to ORB-SLAM2. After a successful initialization, a map structure is
created with KFs and MPs, where the MPs constitute the visual structure of the scene.
Inspired by CVI-SLAM [26], we design the initialization of VIO. To prevent large IMU
pre-integration, we maintain a distance of 5 frames between two consecutive KFs. The
visual structure is optimized using Bundle Adjustment with 20 KFs, and the gyroscope
bias is initialized using a linear least squares approach [112]. Linear least squares is
a method for fitting a mathematical or statistical model to data in cases where the
model provides the idealized value for any data point. The ‘linear’ term is introduced
because the idealized value is expressed linearly in terms of the unknown parameters
of the model.

The unknown scaling parameter for the metric scale, velocity, and gravity direction
are estimated linearly. Upon obtaining reliable estimations of gravity direction and
velocity, we assume correct IMU estimation, scale the visual structure, and align it
with the gravity direction. If IMU estimation fails three times consecutively, we tem-
porarily declare the IMU unstable. In such cases, we proceed with pure VO estimation
as in ORB-SLAM2. The client system continuously checks for nonlinear client motion
using estimated poses of the KFs from VO. When non-linear motion is detected, IMU
estimations are reiterated (as described in Section 4.2.2.1), followed by VIO initial-
ization if stable IMU estimations are achieved; otherwise, the IMU is assumed to be
permanently unstable.
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We extract ORB features on every incoming frame and integrate the IMU measure-
ments accumulated since the last KF to estimate the motion model of the current frame.
This motion model aids in predicting the pose of the incoming frame, and a guided
search is performed to find 2D correspondences by projecting the 3D map points into
the current frame. We perform a two-step frame alignment: (i) the initial alignment
is based on the matched correspondences, and (ii) further matching correspondences
are searched on the frame by projecting other map points. The aligned frame is finally
optimized using motion-only BA on a local window. The current frame is selected as a
new KF if one of the following conditions is satisfied, where the parameter values are
experimentally determined.

(a) The current frame is 20 frames apart from the last KF.

(b) The current frame observes fewer than 15 old MPs.

(c) 2D key points cover less than 40% of the image area.

In the case of VO, the process follows the procedure outlined in ORB-SLAM2, and
the current frame is chosen as a new KF when one of the following conditions is met,
with parameter values determined experimentally:

(a) The current frame is 20 frames apart from the last KF.

(b) The current frame observes fewer than 70 close MPs.

(c) The current frame observes fewer than 80% MPs than the last KF.

(d) 2D key points cover less than 40% of the image area.

Every client periodically sends the newly created KFs and MPs to the server and
subsequently deletes older KFs and MPs that do not belong to the local map.

VO Pose Consistency
It is noted that, VIO estimates the initial camera motion from IMU pre-integration.
Whereas the estimated poses using VO are purely based on visual features, providing
a geometric interpretation. Consequently, poses may become erroneous when visual
features lack geometric richness. To address this, we evaluate the poses of each frame
through a heuristically proposed verification step to ensure correct camera tracking in
the case of VO estimation.

Scene Geometry Consistency: Once the detected points lack sufficient geomet-
ric information to convey the structure, the estimated pose is likely to be erroneous.
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We measure the structural continuity of the reconstructed visual structure to measure
geometric consistency, as proposed in [16]. First, we extract edges from the RGB im-
age and reconstruct the longest edge in 3D using sampled points on the selected edge
and the estimated pose of the frame. Subsequently, we examine the depth continuity
of the reconstructed 3D points using their positional coordinates. In this context, we
endeavor to extract the line by fitting a line equation, as explained in [113]–[115], and
consider the 3D line segment continuous if all the 3D points satisfy the line equation.
The underlying assumption is that a line segment would be continuous in 3D if it ex-
hibits continuity in 2D. Once the depth continuity is disrupted, we consider that the
pose is not accurate enough for tracking.

Pose Observability: Camera pose observability, initially proposed in ORB-
Atlas [69], is utilized in a modified form. Camera pose estimation tends to deteriorate
when tracked features have a very high depth. The 2D motions of such features on
consecutive images become negligible and fail to encode the true motion of the cam-
era. Therefore, we use the uncertainty of observing a 3D point κi from a camera Ck,
denoted as Ψκi,Ck

. This uncertainty is proportional to the observational depth of κi,
encoding a higher depth point with a higher uncertainty of observability.

The estimated six-degrees-of-freedom (DoF) camera pose of the kth frame is repre-
sented as W T̂Ck

. We express the uncertainty of this estimated pose with an unbiased
Gaussian vector of six parameters, ρCk

, defining the Lie algebra approximation of WTCk

around W T̂Ck
, as given in Equ. (4.1).

WTCk
= exp (ρCk

)⊕ W T̂Ck

ρCk
= (x, y, z, ωx, ωy, ωz) ∼ N (0,CovCk

)

CovCk
≈

(
κm∑
κi

JT
κi,Ck

Ψκi,Ck
Jκi,Ck

)−1
(4.1)

where, m map points are visible on camera Ck. CovCk
is the covariance matrix

that represents the observability accuracy of camera Ck, and Jκi,Ck
is the Jacobian

of the observability measurement of camera Ck for point κi. Translation is often
the most weakly estimated parameter, as described in ORB-Atlas. Consequently, we
attempt to obtain an error estimation of translation only with the diagonal values
of CovCk

. We consider the camera tracking to be lost either when we find the number
of tracked points below the threshold or when we find the pose consistency to be
very low, as described in Equ. (4.1). Fig. 4.3 illustrates an example of the utilization
of pose consistency evaluation. Fig. 4.3(a) shows the GPS GT path on the Google
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Figure 4.3: Improved accuracy with pose-consistency evaluation: (a) GPS ground truth
path for Malaga 07 dataset [116] on Google Maps, (b) Map is generated using ORB-
SLAM2 [15], (c) Merged camera track with our pose-consistency evaluation, where white
and green denote two individual camera tracks, (d–e) Magnified views showcasing map fu-

sion accuracy at location P3.
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map from the Malaga 07 [116] sequence, and Fig. 4.3(b) displays the erroneous path
estimation using ORB-SLAM2, where a straight road is estimated as a bent road.
In Fig. 4.3(c), the camera track estimation using the proposed method is presented,
where P3 indicates the starting position, signifying that SLAM was initialized at P3,
moved towards position P4 (white path), took a u-turn, and the pose consistency failed
at position P1, leading to track-loss mode. The proposed pose consistency prevents
the system from continuing with erroneous pose estimations that can decrease overall
accuracy. We further describe the re-initialization process after losing the camera track
and demonstrate the overall improvement in accuracy for the example in Fig. 4.3.

Re-Initialization
A client may lose track of an incoming frame either due to erroneous pose estimation
in VO or due to the reduction in the number of 3D-2D matched features. The client
attempts to relocalize with its own local map for a short duration of 2 seconds, as in
many cases we found that a sudden jerk creates track loss and the client regains track
immediately after the jerk. The client enters into a track-loss mode if it is unable
to regain track within the specified time. In such a scenario, the client has two op-
tions: (i) persist in attempting relocalization or (ii) reinitialize from the beginning and
resume. If the client chooses the first option, autonomy is greatly affected because the
client can only start navigation after relocalization, and it can impact the completion
time of the entire mission. If the client chooses the second option, autonomy is restored,
but the trajectory would not be continuous, and there would be extra overhead to fuse
multiple sub-maps. We opt for the second option, where our autonomy is unaffected.

Fig. 4.4 shows the message flow diagram after a client loses camera track. The client
first tries to relocalize for 2 seconds and immediately sends a track-lost notification
message to the server once the relocalization fails. The track-lost notification message
contains the last KF id of the local map. The server creates a new map structure for
that client in the corresponding map stack upon receiving the track-lost message and
waits until the last KF is received. The server sends an acknowledgment message with
the next available client id to the client immediately after the last KF is received. The
client again reinitializes from the beginning with the new client id and a new local map
and continues with VIO or VO based on its previous configuration. The ‘Client Robot’
and the ‘Server’ blocks of Fig. 4.4 contain these corresponding descriptions. To avoid
ambiguity, each local map uses a globally unique identifier, which is the associated
client id.

Let us revisit the example in Fig. 4.3, where the agent goes into track-loss mode at



78
Chapter 4. An Adaptive Collaborative Visual-Inertial SLAM for Multi-Agent

Localization

Receive track-

lost notification 

(last KF) 
Wait for 

last KF 

Create a new 

Map 

Send 

acknowledgement 

(New Client id) 

Server 

Sensor 

Data 

Client Robot 
Tracking in 

Local Map 
Relocalize 

Track-lost 

Notification 

(last KF) 

Receive 

acknowledgement 

(New Client id) 

Reset with new 

Client id 

NO 

YES 

Tracking 

failed 

Figure 4.4: Information flow after camera tracking failure.

position P1, as shown in Fig. 4.3(c). The agent is reinitialized at position P2 and contin-
ues tracking. Fig. 4.3(c) shows the camera track (green path) after the re-initialization.
The agent moves towards position P3, and the map-matching module finds matches
between these two maps when the agent arrives at position P3. The map fusion module
(Section 4.2.5.3) merges these two maps, and Fig. 4.3(c) shows the overlapped regions
from position P3 to position P4. The overall accuracy of our estimated camera track
is greatly improved from the ORB-SLAM2 estimation, because the straight road is es-
timated as a straight road. However, the camera track becomes discontinuous between
positions P1 and P2. The camera track enhancement and discontinuity are realized
pictorially in Fig. 4.3(a)–(c).

4.2.3 Map Structure and Optimization

The map structure of each client consists of KFs and MPs, where each KF and MP
is uniquely numbered to identify them without any ambiguity. A KF is identified
as KFxi , where x and i represent the client number and KF number, respectively.
A MP is identified as MPyj in the map structure, where y and j represent the client
number and MP numbers, respectively. The local map on the client consists of the
nearest N number of KFs from the current location of the camera and is periodically
updated by the insertion of new KFs. Now, the local map structure has KFs with two
different types of connected constraints in the case of VO and VIO. We follow a similar
structure as proposed in CCM-SLAM [21] for VO estimation. In the case of VIO, the
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KFs have connected constraints with IMU observations between consecutive KFs and
covisibility constraints with common MPs visibilities.

The local map structure on a client is periodically refined with local BA. The local
BA runs on a local window of a fixed number of KFs, which is smaller than the local
map size to ensure valid IMU constraints within a small boundary. The local BA does
not optimize poses for KFs that are already updated and inserted into the local map
from the server.

4.2.4 Communication Manager (Server and Client)

The communication manager serves as the interface for communication between the
client and server. In this scenario, the communication manager converts any informa-
tion to a ROS message and vice versa for sending and receiving. The communication
manager ensures the successful delivery of every message using an acknowledgment
mechanism and retransmits messages if it does not receive proper acknowledgments
within a given time span. The communication manager is designed to send KFs and
MPs periodically: (i) it transmits complete information for new KFs (e.g., 2D features,
associated feature descriptors, and 3D map points) and MPs, and (ii) transmits only
the updated information for old KFs and MPs. Thus, the communication manager
always maintains control over the network bandwidth.

4.2.5 Server System

The server functions as a central system with robust computing capabilities, primarily
dedicated to executing processor-intensive tasks. Its core responsibilities include orga-
nizing and storing client maps, identifying loop closures within individual maps, finding
matches across multiple maps for fusion, and optimizing maps through global Bundle
Adjustment. A detailed modular block diagram of the server is illustrated in Fig. 4.5.
The server features multiple client managers, each linked to a specific client for com-
munication and mapping operations. Additionally, a singular storage manager oversees
map stacks, providing selective access to client managers for necessary map modifica-
tions. The server incorporates a map fusion module, facilitating the matching of KFs
from various clients and subsequent map fusion upon identification of matches. The
Optimizer module is in charge of executing global BA after each loop closure and map
fusion. In summary, the server, equipped with high computing capabilities, manages
and optimizes client maps, facilitates loop closures and map fusion, as depicted in the
detailed block diagram in Fig. 4.5. Further modular details of the server are presented
below.
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Figure 4.5: Internal modular design of the Server in CORB2I-SLAM.

4.2.5.1 Client Manager

The server has separate client managers for all connected clients. A client manager
mainly communicates with the corresponding client for receiving and sending map
information. The client manager has a map manager, which is the interface for storing
and retrieving the corresponding map. The client manager contains an intra-map place
recognizer module, which checks the matches between non-neighboring KFs of the map
using the Bag-of-Words (BoW) [117] technique. These matches between KFs indicate
the existence of a loop in the map. The detected loops are adjusted by establishing
new covisibility edges between the corresponding KFs, followed by a global BA. The
server system consists of a client manager for each client, a storage manager, and map
fusion and optimization modules.

Map Structure
The server has separate map stacks for each client and stores received maps into the
corresponding map stacks. The KFs of map structures in the server have only covisi-
bility constraints because the IMU constraints are not transmitted to the server. The
server optimizes maps and sends back the updated map to the corresponding clients
whenever necessary. Therefore, when an old KF is sent back by the server and is in-
serted into the local map on the client, it only contains covisibility constraints. Thus,
the local map of a client can also be updated with the updated pose of an old KF by
the server.
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The global BA on the server is a vision-only BA because the server map contains
only covisibility constraints. The scale is kept fixed in the global BA when any con-
tributing client runs VIO.

4.2.5.2 Storage Manager

The storage manager stores the maps of every client, allowing the access to the map
manager of the corresponding client manager for necessary modifications to the map.
The map manager generates a BoW model for every KF, where BoW is a way of repre-
senting image features in a vocabulary tree that discretizes a binary descriptor space,
speeding up correspondences for geometrical verification. Therefore, BoW helps in find-
ing places by establishing geometrical matches between features from multiple KFs. We
utilize BoW for place recognition in detecting loops in a map or identifying matches
between two different maps.

4.2.5.3 Map Fusion

The place recognizer module utilizes the place-recognition technique, BoW, and gener-
ates a pair of matched KFs along with the associated matched MPs from two different
maps, either from the same client or from multiple clients. The fusion module is well
aware of each client’s sensors for estimating VIO or VO; therefore, it consistently fuses
maps from a non-metric scale to a metric scale.

Let us assume F s and F d are the matched KFs from the maps M s and Md. The
matched MPs generate one set of 3D–3D point correspondences from M s to Md and
two sets of 3D–2D point correspondences from M s to F d and from Md to F s. There
can be three situations: (1) both the maps are in the metric scale, (2) only map Md is
in the metric scale, and (3) no maps are in the metric scale.

Case 1: The 3D–3D correspondence set generates a SE(3) transformation [5], [13]
Md

T1Ms and the 3D–2D point correspondence sets generate two more SE(3) trans-
formations Md

T2Ms and Ms
T3Md . Finally, an average SE(3) transformation is for-

mulated by rotation averaging [118] and translation averaging [119]. The rotation
averaging problem is to find the best average rotation from several estimations of a
single rotation and can be formulated as in Equ. (4.2).

argmin
R∈SO(3)

n∑
i=1

dist(Ri, R)
e (4.2)

where, Ri . . . Rn are the multiple estimations of the rotation in the rotation space
SO(3) (the group of all 3-dimensional rotations), e is an exponent (e ≥ 1), and
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dist(P,Q) represents a distance function between two rotations P and Q. The trans-
lation averaging is to find the best average translation from multiple estimations of
a single translation. We use a bilinear formulation with a rotation-assisted Iterative
Re-weighted Least Squares scheme for translation averaging, as proposed in [119].

Case 2: Md is only aligned in metric scale, meaning 3D–3D correspondences are
not in the same scale. Therefore, we calculated the scale difference from M s to Md

using Equ. (4.3).

s =
1

n

n∑
i,j∈ψ

EMd
i ,M

d
j

EMs
i ,M

s
j

(4.3)

where, ψ is the 3D–3D point correspondence set, and EMx
i ,M

x
j

denotes the Euclidean
distance between 3D points i and j in map Mx. The scaled map M̂ s = sM s and
Md generate a SE(3) transformation [5], [13] Md

T1M̂s similar to the previous case.
The 3D–2D point correspondence sets generate two more Sim(3) [13] transformations,
Md

S2Ms and Ms
S3Md , and we calculate an average Sim(3) transformation by rotation

averaging and translation averaging.
Case 3: We follow a similar process as proposed in CCM-SLAM [21].
These calculated transformations in all three cases allow us to create a new map

structure M f , where map M s is inserted after using the transformation and Md enters
directly. Both clients obtain access to the fused map M f . Global BA [110] runs after
map fusion. Fig. 4.3(c)–(e) show an accurate map fusion using the proposed map fusion
module. Fig. 4.3(d)–(e) are the magnified views of the location P3 from different view
points. The alignment of the green and white camera tracks ensures an accurate map
fusion.

4.2.6 Communication Bandwidth

Any newly created KF and MP generated by a client are promptly shared with the
server, while re-transmission of older KFs and MPs takes place when there are updates
in poses. The sizes of these messages are detailed in Table 4.1. For a new KF, the
message comprises the entire data structure, encompassing 2D features, associated
feature descriptors, and 3D map points. The average size for a new KF, considering
1000 feature points, is 56 KB. Similarly, a message for a new MP also includes the
complete data structure, with an average size of approximately 200 bytes. In the event
of re-transmitting an old KF or MP between the client and server, the sizes are 148 bytes
and 52 bytes, respectively, since such re-transmissions exclude old 2D feature points.
Additional communication messages between the server and the client are of negligible
size, as message passing occurs only in response to specific events. This efficient data
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sharing mechanism ensures minimal communication overhead between the client and
server, facilitating seamless collaboration in the multi-robot mapping framework.

Table 4.1: Size of Communication Messages

Message Type Message Description Average Size
New KF Whole KF data structures 56 KB

(2D features, (considering 1000 feature points)
feature descriptors,
3D map points)

New MP Whole MP data structures 200 bytes
Old KF Updated Poses 148 bytes
Old MP Updated Position 52 bytes

4.3 Experimental Results

We extensively evaluate CORB2I-SLAM on open sequences (EuRoC [120], Freibu-
rg2 [121]) as well as in real autonomy, conducting a total of four categories of experi-
ments. Table 4.2 provides a broad description of all the categories.

Table 4.2: Experimental Descriptions

Experimental Objective Dataset Camera Type Features of the selected data
Evaluating Single EuRoC [120] Stereo Indoor Single MAV runs
agent accuracy multiple times,

normal motions and
fast motions

Evaluating map EuRoC Stereo Indoor Single MAV runs
merging for multiple times,
homogeneous normal motions and
camera setup fast motions
Evaluating map Freiburg2 [121] RGB-D Indoor Handheld camera motions
merging for around a office desk
heterogeneous
camera setup
Map fusion Real flight Monocular Outdoor Single UAV flies
in real autonomy multiple times,

fast motion

Each client utilizes a standard laptop with an Intel Core i5-5200 (four cores @ 2.2
GHz) and 4 GB of RAM when executing open sequences. The server employs another
laptop equipped with an Intel Core i7-8750H (12 cores @ 2.20 GHz) and 16 GB of RAM.
We observed that this server performs without any delay with six active clients, but
experiences lag when the number of active clients increases further. In real autonomy,
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testing is conducted on a Tarot drone featuring an NVidia Jetson TX2 board paired
with an Intel RealSense D435i RGB-D camera. The server remains the same laptop in
real autonomy, and communication takes place over a dedicated 4G wireless network.
Experimental parameter values are assigned empirically, setting N = 30 KFs in the local
map for on-board VIO/VO calculation and 15 KFs for local BA in all our experiments.
Errors are estimated as the Root Mean Square of Absolute Translation Error (RMS-
ATE) and presented as the average value of 10 executions.

4.3.1 Experiment 1: Evaluating Single-Agent Accuracy

We evaluate the fundamental accuracy of CORB2I-SLAM on a single agent, evaluat-
ing CORB2I-SLAM both with and without the inclusion of an IMU. We calculate the
RMS-ATE and compare it with the SoA VIO or VO-based methods. The details of
these comparisons are presented in Table 4.3, where the values for CVI-SLAM [26] are
obtained from the author’s publication due to its closed-source nature. Prior to RMS-

Table 4.3: The RMS-ATE (meter) of single agent for experiments on EuRoC se-
quences [120].

EuRoC [120] VINS [80] CCM [21] * CVI [26] ORB-SLAM3 [84] CORB2I CORB2I
Sequence No. (MO + IM) (MO) (MO + IM) (ST + IM) (ST) (ST + IM)

MH01 0.120 0.113 0.085 0.036 0.034 0.035
MH02 0.120 0.089 0.063 0.033 0.037 0.034
MH03 0.102 0.078 0.065 0.035 0.036 0.036
MH04 0.155 0.138 0.293 0.051 0.133 0.045
MH05 0.136 0.129 0.081 0.082 0.078 0.059
V103 0.190 – – 0.024 0.048 0.023
V203 0.220 – – 0.024 0.129 0.022

*: Trajectories are scaled off-line because the metric scale is not present,
MO: Monocular, ST: Stereo, IM: IMU.

ATE calculation, the estimated trajectories are aligned using an SE(3) transforma-
tion [5], [13]. The symbol ‘–’ denotes instances where the open-source implementation
either does not support a specific configuration or is absent from the author’s publica-
tion. Vision-only CORB2I-SLAM experienced three tracking failures while executing
the V203 sequence, resulting in the creation of new maps. Consequently, the value in
Table 4.3 is reported after the merging of all four maps. ORB-SLAM3 [84] exhibits
marginally superior accuracy in certain cases, attributed to its more effective loop cor-
rections. The accuracy of CORB2I-SLAM (without IMU) indicates that the inclusion
of an IMU is not universally beneficial, as a noisy IMU measurement can amplify lo-
calization noise. However, the CORB2I-SLAM framework is adaptive to detect and
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reject highly noisy IMU measurements. In conclusion, we find that the performance of
CORB2I-SLAM is either comparable to ORB-SLAM3 or surpasses SoA methods.

4.3.2 Experiment 2: Evaluating Map Fusion Accuracy for Ho-
mogeneous Camera

We evaluate the accuracy of map fusion using EuRoC sequences [120], where multi-
ple clients operate concurrently. Table 4.4 provides a comparative analysis with SoA
methods, revealing a notable improvement in accuracy with the merged map. This

Table 4.4: The RMS-ATE (meter) of multiple agents for experiments on EuRoC se-
quences [120].

EuRoC [120] VINS [80] † CCM [21] * CVI [26] ORB- CORB2I CORB2I
Sequence No. SLAM3 [84] †

(MO + IM) (MO) (MO + IM) (ST + IM) (ST) (ST + IM)
MH01,02 0.159 0.097 0.050 0.035 0.036 0.028
MH01,02, 0.192 0.092 – 0.037 0.035 0.029

03
MH01,02, 0.239 0.079 – 0.051 0.069 0.034

03,04
MH01,02, 0.278 – – 0.086 0.052 0.035
03,04,05

†: the sequences are run sequentially because the system is designed for a single agent,
*: Trajectories are scaled off-line because the metric scale is not present, MO: Monoc-
ular, ST: Stereo, IM: IMU.

enhancement is attributed to our innovative multi-constrained map fusion approach
and a robustly constrained loop-closure correction. Collaborative information sharing
among clients contributes to more precise localization. The comparison unequivocally
demonstrates an increase in accuracy through collaboration, as compared to the values
in Table 4.3.

Fig. 4.6 visually depicts the results of two experiments pictorially. Fig. 4.6(a)
presents a snapshot of the first experiment on EuRoC MH04 and MH05 sequences,
running VIO on two different clients. The camera trajectories and MPs of MH04
and MH05 are represented in white and green, respectively. The camera trajectories
are generated with a series of KFs from the corresponding clients. Any two KFs are
connected with a covisibility edge only if both KFs observe at least a single MP. Two
types of covisibility edges are depicted: white edges represent connected KFs from one
client, while red edges represent connections between KFs from multiple clients. The
inlet provides the magnified view of the merged map. Fig. 4.6(b) displays a snapshot of
the second experiment on EuRoC MH01 and MH02 sequences running on two different
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Figure 4.6: Snapshots of the CORB2I-SLAM map fusion experiment on EuRoC se-
quences [120]: (a) Map fusion among multiple agents, (b) Map fusion among sub-maps

of a single agent and multiple maps of multiple agents.
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clients. The client executing the MH01 sequence has limited computing power and
fails to track twice due to frame skipping, but reinitializes immediately. The camera
trajectories of sub-maps are shown in white, blue, and purple. CORB2I-SLAM merges
all sub-maps.

4.3.3 Experiment 3: Evaluating Map Fusion Accuracy for
Heterogeneous Camera

Experiment 3 comprises two distinct tests, namely Test 1 and Test 2, utilizing se-
quences from the Freiburg2 dataset [121]. In both tests, involving two clients, namely
Client1 and Client2, the same data sequences are employed, sequence fr2/xyz on
Client1 and sequence fr2/rpy on Client2. In Test 1, Client1 executes VO solely on
monocular images, specifically selecting RGB images from RGB-D data. Conversely,
in Test 2, VO is conducted on RGB-D images. Quantitative details of these experi-
ments are outlined in Table 4.5. The computed RMS-ATE values for Test 1 and Test 2

Table 4.5: Quantitative details for experiment on Freiburg2 sequences.

Test 1 Test 2
Client1 Client2 Client1 Client2

Freiburg2 [121] Sequence Names fr2/xyz fr2/rpy fr2/xyz fr2/rpy
Sensor Types Monocular RGB-D RGB-D RGB-D
Merging time offset (sec) 31.84 46.27
Single agent RMS-ATE (m) 0.002438 0.033917 0.004600 0.033917
CORB2I-SLAM RMS-ATE (m) 0.008357 0.034113

are 0.008357 and 0.034113, respectively, indicating a noteworthy improvement in local-
ization accuracy for Test 1 in comparison to Test 2. This heightened accuracy in Test 1
can be attributed to the early occurrence of map fusion, transpiring at 31.84 seconds,
in contrast to Test 2 where map fusion takes place at 46.27 seconds, as indicated by
the ‘Merging time offset’ in Table 4.5. These results underscore the substantial en-
hancement in localization estimation associated with quicker map fusion or efficient
information sharing in the collaborative framework. The findings highlight the sig-
nificance of timely collaboration and information exchange in multi-robot mapping
scenarios.
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Figure 4.7: Test on real autonomy: Each column shows the camera view and corresponding
map, (a, c) display camera views of Client1, (e, g) show camera views of Client2, (b, d) illus-
trate the camera trajectories of Client1, (f) depicts the camera trajectories of both Client1

and Client2 before fusion, (h) presents the entire fused map of Client1 and Client2.
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4.3.4 Experiment 4: Evaluating Map Fusion in Real Auton-
omy

This experiment aims to validate the performance of the proposed system on a real
robotic platform, emphasizing on real-time operation, a primary objective for collab-
orative SLAM in actual robot applications. A Tarot drone, navigating through pre-
determined GPS way points outdoors, was employed for the experiment. Due to the
observed inaccuracies in GPS point-based navigation, GT verification was omitted.
Two clients were run sequentially on a single drone, starting 3 meters apart with each
trajectory spanning approximately 55 meters. The experiment evaluated the proposed
adaptive VIO or VO selection mechanism. A noisy MEMS-based IMU was employed to
test the framework, with unsuccessful IMU-based initializations leading to continuous
use of monocular VO. Opting for monocular over RGB-D accommodated the need for
long-range depth, surpassing the sensing capabilities of the RealSense D435i. Despite
multiple camera tracking failures due to fast rotations, successful re-initializations were
achieved. Notably, the framework fused sub-maps of Client2 with the largest sub-map
of Client1 after 11.3 seconds of Client2 execution, demonstrating the system’s real-time
capabilities on an actual robotic platform. Fig. 4.7 shows the intermediate trajecto-
ries and the fused trajectories with MPs. In summary, this experiment successfully
validates the proposed system’s real-time performance on a Tarot drone, emphasizing
its adaptability to real-world challenges, such as GPS inaccuracies and fast rotations,
while showcasing its robust sub-map fusion capabilities between clients.

4.3.5 Execution Time

We evaluate CORB2I-SLAM execution on EuRoC MH01 to MH04 sequences. The
on-board execution of any client is independent of the total number of participating
clients; therefore, the execution time is similar for single and multiple clients. The
tracking thread takes on average 36 ms, the mapping thread takes 240 ms to 245 ms,
and communication takes about 0.28 ms. Server performance changes with the number
of KFs to be processed for an operation. Fig. 4.8 shows the average execution time for
computing the transformation for a loop closing and map merging.

4.4 Conclusions

We present a novel architecture of a centralized collaborative SLAM framework for
heterogeneous vision sensors and inertial sensors. In this centralized architecture, client
robots are considered with limited computation capabilities and a central server with
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Figure 4.8: Server execution time with respect to the number of KFs to be processed. The
values are tested on EuRoC MH01 to MH04 sequences with an average of 5 executions.

higher computation capabilities. The framework allows the clients to run either VO
or VIO independently without any server dependency, and it is designed to adapt to
detect noisy inertial sensors and exclude them in pose estimation. We proposed a
new criterion to estimate the accuracy of poses and reinitialize with a sub-map in the
case of tracking being inaccurate. The sub-maps can be fused into a single map once a
match is found among multiple maps. We also propose a novel map-merging procedure
between a non-metric scale map and a metric scale map that produces better accuracy
compared to SoA techniques. We evaluate our proposed framework extensively on open
datasets as well as in real flight and show better accuracy. The CORB2I-SLAM may
not have better accuracy on sudden illumination changes or low-light conditions. We
keep such enhancements in the scope of future work.

The proposed collaborative VI-SLAM framework and our proposed obstacle detec-
tion algorithms from RGB-D sensor (details are in Chapter 3) together are capable
to support multiple clients to navigate autonomously. We have studied some of the
limitations related to RGB-D sensing technology in Section 3.4, where operating depth
range is a major problem for sensing fast moving obstacles from safe distances. This
motivate us to explore other sensors with long range accurate sensing for dynamic
obstacles detection. The next chapter shall talk about the extension of our previous
obstacle detection system to alleviate some of the problems.
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Chapter 5

Obstacle Detection and Tracking
using 3D LiDAR

5.1 Introduction

Autonomous driving and navigation of robots have made significant progress in the
last couple of decades, with researchers contributing scientific advancements in various
research domains like computer vision, machine learning, path planning, and control
theory, etc. Autonomous navigation broadly associates three main modules:

• Perception Module: This module utilizes multiple sensors to capture the sur-
roundings and create an internal model. The internal model helps to understand
obstacles and their states (i.e., static or dynamic, dimensions, velocities, etc.).

• Planning Module: The planning module is responsible for generating a feasible
path from source to destination, avoiding occupied spaces, and generating motion
plans for the estimated paths.

• Control Module: This module generates control commands based on motion
plans to move the robot.

In this work, our primary focus is on the perception module, specifically on the
estimation of a mobile robot’s surroundings in terms of obstacles. Mobile robots often
encounter the need to comprehend and track multiple dynamic obstacles in complex and
cluttered environments, requiring the ability to respond promptly to avert potential
collisions. Researchers predominantly emphasize vision-based sensors such as stereo
cameras [34]–[40], RGB-D cameras [2], [4], [41], [51], [52], [55]–[57], and LiDAR [3],
[122]–[125] for perceiving the surroundings. Chapter 2 provides a comprehensive liter-
ature survey on estimating obstacles using stereo and RGB-D cameras. In Chapter 3,
we propose an efficient solution for obstacle detection and tracking utilizing only depth
images from RGB-D sensors, referred to as EODT [2]. Chapter 4 focuses on deploying
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multiple heterogeneous robots with diverse vision sensors [109], enabling collaborative
creation of the perception of the surrounding environment rapidly. Stereo cameras
exhibit limitations, including a small base-line, being sensitive to calibration errors,
susceptibility to illumination changes, and challenges in night driving scenarios [126].
Conversely, RGB-D cameras face constraints such as a limited operating depth range
(typically less than 3 meters), depth corruption in sunlight, intense lighting conditions,
low light scenarios, sudden illumination changes [127]–[129], etc.

In this context, LiDAR emerges as the most accurate and reliable sensor due to
its insensitivity to weather conditions, capability to operate under both sunlight and
poor illumination conditions, and its proficiency in providing precise depth estimations
over long ranges. A 2D LiDAR emits a single beam of light on a horizontal plane and
collects data along the X and Y axes. Conversely, a 3D LiDAR emits multiple beams
of light along the X, Y, and Z axes. Typically, LiDAR sensors spin to gather compre-
hensive information about their surroundings. 2D LiDAR sensors are best suited for
detection activities, while 3D LiDAR sensors are suitable for landscape mapping and
scanning purposes. It is crucial for obstacle detection and processing to be both accu-
rate and computationally efficient for real-time onboard execution. However, existing
approaches have limitations in effectively handling obstacles across diverse scenarios.

Leveraging the advantages of LiDAR sensors, we introduce a dynamic obstacle de-
tection system utilizing 3D LiDAR technology based on the research findings presented
in [130]. In our present work, we focus on a 3D LiDAR sensor mounted on a mobile
robot, capturing 3D measurements in the form of point clouds. These point clouds are
then processed by the perception module to generate a consistent and meaningful rep-
resentation of the surrounding environment. Traditional point cloud-based approaches
typically utilize raw sensor data, providing accurate representations but demanding
substantial memory and computational power [126]. Consequently, a key objective of
this work is to mitigate computational intensity by circumventing high-computing al-
gorithms like ground plane segmentation and 3D clustering. The existing approach in
EODT [2] formulates u-depth map and restricted v-depth map representations from
depth images of an RGB-D camera. These multiple depth map representations produce
accurate obstacle estimation with reduced processing time. However, the technique has
never been explored for LiDAR point clouds. Inspired by [2], in this work, we adapt
and apply these depth map representations to 3D LiDAR point clouds for enhanc-
ing obstacle detection, estimation, and tracking using 3D LiDAR point clouds. The
system actively tracks obstacles positioned in front of the autonomous robot, posing
potential obstructions to navigation. Additionally, the proposed system incorporates a
self-localization module to precisely localize the robot and estimate obstacle positions
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within a fixed world coordinate frame.
The rest of this chapter is organized as follows: Section 5.2 presents a literature

survey of obstacle detection systems using LiDARs. Section 5.3 describes the archi-
tecture of the proposed system and contributions. Section 5.4 presents experimental
evaluations on various datasets and real-time execution. Finally, Section 5.5 concludes
the chapter.

5.2 Literature Survey

We conducted a literature survey on obstacle detection using stereo and RGB-D cam-
eras in Section 2.1. Consequently, we now present a literature survey specifically fo-
cusing on obstacle detection utilizing only LiDAR sensors.

Lanxiang et al. [122] present an obstacle detection system for UAVs employing 2D
LiDAR. Their method corrects LiDAR-derived point clouds effectively, utilizing a clus-
tering algorithm to identify obstacles in rectified point clouds based on relative distance
and density. Alireza et al. [126] propose an obstacle detection system using 3D LiDAR.
In this approach, captured point clouds are transformed into dense point clouds, and
a piece-wise surface fitting algorithm estimates a finite set of surfaces fitting the road.
Subsequently, voxelization is applied to the remaining point clouds, and discrimina-
tive analysis based on 2D counters is used to identify static and dynamic obstacles.
However, a major drawback of the system is its reliance on computationally intensive
processes, including road segmentation using dense point clouds. Desheng et al. [123]
present an obstacle detection and tracking method for AGVs. They segment the road
from point clouds and use an eight-neighbor clustering algorithm to identify obsta-
cles, subsequently tracking them with a Kalman filter. Chien et al. [3] introduce an
autonomous robot system utilizing both LiDAR and a camera. LiDAR-derived point
clouds are employed for ground removal and subsequent clustering. The clustered
point clouds are projected onto the 2D camera frame to identify the region of in-
terest (ROI) for obstacles. Guidong et al. [131] compared geometric-based and deep
learning-based obstacle detection methods. The geometric-based method employs ge-
ometric and morphological operations on 3D points to retrieve obstacles. Marius and
Florin [125] present a facet-based shaped obstacle detection system, capturing point
clouds from a 64-layer LiDAR, detecting ground points using a normal-based geometric
approach, and identifying obstacles using an RBNN-based clustering method. Recently,
Heng and Xiaodong presenta vehicle detection and tracking system using LiDAR point
clouds. Their approach involves preprocessing captured point clouds to filter out noise,
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proper alignment in a single coordinate frame, clustering into smaller groups, and ve-
hicle identification using a trained classifier by support vector machine. The Kalman
filter and global nearest neighbor algorithms are employed for vehicle tracking. Very
recently, Pengwei et al. [1] detail an obstacle detection system for intelligent vehicles.
The captured point clouds are initially filtered, followed by ground plane segmentation
and obstacle identification using an improved DBSCAN-based point cloud clustering
algorithm. It is noteworthy that all existing systems rely on computationally inten-
sive modules such as ground plane segmentation and clustering for obstacle detection,
rendering them unsuitable for vehicles with limited computational capabilities.
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Figure 5.1: Block diagram of the proposed system for dynamic obstacle detection and
tracking using 3D LiDAR.
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5.3 System Design

Fig. 5.1 illustrates our proposed system, which takes inputs from two sensors, Velo-
dyne 3D LiDAR and IMU, and has four main modules, a self-localization module, an
obstacle detection and estimation module, an obstacle tracking module, and a dynamic
obstacle estimation module. We use the state-of-the-art LiDAR-inertial based odom-
etry estimation system, LIO-SAM [132], as the self-localization module. It receives
IMU measurements and captured point clouds from the LiDAR and estimates the
robot poses (transformations of the base_link coordinate frame) with respect to the
fixed world coordinate frame W . LIO-SAM achieves this by tightly-coupled LiDAR-
inertial odometry estimation through smoothing and mapping and we refer to [132] for
a detailed description of LIO-SAM. Let WTB denotes the estimated robot pose at any
given time instance by the localization module.

The proposed system employs multiple coordinate frames for capturing different
sensor data. We assume that point clouds are captured using Velodyne 3D LiDAR,
captured point clouds are rectified and aligned with the Velodyne coordinate frame L.
The gravity direction and biases of the accelerometer and gyroscope are estimated
in the base_link coordinate frame B, representing the coordinate frame of the IMU.
Additionally, the X-axis of the Velodyne coordinate frame L is assumed to point to-
wards the frontal direction of the robot. Fig. 5.2 displays the coordinate frames on
a Husky robot [102] simulated in the Gazebo environment [95] and visualized in the
Rviz visualizer [99]. The red arm represents the X-axis and it is pointing towards the
front direction of the Husky. A fixed transformation exists from the Velodyne coor-

(a) (b)

Figure 5.2: (a) Visualization of coordinate frames (base_link and Velodyne) on a Husky
robot [102] in Rviz [99], (b) Isolated display of coordinate frames without the robot for clarity,

with red, green, and blue arms representing the X, Y, and Z axes, respectively.
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dinate frame L to the base_link coordinate frame B, and denoted as BTL. We use
the (X, Y, Z) notation to represent a 3D coordinate where red, green, and blue colors
represent the X, Y, and Z axes, respectively.

The contributed modules of the present system include (i) an obstacle detection
and estimation module, (ii) an obstacle tracking module, and (iii) a dynamic obstacle
estimation module.

5.3.1 Obstacle Detection and Estimation

We introduced EODT, an obstacle detection and tracking system using an RGB-D
sensor, in Chapter 3. In this chapter, we utilize a u-depth map and a newly proposed
restricted v-depth map for obstacle detection and tracking. Influenced by the advan-
tages of LiDAR over RGB-D camera, we extend our prior work, EODT, and introduce
u-depth and restricted v-depth representations derived from LiDAR point clouds. The
primary objectives are to enhance accuracy and reduce processing time. Unlike EODT,
which formulates u-depth and restricted v-depth representations from depth images,
our present method utilizes LiDAR point clouds to derive these depth representations
without having any standard camera setup. This represents a significant contribution
in this work. We discuss the details of u-depth and restricted v-depth formulations
in the following two sub-sections and provide insights into detecting and estimating
obstacles using these multiple depth representations.

5.3.1.1 Virtual Camera Coordinate Representation

A u-depth map is a column-wise histogram representation of depth values taken from
a depth image. In the case of EODT, the system employs an RGB-D camera, where
the u-depth maps are constructed on the same image plane as the depth image. The
present system includes only a 3D Velodyne LiDAR sensor, which has a horizontal
FOV of 360◦, therefore, it captures a 360◦ view around the sensor in the form of 3D
point clouds.

In the absence of any camera sensor in the present system, we create a virtual
camera to form u-depth and restricted v-depth representations and denote the virtual
camera coordinate frame as Cv. The camera coordinates follow the right-hand rule,
where the viewing direction is along the Z-axis. The origin of the coordinate frame Cv
coincides with the origin of the coordinate frame L, implying that the coordinate
frame Cv can only be obtained by rotating the coordinate frame L. Fig. 5.3 illustrates
the rotations pictorially for better understanding. Fig. 5.3(a) depicts the coordinate
frame L, in which we apply a rotation of +90◦ along the X-axis, which rotates the
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Figure 5.3: Transformation from the Velodyne coordinate frame L to the virtual camera
coordinate frame Cv: (a) The Velodyne coordinate frame L, (b) An intermediate coordinate
frame achieved with +90◦ rotation along the X-axis of L, (c) The virtual camera coordinate
frame Cv is obtained by rotating the intermediate coordinate frame -90◦ along the Y-axis.

YZ plane and changes the directions of the Y and Z axes. This rotation creates an
intermediate coordinate frame, as shown in Fig. 5.3(b). Thereafter, we again apply
another rotation of -90◦ along the Y-axis of the intermediate coordinate frame, which
rotates the XZ plane of the intermediate coordinate frame and changes the directions
of the X and Z axes. This rotation finally creates the camera coordinate frame Cv, as
shown in Fig. 5.3(c). Let us assume LPC is the point cloud captured in the coordinate
frame L, and CvTL is the transformation from the coordinate frame L to the coordinate
frame Cv. The transformation CvTL allows the captured point clouds LPC to transform
from the coordinate frame L to the coordinate frame Cv using Equ. (5.1).

CvPC = CvTL
(
LPC

)
(5.1)

where, CvPC is the transformed point cloud into the virtual camera coordinate
frame Cv.

The camera coordinate frame assumption is based on the axes of the coordinate
frame L and the robot’s moving direction. We consider only a single camera with a
wide horizontal FOV, looking towards the forward motion of the robot because we
consider detecting obstacles in front of the robot that may obstruct its motion. We
create both the u-depth and restricted v-depth representations on the corresponding 2D
image plane. Any obstacle present on the back side of the robot remains undetected in
the present system. The virtual camera coordinate frame can be considered in different
ways to view towards different directions as per the environmental requirements, or even
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multiple virtual cameras, looking in multiple directions, can also be considered to detect
obstacles in multiple directions together.

First, we consider a virtual 2D image plane with a 2D coordinate frame Iv for the
virtual camera coordinate frame Cv. The resolution of the image plane is hIv × wIv .
The resolution of the corresponding u-depth representation is n× wIv , where n is the
number of histogram bins. The depth range of each histogram bin is Maxd

n
, where Maxd

is the maximum depth range inside which obstacles should be detected. The value of
Maxd must not be greater than the maximum range of the LiDAR sensor. Let us
also assume, the focal lengths of the virtual camera are fh and fv in the horizontal
and vertical directions of the 2D virtual image plane, respectively, and (ch, cv) is the
principal point of the virtual camera. We can choose the values of hIv , wIv , fh, and
fv freely as per the required FOV because the camera is a virtual one. The horizontal
FOV (FOVh) and vertical FOV (FOVv) calculations follow Equ. (5.2), where a smaller
focal length means a greater FOV.

FOVh = 2× arctan(wIv
2fh

)

FOVv = 2× arctan(hIv
2fv

) (5.2)

5.3.1.2 U-depth Representation

Now, we describe the formulation of u-depth representation on this virtual image plane
and subsequently identify obstacles with their dimensions. In the generation process
of u-depth representation, we first project 3D points from the point cloud CvPC to
the 2D virtual image plane and calculate the row index (Dr) and column index (Dc)
of each 3D point. We only accept the points that come within the FOV of the vir-
tual camera, meaning, they are projected within the virtual image dimensions. In the
u-depth representation, the column index of the 3D point must be the same as Dc

because of column-wise histogram representation, but the row index (D′
r) is calculated

from the depth of the 3D point. Finally, the value of the location (D′
r, Dc) in the

u-depth representation is incremented. This entire calculation is performed on all the
3D points present in the point cloud CvPC, and the u-depth representation is nor-
malized between 0 to 255 before further processing. The detailed formulation of the
u-depth representation from the point cloud CvPC at the time instance t is presented
in Algorithm 3: U-Depth Representation( ), where step 4 and 5 perform the 3D-2D pro-
jection, step 6 accepts the points that are within the FOV of the virtual camera, step 7
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calculates the row index of the u-depth representation, and finally, step 8 increments
the value of the calculated pixel location.

Algorithm 3 : U-Depth Representation( )
Input: CvPC, hIv , wIv , n, Maxd, fh, fv, ch, cv
Output: Udepth(n×wIv )

1: Initialization : Udepth(n×wIv )
← 0, Scale = 255

hIv

2: for i = 1 to |CvPC| do
3: if (0 < CvPC[i].Z ≤Maxd) then

4: Dc = roundoff( (
CvPC[i].X)fh
CvPC[i].Z

+ ch + 1)

5: Dr = roundoff( (
CvPC[i].Y )fv
CvPC[i].Z

+ cv + 1)

6: if (1 ≤ Dc ≤ wIv) & (1 ≤ Dr ≤ hIv) then

7: D′
r = ⌊

(n−1)CvPC[i].Z
Maxd

+ 1⌋

8: Udepth(D′
r, Dc) = Udepth(D′

r, Dc) + 1
9: end if

10: end if
11: end for
12: Udepth(n×wIv )

= Udepth(n×wIv )
× Scale

13: return Udepth

In general, the 3D points on any obstacle attain depth values that are very near to
each other. Therefore, they contribute to the same bins in the u-depth representation,
and the values of those bins become high and visible as white horizontal patches in the
u-depth representation. The presented u-depth representation in Algorithm 3: U-Depth
Representation( ) contains histogram bins in a growing order from top to bottom, i.e., a
row i corresponds to a smaller depth than a row j in the u-depth representation, ∀ i < j.
Therefore, any closer obstacle contributes to the upper rows and creates a white patch
on the upper rows. The sizes of the white patches correspond to the dimensions of the
corresponding obstacles, and we refer to Section 3.2.2.2 for a detailed discussion on the
relationship between the 2D size of a white patch and the corresponding 3D size of the
obstacle. We perform dynamic binary thresholding as proposed in EODT to make the
white patches prominent.

A point cloud from LiDAR is significantly sparser than a point cloud formed from
an RGB-D image, and because of this fact, the white patches in a u-depth representa-
tion from a LiDAR point cloud are often more broken than white patches in a u-depth
map from a depth image. Fig. 5.4 shows this scenario with an example. Fig. 5.4(a)
shows a snapshot of a LiDAR point cloud, where a small obstacle is present at the
front. Fig. 5.4(b) shows the corresponding thresholded u-depth map, and the obstacle
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(a) (d)

(b) (e)

(c)

Figure 5.4: Comparison of u-depth formation using LiDAR point cloud (a–c) and RGB-D
camera (d–e): (a) A sample snapshot of a LiDAR point cloud, (b) Corresponding thresholded
u-depth, (c) Corresponding u-depth after closing operation, (d) Depth image of same view

from RGB-D camera, (e) Corresponding thresholded u-depth map.

(within the red ellipse) is visible as multiple broken patches. The magnified view in
Fig. 5.4(b) shows the broken patches clearly. Fig. 5.4(d) shows the depth image of
the same view, which is captured with an RGB-D sensor, and Fig. 5.4(e) is the cor-
responding thresholded u-depth map. The same object appears as a continuous white
path on the thresholded u-depth map, as shown in the magnified view of Fig. 5.4(e).
This is a major problem of creating u-depth representations using LiDAR point clouds,
and we overcome this issue by using a closing operation [96] with a large horizontal
structuring element. We perform a closing operation with a (3 × 50) structuring ele-
ment, which makes these broken patches continuous, as shown in Fig. 5.4(c). Fig. 5.5
shows the visualization of all the steps of making the u-depth representations from the
popular KITTI data sequence [133]. Fig. 5.5(a) shows an RGB snapshot of the KITTI
data sequence, and Fig. 5.5(b) shows the corresponding point cloud in the Rviz [99]
visualizer where the vehicle moving direction is the X-axis (in red) of the Velodyne
coordinate frame L. Fig. 5.5(c) is the virtual depth representation created from the
point cloud, Fig. 5.5(d) is the corresponding u-depth representation, and Fig. 5.5(e)
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Figure 5.5: U-depth representation from a point cloud: (a) An RGB snapshot from the
KITTI data sequence [133], (b) A snapshot of the corresponding LiDAR point cloud, (c) A
virtual depth representation created using the point cloud, (d) Corresponding u-depth rep-
resentation, (e) Corresponding u-depth representation after thresholding and closing opera-

tions.
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is the corresponding u-depth representation after thresholding and closing operations.
The obstacles are visible as horizontal white patches in Fig. 5.5(e). The proposed sys-
tem does not create any virtual depth representation as shown in Fig. 5.5(c) to avoid
unnecessary processing; rather, it generates the u-depth representation directly using
Algorithm 3: U-Depth Representation( ), and Fig. 5.5(c) is presented only for better
understanding.

Once we get prominent continuous white patches, we segment out the white patches
using component analysis [97]. The segmentation process provides us with a bounding
box around every white patch, and each bounding box provides the corresponding row
and column ranges. Let us assume ut and ub are the top and bottom row indexes,
respectively, and ul and ur are the left and right column indexes, respectively, for an
obstacle. We can calculate the minimum depth (dmin) and the maximum depth (dmax)
for the segmented obstacle from the corresponding row indexes of the u-depth repre-
sentation using Equ. (5.3).

dmin = (ut − 1)× Maxd
(n− 1)

dmax = (ub − 1)× Maxd
(n− 1)

(5.3)

The column indexes of the bounding box around the segmented patch provide the
width of the corresponding obstacle on the virtual image plane, but the height of the
obstacle can be erroneous in the case where the height is directly derived from the row
indexes of the bounding box around the segmented patch. We have shown a detailed
explanation of such erroneous estimation for EODT in Section 3.2.2.2 of Chapter 3 and
proposed a restricted v-depth map representation for accurate height estimation of the
corresponding obstacle. Therefore, we consider the restricted v-depth representation
using the LiDAR point cloud for accurate height estimation of the obstacles.

5.3.1.3 Restricted V-depth Representation

A v-depth map representation is a row-wise histogram representation of depth values
taken from a depth image, mainly representing the ground-plane as a curved white
patch, but obstacles are not easily identifiable. A restricted v-depth representation is
also a row-wise histogram representation of depth values taken from a depth image but
restricted within a specific column range and a specific depth range. Fig. 5.6 presents
a visual comparison between v-depth and restricted v-depth representations created
from a LiDAR point cloud, where the curved patch on Fig. 5.6(b) is the ground plane,
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and all vertical white patches on the curved patch are the obstacles. The restricted

b 

(a) (b) (c)

Figure 5.6: Comparison between v-depth and restricted v-depth representations on the
KITTI data sequence [133]: (a) Formulated virtual depth image from the LiDAR point cloud.
The red arrows indicate the height of an obstacle, (b) Corresponding v-depth representation,
(c) Corresponding restricted v-depth representation. The red arrows from (b) to (c) indicate

the specific obstacle segmented out from the v-depth representation.

v-depth representation, Fig. 5.6(c), segments out the particular obstacle where the
height of the obstacle can easily be estimated from the corresponding patch height.
We formulate separate restricted v-depth representations for every individual obstacle
detected in Section 5.3.1.2 and estimate their height individually.

The concept of constructing restricted v-depth representation is similar to the
u-depth formulation. In restricted v-depth, we only accept the points that reside be-
tween the provided obstacle depths, project the 3D points to the virtual image plane,
and calculate the row index (Drow) and column index (Dcol) of each projected 3D point.
We only accept the points where the column indexes of the projected points are between
the left column (ul) and right column (ur) of the obstacle. We further reject the points
if the row indexes of the projected points go outside of the virtual image plane. In
the restricted v-depth representation, the row index of the 3D point must be the same
as Drow because of row-wise histogram representation, but the column index (D′

col) is
calculated from the depth of the 3D point. Finally, the location (Drow, D′

col) in the
restricted v-depth map is made entirely white by filling it with 255. Algorithm 4: Re-
stricted V-Depth Representation( ) explains the details of the procedure to construct a
thresholded restricted v-depth representation from the point cloud CvPC, where step 3
checks the depth of the point within the provided obstacle depths, step 4 and 5 perform
the 3D-2D projection, step 6 checks the column index is between obstacle width and
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row index is between the virtual image plane, step 7 calculates the column index of the
restricted v-depth representation, and finally, step 8 updates the value in the calculated
pixel location. We also perform morphological operations on the thresholded v-depth
representation similar to the thresholded u-depth representation; a closing operation
with a (50× 3) structuring element to generate continuous vertical white patches, and
component analysis to segment and get the dimensions of the patches. Hereafter in
this chapter, we use the terms ‘u-depth representation’ and ‘v-depth representation’ to
represent ‘closed thresholded u-depth representation’ and ‘closed thresholded restricted
v-depth representation’, respectively.

Algorithm 4 : Restricted V-Depth Representation( )
Input: CvPC, ul, ur, hIv , n, dmin, dmax, Maxd, fh, fv, ch, cv
Output: V depth(hIv×n)

1: Initialization : V depth(hIv×n) ← 0
2: for i = 1 to |CvPC| do
3: if (dmin ≤ CvPC[i].Z ≤ dmax) then

4: Dcol = roundoff( (
CvPC[i].X)fh
CvPC[i].Z

+ ch + 1)

5: Drow = roundoff(−(CvPC[i].Y )fv
CvPC[i].Z

+ cv + 1)

6: if (ul ≤ Dcol ≤ ur) & (1 ≤ Drow ≤ hIv) then

7: D′
col = ⌊

(n−1)CvPC[i].Z
Maxd

+ 1⌋

8: V depth(Drow, D
′
col) = 255

9: end if
10: end if
11: end for
12: return V depth

Let us assume vt and vb are the top and bottom row indexes, respectively, of a
patch in the v-depth representation of a given obstacle; then, the obstacle spans from
columns ul to ur and rows vt to vb in the corresponding virtual depth image. Fig. 5.7
shows the relations of estimating the values of ul to ur from the u-depth representation
and the values of vt and vb from the restricted v-depth representation. The presence
of a very few number of obstacles within the given column range and depth range
(a single prominent white patch in the example of Fig. 5.7(c)) on the restricted v-depth
representation makes the height estimation easy and accurate, and this is the main
advantage of a restricted v-depth map.
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a 

b 

c 

Figure 5.7: Estimation of dimensions of an obstacle using u-depth and restricted v-depth
representation on the KITTI data sequence [133]: (a) Formulated virtual depth image from
the LiDAR point cloud, (b) Corresponding u-depth representation. The green arrows indicate
estimating the width of the obstacle from the u-depth representation, (c) Corresponding re-
stricted v-depth representation. The red arrows indicate estimating the height of the obstacle

from the restricted v-depth map.

5.3.1.4 3D Dimension Estimation

Now we create an obstacle point cloud, CvPCObj, by extracting 3D points that project
within the columns ul to ur, and rows vt to vb and having depth values between dmin

and dmax from the point cloud CvPC. The point cloud CvPCObj represents the obstacle
in the coordinate frame Cv. We first estimate an axis-aligned 3D bounding box around
the point cloud CvPCObj. The axis-aligned bounding box is not very efficient because
the volume of an axis-aligned bounding box is usually much bigger than the exact
volume of the obstacle. Fig. 5.8(a) shows an example of an axis-aligned 3D bounding
box around an obstacle, where the volume of the bounding box is much bigger than
the obstacle. Therefore, we create an oriented 3D bounding box around the point
cloud CvPCObj. The orientation of the 3D bounding box is estimated such that it
attains the minimum volume but includes all the points from the point cloud CvPCObj.
Fig. 5.8(b) shows the corresponding oriented 3D bounding box, where the dimensions
of the bounding box firmly fit the obstacle. The dimensions of the bounding box
represent the dimensions of the obstacle. Therefore, the obstacle representation in the
proposed system is in the form of positions and dimensions of obstacles. Occupancy
grid map is another well-established form of obstacle representation, and we present a
comparison of our representation with an occupancy grid map in the section below.
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(a) (b)

Figure 5.8: (a) An axis-aligned bounding box, initially estimated, is displayed in blue,
(b) The corresponding oriented bounding box is shown in blue.

5.3.1.5 3D Occupancy Map

An occupancy grid map is a representation of the visible space in three categories:
occupied, unoccupied, and unexplored. Path planning algorithms usually use this oc-
cupancy information for collision-free path estimation. In this context, Octomap [134]
is a popular tool for representing the 3D occupancy grid map, where the entire 3D
space is divided into small 3D cubic volumes, usually called 3D voxels. Octomap is a
hierarchical octree-based approach that uses probabilistic occupancy estimation, and
each node of an octree represents a voxel. A voxel is recursively subdivided into eight
sub-voxels until a given minimum voxel size is reached. Therefore, the leaf nodes of an
octree represent the smallest voxels. The minimum size of the voxel depends on the
user-defined resolution. Each voxel can obtain any one of the three options: (i) oc-
cupied, (ii) free, and (iii) unexplored or unknown. The accuracy and processing time
both increase with smaller voxels. Fig. 5.9 shows an Rviz snapshot of the 3D occupancy
map of the KITTI data sequence [133] using Octomap, where the magnified view shows
each obstacle is represented by multiple consecutive occupied voxels.

The proposed system represents each obstacle with a single bounding box, which
means a single 3D voxel for each obstacle. Using a single voxel to represent an ob-
stacle is a little erroneous at the obstacle boundaries, but processing time is much
faster compared with a standard occupancy map (e.g., Octomap). Let us understand
the situation with an obstacle (the car), as shown in Fig. 5.10(a), (b). The GT di-
mensions of the car are provided as follows: the height is 1.4921722 m, the width
is 1.6669273 m, and the length is 4.5 m. These dimensions generate a volume of
11.193041594 cubic meters. The Octomap uses 99 occupied voxels to represent the ob-
stacle, as shown in Fig. 5.10(c). This means it creates the corresponding hierarchical
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(a) (b)

Figure 5.9: (a) 3D occupancy map representation using Octomap [134], (b) A magnified
view shows an obstacle represented with multiple consecutive occupied 3D voxels.

(a) (b)

(c) (d)

Figure 5.10: Comparison of occupancy representation: (a) The car is the dynamic ob-
stacle from the KITTI data sequence [133], (b) Corresponding point cloud, (c) Occupancy
representation using Octomap, (d) Occupancy representation using the proposed method.

octree data structure with all the voxels and processes the entire tree whenever it is
required. However, the proposed method uses a single voxel to represent the entire car,
as shown in Fig. 5.10(d), and processes it much faster. The Octomap represents the
shape of the car more accurately compared to the proposed method. The estimated
volume of the car using the proposed method is 11.57347 cubic meters.

Fig. 5.11 shows an execution time comparison between Octomap and the proposed
method on the KITTI data sequence [133]. The timing details of Octomap represent the
times for generating a new octree structure with a resolution of 0.3 m, where each point
cloud is provided after removing the ground points. The average time for Octomap
is about 1.258 seconds per point cloud for generating the octree structure. However,
the timing details of the proposed method represent the total time for estimating the
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Figure 5.11: Time comparison for creating occupancy information from point clouds be-
tween Octomap (left vertical axis) and the proposed method (right vertical axis).

dimensions and oriented 3D bounding boxes for all obstacles in each point cloud, where
each point cloud contains about 14 obstacles on average. The proposed method takes
about 3.577 milliseconds on average to estimate the occupied regions from each point
cloud. The comparison shows the advantage of using a single voxel for each obstacle.
The proposed system can easily be modified to represent a single obstacle with multiple
3D voxels for a more accurate representation at the cost of increased processing time.
The standard occupancy map uses a fixed resolution, which produces fixed-size voxels,
but the proposed system creates bounding boxes that fit the corresponding obstacles
firmly. Therefore, the sizes of the bounding boxes are not fixed, and the sizes are
dynamically estimated from the point cloud. Once the obstacles are represented, they
are tracked on subsequent point clouds. Therefore, we concentrate on the tracking in
the section below.

5.3.2 Obstacle Tracking

Tracking is the task that associates the detected obstacles in the subsequent captured
point clouds. The associations help to estimate the states (static/dynamic) of the de-
tected obstacles and further predict the future location of dynamic obstacles within a
predicted zone. We found the proposed tracking mechanism in EODT (Section 3.2.3) is
adequate and performs equally well with our proposed obstacle detection method from
LiDAR point clouds. Therefore, we follow a similar approach for tracking multiple
obstacles in subsequent captured point clouds as presented in EODT. In the present
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work, we create signatures for every obstacle from the u-depth representation. Let us
name the obstacle point cloud CvPCObj as obstacle A. The signature of the obstacle A
is considered as {ΦA, ΦAl

, ΦAr , V isA}, where ΦA is a set of ordered vectors formed
using contour pixels of A in u-depth representation, ΦAl

is the left most pixel of A in
u-depth representation, ΦAr is the right most pixel of A in u-depth representation, and
V isA represents partial or full visibility of A. The system calculates probable zones
around every obstacle and assumes the obstacle motion is always within the proba-
ble zones. Therefore, the system looks for matching signatures within the estimated
probable zones in the subsequent u-depth representations. The matching is based on
similarity checking between signatures, where a dissimilarity cost is calculated based
on obstacle dimensions, positions, vector length, and vector direction. We consider a
match once the dissimilarity cost is below a threshold. Once the match is found for any
obstacle, the signature of the obstacle is updated with the latest signature. We refer
to Section 3.2.3 for a detailed description of the tracking procedure that the current
proposed method follows. Once an obstacle is successfully tracked in five consecutive
u-depth representations, we transform the positional estimations of the obstacle to the
world coordinate frame W . We first use the transformation CvTL to transform the
point cloud CvPCObj to the coordinate frame L using Equ. (5.4) and then finally to the
world coordinate frame W using Equ.( 5.5).

LPCObj =
(
CvTL

) −1
(
CvPCObj

)
(5.4)

WPCObj =
WTB

(
BTL

(
LPCObj

))
(5.5)

Fig. 5.12 is the Rviz [99] snapshot that shows detected obstacles with their bounding
boxes for the dataset presented in Fig. 5.5. We identify dynamic obstacles using the
estimated velocity profiles of the centroids in the world coordinate frame W .

5.3.3 Dynamic Obstacle Estimation

We have described the process of detecting and estimating obstacles from LiDAR point
clouds and thereafter tracking those obstacles in multiple point clouds. With the
tracking process, we can identify the location of any obstacle in the temporal scale.
Now we look forward to identify the dynamic obstacles with the temporal information
of any obstacle.

We first transform the locations of all obstacles into the fixed world coordinate
frame W . Afterward, we create a profile using the temporal positional information of
each obstacle and calculate the positional changes from the profile. Once we find the
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Figure 5.12: Obstacle detection using the proposed method on the point cloud from Fig. 5.5.
An Rviz [99] snapshot displays 3D bounding boxes of detected obstacles in the coordinate

frame W , with the pose of the coordinate frame L.

positional changes above a given threshold of any obstacle, we consider the obstacle as
dynamic. We estimate the velocities of all the dynamic obstacles from their temporal
positional information.

5.4 Experimental Results

We use a laptop with an Intel Core i5-10310U, eight cores @ 1.7 GHz, and 8 GB of
RAM for experimental purposes. We implement the proposed method in C++ with
the support of the Robot Operating System [111]. We evaluate the current system with
multiple open and self-captured datasets to establish the capability and applicability
of the system. Table 5.1 shows a detailed configuration of all the datasets; first, we
use simulated data to highlight the effectiveness of LiDAR over an RGB-D sensor and
compare the results with SoA methods. We also use the popular open dataset on
ground vehicles, KITTI [133], and compare the results of the proposed system with
SoA methods. Additionally, we evaluate the proposed system in real-time data capture
and execution. Furthermore, we demonstrate the capabilities of the presented system
with an open aerial data sequence [136], [137].

Table 5.2 shows the values of the parameters that are set for u-depth and v-depth
formulations in all of our experiments, where these values are chosen empirically. We
use the same values as in EODT for all of our tracking parameters. We consider
EODT, FO3D2D [3], and 3DPCO [1] to compare with the present system in multiple
evaluations, where we implement FO3D2D and 3DPCO by following the details in the
manuscript to the best of our understanding.
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Table 5.1: Configurations of all experimental datasets

Datasets Type Mounted RGB-D LiDAR Obstacle
on Sensor (No. of Channels, Description

Range, (Dynamic)
Horizontal FOV,

Vertical FOV)
Gazebo Indoor Husky RealSense Velodyne (64, 100 m, Single
Simulation [95] Robot [102] D400 [43] 360◦, ±15◦)

Velodyne HDL-64E
KITTI [133] Outdoor A Car – (64, 120 m, Multiple

360◦, 26.8◦)
Self-Captured TurtleBot3 CE30-D
(Real H/W Indoor Waffle Pi [135] – (16, 0.4-30 m, Single
Platform) 60◦, 4◦)
Open Data DJI Matrice Velodyne VLP 16 No
[136], [137] Outdoor 100 UAV – Puck Lite (16, 100 m, Dynamic

360◦, ±15◦) Obstacle

Table 5.2: Parameter Values in the Proposed System

hIv wIv n Maxd fh fv ch cv FOVh FOVv

480 848 120 100 200.1 411.1 424.0 240.0 129.47◦ 60.55◦

5.4.1 Experiment 1: Evaluation on Simulated Dataset

In this experiment, we present an evaluation to demonstrate the accuracy improve-
ment with the usage of LiDAR over an RGB-D camera. Additionally, we compare the
accuracy of the proposed method with a SoA method that uses LiDAR point clouds
for obstacle estimation. We create an indoor environment in the Gazebo simulation
environment [95], where two Husky robots [102] are placed. A snapshot of the Gazebo
simulation environment is shown in Fig. 5.13(a). Each Husky robot carries a Velodyne
LiDAR and a RealSense D400 [43] RGB-D camera, as depicted in Fig. 5.13(b). The
LiDAR has 64 channels, a range of 100 meters, with a vertical FOV of ± 15◦, and a
capture rate of 10 Hz. The RealSense has a range of 0.105–6 meters with a capture
rate of 30 Hz, but the noise in depth estimation increases rapidly beyond 3 meters.
Both Huskies follow a predefined way point-based path. The GT positions (origin of
the base_link coordinate frame) of both Huskies are recorded in the world coordinate
frame W . Subsequently, the GT relative positions (origin of the base_link coordinate
frame) of the second Husky from the base_link coordinate frame of the first Husky are
evaluated.
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LiDAR 

RealSense 

(a) (b)

Figure 5.13: (a) The simulated environment in Gazebo [95] with two Husky robots [102],
circled in red, (b) A Husky robot equipped with a Velodyne LiDAR and a RealSense D400 [43]

RGB-D camera.

We estimate the relative position of the second Husky from the base_link coor-
dinate frame of the first Husky using our proposed system, as well as 3DPCO and
EODT, where EODT takes input from an RGB-D camera, but 3DPCO takes input
from a 3D LiDAR. Here, the estimated positions are the centroids of the bounding
parallelepiped. Fig. 5.14 shows the estimation plots with the GT in the X, Y, and
Z axes. The simulated RGB-D sensor has a depth range of up to 6 meters, whereas
LiDAR has a depth range of 100 meters. Therefore, the LiDAR point clouds capture
any obstacles from a long range. The estimation curves of 3DPCO and the proposed
system in Fig. 5.14 are present from the beginning, indicating that the second Husky
is detected from the beginning. But the estimation curve of EODT starts at ROS time
137.118 seconds, indicating that EODT is unable to detect the second Husky between
ROS time 101.181–137.118 seconds, as the second Husky was far apart and able to de-
tect that as an obstacle only when the second Husky is close enough (near to 4 meters).
Therefore, the long range of LiDAR allows for early obstacle detection and aids in safe
navigation.

The estimation error of EODT is the noisiest among the compared methods in
Fig. 5.14, and this is due to the noisy depth estimation of the RGB-D sensor. The
estimation of 3DPCO is improved compared to EODT due to accurate depth estimation
with the LiDAR. We notice that the estimation errors of 3DPCO increase when the
obstacle is closer, and this is due to noisy ground plane segmentation. The estimation
errors of the present system are lower compared to 3DPCO and EODT due to accurate
dimension estimation of obstacles. The estimation error in the Z-axis (opposite to the
gravity vector) is the highest because the visually estimated centroid always differs
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(a)

(b)

(c)

Figure 5.14: Comparison plots of the relative positions of the second Husky from the first
Husky among the present system, 3DPCO, EODT, and the ground truth. The curve closer

to the ground truth indicates better estimation. (a) X-axis, (b) Y-axis, (c) Z-axis.
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from the origin of the base_link coordinate frame. The comparison graphs conclude
that the accuracy of the proposed system, which uses LiDAR point clouds, is improved
compared to 3DPCO.

5.4.2 Experiment 2: Evaluation on the KITTI datasets

We extensively evaluate the proposed system using the ‘Object Tracking Evaluation’
data sequences under the KITTI Vision Benchmark Suite [133]. The dataset consists
of point clouds captured with a Velodyne HDL-64E LiDAR, and synchronized images
are captured with stereo cameras. The LiDAR has 64 channels with equally spaced
angular subdivisions, where the vertical FOV is 26.8◦, and the capture rate is 10 Hz.
The maximum range of the LiDAR is about 120 meters. The datasets record multiple
static and dynamic objects such as cars, pedestrians, cyclists, trees, walls, poles, etc., on
the roads and highways of urban and rural areas. The 3D GT positions and dimensions
of moving objects that are visible on the stereo image plane are provided for every
captured frame.

5.4.2.1 Quantitative Evaluation

We use four data sequences from each of the ‘City’, ‘Residential’, and ‘Road’ categories
to evaluate the dynamic obstacle detection and tracking performance of the proposed
system. Table 5.3 presents the details of the dynamic obstacle evaluation as well

Table 5.3: Comparison on the Dynamic Obstacle Detection on KITTI Object Tracking
Dataset [133]

Sequences No. of No. of FO3D2D [3] 3DPCO [1] Our Method
(2011_09_26_drive_) Frames Dynamic TP FP FN TP FP FN TP FP FN

Obstacles

City

0001 114 15 15 1 0 15 0 0 15 0 0
0009 453 99 97 4 2 96 3 3 98 2 1
0014 320 41 41 1 0 41 1 0 41 0 0
0059 379 60 59 3 1 59 2 1 60 1 0

Residential

0022 806 63 61 3 2 61 2 2 63 1 0
0023 480 167 162 11 5 161 9 6 167 2 0
0035 137 37 36 4 1 35 4 2 37 0 0
0036 809 89 88 5 1 86 4 3 89 1 0

Road

0015 303 36 36 3 0 36 2 0 36 0 0
0028 435 10 10 0 0 10 0 0 10 0 0
0032 396 28 28 1 0 28 1 0 28 0 0
0070 426 8 8 0 0 8 0 0 8 0 0

TP: True Positive, FP: False Positive, FN: False Negative.

as the comparison with FO3D2D [3] and 3DPCO [1]. ‘True Positive’ indicates the
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number of dynamic obstacles detected correctly, ‘False Positive’ indicates the number
of wrongly detected dynamic obstacles, and ‘False Negative’ indicates the number of
missed dynamic obstacles. Therefore, the summation of ‘True Positive’ and ‘False
Negative’ equals the actual number of dynamic obstacles, which must be equal to
the GT. A bigger value of ‘True Positive’ and smaller values of both ‘False Negative’
and ‘False Positive’ represent more accurate estimations. The proposed method shows
improvements in dynamic obstacle detection, with correct detection in most cases.
However, ‘False Positive’ cases occur due to errors in the self-localization module.
The proposed method also detects static obstacles with equal accuracy and shows a
significant improvement in the detection of very thin obstacles like poles on the road
compared to existing methods like FO3D2D and 3DPCO. Fig. 5.15 shows one such
example, where the red arrows connect the 2D image to the corresponding detected
poles as obstacles in the 3D point clouds.

a 

b 

c 

d 

Figure 5.15: Thin obstacle detection using the proposed method: (a) An RGB snapshot
from the KITTI dataset [133], (b) The corresponding Rviz [99] snapshot displays the 3D
bounding boxes of the detected obstacles, (c) A magnified view containing multiple poles on
the road as detected obstacles, (d) Another magnified view showing a pole as an obstacle.

The arrows indicate the corresponding pole in other images.

We also evaluated the estimation accuracy of dynamic obstacles, focusing on cen-
troid estimation in the Velodyne coordinate frame L with GT. Fig. 5.16 shows the es-
timated and GT positions of the centroid of a dynamic obstacle (a car) with ID 2 from
the ‘2011_09_26_drive_0014’ data sequence [133]. The positions of the centroids are
estimated accurately in the XY plane, visible from the top view (Fig. 5.16(a)). How-
ever, there is a significant error in the Z direction (height estimation), visible from
the side view (Fig. 5.16(b)). The ground-truth heights of all dynamic obstacles are
considered slightly above the ground plane, whereas the estimated heights are half of
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(a) (b)

Figure 5.16: A visual comparison between the estimated centroid (in red) and the ground
truth centroid (in green): (a) Top view, (b) Side view.

the heights of the corresponding estimated 3D bounding boxes. This conceptual dif-
ference is the main reason for the estimation error in the Z direction. Therefore, we
concentrate only on the X and Y axes. Fig. 5.17 and Fig. 5.18 depict comparisons
of the X and Y components, respectively, of the estimated centroids by FO3D2D [3],
3DPCO [1], and the proposed method against the GT. The estimation curves in both

Figure 5.17: A X-axis comparison plot with the ground truth. The curve closer to the
ground truth indicates better estimation.

figures indicate that, in most cases, the estimation accuracy of 3DPCO exceeds that
of FO3D2D in both X and Y components. The proposed method exhibits the highest
accuracy compared to FO3D2D and 3DPCO. Therefore, we consider only 3DPCO in
our next comparison. The maximum errors in the X and Y components of the pro-
posed method are 0.4 and 0.5 meters, respectively. Fig. 5.19 shows the error plot of the
Euclidean distance estimation of the centroids by 3DPCO and the proposed method.
The estimation error by 3DPCO is at most 2.4 meters, whereas the estimation error
by the proposed methods is at most 0.9 meters. The error in the Z-axis contributes to
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Figure 5.18: A Y-axis comparison plot with the ground truth. The curve closer to the
ground truth indicates better estimation.

Figure 5.19: Error plot of Euclidean distance estimation.
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the major portion of the Euclidean distance estimation. Therefore, we can conclude
that the proposed method performs better than FO3D2D and 3DPCO.

5.4.3 Experiment 3: Evaluation with Real-Time Robot Mo-
tion

We evaluate the proposed method with real-time robotic motion, employing two Turtle-
Bot3 Waffle Pi [135] for our experiments, with each TurtleBot3 carrying an OpenMAN-
IPULATOR-X [138]. We attach a CE30-D Solid State Time of Flight (ToF) Infrared
3D LiDAR on one of the TurtleBot3, and the arrangement is shown in Fig. 5.20. The

CE30D LiDAR 

OpenMANIPULATOR-X 

Reflective Markers 

Figure 5.20: Experimental Setup – A TurtleBot3 Waffle Pi [135] equipped with a CE30-D
Solid State 3D LiDAR.

CE30-D LiDAR has a horizontal and vertical FOV of 60◦ and 4◦, respectively, with
an operating depth range of around 0.4–30 meters. The small FOV allows us to cap-
ture the point cloud in very narrow regions, but the system configuration requires no
changes to adopt the small FOV. We move both robots with velocity command-based
navigation, connecting them to a laptop over a wireless network. Fig. 5.21 shows the
time-stamped images of robot motions, where the second robot passing from the left to
the right as a dynamic obstacle. The first robot carries the CE30-D LiDAR and faces
towards the second robot while both are in motion. The CE30-D LiDAR is connected
to a laptop (the same laptop as mentioned in Section 5.4) over wired Ethernet and
performs the entire computation of the proposed method because the robot does not
carry any other computation board with enough processing power and memory. We
use the OptiTrack motion capture system [139] with 8 cameras to capture the GT,
where optical reflective markers are attached on the CE30-D LiDAR as well as the four
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(a) (b)

(c) (d)

(e) (f)

Figure 5.21: Time-sampled snapshots of the experimental environments, where two robots
are in motion. The first and the second robots are encircled in red and yellow, respectively.
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corners of both robots. The OptiTrack motion capture system directly provides the
GT poses of the CE30-D LiDAR and the poses of the second robot.

Fig. 5.22 shows a snapshot of the performance of the proposed system on the point
cloud captured by the CE30-D LiDAR. The dynamic obstacle (the second robot) is

Point cloud of 

the second robot 

Dynamic  

Obstacle 

(a) (b)

Figure 5.22: (a) Captured point cloud is shown in Rviz [99], (b) Detected obstacles on the
point cloud by the proposed method.

the closest obstacle to the LiDAR coordinate (shown as “ce30” in Fig. 5.22). It is
interesting to notice that the estimated dimensions of the dynamic obstacle are bigger
than the actual ones, as depicted in Fig. 5.22(b). The reason for such noisy estimation
is the noisy point cloud captured by the CE30-D LiDAR, which is shown in Fig. 5.22(a).

We have evaluated the estimation accuracy of the dynamic obstacles (the second
robot in Fig. 5.21) in terms of centroid estimation in the Velodyne coordinate frame L
with the GT. Fig. 5.23 presents our estimation accuracy, where we estimate the ac-
curacy of the relative positions of the dynamic obstacle in all three axes. Fig. 5.24
provides an accuracy comparison in relative distance measurements. The point cloud
captured with the CE30-D LiDAR is much noisier compared to the point cloud cap-
tured with the Velodyne LiDAR used in the KITTI dataset [133], as evident from the
noisy point trails at the edge boundary of every obstacle and this can be viewed in
Fig. 5.22(a). These noisy points impact the estimations, especially when the obstacle
is partially visible at the edge boundaries (before the 89th second and after the 95th sec-
ond). This aspect is visualized in the estimation curve of Fig. 5.23(b). The estimation
error is at most 0.7 meters, considering all axes.
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(a)

(b)

(c)

Figure 5.23: Comparison plots of the estimated relative positions of the dynamic obstacle
(the second robot) from the first robot by the present system. The curve closer to the ground

truth indicates better estimation. (a) X-axis, (b) Y-axis, (c) Z-axis.
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Figure 5.24: Relative distance comparison plots for the dynamic obstacle (second robot)
from the first robot. Closeness to the ground truth curve indicates better estimation.

5.4.4 Experiment 4: Evaluation on Aerial LiDAR Open Data-
set

The proposed system does not assume any specific type of robot motion and is equally
applicable for UAVs. Therefore, we evaluate the capability and performance of the
proposed system with open data [136], [137], which was captured using a Velodyne
VLP 16 Puck Lite LiDAR mounted on a DJI Matrice 100 UAV for checking inventory
in a warehouse environment. The VLP 16 Puck Lite is a compact, lightweight sensor
and is ideal for drones. It has a ±15◦ vertical FOV with 16 equally spaced channels
and a range of 100 meters. The operating environment is a warehouse, where indus-
trial materials are piled up, containing only static obstacles. The dataset provides
GT for self-localization but does not include GT for obstacle location. Therefore, we
are unable to make any comparison with the GT for obstacle estimation. Fig. 5.25
provides a visual representation of the estimated obstacles, where all frontal obstacles
are detected. Multiple views in Fig. 5.25 demonstrate an accurate obstacle estimation.
This experiment establishes the capability of the proposed system in obstacle detection
with less dense point clouds and UAV-type motion.

5.4.5 Execution Time

We compare the execution times of different modules in our proposed system with
EODT and FO3D2D [3], where all three systems are implemented as multi-threaded
applications among eight cores. We chose EODT and FO3D2D from the SoA for
timing comparison because EODT is the fastest method for obstacle estimation using
an RGB-D camera, and we found FO3D2D to be the fastest method for obstacle
estimation using LiDAR point clouds, among other SoA methods. Table 5.4 shows the
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(a) (b) (c)

Figure 5.25: An Rviz [99] view of detected obstacles at a specific time instance with the
dataset in [136]: (a)–(b) Side views, (c) Top view. Multiple views establish accurate obstacle

estimation with UAV motion.

average running time of different modules on the ‘2011_09_26_drive_0014’ of KITTI
Object Tracking data sequence [133], where ‘–’ means not applicable.

Table 5.4: Comparison of different methods in terms of execution Time (milliseconds).

Modules EODT FO3D2D [3] Proposed
Method

Ground Plane
– 14.2177 –Segmentation (a)

(No. of Data Points) (120530)
3D Point

– 682.4080 –Clustering (b)
(No. of Data Points) (23488)
Multi-depth 0.9270 – 0.3090Representation (c)
(No. of Data Points) (465750) (120530)
Tracking For 0.2530 4.2330 0.2610Single Obstacle (d)
No. of Obstacles 05 18 14Per Frame (e)
Total Time Per Frame 2.1920 772.8197 3.9630= a + b + c + (d × e)

EODT works with depth images, and the resolution of the depth image is 375×1242
in the given data sequence. Therefore, it processes more than 465 thousand pixels per
image, but the algorithms take less than one millisecond to create multiple depth
representations even after processing such a huge number of pixels per frame. The
simplistic linear algorithms with multi-threaded implementations allow us to achieve
such quick processing times.
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FO3D2D takes LiDAR point clouds as input, where the point cloud size is about
120 thousand on average. This means, there is a 3.86 fold reduction in the total amount
of data to be processed in the case of LiDAR point cloud compared to depth image.
The FO3D2D performs ground plane removal at the beginning using a filtering method,
which takes about 14.2 milliseconds on average. The next module, i.e., 3D point clus-
tering, takes about 682.4 milliseconds on average, and this module accounts for about
88.3% of the total processing time. These details indicate that obstacle estimation with
LiDAR point clouds takes much more time even with fewer data compared to obsta-
cle estimation from depth images. The ground plane segmentation and the 3D point
clustering modules are mainly responsible for such behavior. We found that FO3D2D
runs at 1.3 Hz in our implementation.

In our proposed method, we use LiDAR point clouds, where the number of points to
process is about 120 thousand (similar to FO3D2D). Our proposed method is free from
ground plane removal and 3D point clustering, which are the major time-consuming
parts of existing LiDAR-based obstacle estimation methods. The time complexities of
our proposed Algorithm 3: U-Depth Representation( ) and Algorithm 4: Restricted
V-Depth Representation( ) are similar to those of EODT, and therefore, these algo-
rithms jointly take about 0.3 milliseconds to process 120 thousand 3D data points.
The major time-consuming module in the present system is still the formation of the
multiple depth representation, as shown in the last column of Table 5.4. The average
number of obstacles (both static and dynamic) per frame is the highest in FO3D2D
because the system tracks all the obstacles around 360◦, whereas the average number
of obstacles in EODT is the lowest because of the small stereo depth range. The pro-
posed system tracks obstacles that are present on the frontal side of the vehicle within
a horizontal FOV of 129.47◦. The average number of obstacles per frame is significantly
higher in the proposed method compared with EODT, which increases the per-frame
tracking time and results in a slight increment in total time in the proposed method.
We achieve about 0.3 to 0.7 milliseconds on average for a single obstacle to detect
and track, which is a significant improvement from the SoA methods. The LiDAR
frequency is 10 Hz, and that implies, we get 100 milliseconds to process each captured
point cloud. The proposed system takes about 7 to 10 milliseconds to track obstacles,
considering there are 14 obstacles in every point cloud. Comparing the performance
reported in Table 5.3 and Table 5.4, we may conclude that the performance of the
proposed method is superior to the SoA methods.
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5.5 Conclusions

This work presents a 3D obstacle detection and tracking system using 3D LiDAR point
clouds, which aids in the autonomous navigation of robots in dynamic environments.
In this work, we utilize u-depth and restricted v-depth representations from LiDAR
point clouds to detect obstacles and estimate their locations and dimensions. The
multiple depth representations enable us to bypass computation-intensive modules,
achieving a faster method compared to SoA methods. The concept of u-depth and
restricted v-depth representations from LiDAR point clouds in the proposed method
yields satisfactory results, making it suitable for real-time applications. The proposed
system performs well in various scenarios, including indoor and outdoor environments,
multiple static and moving obstacles, and obstacles of different shapes and sizes. It
undergoes evaluation with multiple open datasets and self-captured simulated datasets.
Additionally, the proposed system is evaluated through real-time executions with data
captured using robotic platforms. The proposed method shows a significant improve-
ment over existing methods in dynamic obstacle detection, demonstrating its ability to
detect very thin obstacles, such as slender poles on the road. Our future goal is to in-
tegrate the proposed method with other necessary modules for autonomous navigation
in cluttered environments.

With this proposed obstacle estimation method using LiDAR, the system exhibits
remarkable improvement from [2] and underscores the efficacy of LiDAR over visual
cameras. The same efficiency is also demonstrated for the self-localization task in [132].
Given the advantages of LiDAR over visual cameras, we aim to develop an inspection
application, wherein multiple UAVs perform autonomous navigation in a collaborative
way using LiDAR sensors. The next chapter will present a system for collaborative
inspection that utilizes LiDAR sensors to facilitate accurate autonomous navigation.
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Chapter 6

Autonomous Aircraft Inspection
using Collaborative UAVs

6.1 Introduction

In recent years, research on UAVs has rapidly expanded, and UAVs are now being
developed for a myriad of purposes, including search and rescue operations in natu-
ral disasters, mine operations and safety monitoring, photography, and many more.
In Chapter 4, we have presented a framework for collaborative VI-SLAM for multi-
robot localization. Additionally, in Chapter 5, we introduced a fast obstacle detection
technique using LiDAR, highlighting LiDAR’s advantages over cameras in terms of
accuracy, operating range, and resistance to environmental effects. The availability of
these novel techniques motivates us to create a collaborative self-localization frame-
work using LiDAR. With this objective, we present an autonomous visual inspection
system with multiple UAVs. The system proposes a novel idea for collaborative self-
localization using LiDAR sensor based on research work [140]. Participating UAVs
utilize the presented obstacle detection techniques employing LiDAR.

To this end, one interesting field that has emerged is Flight Inspection using UAVs.
When it comes to operational safety in civil aviation, flight inspection plays an im-
portant role in ensuring the proper functioning of navigation and sensing equipment.
Flight inspection encompasses various dimensions, such as special inspection, produc-
tion inspection, periodic inspection, and pre-flight inspection. An external pre-flight
assessment is crucial for mitigating airplane flight hazards by identifying damaged or
defective external sensing and control components. Our focus lies in pre-flight visual
inspection using collaborative UAVs, an area with limited existing works. Flight inspec-
tion using UAVs can be divided into two parts: the air part and the ground part. This
work focuses only on the air part. Most of the literatures available involve UAVs either
manually controlled by a pilot or following a predefined inspection route [141]–[145].
This limits the effectiveness and speed of the UAV. Moreover, manual control can be
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challenging for a pilot to navigate certain areas of the aircraft with limited mobility,
such as under the fuselage and on top or under the main and tail wings. A potential
error by the UAV pilot may result in substantial repair costs. Another enhancement
lies in using multiple UAVs to complete inspections in reduced time. Manual control
of multiple UAVs by a pilot is challenging, requiring more human resources and proper
coordination. Hence, autonomous collaborative UAVs are the best choice for scenarios
where navigation should work in any weather, lighting conditions, or GPS denied areas.

In this work, we propose a novel framework deploying multiple UAVs for the aircraft
inspection task. UAVs can take off from any location near the aircraft and register with
a single coordinate frame. Participating UAVs distribute the entire inspection task
among them based on their locations and autonomously navigate to the corresponding
inspection points sequentially. Each UAV is equipped with a front-facing RGB-D
camera, a Velodyne 3D LiDAR with 64 channels, and one IMU. UAVs navigate using
LiDAR and IMU measurements, while the inspection process uses measurements from
the RGB-D camera. All UAVs navigate and perform the inspection task independently
onboard.

The rest of this chapter is organized as follows: Section 6.2 presents a literature
survey of pre-flight inspection tasks using robots. Section 6.3 describes the design of the
proposed system and our contributions. Section 6.4 presents a series of experimental
evaluations on self-captured simulated datasets. Finally, Section 6.5 concludes the
chapter.

6.2 Background Study

The primary objective of using UAVs for pre-flight inspection is to significantly reduce
the inspection time where a human can take hours to complete the task. A system capa-
ble of executing required tasks repeatedly and reliably at much higher frequencies, while
accurately localizing itself in relation to the aircraft, is essential. This ensures repeata-
bility and makes the whole system more generalized. Silberberg et al. [141] employed a
Coverage Path Planning (CPP) approach in which the algorithm generates some initial
way-points for maximum coverage of the aircraft. Subsequently, offline path planning
is performed to complete the inspection task. Miranda et al. [142] have presented a
UAV-based inspection for exterior screws, where manually defined way-points are used
for the UAV to traverse and capture images. These images are then processed by a
Convolutional Neural Network (CNN) for object detection. Maeda et al. [146] have
utilized two subsidiary UAVs to assist the localization of a main UAV performing the
inspection task, though the UAVs were not operational in parallel. Ruiqian et al. [147]
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have utilized ArUco markers for positioning UAV and carrying out the inspection task.
Boyong He et al. [143] have employed a safety pilot with GPS for localization and
cascade Region-based Convolution Neural Network (RCNN) [148] for inspecting the
aircraft’s surface. Dario Cazzato et al. [144] have utilized a static pre-planned tra-
jectory and have employed FAST and ORB [149] point features for feature matching.
Konstantinos Malandrakis et al. [145] also have described a similar offline trajectory
generation for conducting Non-Destructive Testing (NDT) using ultraviolet lights to
inspect the surface of the aircraft.

Turning our attention to the collaborative localization aspect, we have presented
a collaborative VSLAM framework in Chapter 4 with heterogeneous cameras that op-
erates on a client-server based model and is able to handle noisy IMU measurements,
but LiDAR data is excluded. The proposed system identifies matches when multiple
robots observe common landmarks. In all SoA collaborative SLAM systems studied in
Chapter 2 and Chapter 4, a common landmark must be viewed by participating robots
to merge their individual maps. However, this requirement impacts the final completion
time of the systems, making this technology impractical for high-throughput systems.
Consequently, there is a demand for a robust system that can accurately register mul-
tiple maps of participating UAVs in a single coordinate frame, even when UAVs start
from different locations, do not observe any common landmarks, and collaboratively
execute the inspection task in parallel. The system should also be capable of online
path planning while avoiding dynamic obstacles. The proposed work aims to address
these shortcomings by adopting a different approach, as discussed in the upcoming
sections.

6.3 System Design

Fig. 6.1 depicts our proposed system, where an autonomous UAV is equipped with
three main types of sensors: an IMU, a Velodyne 3D LiDAR, and a RGB-D camera.
The system comprises multiple modules, as illustrated in the block diagram, where
our implemented modules are highlighted in blue. We assume that (i) the gravity
direction and biases of the accelerometer and gyroscope are estimated in the base_link
coordinate frame B of the UAV, (ii) point clouds, captured using the LiDAR, are
rectified and aligned with the Velodyne coordinate frame L, (iii) point clouds captured
using the RGB-D camera, are also rectified and aligned in the camera coordinate
frame C. The sensors are placed in fixed positions on the UAVs, leading to fixed
transformations among all the coordinate frames. Let us consider that BTL is the
fixed transformation from the coordinate frame L to the coordinate frame B, and BTC
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Figure 6.1: The proposed system block diagram for autonomous visual inspection of aircraft
using multiple UAVs.

is the fixed transformation from the coordinate frame C to the coordinate frame B.
Fig. 6.2 illustrates the coordinate frames and their corresponding transformations on
a simulated Hector quadrotor [150].

Velodyne LiDAR 

Kinect 

Coordinate frame L 

Coordinate frame B 

Coordinate frame C 

𝑻𝐶
𝐵  

𝑻𝐿
𝐵  

Figure 6.2: A Hector quadrotor carries a Kinect RGB-D camera and a Velodyne 3D LiDAR.
The three coordinate frames B, L, and C are shown, where X, Y, and Z axes are in red, green,
and blue, respectively. The transformations BTL and BTC are annotated with yellow arrows.

The first module of the proposed system is the self-localization module. We em-
ploy the state-of-the-art LiDAR-inertial system LIO-SAM [132] as the self-localization
module, which receives IMU measurements and point clouds from the LiDAR and es-
timates the robot poses (pose of the coordinate frame B) in the fixed world coordinate
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frame W using tightly-coupled LiDAR-inertial odometry estimation via smoothing and
mapping. Assuming WTB is the estimated pose at any given time instance, each UAV
runs LIO-SAM independently, and thus, each UAV has its own world coordinates.
Refer to [132] for a detailed description of LIO-SAM.

The navigation module is primarily responsible for estimating the path for naviga-
tion and precise controlled movement, avoiding all obstacles. The Registration module
performs registration between multiple UAVs to execute the inspection task collabora-
tively. The object detection module identifies multiple objects of interest for inspection,
whereas the inspection module carries out the inspection task. The management mod-
ule controls the task flow and data flow management to ensure synchronization between
modules. The communication module is responsible for information flow between the
participating UAVs. We explain the task flow of the proposed system below to enhance
understanding of its operations.

6.3.1 Operational Flow

The primary objective of the present system is to conduct an autonomous visual inspec-
tion task, wherein a UAV identifies specific portions of the aircraft body and performs
inspections. We divide an aircraft model into multiple landmarks (e.g., nose, left en-
gine, right engine, front landing gear, left wing, right wing, tail, etc.) for a UAV to
identify. We assume that a 3D model of the aircraft is available a priori. In cases
where the aircraft model is not available, a model is created by manually flying a UAV
around the aircraft and generating a map with LIO-SAM. The flow of different tasks
is discussed below.

(i) UAVs are positioned near any of the landmarks of the aircraft, and the RGB-D
camera faces towards the aircraft, allowing the UAVs to takeoff freely.

(ii) After takeoff, the UAV first identifies the nearest landmark and then self-positions
to achieve a better view. Subsequently, the UAV registers with a fixed coordinate
frame, F , wherein the templates were captured. All participating UAVs register
with the fixed coordinate frame F from various locations and landmarks. This
is one of our major contributions in this work, where all UAVs register with the
coordinate frame F without viewing a common landmark.

(iii) This novel registration method enables UAVs to distribute landmarks based on
their nearest locations, significantly speeding up the inspection task.

(iv) The UAV identifies multiple objects of interest requiring inspection around the
current landmark.
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(v) Subsequently, the UAV estimates poses, allowing for the best possible view of
each identified object, and the UAV sequentially self-positions with these poses.

(vi) The UAV performs the inspection task with captured point clouds from the
RGB-D camera.

The management module in Fig. 6.1 is the core of our system, primarily managing
synchronization among other modules, while the navigation module takes care of precise
restricted navigation. The communication module uses the ROS [101], [111] message
passing method for all communication among different modules and across UAVs.

6.3.2 Simulated Environment

We validate our approach in the Gazebo simulator [95]. A view of the environment
resembling an airport is shown in Fig. 6.3. It consists of static models of an anonymous

Figure 6.3: Gazebo model of an airport environment.

aircraft, approximately 52 meters long, with a 55.5 meters wing span, and a maximum
height of 14 meters. Additionally, typical objects found in an airport setting, such
as boarding bridges, ladders, ground vehicles, boards and markers are also included.
These objects provide necessary geometric features required for better map estimation
using LiDAR-Inertial localization around the aircraft. We require to construct a 3D
representation of the aircraft geometry using LiDAR-Inertial localization if one is not
available a priori. Note that the presence of these external geometric features is not
essential for the inspection process once a 3D model of the aircraft is made available.
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The inspection task is intended to inspect multiple sensors that are present on the
outer surface of the aircraft during the pre-flight maintenance or periodic maintenance
phases. The anonymous aircraft model, that we use in the Gazebo simulated environ-
ment, does not contain any sensors, e.g., Angle of Attack sensor, TAT sensor, ATC
antenna, Airborne Collision Avoidance, ice detector, Air temperature sensor, etc., for
inspection. Therefore, we attempt to mimic such sensors using specific geometrically
shaped colored patches on the aircraft surfaces with the help of the open-source Blender
software [151]. Fig. 6.4 shows multiple patches on the aircraft surface. In the simula-

(a)

(b)

Figure 6.4: Multiple geometrical shaped colored patches on the aircraft’s outer surface.

tion environment, we use the Hector quadrotor [150] with a Kinect sensor [42] mounted
as the forward-looking RGB-D camera and a Velodyne 3D LiDAR on top, as shown
in Fig. 6.2.



134 Chapter 6. Autonomous Aircraft Inspection using Collaborative UAVs

6.3.3 Template Generation

We will first discuss template generation, which involves creating a three dimensional
model of the aircraft with the highest possible accuracy. The process is offline with a
single execution. In this process, we manually fly a UAV around the aircraft and use
LIO-SAM to generate a map of the environment. The speed of the UAV is restricted
within a specific range for optimal performance by LIO-SAM. Fig. 6.5 illustrates the
outcome of the LIO-SAM execution pictorially. The LIO-SAM generates the map in a

(a) (b)

Figure 6.5: The map output from LIO-SAM visualized from different view points.

fixed world coordinate frame, denoted by F as mentioned above. The aircraft model
is then extracted manually by deleting map points that do not belong to the aircraft
body surface. Fig. 6.6 shows the aircraft model from multiple view points extracted
from the LIO-SAM map. The aircraft model does not contain any simulated objects
(colored geometric patches) because the point cloud is without any color information.
Afterward, the landmark regions are segmented to create templates for each landmark.
Fig. 6.7 shows two sample templates created from the aircraft model. All the templates
are created in the coordinate frame F , and the location of the centroid of each template
is stored with a fixed transformation T lF .
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(a)

(b) (c)

Figure 6.6: Aircraft model extracted from the LIO-SAM map and visualized from multiple
view points.

(a) (b)

Figure 6.7: Templates of different landmarks are created from the aircraft model: (a) Tem-
plate of the left engine, (b) Template of the tail.
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6.3.4 Navigation

The navigation module guides the UAV to traverse safely from its current location to
the desired goal location with a given goal pose. The navigation module consists of
two parts: Global planning and Local planning.

6.3.4.1 Global Planning

We utilize the map generated from LIO-SAM for global planning. The point cloud
data are converted to Octomap [134], providing information about the planning space.
Fig. 6.8 shows snapshots of the planning space in Octomap representation. We use

Figure 6.8: Octomap representation of the simulated airport created using the LIO-SAM
point cloud.

RRTConnect [152] to produce the global path. Being a sampling-based algorithm,
RRTConnect also requires a collision checker, which validates the sampled states. We
use the Flexible Collision Checking Library (FCL) [153] as the collision checker.

Safe navigation is a major concern when any UAV moves near the aircraft. There-
fore, the planner segments the entire planning space into a hierarchical order. Fig. 6.9
shows the planning space with two colored regions (yellow and red) around the aircraft
model. The red regions are closest to the aircraft body and, therefore, considered as
no-fly zones. The yellow regions are further from the red regions and are considered as
restricted buffer zones. Therefore, the global planner always generates paths outside
the yellow regions. If any UAV mistakenly enters the no-fly zones, it must execute the
following steps sequentially for safe navigation: (i) immediately abort the mission and
notify the mission leader UAV (discussed in Section 6.3.5), (ii) move to the nearest
yellow zone, and (iii) navigate to the home location and land safely.
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Figure 6.9: Bounded regions (red and yellow) for safe UAV operation.

6.3.4.2 Local Planning

Although we have a collision-free global plan, it is possible that any dynamic obstacle
may come close to the robot. For example, when the UAV tries to reach the way-points
(taken from the global plan) closer to the ground, any unknown dynamic obstacle such
as a ground vehicle, humans, etc., may come very close to the robot. Such dynamic
obstacles are not considered in global planning; therefore, handling such situations
using the global plan is not possible, and we must use a local planner to avoid such
dynamic situations. We have defined a FOV of five meters in radius around the UAV
to tackle such unknown obstacles. The UAV continuously checks the validity of the
next global way-point inside the FOV. If the way-point is found to be invalid, a fresh
valid way-point is generated inside the FOV; next, we generate a local plan using
Probabilistic Road Map (PRM) [154]. The PRM keeps a careful check on the available
free space by using the occupied information from the obstacle estimation module.
The details of the obstacle estimation module are presented in Chapter 5. The PRM
ensures a safe local plan is generated if any unknown obstacle is found. So, we need
both global and local planning algorithms for safe navigation. Algorithm 5: Local Path
Planning( ) describes the steps of the local path planning, as described above.

6.3.5 Registration

Each UAV performs self-localization and map creation in a fixed world coordinate
frame, where each robot has its own world coordinates. We can only comprehend
the relative locations of other UAVs once the localizations of all UAVs are in a single
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Algorithm 5 : Local Path Planning( )
Input: Octomap from point cloud data of LIO-SAM, GoalPose
Output: Safe plan for UAV to navigate

1: Initialization : GlobalP lan← RRTConnect(GoalPose)
2: for waypoint ∈ GlobalP lan do
3: if (waypoint valid and inside FOV) then
4: localpath← PRM(waypoint)
5: else if (waypoint not valid or waypoint not in FOV) then
6: new_waypoint← Neighborhood(waypoint)
7: localpath← PRM(new_waypoint)
8: end if
9: for local_waypoint ∈ localpath do

10: uav_motion← UAV Control(local_waypoint)
11: end for
12: end for

coordinate frame. The registration process aims to estimate transformations from
all individual world coordinates to another fixed coordinate, allowing us to estimate
the relative locations of every UAV in the fixed coordinate frame. Therefore, the
registration process is the core of collaborative navigation. Better registration always
contributes to a more accurate understanding of the relative positions of all UAVs and
subsequently aids in distributing landmarks among the participating UAVs. Fig. 6.10
shows the flow diagram of registering a UAV to the fixed coordinate frame F . The
detailed steps of the registration process are described below.

1. The registration process starts with template matching, where a template point
cloud (PCt) is matched with the point cloud captured using the RGB-D camera.

(i) The RGB-D point cloud, PCRGBD, is a dense point cloud, but the templates
are not as dense as RGB-D point clouds. Therefore, we first down-sample
the RGB-D point cloud using the VoxelGrid process [155], where the entire
visible space is segmented into sets of tiny 3D voxels or boxes, and all the
points present inside a single voxel will be approximated with its centroid.
The down-sampling converts PCRGBD with a similar point density as the
templates, and let us name this down-sampled point cloud as PCDS, which
is in the coordinate frame C.

(ii) The system proceeds by matching all templates to the point cloud PCDS and
identifies the best match. The matching process relies on Fast Point Feature
Histograms (FPFH) [156], a streamlined version of the original Point Fea-
ture Histograms (PFH) [157]. PFH is a 3D point cloud processing technique
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Figure 6.10: Process flow diagram for registering the world coordinate frame W of a UAV
to the fixed coordinate frame F .

designed to capture detailed geometric relationships between neighboring
points, offering a rich description of local surface features. PFH encodes
three main types of geometric information for every pair of points in the
neighborhood:

• Angular features such as the angle between surface normals at each
point, providing insight into local curvature.

• Distance metrics between points, which help quantify spatial rela-
tionships.

• Azimuthal and elevation angles between points in the neighbor-
hood, representing the directionality of surface changes.
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This rich encoding of local geometry results in a high-dimensional histogram
that accurately captures the surface’s shape. However, PFHs comprehen-
sive pairwise feature calculations make it computationally expensive. FPFH
simplifies the original PFH approach by reducing the complexity of these
pairwise calculations. Instead of evaluating every pair of points in the local
neighborhood, FPFH divides the computation into two stages: first, it com-
putes a simplified PFH for each point, using only the point and its direct
neighbors, and then aggregates the information across these reduced calcu-
lations. This results in significantly faster computation while still preserving
sufficient geometric detail for tasks like matching and alignment.

The FPFH technique uses a Sample Consensus method to match the tem-
plate point cloud (PCt) with the target point cloud (PCDS), computing
a rigid transformation (CTR) that aligns the template to the target. A
match is considered successful when the deviation between the two point
clouds, measured as the average Euclidean distance between corresponding
3D points, falls below a set threshold Th1.

2. The next step is to place the UAV in a way from where the landmark would be
visible in the best possible way. The transformation CTR provides a measure of
the landmark location in the coordinate frame C. We consider a normal position
of 3 meters away from the landmark as the position to achieve the best possible
visibility of the landmark. The UAV can be commanded to a goal pose expressed
only in the world coordinate frame W . Therefore, we generate a corresponding
goal pose in the coordinate frame W . Equ. (6.1) shows the relation to generate
a goal pose in the coordinate frame W .

WTR = WTB
(
BTC

(
CTR

(
CTF

)))
(6.1)

where, CTF represents the transformation of three meters away from the land-
mark in the coordinate frame C. We provide the goal pose WTR to the navigation
module to attain the pose by the UAV. Fig. 6.11 shows the current pose and the
goal pose in the coordinate frame W on Rviz visualizer [99]. We can consider the
UAV is aligned with the landmark once the UAV attains the exact pose, but the
UAV navigation is not always accurate. The navigation module assumes that a
UAV has reached the goal pose when the UAV attains a pose which is very close
to the goal pose, i.e., the Euclidean distance between the current UAV pose and



6.3. System Design 141

uav1/base_link 
uav1/goal_pose 

Figure 6.11: An Rviz snapshot is explaining the current pose (‘uav1/base_link’) of the
UAV and the goal pose (‘uav1/goal_pose’) in the coordinate system W for reaching the

corresponding landmark (Nose).

the goal pose is less than a threshold Th2, and the yaw angle between the poses
is less than a threshold Th3.

3. The error in placing the UAV with respect to the exact goal pose (WTR) may in-
troduce a significant error to the registration process. Therefore, we reiterate the
template matching process between the previously matched template PCt and
the current point cloud captured by the RGB-D camera, as shown in Fig. 6.10.
The template matching procedure follows the same way as explained above in
the first point but in a more restricted way. The restricted way is defined
as setting a smaller value to the maximum distance between point correspon-
dences and setting a bigger value to the number of iterations in FPFH matching,
where these values produce more accurate matching with a refined transforma-
tion matrix CTRF . The transformation CTRF provides the landmark location
from the current position of the UAV in the coordinate frame C, and we cal-
culate the location of the landmark (WTRF ) in the coordinate frame W using
Equ. (6.2).

WTRF = WTB
(
BTC

(
CTRF

))
(6.2)

4. Our next target is to establish a relation between the coordinate frames F and W .
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The template is in the coordinate frame F , and the template is aligned with the
landmark with a transformation WTRF in the coordinate frame W . Therefore,
we can estimate a transformation between the coordinate frames W and F , and
this transformation remains fixed as both the coordinate frames are fixed frames.
The fixed transformation WTF from the coordinate frame W to the coordinate
frame F is formulated in Equ. (6.3).

WTF = WTRF (T lF ) (6.3)

where, T lF is the transformation of the origin of the point cloud PCt in the
coordinate frame F . The fixed transformation WTF allows the UAV to register
with the coordinate frame F . Once a UAV registers with the coordinate frame F ,
the UAV gets the locations of all other landmarks in the coordinate frame F and
also its own world coordinate frame W . All participating UAVs perform this
process and register with the coordinate frame F .

5. The present system considers the first UAV, i.e., with id 1, as the mission leader,
which means the UAV1 receives the corresponding fixed transformations WTF

from all other UAVs and subsequently all other UAVs start sending their current
poses to the UAV1. The UAV1 calculates the poses of all the UAVs with respect
to its own base_link frame. Equ. (6.4) shows the formulation to calculate the
pose (uav1T2) for UAV2 from the base_link frame of UAV1.

W2T1 = W2T2F
(
W1T1F

−1
(
W1T1B

))
uav1T2 = W2T1−1

(
W2T2B

) (6.4)

where, W1 and W2 represent the world coordinate frame of UAV1 and UAV2, re-
spectively. Therefore, W1T1B and W2T2B represent the current pose of UAV1 and
UAV2, respectively, W1T1F and W2T2F represent the fixed registration transfor-
mation for UAV1 and UAV2, respectively. UAV1 distributes the landmarks among
the participating UAVs based on the neighboring landmarks of every UAV. We
adopt this simplistic design in the present system.

Fig. 6.12 shows a sample output of the registration process. Two UAVs are used
in this process, where UAV1 is registered with the landmark ‘Nose’, and UAV2 is
registered with the landmark ‘Left Engine’. The estimated pose of UAV2 from UAV1 is
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uav1/base_link 

w1 

uav1/uav2 

(a)

uav1/uav2 

uav1/uav2_gt 

w1 

uav1/uav2 

uav1/uav2_gt 

(b) (c)

Figure 6.12: The output of the registration with the coordinate frame F with two UAVs
on Rviz visualizer: (a) The pose of UAV2 relative to UAV1 is indicated with an arrow from
the base_link of UAV2 (‘uav1/uav2’) to the base_link of UAV1 (‘uav1/base_link’), (b)–(c)
Closer views of UAV2, where two poses indicate the estimated relative pose (‘uav1/uav2’)

and the ground truth pose (‘uav1/uav2_gt’) from UAV1.
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shown with a link between the two base_link frames of both the UAVs in Fig. 6.12(a),
whereas Fig. 6.12(b) and (c) show the closer views of UAV2 with the ground truth pose
(uav1/uav2_gt) and the estimated pose (uav1/uav2). The closeness of both the poses
indicates the estimation accuracy. A UAV starts the inspection task after receiving the
list of landmarks from UAV1. The inspection process starts with object identification,
which is discussed in the next section.

6.3.6 Object Detection

The inspection task is based on inspecting different sensors or objects, e.g., Angle of
Attack sensor, TAT sensor, ATC antenna, Traffic alert and Collision Avoidance, Air-
borne Collision Avoidance, ice detector, Air temperature sensor, etc., which can be
visually checked from the outside, and each object has different inspection parameters.
The inspection can only start after identifying a specific object. These types of ob-
jects, which have distinct geometrical shapes and create undulations on the surface of
the aircraft, are missing in the simulated model of the aircraft. Therefore, we simulate
these objects as small colorful geometrical shaped patches on the surface of the aircraft,
as discussed in Section 6.3.2. We first use an object detection module to detect objects
from the captured RGB images that are present around a landmark. The object detec-
tion is based on a learning-based detection method, and we use a well-established deep
learning-based object classification tool, YOLO v3 [158], for this purpose. We choose
YOLO v3 for its acceptable accuracy for such simplistic objects and fast execution to
support real-time systems.

We use three patches around the ‘Nose’ landmark as the intended objects out of all
the patches put on the aircraft surface and a very small set of training data (567 images
with three classes) to train the model quickly and establish the capability of the object
detection method. One sample output of the object detection module is presented in
Fig. 6.13. Once the objects are detected, the next task is to estimate poses for the UAV
to observe the objects in the best possible way for the inspection task. The steps to
estimate and place the UAV to observe an object for the inspection task are discussed
below.

1. The object detection module produces the coordinates of the bounding boxes
(as in Fig. 6.13) of the detected objects on the RGB image plane. Our first task
is to estimate the corresponding 3D bounding boxes. Let us assume a 2D pixel
with coordinates (py, px) on the image plane; then, we calculate the corresponding
3D coordinates of the pixel in the coordinate frame C by 2D-3D relations as
deduced in Equ. (A.11), and the current relation is presented in Equ. (6.5).
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Figure 6.13: A sample output of the object detection module, where the detected three
classes are annotated with bounding boxes and object IDs.

Pz = D

Px = (px − cx)× Pz/fx
Py = (py − cy)× Pz/fy

(6.5)

where, D is the depth value of the pixel location (py, px) taken from the depth
image, (Px, Py, Pz) is the corresponding 3D point, (cy, cx) is the principal point
of the camera, and fx and fy are the focal lengths in horizontal and vertical
directions, respectively. Thus, we can get corresponding 3D bounding rectangles
for each of the 2D bounding boxes.

2. Afterwards, we extract all the RGB-D points that fall within the 3D bounding
parallelepiped and calculate the centroids. Now we create goal poses for each cen-
troid, where the poses are at the same height as the centroid and looking towards
the corresponding centroids from a user-defined distance. These poses are consid-
ered as the best view poses to capture the data for the corresponding objects for
inspection. The poses are first calculated in the coordinate frame C and subse-
quently converted to the coordinate frame W using the similar transformation as
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shown in Equ. (6.1). The navigation module uses these poses sequentially to po-
sition the UAVs for the inspection task. Fig. 6.14 shows snapshots of Gazebo [95]
and the corresponding Rviz visualizer [99], where a UAV is positioned to get the
best view of Obj_1.

(a)

(b)

Figure 6.14: (a) A Gazebo snapshot illustrates a UAV positioned at the optimal viewing
pose for Obj_1, (b) The corresponding Rviz visualization displays the base_link frame facing
Obj_1 (three consecutive green triangles) and the captured RGB-D point cloud, where Obj_1

is visible.
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6.3.7 Object Inspection

Once a UAV is positioned to the given goal pose to obtain the best possible view of
the object, the inspection module starts. The inspection of the simulated objects is
carried out in the form of area measurement and maximum distance measurement in
the present system. The simulated object measurement is quite different from real
objects on the aircraft surface. Therefore, a domain-specific learning-based inspection
is required in real scenarios, but we present the measurement of simulated objects to
demonstrate the capability of the system.

The inspection module uses RGB-D point clouds captured after reaching the best
possible view goal pose, where the object is completely visible in the best possible way.
We first use a color-based region-growing algorithm [159] to segment the points that
form the colored objects. Afterward, these segmented points are used to measure the
area and maximum distance on a metric scale. We measure the area of an object by
measuring the areas of the individual triangles, where the area of a triangle is measured
using the lengths of the three sides. The maximum distance is calculated by calculating
the Euclidean distance between the two furthest corner points. The measured area
and the maximum distance are shown pictorially in Fig. 6.15. Inspecting in a real

(a) (b)

Figure 6.15: (a) The segmented point cloud for Obj_1, representing the area of Obj_1,
(b) The calculated maximum distance using the two furthest ending corner points.

scenario, the UAVs are able to localize any specific anomaly on the aircraft surface in
the coordinate frame F and also from the nearest landmark, which helps the service
person to identify any anomaly quickly.

6.3.8 Communication Module

The communication module is responsible for the information sharing among the par-
ticipating UAVs. All communications are implemented using the ROS message passing
protocol, where the sizes of all types of messages are of nominal size and therefore do
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not have many bandwidth requirements. Information sharing is only required at the
time of the registration process in the proposed system; therefore, the system requires
moderate network speed at the time of the registration process. The rest of the mission
time requires negligible bandwidth for information sharing because information sharing
happens only when any UAV is aborting the mission.

6.4 Experimental Results

We evaluate the proposed system only in a simulated airport-like environment, as
described in Section 6.3.2. The inspection task is performed with two UAVs. The pro-
posed system is ROS [101], [111] compatible and implemented with C++ and Python-
based ROS nodes. The entire system runs on a standard workstation, having an Intel
Core i7-9700k with 8 cores @ 3.60 GHz, 32 GB of RAM, and 8 GB of Nvidia RTX2070
Graphics. We present accuracy measurements for registration and object measure-
ment processes with the simulated data. Table 6.1 shows the values of the parameters
that are set experimentally in the implementation of the present system for all of our
experiments.

Table 6.1: Parameter Values in The Proposed System

fx fy cx cy Th1 Th2 Th3

(meter) (meter)
554.255 554.255 320.5 240.5 0.004 0.03 1◦

6.4.1 Navigation and Path Following

We have used the default position controller that comes with the Hector quadrotor [150]
package for controlling the UAV to follow the planned path. Fig. 6.16 shows the planned
path (in green) for a mission that consists of eight inspection spots and the actual path
(in yellow) that is traversed by the UAV. The closeness between the green and yellow
paths shows the navigation accuracy. Table 6.2 shows the effective distance calculated
from the planned path and the actual distance traveled by the UAV for different runs,
as shown in Fig. 6.16. The actual traveled distance is almost 13.75% extra on average
from the planned distance. The main reasons for the extra traveled distances are the
erroneous control estimation by the controller and inaccurate maneuvering to the given
intermediate poses.
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(a) (b)

(c) (d)

(e) (f)

Figure 6.16: Obtain planned path (green) and actual path traced by the UAV (yellow) for
inspecting various points in different runs.

Table 6.2: Effective and Actual Travelled Distances

Run Effective Distance (m) Actual Travelled Distance (m)
(a) 210.76 239.35
(b) 201.73 233.64
(c) 211.53 237.08
(d) 208.88 241.29
(e) 202.03 225.85
(f) 227.06 258.19

6.4.2 Registration Accuracy

The registration with the coordinate frame W depends on the accuracy of the tem-
plate matching procedure for landmark detection. Therefore, a little error in template
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matching affects the registration, but the registration error does not have any impact
on the inspection process. The registration process helps in initial task distribution,
and thereafter, all the UAVs navigate and run the inspection process independently.
We evaluate the accuracy of the proposed registration process against the ground truth,
where the ground truth is collected from Gazebo. Fig. 6.17 presents a comparison be-
tween the relative pose estimation of UAV2 from UAV1 in repeated executions, where
the maximum error is always below 0.5 meters in all the three axes. The error in
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Figure 6.17: Error in the relative pose of UAV2 from UAV1. Any value close to zero
represents a more accurate estimation.

the Z-axis is the minimum among all the three axes. The orientation of the UAVs is
controlled only by the Yaw angle of the Hector quadrotor. Therefore, we provide the
comparison only against the yaw parameter, and it is the most accurate parameter in
our estimations, as shown in Fig. 6.17.

6.4.3 Measurement Validation

We evaluate the measurement accuracy after calculating the object area and the maxi-
mum distance as discussed in Section 6.3.7. We performed a repeated execution to
measure the area and maximum distances for all three objects and validate them
against the ground truth. Fig. 6.18 shows the error plot in the area estimation of
an object for multiple executions. The average and maximum errors of area measure-
ment are 0.0004257 square meters and 0.0007349 square meters, respectively. Fig. 6.19
shows the error plot of maximum distance estimation of the object for multiple execu-
tions. The average and maximum errors of the maximum distance measurement are
0.001969 meters and 0.004043 meters, respectively. These error values confirm that the
measurement accuracy is in the millimeter range.
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Figure 6.18: Error plot for area measurements of all three objects.
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Figure 6.19: Error plot for the maximum distances of all three objects.

6.4.4 Execution Time

We compute execution times for each task that is performed from the UAV takeoff to
the inspection. Table 6.3 shows the timing details, where the maximum time denotes
the maximum execution time of each task that we recorded in our multiple experiments
and the average time denotes the simple average of each task in 20 runs. In this
experimental setup, two UAVs have participated and there are a total of 8 landmarks
to be inspected, and we consider each UAV covers four landmarks and each landmark
has four objects on average to be inspected. Therefore, each UAV inspects 16 objects
on average. The first three tasks (top three rows) in the Table 6.3 are executed by
the UAVs in parallel, and these are one-time executions for the entire mission. The
fourth task (fourth row) in the Table 6.3 requires one-time execution for each landmark,
which means each UAV spends approximately 6.12 × 4 = 24.48 seconds on average
for object detection for four landmarks. The fifth and sixth tasks (fifth and sixth
rows) of the Table 6.3 are executed for each object, which means each UAV spends
approximately 5.85 × 16 = 93.6 seconds on average for object best view alignment
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Table 6.3: Execution Timing Details

Sub Tasks Maximum Time Average Time
(Seconds) (Seconds)

Takeoff 9.10 8.21
Initial Template matching 39.20 33.32
Registration with F 1.50 1.08
Object detection 9.00 6.12(for each landmark)
Object best view alignment 8.30 5.85(for each objects)
Object inspection 20.00 11.24(for each objects)
UAV travel time 132.30 130.00(Covering 140 meters)

and approximately 11.24 × 16 = 179.84 seconds on average for object inspection. A
UAV covers about 140 meters on average to complete the inspection of 4 landmarks
and 16 objects, and it takes approximately 130 seconds on average to execute the
desired paths. Therefore, two UAVs take approximately 7 minutes and 51 seconds to
complete the entire inspection from the beginning. In our execution, the entire mission
takes approximately 8 minutes and 10 seconds, considering message synchronization,
network delays, and re-transmission.

6.5 Conclusions

We present a novel system for automatic visual inspection of aircraft surfaces using
autonomous collaborative UAVs. In this scenario, the UAVs take off from any nearby
location of the aircraft and face the RGB-D camera towards the aircraft. All the UAVs
find the nearest landmarks using a template matching procedure and register with a
single coordinate system. Unlike the existing visual registration method for SLAM, the
proposed system registers UAVs with a single coordinate frame, where the UAVs do
not watch any common landmark. The registration process helps in task distribution
among the participating UAVs. The UAVs navigate using a proposed multilayered zones
for safe navigation around the aircraft by avoiding obstacles. The system identifies the
objects of interest using a deep-learning-based object detection tool and then performs
the inspection. We implement a simple measuring algorithm for simulated objects of
interest, where we achieve millimeter range accuracy. The proposed system completes
the entire mission within 8.16 minutes using two UAVs.
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Chapter 7

Conclusions and Future Works

7.1 Contributions

This thesis tackles the formidable task of improving environment perception within au-
tonomous mobile robot navigation systems. It delves into the complexities of enabling
robots to understand and interact with their surroundings effectively. With a concen-
trated effort, the thesis aims to delve deeper into dynamic obstacle estimation, focusing
on real-time prediction for the avoidance of moving obstacles, while also exploring col-
laborative localization techniques leveraging visual sensors to precisely determine the
robot’s position relative to its environment. Through meticulous research and experi-
mentation, this work seeks to advance the capabilities of autonomous robots, ultimately
paving the way for safer and more efficient navigation in dynamic environments.

The thesis introduces an obstacle estimation system for dynamic environments us-
ing depth images in Chapter 3, facilitating autonomous robotic navigation. The system
employs a u-depth map and introduces a restricted v-depth map for accurate estima-
tion of obstacles in terms of position and dimensions. Dynamic binary thresholding
is applied to the u-depth map in the proposed system to enhance accuracy of obsta-
cle detection and dimension estimation. An efficient algorithm is utilized for obstacle
tracking. The system is designed to identify and track dynamic obstacles that change
their sizes and shapes dynamically. Performance evaluation involves testing the pro-
posed system with multiple self-captured and open data sequences. The dynamic
obstacle detection and tracking system runs on board at 60 Hz, achieving an average
computation time of 0.6 ms per obstacle detection and tracking. Successful tracking
is demonstrated at a maximum speed of 5 m/s. However, the system is limited by
the speed of obstacles and cannot detect very fast-moving obstacles. The maximum
operating depth range of RGB-D sensors is approximately 3 meters, often insufficient
for tracking fast-moving obstacles.

The thesis proceeds to introduce the collaborative VI-SLAM framework, CORB2I-
SLAM, in Chapter 4, focusing on collaborative localization. The framework enables
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each participating robot to carry a visual sensor, such as a monocular, stereo, or RGB-D
camera, and an inertial sensor like IMU. Following a centralized architecture, all partic-
ipating robots are treated as client robots with limited computation capabilities, while
a central server possesses higher computation capabilities. The framework empowers
client robots to independently run either VIO or VO without relying on the server.
The odometry module on client robots is designed to detect noisy inertial sensors and
exclude them in pose estimation if necessary. Additionally, the odometry module is
crafted to estimate the accuracy of poses and reinitialize with a new sub-map in case of
inaccurate tracking. A novel map-merging procedure is proposed between a non-metric
scale map and a metric scale map, yielding superior accuracy compared to state-of-
the-art techniques. The proposed framework undergoes extensive evaluation on open
datasets and in real flight scenarios, demonstrating improved accuracy.

The thesis additionally introduces an enhanced version of the dynamic obstacle
estimation system using LiDAR in Chapter 5. This system leverages u-depth and
the previously proposed restricted v-depth representations derived from LiDAR point
clouds for detecting and estimating obstacles. The utilization of multiple depth rep-
resentations enables the circumvention of computation-intensive modules, resulting in
a faster method compared to state-of-the-art techniques. The proposed system ef-
fectively addresses the challenge of estimating long-range obstacles and demonstrates
notable improvements across various scenarios, including indoor and outdoor environ-
ments, multiple static and moving obstacles, as well as obstacles of diverse shapes
and sizes. Evaluation of the proposed system encompasses multiple open datasets,
self-captured simulated datasets, and real-time executions with data captured using
robotic platforms. The system exhibits a significant enhancement in detecting very
thin obstacles, such as slender poles on the road. However, the performance degrades
when the self-localization module produces erroneous poses.

The thesis concludes by presenting an end-to-end visual inspection system for
pre-flight inspections of aircraft using autonomous collaborative UAVs in Chapter 6.
The participating UAVs employ LiDAR-inertial SLAM for self-localization and inte-
grate the proposed obstacle estimation method using LiDAR, as outlined in Chapter 5,
to ensure safe navigation by avoiding both static and dynamic obstacles. We intro-
duce a novel registration method to align the participating UAVs with a fixed coordi-
nate frame for collaboration. The proposed registration procedure employs a template
matching technique for registration, eliminating the need for UAVs to observe any
common landmarks. This registration process facilitates task distribution among the
participating UAVs. Ensuring the safety of the multi-million-dollar aircraft involves
implementing proposed multilayered zones around the aircraft to guide the UAVs at
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restricted speeds. The system identifies objects of interest using a deep-learning-based
object detection tool and performs inspections with millimeter-range accuracy. The
proposed system successfully completes the entire mission within 8.16 minutes using
two UAVs.

7.2 Future Research Directions

The CORB2I-SLAM architecture is built upon a client-server model, where all commu-
nication data flows through the server system, resulting in a high dependency on the
server. In the future, we aim to redesign the framework, aiming for reduced dependency
on the server or exploring a distributed framework with minimized data transmission.
Recognizing the advantages of LiDAR sensors over cameras, our focus will also include
extending the CORB2I-SLAM framework to integrate LiDAR-inertial SLAM on the
client.

The inspection system outlined in Chapter 6 assumes that each participating UAV
carries a single forward-looking RGB-D camera. However, there are requirements to
inspect from different perspectives, such as looking upwards or downwards, for tasks
like inspecting the wing from below and from the top, which is not feasible with the
current configuration. Therefore, we plan to incorporate upward and downward-looking
cameras for a more versatile inspection setup. The current system designates UAV1 as
the mission leader, introducing a dependency on UAV1 for the entire system. In the
future, we aim to explore the development of a sophisticated distributed framework to
enhance task efficiency.
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Appendix A

3D Reconstruction from 2D Images

A.1 Pinhole Camera Model

The process of mapping three dimensional (3D) objects onto a two dimentinal (2D)
plane is commonly referred to as projection. A camera model offers a mapping pro-
cedure or function utilized for projecting the 3D world onto a 2D plane, referred to
as the image plane. The objective is to design a function that accurately mimics the
real world when captured by a physical camera. Various camera models, each with
different complexities, are available to capture the perspective of the real world. The
perspective effect, where an object appears smaller as it moves farther from the viewer
or camera, is a characteristic property inherent in human vision, as the human eye
naturally produces such a perspective projection. The simplest form of perspective
projection utilizes a pinhole camera model [13]. This projection can be implemented
through matrix multiplication when represented in a homogeneous coordinate system.
In a homogeneous coordinate system, a vector in Rn is represented with n + 1 ele-
ments, as opposed to n elements in standard Euclidean coordinates. The homogeneous
representation is scale-invariant. In this appendix, square brackets and parentheses
are used to represent vectors in homogeneous coordinates and Euclidean coordinates,
respectively.

To comprehend the pinhole camera model, consider placing a camera at a cer-
tain distance from a 3D point. The camera comprises a camera center (C) and an
image plane (Fig. A.1). The 3D camera coordinate frame is denoted by its camera
center C and is aligned with the world coordinate frame. Therefore, the coordinates
of C are (0, 0, 0)T . The other 3D point, toward which the camera is oriented in this
coordinate frame C, is MC = (x, y, z)T . We project the point MC onto the image
plane by translating it along a straight line toward the camera center, as illustrated in
Fig. A.1.

We make the assumption that the image plane is situated parallel to the xy-plane
at z = f , and the center of the image plane is located at (0, 0, f)T . Therefore, the x
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Figure A.1: The perspective projection of a 3D point MC onto an image plane MI using
the pinhole camera model.

and y axes of the 2D image coordinate are parallel to the x and y axes of the 3D camera
coordinate frame. The projection of the 3D point MC onto the image plane results in
a 2D image point MI = (v, u)T (Fig. A.1). Using similar triangles, we can calculate
the coordinates of the 2D point MI , as demonstrated in Equ. (A.1).

u =
f × x
z

v =
f × y
z

(A.1)

This perspective projection can be defined by expression (A.2), where the sign ‘→’
denotes this operation.

xy
z

→ f

(
x
z
y
z

)
(A.2)

This perspective projection can further be re-written with matrix multiplication as
in expression (A.3).
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f 0 0

0 f 0

0 0 1
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xy
z

 (A.3)

In homogeneous coordinates the expression (A.3) can be presented as shown in
expression (A.4).


x

y

z

α

→
f 0 0 0

0 f 0 0

0 0 1 0


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x

y

z

α

 (A.4)

where, α represents any non-zero constant used for the transformation from Eu-
clidean to homogeneous coordinates. In the given configuration, our assumption was
that the 3D camera coordinate frame is aligned with the world coordinate frame. How-
ever, in reality, the camera can be positioned at different locations while looking in var-
ious directions. This implies that we can have multiple cameras with arbitrary poses
involving rotations and translations. Each camera possesses its own 3D camera coordi-
nate frame and 2D image coordinate frame, while a single world coordinate frame W is
shared among them. The scenario is depicted in Fig. A.2, where the world and camera
coordinate frames are represented with origins O (axes are XW , YW , ZW ) and C (axes
are XC , YC , ZC), respectively. Therefore, if the homogeneous form of a 3D point in
the world coordinate frame and camera coordinate frame is denoted as MW and MC ,
respectively, then the relationship between them is illustrated in Equ. (A.5).

MC =

(
R t

0 0 0 1

)
MW (A.5)

where, R3×3 represents the camera rotation matrix, and t3×1 denotes the camera
translation vector. The projection function, which maps the projection of a 3D point
in the world coordinate frame to the 2D image coordinate frame, can be expressed
as shown in expression (A.6). Here, we consider that the 3D point (x, y, z)T is now
represented in the world coordinate frame W .
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Figure A.2: Perspective projection incorporating the world, camera and image coordinates
using pinhole camera model.
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The projection component of expression (A.6) can be further streamlined, as de-
picted in Equ. (A.7), by eliminating extra rows and columns. This consolidated pro-
jection represents the projection matrix P .

P =

f 0 0

0 f 0

0 0 1

(R|t) (A.7)

The projection operation can also be expressed as a functional operation, where
φ(.) is regarded as the projection function acting on 3D world points, as illustrated in
Equ. (A.8).

φ(MW ) = PMW (A.8)
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In our above formulation, we made some simplified assumptions that can be refined
to better reflect reality. Initially, we assumed the two axes of the 2D image plane
were identical, but in actuality, digital cameras have non-square pixel elements. This
discrepancy can be addressed in the pinhole camera model by employing different focal
lengths, denoted as fx and fy for the x and y axes, respectively. Additionally, we
might consider positioning the origin of the image plane elsewhere rather than at the
intersection of the Z-axis and the image plane. Fig. A.2 depicts this scenario, where
the origin of the 2D image coordinate is at the top-left corner of the image plane and
denoted by I (axes are XI , YI). Furthermore, various types of lens distortions exist,
but for simplicity, we exclude these distortions from the scope and refer to [13] for
more details. To accommodate the first two conditions, a simple translation of the
image plane and the utilization of fx and fy in the projection matrix, as illustrated in
Equ. (A.9), are sufficient.

P =

1 0 cx

0 1 cy

0 0 1


fx 0 0

0 fy 0

0 0 1

(R|t)

=

fx 0 cx

0 fy cy

0 0 1

(R|t)
= K

(
R|t
)

(A.9)

where, (cy, cx)T is the translation applied to the image plane after the perspective
projection. This point (cy, cx) is commonly referred to as the principal point, as illus-
trated in Fig. A.2. The internal or intrinsic calibration matrix is denoted as K. The
projection matrix in Equ. (A.9) can be further utilized through matrix multiplication
for perspective projection, as formulated in Equ. (A.10).

MI = KMC

MI = K[R|t]MW

(A.10)

where, MW represents the 3D point in the world coordinate frame, and MI is the
corresponding 2D image point in homogeneous form. When employing the current
form of the intrinsic camera matrix K, Equ. (A.1) can be revised to Equ. (A.11) to
project a 3D point in the camera coordinate frame onto the image plane.
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u =
fx × x
z

+ cx

v =
fy × y
z

+ cy

(A.11)

We recommend referring to [13] for an in-depth exploration of diverse camera models
and the projections derived from them.

A.2 Structure From Motion

Structure from motion (SfM) [6] is a well-known concept in the computer vision do-
main, addressing the challenge of reconstructing the 3D structure of a scene along
with corresponding camera poses from an unordered set of images (calibrated or non-
calibrated). True to its name, SfM constructs a rigid 3D structure from a collection of
images taken from different viewpoints. When viewed as a pipeline, SfM comprises a
sequence of algorithms that operate sequentially in a defined manner. These algorithms
include:

• Feature Estimation and Matching

• Epipolar Geometry and Essential Matrix Estimation

• Fundamental Matrix Estimation

• Camera Pose Estimation

• Optimization

The estimated 3D structure and camera poses are typically refined periodically
using an offline optimization process called bundle adjustment (BA) [110], where the
computation time scales with the number of input images. For a comprehensive survey
on SfM, we refer to [160].

A.2.1 Feature Estimation and Matching

Image features are defined as specific pixels within an image that possess distinctive
characteristics, enabling easy identification across different images. Researchers employ
various algorithms such as Scale Invariant Feature Transform (SIFT) [161], Speeded Up
Robust Features (SURF) [162], Oriented FAST and Rotated BRIEF (ORB) [149], etc.,
to detect these features and subsequently match them across multiple images utilizing
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their corresponding feature descriptors. In Fig. A.3, matched ORB features between
two images captured from different viewpoints are illustrated. The connected green
lines represent the point correspondences of these matched feature points, with only
four sampled point correspondences displayed for enhanced visibility.

Figure A.3: An example of matched ORB feature points between two images captured from
two different view points.

A.2.2 Epipolar Geometry and Essential Matrix Estimation

The fundamental matrix serves as a representation of the relationships among all point
correspondences between two images captured from distinct viewpoints [13]. This
matrix, denoted as F3×3, is of rank two, constituting an algebraic depiction of the
connection between the two images. In this section, we briefly delve into the epipolar
constraint, followed by the subsequent estimation of the fundamental matrix in the
next section. Consider Fig. A.4, where a point MW exists in 3D space and is visible
in two different camera views. The left view captures MW as Ml, while the right view
captures the same point as Mr. Let Cl and Cr represent the left and right camera
centers, respectively, forming a baseline between the two camera views. Evidently, the
points MW , Ml, Cl, Mr, Cr lie on a planar surface referred to as the epipolar plane,
denoted by π. This coplanarity can be expressed using three coplanar vectors, as shown
in Equ. (A.12).

−−−→
ClMl.(

−−→
ClCr ×

−−−→
CrMr) = 0 (A.12)

Now, let us consider Fig. A.5 and assume that the location of MW is unknown.
The feature detector provides Ml as a feature point on the left image, and our goal is
to determine its corresponding point, Mr, in the right image. Knowing that Ml lies on
the epipolar plane π, it is governed by the baseline vector

−−→
ClCr and the vector

−−−→
CrMr

to establish the corresponding point in the right image. Consequently, Mr must lie on
the line of intersection between the two planes: the epipolar plane π and the second
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𝑴𝑾 

𝐶𝑙  𝐶𝑟  

𝑀𝑙  𝑀𝑟  

Epipolar Plane π 

Figure A.4: Perspective projection of a 3D point MW in two different views as Ml and Mr.

image plane. This intersection line is denoted as lr. This line, lr, is the projection of
the ray formed with the points Ml and Cl onto the right image plane and is referred
to as the epipolar line corresponding to the point Ml. Each feature point on the left
image has its individual epipolar line on the right image. The advantage lies in the
fact that the corresponding point of Ml must lie on the corresponding epipolar line lr
on the right image, allowing us to focus solely on the line lr instead of the entire image
plane. Consequently, we can examine only the feature points from the right image that
lie on the line lr and select the best match as Mr. The projection of the left camera
center Cl on the right image plane is termed the epipole and denoted as er, as depicted
in Fig. A.5. Similarly, we can obtain the epipole el and epipolar line ll on the left image
for the point Mr. All epipolar lines formed on the right image plane for each feature
point on the left image must pass through the epipole er, and vice versa.

𝑴𝑾 
𝑴𝑾? 

𝑴𝑾? 

𝐶𝑙  𝐶𝑟  

𝑀𝑙  𝑀𝑟  

𝑒𝑙  𝑒𝑟 

epipolar line 𝑙𝑟 for 𝑀𝑙 
epipolar line 𝑙𝑙  for 𝑀𝑟 

Figure A.5: Epipolar geometry.
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Now, let us assume that the cameras for both the left and right images are cali-
brated, meaning we already know the internal calibration matrices for both cameras.
Let Kl and Kr be the internal calibration matrices for the left and right cameras,
respectively. The corresponding normalized homogeneous coordinates of Ml and Mr

are denoted as M̄l and M̄r, and their relations are illustrated in Equ. (A.13) [13].

M̄l = Kl
-1Ml

M̄r = Kr
-1Mr

(A.13)

Now, if we express the coplanarity relation of three vectors, as presented in
Equ. (A.12), in these normalized coordinates, the constraints can be formulated as
shown in Equ. (A.14).

(M̄r
T).[t× (RM̄l)] = 0 (A.14)

where, R and t represent the rotation matrix and translation vector, respectively,
transforming the left camera coordinate frame to the right camera coordinate frame.
The multiplication by R rotates the point M̄l into the right camera coordinate frame.
Let us define [tx] as a matrix such that [tx]v = t×v for any vector v. Then, Equ. (A.14)
can be reexpressed as shown in Equ. (A.15).

(M̄r
T)([tx]RM̄l) = 0

⇒(M̄r
T)EM̄l = 0

(A.15)

where, E3×3 = [tx]R is called the Essential matrix [13].

A.2.3 Fundamental Matrix Estimation

Our earlier assumption was that both cameras were calibrated. However, it is possible
that the cameras are uncalibrated, meaning the internal calibrations Kl and Kr are not
known a priori. In such cases, we must operate with the homogeneous image coordinate
system rather than the normalized homogeneous coordinate system. In this scenario,
we utilize Equ. (A.13) and Equ. (A.15) to establish a relation in the homogeneous
image coordinate system, as demonstrated in Equ. (A.16).
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(Kr
-1Mr)

T([tx]R(Kl
-1Ml)) = 0

⇒Mr
TKr

-T([tx]RKl
-1Ml) = 0

⇒Mr
TKr

-T([tx]R)Kl
-1Ml = 0

⇒Mr
T(Kr

-TEKl
-1)Ml = 0

⇒Mr
TFMl = 0

(A.16)

where, F3×3 = Kr
-TEKl

-1 represents the Fundamental matrix. Consequently, both
the Essential and Fundamental matrices are employed to elucidate the geometric rela-
tionship among corresponding points in a pair of cameras. The fundamental disparity
between these matrices lies in the fact that the Essential matrix operates within a nor-
malized homogeneous coordinate frame, specifically designed for calibrated cameras.
On the other hand, the Fundamental matrix is applicable in a homogeneous image
coordinate frame, catering to uncalibrated cameras. The Essential matrix possesses
five degrees of freedom, while the Fundamental matrix has seven degrees of freedom.
It’s noteworthy that both matrices maintain a rank of two [13].

Now, typically, we acquire a set of point correspondences between two images, de-
noted by n. All n correspondences must adhere to the constraint of the Fundamental
matrix, namely Mr

TFMl = 0. We can construct a homogeneous linear system incor-
porating all these point correspondences, as illustrated in Equ. (A.17).

[
Mrxi Mryi 1

]f11 f12 f13

f21 f22 f23

f31 f32 f33


Mlxi

Mlyi

1

 = 0 (A.17)

where, i = 1, 2, ....., n and this can be formed as in Equ. (A.18) and further simplify
as in Equ. (A.19).

MlxiMrxif11 +MlxiMryif21 +Mlxif31 +MlyiMrxif12 +MlyiMryif22

+Mlyif32 +Mrxif13 +Mryif23 + f33 = 0 (A.18)
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. . . . . . . . .
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f12
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f32
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f33


= 0

(A.19)

We can consider Equ. (A.19) as the standard linear system of equations in the
form Ax = 0, and it can be solved using Singular Value Decomposition (SVD) [163].
Typically, feature correspondences contain noise and numerous outliers. Hence, we
employ the Random Sample Consensus (RANSAC) [164] method to achieve a more
accurate estimate of the fundamental matrix by discarding noisy point correspondences.
The internal calibration matrix is usually estimated offline through a standard camera
calibration procedure [13] for a given camera. In the case of an unknown camera, we
initialize the values and refine the matrix subsequently using optimization techniques
described in Section A.2.5. Following this, we utilize the camera calibration matrices
and the Fundamental matrix to obtain the Essential matrix, as derived in Equ. (A.20).

F = Kr
-TEKl

-1

⇒Kr
TFKl = Kr

TKr
-TEKl

-1Kl

⇒Kr
TFKl = (Kr

TKr
-T)E(Kl

-1Kl)

⇒Kr
TFKl = E

⇒ E = Kr
TFKl

(A.20)

Hence, the Essential matrix E is a homogeneous matrix and is solely constrained
by (M̄r

T)EM̄l = 0, as demonstrated in Equ. (A.15). However, as we have previously
observed, we can also construct the matrix in a nonhomogeneous form using the rela-
tion E = [tx]R.
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A.2.4 Camera Pose Estimation

H. C. Longuet-Higgins [165] demonstrated that the relative pose, i.e., R and t, can be
recovered from the Essential matrix up to the scale of t. This is because the projection
rule, as depicted in Equ. (A.10), remains valid when the coordinates of the 3D world
point increase by any factor, such as λ, while the translation vector is simultaneously
reduced by the same factor λ, as illustrated in Equ. (A.21).

MI = K[R|( 1
λ
t)](λMW ) (A.21)

Mathematically, four poses can be calculated from a given Essential matrix. How-
ever, the correct pose is the one that produces scene points in the frontal side of both
cameras, adhering to the cheirality constraint [13]. Therefore, the four theoretical solu-
tions are obtained by decomposing the Essential matrix E using SVD and subsequently
verifying the cheirality constraint after creating 3D points through triangulation [166],
[167]. The 3D points corresponding to the correct camera pose establish the 3D scene
structure.

If we assume that the left camera is aligned with the world coordinate frame, then
the rotation and translation of the left camera become R = [I] and t = 0, respectively,
while the rotation and translation of the right camera become R and t, respectively.
Consequently, we obtain two fully calibrated cameras (internal calibration matrices
and poses) and their corresponding 3D scene structure. Any new camera must have a
3D-2D relation with the reconstructed 3D scene structure. Therefore, the pose of the
new images can be estimated using linear least squares [112]. This problem is known
as the Perspective-n-Point (PnP) problem [168], which can also be solved using the
RANSAC [164] method.

A.2.5 Optimization Using Bundle Adjustment

The estimated camera poses and the reconstructed 3D structure are typically noisy
due to the noise in the point correspondences. Consequently, all the camera poses and
the 3D structure undergo further global refinement through an optimization process.
The optimization algorithm formulates the cost as the summation of the reprojection
errors [13] of every 3D point in its possible visibility on the corresponding image planes,
a technique known as the Levenberg-Marquardt algorithm [169]. This optimization
process is commonly referred to as Bundle Adjustment (BA) [110], and the cost function
is formulated in Equ. (A.22).
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minimize
{MWi

},{φj}

n∑
i=1

m∑
j=1

VijD
(
MIij , φj (MWi

)
)2 (A.22)

where, n denotes the number of points, and m denotes the number of cameras.
φj (MWi

) implies the predicted projection of the ith 3D point, MWi
, onto the jth camera,

and MIij ∈ R2 is the corresponding true projection. D(p, q) denotes the Euclidean
distance between the 2D image points p and q, and Vij is a binary variable that attains
a value of 1 when point i is visible in camera j, and 0 otherwise.

(a)

Reconstructed Sparse 3D structure 

(Face of Lord Buddha) 

Estimated Camera Poses 

(b)

Figure A.6: An example of sparse 3D reconstruction using SfM pipeline: (a) Sample images
that are used for the reconstruction, (b) Sparse reconstructed structure and estimated camera

poses.

Consider Fig. A.6(a), where multiple images are captured from different viewpoints
of a rigid structure (specifically, a statue of the face of the Lord Buddha). The sparse
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3D structure is reconstructed from these 2D images using a widely used SfM pipeline,
as proposed in [170], with BA implemented in a distributed manner across multiple
cores [171]. The optimized reconstructed sparse 3D structure is depicted in Fig. A.6(b).

We can infer from Fig. A.6(b) that the sparse reconstruction may not convey
the intended structural meaning. Therefore, a dense reconstruction may provide a
clearer structural interpretation, as illustrated in Fig. A.7. This denser reconstruction
is achieved using a method proposed in [172], [173].

(a) (b)

Figure A.7: A dense reconstruction using PMVS2/CMVS pipeline [172], [173]: (a)–(b)
Multiple views.
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