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Abstract
Unmanned aerial vehicles (UAVs) became an effective technology for indoor search and rescue
operations, providing real-time mapping of the environment, locating victims, and determining the
hard-hit areas after a natural disaster. Typically, most of the indoor missions’ environments could
be unknown, unstructured, and/or dynamic. Therefore, navigation of UAVs in such environments
is addressed by Simultaneous Localization and Mapping approach (SLAM) in either local or global
scan matching approaches. SLAM approaches that utilize laser rangefinders depend on a scan
matching method of the successive scans. The local approaches suffer from high time consumption
due to iterative fashion of the scan matching method. Moreover, point-to-point scan matching is
prone to bad data association process. Thus, a preceding initialization step is proposed before the
local approach. This step aims to increase the convergence probability and to decrease the time
consumption by limiting the number of iterations needed to reach convergence. However, the local
approach still suffers from accumulated errors.
Hector SLAM algorithm, as a global approach, suffers from getting trapped in local minima
because of the employed gradient ascent. Hence, the multi-resolution map representation is utilized
to avoid getting trapped in local minima. However, this approach increases the time consumption
and the memory requirements of the process. Thus, a preceding initialization step is proposed
before the Hector SLAM algorithm. This step aims to reduce the process time consumption and
decrease the multi-resolution map representation into a single level with small grid cell size.
However, the scan matching process of the Hector SLAM algorithm still suffers from accumulated
errors.
Therefore, a low-cost novel method for 2D real-time laser scan matching based on reference key
frame is proposed. The proposed method is a hybrid scan matching technique comprised of feature-
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to-feature and point-to-point approaches, using single laser scan rangefinder, and optical flow
sensors. Unlike the local and global approaches, the proposed algorithm aims at mitigating errors
accumulation using the key frame technique, which is inspired from video streaming broadcast
process.
The SLAM approach is implemented using a UAV. In this scenario, the UAV can translate and
rotate around all its axes. Consequently, navigating in 3D environments often requires 3D
representation of the environments which usually suffers from memory and computational costs.
Thus, an efficient 3D SLAM approach is proposed using multiple 2D point cloud slices.
Furthermore, for autonomous exploration, the UAV should be able to mimic humans and take
decisions according to the surrounding situations. Hence, the vehicle must be able to detect a
proper destination and generate an appropriate path to that destination. Since the time constraint is
a key factor for most indoor search and rescue operations, an efficient exploration algorithm is
proposed to maximize the visited area and minimizing the risk on the generated path.
In conclusion, to validate and evaluate the proposed algorithm, the mapping performance and time
consumption of the proposed algorithm are compared with the Hector SLAM, ICP, and featureto-feature registration such as corners, in static and dynamic environments. The performance of
the proposed algorithm exhibits promising navigational and mapping results and very short
computational time; the transformation parameters between each two successive scans are
estimated in approximately 9 milliseconds, that indicates the potential use of the new proposed
algorithm with real-time systems.
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Chapter One: Introduction for Autonomous Indoor Navigation
Over the fast few decades, Unmanned Aerial Vehicles (UAVs) have become an active area of
research and development because of their ability to extend human capability to investigate the
hazardous, hard-to-access areas and allow for the execution of dangerous tasks safely while saving
time and more importantly saving lives. Furthermore, their increasing relevance stems from the
diversity of their potential use in both military and civilian applications. Beyond merely
observation and surveillance, UAVs have also become an effective technology for indoor search
and rescue operations as they provide real-time mapping of the environment, locate victims, and
determine the hard-hit areas after a natural disaster. Figure 1-1 provides examples of various indoor
search and rescue applications appropriate for UAV use and deployment.

(a)

(b)

Figure 1-1: Examples of indoor search and rescue operations. a) Firefighting b) Tunnel landslide
(indiatoday).
In conjunction with development of UAVs, recent advances in hardware and software have made
it possible to conduct accurate mapping without using costly, high-end data acquisition systems.
Low-cost laser scanners and navigation systems provide accurate mapping if properly integrated
at the hardware and software level. As such, UAVs have emerged as a novel aerial mapping
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platform providing additional economic and practical advantages, and so increasing the reliability
and accuracy of mapping application (Sebastian, 2014). In spite of their aforementioned benefits,
the automation of UAVs still requires improvements of vehicle’s navigation parameters.
Autonomy of vehicles is commonly defined as the capability of a vehicle to make decisions using
sensor observations without human intervention. Hence, vehicle localization is the main step in
the autonomy.
Vehicle localization is considered as a fundamental challenge for operation in unknown indoor
environments. In addition to the localization problem, the unmanned vehicles encounter several
navigation hurdles including, but not limited to: a) the necessity of building a map of the
environment during flight from various positions. Afterward, these partial representations from
various positions need to be assembled to construct a coherent map. Such assembly is contingent
on access to the vehicle’s position which is a challenge in indoor environments, and b) The
problem of feature extraction in sensory processing. Specifically, correct data association, which
is used to estimate the transformation between two consecutive scans, suffers from contaminated
raw measurements caused by random noise. Therefore, navigation of a vehicle in an unknown,
indoor environment is addressed by simultaneous localization and mapping method (SLAM)
(Santos, Portugal and Rocha, 2013).
1.1 Simultaneous Localization and mapping Approach (SLAM)
This method is a system for constructing a map of an unknown environment (𝑚) while
concurrently estimating the position of a moving object (𝑋𝑇 ) within that environment using sensor
observations (𝑍𝑇 ) and/or navigation sensor (𝑈𝑇 ). SLAM is classified into two approaches, namely
full SLAM and online SLAM. A full SLAM estimates the entire trajectory of the vehicle, while
the online SLAM estimates only the vehicle’s most recent position.
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Figure 1-2 demonstrates the online SLAM graphical model using the involved variables from the
SLAM problem and the relationship between these variables. The involved variables refer to the
sequence of vehicle positions, map, sensor observations, and navigation measurements – all
relative information between two successive locations, such as inertial measurement unit (IMU)
measurements.

Figure 1-2: Online SLAM graphical model.

Typically, SLAM approaches that utilize laser rangefinders depend on the scan matching method
of the successive scans. The point-to-point, as shown in (a)
Figure 1-3, or feature-to-feature, as shown in (a)

(b)
(b)

Figure 1-4, scan matching methods are methods that have been adopted to estimate the relative
transformation parameters between consecutive scans. It is performed by matching the current
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scan with either the previous scan or the partially built map, namely local and global scan matching
respectively (Diosi and Kleeman, 2005; Bosse and Zlot, 2008).

(a)

(b)

Figure 1-3: Point-to-Point scan matching method. a) Before scan matching process b) After scan
matching process.

(a)

(b)

Figure 1-4: Feature-to-Feature scan matching method. a) Before scan matching process b) After
scan matching process.

1.2 Indoor Navigation Environments
Indoor navigation environments are distinguished in a few different categories. These distinctions
are described as follows:
1.2.1 Known Versus Unknown
A ‘known’ environment implies there is prior information, and/or pre-arrangement, while
‘unknown’ refers to a complete lack of information for a given location/environment (Arras, 2003).
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1.2.2 Structured Versus Unstructured
Unstructured environments, for instance caves, are characterized by lack of linear features and no
specific pattern for the environments (Nurmaini, Putra P. and Rendyansah, 2012). Extracting
features is exacerbated when the environment is unstructured, and often feature-to-feature methods
fail to treat such environments (Guivant et al., 2004). On the other hand, availability of features,
such as lines and corners, is typically exhibited in structured environment for instance most of the
indoor buildings.
1.2.3 Static Versus Dynamic
For static environment, the detected obstacles do not move over time, while the environment is
deemed to be dynamic when it contains objects, other than the unmanned vehicle that move and
change their position over time even periodically or in random motions (Thrun, Burgard and Fox,
2005).
In dynamic environments, mapping and localization are challenging tasks because the unmanned
vehicles should be able to cope with the changing position of the moving objects. Furthermore, it
should eliminate the impacts of the false occupation of the moving objects during modeling the
environment (Wolter, 2008). Humans are typical examples of moving objects.
1.3 Problem Statement
Even though the SLAM method addresses the problem of navigating in unknown environments, it
encounters essential mapping challenges, for instance features extraction and features matching,
specially, in unstructured, dynamic, or large scale environments (Thrun and Leonard, 2008). There
are also challenges caused by the scan matching approaches, vehicle’s dynamic, utilized sensors,
and autonomous requirements.
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1.3.1 Related Challenges to the Scan Matching Approaches
As mentioned before, scan matching approach is a key step in a lot of SLAM methods. Current
point-to-point algorithms such as Iterative Closest Point (ICP), Iterative Matching Range Point
(IMRP), Iterative Dual Correspondence (IDC), and Polar Scan Matching (PSM) handle the scan
matching problem in an iterative fashion, significantly impacting the amount of time spent on the
task. Moreover, the scan-to-scan registration convergence is not guaranteed, especially in cases of
aggressive maneuvers or with rapid movement. In addition, these algorithms suffer from
accumulated errors as they cannot mitigate previous errors.
Unlike points registration, other scan matching approaches are based on features registration such
as corners registration. Features registration approach is more robust than points registration
approach for the data association process (Mohamed et al., 2016). However, the features
registration approach also sometimes fails when the detected features are less than the required.
Moreover, Hector SLAM algorithm solves the SLAM problem through nonlinear sparse
optimization using occupancy grid. The probabilistic occupancy grid assumes that each individual
cell of the grid is independent from its neighbors. Each occupancy cell probability is based on
information from previous observations, as well as new observations from the sensors. However,
this method can get trapped in local minima because of the employed gradient ascent (Kohlbrecher
et al., 2011). Therefore, the multi-resolution map representation, using multiple occupancy grid
maps with different cell sizes, is used to avoid getting trapped in local minima. But, indeed this
approach increases the time consumption and the memory requirements of the process.
Furthermore, all sensors are influenced by several sources of noise, thereby affecting their
measurement accuracy.

6

1.3.2 Related Challenges to the Vehicle’s Dynamic
The use of UAVs implies the incorporation of 6-degree-of-freedom (6-DOF) navigation mode.
Hence, the platform can translate and rotate around all its axes. Consequently, the 3D SLAM
approaches such as the multi-volume occupancy grid and Voxel grids methods address the
mapping representation of the 3D environments, that are adequate for the UAVs. However, the
memory cost is significantly increased beyond the real-time performance limit in this approach.
1.3.3 Related Challenges to the utilized sensors
Scan matching process of long corridors, that exceeds the detection range of laser scanner
rangefinder, faces different challenges due to the lack of evidence for the forward movement which
affects the estimation of the longitudinal movement. This problem leads to shrinking in the
mapping structure of the corridor.
Hence, using low-cost Micro-Electro-Mechanical Systems (MEMS) inertial sensors as part of the
autopilot is an essential source of navigational state parameter uncertainties. However, these
sensors are characterized by high noise and drift over time due to the integration of errors.
1.3.4 Related Challenges to the Autonomous Requirements
Autonomy of vehicles is commonly defined as the capability of a vehicle to make decisions using
sensor observations and not human intervention. To that end, the aim of autonomy is to teach
vehicles to mimic human actions in different situations (Bestaoui Sebbane, 2015). Many
algorithms, such as Dijkstra, A* and Rapidly-exploring Random Tree (RRT), have been developed
for path planning (i.e., trajectory generation) which focus on finding the optimum route to the
destination. Such techniques, however, generally do not consider efficiency in terms of the
exploration of the area, and exploring unknown environments involving unknown trajectories.
Therefore, the vehicle should be ‘smart’ in its real-time choice of destination while taking into
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account the surrounding environment and the most efficient trajectory to the destination to
maximize the visited area. Moreover, the vehicle should minimize the risk on the generated path
and implicitly avoid collision. This is compounded when encountering sudden movement in the
environment, leading to establish active scenario method while localization.
1.4 Research Objectives and Contributions
As mentioned earlier, working in an unknown static/dynamic structured/unstructured indoor
environment requires representation of the environment (i.e., a map) and the localization of the
UAV inside this representation. Therefore, the main objective of this thesis is to design and
implement a UAV navigation system with the ability to efficiently explore unknown
static/dynamic structured/unstructured indoor environments. This can be achieved by developing
four fundamental tasks, namely, SLAM, integrated navigation, active localization, and exploration
as will be discussed in the following sub-sections. In addition to these four tasks, the entire onboard processing system should meet real-time requirements without compromising the accuracy
of the system.
1.4.1 First Task (SLAM)
The SLAM method addresses the problem of map construction of an environment using a mobile
robot while simultaneously estimating the position of the robot relative to this map. Therefore, the
first objective is to use SLAM in order to deal with unknown static/dynamic and/or
structured/unstructured environments. This involves several sub-tasks, outlined as follows:
1.4.1.1 Develop an Efficient Scan Matching Approach
The scan matching approach determines the transformation parameters between two successive
scans. Developing an automated real-time scan matching algorithm with the capability of a)
mitigating the accumulated errors, b) increasing the scan-to-scan convergence probability, c)
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limiting the number of iterations needed to reach convergence in harsh situations, like rapid
movement, steep maneuvers, and; d) dealing with available features even though they are less than
the required, is crucial. The extraction of environmental features, such as lines and corners, is also
required, all in a short period of time in order to meet the requirements of real-time measurements.
1.4.1.2 Robust Map Representation
The occupancy grid representation of the map is typically built using individual frame pixels. The
pixels, however, suffers from sensor’s noise. Therefore, the next objective is to develop robust cell
probabilistic computation method in order to increase the hardiness of the representation.
Furthermore, development of a filtering approach relies on the cell probabilistic computation to
distinguish between the static and dynamic objects in two different maps.
1.4.1.3 Development of a Mapping Approach for Structured and Unstructured Environments
The next objective is to develop a mapping approach that can handle both structured and
unstructured environments. In a structured environment, features available, feature-to-feature scan
matching is utilized. On the other hand, in an unstructured environment, point-to-point scan
matching is used. Moreover, alternating between both approaches is implemented to guarantee
features continuity will not be lost.
1.4.1.4 Reduction of 3D Occupancy Representation to 2D point cloud Slices
Due to the high memory consumption of the multi-volume occupancy grid in 3D environments,
the entire map is divided into several 2D point cloud slices based on the altitude of the UAV. Each
2D point cloud slice has its own altitude, as well as a transient region between each slice to
facilitate connecting neighboring slices.
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1.4.2 Second Task (Integrated Navigation)
In this task, a multi-sensor fusion technique is developed which has the ability of estimating the
longitudinal movement using external source (such as optical flow) during the lack of evidence
from the forward motion.
1.4.3 Third Task (Active Localization)
The objective of this task is to achieve a real-time monitoring approach of the dynamic objects to
respond appropriately, in order to re-evaluate the destination and trajectory of the vehicle during
sudden situations.
1.4.4 Fourth Task (Exploration)
Working in unknown environments requires effective exploration and information gathering in
order to save time and maximize coverage of the area. Hence, it is essential that the UAV record
and track the explored area. Furthermore, cost function representations of the static and dynamic
objects are required. Thus, distance transform method is applied for the representation of the static
map and the Gaussian kernel is utilized for the representation of the dynamic map.
1.4.4.1 Develop a Real-Time Trajectory Generation Technique
The UAV must be able to choose a proper destination according to the surrounding environment
and the constraints of the UAV such as its size. Moreover, the UAV should calculate the most
efficient trajectory to this destination according to the cost function, in real-time, while maximizing
the visited area and minimizing the risk of the vehicle.
1.5 Chapters Overview
The thesis introduces the design and implementation of a UAV navigation system that has the
capability of efficiently exploring unknown static/dynamic structured/unstructured environments.
The technical challenges and solutions are addressed in the subsequent chapters. Each chapter
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includes the corresponding experimental results and summary. The experimental results are
performed in both static and dynamic environments.
▪

Chapter 1 presents the importance of the UAVs in indoor operations. Furthermore, the
problem statement, research objectives and contributions are described as well.

▪

Chapter 2 covers the relevant research works. Hence, the chapter is divided into to main
topics: a) indoor navigation techniques, and; b) scan matching approaches.

▪

Chapter 3 demonstrates the hardware architecture of the implemented UAV. It is divided
into two sub-systems; namely navigation and autopilot sub-systems. The four main tasks;
namely SLAM, integrated navigation, active localization, and exploration, of the software
system architecture are also described. Sensor and system calibrations are also presented.

▪

Chapter 4 illustrates the first main task, which is the SLAM task. The proposed
initialization step, that improves the iterative fashion of both local and global scan
matching approaches, such as ICP, and Hector SLAM algorithms respectively, are defined.
The experimental results and summary are presented at the end of each proposed algorithm.

▪

Chapter 5 proposes a novel scan matching algorithm and its improved version. The
experimental results and summary are presented at the end of each proposed algorithm.

▪

Chapter 6 discusses the second main task, which is integrated navigation task. The output
of the proposed SLAM algorithm is fused with optical flow sensor using Extended Kalman
Filter (EKF). The inertial sensor is also fused with the proposed algorithm and optical flow
sensor for roll, pitch compensation and position estimation. Moreover, the 3D environment
is represented by a novel approach in which the entire map is divided into multi-slices of
2D point cloud with different altitudes. The experimental results and summary are
presented at the end of each proposed algorithm.
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▪

Chapter 7 outlines the third and fourth main tasks. An improved A* algorithm for
generation a real-time efficient trajectory is proposed. The computation method of the cost
functions for both static and dynamic objects are demonstrated.

▪

Chapter 8 concludes the research work by mentioning the problem and highlighting the
achievements and contributions, as well as the expected future work is proposed.

Figure 1-5 shows the chapters’ overview of this thesis. Chapters 4 and 5 cover the first main task.
The second main task is discussed in Chapter 6. The third and fourth main tasks are illustrated in
Chapter 7.

Figure 1-5: Chapters overview.

12

Chapter Two: Background
This chapter introduces the necessary background on different indoor navigation techniques and
different scan matching algorithms. Navigation of a vehicle in an unknown indoor environment is
addressed by Simultaneous Localization and Mapping method (SLAM). This method is a system
for constructing a map of an unknown environment while concurrently estimating the position of
a moving object within that environment. The challenge for mapping then becomes a problem of
integrating the sensor-gathered information of the moving object into a given representation, and
the subsequent interpretation of the sensor(s) data and how to accurately represent the
environment. Ultimate with a view to answering the question: “What does the surrounding
environment look like?”
The problem of localization, estimating the position of a moving object relative to the surrounding
environment, is also an issue. In 3D, there are six parameters defining the moving object in space,
that is, three positions and three orientation parameters, as illustrated in Figure 2-1, all working to
answer the object’s main concern: “Where am I?” The answer to this question is paramount,
because any subsequent moves are dependent on the answer (Montemerlo et al., 2002; Bailey and
Durrant-Whyte, 2006; Durrant-Whyte and Bailey, 2006).
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Figure 2-1: 3D Estimated Parameters.

Where

𝑋𝐿 , 𝑌𝐿 , 𝑍𝐿

: is the local reference frame axes

𝑋𝐺 , 𝑌𝐺 , 𝑍𝐺

: is the global reference frame axes

x, y, z

: is the 3D position of the moving object in space

Roll

: is the rotation angle around the local reference frame X-axis

Pitch

: is the rotation angle around the local reference frame Y-axis

Yaw

: is the rotation angle around the local reference frame Z-axis

In general, navigation, localization, and mapping are executed iteratively, and so to begin, a UAV
starts its position by defining its state estimates, retaining this knowledge in memory and then
following the steps outlined below:
1. Fly some distance, typically introducing some error in the saved state estimates, called
control vector
2. Gather some sensor measurements, helping to reduce the error in the state estimate
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3. Localize itself within the surrounding environment, using its knowledge of how far it has
flown and its sensor readings
4. Update the map using the sensor readings
5. Repeat.
2.1 Indoor Navigation Techniques
The research work of (Alpen, Frick and Horn, 2012) is based on the SLAM technique, but for
autonomous flight in an unknown indoor environment, the vehicle must have two key features: 1)
it must be able to build a map and localize itself within it, and; 2) the vehicle must be able to
navigate safely inside that environment. The on-board system is equipped with an IMU, compass,
global positioning system (GPS), laser rangefinder and finally two microcontrollers. The first
microcontroller is used for the flight itself, and the other is used for processing the SLAM
algorithm. The proposed algorithm requires structural assumptions of the environment, such as the
environment consisting of lines, and the lines being orthogonal to each other. The estimation of
the heading is then performed using a cross-correlation, assuming the rectangularity of the
environment.
The experimental results demonstrate that the vehicle has the ability to map unknown indoor
environments with full autonomy. The experimental results are achieved with constant velocity
and altitude, meaning the UAV is operating more like a holonomic ground vehicle with three
degrees of freedom and the same state parameters (i.e., x, y, θ). The experiment depends on an a
priori known trajectory.
Figure 2-2 clarifies the basic idea of the SLAM algorithm, consisting of five tasks: data preprocessing, line estimation, orthogonal fill, map update, and map optimization.
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Figure 2-2: Basic Work Flow of the SLAM Algorithm.
(Li et al., 2014) presents a SLAM algorithm integrating LIDAR, and MEMS IMU, where its
overall system structure is outlined in Figure 2-3. The LIDAR measurements are leveled using the
roll and pitch angles provided from the Kalman Filter, and subsequently, feature extraction and
matching are performed. The position and heading of the vehicle are determined from the map,
and these values are then fed into the Kalman Filter. Finally, the navigation solution is estimated
through the integration of LIDAR and IMU measurements. The proposed algorithm depends on
structural assumptions such as all obstacle surfaces consisting of vertical planes with respect to the
ground plane.

Figure 2-3: Overall system architecture.
The research work of (Fei Wang et al., 2014) represents a robust and efficient indoor navigation
solution for a quadcopter UAV performing autonomous flights using IMU and two orthogonal
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laser scan rangefinders. The position of the UAV is estimated by measuring the horizontal
rangefinder, and the height of the UAV, with respect to the ground, is determined by the second
rangefinder mounted orthogonally to the first, as seen in Figure 2-4. As the UAV flies, both laser
scanner rangefinders provide the localization algorithm with their measurements, and the
localization algorithm obtains the 3D relative position and heading. This information together with
the IMU measurements are then provided to the Kalman Filter in order to estimate the navigational
solution.

Figure 2-4: Structure of the UAV On-board Navigation System.
Another indoor study by (Lee, Lee and Chung, 2008) attempts to identify the position using
Received Signal Strength Indication (RSSI) signals, by establishing a wireless network with
several base sensor nodes. Figure 2-5 demonstrates the concept of location sensing, as multiple
base stations are installed indoors in order to achieve complete coverage. Because their locations
are known and registered in a database, they provide signal strength measurements for mapping to
an approximate distance.
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Figure 2-5: Location Sensing Concept.
(Wolf and Sukhatme, 2004) presents an online SLAM in dynamic environments. The proposed
algorithm depends on occupancy grid and landmarks. The position of the vehicle is estimated using
the landmarks, such as corners, in the environment. The measurements of the laser rangefinder are
allocated in the occupancy grid according to the estimated position of vehicle. Thereafter,
differentiating between static and dynamic objects into two occupancy grid are utilized using the
occupation probability. The dynamic map maintains the locations of the dynamic objects only at
the present time.
The proposed indoor navigation system for UAVs by (Kara Mohamed, Patra and Lanzon, 2011)
uses three lasers, fixed to the body of the UAV, and a camera. The lasers maintain a constant angle
and are directed on the ground and, using the camera, laser dots are captured to determine
coordinates using a computer vision algorithm and known control points. From this, the UAV
position and orientation can be estimated using the laser dot coordinates without further
optimization algorithms, additional GPS/INS sensors, or estimation methods. Figure 2-6 illustrates
the schematic diagram of this proposed navigation system.
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Figure 2-6: UAV system architecture.
(Courbon et al., 2010) proposed a vision-based navigation for UAVs. In order to reduce the
computational load, the navigation is performed using on-board camera and ground station
computer using natural landmarks. The landmarks are recorded in advance and stored in the ground
station computer, and each captured image is sent to the ground station for processing, and the
estimated state is then sent back to the UAV via wireless connection.
In earlier work, (Courbon et al., 2008) presented a method for global localization using
omnidirectional images. Images of the surrounding environment are recorded and analyzed for
recognition of basic features before the flight. The aim is to locate the best fit image to the current
image using the pre-recorded images, thereafter identifying any known features and estimating the
position of UAV.
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2.2 Scan Matching Approaches
Scan matching is a key step in a lot of SLAM approaches. Typically, the relative parameters of the
vehicle are estimated from the matching of the successive scans (Shu, Xu and Huang, 2013).
Furthermore, constructing the map is performed from the scan matching as well. Many accustomed
approaches have been proposed to perform the scan matching between the successive scans, local
scan matching or scan-to-scan, such as Iterative Closest Point (ICP) (Besl and McKay, 1992),
Iterative Matching Range Point (IMRP) (Lu and Milios, 1994), Iterative Dual Correspondence
(IDC) (Lu and Milios, 1994), and Polar Scan Matching (PSM) (Diosi and Kleeman, 2005). The
first three algorithms are working in Cartesian coordinate system, whereas the PSM is using polar
coordinate system. The fundamental difference between these algorithms is the method of finding
the correspondences between the successive scan frames. The ICP algorithm assigns
correspondences between points based on the shortest Euclidean distance. IMPR selects the
correspondence with the same range as the reference point and within a defined region of the model
near the reference point. IDC merges ICP and IMRP algorithms: it uses the ICP to compute the
translation, and then IMRP algorithm to calculate the rotation. PSM depends on the matching
bearing rule by projecting and comparing the range of the point cloud according to each bearing
angle (Tungadi and Kleeman, 2007). Iteration is a common aspect in all these algorithms because
of nonlinearity of the model. Thus, they are relatively time consuming. Furthermore, the solution
convergence is not guaranteed especially at the cases of aggressive rotation or rapid movement,
which motivates the use of other aiding sensor such as odometer or IMU into the matching process.
For global scan matching, the current scan is matched with the constructed map and it is also called
scan-to-map. Hector SLAM is considered to be scan-to-map approach and it is a graph based
optimization technique that solves scan matching process using Gauss-Newton approach.
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Consequently, Hector SLAM seeks to estimate the rigid transformation parameters that minimize
the alignment error between the current scan and the partially constructed map (Kohlbrecher et al.,
2011).
2.3 Environment Representation
For 2D representation, the 2D occupancy grid addresses issues surrounding the construction of
maps of unknown environments from noisy and uncertain sensor observations. Fundamentally, an
occupancy grid represents the map of the environment as an array of cells whose sizes are fixed
(i.e. square cells), for the entire map. Each cell is treated as a field of random, binary variables.
These random variables represent the occupancy of the location they cover (Thrun, Burgard and
Fox, 2005). Consequently, the occupancy grid presents the environment as a probabilistic
outcome, meaning that the posterior probability is computed for each cell using a prior probability
and current data (i.e. sensor measurements), as shown in Figure 2-7.

Figure 2-7: The updating paradigm of the occupancy grid.
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On the other hand, in order to perform basic navigation tasks in unknown environment, the UAVs
require data structures capable of representing the 3D environment. Various approaches are
proposed such as voxel grids (Duffy, Allan and Herd, 1989; Roth-Tabak and Jain, 1989), 3D point
clouds (Cole and Newman, 2006; Nüchter et al., 2007), multi-level surface maps (MLS) (Triebel,
Pfaff and Burgard, 2006), octree (Meagher, 1982; Wilhelms and Van Gelder, 1992; Fournier,
Ricard and Laurendeau, 2007), multi-volume occupancy grid (MVOG) (Dryanovski, Morris and
Jizhong Xiao, 2010), multi-level occupancy grids (MLOG) (Tian et al., 2016), and elevation map
(Herbert et al., 1989; Hadsell, Bagnell and Hebert, 2009).
Voxel grids approach is represented as the direct extension of the 2D occupancy grid for the 3D
environment. A voxel is a cube shape and it is the smallest map element. All voxels in the grid
have the same size, as shown in Figure 2-8.

Figure 2-8: A group of voxels.
3D point clouds approach presents the environment using points, each point is characterized by
3D coordinates. The point clouds are created from a range sensor such as LIDAR. Figure 2-9
shows a 3D representation using 3D point clouds.
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Figure 2-9: 3D representation using 3D point clouds.
Elevation maps approach presents the 3D environment in a compact representation, in which the
approach represents the environment using 2D occupancy grid. Each cell in the grid stores the
height of the obstacle in the corresponding area.
Multi-level surface maps (MLS) approach is similar to the elevation map approach except for
allowing the storage of different heights in the same cell to clearly represent the vertical structures.
Octree approach is a hierarchical data structure in which each parent voxel has exactly eight
children. Thus, the 3D environment is represented as a collection of voxels with varied sizes, and
hence, some voxels are recursively subdivided into eight children until a desired resolution is
achieved, as shown in Figure 2-10.

Figure 2-10: The subdivision of space using octree approach.
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Multi-volume occupancy grid (MVOG) approach is an extension of the MLS approach. However,
the MVOG approach stores both the obstacles and free space readings, which is denoted as positive
and negative readings respectively.
Multi-level occupancy grids (MLOG) approach presents the 3D environment as a stack of multiple
2D occupancy grids. Each 2D occupancy grid has a specific height. The height difference between
each two 2D occupancy grid is adjusted according to the application requirements.
2.4 Path Planning Problem
In robotics, path planning problem is the ability of the mobile vehicle to find an optimal path from
the current position to the desired destination among an enormous number of available paths.
Hence, the mobile vehicle should realize the map structure of the exploring environment and its
position with respect to that map. Many methods have been proposed to perform the path planning
such as Dijkstra’s algorithm (Dijkstra, 1959; Barbehenn, 1998; Kang, Lee and Kim, 2008), A*
algorithm (Hart, Nilsson and Raphael, 1968; Malaek and Kosari, 2007; Zeng and Church, 2009),
and rapidly exploring random trees (RRT) (Lavalle et al., 2000; Ferguson and Stentz, 2006; Tsai
et al., 2015).
Dijkstra’s algorithm is considered to be a shortest path algorithm. The shortest path algorithm is
based on a weighted graph. The algorithm aims to find the least cost path between two nodes in a
graph, namely source and goal nodes. The Dijkstra’s algorithm starts by assigning every node in
the graph a tentative cost value. Each node is set to infinity except for the source node is set to
zero. The algorithm creates a set of visited nodes to record the promising node and it initially
contains the source node. The algorithm calculates the distance from the source node to all its
neighbors. If the calculated distance is less than the stored cost value, the algorithm will replace it
as a recent cost value for the node. The node of the least cost value is added in the visited nodes
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list. The algorithm calculates the distance from the recent visited node to all its neighbors. The
algorithm repeats these steps until reaches the goal node. Ultimately, the least cost path is detected
between the source and goal nodes.
A* algorithm is an extension of the Dijkstra’s algorithm. However, the A* algorithm is based on
a heuristic approach. Thus, the A* algorithm differs from the Dijkstra’s algorithm in the
description of the node cost indices. Similar to Dijkstra’s algorithm, A* algorithm computes the
distance between the source and the examined nodes. However, unlike Dijkstra’s algorithm, A*
algorithm computes the distance between the examined and the goal nodes, as well.
Rapidly exploring random trees (RRT) addresses the path planning problem and collision
avoidance based on a sampling-based algorithm. The RRT algorithm also finds a path between the
start and the destination nodes, but it may not be the optimal path. The start node is the kernel of
the tree. The algorithm constructs the tree starting from this kernel until reaches the destination
node. The search space is divided into free and obstacle spaces. After choosing a random sample
node from the free search space, the algorithm requires connecting the nearest node in the tree with
the random sample node. Thus, the algorithm creates new nodes between them using a step size,
in an iterative fashion. The maximum step size is chosen according to the dynamic of the vehicle.
If the new node is located inside the obstacle space, the new node will be rejected and a new
random sample node will be selected.
Figure 2-11 presents the exploring process of the rapidly exploring random trees algorithm (RRT).
The obstacles are represented by the blue pentagons. The red circle presents the start node, while
the green circle presents the random sample node. The tree nodes are represented by the black
circles. The new node is represented by the orange circle. After choosing random sample node 1,
the newly created node, between the nearest node and the random sample node 1, is rejected
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because the new node is located inside obstacle. On the other hand, for the random sample 2, the
newly created node is accepted as it is located in the free space.

Figure 2-11: The exploring process of the Rapidly Exploring Random Trees Algorithm (RRT).
Ultimately, the background information is provided in this chapter and the actual contribution
work of the dissertation are introduced in the next chapters. The first step in the research work is
the design and development of the hardware system architecture and this will be covered in the
next chapter.
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Chapter Three: The Proposed UAV Hardware/Software Design and Development
In this Chapter, the proposed hardware and software system architecture of the UAV are discussed.
This discussion begins by outlining the proposed hardware system architecture. Thereafter, the
proposed hardware components and the used sensors are outlined. Also, the configurations and
specifications of the sensors are presented. Furthermore, the software system structure is discussed.
3.1 UAV Hardware System Architecture
The proposed hardware architecture consists of two main sub-systems, namely navigation and
autopilot sub-systems as shown in Figure 3-1. The navigation sub-system includes low-cost 2D
laser scanner rangefinder (LS), optical flow sensor (OF) accompanied with sonar, and mini PC,
while the autopilot subsystem comprises NAVIO 2 autopilot and laser rangefinder (LRF) attached
to raspberry pi 2 B embedded system board.

Figure 3-1: The two main sub-systems.
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3.1.1 Navigation Sub-System
3.1.1.1 Laser Scanner Rangefinder
The utilized low-cost laser scanner rangefinder is RPLIDAR 360° , as shown in Figure 3-2. This
sensor is developed by RoboPeak which produces 2D point cloud data. The sensor is characterized
by approximately short maximum detection range of, 6 m, minimum detection range of, 0.2 m,
maximum scan rate (rotation speed) of, 7 Hz, field of view of, 360° , angular resolution at the
maximum rotation speed of, 1.5°, and distance resolution of, 1% of the detected distance. The
sensor has two serial communication interfaces, universal asynchronous receiver/transmitter
(UART) and universal serial bus (USB).

Figure 3-2: RPLIDAR 360 laser scanner rangefinder development kit (RoboPeak).
Figure 3-3 illustrates the communication flow between the host system, i.e., computer, and
embedded system, and the laser scanner rangefinder sensor from the perspective of the host
system. The sensor has three message protocols; no reply, single reply, and multiple reply. The
laser scanner rangefinder acts as a slave. Therefore, the host system is responsible for sending
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commands to the sensor and according to the sent message, the sensor replies with one of the three
message protocols, as shown in Figure 3-3.

Figure 3-3: Communication flow between the host system and the laser scanner rangefinder.
The laser scanner rangefinder sends back the encapsulated data in a packet. The size of the packet
is 40 bits (5 Bytes), as shown in Figure 3-4. The message starts with start flag bit (𝑆) to indicate
sending a new scan, and inversed start flag bit (𝑆̅) can be used as a data check. Then, 6 bits are
dedicated for the quality of the current measurement. Check bit (𝐶) is also used as a data check.
Thereafter, 15 bits are assigned for the measurement of heading angle which is related to the
sensor’s heading (degree). Finally, 16 bits are assigned for the detected distance (mm).
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Figure 3-4: Packet description of the returned data.
Figure 3-5 shows the coordinates of the laser scanner rangefinder sensor. The x-axis points to the
longitudinal direction, while the y-axis points to the lateral direction. The rotation of the sensor is
in the clockwise direction.

Figure 3-5: The coordinates of the laser scanner rangefinder sensor.
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3.1.1.2 Optical Flow
The employed optical flow sensor is PX4FLOW (pixhawk). The PX4FLOW comprises imaging
sensor (camera), ultrasonic rangefinder (sonar), and low-cost MEMS 3-axes gyro as shown in
Figure 3-6. An ARM Cortex M4 processor is also mounted on the sensor board in order to process
the optical flow approach at a subsampled resolution of 64x64 pixels. The communication
interfaces are USB and UART.

Figure 3-6: PX4FLOW optical flow (OF) sensor (pixhawk).
The optical flow sensor provides 2D velocities with respect to the body frame. The utilized
ultrasonic rangefinder has been developed by Maxbotix. Its role is to provide the distance to the
captured scene and metric velocity values. The maximum detection range of this sensor is 5 m.
The gyro is used to compensate the angular velocity effect and provide compensated translational
velocity.
Figure 3-7 depicts the relationship between point in the object space (𝑃) and the image space (𝑝).
The focal length is represented by (𝑓), while (𝑍) presents the orthogonal distance from the
perspective point to the object space, as given in Equation (3-1).
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Figure 3-7: Relationship between point in the object space and the image space.

𝑝=

𝑓∗𝑃
𝑍

(3-1)

𝑝 = [𝑥, 𝑦, 𝑓]𝑇

(3-2)

𝑃 = [𝑋, 𝑌, 𝑍]𝑇

(3-3)

Equation (3-4) presents the relative motion (𝑉) between point (𝑃) and the imaging sensor
(Honegger et al., 2013).

𝑉 = −𝑇𝑡𝑟 − 𝜔 ∗ 𝑃
Where

𝜔

(3-4)

: the angular velocity

𝑇𝑡𝑟 : the translational component of the motion
Derivation of Equation (3-1) with respect to time gives the relation of the velocities between point
(𝑃) in the object space and point (𝑝) in the image space, as given by:
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𝑣𝑝 = 𝑓
Where

𝑍 ∗ 𝑉 − 𝑉𝑧 ∗ 𝑃
𝑍2

𝑣𝑝

: velocity or the flow of point (𝑝) in the image space

𝑉𝑧

: velocity of point (𝑃) in the object space in the z-direction

(3-5)

Substituting Equation (3-4) in Equation (3-5), then x and y components of velocity are expressed
as:

Where

𝑣𝑝𝑥

𝜔𝑥 𝑥𝑦 − 𝜔𝑦 𝑥 2
𝑇𝑧 𝑥 − 𝑇𝑥 𝑓
=
− 𝜔𝑦 𝑓 + 𝜔𝑧 𝑦 +
𝑍
𝑓

(3-6)

𝑣𝑝𝑦

𝑇𝑧 𝑦 − 𝑇𝑦 𝑓
𝜔𝑥 𝑦 2 − 𝜔𝑦 𝑥𝑦
=
+ 𝜔𝑥 𝑓 − 𝜔𝑧 𝑦 +
𝑍
𝑓

(3-7)

𝑣𝑝𝑥 : velocity or the flow of point (𝑝) in the image space in the x direction
𝑣𝑝𝑦 : velocity or the flow of point (𝑝) in the image space in the y direction

The optical flow measurements are computed between the consecutive image frames. The sum of
absolute differences (SAD) algorithm is utilized to find the similarity between two blocks of the
same size (Niitsuma and Maruyama, 2010).
3.1.1.3 Mini PC
The laser scanner rangefinder and the optical flow measurements are collected in mini computer.
Figure 3-8 shows the used computer called mini PC VOYO v2.

Figure 3-8: Mini PC for collecting data (VOYO v2).
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The specifications of the mini PC are as follows:
•

The CPU is intel Z3735 – Quad-core 1.83 GHz

•

2 GB DDR3 RAM

•

Built in Lithium battery

3.1.2 Autopilot Sub-System
3.1.2.1 NAVIO 2 Autopilot
Figure 3-9 shows the utilized NAVIO 2 autopilot shield. This autopilot shield is equipped with
dual IMU (MPU9250 9DOF and LSM9DS1 9DOF), magnetometer, barometer (MS5611), U-blox
M8N GPS/Glonass/Beidou receiver. Furthermore, NAVIO 2 supports multiple interfaces, for
example inter-integrated circuit (I2C), analog-to-digital converter (ADC), and UART, for adding
extra sensors.

Figure 3-9: NAVIO 2 autopilot shield.
The NAVIO 2 autopilot shield requires external embedded system, for instance Raspberry Pi, for
code execution and development.
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3.1.2.2 Laser Rangefinder
Figure 3-10 shows the used laser rangefinder from PulsedLight. This sensor is characterized by
single laser beam with maximum detection range of, 40 m, accuracy of, +/- 0.025 m, frequency of,
500 Hz, communication interface, I2C and pulse width modulation (PWM).

Figure 3-10: Laser rangefinder (Pulsed LIDAR Lite).

3.1.2.3 Raspberry Pi 2 Model B
Figure 3-11 shows the utilized embedded system, which is the Raspberry Pi 2 Model B board. The
specifications of the Raspberry Pi 2 are:
•

The CPU is Quad-core ARM Cortex-A7 900 MHz

•

1 GB RAM

•

Micro SD card slot

•

Compatible with Linux and Windows 10 IoT operating systems

•

Various interfaces such as USB, Ethernet, general purpose input/output (GPIO)

Figure 3-12 shows the installation view of the Raspberry Pi 2 with the NAVIO 2 autopilot shield.
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Figure 3-12: Raspberry Pi 2 with NAVIO 2.

Figure 3-11: Raspberry Pi 2 Model B.

3.1.3 Aerial Platform
Figure 3-13 illustrates the proposed hardware system architecture. The system architecture consists
of a quadcopter UAV, Raspberry Pi 2 model B embedded computer, NAVIO 2 autopilot shield,
laser scanner rangefinder, laser rangefinder and optical flow sensor. The laser scanner rangefinder
and optical flow sensors are connected to the mini PC composing the navigation sub-system, where
the connections are represented by the orange arrows. For the autopilot sub-system, the NAVIO 2
is installed with the Raspberry Pi 2, while the laser rangefinder is connected to the NAVIO 2,
where the connections are represented by the blue arrows. The laser scanner rangefinder is
mounted horizontally on the top of the UAV, the laser rangefinder is installed orthogonally to the
laser scanner and fixed at the bottom pointing to the ground. The optical flow sensor is mounted
at the bottom pointing to the ground as well. The payload of the UAV is approximately 1 kg.
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Figure 3-13: Hardware system architecture.

Figure 3-14 illustrates the reference frame of individual sensors as well as the vehicle. The laser
scanner rangefinder and the optical flow sensor are aligned together. Their x-axes point to the
forward direction, while their y-axes point to the lateral direction. The z-axis of the optical flow
sensor points downward. The x-axis of the utilized IMU (LSM9DS1) points backward, the y-axis
points at lateral direction, while the z-axis points upward. The x-axis of the vehicle points to the
lateral direction, the y-axis points forward, while the z-axis points downward.
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Figure 3-14: Reference frames.
3.2 UAV Software System Architecture
Below, Figure 3-15 demonstrates the overall system structure performing the main four objective
tasks; SLAM, integrated navigation, active localization, and exploration. The goal here is to
estimate the position and attitude parameters of the vehicle inside the unknown static/dynamic
structured/unstructured environment and correct the navigation error drift caused by using a lowcost MEMS IMU. By building static/dynamic maps of the unknown indoor environment and using
the surrounding representation, the vehicle calculates its next destination and trajectory, and so the
UAV is able to change trajectory according to dynamic map ‘behavior’. Therefore, the proposed
research work is comprised of four tasks: 1) SLAM, represented by the orange blocks; 2) integrated
navigation, represented by the green blocks; 3) active localization, depicted by the red blocks, and;
4) exploration, shown as purple blocks. The solid lines present the connection between blocks in
the same task, while the dashed lines present the connection between blocks in different tasks.
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Figure 3-15: The general proposed system structure.
3.2.1 First Task (SLAM)
The proposed scan matching consists of a feature extraction step (such as lines and corners) as an
initialization step prior to running the proposed algorithm. Thereafter, an ICP algorithm is
implemented either as a fine-tuning step during feature detection or main scan matching approach
during features absence, as shown in Figure 3-15. This initialization step aims to increase the
convergence probability and also limit the number of iterations needed to reach convergence.
Corner detection is preceded by line extraction from the laser scans because all intersections
between extracted lines are detected as corners regardless of the physical intersection of these line
segments in the scan. Because the likelihood of line availability in unstructured environments is
low, the scan matching algorithm will depend on the ICP algorithm in the lake of features.
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Raw measurements of the laser scan rangefinder (i.e. horizontal) provide 2D point cloud data in
the form of polar coordinates (rLS , θLS ) in the laser scanner (LS) coordinate frame (l-frame).
Therefore, a line extraction algorithm is used after converting the point cloud to Cartesian
coordinates in order to convert this data to lines. The installed sonar with the optical flow sensor
is used to provide the height above ground level (zLS ).
As every two successive scan frames are matched together, the map is partially built from the
already-explored environment, and simultaneously the position and heading of the UAV (pm , A𝑚 )
in the mapping frame (m-frame) are estimated from the explored environment. The proposed
algorithm is able to distinguish between static and dynamic objects. Furthermore, the algorithm
separates them into two different maps, namely static and dynamic maps.
3.2.2 Second Task (Integrated Navigation)
Outputs derived from the first task, that is, the position and attitude of the UAV, are fed to the
autopilot sub-system. This information is integrated with INS measurements as a coordinate update
(CUPT) using EKF in order to estimate vehicle parameters, as shown in Figure 3-15. The feedback
loop is an important configuration component for MEMS-based INS operation (Yang, Niu and ElSheimy, 2006a).
3.2.3 Third Task (Active Localization)
The dynamic objects, around the trajectory of the vehicle, are monitored in order to avoid collision.
Therefore, the vehicle should switch to an alternative trajectory to potentially decrease the
vehicle’s risk.
3.2.4 Fourth Task (Exploration)
Using the constructed static map, the vehicle detects empty exits in the current environment, such
as open doors, windows, or even free spaces between obstacles, thereby enabling the vehicle to
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estimate the position of the exit and choose it as its next candidate destination. The vehicle will
then decide on the most efficient trajectory and shortest path, while maximizing the visited area of
the surrounding environment and minimizing the vehicle’s risk.
3.3 Sensor Calibration
3.3.1 Laser Scanner Rangefinder
Table 3-1 demonstrates different standard deviations of the used laser scanner rangefinder pursuant
to the detection range.
Table 3-1: Standard deviations of the laser scanner rangefinder according to the detection range.
Detection Range [m]

Standard Deviation (𝝈) [cm]

Less than 1

0.34

Less than 2

0.73

Less than 3

1.79

Less than 4

3.27

Less than 5

3.92

Less than 6

5.44

Figure 3-16 shows an odd detection behavior of the laser scanner rangefinder in a static mode for
the same wall, of about 2 m in length, and from detection distance of about 3 m. This odd behavior
is due to the distance resolution and is approximately 1% of the detection distance. Therefore, the
same wall detection will be represented as successive lines with a separation distance equal to the
1% of the detection distance; 3 cm in this example.
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Figure 3-16: Detection behavior of the laser scanner rangefinder.
3.3.2 Laser Rangefinder
Figure 3-17 shows measurements of the laser scanner rangefinder for 1 min, represented by the
red line. The blue line represents the reference altitude, 79 cm. The green line represents the mean
of the measurements, 83 cm, while the purple lines represent the standard deviation, 1.2 cm.

Figure 3-17: Measurements of the laser rangefinder for 1 min.
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3.3.3 Sonar
Figure 3-18 shows measurements of the sonar for 1 min, represented by the red line. The blue line
represents the reference altitude, 89.5 cm. The green line represents the mean of the measurements,
92.5 cm, while the purple lines represent the standard deviation, 0.6 cm.

Figure 3-18: Measurements of the sonar for 1 min.
3.4 Sub-System Synchronization
As mentioned earlier, the proposed system consists of two sub-systems, namely navigation and
autopilot sub-systems. The measurements of the laser rangefinder and the sonar are used for the
synchronization process. Figure 3-19 demonstrates fixed altitude measurements of the laser
rangefinder and the sonar for 1 min. The blue line represents the measurements of the laser
rangefinder, while the cyan line represents their mean. The red line represents the measurements
of the sonar, while the magenta line represents their mean. Both sensors are mounted in distinct
43

levels due to the difficulty of finding free spaces on the vehicle. As a result, the difference between
the means of the two measurements is approximately 10 cm.

Figure 3-19: The measurements of the laser rangefinder and the sonar for 1 min.

The measurements of each sub-system have time shift because they are recorded by different clock
cycles and the laser rangefinder was switched on before the sonar, as shown in Figure 3-20. The
rising edge represents the take-off of the UAV, while the falling edge represents the landing of the
UAV. The measurements of the sonar are represented by the cyan line. It is obvious that these
measurements are affected by noise. Thus, median filter is used to perform noise reduction as
represented by the blue line. On the other hand, the measurements of the laser rangefinder are
represented by the magenta line.
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Figure 3-20: The measurements of the laser rangefinder and the sonar with respect to their time
frame.
Synchronization between the two sub-systems should be achieved for data fusion. Therefore, a
cross-correlation approach is performed in order to estimate the offset time between both
measurements. Figure 3-21 shows the measurements of the sonar after time adjustment with the
measurements of the laser rangefinder using the cross-correlation approach. The blue line
represents the measurements of the median filter of the sonar after time adjustment. The
measurements of the sonar are represented by the cyan line. The magenta line represents the
measurements of the laser rangefinder.
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Figure 3-21: The measurements of the laser rangefinder and the sonar after time adjustment
using the cross-correlation approach.
Figure 3-22 demonstrates the measurement of the laser rangefinder and the sonar after adjusting
the starting time for both measurements. The blue line represents the measurements of the median
filter of the sonar after time adjustment. The measurements of the sonar are represented by the
cyan line. The magenta line represents the measurements of the laser rangefinder.

Figure 3-22: Adjusting the starting time for both measurements of the laser rangefinder and the
sonar.
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Chapter Four: The Proposed Initialization Step Using Detected Features
Typically, most of the indoor missions’ environments could be unknown, unstructured, and/or
dynamic. Therefore, navigation of UAVs in such environments is addressed by simultaneous
localization and mapping approach (SLAM) in either local or global approaches. SLAM
approaches that utilize laser rangefinders depend on a scan matching method of the successive
scans. The local and global approaches suffer from accumulated errors, and further, high time
consumption due to iterative fashion of the scan matching method. Moreover, point-to-point scan
matching is prone to bad data association process due to rapid movement or aggressive maneuvers.
4.1 Improving ICP Algorithm using Line and Corner Features
Automatic real-time matching of the successive scans is performed either explicitly or implicitly
by any localization approach that utilizes laser rangefinders. Many accustomed approaches such
as Iterative Closest Point (ICP) handles the scan matching problem in an iterative fashion which
significantly affects the time consumption. Furthermore, the solution convergence is not
guaranteed especially in cases of aggressive maneuvers or rapid movement, which motivates the
use of other aiding sensor such as odometer, IMU into the matching process. Therefore, an
automated real-time scan matching algorithm is proposed where the matching process is initialized
using the detected corners (Mohamed et al., 2016). This initialization step aims to increase the
convergence probability and to limit the number of iterations needed to reach convergence. The
corner detection is preceded by line extraction from the laser scans. The presented method can be
employed solely to match the successive scans and can also be used to aid other accustomed
iterative methods to achieve more effective and faster converge.
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4.1.1 Overview of the Proposed Algorithm Structure
Figure 4-1 shows the overall structure of the proposed algorithm. For every two successive scans,
the proposed algorithm starts by extracting the lines from the reference and current point clouds.
The extracted lines are matched after accepting mutual compatibility with the previous scan lines.
The set of all intersections between extracted lines are detected as corners regardless of the
physical intersection of these line segments from the scan. The detected corners are used to
estimate the transformation parameters between the successive scan using weighted least squares.
These estimated transformation parameters are used to calculate an adjusted initialization for scan
matching process of the current scan point cloud. Finally, an iterative scan matching algorithm
such as ICP is conducted between the adjusted current scan frame and the reference scan frame.

Figure 4-1: Overall structure of the proposed algorithm.
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4.1.2 Adjusted Line Tracking Algorithm (ALT)
Line-tracking (LT) algorithm (Muñoz, Villanueva and Álvarez, 2013) is used for clustering the
point cloud, provided by the laser scan rangefinder, into groups per threshold (𝑇𝑚𝑎𝑥 ), as shown in
Figure 4-2. This algorithm is characterized by low time complexity, an important factor in realtime systems.

Figure 4-2: The role of line tracking (LT) algorithm.
The threshold (𝑇𝑚𝑎𝑥 ) is chosen depending on the sensor’s precision of the laser scanner
rangefinder and the characteristics of the environment such as bricks, tiling, and painted wall.
Since all the experiments are performed using a low-cost laser scanner rangefinder, its
specifications are described in Chapter 3 – Section 3.1.1.1. Thus, sensor calibration process is
accomplished to estimate the standard deviation (𝜎) of the sensor in different detection range as
described in Chapter 3 – Section 3.3.1. Table 3-1 demonstrates different standard deviations of the
used laser scanner rangefinder pursuant to the detection range. As a result of many experiments
and for more confidence, it is preferable to use (2𝜎) in the determination of the threshold (𝑇𝑚𝑎𝑥 ),
and adding the environment effect.
Figure 4-3 depicts the workflow of the line tracking algorithm. The algorithm is executed in (250)
millisecond. Figure 4-4 demonstrates an adjusted line-tracking algorithm for reducing time
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complexity down to (4) millisecond to be appropriate for real-time system. The algorithm will not
build a line for every new point added, unless the orthogonal distance is more than the threshold
(𝑇𝑚𝑎𝑥 ). In this case, a new line is built from all previous points, and so the algorithm checks the
threshold condition again (𝑇𝑚𝑎𝑥 ), and, if the condition is valid, then a new point is successively
added to the previous line. If the condition is invalid, the line is terminated and a new line is started,
and this is repeated until reaching the end of the dataset.

Figure 4-3: Line tracking algorithm (LT).

Figure 4-4: Adjusted line tracking
algorithm (ALT).

4.1.3 Principal Component Analysis (PCA)
Line fitting is implemented using principal component analysis (PCA) (Sun et al., 2014). This
statistical procedure concerns itself with the interpretation of the covariance structure of a dataset
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in order to identify in which principle direction the data varies. The first principal component has
the largest variance, and successive principal components possess variances in descending order.
From this, Eigenvalues and Eigenvectors of the covariance matrix of the data set are computed.
As the data set is 2D, it has two principal components; the Eigenvector (𝑣1 ) of the biggest
Eigenvalue represents the principal component - the line fitting the data set, and; the second
Eigenvector (𝑣2 ) represents the robustness of the line (line uncertainty), as shown in Figure 4-5.

Figure 4-5: Principal component analysis (PCA).
Figure 4-6 to Figure 4-9 illustrate point cloud data for one scan and the corresponding extracted
lines for different scans in the laser scanner frame. The line numbers represent their order in the
scan, whilst the red asterisk shows the position of the laser scanner rangefinder.
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Figure 4-6: Point cloud for single scan.

Figure 4-7: Corresponding line extraction.

Figure 4-8: Point cloud for single scan.

Figure 4-9: Corresponding line extraction.

4.1.4 Line Availability Test
The line availability in indoor environments has been evaluated using various data sets offered by
different research groups. The results show that the mean number of line availability is ranging
from (4.10) to (8.86) lines per scan. Figure 4-10 presents the tested data sets that comprise of MIT
Killian Court, MIT CSAIL Building, Intel Research Lab Seattle, ACES Building at the University
of Texas, and building 079 University of Freiburg respectively (Burgard et al., 2009).
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Figure 4-10: Maps for different data sets are used. a) MIT Killian Court b) MIT CSAIL Building
c) Intel Research Lab Seattle d) ACES Building at the University of Texas e) building 079
University of Freiburg (Burgard et al., 2009).
Figure 4-11 shows a histogram for the detected lines in the whole dataset of the MIT CSAIL
Building, the mean number of the detected lines is 8.8.
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Figure 4-11: Histogram of number of lines detected in the MIT CSAIL Building dataset.
Figure 4-12 demonstrates the execution time of the lines extraction per scan in the MIT CSAIL
Building dataset, the mean execution time is (7.5) millisecond.

Figure 4-12: Execution time of the lines extraction in the MIT CSAIL Building dataset.

Table 4-1 lists the availability of lines and extraction time for different datasets (Burgard et al.,
2009). All the displayed results are for extracted lines that are composed of more than seven points.
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Table 4-1: Line availability and extraction time for different data sets.
Dataset name

MIT
Killian

MIT
CSAIL

Intel lab

ACES
building

Freiburg
building

Number of scans

17481

1989

13632

7375

4496

Mean number of lines

4.24

8.80

4.10

4.21

8.86

Percentage of more than three lines

88.2 %

99.9 %

81.3 %

84.8 %

99.8 %

Mean execution time [millisecond]

3.7

8.9

3.4

4.0

7.4

4.1.5 Line Matching
Representing each scan using a group of lines is more reliable than using a group of points because
correct data association for each point between two successive scans is quite difficult process. In
contrast, matching lines is reliable and robust. A line is considered to be matched after accepting
mutual compatibility with the previous scan line. Matching criteria, described hereafter, are
performed according to several computations, thereby ensuring a correct match. Thence, angles
between the previous scan lines and all current lines are computed using a vector dot product.
Candidate lines whose angle is less than a certain threshold (𝑚𝑎𝑥𝑆𝑐𝑎𝑛𝑅𝑜𝑡𝑎𝑡𝑖𝑜𝑛𝐴𝑛𝑔𝑙𝑒 ) are selected.
The threshold (𝑚𝑎𝑥𝑆𝑐𝑎𝑛𝑅𝑜𝑡𝑎𝑡𝑖𝑜𝑛𝐴𝑛𝑔𝑙𝑒 ) is opted according to the maximum rotation angle of the
vehicle based on its dynamic. Subsequently, the candidate line achieving the following two
conditions is selected: a) it possesses the smallest orthogonal distance compared with the previous
one, and; b) it possesses the smallest Euclidean distance of the current intersection points with the
previous one. Finally, if the smallest orthogonal distance is bigger than the threshold
(𝑚𝑎𝑥𝑂𝑟𝑡ℎ𝑜𝑔𝑜𝑛𝑎𝑙𝑆ℎ𝑖𝑓𝑡 ), there is no matching, otherwise, matching does occur. The
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(𝑚𝑎𝑥𝑂𝑟𝑡ℎ𝑜𝑔𝑜𝑛𝑎𝑙𝑆ℎ𝑖𝑓𝑡 ) is selected depending on the maximum speed of the vehicle based on its
dynamic as well.
4.1.6 Corners Calculation
Thereafter, the angles between all matched lines in each scan frame are computed. Using a
specified threshold (𝑚i𝑛𝑎𝑛𝑔𝑙𝑒 ) angle, lines accepting this threshold are selected, and intersection
points for the selected lines are then calculated regardless of the physical intersection of these line
segments in the scan. These, then, become the corners for both previous and current environments.
To account for inherent uncertainties within detected corners, the covariance of the corners (𝐶𝑐 )
is estimated using extracted line variances, as illustrated in Figure 4-13. The red ellipses present
the confidence ellipse regions for each detected corner, while the black dashed lines present the
precision of the lines that built around the matched lines using the second Eigenvalue. The
intersection points, between the position of the laser rangefinder and each detected line, are
represented by the black asterisks.

Figure 4-13: Corners detection and its confidence ellipsoid region.
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4.1.7 Corners Registration
The detected corners and their covariance matrices, from the previous step, are used to estimate
the transformation parameters between the successive scan using weighted least squares. These
estimated transformation parameters are used to calculate an adjusted initialization for scan
matching process. Matching corners is more consistent correspondence scheme that might lead to
a better solution/convergence. The successive corners relation can be expressed as given:
(𝑃𝑝 )3𝑥𝑛 = (𝑇)3𝑥3 ∗ (𝑃𝑐 )3𝑥𝑛

(4-1)

𝑥𝑝𝑖 = cos(α) 𝑥𝑐𝑖 + sin(α) 𝑦𝑐𝑖 + 𝑥𝑡𝑟𝑎𝑛𝑠

(4-2)

𝑥𝑝𝑖 = − sin(α) 𝑥𝑐𝑖 + cos(α) 𝑦𝑐𝑖 + 𝑦𝑡𝑟𝑎𝑛𝑠

(4-3)

Where (𝑇) is the homogeneous transformation matrix, while (𝑃𝑐 ) and ( 𝑃𝑝 ) are the coordinates of
the corners points from the current and previous scan respectively and number of the corners is
represented as (𝑛). Angle (α) is the rotation angle between the two successive scans, while
(𝑥𝑡𝑟𝑎𝑛𝑠 ) and (𝑦𝑡𝑟𝑎𝑛𝑠 ) represents the translation change in the x and y directions respectively. (𝑥)
represents the estimated state vector. Both (cos 𝛼) and (sin 𝛼) are represented as two different
estimated states namely (𝑎) and (𝑏) respectively. Such assumption is performed to save the
processing time by avoiding the iterations of the non-linear model because the linear model is
solved in one single iteration. This assumption is not vulnerable because the estimated rotation
angle is approximately the same when compared to the solution of the parametric least squares of
the non-linear model. Further, the rotation angle is estimated from another technique as described
later in Section 5.1.1.

(𝑥)4𝑥1

cos 𝛼
𝑎
sin 𝛼
= [𝑏𝑐 ] = [𝑥𝑡𝑟𝑎𝑛𝑠 ]
𝑦𝑡𝑟𝑎𝑛𝑠
𝑑
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(4-4)

Thus, Equation (4-2) and (4-3) are updated to be:
𝑥𝑝𝑖 = 𝑎𝑥𝑐𝑖 + 𝑏𝑦𝑐𝑖 + 𝑐

(4-5)

𝑥𝑝𝑖 = −𝑏𝑥𝑐𝑖 + 𝑎𝑦𝑐𝑖 + 𝑑

(4-6)

(𝑊)2𝑛𝑥2𝑛 ∗ (𝑃𝑐 )2𝑛𝑥4 ∗ (𝑥)4𝑥1 = (𝑊)2𝑛𝑥2𝑛 ∗ (𝑃𝑝 )2𝑛𝑥1

(4-7)

(𝑃𝑐 )2𝑛𝑥4

𝑃𝑐𝑖𝑥
= [𝑃𝑐𝑖𝑦
⋮

(𝑃𝑝 )2𝑛𝑥1

𝑃𝑐i𝑦
−𝑃𝑐𝑖𝑥
⋮

1 0
0 1]
⋮ ⋮

𝑃𝑝(𝑖−1)𝑥
= [𝑃𝑝(𝑖−1)𝑦 ]
⋮

(4-8)

(4-9)

𝑊 = 𝐶𝑐−1

(4-10)

(Pc )T4x2n ∗ (W)2nx2n ∗ (Pc )2nx4 ∗ (𝑥)4𝑥1 = (Pc )T4x2n ∗ (W)2nx2n ∗ (Pp )2nx1

(4-11)

(x)4x1 = ((Pc )T4x2n ∗ (W)2nx2n ∗ (Pc )2nx4 )−1 ∗ (Pc )T4x2n ∗ (W)2nx2n ∗ (Pp )2nx1

(4-12)

𝑆𝑐 = √𝑎2 + 𝑏 2

(4-13)

𝛼 = 𝑎𝑡𝑎𝑛2(

b a
, )
𝑆𝑐 𝑆𝑐

(4-14)

Where (P𝑐𝑖𝑥 ) and (P𝑐𝑖𝑦 ) are the current corner point in the x and y directions respectively, while
(𝑃𝑝(𝑖−1)𝑥 ) and (𝑃𝑝(𝑖−1)𝑦 ) are the previous corner point in the x and y directions respectively. The
weight matrix is represented as (𝑊), while (𝐶𝑐 ) is the covariance matrix of the corners. (𝑆𝑐)
represents a scale value to bound the values of (𝑎) and (𝑏) to be within -1 and 1.
Ultimately, the homogeneous transformation matrix (𝑇) is computed from the weighted least
square using corners registration (Aghamohammadi et al., 2007).
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a
𝑆𝑐
𝑇=
b
−
𝑆𝑐
[ 0

b
𝑆𝑐
a
𝑆𝑐
0

𝑥𝑡𝑟𝑎𝑛𝑠
𝑦𝑡𝑟𝑎𝑛𝑠

(4-15)

1 ]

After approaching the adjusted current scan point cloud to the reference one, iterative algorithm
for example ICP is utilized as a fine-tuning step for the scan matching process.
4.1.8 Experimental Results
All the scenarios of the experiments have been manually performed while the algorithms were
accomplished without taking the manual operation into account in order to emulate the real-time
operation. The registration performance and time consumption of the proposed approach are
compared with using the ICP algorithm alone without initialization in different scenarios such as
static period, rapid straight movement, and aggressive maneuvers.
The next figures present the three different scenarios. Figure 4-14 shows the scan matching results
between two successive scans during a static period using the ICP and the proposed algorithm.
The matching RMSEs between the matched points in the ICP and the proposed algorithm for the
three scenarios are presented in Table 4-2. The two algorithms have approximately the same
registration performance during the static period because the probability of correct selection of the
correspondences in the reference frame is approximately the same. Nevertheless, the proposed
approach is slightly better than ICP.
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Figure 4-14: Scan matching results during the static scenario from ICP and the proposed
algorithm.
Figure 4-15 demonstrates the scan matching error in the previous figure. Furthermore, the one
sigma ellipse is representing the matching error in the x and y directions.

Figure 4-15: One sigma ellipse representing the scan matching error during the static scenario.
Figure 4-16 to Figure 4-19 illustrate the other two scenarios. Obviously, the ICP algorithm fails to
converge due to the bad data association process, thus it could not coincide with the two successive
scan frames accurately. On the other hand, the proposed algorithm succeeds to assign good
correspondences because of matching corners is more reliable than using the entire point cloud.
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Thus, the two consecutive scan frames are almost corresponded as shown in Figure 4-16 and Figure
4-18.

Figure 4-16: Scan matching results during rapid straight movement scenario.

Figure 4-17: Scan matching error during the rapid straight movement scenario.
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Figure 4-18: Scan matching results during rotation scenario.

Figure 4-19: Scan matching error during the rotation scenario.
From Table 4-2, the performance of the proposed approach is compared with ICP algorithm in
different scenarios such as static period, rapid straight movement, and aggressive maneuvers. It is
clear that the proposed algorithm aids the ICP to converge especially during the rapid movement
and aggressive maneuver.
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Table 4-2: Matching RMSE comparison between the proposed algorithm and ICP.
Matching RMSE [cm]
Algorithm
Static

Straight

Rotation

Proposed

2.62

1.78

2.62

ICP

2.65

6.59

12.42

Figure 4-20 depicts the matching RMSEs for every scan in the data set and the mean is 5.85 and
9.64 cm for the proposed algorithm and ICP respectively.

Figure 4-20: The mapping RMSE for each scan in the dataset.
Table 4-3 shows that the proposed algorithm decreases the number of iteration of the ICP
algorithm. Moreover, it reduces the time consumption by 18.7% as well.
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Table 4-3: Number of iterations and time consumption for the proposed and ICP algorithms.
Mean
Algorithm
Number of iterations

Time consumption [s]

Proposed

10.0663

0.0264

ICP

14.9669

0.0325

Figure 4-21 to Figure 4-23 depict the matching convergence during the three scenarios. It is clear
that the proposed algorithm aided the ICP algorithm through several aspects. Firstly, the proposed
algorithm starts in a good matching level in the three scenarios. Secondly, the matching
convergence level is better during the rapid straight movement and aggressive maneuver. Thirdly,
the convergence time is faster in all scenarios even in the static one.

Figure 4-21: Matching convergence in one scan during the static period.
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Figure 4-22: Matching convergence in one scan during the rapid straight movement period.

Figure 4-23: Matching convergence in one scan during the maneuver period.

The approximately slow speed of the UAV, which is 0.6 m/s, scan down sampling are performed
due to the redundancy of scans. In order to validate and evaluate the proposed algorithm, the
mapping performance and time consumption are studied in static and dynamic environments. The
environments include, but not limited to, glass objects, bricks, longer corridors than the maximum
detection range of the laser scanner and aluminum curtains to create harsh scenarios as described
in Table 4-4.

65

Table 4-4: The environment status and contribution for each experimental dataset.
Dataset Name

Environment Status

Contribution

Dataset I

Static

Aluminum curtains, Sharp rotation (180°)

Dataset II

Static

Brick walls, glass objects, Corridors

Dataset III

Static

Glass objects, corridors

Dataset IV

Static

Corridors, loopback, glass objects

Dataset V

Dynamic

Glass objects, corridors, moving objects

4.1.8.1 Static Environment
Figure 4-24 shows the mapping and position results, for the dataset I, using ICP algorithm. The
red asterisk represents the trajectory of the vehicle. In addition to the failure of assigning good
correspondences during the sharp rotation period, the ICP algorithm suffers from error
accumulation. The mean execution time and number of iterations are (14) millisecond and 20
respectively.
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(a)
(b)
Figure 4-24: Mapping and position results for the ICP algorithm. a) Mapping frame b)
Schematic representation (not to scale).

Figure 4-25 shows the mapping and position results using the corners registration. The mean
execution time and number of iterations are (10) millisecond and 17 respectively. Although the
mean execution time is faster than the ICP algorithm and the rotation error decreased during the
rotation period, the corners registration fails to accurately represent the environment due to the
impact of the error accumulation.
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(a)

(b)

Figure 4-25: Mapping and position results for the adjusted corners registration. a) Mapping
frame b) Schematic representation (not to scale).
The dataset II is collected at ENE building University of Calgary. Figure 4-26 and Figure 4-27
show the mapping and position results using ICP algorithm and corners registration respectively.
The red asterisk represents the trajectory of the vehicle. The ICP algorithm succeeds to assign good
correspondences because there are no aggressive maneuvers. The corners registration sometimes
fails to aid the ICP algorithm because the initialization step does not find two corners in the current
scan. Thus, the initialization step depends on the ICP algorithm during the shortage of the corners
period. The mean execution time and number of iterations are (13) millisecond and 20 respectively,
while the corners registration results for the mean execution time and number of iterations are (9)
millisecond and 17 respectively. The performance of the generated map is sensitive to the
maximum range detection of the sensor (Kümmerle et al., 2009). It is clear that both algorithms
were prone to bending in the corridor representation due to the accumulated errors that come from
the lack of evidence in the longitudinal direction which is required in the 2D registration process.
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Moreover, the shrinking in the map representation is due to the unsuccessful estimation of the
longitudinal movement from the implemented algorithms and the unavailability of this information
from other sensors as well. However, they are still capable for vehicle’s navigation because the
generated map maintains a correct topology of the environment by reflecting the spatial structure
of the corridor.

First Hall

Second Hall

Third Hall

(a)
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Long Corridor

(b)
Figure 4-26: Mapping and position results for the ICP algorithm. a) Mapping frame b)
Schematic representation (to scale).

(a)
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(b)
Figure 4-27: Mapping and position results using corners registration. a) Mapping frame b)
Schematic representation (to scale).
Figure 4-28 demonstrates the bending effect that arises from the short detection range of the laser
scanner rangefinder. The dashed line represents the manually measured distance of two arbitrary
points inside the corridor (Kümmerle et al., 2009). The reference map is represented in the subplot
(a), while subplots (b) and (c) represent the constructed map using laser scanner rangefinder with
maximum detection range 4 and 3 [m] respectively. Although the constructed map is bent over, it
is still adequate for the navigation of the vehicle because it maintains a correct topology of the
mapped structure.
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(a)
(b)
(c)
Figure 4-28: Short range effect of the laser scanner during navigation inside a corridor. a)
Reference map b) Using 4 [m] range c) Using 3 [m] range. Adapted from (Kümmerle et al.,
2009)
The dataset III is collected at CCIT building University of Calgary. Figure 4-29 and Figure 4-30
show the mapping and position results, using ICP algorithm and corners registration respectively.
The red asterisk represents the trajectory of the vehicle. Both algorithms fail to assign good
correspondences during the sharp rotation period. Moreover, both algorithms susceptible to the
bending and shrinking effects for the same reasons as mentioned above. However, the bending
behaviour in the corners registration algorithm is less than the ICP algorithm. The mean execution
time and number of iterations for the ICP algorithm are (9) millisecond and 20 respectively, while
the corners registration results for the mean execution time and number of iterations are (9)
millisecond and 17 respectively.
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Glass Window

Short Corridor

Long Corridor

(a)

(b)
Figure 4-29: Mapping and position results for the ICP algorithm. a) Mapping frame b)
Schematic representation (to scale).
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(a)

(b)
Figure 4-30: Mapping and position results for the corners registration. a) Mapping frame b)
Schematic representation (to scale).
Figure 4-31 represents the environmental structure of the dataset IV; ENF building at University
of Calgary, and the performed trajectory is represented by the red line. The red circle presents the
start point of the trajectory and the red star represents the final destination of the trajectory. All the
corridors lengths are longer than the maximum detection range of the laser rangefinder.

74

Figure 4-31: Map representation of the dataset IV.

Figure 4-32 shows the mapping and position results, for the dataset IV, using ICP algorithm. The
red points present the implemented trajectory. The ICP algorithm fails to correctly represent the
environment because of the accumulated errors that come from the existence of long corridors and
aggressive rotations. Furthermore, it fails to determine the orthogonality behavior of the corners,
this is due to the aggressive maneuver causes incorrect estimation of the rotation parameter.
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Figure 4-32: Mapping and position results for the ICP algorithm.

Figure 4-33 illustrates the mapping and position results using the corners registration. Although
the corners registration algorithm also fails to correctly represent the environment, it shows better
solution than the ICP algorithm.

(a)
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(b)
Figure 4-33: Mapping and position results for the corners registration. a) Part of the map
representation b) Entire map representation.

4.1.8.2 Dynamic Environment
Figure 4-34 and Figure 4-35 show the mapping and position results using ICP algorithm and
corners registration respectively. Although, both algorithms succeed to converge, that they have a
scale problem, which is clear in the vertical corridor. The bad data association due to the moving
objects affects the solution in both algorithms.
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(a)

(b)
Figure 4-34: Mapping and position results for the ICP algorithm. a) Mapping frame b)
Schematic representation (to scale).
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(a)

(b)
Figure 4-35: Mapping and position results for the adjusted corners registration. a) Mapping
frame b) Schematic representation (to scale).
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4.1.9 Summary
An automated real-time scan matching algorithm is proposed, where the matching process is
initialized using detected corners. This initialization step aims to increase the convergence
probability and to limit the number of iterations needed for absolute convergence. The proposed
algorithm can be employed solely to match the successive scans and also can be used to aid other
accustomed iterative methods to achieve more effective and faster converge. The performance and
time consumption of the proposed approach is compared with ICP algorithm in different scenarios
such as static period, rapid straight movement, and aggressive maneuvers. The RMS value of the
neighbour points distance between scans after scan matching of the proposed algorithm in the three
scenarios are 2.62, 1.78, and 2.62 cm respectively. On the other hand, the ICP achieves 2.65, 6.59,
and 12.42 cm respectively. Furthermore, the number of iterations needed for convergence,
comparing with using the ICP algorithm alone, is reduced by 32.7% and the consumption time is
reduced by 18.7% as well. The performance of the ICP algorithm is improved when it is used with
the proposed algorithm rather than when it is used alone, especially during the harsh conditions
such as rapid movements and aggressive rotations. These results indicate the significance of the
proposed approach for scan matching through improving matching accuracy and optimizing the
processing time.
4.2 Improved Real-Time Scan Matching using Two Lines
The detected corners, as described in the Section 4.1, are used for estimating transformation
parameters (𝛼, 𝑥𝑡𝑟𝑎𝑛𝑠 , 𝑦𝑡𝑟𝑎𝑛𝑠 ) between successive scans. These parameters are used to calculate an
adjusted initialization for the scan matching process. This method can be employed to match
successive scans, but it can also be used to support other iterative methods for achieve a more
effective and faster convergence. However, the detected corners sometimes decreased to be only
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one corner. Therefore, the corners registration fails to compute the transformation parameters.
Figure 4-36 demonstrates the line registration algorithm using two non-parallel lines with one
corner. The required rotation parameter (𝜃𝑚 ) is the angle that minimizes:
2

𝐸(𝜃𝑚 ) = 𝑎𝑟𝑔𝑚𝑖𝑛 ∑|𝑆𝑝𝑖 − 𝑆𝑐𝑖 |

(4-16)

𝑖=1

where (𝑆𝑝 ) and (𝑆𝑐 ) are the slope of the previous and current lines respectively. While the
translation (𝑥𝑡𝑟𝑎𝑛𝑠 , 𝑦𝑡𝑟𝑎𝑛𝑠 ) is computed from distance that minimizes the range between the
detected corners in the successive scans. Consequently, an adjusted corners registration is
proposed to estimate the transformation parameters using corners registration and further line
algorithm for one corner condition (Mohamed et al., 2017a).

Figure 4-36: Line registration algorithm using one corner.
4.2.1 Experimental Results
Figure 4-37 illustrates the mapping and position results, for the dataset I, using the two lines
algorithm. The red points present the implemented trajectory. The intersection between the two
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bedrooms are due to the accumulation errors in the estimation of the rotation parameter. The mean
execution time and number of iterations are (8) millisecond and 17.

(a)

(b)
Figure 4-37: Mapping and position results for the two lines algorithm. a) Mapping frame b)
Schematic representation (not to scale).
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(b)
Figure 4-38 shows the mapping and position results, for the dataset I, using the two lines algorithm.
The red points present the implemented trajectory. The map representation appears the same
bending and shrinking problems as in the ICP and corners registration algorithms. However, the
algorithm is still capable for vehicle’s navigation. The mean execution time and number of
iterations are (8) millisecond and 17.

(a)
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(b)
Figure 4-38: Mapping and position results for the two lines algorithm. a) Mapping frame b)
Schematic representation (to scale).

4.2.2 Summary
In some circumstances, the computed corners decreased to be only one corner due to the low line
availability in the current observed scene. Therefore, the corners registration approach fails to
estimate the transformation parameters. The two lines approach exhibits a solution for estimating
the rotation parameter by computing the angle that minimizes the two matched lines registration
in the successive scans, while the translation is estimated using the distance that minimizes the
range between the detected corners. The experimental results show that the two lines approach can
aid the corners registration approach during the detection of one corner.
4.3 Improving Hector SLAM Approach using Line and Corner Features
Hector SLAM approach can achieve accurate 2D maps of the environments under different
scenarios (Kamarudin et al., 2015). Hector SLAM is a graph based optimization technique that
solves scan matching process using Gauss-Newton approach (Kohlbrecher et al., 2011).
Consequently, Hector SLAM seeks to estimate the rigid transformation parameters that minimize
the alignment error between the current scan and the partially constructed map. Hector SLAM is
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also defined as graph based because it represents the environments using 2D occupancy grid. The
occupancy grid models the surrounding environment based on probabilistic approach (Ozisik,
2008). Thus, the posterior probability for each cell in the grid is calculated from the current
sensor’s observation and the cell prior probability using Bayesian theorem. Ultimately, each cell
probability will indicate either the cell is occupied, free, or not visited.
In some scenarios, Hector SLAM method gets trapped in local minima because of the gradient
ascent. Therefore, the multi-resolution map representation, using multiple occupancy grid maps
with different cell sizes, is used to avoid getting trapped in local minima (Kohlbrecher et al., 2011).
Whereas, the recommended grid cell size of the low level is half the resolution of the one that is
directly above it. Furthermore, the alignment process of each map level is implemented such that
the lowest map level is updated using the estimated rigid transformation parameters that is
generated from the previous map level. Therefore, this approach increases the time consumption
and the memory requirements of the process.
Therefore, an improved Hector SLAM algorithm, where the scan matching process between
successive scan frames is initialized using the detected corners, is proposed (Mohamed et al.,
2017). This initialization step pursues to register the current point cloud, in the laser scanner frame,
to the previous point cloud, in the mapping frame, in order to reduce the process time consumption
and decrease the required multi-resolution map representation into a single level with small grid
cell size. The proposed algorithm is a stand-alone algorithm because it does not require external
sources to initialize the pose of the vehicle at each scan.
4.3.1 Overall Structure of the proposed Algorithm
Figure 4-39 shows the overall structure of the algorithm used. For every two consecutive scans,
the algorithm detects lines, as a preliminary step, from the laser rangefinder point cloud to exploit
85

the robustness of the line matching compared with the point matching process, and the ability of
lines to withstand the perturbation of the moving objects in the dynamic environments (J Yin et
al., 2014).

Figure 4-39: Overall structure of the used algorithm.
As described earlier, the current detected lines are matched with the previous scan lines after
checking mutual compatibility. Corners are being detected, in both scans, from all intersections
between the detected lines nevertheless of the physical intersection. Thereafter, the transformation
parameters between the successive scans are estimated, in the scanner frame, utilizing the detected
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corners. This local scan matching yields an adjusted current point cloud which is ready for global
scan matching.
Thereafter, iterative closest point (ICP) algorithm (Besl and McKay, 1992) is conducted as a finetuning step between the adjusted current point cloud, in the laser scanner frame, and the partially
constructed map as a global scan matching. The resultant of these two steps is fed to the Hector
SLAM. Finally, single level of the Hector SLAM, with small grid cell size such as 5 cm, is
adequate for solution convergence instead of multi-level Hector SLAM.
4.3.2 Local and Global Scan Matching Phases
The local scan matching is described in Section 4.1. The output of the local scan matching phase
is an adjusted current point cloud in the laser scanner frame. Then, the last step in the initialization
process is accomplished using the ICP algorithm to adjust and tuned the current point cloud with
the partially constructed map. Although the ICP is susceptible to outlier’s association due to rapid
movement or aggressive manoeuvre, the corner registration aids the ICP algorithm to withstand
these situations.
The initialization step prevents the Hector SLAM from getting trapped in local minima. Therefore,
the current point cloud is ready to be fed into a single level Hector SALM with small grid cell size
instead of multi-level with different grid sizes. Moreover, the initialization step aims to reduce the
process time consumption by decreasing the level numbers. After performing the initialization
step, Hector SLAM seeks to estimate the rigid transformation, 𝜀 = (𝛽, 𝑡𝑥 , 𝑡𝑦 ), that minimizes the
total alignment error between the scans and the map (Kohlbrecher et al., 2011):
𝑛

𝑓(𝛽, 𝑡𝑥 , 𝑡𝑦 ) = 𝑎𝑟𝑔𝑚𝑖𝑛 ∑[1 − 𝑀(𝑆𝑖 (𝜀))]2
𝑖=1
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(4-17)

Where (𝛽) is the rotation angle between the adjusted current point cloud in the mapping frame and
the partially constructed map, while the (𝑡𝑥 ) and (𝑡𝑦 ) are the translation change in the x and y
directions. (𝑆𝑖 (𝜀)) is the current point cloud in the mapping frame as a function of (𝜀), the
(M(𝑆𝑖 (𝜀))) is the probability map value of the (𝑆𝑖 (𝜀)) coordinate and (𝑛) represents the number
of the points in the current point cloud.
4.3.3 Dynamic Environment Detection
As mentioned above, the occupancy grid represents the environment based on probabilistic
approach. The probability of each cell determines its occupancy status (occupied, free, or not
visited). Consequently, the robustness of the cell probabilistic computation method affects the
accuracy of the map representation. Therefore, pyramid probabilistic approach is proposed to
precisely define the status of the grid cell.
Figure 4-40 depicts the pyramid probabilistic approach in which the grid cell is divided in the form
of pyramid. The maximum probability is the top of the pyramid and the probability value gradually
decreases until reaching the border of the grid cell. Any returned signal on the same cross-section
in the cell has the same probability. The probability of each cell is normalized to overcome the
distance influence from the objects. This is performed by adding extra layer (cell hit counter) that
records all returned signals for each cell. Thus, the probability of the grid cell ranges from 1 to 0.
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Figure 4-40: Pyramid probabilistic approach.
Since Hector SLAM solves the scan matching process using Gauss-Newton approach by
estimating the rigid transformation parameters that minimizes the alignment error between the
current scan and the partially constructed map, the dynamic objects significantly affects the
accuracy of the map representation as well. Filtering approach is proposed to mitigate this impact
of the dynamic objects. The approach depends on adding extra two grid layers for the occupancy
grid; lifetime and dynamic layers. The first layer records the life time for each cell and the counting
starts with the first recording of the returned signal. According to the dynamic of the vehicle, the
life time threshold is assigned. If the life time of the cell exceeds the life time threshold and the
cell hit counter does not exceed a threshold, the cell status of the static grid is changed from
occupied to free due to false occupation caused by moving objects. Further, the status of the same
cell in the dynamic grid, second layer, is recorded to be occupied.
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4.3.4 Experimental Results
The performance and time consumption of the proposed approach are studied and compared with
single level and multi-resolution map representation of the Hector SLAM under different
conditions in both static and dynamic environments. The recommended grid cell sizes in
(Kohlbrecher et al., 2011) have been used in the presented experiments. These conditions consist
of long corridors, aggressive manoeuvres, glass objects, brick walls, and aluminium curtains.
4.3.4.1 Static Environment
Figure 4-41 shows that the Hector SLAM algorithm totally fails to converge and build a map for
the dataset I when using single level with grid cell size equal to 5 cm because the algorithm is
trapped in local minima. However, it succeeds with higher grid cell size such as 10 cm and more,
as shown in Figure 4-42.

Figure 4-41: Single level Hector SLAM mapping result using grid cell size 5 cm.
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Figure 4-42: Single level Hector SLAM mapping result using grid cell size 10 cm.
Figure 4-43 and Figure 4-44 demonstrate the processing time and iteration number of the single
level Hector SLAM result using grid cell size 10 cm. The mean processing time is 0.099 sec while
the mean iterations number is 14.66.

Figure 4-43: The processing time of the single level Hector SLAM result using 10 cm grid
cell size.
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Figure 4-44: The iterations number of the single level Hector SLAM result using 10 cm grid
cell size.
Figure 4-45 shows the mapping result of three levels multi-resolution map representation of the
Hector SLAM using grid cell sizes 20, 10, and 5 cm. The mean processing time and number of
iterations are 0.19 sec and 38.33 respectively.

(a)
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(b)
Figure 4-45: Three levels multi-resolution map representation result using grid cell dimensions
20, 10 and 5 cm. a) occupancy grid representation b) Schematic representation (not to scale).

Figure 4-46 shows the algorithm with single level Hector SLAM mapping and trajectory results
using grid cell size 5 cm, the map is displayed in two different representations, occupancy grid
map, as shown in sub-figure (a), and point cloud map, as shown in subfigure (b). The red asterisks
represent the trajectory of the vehicle. The proposed algorithm succeeds in constructing the map
using single level Hector SLAM with approximately small grid cell size.
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(a)

(b)

Figure 4-46: The proposed algorithm with single level Hector SLAM mapping and trajectory
results using grid cell size 5 cm. a) Occupancy grid map b) Schematic representation (not to
scale).
Figure 4-47 and Figure 4-48 illustrate the result of the processing time and iteration number of the
proposed algorithm aiding the single level Hector SLAM using grid cell size 5 cm. The mean
processing time is 0.063 sec while the mean iterations number is 11.7.
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Figure 4-47: The processing time result of the proposed algorithm using 5 cm grid cell size.

Figure 4-48: The iterations number result of the proposed algorithm using 5 cm grid cell size.

For dataset II, Hector SLAM completely fails to converge and build a map when using single level
with grid cell dimension equal to 5 and 10 cm because the algorithm is trapped in local minima as
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it is based on gradient ascent. However, it succeeds with higher cell dimension such as 20 cm and
more, as shown in Figure 4-49.

(a)
(b)
Figure 4-49: Single level hector SLAM mapping results using different grid cell dimensions: (a)
10 cm; (b) 20 cm.
Figure 4-50 shows the mapping result of three levels multi-resolution map representation of the
Hector SLAM using grid cell sizes 20, 10, 5 cm. The mean processing time and number of
iterations are 0.42 sec and 48.27 respectively. The yellow arrows exhibit convergence failures in
different parts in the map.
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(a)

(b)
Figure 4-50: Three levels multi-resolution map representation result using grid cell dimensions
20, 10 and 5 cm.
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Figure 4-51 shows the mapping and trajectory results of the proposed algorithm using grid cell
size 5 cm. In addition to the processing time reduction, the proposed algorithm avoids the
convergence failures exhibited by the three levels Hector SLAM.

(a)

(b)
Figure 4-51: The proposed algorithm with single level Hector SLAM mapping and trajectory
results using grid cell size 5 cm. a) Occupancy grid map b) Schematic representation (to
scale).
Figure 4-52 and Figure 4-53 explain the result of the processing time and iteration number of the
proposed algorithm with single level Hector SLAM using grid cell size of 5 cm. The mean
processing time is 0.078 sec while the mean iterations number is 14.62.
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Figure 4-52: The processing time result of the proposed algorithm with single level Hector
SLAM using 5 cm grid cell size.

Figure 4-53: The iterations number result of the proposed algorithm with single level Hector
SLAM using 5 cm grid cell size.
For the dataset III, Hector SLAM using single level fails to converge and build a map for grid cell
sizes 20, 10, and 5 cm. Figure 4-54 shows the mapping result of three levels multi-resolution map
representation of the Hector SLAM using grid cell sizes 20, 10, 5 cm, the dataset is collected at
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CCIT building University of Calgary. Although, the Hector SLAM algorithm succeeds to
converge, but it has a scale problem, as shown clearly in the long vertical corridor. As existence
of the noise in the vertical corridor has a significant impact on the convergence result. The mean
processing time and number of iterations are 0.39 sec and 47.6 respectively.

(a)

(b)
Figure 4-54: Three levels multi-resolution map representation result using grid cell dimensions
20, 10 and 5 cm. a) Occupancy grid map b) Schematic representation (to scale).
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Figure 4-55 shows the proposed algorithm with single level Hector SLAM mapping and trajectory
results using grid cell size 5 cm, the map is displayed in two different representations, occupancy
grid map, as shown in sub-figure (a), and point cloud map, as shown in subfigure (b). It is obvious
that the vertical corridor has not been affected by the outliers and it slightly overcomes the scale
problem as well.

(a)

(b)

Figure 4-55: The proposed algorithm with single level Hector SLAM mapping and trajectory
results using grid cell size 5 cm. a) Occupancy grid map b) Schematic representation (to scale).
Figure 4-56 and Figure 4-57 illustrate the result of the processing time and iteration number of the
proposed algorithm using grid cell size of 5 cm. The mean processing time is 0.086 sec while the
mean iterations number is 15.
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Figure 4-56: The processing time result of the proposed algorithm using 5 cm grid cell size.

Figure 4-57: The iterations number result of the proposed algorithm using 5 cm grid cell size.
Figure 4-58 illustrates Hector SLAM three level multi-resolution map representation result, for
dataset IV, using grid cell dimensions 20, 10 and 5 cm. Due to the existence of the long corridors,
Hector SLAM fails to estimate the longitudinal movement. Thus, it accumulates the point cloud
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of the successive scans approximately at the same position. As a result, it fails to converge and
build a representation for the environment.

Figure 4-58: Hector SLAM three level multi-resolution map representation result using grid cell
dimensions 20, 10 and 5 cm.
Figure 4-59 shows the proposed algorithm with single level Hector SLAM mapping results using
grid cell size 5 cm.

Figure 4-59: The proposed algorithm with single level Hector SLAM mapping results using
grid cell size 5 cm.
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4.3.4.2 Dynamic Environment
Although Hector SLAM uses three levels of multi-resolution map representation, it completely
fails to build a map for the dynamic environment dataset V, as shown in Figure 4-60.

Figure 4-60: Three levels multi-resolution map representation result using grid cell dimensions
20, 10 and 5 cm.
On the other hand, the proposed algorithm succeeds to build a map for the dynamic environment,
as shown in Figure 4-61.

(a)

(b)

Figure 4-61: The proposed algorithm with single level Hector SLAM mapping and trajectory
results using grid cell size 5 cm. a) Occupancy grid map b) Schematic representation (to
scale).
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Figure 4-62 and Figure 4-63 illustrate the result of the processing time and iteration number of the
proposed algorithm using grid cell size of 5 cm. The mean processing time is 0.091 sec while the
mean iterations number is 14.34.

Figure 4-62: The processing time result of the proposed algorithm using 5 cm grid cell size.

Figure 4-63: The iterations number result of the proposed algorithm using 5 cm grid cell size.
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4.3.5 Summary
Hector SLAM is prone to get trapped in local minima due to its gradient ascent approach.
Therefore, multiple occupancy grid maps with different cell sizes are used to avoid getting trapped
in local minima. Though, this approach increases the time consumption and the memory
requirements of the process. The proposed algorithm creates an initialization step to mitigate the
time consumption and the memory requirements using corner registration and ICP algorithm.
The algorithm used is compared with the single level and multi-resolution scenarios of the Hector
SLAM in static environment. The proposed algorithm aided the single level Hector SLAM, with
grid cell size 5 cm, to reduce the convergence time consumption and the iterations number by
approximately 36% and 20.2% respectively. It also reduces the convergence time consumption
and the iterations number by approximately 72.2% and 68.9% respectively with respect to the three
levels multi-resolution Hector SLAM. Furthermore, the proposed algorithm succeeds to help the
single level Hector SLAM to converge in the dynamic environment as well, while the multiresolution map representation of the Hector SLAM completely fails due to the moving objects.
These results indicate the significance of the proposed approach for scan matching through
improving matching accuracy and optimizing the processing time, which qualify the approach for
real time system implementations.
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Chapter Five: The Proposed Localization and Mapping Approaches
Typically, most of the indoor missions’ environments could be unknown, unstructured, and/or
dynamic. Therefore, navigation of UAVs in such environments is addressed by simultaneous
localization and mapping approach (SLAM) in either local or global approaches. SLAM
approaches that utilize laser rangefinders depend on a scan matching method of the successive
scans. The local and global approaches suffer from accumulated errors, and further, high time
consumption due to iterative fashion of the scan matching method. Moreover, point-to-point scan
matching is prone to bad data association process due to rapid movement or aggressive maneuvers.
5.1 Reference Key Frame Algorithm (RKF)
The local and Global scan matching approaches suffer from accumulated errors and high time
consumption due to iterative fashion of the scan matching method. Moreover, point-to-point scan
matching is prone to outlier association process. A low-cost novel method for 2D real-time scan
matching based on reference key frame (RKF) is proposed (Mohamed et al., 2017). RKF is a
hybrid scan matching technique comprised of feature-to-feature and point-to-point approaches.
This algorithm aims at mitigating errors accumulation using the key frame technique, which is
inspired from video streaming broadcast process. To validate and evaluate the algorithm, the
mapping performance and time consumption are compared with various algorithms in static and
dynamic environments. The performance of the algorithm exhibits promising navigational,
mapping results and very short computational time, that indicates the potential use of the new
algorithm with real-time systems.
5.1.1 Overview of the Proposed Algorithm
The key frame concept, in video streaming broadcast process, is based on reducing the bandwidth
load and extracting valid information from the video (Gianluigi and Raimondo, 2006; Liu and
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Zhao, 2010). This is achieved by sending keyframes in different intervals, that provide a full
summary of the video content while the in-between frames contain the update pixels only as shown
in Figure 5-1.

Figure 5-1: The structure of the key frame concept.
From the same perspective, the proposed algorithm extracts lines from the laser rangefinder point
cloud because line matching is more robust than point matching, and furthermore, lines are robust
to the disruption of the moving objects in the dynamic environments (J. Yin et al., 2014).
Therefore, two non-parallel lines are chosen from the extracted lines to be the mapping reference
lines as described in Section 5.1.2. These two reference lines play the role of the initial reference
key frame of the map. Thereafter, the two reference lines are successively matched in the inbetween scan frames in order to compute the transformation between the current scan frame with
the reference key frame. Due to the vehicle’s movement, the existing reference lines of the current
key frame might not be detectable all the time. Therefore, another reference key frame is created
with two new reference lines which marks the beginning of new transformation. The
transformation parameters between the old and new reference lines are computed every transition.
Consequently, the last transformation parameters are computed relative to the first reference key
frame. As a result, the proposed algorithm does not depend on the transformation history, and
further, the effect of rotation error at any epoch between two successive frames will disappear in
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the upcoming transformation. Therefore, the proposed algorithm mitigates the accumulated errors
by using reference lines method. Finally, the ICP algorithm is applied as a fine-tuning process for
the global scan matching.
Figure 5-2 shows the overall structure of the proposed algorithm. The lines are extracted from
every two successive scan frames. The availability of selecting two non-parallel lines as reference
lines is checked. The lines matching process will be implemented to determine the matched
reference lines in the current scan frame. Thereafter, the transformation parameters are computed
with respect to the last reference key frame. After transformation to the mapping frame, the ICP
algorithm is utilized with the previous mapping scan frame. Finally, the current mapping and
position are computed.

Figure 5-2: Overall structure of the proposed algorithm.

109

5.1.2 Reference Key Frame Selection
Initially, two reference lines are chosen from the extracted lines of the first point cloud, which
represent the first key frame, in consonance with the following criteria: a) the longest lines; b)
number of the points building the line is not less than the threshold (𝑚𝑖𝑛𝑃𝑐𝑜𝑢𝑛𝑡 ); c) the relative
robustness of the lines, and; d) the inscribed angle between the two reference lines is not less than
the threshold (𝑚𝑖𝑛𝑎𝑛𝑔𝑙𝑒 ).
The threshold (𝑚𝑖𝑛𝑃𝑐𝑜𝑢𝑛𝑡 ) is selected depending on the value of the adjusted coefficient of
determination (𝑅̅ 2 ). Since the explanatory variables, (𝑥, 𝑦), are fixed because the linear model is
dominated for the 2D environments and although the coefficient of determination (𝑅 2 ); which is
equal to the square of the correlation coefficient (𝑟), provides an explained impression of the total
variation in (𝑦) by the linear relationship between (𝑥) and (𝑦). However, the coefficient of
determination does not include the impact of the number of the data points that builds the line.
Therefore, the adjusted coefficient of determination interprets the measure of fit considering the
number of data points. The accepted percentage of the adjusted coefficient of determination is
80%.
𝑟=

𝜎𝑥𝑦
𝜎𝑥 𝜎𝑦

𝑅̅ 2 = 1 − (1 − 𝑅 2 )

𝑛−1
𝑛 − (𝑘 + 1)

(5-1)

(5-2)

where (𝜎𝑥𝑦 ) is the covariance between (𝑥) and (𝑦), (𝜎𝑥 ) and (𝜎𝑦 ) are the standard deviations of
(𝑥) and (𝑦) respectively, (𝑛) is the number of the data points, and (𝑘) is the number of explanatory
variables.
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The inscribed angle (𝑚𝑖𝑛a𝑛𝑔𝑙𝑒 ) is chosen depending on the angle that minimize the distance of
the center uncertainty (𝑑𝐶𝑒𝑛𝑈𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦 ) of the intersection between the two reference lines. 𝑣2 is
the second Eigenvector that represents the line uncertainty.

𝑑𝐶𝑒𝑛𝑈𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦 = |

𝑣2
|
sin(𝑚𝑖𝑛𝑎𝑛𝑔𝑙𝑒 )

(5-3)

Figure 5-3 shows the inscribed angle between the two reference lines and its impact on the distance
of the center uncertainty. The red solid line represents the first reference line while the red dashed
lines present the line uncertainty. On the other hand, the green solid line represents the second
reference line and the green dashed lines represent the line uncertainty. The blue line represents
the uncertainty distance (second Eigenvector) of the second reference line. The distance of the
center uncertainty will positively affect the selection of the two reference lines. Since the algorithm
depends on two non-parallel reference lines, assigning the min accepted inscribed angle depends
on the environment structure and the precision of the rangefinder sensor.

Figure 5-3: Setting min angle between two reference lines.
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Figure 5-4 illustrates the two reference lines of the first key frame. The main reference line is
represented by the red color and the green line is the second reference line, while the yellow color
presents the rest lines. The position of the laser rangefinder is represented by the red asterisk.

Figure 5-4: Two reference lines of the first key frame.
Table 5-1 lists the computed coefficient of determination, adjusted coefficient of determination,
number of data points that build each extracted line in the scan, and length of the extracted lines
in the first key frame as shown in Figure 5-4. Line number (1) is chosen to be the first reference
line because it is the longest line, most robust line, and is built from the maximum points group.
Although line number (3) is selected to be the second reference line and this line is not the second
robust line, but it is the second longest line and is built from the second maximum points group,
and further, it exceeds the min accepted percentage of the adjusted coefficient of determination
which is 80%.
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Table 5-1: Computed parameters of the extracted lines of the first key frame.
Line
Number

Coefficient of
Determination (𝑹𝟐 )

Adjusted Coefficient
̅ 𝟐)
of determination (𝑹

Number of
Data Points

Line Length
[m]

1

0.9940

0.9937

51

5.7

2

0.9755

0.9706

13

1.0

3

0.8689

0.8631

48

5.4

4

0.9749

0.9722

22

2.8

5

0.9713

0.9598

8

1.8

The first two reference lines are the kernel for the mapping frame. Afterward, all the in-between
frames until receiving another key frame are sharing in constructing a coherent map using their
directly relation with the reference key frame, as shown in Figure 5-5.

Figure 5-5: The first key frame and the successive in-between frames.
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The vehicle’s absolute position with respect to the reference lines in the mapping frame is
determined by calculating the orthogonal distances from it to the reference lines at every period.
This helps compensate for any potential accumulated errors, especially given that other techniques
for determining relative position (F Wang et al., 2014) have difficulties with error accumulation
over time. Orthogonal distances from the vehicle position to all the lines are calculated as well,
and additionally, the intersection points between the orthogonal lines and all the lines are
computed. Occasionally there are no new references matched with previous ones, and in this case,
swapping to new reference lines occurs, creating new reference key frame.
5.1.3 Successive Key Frame
After a while the reference lines lessen due to the movement of the vehicle. In order to preserve
continuity of the reference lines occurrence, the successive key frames are created when the length
of the reference lines reaches a threshold. The goal here is to locate two new reference lines in the
previous scan frame, and matched lines in the current scan frame, while preserving the chosen line
criteria using the algorithm as outlined in Section 5.1.2. The transformation matrix between the
old reference lines and the new reference lines in the previous scan frame is then computed, and
from this, the transformation matrix from the new matched reference lines in the current scan frame
and the new reference lines in the previous scan frame, can be determined. Additionally, the
vehicle’s relative current position to the new matched reference lines in the current scan frame is
computed.
Figure 5-6 illustrates the swapping process between the old reference lines of the first key frame
and the new reference key frame, this process is formalized in Algorithm 1 and Algorithm 2 as
well. The old reference lines of the first key frame are represented by the dotted lines either in the
in-between frames and the key frame, while the solid lines present the two new reference lines.
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Transformation 1 is the relation between the old reference lines of the first key frame and the two
new reference lines in the in-between frames. Transformation 2 is the transition between the two
matched reference lines in the in-between frames and the key frame.

Figure 5-6: Swapping process between the old and new reference lines.
Algorithm 1: Pseudo-code of the swapping process between the old and new reference lines
1: Setting: sort the previous lines in descending order according to their length
2: For each previous line from long to short
3:
If this line has matching line in the current scan and composes from number of points
more than threshold
4:
calculate the unit vector of this line (1st reference)
5:
for each previous rest line from long to short
6:
If this line has matching line in the current scan and composes from number of
points more than threshold
7:
calculate the unit vector of this line (2nd reference)
8:
calculate the intersected angle between the two vectors
9:
If angle > 90
10:
angle = 180 - angle
11:
End if
12:
If absolute angle > threshold
13:
swap the two old reference lines
with the new ones
14:
raise flag
15:
End if
16:
End if
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17:
End for
18:
End if
19: End for
Algorithm 2: Pseudo-code of computing the relation between the old and new reference lines
1: If flag is high
2:
calculate the unit vector of the old 1st reference line
3:
calculate the unit vector of the new 1st reference line
4:
compute the intersected angle between the two vectors
5:
compute the cross product of the two vectors
6:
If the 3rd component of the cross-product result is less than zero
7:
angle = -angle
8:
End if
9: End if
Figure 5-7 demonstrates the swapping result between the old reference lines of the first key frame
and the new reference key frame. It is obvious that the first old reference line, line number 8 in the
in-between frame, does not exist in the next frame. Therefore, a new key frame must perform in
order to select new reference lines for the next frames. The new first and second reference lines
are numbered by 5 and 4 respectively, in the key frame.

Figure 5-7: Swapping result between old and new reference lines.
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5.1.4 Iterative Closest Point (ICP)
Finally, the ICP algorithm is used to approximate the current adjusted scan’s point cloud to the
previous one in the mapping frame in order to fine tune the mapping, and accurately determine the
vehicle’s new position. Using this algorithm by itself is problematic for two reasons: a) the vehicle
can get lost in the case of rapid movement or sharp rotation, and; b) the ICP algorithm uses an
iterative technique, and so requires significant amounts of time for scan matching convergence.
5.1.5 Experimental Results
In order to validate and evaluate the proposed RKF algorithm, the mapping performance and time
consumption of the proposed algorithm are compared with Hector SLAM with different grid cell
dimensions (Kohlbrecher et al., 2011), iterative closest point (ICP), and feature to feature
registration such as corners, in static and dynamic environments.
5.1.5.1 Static Environments
Figure 5-8 presents the mapping and position results, for the dataset I, using the proposed RKF
algorithm. The mean execution time and number of iterations for 9.3 millisecond and 13.5
respectively.
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(a)

(b)
Figure 5-8: Mapping and position results for the proposed RKF algorithm. a) Mapping frame
b) Schematic representation (not to scale).
Figure 5-9 presents the mapping and position results, for the dataset II, using the proposed RKF
algorithm. The mean execution time and number of iterations for the proposed algorithm are (9)
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millisecond and 13.46 respectively. It is obvious that the bending in the corridor is almost vanished
because the proposed algorithm depends on the transformation parameters between the reference
lines of the current scan frame with respect to the first reference key frame each time. Thus, if the
transformation was incorrectly estimated in (t) epoch, this would not affect the estimated
transformation of (t+1) epoch. Furthermore, the processing time of the proposed algorithm is
proper for real-time systems.

(a)
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(b)
Figure 5-9: Mapping and position results for the proposed RKF algorithm. a) Mapping frame b)
Schematic representation (to scale).
Figure 5-10 presents the mapping and position results, for the dataset III, using the proposed RKF
algorithm. The mean execution time and number of iterations for (8.9) millisecond and 13.5
respectively.

(a)
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(b)
Figure 5-10: Mapping and position results for the proposed RKF algorithm. a) Mapping frame
b) Schematic representation (to scale).
Figure 5-11 demonstrates the mapping and position results, for the dataset IV, using the proposed
RKF algorithm. The two sub-plots (a) and (b) represent the previous and current scans in the
scanner frame respectively. Due to the movement of the vehicle, the green line, which is the second
reference line (line number 2), is vanishing in the current scan and the line is completely
disappeared in the next scan. Therefore, the RKF algorithm is stuck due to the unavailability of
two non-parallel lines from the current scene. However, the proposed RKF algorithm succeeds to
converge and construct the first part of the map and properly represent the orthogonality behaviour
of the corridor.
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(a)

(b)

(c)

Figure 5-11: Mapping and position results for the proposed RKF algorithm. a) Previous scan in
the scanner frame b) current scan in the scanner frame c) Mapping frame.
5.1.5.2 Dynamic Environment
Figure 5-12 presents the mapping and position results using the proposed algorithm. The proposed
algorithm does not suffer from the moving objects because the extracted lines from the moving
objects do not accept the reference lines selection criteria. Thus, the extracted lines from the
moving objects would not share the estimation of the transformation parameters.
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Moving Objects

(a)

(b)
Figure 5-12: Mapping and position results for the proposed RKF algorithm. a) Mapping frame
b) Schematic representation (to scale).
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5.1.6 Summary
A low-cost novel real-time scan matching algorithm, inspired by the video streaming broadcast
key frame technique, is proposed. The proposed RKF algorithm depends on a sole laser scanner
rangefinder and does not need external aided sensors. The proposed algorithm endeavors to
mitigate the accumulated errors, that exist in the local and global scan matching, as the
transformation matrix of the proposed algorithm is computed with respect to the previous key
frame not with respect to the previous scan. Initially, the proposed algorithm depends on selecting
two reference lines from the extracted lines which compose the first reference key frame. The
transformation parameters of all the consecutive frames are computed with respect to this first
reference key frame, until new reference key frame is chosen. Thus, two new reference lines are
swapped, and furthermore, the transformation parameters between the old and new reference lines
are estimated. The transformation parameters of the next frames are computed with respect to the
first reference key frame but taking into consideration the transformation parameters of the
swapping process. For validating and evaluating the proposed algorithm, the mapping performance
and time consumption are studied under different algorithms such as Hector SLAM, ICP, and
feature to feature registration such as corners, in static and dynamic environments. It was found
that the time consumption of the proposed algorithm is approximately reduced by 99%, 35.7%,
10% comparable with multi-level Hector SLAM, ICP, feature registration respectively. The
computational time of estimating the transformation parameters between each two successive
scans is approximately 9 milliseconds, which indicates the qualification of the proposed algorithm
for real-time system implementations. On the other hand, the proposed algorithm is trapped during
the unavailability of two non-parallel lines in the current scan because the two reference lines must
be non-parallel lines.
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5.2 Improved Reference Key Frame Algorithm (IRKF)
The RKF algorithm, as described in Section 5.1, depends on two non-parallel lines named
reference lines. In case of navigating in corridor or unstructured environment, the RKF algorithm
is trapped due to the unavailability of two non-parallel lines. Consequently, an improved reference
key frame (IRKF) is proposed to overcome the period of unavailability of lines (Mohamed et al.,
2017a). The proposed IRKF algorithm will alternate to the ICP algorithm alone. The ICP algorithm
is performed for local and global scan matching as well for map consistency. Implementation of
the ICP algorithm, during the lines outage period, also decreases the sensitivity of the proposed
algorithm to the thresholds values because accepting reference lines depends on thresholds,
discussed later, and tuning the thresholds is an important process but deploying the ICP algorithm
reduces the thresholds tuning process.
Figure 5-13 depicts the alternating structure between the RKF and ICP methods. As long as the
proposed algorithm can choose two reference lines from the detected lines of the current scan
frame, the RKF method is implemented. Otherwise, the ICP method is performed. If reference
lines are detected once more in both previous and current scan frame, the proposed algorithm
alternate back to the RKF method.

Figure 5-13: Alternating structure of the proposed IRKF algorithm between the RKF and ICP
methods.
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5.2.1 Overall Structure of the Proposed Algorithm
Figure 5-14 shows the overall structure of the proposed algorithm. The lines are extracted from
every two successive scan frames. The availability of selecting two non-parallel lines as reference
lines is checked. If the reference lines are detected, the lines matching process will be implemented
to determine the matched reference lines in the current scan frame. Thereafter, the transformation
parameters are computed with respect to the last reference key frame. After transformation to the
mapping frame, the ICP algorithm is utilized with the previous mapping scan frame. Finally, the
current mapping and position are computed. On the other hand, if the reference lines are not
detected; the ICP algorithm is executed alone as a lines outage period.

Figure 5-14: Overall structure of the proposed IRKF algorithm.
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5.2.2 Line Outage Period
The ICP algorithm is solely performed during the lines outage period. During this period the
transformation parameters, in the laser scanner coordinate frame, are cumulatively computed
besides the transformation parameters of the global map. When the lines are detected over again,
the last reference lines are transformed to the current scan frame using the computed laser scanner
transformation. Thereafter, the relation between the new reference lines and the transformed
reference lines are calculated to overcome the reference lines discontinuity during the lines outage
period as shown in Figure 5-15.

Figure 5-15: Last reference lines transformation after the lines outage period.

5.2.3 Experimental Results
The mapping performance and time consumption of the proposed IRKF algorithm are studied in
static and dynamic harsh environments.
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5.2.3.1 Static Environment
For both datasets I and II, IRKF algorithm shows same RKF algorithm results as the IRKF
algorithm depends only on RKF method during the entire missions because the IRKF algorithm
does not encounter lines outage period during the navigation in both environments.
Figure 5-16 presents the mapping and position results, for the dataset III, using the proposed IRKF
algorithm. The blue points represent the mapping result during the RKF method while the green
points represent the mapping result using the ICP algorithm during the lines outage period. The
red points present the implemented trajectory. The mean execution time and number of iterations
for (8.9) millisecond and 13.5 respectively.

(a)
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(b)
Figure 5-16: Mapping and position results for the proposed algorithm. a) Mapping frame b)
Schematic representation (to scale).
Figure 5-17 demonstrates the mapping and position results, for the dataset IV, using the proposed
algorithm alone without using loop closure and/or external sensors. Although the existence of the
corridors and aggressive maneuvers, it is obvious that the proposed algorithm succeeds to converge
and build a map of the environment. It also achieves to represent the orthogonality behavior of the
corners. The shrink in some corridors comes from the dependence of the ICP algorithm alone
during the lines outage period because of the unsuccessful estimation of the longitudinal movement
from the implemented algorithm and the unavailability of this information from external source as
well. The mean execution time is (7) millisecond.
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(a)

(b)
Figure 5-17: Mapping and position results for the proposed IRKF algorithm. a) Mapping frame
b) Schematic representation (to scale).
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5.2.3.2 Dynamic Environment
Figure 5-18 presents the mapping and position results using the proposed IRKF algorithm. The
proposed algorithm does not suffer from the moving objects because the extracted lines from the
moving objects does not accept the reference lines selection criteria. Thus, the extracted lines from
the moving objects would not share the estimation of the transformation parameters. The mean
execution time and number of iterations for (9) millisecond and 13.5 respectively.

(a)
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(b)
Figure 5-18: Mapping and position results for the proposed IRKF algorithm. a) Mapping frame
b) Schematic representation (to scale).
5.2.4 Threshold Sensitivity
The proposed IRKF algorithm depends on a group of thresholds. The values of the thresholds are
computed according to sensor precision and/or dynamics of the vehicle as described above.
However, the proposed algorithm can achieve the exploration mission, even if the values of the
thresholds are altered around the right computed values of the thresholds. Nevertheless, the altered
threshold values depend on the environment of the exploration mission, and they will affect the
sharing percentage between the two methods (RKF and ICP) in the entire mission.
Figure 5-19 shows the mapping and position results for the proposed algorithm of the dataset III
after changing some values of the thresholds. It is clear that the environmental structure was not
affected by changing the values of the thresholds. The sharing percentage of the ICP algorithm for
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the entire dataset is 5.4% while the sharing percentage before changing the values of the thresholds
is 1.5%. The mean execution time is (8.1) millisecond.

(a)

(b)
Figure 5-19: Mapping and position results for the proposed IRKF algorithm. a) Mapping
frame b) Schematic representation (to scale).
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5.2.5 Summary
The proposed RKF algorithm is trapped in the corridors because the algorithm depends on the
availability of two non-parallel lines. However, the proposed IRKF algorithm succeeds to provide
a solution in the corridors and unstructured environment by switching to the ICP algorithm. Thus,
the algorithm depends on the ICP algorithm during lack of linear features. The proposed IRKF
algorithm switches back to the RKF algorithm once linear features are detected. The proposed
IRKF algorithm suffers from scale shrinking problem during long corridors because the length of
the corridor is longer than the maximum detection range of the laser scanner rangefinder.
Consequently, the IRKF algorithm depends on the ICP algorithm alone during the lines outage
period. Thus, the shrinking in some corridors comes from the unsuccessful estimation of the
longitudinal movement from the implemented ICP algorithm and the unavailability of this
information from external source as well. Finally, the proposed IRKF algorithm is appropriate for
dynamic environments, as the moving object features will not satisfy the reference lines selection
criteria. Therefore, the extracted lines from the moving objects never compose a reference key
frame.

134

Chapter Six: Integrated Navigation
Laser scan matching process in long corridors is a challenging task for vehicle’s navigation within
unknown environment (Diosi and Kleeman, 2005). The orientation and the lateral movement of
the vehicle can be estimated from the scan matching process, while the estimation of the
longitudinal movement is a challenge as there is no clue for the forward movement. The proposed
IRKF algorithm succeeds to mitigate the accumulated errors compared to other algorithms, such
as ICP algorithm, Hector SLAM, and feature-to-feature registration, in static and dynamic
environments. The performance of the IRKF algorithm exhibits computational efficiency and
promising navigational and mapping results; i.e., the transformation parameters between each two
successive scans are estimated in approximately 9 milliseconds, that indicates the potential use of
the new proposed algorithms with real-time systems. However, the IRKF algorithm suffers from
shrinking problem in long corridors due to the unsuccessful estimation of the longitudinal
movement from the implemented ICP algorithm as well as the unavailability of this information
from external source as well. Consequently, external sources such as optical flow (OF) are
integrated with the IRKF algorithm using Extended Kalman Filter (EKF) to overcome the
shrinking problem.
6.1 IRKF/OF Fusion using Extended Kalman Filter (EKF)
An orientation-compensated translational velocities in metric scale is provided using optical flow
sensor called PX4FLOW (Honegger et al., 2013). These velocity values aid the proposed IRKF
algorithm to estimate the longitudinal movement of the UAV especially in the long corridors.
Therefore, the laser scanner rangefinder and optical flow sensors are combined together in an
integrated navigational system of the UAV.
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6.1.1 Overview of the Integrated Navigational System
The estimated 2D position and the heading of the UAV from the laser scanner rangefinder are
fused with the velocities computed from the optical flow sensor by EKF to provide 2D navigational
solution of the UAV and the bias of the optical flow sensor as shown in Figure 6-1.

Figure 6-1: System architecture diagram of the estimation of the 2D navigational solution.
6.1.2 Data Fusion by EKF
The process of finding an approximation for unknown parameter using observations is called
estimation. A common estimation method employed for sensor fusion is EKF (Gelb, 1974), which
integrates sensor information from laser scanner rangefinder and optical flow sensor, to provide
an improved 2D navigational solution over using solitary sensor information.
The EKF describes the kinematic model of the UAV using the following first order state equation:

𝑥̇ = 𝐹𝑥 + 𝐺𝑤
Where

𝑥

: state estimate vector

𝐹

: dynamic matrix

𝐺

: noise distribution matrix

𝑤

: process noise vector
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(6-1)

The two terms on the right-hand side in Equation (6-1) respectively define the dynamic model and
the stochastic model. The dynamic model describes how states develop over time, while the
stochastic model defines the uncertainty in the dynamics model. In this research work, 8 states of
the 2D navigational solution are used, as presented in Equation (6-2); each state is represented
with respect to the mapping frame.

𝑥 = [𝑃𝑥 , 𝑃𝑦 , 𝑉𝑥 , 𝑉𝑦 , 𝑎𝑥 , 𝑎𝑦 , 𝜃, 𝑏𝑖𝑎𝑠𝑂𝐹 ]𝑇
Where

𝑃𝑥

: position of the UAV in the x direction

𝑃𝑦

: position of the UAV in the y direction

𝑉𝑥

: velocity of the UAV in the x direction

𝑉𝑦

: velocity of the UAV in the y direction

𝑎𝑥

: acceleration of the UAV in the x direction

𝑎𝑦

: acceleration of the UAV in the y direction

𝜃

: heading of the UAV

𝑏𝑖𝑎𝑠𝑂𝐹

𝑃𝑥̇
𝑃𝑦̇
𝑉𝑥̇
𝑉𝑦̇
𝑎̇ 𝑥
𝑎̇ 𝑦
𝜃̇
̇ 𝑂𝐹 ]
[𝑏𝑖𝑎𝑠
𝑥̇

0
0
0
= 0
0
0
0
[0

(6-2)

: bias of the optical flow sensor

0
0
0
0
0
0
0
0

1
0
0
0
0
0
0
0

0
1
0
0
0
0
0
0

0
0
1
0
0
0
0
0

0
0
0
1
0
0
0
0

0
0
0
0
0
0
0
0

𝑃𝑥
0
0
𝑃
𝑦
0
0
𝑉
0
𝑥
0
𝑉𝑦
0
+ 0
𝑎
1
0
𝑥
𝑎
0
0
𝑦
0
0
𝜃
[
]
0
0 [𝑏𝑖𝑎𝑠𝑂𝐹 ]

𝐹

𝑥

0
0
0
0
0
1
0
0

0
0
0
0
0
0
1
0

𝐺

0
0
0
0 𝑤
0
0
0
1]

𝑤

Therefore, the corresponding discrete-time linear system can be expressed as follows:
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(6-3)

𝑥𝑘 = 𝛷𝑘,𝑘−1 𝑥𝑘−1 + 𝐺𝑘−1 𝑤𝑘−1
Where

𝑥𝑘
𝛷𝑘,𝑘−1

: estimated state vector
: transition matrix

𝐺𝑘−1

: noise distribution matrix

𝑤𝑘−1

: unit variance white Gaussian noise

𝑘

(6-4)

: current epoch

The transition matrix from time 𝑡0 to 𝑡 is given as 𝛷(𝑡, 𝑡0 ), the transition matrix is only a function
of the time interval (𝑡 − 𝑡0 ) when the dynamic matrix is time invariant. For systems with time
invariance over short time intervals, the transition matrix is given as (Brown and Hwang, 2012):

𝛷(𝑡, 𝑡0 ) = 𝑒 𝐹(𝑡−𝑡0) = 𝑒 𝐹∆𝑡

(6-5)

Since the system is time invariant over short time intervals, Taylor expansion is used to the first
order on Equation (6-5) and ignoring the high order terms, the transition matrix can be defined as:

𝛷𝑘,𝑘+1 = 𝐼 + 𝐹∆𝑡
1
0
0
𝛷= 0
0
0
0
[0

0
1
0
0
0
0
0
0

∆𝑡
0
1
0
0
0
0
0

0
∆𝑡
0
1
0
0
0
0

0
0
∆𝑡
0
1
0
0
0

0
0
0
∆𝑡
0
1
0
0

(6-6)

0
0
0
0
0
0
1
0

0
0
0
0
0
0
0
1 ]8𝑥8

(6-7)

The covariance matrix of the process noise matrix 𝑤(𝑡) is defined as (𝑄𝑘 ):

𝑄𝑘 = 𝐸[𝑤𝑘 𝑤𝑘𝑇 ]
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(6-8)

𝑡𝑘+1

𝑄𝑘 = ∫

𝑇
𝑇
𝛷𝑘,𝑘+1 𝐺𝑘−1 𝑄𝐺𝑘−1
𝛷𝑘,𝑘+1

(6-9)

𝑡𝑘

𝑞𝑎𝑥
0
𝑄=[
0
0
Where

𝑄

0
𝑞𝑎𝑦
0
0

0 0
0 0
]
𝑞𝜃 0
0 𝑞𝑏 4𝑥4

(6-10)

: the spectral density matrix

𝑞𝑎𝑥

: spectral density parameter for the acceleration in the x direction

𝑞𝑎𝑦

: spectral density parameter for the acceleration in the y direction

𝑞𝜃

: spectral density parameter for the vehicle’s heading

𝑞𝑏

: spectral density parameter for the bias of the optical flow sensor

As mentioned earlier, the laser scanner rangefinder and the optical flow sensors are utilized as
external observations for the system. The discrete form of the measurement equation that describes
the relationship between the observations and the estimated state vector is defined as:

𝑍𝑘 = 𝐻𝑘 𝑥𝑘 + 𝛿𝑛𝑘
Where

𝑍

: observations vector

𝐻

: design matrix

𝑥

: estimated state vector

𝛿𝑛

: observations noise

𝑘

: current epoch

(6-11)

The estimated position and heading from the laser scanner rangefinder is used as an external
observation of improved accuracy. The position and heading are estimated in the mapping frame,
then the laser scanner rangefinder observations are used as updates according to:
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𝑃𝑥
(𝑍𝐿𝑅𝐹 )𝑘 = [𝑃𝑦 ]
𝜃 3𝑥1
Where

(6-12)

𝑃𝑥

: estimated position from the laser scanner rangefinder in the x direction

𝑃𝑦

: estimated position from the laser scanner rangefinder in the y direction

𝜃

: estimated heading from the laser scanner rangefinder

Whereas, the corresponding design matrix during laser scanner rangefinder update is given as:

𝐻𝐿𝑅𝐹

1 0
= [0 1
0 0

0 0 0
0 0 0
0 0 0

0 0 0
0 0 0]
0 1 0 3𝑥8

(6-13)

On the other hand, the computed velocities from the optical flow sensor are used as second external
observations. Since the velocities are computed in the body frame, the optical flow observations
are transformed to the mapping frame using the computed transformation matrix from the IRKF
algorithm. Thereafter, the transformed velocities are used as updates according to:

Where

𝑣𝑥′ = 𝑣𝑥 + 𝑏𝑖𝑎𝑠𝑂𝐹

(6-14)

𝑣𝑦′ = 𝑣𝑦 + 𝑏𝑖𝑎𝑠𝑂𝐹

(6-15)

𝑣𝑥′
(𝑍𝑂𝐹 )𝑘 = [ ′ ]
𝑣𝑦 2𝑥1

(6-16)

𝑣𝑥′

: computed velocity from the optical flow in the x direction

𝑣𝑦′

: computed position from the optical flow in the y direction

𝑣𝑥

: the optical flow sensor’s true velocity in the x direction

𝑣𝑦

: the optical flow sensor’s true velocity in the y direction

𝑏𝑖𝑎𝑠𝑂𝐹 : bias of the optical flow sensor

𝑍𝑂𝐹

: observations of the optical flow
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Whereas, the corresponding design matrix during optical flow sensor update is given as:

𝐻𝑂𝐹 = [

0 0
0 0

1 0 0 0
0 1 0 0

0 1]
0 1 2𝑥8

(6-15)

As mentioned before, the proposed IRKF algorithm comprises two methods, namely RKF and ICP
algorithms. According to the proposed experiments in Chapter 4, the RKF algorithm exhibits more
robustness than the ICP algorithm. Therefore, each method has the corresponding covariance
matrix of the measurement noise (𝑅). Since the RKF algorithm shows lower uncertainty in
measurements, the RMSE between the successive scans, after performing the scan matching
process, are used to parameterize the covariance matrix of the measurement noise (𝑅𝑅𝐾𝐹 ).

𝑅𝑀𝑆𝐸
(𝑅𝑅𝐾𝐹 )𝑘 = [ 0
0

0
𝑅𝑀𝑆𝐸
0

0
0 ]
𝑅𝑀𝑆𝐸 3𝑥3

(6-16)

In contrast, the ICP algorithm shows high uncertainty in measurements especially in the
longitudinal direction and low uncertainty in measurements elsewhere. This is due to the IRKF
algorithm switches to the ICP algorithm during the unavailability of two non-parallel lines for
instance in corridors. Furthermore, the lack of evidence that supports the longitudinal movement
negatively affects the certainty of the measurements. As a result, for the localization, the new
positions of the UAV appear to be stationary, which is not the real situation. Thus, the next point
clouds are approximately accumulated at the same position, causing shrinking in the corridor, until
a new evidence of the forward direction is caught. In order to assist in tackling the shrinking
problem of the long corridor, the Eigenvalues and Eigenvectors of one of the two parallel lines
(i.e., corridor) are used to compute the covariance matrix of the line after transforming the
Eigenvectors from the body frame to the mapping frame. The computed covariance matrix is lent
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to the covariance matrix of the position measurement noise as shown in Figure 6-2. In this figure,
the yellow rectangle represents the unchanged position of the UAV (i.e., shrinking area), while the
blue dashed oval represents the lent covariance matrix. The trajectory of the UAV is represented
by the red dashed line. Figure 6-2 also demonstrates that the corridor is not necessarily aligned
with the mapping frame axes. Thus, the covariance matrix of the position measurement noise is
fully populated as given in Equation (6-19).

Figure 6-2: Confidence ellipse in corridors.
The covariance matrix of the position measurement noise is computed using the Eigenvalue and
Eigenvector equation as follows:

𝐴𝑣1 = 𝜆1 𝑣1

(6-17)

𝐴𝑣2 = 𝜆2 𝑣2

(6-18)
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𝑐
]
𝑏

(6-19)

𝑣11
𝑣1 = [𝑣 ]
21

(6-20)

𝑣12
𝑣2 = [𝑣 ]
22

(6-21)

𝑣11 𝑎 + 𝑣21 𝑐 = 𝜆1 𝑣11

(6-22)

𝑣11 𝑐 + 𝑣21 𝑏 = 𝜆1 𝑣21

(6-23)

𝑣12 𝑎 + 𝑣22 𝑐 = 𝜆2 𝑣12

(6-24)

𝑣12 𝑐 + 𝑣22 𝑏 = 𝜆2 𝑣22

(6-25)

𝐴=[

𝑎
𝑐

Solving Equations (6-22), (6-23), and (6-24) yields:

𝜆2 𝑣12 − 𝜆1 𝑣12
𝑣 𝑣12
(𝑣22 − 21
𝑣11 )

(6-26)

𝑎=

𝜆1 𝑣11 − 𝑣21 𝑐
𝑣11

(6-27)

𝑏=

𝜆1 𝑣21 − 𝑣11 𝑐
𝑣21

(6-28)

𝑐=

Where

𝜆1 = 𝑅𝑀𝑆𝐸 ∗ 𝑠𝑐𝑎𝑙𝑒

(6-30)

𝜆2 = 𝑅𝑀𝑆𝐸

(6-31)

𝑣1

: the corresponding eigenvector of the largest Eigenvalue

𝑣2

: the corresponding eigenvector of the smallest Eigenvalue
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𝜆1

: the largest Eigenvalue corresponds to the longitudinal movement (high
uncertainty)

𝜆2

: the smallest Eigenvalue corresponds to the lateral movement (low
uncertainty)

𝐴

: the covariance matrix

Therefore, the covariance matrix of the measurement noise is given as:

𝑎
(𝑅𝐼𝐶𝑃 )𝑘 = [ 𝑐
0

𝑐
𝑏
0

0
]
0
𝑅𝑀𝑆𝐸 ∗ 𝑠𝑐𝑎𝑙𝑒 3𝑥3

(6-32)

From Equation (6-29), the scale of the heading variance is manually tuned according to the
environment due to the high uncertainty of the scan matching result from the ICP algorithm.
In addition to the provided velocities of the optical flow sensor, the quality of the velocities is
provided with each observation as well. The quality strength is encapsulated in one byte; the
quality value ranges from 0 to 255. The highest quality is 255 and the quality reduces until reach
0. Therefore, the corresponding covariance matrix of the measurement noise is computed as
follows:

𝑟𝑂𝐹 = (256 − 𝑞𝑢𝑎𝑙𝑖𝑡𝑦) ∗ (𝑠𝑐𝑎𝑙𝑒/255)
𝑟
(𝑅𝑂𝐹 )𝑘 = [ 𝑂𝐹
0

0
]
𝑟𝑂𝐹 2𝑥2

(6-33)

(6-34)

The inputs of the EKF such as transition matrix, covariance matrix of the system noise, covariance
matrix of the measurement noise, design matrices for both updates, and the measurements vectors,
have been prepared. Figure 6-3 depicts the work flow diagram of the EKF algorithm. The
navigation system has two updates. The first update measurements (𝑃𝑥 , 𝑃𝑦 , 𝜃) are provided from
the proposed IRKF algorithm using the laser scanner rangefinder, while the second update
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measurements (𝑉𝑥 , 𝑉𝑦 ) are provided from the optical flow sensor. Since the proposed IRKF
algorithm alternates between two algorithms; namely RKF and ICP algorithms, the covariance
matrix of the measurement noise (𝑅𝑅𝐾𝐹 , 𝑅𝐼𝐶𝑃 ) changes according to the selected algorithm.
Moreover, both algorithms have the same design matrix 𝐻𝐿𝑅𝐹 . On the other hand, the optical flow
update has a specific design matrix (𝐻𝑂𝐹 ) and covariance matrix of the measurement noise (𝑅𝑂𝐹 ).
Otherwise, the navigation system is idle until receiving updates.

Figure 6-3: EKF work flow diagram.
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The two states of the EKF algorithm are given as:
Computed:

𝑥̂0 , 𝑃0 , (𝑅𝑅𝐾𝐹 )𝑘 , (𝑅𝐼𝐶𝑃 )𝑘 , (𝑅𝑂𝐹 )𝑘 , 𝑄𝑘−1 , 𝐻𝐿𝑅𝐹 , 𝐻𝑂𝐹 , 𝛷𝑘,𝑘−1
Prediction
𝑥̂𝑘 (−) = 𝛷𝑘,𝑘−1 𝑥̂𝑘−1 (+)

(6-35)

𝑇
𝑃𝑘 (−) = 𝛷𝑘,𝑘−1 𝑃𝑘−1 (+)𝛷𝑘,𝑘−1
+ 𝑄𝑘−1

(6-36)

Update

𝐾𝑘 = 𝑃𝑘 (−)𝐻𝑘𝑇 (𝐻𝑘 𝑃𝑘 (−)𝐻𝑘𝑇 + 𝑅𝑘 )−1

(6-37)

𝑥̂𝑘 (+) = 𝑥̂𝑘 (−) + 𝐾𝑘 (𝑍𝑘 − 𝐻𝑘 𝑥̂𝑘 (−))

(6-38)

𝑃𝑘 (+) = (𝐼 − 𝐾𝑘 𝐻𝑘 )𝑃𝑘 (−)

(6-39)

6.1.3 Experimental Results
Figure 6-4 shows the mapping and positioning results, for the dataset III, using the integration of
the proposed IRKF algorithm with the optical flow sensor. The blue points represent the mapping
result during the RKF method, while the red points represent the mapping result using the ICP
algorithm during the lines outage period. The cyan asterisks present the implemented trajectory
using the RKF method, while the magenta asterisks represent the implemented trajectory using the
ICP method. The average execution time and number of iterations are (7) millisecond and 13
respectively. It is obvious, the shrinking problem does not occur in the vertical corridor since the
optical flow sensor aids the proposed IRKF algorithm by providing a sense of the longitudinal
movement especially in the corridor. Furthermore, the certainty of the laser scanner rangefinder
update has also been maintained for the lateral direction only.
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(a)

(b)
Figure 6-4: Mapping and positioning results for the proposed IRKF algorithm. a) Mapping
frame b) Schematic representation (to scale).
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6.1.4 Summary
In long corridors, the probability of detecting non-parallel lines are approximately low. Thus, the
proposed IRKF algorithm suffers from estimating the longitudinal movement due to the lack of
evidence in the forward direction. Consequently, the next point clouds are approximately
accumulated at the same position. Once a forward clue is detected by the laser scanner rangefinder,
the estimated position of the UAV starts to move forward again, causing shrink in the map of the
corridor structure. Therefore, external source such as optical flow sensor is added to the
navigational system. The optical flow sensor provides compensated velocities in the x and y
directions in the body frame. After converting the compensated velocities to the mapping frame,
EKF algorithm is used to fuse the computed velocities with the estimated 2D position and the
heading of the UAV from the IRKF algorithm using laser scanner rangefinder. The computed
velocities aid in estimating the position of UAV especially during navigation in the long corridors.
Therefore, the integration between the IRKF algorithm and the observations of the optical flow
sensor overcomes the shrinking problem.
6.2 IMU/IRKF/OF Fusion using Extended Kalman Filter (EKF)
In contrast to the robots and ground vehicles, the UAV is able to translate and rotate around all its
axes; 6-degree-of-freedom (6-DOF) (Miranda, 2009). Thus, the UAV performs combined
rotations, such as roll and pitch at the same time, during the flight mission. The roll and pitch
rotations performed by the UAV implicitly affect the scan matching result. Therefore, inertial
measurement unit (IMU) is added to investigate the effect of the compensation of roll and pitch
angles in the scan matching process. Furthermore, the estimated position of the UAV using the
fusion between the IMU, laser scanner rangefinder, and optical flow sensor by EKF is investigated.
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6.2.1 Roll and Pitch Compensation
Figure 6-5 demonstrates the overall structure of the roll and pitch compensation approach. The roll
and pitch angles of the UAV are calculated from the accelerometer measurements (𝑓𝑥 , 𝑓𝑦 ). These
angles are used to parameterize the rotation matrix (𝑅𝑙𝑒𝑣𝑒𝑙 ) and consequently level the current scan
in the body frame. The current leveled scan together with the previous scan are fed to the scan
matching approach inside the IRKF algorithm. As discussed earlier, the IRKF algorithm outputs
position and heading of the UAV in the mapping frame.

Figure 6-5: Overall structure of the roll and pitch compensation approach.
Equation (6-40) presents the model equation of the measurements of the specific force (Noureldin,
Karamat and Georgy, 2013):

𝐼𝑓 = 𝑓𝑡 + 𝑏𝑓 + 𝑆𝑓
𝑠𝑖𝑥
𝑆𝑓 = [ 0
0

0
𝑠𝑖𝑦
0
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0
0]
𝑠𝑖𝑧

(6-40)

(6-41)

Where

𝐼𝑓

: the vector of the accelerometer measurement (𝑚/𝑠 2 )

𝑓𝑡

: the vector of the true specific force vector (𝑚/𝑠 2 )

𝑏𝑓

: the bias of the accelerometer instrument (𝑚/𝑠 2 )

𝑆𝑓

: the matrix of the linear scale factor error (𝑝𝑝𝑚)

Therefore, the specific force vector after the correction of the deterministic errors is expressed by:

𝑓𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 = (𝐼𝑓 − 𝑏𝑓 )/(1 + 𝑆𝑓 )
Where

𝑓𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑

(6-42)

: the corrected specific force from the deterministic errors

Figure 6-6 shows the computation of the pitch angle (𝜃𝑥 ) using the accelerometer measurement.
Due to the gravitational field and the tilting status of the accelerometer, the accelerometer measures
a component of the gravity (𝑔) as given:

Where

𝑓𝑧 = 𝑔𝑐𝑜𝑠(𝜃𝑥 )

(6-43)

𝑓𝑥 = 𝑔𝑠𝑖𝑛(𝜃𝑥 )

(6-44)

𝑓𝑥

: the accelerometer measurement in the x-direction

𝜃𝑥

: the tilting angle (pitch) around the x-direction

𝑔

: the magnitude of the gravitational field
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Figure 6-6: The computation of the pitch angle using accelerometer measurement.
From Equations (6-42) and (6-44):

𝑓𝑥−𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 = 𝑔𝑠𝑖𝑛(𝜃𝑥 )

(6-45)

𝑓
𝑝𝑖𝑡𝑐ℎ = 𝜃𝑥 = sin−1 ( 𝑥−𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 )

(6-46)

𝑔

Where 𝑓𝑥−𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 : the corrected specific force from the deterministic errors in the xdirection
Therefore, the output of the accelerometer in the x-direction provides a direct measurement of the
tilt angle (pitch) around the x-axis.
Similarly, the output of the accelerometer in the y-direction provides a direct measurement of the
tilt angle (roll) around the y-axis.

𝑟𝑜𝑙𝑙 = 𝜃𝑦 = sin−1 (

𝑓𝑦−𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑
𝑔

)

(6-47)

Where 𝑓𝑦−𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 : the corrected specific force from the deterministic errors in the ydirection
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After the roll and pitch computations are achieved and the azimuth angle is equal to zero, the
rotation matrix (𝑅𝑙𝑒𝑣𝑒𝑙 ) is computed as follows:
cos(𝜃𝑦 )
𝑅𝑙𝑒𝑣𝑒𝑙 = [ sin(𝜃𝑥 ) sin(𝜃𝑦 )
− cos(𝜃𝑥 ) sin(𝜃𝑦 )
Where

𝜃𝑦

: roll angle

𝜃𝑥

: pitch angle

sin(𝜃𝑦 )

0

cos(𝜃𝑥 ) − sin(𝜃𝑥 ) cos(𝜃𝑦 )]
sin(𝜃𝑥 )

(6-48)

cos(𝜃𝑥 ) cos(𝜃𝑦 )

The current level scan is compensated from the current scan using the rotation matrix (𝑅𝑙𝑒𝑣𝑒𝑙 ) as
given:
(𝑃𝑐𝑙 )3𝑥3 = (𝑅𝑙𝑒𝑣𝑒𝑙 )3𝑥3 (𝑃𝑐𝑠 )3𝑥𝑛
𝑃
(𝑃𝑐𝑠 )3𝑥𝑛 = [ 𝑐𝑥𝑖
⋮
Where

𝑃𝑐𝑦𝑖
⋮

1
]
⋮

𝑃𝑐𝑙

: the current leveled scan

𝑃𝑐𝑠

: the current scan

𝑃𝑐𝑥𝑖

: current scan 𝑖 𝑡ℎ point in the x-direction

𝑃𝑐𝑦𝑖

: current scan 𝑖 𝑡ℎ point in the y-direction

(6-49)
(6-50)

6.2.1.1 Experimental Results
Figure 6-7 shows the mapping and positioning results, for the dataset III, using the integration
between the proposed IRKF algorithm, the optical flow sensor, and the IMU measurements. The
blue points represent the mapping result, while the red asterisks represent the implemented
trajectory. The average execution time and number of iterations are (20) millisecond and 13
respectively.
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(a)

(b)
Figure 6-7: Mapping and positioning results for the dataset III after roll and pitch
compensation. a) Mapping frame b) Schematic representation (to scale).
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Comparing the implemented result with the result of the IRKF/OF integration, both results are
approximately the same. The leveling approach does not improve the result because the navigation
of UAVs in indoor environment maintains approximately low velocity for safe flight, and
furthermore, there is almost no wind inside indoor environments. Consequently, the UAVs
perform approximately small negative pitch angle (pitch down); the rear propellers raise up for
forward movement while the front propellers dip down as shown in Figure 6-8.

Figure 6-8: Moving forward configuration.

Figure 6-9 shows the performed roll and pitch angles for the entire flight. The blue line represents
the roll angles, whilst the red line represents the pitch angle.
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Figure 6-9: The performed roll and pitch angles for dataset III during entire flight.
Figure 6-10 illustrates the RMSE between each two successive scans for both leveled and
unleveled approaches. The blue line represents the RMSE of the unleveled approach, while the red
line represents the RMSE of the leveled approach. The mean of the RMSE of the unleveled
approach is represented by the cyan line, while the mean of the RMSE of the leveled approach is
represented by the magenta line. The mean of the RMSE for the total scan matching of both
unleveled and leveled approaches are 7.16 cm and 7.59 cm respectively. The difference between
the two mean values is 4.3 millimeter, while the standard deviation of the laser scanner rangefinder
ranges from 3.4 to 54.4 millimeter according to the detection range, as described earlier in Chapter
4, Table 4-1. Thus, the impact of the adjustment of the leveling approach is small comparing with
the impact of the outliers of the laser scanner rangefinder. Furthermore, this result supports the 2D
representation of the UAV instead of 3D because the two approaches approximately provide the
same result.
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Figure 6-10: RMSE between the successive scans for both leveled and unleveled approaches.

6.2.2 Position Estimation
Navigation of a UAV in an indoor environment requires an accurate estimation of the vehicle’s
navigation parameters (i.e. position, velocity and orientation). Vehicle localization can be a
challenging task because GPS might fail to provide reliable position because of multipath problem,
loss of line of sight and/or signal attenuation (F Wang et al., 2014). Even if the GPS signal is
received by any other means, the accuracy of the received measurements will not be appropriate
for indoor navigation. Therefore, improving the accuracy of the navigation parameters of UAV
can provide additional economical and practical advantages because the UAV can be used in
various applications. However, such economical and practical requirements need navigation
systems that can provide uninterrupted navigation solution. Hence, testing the performance
characteristics of Micro-Electro-Mechanical Systems (MEMS) or low cost inertial navigation
sensor for UAV with the proposed system is important research.
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6.2.2.1 Overview of the System Architecture
Figure 6-11 illustrates the closed loop loosely coupled INS/IRKF/OF integration. The estimated
2D position and the heading of the UAV from the integration of the IRKF/OF are converted from
the mapping frames to the curvilinear coordinates (Latitude, Longitude). The acquired height from
the sonar is added to the elevation magnitude of the experimental location in order to compute the
height of the UAV in the curvilinear coordinates. The estimated and computed parameters are
fused with the IMU measurements by EKF to provide 3D navigational solution of the UAV in the
local level frame. They are also used as initial condition to the EKF. The coordinate frame is NED
(North, East, and Down). The raw measurements of the IMU are fed to the mechanization to
provide the six main parameters that describe the motion of a rigid body in space; three position
and three orientation parameters. The estimated position and heading from the IRKF/OF fusion
are subtracted from the computed position and azimuth from the mechanization to calculate the
error state vector. This error state vector is fed to the EKF, while the EKF outputs are subtracted
from the computed parameters of the mechanization to provide the corrected navigational
parameters. The corrected navigation solutions are fed back to the INS in order to correct the INS
in each loop. Moreover, the position, velocity, and attitude of the EKF estimates are reset to zero
after feeding back the error estimates. Twenty-one states are used as presented in Equation (6-51)
as each error is represented in 3D with respect to the navigation frame.
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Figure 6-11: Closed loop loosely coupled INS/IRKF/OF integration.

𝑥 = [𝛿𝑃𝐺 𝛿𝑉𝐺 𝛿𝐴𝑡 𝛿𝜔𝑏 𝛿𝑓𝑏 𝛿𝜔𝑠 𝛿𝑓𝑠 ]21𝑥1

(6-51)

The UAV is equipped with a low-cost MEMS IMU (LSM9DS1) from (STMICROELECTRONICS),
which is categorized as commercial grade. Typically, the IMU has large drift in the navigation
solution as the gyro drift is less than 0.1°/𝑠𝑒𝑐. The integration is achieved using EKF algorithm
because the feedback loop is an important configuration for MEMS based INS operation (Yang,
Niu and El-Sheimy, 2006b). This is accomplished using the Aided Inertial Navigation System
(AINS™) toolbox (Shin, 2004), which has been developed at the Mobile Multi-Sensor Systems
(MMSS) group at the University of Calgary.
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6.2.2.2 Experimental Results
The implemented trajectory is converted from mapping frame to curvilinear coordinate by
selecting two points in the mapping frame, such as the start and end points, then getting the
corresponding curvilinear coordinate points (latitude and longitude). The transformation
parameters are estimated using least squares method. Figure 6-12 demonstrates the implemented
trajectory of dataset III on Google Earth after converting from mapping frame to curvilinear
coordinate. The implemented trajectory of the UAV is represented by the red line.

Figure 6-12: The implemented trajectory of dataset III on google Earth.

Figure 6-13 shows the UAV trajectory result using IMU/IRKF/OF fusion. The blue line represents
the position updates from the IRKF algorithm, while the red line represents the integration position
result from the IMU/IRKF/OF fusion using EKF. Due to the high noise and drift rates of the lowcost MEMS IMU, the uncertainty of the position update is assigned very low in order to correct
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and enhance the IMU result (El-Sheimy, 2015). However, the integration result shows the IMU
completely depends on the position update from the IRKF algorithm.

Figure 6-13: UAV trajectory result using IMU/IRKF/OF fusion.

Figure 6-14 shows the UAV heading result using IMU/IRKF/OF fusion. The blue line represents
the heading updates from the IRKF algorithm, while the red line represents the integration heading
result from the IMU/IRKF/OF fusion using EKF. It is clear that the IMU completely depends on
the heading update from the IRKF algorithm as well.
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Figure 6-14: UAV heading result using IMU/IRKF/OF fusion.

6.2.3 Summary
Due to its (6-DOF), the UAV has the capability to translate and rotate around all its axes.
Therefore, IMU sensor is added to investigate the impact of the roll and pitch angles on the scan
matching result and compare the achieved result with the proposed IRKF algorithm result.
Moreover, the estimated position of the UAV is also investigated using EKF of the IMU/IRKF/OF
integration.
For the impact of the roll and pitch angles, the objective is to perform the scan matching process
on successive leveled scans. Consequently, all the scans are leveled using a rotation matrix
computed from the roll and pitch angles by the aid of the accelerometer measurements. However,
the leveling approach does not improve the solution because the velocity of the UAV in indoor
161

environment is approximately low for safety constraint. Thus, the implemented rotation angles by
the UAV are approximately small and the impact of the leveling adjustment is buried within the
noisy data that comes from the low-cost laser scanner rangefinder.
Moreover, the low-cost MEMS IMU (commercial grade) suffers from high noise and drift rate that
significantly affect the output of the inertial sensor. The EKF algorithm totally depends on the
update measurements. Thus, the integration of the IMU/IRKF/OF does not improve the solution,
and furthermore, it drags the solution off the implemented trajectory.
6.3 Multi-Slices of 2D Point Cloud for 3D Environment Representation
The basic navigation system of UAVs will encounter significant challenges in unknown indoor
environments; for instance, and not limited to, map construction, path planning, and obstacle
avoidance. Furthermore, the payload restriction of UAVs for indoor environment is a challenge
because of limitations in memory and processing power. As a result, navigating in 3D
environments, for standalone systems, often suffers from memory and computational costs in
addition to the high dynamics of the UAV. In some cases, the problem is simplified by assuming
that the UAV flies with constant altitude as a navigation constrain in addition to this constraint,
considering the environment is structured such that the walls are purely vertical and orthogonal to
each other. On one hand, these are vulnerable assumptions due to neglecting the estimation of
three parameters of the UAV, as the actual UAV model is represented by 6 degrees of freedom (6DOF), and the violation of the environment’s truth. On the other hand, many probabilistic
approaches such as voxel occupancy grids (Duffy, Allan and Herd, 1989; Plaza-Leiva et al., 2015),
multi-level surface maps (Triebel, Pfaff and Burgard, 2006; Rivadeneyra et al., 2009), Octomap
(Wurm et al., 2010; Hornung et al., 2013), and multi-volume occupancy grid (Dryanovski, Morris
and Jizhong Xiao, 2010) are utilized for efficient 3D mapping, navigation constraints and
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localizing results. Voxel occupancy grids approach represents the 3D environment as a grid of
cubic volumes of equal size, where each cube of the grid is independent from its neighbors.
However, this approach suffers from large memory requirements as the grid size should be
initialized at the beginning. Multi-level surface maps approach consists of a horizontal 2D grid
structure, where each cell stores different elevation values in the corresponding area. Although the
multi-level surface maps approach presents compact representation, it only records positive sensor
data and it does not provide mechanism for decreasing the recorded occupancy value of object’s
elevation. Therefore, sensor errors are never removed from the grid. Octree approach composes
the 3D environment as a hierarchy of cubes that allows a recursive subdivision of the cube into
octants. Although this approach postpones the initialization of the grid size until measurements
need to be updated, it also suffers from large memory requirements. Multi-volume occupancy grid
approach is similar to the multi-level surface maps, but it records both positive and negative
readings into distinct positive and negative volumes. However, the memory consumption is still
large.
An efficient 3D SLAM approach, using multiple 2D point cloud slices instead of a single 3D voxel
representation for real-time UAVs indoor navigation, is proposed. This is performed by dividing
the entire map into several 2D maps based on the altitude of the UAV. Each 2D map has its own
altitude and it covers part of the environment, as well as a transient region between each two maps
to enable connecting neighboring maps as shown in Figure 6-15.
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Figure 6-15: Multi-dimensional region between maps.

This splitting process aims at reducing the memory consumption and processing costs of the entire
constructed map, and avoiding restrictions for assigning grid size before the flight. The proposed
algorithm also preserves the memory requirements, by storing the executed trajectory for backward
return, instead of building another 2D map slices during the returning flight. The mapping
performance and memory cost of the proposed algorithm are tested with several datasets to
optimize its usage for real time systems.
6.3.1 Overall Structure of the Proposed Algorithm
Figure 6-16 illustrates the overall structure of the proposed multi-slices 2D point cloud for 3D
environment representation. The proposed IRKF algorithm is fed with the 2D point cloud, the
altitude from the ground, and the velocities in the x and y direction from the navigation system,
while the roll and pitch are provided from the autopilot system.
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Figure 6-16: Overall structure of the proposed multi-slices 2D point cloud.
The proposed multi-slices algorithm comprises two states, namely; map building and transient
states. The transmission between the states is carried out after achieving a switching criteria related
to the detected gaps in the current scene. The UAV starts building map at a fixed altitude. When
no gaps are detected at the current altitude of the UAV or all the existing gaps are already visited
by the UAV, the current map building state is quitted. Then the proposed algorithm is switched to
transient state. The transient state faces challenges in determining the relation between old and
new maps, and hence, the new map is built from scratch without history guide. During the transient
state, the map construction is halted. The UAV seeks new gaps by changing its altitude up and
down hoping to detect a gap. The scan matching process is implemented between each two
successive scan frames, until the end of the transient state, in order to estimate the transformation
parameters between the previous constructed map and the next map using the proposed IRKF
algorithm. If the gap is detected at a new altitude, the proposed algorithm is switched back to the
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map building state to construct a new map at the new altitude. To that end, the entire map is
represented as several 2D point cloud slices at different heights.
6.3.2 Experimental Results
The scan matching performance of the transient state is evaluated by checking the average of the
RMSE between each two successive scans. For performance assessment, the transient state is
tested with various methods such as ICP, corners registration, and RKF algorithm.
Figure 6-17 shows the scan matching result of the transient state using ICP algorithm. Subplot (a)
shows the raw point cloud without processing and subplot (b) presents the result of the scan
matching, while both subplots are merged in subplot (c). The average RMSE between each two
successive scans is 4 cm.

(a)

(b)

(c)

Figure 6-17: The scan matching result of the transient state using ICP algorithm. a) Raw point
cloud b) Scan matching result c) Merging the raw point cloud with the result of the scan
matching
Figure 6-18 shows the scan matching result of the transient state using corners registration
approach. Subplot (a) shows the raw point cloud without processing and subplot (b) presents the
result of the scan matching, while both subplots are merged in subplot (c). The average RMSE
between each two successive scans is 4 cm.
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(a)

(b)

(c)

Figure 6-18: The scan matching result of the transient state using corners registration
approach. a) Raw point cloud b) Scan matching result c) Merging the raw point cloud with the
result of the scan matching.
Figure 6-19 shows the scan matching result of the transient state using RKF algorithm. Subplot (a)
shows the raw point cloud without processing and subplot (b) presents the result of the scan
matching, while both subplots are merged in subplot (c). The average RMSE between each two
successive scans is 1.8 cm.

(a)

(b)

(c)

Figure 6-19: The scan matching result of the transient state using corners registration approach.
a) Raw point cloud b) Scan matching result c) Merging the raw point cloud with the result of the
scan matching.
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Figure 6-20 shows a plan view of the dataset II using the multi-slices 2D point cloud approach.
Two maps are constructed for the entire mission and each map has fixed altitude. The green points
represent the first map, while the second map is represented by the blue points. The red asterisks
represent the trajectory of the UAV. The black arrow and the dashed rectangle show the location
of the transient state.

End
Start

Map 2

Map 1

Figure 6-20: Plan view of the dataset II using multi-slices 2D point cloud.

Figure 6-21 illustrates the 3D representation of the dataset II using the multi-slices 2D point cloud
approach. The dashed rectangle shows that the UAV is getting stuck because there are no gaps
except a visited gap. Thus, the proposed algorithm terminates the map building state (Map-1) at
altitude, 2.2 m, and switches to the transient state. The UAV decreases the altitude in order to find
a new gap. Once a new gap is detected the algorithm switches back to the map building state to
construct the next map (Map-2) with the current altitude, 1.8 m.
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Figure 6-21: 3D representation of the dataset II using multi-slices 2D point cloud.

Figure 6-22 shows a plan view of the dataset III using the multi-slices 2D point cloud approach.
Two maps are constructed for the entire mission and each map has fixed altitude. The green points
represent the first map, while the second map is represented by the blue points. The red asterisks
represent the trajectory of the UAV. The black arrow and the dashed rectangle show the location
of the transient state.
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Map 2
Map 1

Start

Figure 6-22: Plan view of the dataset III using multi-slices 2D point cloud.

Figure 6-23 illustrates the 3D representation of the dataset II using the multi-slices 2D point cloud
approach. The dashed rectangle shows that the UAV is getting stuck because there are no gaps
except a visited gap. Thus, the proposed algorithm terminates the map building state (Map-1) at
altitude, 2.4 m, and switches to the transient state. The UAV decreases the altitude in order to find
a new gap. Once a new gap is detected the algorithm switches back to the map building state to
construct the next map (Map-2) with the current altitude, 1.8 m.
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Figure 6-23: 3D representation of the dataset III using multi-slices 2D point cloud.
6.3.3 Summary
In contrast to the 2D environment representation, the 3D environment representation suffers from
high computational and memory costs which implicitly affect the capability of real-time
representation (Dryanovski, Morris and Jizhong Xiao, 2010). Different approaches were proposed
to decrease the computational and memory costs such as elevation map, Octomap, and multi-level
occupancy grids. For exploration tasks in an unknown indoor environment, the mapping process
is a mean to achieve the navigation solution. Therefore, an efficient real-time 3D SLAM approach
using multiple 2D point cloud slices is proposed for indoor navigation. The entire representation
is divided into several 2D maps based on the altitude of the UAV. Each 2D map has its own altitude
and it covers part of the environment, as well as a transient region between each map to enable
connecting neighboring maps. This splitting process aims to reduce the memory consumption,
processing costs of the entire constructed map, and to avoid restrictions for assigning grid size
before the flight.
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Chapter Seven: Efficient Exploration
Unmanned aerial vehicles (UAVs) have been acknowledged an effective technology for indoor
search and rescue operations, providing real-time mapping of the environment, locating victims,
and determining the hard-to-access areas after a natural disaster. Consequently, the time constraint
is a crucial factor in most search and rescue operations. The employed UAV in this research,
quadcopter, is characterized by short endurance flight time, approximately 25 minute, and limited
payload weight. Hence, adding more batteries to extend the flight time is practically not feasible.
Typically, most of the indoor missions’ environments might not be accessed and remain unknown.
Working in such environments requires effective exploration and information gathering in order
to save time and maximize the coverage area. Hence, it is essential to record and track the explored
area using UAV. Furthermore, due to dynamism of such environments, developing an active
exploration technique which is capable of accomplishing real-time monitoring of sudden changes
in the estimated map by re-evaluating the destination and trajectory is of immense importance.
Ultimately, recording the implemented trajectory of the vehicle also assists in time-saving as the
vehicle depends on this trajectory during the exit process.
7.1 Representation of Static and Dynamic Map Objects
As discussed earlier in Chapter 4 - Section 4.3.3, the proposed filtering approach is implemented
to mitigate the impact of the dynamic objects while using Hector SLAM. This filtering approach
is capable of distinguishing between static and dynamic objects in the exploring environment. The
approach represents the static and dynamic objects of the environment using two separate grids;
the first grid represents the static objects, while the second grid represents the dynamic objects.
However, the static and dynamic information should be amended to facilitate generating a proper
trajectory according to the current situation and environment.
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7.1.1 Static Representation using Distance Transform (DT)
The distance transform (DT) is a method applied to transform the binary image to a distance image.
It is a function (𝐷𝑃 (. )) whereby each image pixel (𝑝) is assigned a minimum non-negative value
(𝐷𝑃 (𝑝)) corresponding to distance from (𝑝) to the nearest obstacle (𝑞) in the binary image (𝐺).

𝐷𝑃 (𝑝) = min(𝑑(𝑝, 𝑞))
𝑝∈𝐺

(7-1)

Figure 7-1 illustrates the designation of each pixel of the image with a distance to the nearest
obstacle pixel using distance transform method.

Figure 7-1: Distance transform (DT) method.
DT has a variety of computation methods; the implemented method, in this research, is the
Euclidean distance which represents the straight-line distance between two pixels.

𝑑(𝑝𝑖 , 𝑞𝑖 ) = √(𝑥1 − 𝑥2 )2 + (𝑦1 − 𝑦2 )2
Where

𝑝𝑖

: the 𝑖 𝑡ℎ image pixel

𝑞𝑖

: the 𝑖 𝑡ℎ obstacle pixel
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(7-2)

As mentioned in Chapter 5 – Section 5.3.1, the non-visited detected gaps in the current scene are
considered to be the switching criteria between the map building and transient states. Hence, these
non-visited gaps are the candidates of the current destinations. The DT method presents the static
objects of the environment as distance map. This distance map has two objectives: - The first
objective is to extend the static obstacles in such a way to prepare a safe path as far as possible
from the obstacles. Hence, the candidate path intermediates the obstacles to avoid collision as
shown hereafter. The second objective is to prevent the vehicle to pass through narrow gaps. Figure
7-2 shows an example of a binary image of an indoor environment with two gaps, sufficient and
insufficient gaps, and how the DT can be used to detect the sufficient space for a vehicle to pass.

Figure 7-2: Binary image for indoor environment.
Figure 7-3 represents the corresponding result of the DT method using Euclidean approach. It is
clear that the implemented method succeeds in creating an extension for the static obstacle
thickness (i.e. wall) which helps in preparing a safe path for the vehicle. Furthermore, the
insufficient gap is almost blocked, while there is a safe path through the sufficient gap.

174

Figure 7-3: The result of the distance transform (DT) method using Euclidean approach.
Figure 7-4 to Figure 7-9 illustrate the binary images of parts of the used datasets and the
corresponding DT results. It is obvious from the presented figures that the DT method achieves
the aforementioned objectives. For the dataset I, part of the constructed map is presented as binary
image as shown in Figure 7-4. The walls are successfully extended and a safe path is prepared
between the walls to be as far as possible from all static obstacles as shown in Figure 7-5.

Figure 7-4: Binary representation of a part of

Figure 7-5: The corresponding result of the

dataset I.

dataset I using the distance transform method.
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For dataset II, part of the constructed map is presented as binary image as shown in Figure 7-6.
All the narrow gaps between the walls are excluded leaving only one feasible gap for the vehicle
to pass through as shown in Figure 7-7.

Figure 7-6: Binary representation of a part of

Figure 7-7: The corresponding result of the

dataset II.

dataset II using the distance transform method.

For the dataset III, the walls are successfully extended and a safe path is also prepared between the
walls to be as far as possible from all the static obstacles as shown in Figure 7-9.

Figure 7-8: Binary representation of a part of

Figure 7-9: The corresponding result of the

dataset III.

dataset III using the distance transform method.

7.1.2 Dynamic Representation using Gaussian Kernel
The dynamic grid includes information about the moving objects inside the exploring environment.
The dynamic object and its moving history are expressed as occupied cells with different
probability values. The highest probability is assigned to the cell of the most recent occupation,
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while the probability values of the rest of the cells are decreasing as the time proceeds. Keeping
the history information of the dynamic objects over time is required, it gives more robust
representation of the movement of the dynamic objects specially when dealing with noisy
measurements (i.e. low cost laser scanner rangefinder). Each occupied cell is represented using
Gaussian kernel, where the mean value of the Gaussian is the probability amount of the cell,
ranging from 0 to 1, and the standard deviation is selected to cover two of the neighboring cells.

𝑓(𝑥) =
Where

𝜇

: mean

𝜎

: standard deviation

1
𝜎√2𝜋

(𝑥−𝜇)2
−
𝑒 2𝜎2

(7-3)

Figure 7-10 demonstrates the representation of straight line movement of a dynamic object using
successive Gaussian kernels. The highest peak presents the cell of current occupation of the
dynamic object, whilst the descending behaviour peaks show the history of the object movement.

Figure 7-10: Representation of the dynamic movement using successive Gaussian kernels.
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Remaining the history information in the dynamic grid is chosen according to the application by
adjusting the probability computation of the cells. Figure 7-11 demonstrates the straight-line
movement of a dynamic object as well. However, is shows a short remaining of the history
information in the dynamic grid as the Gaussian kernels occupy only three cells.

Figure 7-11: Short remaining of the history information of a dynamic object.
Since the motion of the dynamic object can be expressed in different patterns, such as random,
periodic, and straight, all these patterns of motion are treated using the same representation (i.e.
Gaussian kernel).
Moreover, the Gaussian kernels are also used to represent the implemented trajectory of the
vehicle. In contrary to the dynamic object representation, each vehicle’s position is represented
independently from the previous positions by a separate Gaussian kernel. There is no decreasing
of the probability values as the time proceeds because the entire trajectory is utilized as an
indication of the visited locations, as shown in Figure 7-12.
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Figure 7-12: Part of the vehicle’s trajectory representation using Gaussian kernel.

Although the Gaussian kernels are utilized to represent the implemented trajectory for maximizing
the visited area during the exploration, these probability values of the occupations are inverted to
be very low value, zero, to attract the vehicle to use it during the exit process.
7.2 Optimized Real-Time Trajectory Generation
The UAV must be able to choose a proper destination according to the surrounding environment
and the constraints of the vehicle such as its size. Using the partially constructed map, the vehicle
detects empty exits in the current environment, such as open doors, windows, or even free spaces
between obstacles, thereby enables the vehicle to estimate the position of the exits and choose
them as its next candidate destinations. Furthermore, both static and dynamic representations are
used as a risk cost functions. The vehicle will then decide the most efficient trajectory from the
candidate destinations, while maximizing the visited area of the surrounding environment, and
from that, the least cost.
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7.2.1 Adjusted A* Algorithm
A* algorithm is considered to be the most efficient heuristic path planning approach (Wu, 2006;
Tsai et al., 2015). The goal of this algorithm is to find the shortest path from a known node’s
position to a known node’s destination passing through a group of nodes. The A* algorithm uses
some parameters, called node data, to get the shortest path, such as H value, G value, F value, and
parent. Furthermore, the search space is divided into two lists in this algorithm, namely open and
closed lists. The H value, which is called Heuristic value, represents the Euclidean distance from
each node in the search space to the destination node and this value is registered in each node. The
G value represents the cost of the movement from one node to another and it is also registered in
each node. The F value is the summation of both H and G values.

𝐹𝑖 (𝑡) = 𝐺𝑖 (𝑡) + 𝐻𝑖 (𝑡)
Where

𝐹

: F value matrix

𝐺

: G value matrix

𝐻

: H value matrix

𝑖

: the 𝑖 𝑡ℎ node in the matrix

𝑡

: epoch

(7-4)

The parent node represents the node that reaches the current node. The open list is the list of nodes
that needs to be investigated, while the closed list is the list of nodes that have already been
investigated. The A* algorithm begins by computing the H value for every node in the search
space. From the start node, the algorithm computes the G value for all nodes of the first neighbor
level. Thereafter, the F value is calculated for each node, as shown in Figure 7-13. The H values
are represented by the red numbers, the G values are represented by the black numbers, and the F
values are represented by the green numbers. The blue numbers are the number of the nodes. The
black squares are obstacles in the map. The open list contains the investigated nodes such as node
180

8, 9, 10, 15, 17, 22, 23, and 24. The closed list contains node 16. Node 16 is the parent for the next
selected node.

Figure 7-13: A* algorithm.
In the next step, the A* algorithm chooses the current candidate node with the lowest F value.
Hence, node 17 and node 23 are selected with no priority for the node to start with. The same
procedure is then repeated for both nodes (i.e. node 17 and 23). After several steps, the closed list
is extended by the investigated nodes until reaching the destination node. Also, the parent nodes
are stacked with the chosen nodes that express the shortest path.
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However, A* algorithm is not capable of fulfilling the desired requirements. Such requirements
include avoiding obstacles, maximizing the visited areas, and minimizing the risk on the generated
path. Consequently, an amended version of A* algorithm is introduced.
In this version, each cell of the occupancy grid is represented as a node. Then, as aforementioned
in Section 6.1, the DT method is used to represent the static obstacles, while the Gaussian kernel
is used to represent the dynamic objects and the trajectory of the vehicle. These representations
are merged together and fed into the A* algorithm as cost functions with the shortest path.
Consequently, the H value (Heuristic value) is designated to the merged cost functions instead of
the Euclidean distance value from each node to the destination node (goal). Thence, the F values
of the cells near the static obstacles, the cells of the dynamic objects, and the implemented
trajectory are magnified due to the excessive cost of the H values. Therefore, the generated path
avoids all hazardous areas, such as static obstacles and dynamic objects, to minimize the risk on
the generated path and implicitly avoid collision. Furthermore, the performed trajectory is
bypassed to maximize the visited areas. Ultimately, dealing with the cells of the occupancy grid
generates a trajectory characterized by jaggedness and is often inconvenient. Thus, the generated
path is smoothed, to be proper for the UAV, using the moving average filter. This filter is common
filter in digital signal processing (DSP) and is characterized by its simplicity (Smith, 1999).

𝑆𝑜𝑝 (𝑖) =

1
𝑛

(𝑛−1)
2

𝑗=

Where

𝑆𝑜𝑝
𝑆𝑖𝑝
𝑛

𝑆𝑖𝑝 (𝑖 + 𝑗)

∑
−(𝑛−1)
2

: output signal
: input signal
: number of points in the average
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(7-5)

𝑖

: index of the signal

The A* algorithm generates a path within a square window, the dimension of the window is equal
to the maximum detection range of the laser scanner rangefinder, 6 m. Since the size of individual
grid cell is 5 cm and each grid cell represents a node, the search space is divided into 240x240
nodes (i.e. grid cells). Once the A* algorithm generates a path, the algorithm is turned to be idle
until interruption takes place. This interruption occurs either when the vehicle reaches the current
destination or the generated path is abruptly changed, for instance dynamic object blocks the
generated path.
7.3 Experimental Results
For dataset II, Figure 7-14 demonstrates the cost map of the static representation which is
computed from the static objects only using the distance transform method. This cost map is fed
into the adjusted A* algorithm.

Figure 7-14: The cost map of the static representation for dataset II.
Figure 7-15 demonstrates the 2D representation of the generated path, for dataset II, using the
adjusted A* algorithm in static environment. The blue circle represents the starting position, while
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the red circle represents the goal position. The smoothed path is represented by the green line.
Since the only factor affecting the path generation is the static environment, the generated path is
attempted to be in the middle of the obstacles in order to minimize the risk of the generated path.

Figure 7-15: 2D representation of the generated path, for dataset II, using the adjusted A*
algorithm in static environment.
Figure 7-16 depicts the 3D representation of the generated path, for dataset II, using the adjusted
A* algorithm in static environment. The blue circle represents the starting position, while the red
circle represents the goal position. The smoothed path is represented by the green line. As
described earlier, the static obstacles are represented using the DT method. Thus, the maximum
height represents the obstacle grid cells, which decreases in magnitude to represent the extension
of the obstacles until reaches approximately the middle in-between the obstacles. It is clear that
the generated trajectory is created inside the valley in-between the extended obstacles in order to
prepare a safe path for the UAV.
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Figure 7-16: 3D representation of the generated path, for dataset II, using the adjusted A*
algorithm in static environment.
Figure 7-17 demonstrates the cost map of the static and dynamic representations which is
computed from the static and dynamic objects using the distance transform method and Gaussian
kernel respectively. This cost map is fed into the adjusted A* algorithm.

Figure 7-17: The cost map of the static and dynamic representations for dataset II.
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Figure 7-18 demonstrates the 2D representation of the generated path using the adjusted A*
algorithm in dynamic environment. The blue circle represents the starting position, while the red
circle represents the goal position. The smoothed path is represented by the green line. The orange
circle represents a dynamic object. By comparing the static and dynamic results, it is clear that the
generated path deviates to avoid the dynamic object as shown by the orange arrow.

Figure 7-18: 2D representation of the generated path, for dataset II, using the adjusted A*
algorithm in dynamic environment.
Figure 7-19 depicts the 3D representation of the generated path, for dataset II, using the adjusted
A* algorithm in dynamic environment. The blue circle represents the starting position, while the
red circle represents the goal position. The smoothed path is represented by the green line. As
described earlier, the dynamic obstacles are represented using the Gaussian kernels. Thus, the
maximum height represents the occurrence of the dynamic object as shown by the orange arrow.
The cyan arrow represents the deviation in the generated path to avoid the dynamic object.

186

Figure 7-19: 3D representation the generated path, for dataset II, using the adjusted A*
algorithm in dynamic environment.
For dataset III, Figure 7-20 demonstrates the representation of the cost map which is computed
from the static objects only using the distance transform method. This cost map is fed to the
adjusted A* algorithm.

Figure 7-20: The cost map of the static representation for dataset II.
Figure 7-21 demonstrates the 2D representation of the generated path using the adjusted A*
algorithm in static environment. The blue circle represents the starting position, while the red circle
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represents the goal position. The smoothed path is represented by the green line. Since the only
factor affecting the path generation is the static environment, the generated path is attempted to be
in the middle of the obstacles in order to minimize the risk of the generated path.

Figure 7-21: 2D representation of the generated path, for dataset III, using the adjusted A*
algorithm in static environment.
Figure 7-22 depicts the 3D representation of the generated path using the adjusted A* algorithm
in static environment. The blue circle represents the starting position, while the red circle
represents the goal position. The smoothed path is represented by the green line. As described
earlier, the static obstacles are represented using the DT method. Thus, the maximum height
represents the obstacle grid cells, which decreases in magnitude to represent the extension of the
obstacles until reaches approximately the middle in-between the obstacles. It is clear that the
generated trajectory is created inside the valley in-between the extended obstacles in order to
prepare a safe path for the UAV.
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Figure 7-22: 3D representation the generated path, for dataset III, using the adjusted A*
algorithm in static environment.
Figure 7-23 demonstrates the representation of the cost map which is computed from the static and
dynamic objects using the distance transform method and Gaussian kernel respectively. This cost
map is fed to the adjusted A* algorithm.

Figure 7-23: The cost map of the static and dynamic representations for dataset III.
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Figure 7-24 demonstrates the 2D representation of the generated path using the adjusted A*
algorithm in dynamic environment. The blue circle represents the starting position, while the red
circle represents the goal position. The smoothed path is represented by the green line. The orange
circle represents a dynamic object. By comparing the static and dynamic results, it is clear that the
generated path deviates to avoid the dynamic object as shown by the orange arrow.

Figure 7-24: 2D representation of the generated path, for dataset III, using the adjusted A*
algorithm in dynamic environment.
Figure 7-25 depicts the 3D representation of the generated path using the adjusted A* algorithm
in dynamic environment. The blue circle represents the starting position, while the red circle
represents the goal position. The smoothed path is represented by the green line. As described
earlier, the dynamic obstacles are represented using the Gaussian kernels. Thus, the maximum
height represents the occurrence of the dynamic object as shown by the orange arrow. The cyan
arrow represents the deviation in the generated path to avoid the dynamic object.
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Figure 7-25: 3D representation the generated path using, for dataset III, the adjusted A*
algorithm in dynamic environment.
Figure 7-26 illustrates the beginning part of the generated path in the dynamic environment in
order to represent the difference between the generated and the smoothed paths. The magenta line
represents the generated path, while the green line represents the smoothed path. It is obvious that
the generated path suffers from wriggling and this is inconvenient for the dynamic of the UAV.
On the other hand, the smoothed path maintains the safe trajectory (i.e. between the obstacles)
while simultaneously smooths the trajectory to be proper for the dynamic of the UAV.
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Figure 7-26: Comparison between the generated and the smoothed paths.

7.4 Summary
In robotics, path planning problem is a problem of finding a proper trajectory to a definite
destination, according to the limitations of environment and the vehicle (Buniyamin et al., 2011).
The environment could be unknown and/or dynamic, while the limitation of the vehicle is for
instance the vehicle’s size. The objective of path planning problem differs based on the application
requirements such as finding the shortest path, fastest path. The time constrain is a critical factor
in most path planning problems especially search and rescue operations. Hence, maximizing the
visited area during the search and rescue operations is a fundamental task. Furthermore,
minimizing the risk on the generated path is also an important task. Therefore, an efficient
exploration algorithm is proposed to maximize the visited area and simultaneously minimize the
risk of the generated path. The proposed algorithm builds the cost function of the static objects
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using the distance transform method, while uses the Gaussian kernel for the representation of the
dynamic objects. Furthermore, the implemented trajectory is represented by Gaussian kernels as a
cost function. Thus, the proposed algorithm generates the path that achieves the minimum
summation of the cost functions. As additionally, the proposed algorithm can re-evaluate the
destination and the trajectory for sudden situations such as interception of dynamic object.
Ultimately, the implemented trajectory is recorded for the entire mission, and the proposed
algorithm uses this trajectory during the exit process for time saving.
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Chapter Eight: Conclusions and Future Work
Due to the efficiency of the UAVs technology in indoor search and rescue operations, the indoor
navigation challenges of the UAV became hot topics for research and investigation. The challenges
are summarized in: a) most of the indoor operations’ environments could be unknown,
unstructured, and/or dynamic, b) vehicle’s localization and map structure are unknown, c) the
utilized scan matching approaches are contaminated with accumulated errors, d) correct data
association is a troublesome process, e) most scan matching approaches are implemented in an
iterative fashion that affect the time consumption of the process, f) the scan matching approaches
are trapped in local minima due to rapid movement, aggressive maneuver, and/or dynamic objects;
and, g) the representation of 3D environment could cause large storage consumption, and then
intensive computation cost.
This research work contributes design and implementation of a UAV navigation system capable
of efficiently explore unknown static/dynamic structured/unstructured indoor environments.
Furthermore, the proposed system meets the real-time requirements without compromising the
accuracy of the system.
8.1 Conclusions
1. In Chapter 4, the proposed initialization step aims to increase the convergence probability
and to limit the number of iterations needed for absolute convergence. The proposed
algorithm can be employed solely to match the successive scans and also can be used to
aid other accustomed iterative methods to achieve more effective and faster converge. The
performance and time consumption of the proposed approach is compared with ICP
algorithm in different scenarios such as static period, rapid straight movement, and sharp
maneuvers. The RMS value of the neighbour points distance between scans after scan
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matching of the proposed algorithm in the three scenarios are 2.62, 1.78, and 2.62 cm
respectively. On the other hand, the ICP achieves 2.65, 6.59, and 12.42 cm respectively.
Furthermore, the number of iterations needed for convergence, comparing with using the
ICP algorithm alone, is reduced by 32.7% and the consumption time is reduced by 18.7%
as well. The performance of the ICP algorithm is improved when it is used with the
proposed algorithm rather than when it is used alone, especially during the harsh conditions
such as rapid movements and sharp rotations.
The results indicate the significance of the proposed approach for scan matching through
improving matching accuracy and optimizing the processing time, which qualify the
approach for real-time system implementations.
2. In Chapter 4, the proposed initialization step aims to mitigate the time consumption and
the memory requirements of the multi-resolution Hector SLAM algorithm. The proposed
algorithm is compared with the single level and multi-resolution scenarios of the Hector
SLAM in static and dynamic environments. The proposed algorithm aided the single level
Hector SLAM, with grid cell size 5 cm, to reduce the convergence time consumption and
the iterations number by approximately 36% and 20.2% respectively. It also reduces the
convergence time consumption and the iterations number by approximately 72.2% and
68.9% respectively with respect to the three levels multi-resolution Hector SLAM.
Furthermore, the proposed algorithm succeeds to help the single level Hector SLAM to
converge in the dynamic environment as well, while the multi-resolution map
representation of the Hector SLAM completely fails due to the impact of the moving
objects.
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The results indicate the significance of the proposed approach for multi-resolution Hector
SLAM through mitigating the memory requirements and the processing time consumption,
which qualify the approach for real-time system implementations.
3. In Chapter 5, a low-cost novel real-time scan matching algorithm, inspired by the video
streaming broadcast key frame technique, is proposed. The proposed algorithm depends on
a sole laser scanner rangefinder and does not need external aided sensors. The proposed
algorithm endeavors to mitigate the accumulated errors, that exist in the local and global
scan matching, as the transformation matrix of the proposed algorithm is computed with
respect to the previous key frame not with respect to the previous scan. Initially, the
proposed algorithm depends on selecting two reference lines from the extracted lines which
compose the first reference key frame. The transformation parameters of all the consecutive
frames are computed with respect to this first reference key frame, until new reference key
frame is chosen. Thus, two new reference lines are swapped, and furthermore, the
transformation parameters between the old and new reference lines are estimated. The
transformation parameters of the next frames are computed with respect to the first
reference key frame but taking into consideration the transformation parameters of the
swapping process. For validating and evaluating the proposed algorithm, the mapping
performance and time consumption are studied under different algorithms such as Hector
SLAM, ICP, and feature to feature registration such as corners, in static and dynamic
environments. It was found that the time consumption of the proposed algorithm is
approximately reduced by 99%, 35.7%, 10% comparable with multi-level Hector SLAM,
ICP, feature registration respectively. The computational time of estimating the
transformation parameters between each two successive scans is approximately 9
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milliseconds, which indicates the qualification of the proposed algorithm for real-time
system implementations.
Although the proposed algorithm depends on the availability of two non-parallel lines, it
succeeds to provide a solution in the corridors and unstructured environment by switching
to the ICP algorithm. Moreover, the proposed algorithm is appropriate for dynamic
environments, as the moving object features will not satisfy the reference lines selection
criteria. Therefore, the extracted lines from the moving objects never compose a reference
key frame.
4. In Chapter 6, the fusion between the proposed IRKF algorithm with the optical flow
measurements pursue to estimate the forward motion during the unavailability of detecting
two non-parallel lines, for instance long corridors. Since the IRKF algorithm fails to
estimate the forward motion during the unavailability of detecting two non-parallel lines,
the algorithm fails to estimate the new position as well. As a result, the position of the
vehicle seems to be fixed and the successive point clouds are accumulated at approximately
the same location causing shrinking in the map structure of the corridor. The optical flow
provides a clue for the forward motion as it estimates the velocities of the vehicle in the
body frame. Hence, the computed velocities aid in the position estimation of the vehicle.
Therefore, the integration between the IRKF algorithm and the observations of the optical
flow overcomes the shrinking problem.
5. In Chapter 6, dividing the 3D environment into several 2D maps based on the altitude of
the UAV aims to mitigate the computational burden and the large memory requirements as
well. Since the mapping process is a mean to achieve the localization process for the
exploration task, an efficient real-time 3D SLAM approach using multiple 2D point cloud
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slices is proposed for indoor navigation. Each 2D map represents part of the entire
constructed map, as well as a transient region between each two maps to facilitate the
composition of the whole map.
6. In Chapter 7, an efficient exploration algorithm is proposed to maximize the visited area
and simultaneously minimize the risk on the generated path. Because most search and
rescue operations require efficient exploration to discover considerable part of the indoor
mission environment in a short time.
8.2 Future Work
Based on the research work presented in this dissertation, the following recommendations are
suggested for further investigation:
1. Extend the proposed work to implement an autonomous UAV. This will be performed by
feeding the control unit of the autopilot with the output of the proposed navigation system.
2. For better attitude (i.e. roll and pitch angles) results, it is recommended that a vision sensor
or LIDAR is integrated with the proposed algorithm.
3. The 2D laser scanner rangefinder detects obstacles in one plane only. Consequently, for
better obstacle avoidance results, it is recommended that ultrasonic sensors are mounted in
the four directions of the UAV in order to insure a full coverage around the vehicle.
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