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Abstract 

The car industry has a growing demand for reliable, continuous, and accurate positioning 

information for various applications, including routing to a specific destination, asset tracking, 

and, eventually future self-driving. Global navigation satellite system (GNSS) receivers have been 

widely used for this purpose. However, adequate GNSS positioning accuracy cannot be guaranteed 

in all environments due to possible satellite signal blockage, poor satellite geometry, and multipath 

in urban environments and downtown cores. The technological advances and low cost of micro-

electro-mechanical system (MEMS) – based inertial sensors (accelerometers and gyroscopes) 

enabled their use inside land vehicles for various reasons, including the integration with GNSS 

receivers to provide positioning information that can bridge GNSS outages in challenging GNSS 

environments. An optimal estimation technique, such as the Kalman filter, is used to integrate 

the positioning solution from both the GNSS receiver and the inertial sensors. However, in dense 

urban areas and downtown cores where GNSS receivers may incur prolonged outages, the 

integrated positioning solution may become prone to rapid drift resulting in substantial position 

errors. Therefore, it is becoming necessary to include other sensors and systems that can be 

available in future land vehicles to integrate with both the GNSS receivers and inertial sensors to 

enhance the positioning performance in such challenging environments. The aim of this research 

is to design and examine the performance of a multi-sensor integrated positioning system that 

fuses the GNSS receiver data with not only inertial sensors but also with the three-dimensional 

point cloud of onboard light detection and ranging (LiDAR) system. In this thesis, a 

comprehensive LiDAR processing and odometry method is developed to provide a continuous and 

accurate positioning solution, even in challenging GNSS environments. A multi-sensor fusion based 
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on extended Kalman filtering is also developed to integrate the LiDAR positioning information 

with both GNSS and inertial sensors and utilize the LiDAR updates to limit the drift in the 

positioning solution, even in challenging or completely denied GNSS environment. The 

performance of the proposed multi-sensor positioning solution is examined using several road test 

trajectories in both Kingston and Toronto downtown areas involving different vehicle dynamics 

and driving scenarios. This thesis discusses the merits and limitations of the proposed method and 

gives recommendations for future research.       
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Introduction 

1.1 Background 

Positioning and navigation services for land vehicles are becoming an important 

component in several applications including asset tracking, routing, vehicular Internet of 

Things (IoT), rescue and emergency services and future self-driving. The autonomous 

vehicle industry has become in need of reliable, accurate and continuous positioning to 

navigate safely and precisely without human interaction. Human drivers are exceptionally 

good at navigating areas that they have not driven before, using only their visual 

observation and their sense of direction. These observations allow the driver to merge onto 

a highway, change lanes, and maneuver around obstacles and objects. The Global 

Navigation Satellite System (GNSS) is a group of orbital satellites capable of providing 

the exact location of the vehicle. Nowadays, using GNSS, people can navigate easily in 

unknown environments by using these satellites. Although Autonomous Vehicles (AV) also 

utilizes the GNSS technology in positioning itself and navigating through the environment. 

The AVs also use various sensors to observe the environment locating the position of 

people, objects near the car and assessing their speed and direction of movements [1]. 

The idea of self-driving vehicles has started back in the 1920s. However, it was not 

until recently that the concept of autonomous cars began to rise again as technology has 

become more feasible and affordable. AVs are anticipated to be not only able to navigate 

on a controlled-access road such as a motorway but also in suburban and dense urban 
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areas where the GNSS technologies would fail to provide an accurate position for the 

vehicle. In 2014, as Tesla launched its autopilot feature, it was then categorized as a level 

2 autonomy, which enabled some limited features such as adaptive cruise control and 

automatic lane change, which was revolutionary but not full self-driving [2]. For AVs to 

become fully autonomous, they have to be able to sense their surrounding environments 

and respond to obstacles, emergencies, and to provide safety for both the driver and the 

pedestrians as well.  

For example, driverless taxis that were introduced by various companies have 

received much attention due to the significant development efforts. For those taxis to 

position themselves or navigate seamlessly from one destination to another, the guidance 

system must be active and is capable of determining the location of the car with a high 

level of accuracy at any given time and place. Therefore, most of the semi-autonomous 

vehicles nowadays, do not only rely on GNSS but also Inertial Navigation System (INS) 

and perception sensors such as high-resolution stereo or mono cameras, the Radio 

Detection and Ranging sensor (RADAR), and the Light Detection and Ranging (LiDAR). 

The realization of AVs and Intelligent Transportation Systems (ITS) hangs on the 

development of robust and reliable, fully autonomous systems that can make decisions 

based on the perception of its sensors [3]. 

1.2 Motivation 

As cities expand and grow in size, the ability to navigate using GNSS in urban 

areas is becoming challenging. Additionally, the demand for self-driving cars is increasingly 

growing, and this could radically change the transportation system altogether. Most of the 
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middle and high-end cars are equipped with a vast number of sensors. Some sensors 

measure the vehicle’s dynamics, such as the INS, odometers, and magnetometers. Other 

sensors such as LiDAR, RADAR, and cameras can capture the features in their 

surrounding environment, making the vehicle capable of observing its surroundings more 

clearly. The existence of such sensors produces an attractive opportunity to increase the 

accuracy of the POS/NAV systems for land vehicles. The mentioned sensors can 

complement each other and can enable reliable POS/NAV solutions all the time under all 

environments. 

1.3 Problem Statement 

Many existing applications of navigation systems could benefit notably from a 

reliable and accurate solution in different situations, such as urban areas. Applications 

include but not limited to, guidance and control of an Unmanned Ground Vehicle (UGV) 

and Unmanned Aerial Vehicles (UAV), Geographical Information System (GIS) urban 

data collection for mapping applications, precise automotive applications such as 

automated lane-keeping [4]. Although most of the navigation systems rely heavily on the 

GNSS. Those systems provide a reasonably good solution when in direct line of sight with 

multiple satellites and work precisely in open sky and suburban environments. However, 

when the line of sight to the satellites is compromised, due to entering urban areas with 

high rise buildings, the multipath can cause the signal to deteriorate [4], or the signal 

might get blocked in environments such as tunnels, underground parking lots. 

Recently, the integration of INS/GNSS was the solution to be approached to 

provide a navigation solution in GNSS outages. Although the inertial sensors have a good-
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term short accuracy, they drift over time due to sensor error accumulation in the 

accelerometers and gyroscopes. However, with no way to provide an update to reset the 

INS errors, the navigation solution tends to fail. To overcome this situation would be to 

use a higher-grade Inertial Measurement Unit (IMU). Although the high-end units provide 

a much better performance, but are more expensive and have larger physical dimensions, 

which make them not suitable for commercial use [5, 6]. Due to the sensor errors and, 

therefore, the drift in the INS system, this method can only tolerate an outage from the 

GNSS that is limited in duration.  

Sensor fusion techniques have been explored in recent years to improve the 

navigation solution during extended GNSS outages [7]. Therefore, using interoceptive 

sensors such as low-cost IMUs and exteroceptive sensors such as LiDAR, RADAR, and 

cameras to provide POS/NAV solution in such outages. Such sensors are already present 

and used in most commercial cars in several applications, such as adaptive cruise control, 

lane-keeping, blind-spot display, and parking assistance. LiDAR applications have been 

widely tackled, such as mapping, localization, and scene reconstruction due to its high 

resolution, broad scanning range, its affection by environmental interference is very 

minimal and can also provide high-frequency range measurements [8]. As the LiDAR 

sensors are insensitive to illumination, they can operate in daytime and nighttime 

efficiently. In contrast, the cameras can only work where they have sufficient light and in 

areas where shadows are minimal and do not cover other objects that can obstruct their 

feature extraction techniques [9]. The RADAR, on the other hand, is also insensitive to 

illumination and can operate all day around but provide low-resolution data. The LiDAR 
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and the GNSS system have complementary features, whereas the GNSS fails in urban 

areas due to high rise buildings. The LiDAR relies on the availability of structures (lines 

and surfaces) within the scan range to create a point cloud dense enough to be used for 

the localization of the vehicle [10]. As the point cloud increases in size and number of 

features the significant challenge becomes reducing overhead computations from streaming 

extensive data from multiple sensors. 

1.4 Objectives 

  This thesis proposes a multi-sensor fusion approach to bridge GNSS outages and 

provide reliable, continuous and accurate positioning information. The proposed system 

will be based on optimally integrating LiDAR, INS, and GNSS supported by a method 

that smartly select the best combination from among these three systems to provide the 

most reliable positioning information. Among the objectives of this research is to examine 

the performance of the proposed multi-sensor system fusion method on real road test 

experiments involving different scenarios. Accordingly, the specific objectives of this 

research include:  

1. Design and implementation of denoising method for the raw LiDAR point cloud to 

remove any outliers, thus reducing the computational complexity and increasing 

the performance. 

2. Utilization of Iterative Closest Point (ICP) algorithm to register the LiDAR point 

clouds and minimize the root-mean-squared error between two consecutive point 

clouds. 
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3. Realization of an Extended Kalman Filter (EKF) to fuse the positioning 

information from GNSS, INS and LiDAR and improve the overall positioning 

solution. 

4. Design and implementation of a method to smartly select the set of sensors/systems 

to be included in the fusion filter in order to mitigate the drift in the positioning 

solution. 

5. Road test experiments to quantitively assess the merits and limitations of the 

proposed solution when compared to a high-end reference solution. 

1.5 Thesis Organization 

This thesis is organized into five chapters, followed by a bibliography. A summary 

of each chapter is discussed below. 

Chapter 2 presents the classic navigation systems such as GNSS, INS, and their 

integration. Furthermore, providing a literature review on the different GNSS techniques 

and their advantages and disadvantages. Also, the INS system is discussed, which is known 

as the 3D Reduced Inertial Sensor System (3D-RISS), and a brief explanation of the 

INS/GNSS integration is presented. The chapter concludes with an explanation of different 

perception sensors, while mainly focusing on the LiDAR and its different applications. 

Chapter 3 presents an overview of the LiDAR used along with its technical 

specifications. Also, the LiDAR point cloud is thoroughly explained. Applying some 

preprocessing steps on the point cloud and discussing its effects. In addition to using the 
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ICP algorithm in the registration of the point clouds. Moreover, Observing the translations 

and rotations in the LiDAR body frame and transforming them into the LLF frame. 

Chapter 4 presents the disadvantages of the LC INS/GNSS integration in urban 

areas. Moreover, the performance of the LiDAR/RISS/GNSS is assessed, and the 

navigation results of this system are presented. Also, how it can enhance the navigation 

solution in areas when there is a GNSS outage. Moreover, data acquisition techniques and 

synchronization issues are discussed, in addition to presenting the results and discussing 

the outcomes versus the 3D-RISS standalone in prolonged outages. 

Chapter 5 presents the conclusion of the thesis with a summary of the contribution 

and recommendations for future work. 
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Multi-Sensor-Based Positioning and Navigation System 

2.1 The Global Navigation Satellite System 

Navigation is the act of directing a vehicle from one place to another. It is a 

technique nowadays is to determine the position and velocity of a moving platform to a 

known reference. The navigation systems can be either autonomous or dependable on 

external sources. The most fundamental methods for finding navigation solutions are 

Position Fixing (PF) and Dead Reckoning (DR). PF is the method that depends on 

information from external sources with known locations, namely the GNSS. While DR is 

autonomous and relies on information from the previously known location, speed, and 

heading [7]. 

2.1.1 GNSS Overview 

The GNSS refers to the constellation of satellites orbiting the earth at an average 

altitude of 20,000 km from the earth. The GNSS to date compromises of four leading 

satellite technologies, which are USA’s NAVSTAR Global Positioning System (GPS) [11], 

Europe’s GALILEO [12], Russia’s GLONASS [13], and China’s BeiDou Navigation 

Satellite systems [14]. GNSS allowed meter-level accuracy at first, and with recent 

advances under certain conditions can obtain cm-level accuracy [7]. It is a system that 

provides positioning estimates in almost any weather condition. The satellites are dispersed 

in orbital planes with different elevation angles around the earth on nearly circular orbits 

to maintain the visibility of four to ten satellites anywhere on the globe. The satellites 
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send signals that the ground receivers utilize to obtain pseudo-range, pseudo-range rates 

and compute the clock bias and drift. Based on the information obtained from the 

satellites, the receiver can calculate its position and time offset using the trilateration 

principle illustrated in Figure 2-1. 

 

Figure 2-1: GNSS Trilateration Principle, redrawn with permission from [15]. 

 

 The US Department of Defense (DoD) introduced a prototype navigation system 

in 1973 called NAVSTAR GPS known later as the GPS. The system was fully operational 

in July 1995 with a “Selective Availability (SA)” program that degraded the GPS signal 

quality and could deny specific systems to access the signals. Therefore, the accuracy 



 

10 

 

acquired from such signals used to be around 100 meters horizontally and 150 meters 

vertically. The program discontinued in May 2000, and the Standard Positioning Service 

(SPS) was available for all users with a horizontal position accuracy of around 13 – 22 

meters and in the vertical component around 22 meters at first [16]. 

The GPS is a radio navigation system that transmits an encoded radio frequency 

(RF) signals called L1 and L2 centered at 1575.42 MHz and 1227.60 MHz, respectively. 

Recently, L5 which is the third civilian GPS signal designed specifically to meet the 

demands for safety critical transportation applications [17]. Each frequency is modulated 

using a Pseudo-Random Noise (PRN) code unique to each satellite. Accordingly, this 

allows the satellites to transmit at the same frequency without interfering with each other. 

As the Radio Frequency (RF) signal travels at a known speed and each satellite also 

contains a redundant cesium or rubidium clock. The receiver uses the trilateration principle 

to determine its position based on the time-of-flight information. Therefore, ground 

vehicles can determine their position based on the transmitted time of the signal and 

compute the satellite’s position, which can be found in the navigation message part of the 

transmitted signal. Nonetheless, to be able to determine the latitude, longitude, and 

altitude, a minimum of three satellites are needed, and a fourth satellite is required to 

correct the receiver bias clock errors [7]. 

GPS to date consists of at least 24 satellites in orbit with an additional to 9 

satellites considered as a backup. The constellation has a 55-degree inclination angle to 

the equatorial plane. To ensure that there are at least four visible satellites anywhere in 

the world with an elevation angle higher than ten degrees. These satellites orbit the earth 
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at an altitude of 20,200 km and have an orbital period of 12 hours and form the space 

segment.  

To monitor and maintain the satellites, several tracking stations established across 

the world with a Master Control Station (MCS) in Colorado Springs, USA. The MCS is 

responsible for receiving signals from the other stations to monitor the satellites and also 

send navigation messages to ensure the overall system health and accuracy [17]. The 

monitor stations and the MCS form the control segment of the system. 

Finally, the user segment, which is the receivers and the algorithms developed to 

convert the incoming signals from the satellites. The purpose of the receiver is to estimate 

the user-to-satellite ranges and range rates to compute the position, velocity, and time 

(PVT) solution [18].  

 

Figure 2-2: GPS System Segments, redrawn with permission from [19] 
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2.1.2 GPS Modes of Operation 

GPS has two general modes of operation, relative positioning, and absolute 

positioning. The relative (differential) positioning employs two receivers tracking the same 

satellites. While the absolute (point) positioning is the normal working mode of the GPS, 

where only one receiver is used [20]. 

2.1.2.1 Differential GPS  

Differential GPS (DGPS) is a method to reduce the GPS errors in positions and 

range as most of the errors that affect the GPS signal are similar between the receivers. 

Thus, by making differential measurements between two or more receivers, most of these 

errors could be canceled. The latter is achieved by using additional data from a reference 

station with at least one GPS receiver. The DGPS first introduced when the SA was still 

active, where the satellite signals degraded voluntarily. Thus, the improvement using 

DGPS was considerably more significant before turning off the SA. Witte & Wilson [5] 

have shown that using non-differential GPS can result in substantially reasonable accuracy 

in straight lines, but the error increased in turns and circular paths [10]. The DGPS 

technique removes almost all errors except the receiver errors and multipath, which is 

unique to each sensor [9].  

2.1.2.1.1 Local Area Differential GPS (LADGPS) 

The simplest DGPS was designed to function in a small geographical area and is 

called a local area DGPS (LADGPS). LADGPS consists of a single reference station with 

one or more GPS receivers that serves the users in a relatively small area around 10 
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kilometers. It calculates pseudo-ranges with code-phase estimations and, based on precise 

information of its location, determines the bias in the estimates for all visible satellites. 

These bias errors calculated as the difference in pseudo-range estimations made by the 

reference station and the geometric range between the station and the satellite. These bias 

errors are transmitted to the users within the region on a radio link for real-time 

applications [7].  

2.1.2.1.2 Wide Area Differential GPS (WADGPS) 

As the vehicle moves further away from the reference station, the correlation 

between errors reduces as they become spatially correlated. The WADGPS is a scheme 

that would allow the user to perform differential positioning and obtain reliable positioning 

solution over a sizeable region using multiple reference stations [7]. The WADGPS consists 

of a master control station, local or global reference stations, and a communication link. 

Each of the reference stations transmits its measurement data to the master station, which 

estimates the GPS errors based on the data received and the prior knowledge of that 

particular reference station [6]. 

The Federal Aviation Authority developed an air navigation aid called the Wide 

Area Augmentation System (WAAS). WAAS is based on the WADGPS concept to 

improve GPS accuracy, integrity, and availability. It uses a network of ground-based 

reference stations and geostationary satellites in North America to measure the variations 

in the GPS satellite signals and provide corrections to the users based on their nearest 

reference station location [21]. WAAS covers most of North America, as shown in Figure 

2-3. 
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Figure 2-3: WAAS Coverage Map, redrawn with permission from [22] 

 

2.1.2.2 Precise Point Positioning 

Precise Point Positioning (PPP) is an absolute positioning technique that was 

introduced in 1997 [23]. PPP eliminated the need for local reference stations since it 

provides a precise positioning solution worldwide utilizing a single receiver. A PPP solution 

uses the carrier phase and pseudo-range measurements along with the satellite clock and 

orbit corrections generated from global networks such as the International GNSS Service 

(IGS) network [24]. These corrections are then accessed through the internet or via 

satellite. 
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Figure 2-4: PPP System Diagram, redrawn with permission from [25] 

 

The PPP technique provides decimeter-level accuracy but requires continuous 

visibility of the satellites and open-sky conditions. The accuracy of precise positioning is 

determined by the number of visible satellites, the types of corrections, and the number of 

frequencies used by the satellites. Moreover, PPP requires convergence time whenever a 

loss of tracking signal occurs [24]. Therefore, Precise positioning cannot be relied upon in 

land vehicle navigation due to the degradation or block of the GPS signal in some areas. 

2.1.3 GPS Error Sources 

For a GPS receiver to calculate its position accurately, the received GPS signal 

must have a high signal-to-noise ratio. However, the GPS signal leaves the satellite antenna 

with only a few watts. After that, it travels for long distances through different mediums. 
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Therefore, in an unpredictable environment, there are a variety of sources that can cause 

the signal to deteriorate and lose its main characteristics. The User Equivalent Range 

Error (UERE) metric used to quantify the effects of the combined error sources. Assuming 

that the errors are uncorrelated, the UERE is approximated as the standard deviation of 

the pseudo-range measurements [16]. 

 

(2.1) 

 

where, 

• 𝜎𝑒𝑝ℎ : Ephemeris error 

• 𝜎𝑐𝑙𝑘 : Satellite’s clock error 

• 𝜎𝑖𝑜𝑛 : Ionospheric error 

• 𝜎𝑡𝑟𝑜 : Tropospheric error 

• 𝜎𝑚𝑙𝑡 : Multipath error 

• 𝜎𝑟𝑐𝑣 : Receiver measurement noise 

In Equation (2.1), ephemeris error is the offset between the satellite’s actual orbital 

position and its calculated one. Satellite clock error is the bias offset between the satellite 

clock and the GPS time monitored by the MCS that drifts over time when not corrected. 

The ionosphere and troposphere layers are where gas ionization takes place, and the 

ultraviolet radiation from the sun interacts with gas molecules. Therefore, bending the 

signals and changing their speed, causing changes to the range measurements. Multipath 

errors usually take place mainly in urban areas due to signal reflection from the 
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surrounding environment. These errors can cause distortions in the original signal due to 

interference. Receiver measurement noise caused due to the electronics of the receiver. 

Overall, the cumulative effect of the above errors amounts to about 5.3 m [7]. A detailed 

evaluation of each error source can be reached in [26]. 

 Satellites’ geometry, according to the ground receiver, plays an essential role in 

the accuracy of the position estimate, and this effect is called Geometric Dilution of 

Precision (GDOP), and also known as the Dilution of Precision (DOP). As shown in Figure 

2-5, DOP depends on the distribution of satellites with mixed elevations above the ground 

receiver. The DOP is inversely proportional to the volume formed by the intersection 

points of the user-satellite vector [16]. Lower DOPs gives better positioning accuracy. The 

satellite geometry improves as the number of satellites increases unless a satellite provides 

an inferior range measurement. A detailed proof of the DOP with regards to the GPS is 

given in [7]. As the position accuracy depends on the DOP and the UERE, the root mean 

squared (RMS) position error can be formulated as: 

 

 (2.2) 

 (2.3) 

 2.4) 

 where, 

• HDOP: Horizontal Dilution of Precision 

• VDOP: Vertical Dilution of Precision 

• PDOP: Position (3D) Dilution of Precision 
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Figure 2-5: The Concept of DOP, redrawn with permission from [27] 

 

2.2 The Inertial Navigation System 

The INS is an autonomous system that requires no external information to calculate 

location information [28]. Given an initial position, velocity, and attitude, the INS 

calculates an incremental solution based on the inertial sensors measurements, which can 

also be called a dead reckoning system. The inertial system consists of an IMU and a 

navigation processor. The IMU consists typically of three orthogonal gyroscopes to measure 

the rotation motion and three orthogonal accelerometers to measure the translation 

motion. The latter gives the INS system the ability to measure the accelerations and 

rotations in three-dimensional (3D) space. With the six degrees of freedom provided by 

the inertial sensors, it can represent the motion of different dynamics in land and air 

applications [24]. A position using inertial sensors is determined by double integrating the 

acceleration as a function of time in a well-defined and stable coordinate system as follows:  
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 (2.5) 

where, 

•  is the point of the trajectory at a time (t) 

•  is the initial point of the trajectory 

•  is the acceleration along the trajectory 

2.2.1 Reference Frames 

Describing the navigational state of a moving body requires a reference frame. The 

conventional reference frames used in land vehicle navigation are listed as follows. They 

are the body frame, the Local Level Frame (LLF), and the Earth-Centred Earth-Fixed 

(ECEF) frame. The axes of the gyroscopes and the accelerometers are set to coincide with 

the axes of the moving body. Therefore, the measurements are naturally obtained in the 

body frame. Then the navigation information is transformed to the LLF since it is the 

most applicable [19]. 

The body frame usually coincides with the center of gravity of the vehicle, which 

simplifies the derivation of the kinematic equations. The body frame is a 3D cartesian 

coordinate system (x, y, z) and is defined as follows: 

• The y-axis points towards the forward direction 

• The x-axis points towards the transversal direction 

• The z-axis points towards the vertical direction 
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The LLF or is also called the navigation frame, provides a good representation of 

the vehicle’s position, velocity, and attitude near or on the Earth’s surface. In contrast to 

the ECEF frame, which is centered at the origin of the Earth, as shown in [7]. The ECEF 

rotates to the inertial frame, at a rate of 15 deg/hr about the Ze-axis [18]. The ellipsoid 

has been mentioned in [7] to be the most empirically proper surface to work within 

navigation. Accordingly, the LLF frame resides on the tangential plane of the ellipsoid 

between the prime meridian and the equator. The LLF frame consists of the following 

coordinates: 

• The y-axis points to the true north and called Ellipsoid North (N-axis) 

• The x-axis points to the east also called Ellipsoid East (E-axis) 

• The z-axis points upward along the Ellipsoidal normal (Up-axis) 

 

Figure 2-6: ECEF and LLF frames, redrawn with permission from [29] 
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In the LLF frame, there are two radii of curvature that are of interest, the normal 

radius (RN) and the meridian radius (RM) [7]. They describe the rate at which the latitude 

and longitude change as the vehicle moves on the Earth’s surface. The RN defines the east-

west direction calculated in (2.6) while the RM defines the north-south direction calculated 

in (2.7). 

(2.6) 

(2.7) 

where,  

• Eccentricity (e) =  =  = 0.08181919 

• Semimajor axis constant (a) = 6,378,137.0 m 

• Semiminor axis constant (b) =  = 6356752.3142 m 

• Flatness (  = 0.00335281 

2.2.2 Sensor Overview 

The INS is a self-contained system, and that is the most important feature in such 

a system. Nonetheless, it has two main setbacks. First, the solution shows significant drift 

in a brief period in the case of using small and inexpensive sensors. Second, in the long 

term, the inertial sensors suffer from time-dependent errors such as the gyroscope drifts 

and the accelerometers biases, which cause rapid degradation in the quality of the 

navigation solution [19]. The cause of such rapid deterioration is due to the numerical 
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integration of the IMU measurements, which implies that any small bias in any of the 

sensors would grow large by the time [7]. 

The sensors within the IMU, mainly accelerometers and gyroscopes, were 

implemented in either the conventional gimballed system or a strap-down system [19]. To 

adequately describe the navigational state of the vehicle, a reference frame is required. The 

inertial sensors in the gimballed system were mounted on a set of gimbals so that they 

remain aligned to the LLF. Unlike the strap-down system, in which the inertial sensors are 

mounted rigidly onto the body of the moving vehicle, and then coordinate transformations 

are computed to get a solution in the LLF [30]. Most of the INS systems use the strap-

down system as the gimballed system is more mechanically complicated and expensive. 

The system’s accuracy is measured depending on the quality of the inertial sensors, 

which in turn affects the cost. The IMUs can be categorized as marine-grade, aviation-

grade, tactical-grade, and automotive-grade [7, 31, 32]. Throughout this thesis, 

automotive-grade IMUs will be considered. These IMUs are typically MEMS-based and 

have significant errors that plague their readings. 

The bias error is a non-zero output when there is no input and is either systematic 

or random. Systematic errors such as the bias offset, scale factor, and misalignment are 

deterministic and can be compensated by comparing the sensor output to a known 

reference. This compensation, known as calibration, requires specific instruments and a 

laboratory environment and further information about the calibration process found in [7]. 

Random errors, such as the bias drift and the sensor output uncertainty, should be modeled 
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as a stochastic process. Each accelerometer and gyroscope has their calibration procedures 

and random models explained in detail in [7, 33, 34]. 

2.2.2.1 Accelerometers and Gyroscopes 

Accelerometers measure the inertial reaction of the force in the form of acceleration. 

It is a transducer with a proof mass within an enclosure. As the device accelerates, the 

proof mass moves with the enclosure. This mechanical displacement is converted into an 

electrical signal. However, this acceleration does not include gravitational acceleration. 

Therefore, the specific force of the accelerometer is given by: 

(2.8) 

The specific force calculated by deducting the gravitational acceleration ( ) from the 

acceleration of the vehicle ( ). The ( ), which is the free-fall acceleration and has a typical 

standard value of 9.8 m/s2, and that value varies depending on the latitude and the 

longitude. A major limitation that affects the accuracy of the MEMS grade accelerometers 

is the noise. To improve the accuracy of the MEMS grade accelerometers, preprocessing 

steps such as denoising techniques have been explored. Novel denoising methods are 

presented in [35].  

Gyroscopes measure the angular motion or rotation rate to the inertial frame of 

reference. The three main constructions of the gyroscopes are purely mechanical spinning 

mass gyroscopes, optical gyroscopes such as the Interferometric Fiber-Optic Gyros (IFOG) 

and the Ring Laser Gyros (RLG), and vibratory gyroscopes that use the Coriolis effect. 
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Different types of gyros are of various grades concerning their performance and cost. The 

MEMS-based gyroscopes, which are the lowest in cost, use the vibratory principle, and is 

the most commercially used in vehicles and will be the focus throughout the thesis [31].  

Accurate calibration compensates for the gyroscope’s systematic errors, just like 

the accelerometers. However, the gyroscopes utilize the earth’s rotation rate instead of the 

gravity vector measurements. Nonetheless, in the case of the MEMS-based gyros that 

cannot detect the earth’s rotation rate, a precision table [7] is used to rotate the gyroscope 

at a particular speed. As for stochastic errors of the gyroscope, a first-order Gauss-Markov 

process typically models those errors. 

2.2.3 INS Mechanization 

The inertial system provides a navigational solution through a process known as 

the INS mechanization. The process begins with a set of initial states and then adds the 

change in these sets at each measurement epoch. While the measurements are usually in 

the vehicle’s body frame, the 3-axis orthogonal gyroscopes are used to update the 

transformation to the LLF, also known as the navigation frame, and obtain the attitude. 

Then, the accelerometer readings pass through this transformation are integrated once to 

obtain the velocity and twice to obtain the position. This concept is illustrated in Figure 

2-7. 
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Figure 2-7: Block diagram of the INS Mechanization 

 

The classic INS mechanization, which uses 6 DoF IMUs, integrates the rotation 

rates from the 3-axis orthogonal gyroscopes to compute the attitude angles. Therefore, the 

error in the transformation from the body frame to the local frame will linearly increase in 

time for every given gyroscope error. Moreover, since deriving the velocity takes place by 

integrating the accelerometer readings rotated through the attitude angles, the initial linear 

gyroscope error will become quadratic. Eventually, to get the position, the velocity is 

integrated again, and the quadratic error becomes cubic order [15]. 

The land vehicle’s motion has three characteristics, as defined in [36]. Firstly, the 

vehicle velocity is mainly in the forward direction, while in the direction of the transversal 

and lateral components, their values are nearly zero. Secondly, the pitch and roll angles of 

the vehicle are small relative to the earth’s surface (mostly less than 5 degrees) [37]. Finally, 

the characteristic that the vehicle is always moving on the Earth’s surface and not in mid-

air. These constraints used in [36] to prove that the three orthogonal gyroscopes, along 

with the forward accelerometer, are sufficient for land vehicle applications. However, 

increasing the number of gyroscopes leads to a significant increase in the inherent errors 

from the integration process. Therefore, to further simplify the system, a single gyroscope, 
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along with two accelerometers and the vehicle wheel odometer reading forward speed, was 

introduced in [28]. This method of mechanization proved that it outmatched the 6 DoF 

IMU mechanization [7]. The next subsection includes a brief explanation of the algorithm. 

2.2.4 Three-Dimensional Reduced Inertial System (3D-RISS) 

The three-dimensional reduced inertial sensor system (3D-RISS) employs the usage 

of the vertical gyroscope ( , which as the above characteristics in [36], suggests that the 

dominant vehicle rotation is around the vertical axis and allows the removal of the forward 

and transversal gyros. Furthermore, the vertical accelerometer mainly consists of the 

gravity component and the road vibrations which employ the usage of the forward and 

transversal accelerometers ( , ), respectively, from the IMU unit. Nevertheless, the 

odometer used to measure the vehicle’s forward velocity ( ) to be differentiated between 

each epoch to get the vehicle’s forward acceleration ( ) said to replace the accelerometers 

in 2D models in [38]. Also, calculating the pitch and roll angles from the accelerometers to 

estimate the off-plane axis of the vehicle’s motion. The mechanization consists of the 

calculation of the 3D position, velocity, and attitude in the LLF, as shown in Figure 2-8. 
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Figure 2-8: 3D-RISS Mechanization Block Diagram 

 

Odometer is an instrument that measures the speed of the traveling vehicle through 

an OBD-II interface. It uses a gear train with a high gear ratio to measure the wheel 

rotation. Therefore, calculating the forward speed of the land vehicle from integrating the 

rotation of the gears. Deriving the position from the odometer includes a single integration, 

unlike the accelerometer. Odometers suffer from scale factor instability. The constant scale 

factor can be compensated by calibration, while the stochastic errors are modeled using a 

Gauss-Markov process similar to the gyroscopes [7]. 

The 3D-RISS mechanization technique first utilizes the measurements from ( , , ) 

and the gravity component measured from the accelerometer at the same epoch to calculate 

the pitch and roll angles at each epoch k, as illustrated in the equations (2.9) and (2.10). 

However, the gyroscope readings have a bias ( ), which is taken into consideration.  
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(2.9) 

 (2.10) 

where  and  are the pitch and roll angles at epoch k, respectively, while  can either 

be considered as a constant or calculated from gravity models.  

Moreover, when calculating the azimuth angle, several factors are taken into 

consideration. First, there is the component of the earth’s rotation ( ) and the rotation 

along the curved surface of the earth, which depends on the latitude ( ) from the previous 

epoch, the normal radius of curvature of the earth’s ellipsoid (RN), and the platform height 

( ). Therefore, the azimuth angle is the numerical integration of its rotation rate as follows: 

 (2.11) 

Next, is projecting the forward speed provided by the odometer using the attitude 

angles to the East ( ), North ( ), and Upward ( ) velocity components in the LLF, 

as shown in the following equation: 

(2.12) 

Finally, the position states, latitude ( ), longitude (𝜆), and altitude ( ) in each 

epoch are derived from integrating the velocities in geodetic coordinates using the 

trapezoidal rule as shown in the following equation: 
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(2.13) 

The 3D-RISS mechanization technique has improved the overall accuracy over the 

full IMU and other reduced INS systems [7, 28, 39]. By reducing the number of inertial 

sensors used, the 3D-RISS had the following advantages: 

• Reducing the computational complexity of the system. 

• Calculating the pitch and roll angles from the odometer and the horizontal 

accelerometers rather than the gyroscopes, thus, eliminating the need for numerical 

integration. Therefore, no drift or error growth.  

• Using the odometer to calculate velocity components removed an integration step, 

which reduced the overall error growth in the velocity. 

2.3 RISS/GNSS Integration 

While GNSS uses visible satellites to provide long-term absolute positioning, the 

INS is autonomous and does not require external output and provides relatively short-term 

motion estimation. However, GNSS is sensitive to radio frequency interference and 

jamming, which causes signal degradation and interruption. Moreover, high-rise buildings 

in dense urban areas are the primary purpose of the GNSS signal’s multipath and blocking, 

which can cause GNSS outages in downtown areas. In contrast, INS does not suffer from 

interference or outages, has good short-term accuracy, but suffers from error in sensor 

measurements accumulating, which requires external information for initialization [40].  
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As noted, the INS and GNSS have complementary features that led to the trend 

of integrating both using different filtering techniques to have a more reliable, continuous, 

and accurate solution, which in turn minimizes each system’s drawbacks [24]. As the GNSS 

measurements prevent the inertial sensors from drifting by resetting their errors, the INS 

smooth the GNSS solution and provides a solution in the case of GNSS outage. Several 

modes of integration introduced in [41, 42] vary between simplicity versus robustness. 

These modes of integration are classified into three main modes: Loosely-Coupled (LC), 

Tightly-Coupled (TC), and Ultra-Tight (UT) integration modes. The LC integration 

architecture is the most simple and most common out of the three modes as it has less 

computational complexity and provides redundant positioning solutions [18]. An optimum 

integration filter is required to obtain the most benefit from both systems. Two main types 

of filters are used in the integration process: the Kalman Filter (KF) [43], and sampling-

based filters such as the particle filter [24]. Newly, AI-based methods that use machine 

learning and deep learning algorithms are introduced in [44]. Nonetheless, the Kalman 

filter has low processing demands and is optimum for linear systems and easy to 

implement. Moreover, while particle filtering is appropriate for non-Gaussian and nonlinear 

systems, the KF is used due to its computational efficiency [45]. Therefore, our integration 

processes throughout the thesis are going to use the KF as a motion estimator. 

The KF is an optimal estimator algorithm used in a system to estimate the states 

of a system with aid measurements from another system [43]. Whereas in this system, the 

INS is used for prediction while the GNSS is used for measurement updates to correct the 

INS. The KF has either an open-loop or closed-loop architectures. In an open-loop 
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construction, the error would increase over time, making the linearity assumption invalid 

and causing performance issues. In contrast, the closed-loop construction, also known as 

the Extended Kalman Filter (EKF), ensures that the linearization is performed around the 

best motion estimate. The EKF strengthens the linearity assumption as it works on errors 

of the system states rather than the absolute values [15]. Moreover, the non-linear motion 

is linearized in the EKF using a Taylor expansion series and ignoring the high order terms. 

This derivation is well established in [7, 44]. Figure 2-9 shows a block diagram of LC EKF 

integration of RISS/GNSS. 

 

Figure 2-9: RISS/GNSS Loosely-Coupled Extended Kalman Filter Integration Block 

Diagram 

 

The system model 𝛿𝑥𝑘 is represented in equation (2.14) 

 (2.14)  

where, 

• 𝛿𝑥𝑘 :   Error state vector at epoch k 

• Φ𝑘−1 :   State transition matrix for the previous epoch k 
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• 𝐺𝑘 :   Noise Distribution matrix 

• 𝜔𝑘 : Process noise, zero-mean normally distributed white noise with covariance 

( ) concerning the IMU grade. 

The error state vector 𝛿𝑥𝑘 contains the error in the 3D-position, 3D-velocity, the 

azimuth, the vehicle odometer, and the gyroscope bias as shown in equation (2.15): 

 (2.15) 

where, 

• 𝛿𝜑 : The error in latitude 

• 𝛿𝜆 : The error in longitude 

• 𝛿ℎ : The error in altitude 

• 𝛿𝑣𝑒 : The error in east velocity 

• 𝛿𝑣𝑛 : The error in north velocity 

• 𝛿𝑣𝑢 : The error in upward velocity 

• 𝛿𝐴𝑧𝑖 : The error in azimuth angle 

• 𝛿𝑎𝑜𝑑 : The error in acceleration derived from the vehicle odometer 

• 𝛿𝑏𝑧 : The error in gyroscope bias 

The discrete-time state transition matrix 𝛷 is given by: 

 (2.16) 

where: 

• 𝐼 : Identity matrix 
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• 𝐹 : Dynamic coefficient matrix 

• ∆𝑡 : Sampling time 

The dynamic coefficient matrix F is given by: 

(2.17) 

where, 

 F15 =  

 F21 =  

 F24 =  

 F36 = 1 

 F41 =  

 F44 =  

 F45 =  

 F47 =  
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 F48 =  

 F49 =  

 F51 =  

 F54 =   

 F57 =  

 F58 =  

 F59 =  

 F68 =  

 F71 =  

 F74 =  

 F79 = 1 

 F88 =   

 F99 =  

The stochastic gyroscope errors are modeled using a 1st order Gauss-Markov process. The 

discrete-time model at epoch k is: 

(2.18) 

where, 

•  : The reciprocal of the gyroscope autocorrelation time 

•  : The standard deviation of process white noise 
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•  : Zero mean, unit variance, white Gaussian noise 

Moreover, the stochastic odometer errors are modeled using a 1st order Gauss-Markov 

process. The discrete-time model at epoch k is: 

 

(2.19) 

where, 

•  : The reciprocals of the odometer autocorrelation time 

•  : The standard deviation of process white noise 

•  : Zero mean, unit variance, white Gaussian noise 

The noise distribution matrix (G) is a nine element zero vector, except for entries of G8 

and G9, which are formulated as follows: 

(2.20) 

The measurement model of the EKF, at a discrete-time at epoch k, is given by: 

(2.21) 

where, 

•  : The measurement vector 6 x 1 

•  : The measurement model design matrix for GNSS 6 x 9 

•  : The error state model for RISS 

•  : The measurement noise vector 
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The measurement model represents the difference between the GNSS updates (position 

and velocity) and the RISS measurements and is formulated as follows: 

(2.22) 

The measurement model design matrix  is given by: 

(2.23) 

Finally, the ( ) the covariance of the measurement noise matrix is tuned based on 

the expected GNSS errors found in equation (2.1). Similarly, the covariance of the process 

noise ( ) is tuned according to the IMU grade. 

 The EKF has two main stages, the prediction stage, and the measurement update 

stage. The prediction stage, which propagates the error states and their associated 

covariances P from one epoch to the next based on the system model, is given by: 

(2.24) 

(2.25) 

When a measurement becomes available, the filter updates its predicted estimate using 

the Kalman gain . 
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(2.26) 

(2.27) 

(2.28) 

where, 

 (∎̌) : The predicted value of (∎) 

 (∎̂) : The updated value of (∎) 

The performance of this system will be explored and compared to the proposed system 

later on. 

2.4 Perception Sensors 

In urban areas, GNSS receivers tend to fail to provide an adequate navigation 

solution. Therefore, other exteroceptive perception sensors and systems such as Cameras, 

RADAR, and LiDAR have been explored in the past few years. Those sensors offer 

positioning updates mainly for navigation in challenging and denied GNSS environments.  

2.4.1 Cameras 

Cameras are imaging sensors used to capture still images. With recent technological 

advances, cameras have increased image qualities and are relatively low-cost. For outdoor 

navigation, cameras can position the vehicles by extraction of distinct, robust, and 

repeatable features in the image. Cameras are categorized based on the type of lenses they 

have to perspective cameras that use the concept of pinhole projection [46]. The other type 
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of cameras has a broader field of view and is called omnidirectional cameras that include 

fisheye and catadioptric cameras [47]. Motion estimation techniques are developed to use 

the features in a stream of images to position the land vehicle. Visual Odometry (VO), 

Structure from Motion (SfM), and Simultaneous localization and mapping (SLAM) these 

techniques involve estimating a dead-reckoning navigation solution based on tracking the 

2D features from one image to another constraining the features’ change in position. A 

more detailed illustration of the algorithms can be found in [15, 48, 49]. The drawbacks of 

using cameras are their sensitivity to illumination changes throughout the day and the 

change in weather conditions such as rain or snow. Also, due to using 2D images from the 

cameras, they tend to fail in proximity detection and measuring speed unless a stereo 

camera is used [50]. 

2.4.2 RADAR 

RADAR emits radio waves and uses the reflected signal from an object to 

determine its range, range rate, elevation, and azimuth angles from the source. Radars are 

better than cameras as they are not affected by the surrounding environments. They are 

considered an all-weather day and night working system [51]. The most common types of 

radars are the Forward Modulated Continuous Wave (FMCW) Radar and the Electronic 

Scanning Radars (ESR). The FMCW has a single antenna while the ESR has an array of 

antennas. Therefore, it can track multiple objects with different azimuth angles. Using 

scan matching algorithms such as the Iterative Closest Point (ICP) to calculate the 

translations and rotations between each scan minimizing the error. Other radar odometry 

algorithms developed in [52-54] to determine the ego-motion of the land vehicle. Radars 
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work in most weather conditions and are not affected by illumination but fail to provide 

a reliable and accurate solution due to its low number of points in each epoch. 

2.4.3 LiDAR 

The LiDAR uses a pulsed laser to measure the distance to an object. The laser 

bounces off an object and measures how long the light takes to reflect from the object to 

a light detector. Based on the time of flight, the distance to the object is calculated by the 

LiDAR in real-time, and millions of points used to generate a point cloud. Lasers are not 

affected by ambient light, such as cameras, and are higher in resolution than Radar. 

LiDARs are either two-dimensional (2D-LIDAR) or three-dimensional (3D-LiDAR). 2D 

LiDARs has one laser beam that emits laser pulses only in a horizontal plane, while the 

3D-LiDARs has multiple vertical beams that scan in parallel so that a single spin could 

build up a 360° panoramic 3D point clouds.  

LiDAR sensors are becoming smaller and lightweight compared with older versions. 

Therefore, they are becoming more suitable for autonomous vehicle applications. LiDAR 

Odometry (LO) is an approach of estimating the position and orientation of a vehicle 

based on the laser reflected from surrounding objects [55]. It is suggested in [56] that when 

the LiDAR scanning rate is higher than the extrinsic motion, the standard ICP method is 

often used to compute a moving object velocity to address the motion distortion introduced 

in a single-axis 3D LiDAR. A novel method proposed by the authors in [57] to enhance 

the family of the ICP by updating the velocity as well. However, this method would highly 

increase the computational complexity of the algorithm. Another method is introduced in 

[58]; it involves using LO to estimate the movement between frames and matches the 
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estimated solution to a road map using particle filtering. In [59], a SLAM approach is 

proposed and designed for the Velodyne HDL-64E laser scanner. However, the proposed 

method uses only the laser scanner for localization and mapping without the need for 

integration with INS or any other sensor. Moreover, their experiments were in a controlled 

environment with nearly static scenes. Another approach was applying a point-to-plane 

approach variant of the ICP [60]. This method leverages the advantages of the normal 

surface information by minimizing the RMS error between a point and its tangent plane 

to improve robustness and accuracy. However, this method fails to precisely register the 

point clouds due to the ring structure issues. A method proposed in [61] uses a similar 

method where it extracts features from intensity images provided by the LiDAR. 

Pose estimation using LO extracted using the ICP and pseudo cellular ranges fused 

using EKF to estimate the heading of the vehicle accurately explored in [62]. Another 

method approached was the Visual-LiDAR odometry [63], which fuses visual and LiDAR 

odometry to overcome the limitations of LiDAR, such as motion distortion and non-

prominent environments (e.g., highways), and visual odometry problems such as drifting 

and low-texture environments. The traditional ICP for 3D point cloud registration proved 

to be computationally expensive [64]. Therefore, the author in [63] presents a bearing angle 

model to convert the 3D-LiDAR data to a two-dimensional BA image. The BA model was 

initially proposed by [65], who defines the bearing angle as the angle between two points 

in the point cloud and the laser beams.  

A proposed method based on integrating the LiDAR, IMU, and wheel odometer 

were introduced in [66]. The authors use a point-to-plane ICP for the registration of the 
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LiDAR point clouds and EKF for multi-sensor fusion and also a point cloud data map. 

However, their experiments are done in a controlled and previously mapped environment 

with nearly static scenes. Furthermore, they are using a full IMU mechanization along 

with the proposed ICP, which increases the overall computational complexity of the 

system. The work in [67] uses the Maximum Likelihood Estimation (IMLE) algorithm, 

which is a probabilistic method, to estimate position and attitude using LiDAR. Then, the 

standalone positioning results are loosely-coupled with EKF. However, their method was 

applied on a 2D LiDAR, and their experiments were done in a controlled indoor 

environment, which is more suitable for UGV applications. A 3D-LiDAR is used in this 

thesis to develop an algorithm to be integrated with the RISS to compensate for GNSS 

outages.  
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LiDAR Odometry 

3.1 LiDAR Sensor Overview 

In this thesis, the laser scanner used is the PUCK LITETM [68], as shown in Figure 

3-1 and will be referred to as “VLP-16” throughout the thesis. The laser scanner is a 

Velodyne 3D-LiDAR designed for applications that demand low weight. It has physical 

dimensions of 7.1 cm and a radius of 5.1 cm and weighs around 600 grams. The VLP-16 

has an internal processor to process the laser pulses and generate a 3D point cloud. It also 

has a network interface to provide the data through an ethernet connection using the User 

Datagram Protocol (UDP). Moreover, the settings and configuration of the LiDAR are 

modified using the HyperText Transfer Protocol (HTTP) web interface by sending 

commands over the Transmission Control Protocol (TCP). The VLP-16 has a rotating 

platform that rotates around its vertical axis with a variable rotation rate from 5 Hz (300 

rpm) to 20 Hz (1200 rpm). 

 

Figure 3-1: PUCK LITETM Velodyne 3D-LiDAR, redrawn with permission from [68] 
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The LiDAR is referred to as VLP-16 depending on the number of vertical firing 

planes in the sensor (emitter/receiver), as shown in Figure 3-2, with 30° vertical field-of-

view (FOV) ranging from -15° to +15°. It has an angular vertical resolution of 2° and a 

horizontal resolution, which ranges from 0.1° to 0.4°, depending on the rotation speed of 

the sensor. The VLP-16 has a measurement range of 100 meters and can generate up to 

300,00 points per second on 10 Hz. The VLP-16 operates on a wavelength of 903 nm, 

which is a Class 1 eye-safe technology. In addition, it also has an IP67 rating, so it is 

protected against dust and immersion in water for up to 30 minutes and 1 meter of depth. 

Moreover, it has a wide operating temperature range from -10°C to +60°C, which allows 

the sensor to operate in severe environments [68]. 

 

Figure 3-2: VLP-16 Vertical Field of View [68] 

 

Furthermore, The VLP-16 is calibrated so that the y-axis is the forward axis. 

The x-axis is the transversal, and the z-axis is the vertical, as shown in Figure 3-3. 
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Figure 3-3: VLP-16 Axes 

 

3.1.1 LiDAR’s Interface 

The VLP-16 connects to an interface box, which is the central hub of the system 

as it handles data connections and power delivery. The interface box connects to the 

computer via ethernet, which enables the configuration of the sensor through an HTTP 

web interface. The VLP-16 has a unique IP address, as shown in Figure 3-4, and can 

interface on any Operating System (OS) such as Windows, Mac, and Linux. The interface 

box has a port for connecting an external GNSS antenna for stamping the LiDAR scans 

with a GNSS time stamp. The LiDAR requires a power supply that varies from 9V to 18V 

with up to 3A to supply the rotor with sufficient power to start spinning when the sensor 

is powered up. 
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Figure 3-4: VLP-16 Power and Data Connections, redrawn with permission from [68] 

 

The settings and configurations of the VLP-16 are accessed over HTTP web 

interface using the IP address illustrated in Figure 3-4. Through the web interface, the 

user can modify the LiDAR motor speed ranging from 300 RPM (5 Hz) to 1200 RPM (20 

Hz), which changes in real-time. The interface also allows the change of network settings 

such as the Internet Protocol (IP) and the Media Access Control (MAC) addresses for 

multiple sensor configurations. 

Moreover, accessing the Pulse Per Second (PPS) and GNSS settings and observe 

the state of the external GNSS antenna through the interface, as illustrated in Figure 3-5. 

One of the essential features of the web interface is offering a diagnostics option to monitor 

the sensor temperature, which would be beneficial to monitor in high-temperature 

environments. The interface also allows for a snapshot of the current 3D point cloud 

generated [68]. 
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Figure 3-5: VLP-16 HTTP Web Interface, redrawn with permission from [68] 

 

3.1.2 LiDAR Data Format 

The VLP-16 generates a 3D point cloud, which is a set of 3D points in space. VLP-

16 generates the 3D points in spherical coordinates (r, θ, φ) and transforms them internally 

into cartesian coordinates (x, y, z). VLP-16 data transfers data in the form of packets. 

There are two types of packets generated by the sensor: data packets and position packets. 

The data packets contain the 3D measured data by the sensor along with the calibrated 
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reflectivity of the surface, on which the light pulse falls. In addition to a set of azimuth 

angles and 4-byte timestamp. 

Furthermore, there are two factory bytes inside the data packet containing the 

model and laser mode of the sensor. Position packets are also referred to as GNSS packets 

contain a copy of the last National Marine Electronics Association (NMEA) message 

received if configured to synchronize with the GNSS. In addition to providing a byte 

identifying the state of the PPS signal synchronizing with a time source. 

3.1.3 VLP-16 External GNSS 

The VLP-16 reports the elapsed time from when it is powered up, depending on 

its internal clock. Therefore, the Garmin 18x LVC, an optional unit offered by Velodyne, 

is configured to transmit GPRMC sentences for the goal of synchronizing the timestamp 

of the sensor to the Coordinated Universal Time (UTC). For the VLP-16 to process the 

NMEA messages and synchronize its internal timestamp with the time provided by the 

NMEA message, an external Pulse per Second (PPS) must be present. A PPS signal is 

sent once a satellite lock is achieved. However, if the satellite lock is lost, the GNSS receiver 

keeps transmitting the PPS signal. Velodyne sensors are configured by default to continue 

processing the Recommended Minimum Specific GNSS/Transit Data (GPRMC) sentence 

even if the satellite lock is lost. As shown in Figure 3-5, the web interface recognizes and 

updates the GNSS position from the NMEA messages as well as the status of the PPS. 

The Garmin GNSS interfaces with the VLP-16 through the interface box. The GNSS’s 

wires end with a connector made by Velodyne used to connect it to the interface box. The 

Garmin 18 x LVC is shown in Figure 3-6. 
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Figure 3-6: Garmin GNSS 18x LVC, redrawn with permission from [69] 

 

3.2 LiDAR Raw Point Cloud 

Due to the environment surrounding the LiDAR, the 3D raw point cloud generated 

by the VLP-16 may contain points that are beyond the 100-meter range of the sensor, or 

the laser came in contact with an absorbing material that attenuated the laser pulse and 

absorbed it. The VLP-16 has for each laser measurement a reflectivity byte along with the 

distance. Reflectivity bytes in the sensor divided into two modes, to allow the software to 

distinguish between diffuse reflectors such as (clothing) in near mode and retroreflectors 

such as (license plates) in far mode. Diffuse reflectors tend to scatter reflected energy while 

retro reflectors have minimum scattering. The software uses the reflectivity bytes along 

with the distance to construct and generate the 3D point cloud. However, when 

constructing the point cloud, some points might have been absorbed or refracted and, 

therefore, are not received. These points registered as infinite (Inf) or Not a Number (NaN) 
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points [68]. Furthermore, navigation in dynamic environments needs to be aware of objects 

surrounding the vehicle, which happens in most perception pipelines [70]. Therefore, point 

cloud segmentation is an essential objective in our pipeline. Therefore, Figure 3-7 shows a 

flowchart of the point cloud preparation before using the scan matching algorithm. 

 

Figure 3-7: Point Cloud Preparation Flowchart 

 

3.2.1 Ego Points Removal 

The VLP-16 generates an organized point cloud in the form of an M-by-N-by-3 

array containing the (x, y, z) coordinates of the points in meters. The ego vehicle points 

appear in every point cloud scan and are redundant to keep it in each scene as it will affect 

the scan matching algorithm. So, to determine the points belonging to the ego vehicle, the 

mounting location of the sensor is estimated in the LiDAR body frame considering the 

vehicle’s dimensions. Assuming that the sensor is mounted horizontally to the ground 

plane, the ego vehicle’s limits are defined as follows: 

(3.1) 

Where ( ) corresponds to the width of the vehicle, while ( ) 

corresponds to the length of the vehicle and ( ) corresponds to the height of the 
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vehicle. After that, using the limits calculated and the mounting location of the sensor, a 

cube is constructed. As a result, any points that lie inside the cube are considered ego 

vehicle points and therefore removed from the scene. Figure 3-8 shows the ego vehicle 

points labeled in red in the point cloud. 

 

Figure 3-8: Ego Vehicle Points in the Point Cloud 

 

3.2.2 Segmentation of the Ground Points from the Point Cloud 

The ground points are removed from the scan before segmenting the point cloud 

into clusters. The VLP-16 provides individual range readings per laser beam with a 

timestamp and an orientation angle (𝜃𝑖) where (𝑖) corresponds to the channel number of 

the beam. Assuming that the VLP-16 is mounted roughly horizontally to the ground plane 
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and that it appears at least in the lowest row of the point cloud [70]. After that, an 

elevation angle ( ) is set to -5° as a threshold and the point with the lowest orientation 

angle (𝜃𝑖) is labeled as a ground point. Then, the elevation angle is computed between the 

labeled ground point and its four connected neighbor points. The neighborhood point is 

labeled as a ground if the difference is below ( ). Figure 3-9 illustrates the ground points 

labeled in yellow and the ego vehicle points labeled in red. 

 

Figure 3-9: Ground and Ego Vehicle Points in the Point Cloud 

 

3.2.3 LiDAR Point Cloud Clustering 

Clustering-based methods are widely used in point cloud segmentation as they aim 

to group points with similar geometric spectral features into the same homogenous pattern 
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[71]. As mentioned in [68], there is a considerable difference between the vertical and 

horizontal angular resolutions. Therefore, it has an impact on the difficulty of the clustering 

process. The clusters are created based on the Euclidean distance between the neighboring 

points. A threshold of 0.1 meters is set for the maximum distance between two neighboring 

points A and B. One potential problem would occur when the two laser measurements are 

within the distance threshold but belong to another object. Therefore, an additional 

constraint based on the angle between the sensor and the two neighboring points is 

employed. A line passing through the sensor at O and point A forms the first side of the 

angle. While the second side of the angle is formed by the line passing through points A 

and B, as illustrated in Figure 3-10. Moreover, an angle (𝛽) is defined as the angle between 

the laser beam from the sensor and line connecting A and B. A threshold of 2° is defined, 

which is the vertical angular resolution of the VLP-16. Finally, if the angle (𝛽) is greater 

than the specified threshold, then the points are grouped in the same cluster, and an 

integer value defines each cluster. Figure 3-11 shows a clustered point cloud sample with 

each cluster given a unique color. It was observed that some of the clusters obtained from 

using this method contained one or two points per cluster. Therefore, clusters that contain 

such little points could not possibly form an object and discarded from the point cloud 

scene. As a result, a threshold of ten points per cluster is implied. A cluster containing a 

number of points less than the threshold is removed. 
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Figure 3-10: Arbitrary Points A and B with respect to the sensor at O 

 

Figure 3-11: Point cloud Clustered Based on Euclidean Distance 

 

3.2.4 Point Cloud Denoising 

The 3D point cloud generated by the VLP-16 is a panoramic view of the 

surrounding environment, which contains as illustrated before infinite (Inf) and Not a 

Number (NaN) points and also noisy points that are irrelevant to the surrounding scene. 
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Therefore, to tackle this issue, the point cloud is denoised to remove the outliers and noise 

from the scene. The denoising is accomplished based on the standard deviation (SD) of 

the mean of the average distance of the neighbor points as calculated in the following 

equation: 

(3.2) 

where, 

•  : The distance measured at point k 

•  : Mean of the distances of the neighboring points 

• N : Number of neighboring points  

The term  is considered the deviation of the distance of point k from the mean. 

Decreasing the number of neighboring points N would make the filter more sensitive to 

noise while increasing this value would increase the number of computations. Considering 

a point as outlier depends on the value of SD is above the specified threshold. As illustrated 

in Figure 3-12 (a) shows the raw point while the red circles drawn in the point cloud 

highlightes the most distinctive points that the denoising algorithm removes. While Figure 

3-12 (b), represents a denoised point cloud. 
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(a) Raw Point Cloud 

 

(b) Denoised Point Cloud 

Figure 3-12: Raw point cloud versus denoised point cloud 
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3.2.5 Downsampling the Point Cloud 

The VLP-16 generates around 300,000 points per second [68]. Therefore, any scan 

matching algorithm will require high computational power to process these points [72]. 

Therefore, downsampling the point cloud is an essential preprocessing step to reduce the 

computational complexity of the scan matching algorithm. The downsampling of the point 

cloud is achieved by applying a box grid filter on the point cloud. The box grid filter is a 

data point filtering technique used to remove the redundant points in the scene to increase 

the speed of the scan matching. Grid size is defined based on the manner of not losing any 

distinctive features in the scene but reducing the number of points. The downsampling of 

the point cloud is considered the most important parameter of the scan matching algorithm 

which controls the speed of the registration. Figure 3-13 shows the downsampled point 

cloud versus the normal point cloud. 
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(a) Raw point cloud 

 

(b) Downsampled point cloud 

Figure 3-13: Raw point cloud versus downsampled point cloud 
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3.3 Iterative Closest Point (ICP) 

3.3.1 Overview 

Point clouds are registered and processed after preceding the preprocessing steps 

using a scan matching algorithm, the Iterative Closest Point (ICP), which is one of the 

dominant solutions for aligning three-dimensional models based on the geometry and 

iteratively finding the closest point [53]. The ICP is a local point set registration which 

depends on the proximity of neighboring points utilized in the proposed system. It relies 

on finding the least square rigid transformation, which minimizes the distance between 

two-point cloud sets. Several implementations of the ICP suffer from several drawbacks as 

its tendency to diverge if the initial alignment is not proper. Most ICP implementations 

in [56] have a typical workflow, which is shown in Table 1. 

Table 1: ICP Registration workflow 

 

The  stands for the six Degrees of Freedom (DoF) spatial rigid transformation 

in three-dimensional Euclidean space denoted as SE(3), which preserves the Euclidean 

Algorithm 1: Iterative Closest Point (ICP) 

1 Input: Point cloud  and  

2 Output: Transformed point cloud  or  

3 Begin 

4  for a number of iterations do 

5   for point  in do 

6    

Estimate the combination of rotation and translation using a distance metric 

minimization (i.e., root mean square) in order to converge reaching to align 𝑃𝑘+1 with 

𝑃𝑘. This step may involve weighting points and rejecting outliers before alignment. 

7   end 

8   Transform 𝑃𝑘+1 using the obtained transformation to obtain 𝑃𝑘+1
′  

9  end  

10 end  
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distance between the point clouds. Most of the ICP variants share the same fundamental 

iterative fashion, which should converge to a local minimum. The registration processing 

time using the ICP is dependent on several factors as the number of points and the nature 

of the scene. Therefore, preprocessing steps such as denoising and downsampling of the 

point cloud mentioned earlier were employed to decrease the processing time and increase 

the accuracy of the registration process. The ICP provides a transformation matrix 

containing the rotation and translation in three dimensions between the point clouds. 

3.3.2 Transformation Matrix 

The translation and rotation are combined to form a homogeneous transformation 

matrix that represents the ways that objects move in the world. The ICP performs a rigid 

transformation of the point clouds and provides the rotation and translation between the 

two consecutive point clouds in the 4x4 matrix shown in the following form [73]: 

(3.3) 

The translation in (x, y, z) directions is defined as: 

(3.4) 

Also, the three rotations about the (x, y, z) directions are defined as: 
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(3.5) 

(3.6) 

(3.7) 

( , , ) denotes the angles of rotation about each of the individual axes and are called 

Euler angles. An initial estimation of the state of the sensor defined as shown in (3.8) 

which is an identity matrix that denotes to the initial fixed point cloud ( ) at point (0, 

0, 0) to be compared to the moving point cloud ( ) to calculate the translation and 

rotation between them. 

(3.8) 

3.3.3 Applying ICP to Preprocessed Point Cloud 

Registration of the point clouds is done using the ICP algorithm implemented in  

MATLABTM 2019 a [74]. The ICP function is a part of the Computer Vision Toolbox that 

deals with sensors such as Cameras and LiDARs. After denoising and downsampling the 

point clouds, the ICP algorithm registers the points in ( ) associated with the closest 

points in ( ) to achieve the minimum RMS error, in addition to obtaining a transformed 
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point cloud ( ). However, achieving the goal of providing a reliable navigation solution 

in GPS outages requires some tuning in the algorithm. Therefore, the ICP function in 

MATLABTM contains some parameters for the user to tune in order to achieve a correct 

registration between the point clouds. Those parameters are summarized as follows: 

• First, an outlier filter that removes incorrect matches by setting a percentage of 

the inliers to be qualified as a valid registration. The outlier filter parameter has a 

range from 0 to 1, depending on the percentage that the user provides. 

• Second, the function has two options for the minimization metric. Either a Point-

To-Plane or Point-To-Point approach to minimize the RMSE. 

• Then, the tolerance parameter that is defined by the user for the absolute difference 

in translation and rotation estimated in consecutive ICP iterations. It consists of 

two variables  and . The  is the variable that measures the Euclidean 

distance between two translation vectors, while the  measures the angular 

difference in degrees. 

• Finally, there is an optional extrapolation step that can be activated by the user 

to trace out the path in the registration state space. The parameter is either true 

or false. 

For optimizing the registration of the point clouds, some of the mentioned parameters are 

set as follows: 
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Table 2: Parameters with states and values used in the ICP 

 

As observed in Table 2, the minimization metric applied in the ICP was the Point-

To-Plane approach. However, the Point-To-Point approach is much more accurate in 

determining the shape of the object in the point clouds. The infrastructure and our 

surrounding environments are often considered as planar surfaces. Therefore, the Point-

To-Plane approach is the most suitable as it also decreases the number of iterations. The 

inlier ratio was the most significant debate as setting the inlier ratio too high would result 

in noise in the registration. In contrast to when lowering the ratio, the registered scene 

loses points and thus causing errors in the translations and rotations. Accordingly, setting 

the ratio to 0.85 noted to provide the least noise and would not result in losing points from 

the scene. The extrapolation step is an essential parameter in tracing the path between 

the translations and rotations in each epoch.  

3.3.3.1 ICP Stopping Criteria  

When the vehicle is stationary, it is expected that pedestrians and cars are moving 

in the scene. This phenomenon could lead to incorrect registration of the point clouds. As 

a result, significant deviations are imposed on the calculations of the translations and 

rotations. Therefore to resolve this issue, we consider the case when the vehicle is 

motionless in contrast to when it is mobile. When the vehicle is stationary, the RMS error 

Parameter State/Range 

Minimization Metric Point-To-Plane 

Inlier Ratio 0.85 

Extrapolation True 
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between the consecutive point clouds is minimal, unlike when the vehicle mobile, as motion 

increases the RMS error. A few iterations are needed for the algorithm to obtain an average 

threshold for the RMS error in case the car is stationary. Such a threshold is implemented 

using MATLABTM, which is employed as the stopping criterion for updating the 

translations and rotations. The following solution has demonstrated an increase in the 

accuracy of the registration in suburban areas. 

However, in dense urban areas, a significant increase in the features appears in the 

scene. Therefore, finding an average RMS error to stop the registration of the ICP when 

the car was stationary was hard. That is because the RMS error observed when the vehicle 

is in motion was roughly the same as was the vehicle was stationary. Accordingly, 

depending on the RMS error alone as a stopping principle leads to wrong registration. For 

that reason, after setting the average threshold for the RMS error and using it as a 

threshold. The algorithm would mix up the moving and stationary parts of the point 

clouds. Therefore, an approach to use the vehicle’s odometer was adopted along with the 

RMS error to overcome this issue. The vehicle’s odometer provides speed readings of the 

vehicle and gives a good indication of when the car is slowing down or has come to a 

complete stop. Also, as observed in Figure 3-14 over 180 seconds, there is a relation 

between the RMS error and the vehicle’s speed. As the speed of the vehicle decreases, the 

RMS error would decrease in value as the distance between the point cloud decreases, 

decreasing the RMSE between the point clouds. Therefore, if an RMS error were to spike 

at low speeds, the ICP would stop registration, which increases the accuracy of the 

registration. The vehicle’s odometer recorded in our experiment was at 1 Hz. Therefore, it 
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was linearly interpolated to 10 Hz to match the scanning frequency of the LiDAR. After 

that, the speed threshold was set to 1 m/s to stop the ICP from updating the translations 

and rotations. Furthermore, the last valid translations and rotations when the vehicle was 

moving are stored and used as the reference coordinates when the car starts moving again. 

 

Figure 3-14: RMS error versus Speed Plot 

 

3.3.4 Transformation into Geodetic Coordinates 

The LiDAR odometry output of the ICP algorithm is primarily represented in a 

transformation matrix. This matrix contains the translations and rotations from each 

epoch. The matrix in (3.4) is used to extract the translations in (x, y, z) while the matrices 

in (3.5), (3.6), and (3.7) are used to extract the rotations along the x, y, and z-axes 

accordingly. However, the final solution is composed of the displacement and the heading 

that moved it from the origin point (0, 0, 0) to the destination. These movements in x, y, 

and z coordinates are in the LiDAR body frame, as shown in Figure 3-15. However, a 
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transformation of the LiDAR measurements from the body frame to the LLF is required. 

Therefore, to perform a fair comparison between the 3D-RISS and the LiDAR, a 

transformation between frames has to be done. In this thesis, the LiDAR outputs were 

reformed from its nature in the body frame (x, y, z) to the geodetic coordinates (φ, λ, h) 

in the LLF frame. 

 

Figure 3-15: LiDAR Odometry output in the LiDAR body frame 

 

Transforming the coordinates from the LiDAR body frame to the LLF frame 

requires the initial point in the with curvilinear coordinates in the LLF frame (φi, λi, hi) 

to be known along with its heading (Az). A rotation matrix (R) used to rotate all the 
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points from the LiDAR body frame to the LLF frame in rectangular coordinates (E, N, 

Up). 

 
(3.9) 

 

 

Figure 3-16: Transformed Output from LiDAR Body Frame to LLF 

 

Then, using the following rotated points, accumulate the z-axis in each epoch (k) on the 

initial altitude (3.10). After that, change the rotated x and y axes from east and north 

coordinates in each epoch to the geodetic coordinates latitude and longitude in (3.11) and 
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(3.12), respectively. After that, accumulate them to the first latitude (φi) and longitude 

(λi). 

(3.10) 

(3.11) 

(3.12) 

The following resulted in the transformation of the translations (x, y, z) from the LiDAR 

body frame to the LLF frame (𝜑 , 𝜆 , ), as shown in Figure 3-16.  
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LiDAR/RISS/GNSS Integration 

The 3D-RISS algorithm replaces the other reduced INS system due to its increased 

accuracy in providing POS/NAV solution and has less computational complexity. 

Furthermore, it reduces the system’s noise, biases, and drifts effect due to the usage of 

only two accelerometers and one gyroscope. The 3D-RISS algorithm integrates with the 

GNSS to provide a navigation solution using the EKF [28]. However, in prolonged and 

frequent GNSS outages, such integration suffers from biases and drifts that are modulated 

with time. Also, the drifts in the 3D-RISS mechanization are caused due to implicit 

mathematical integration associated with the algorithm. The integration of LiDAR with 

other sensors such as INS was introduced in [75-77]; however, the integration was done 

with traditional INS mechanization. The traditional mechanization incorporates 3-axis 

accelerometers and 3-axis gyroscopes. While the 3D-RISS only uses the forward and 

transversal accelerometers along with the vertical gyroscope, which reduces the noise, 

biases, and drift effects in the system. Throughout this chapter, integration of the LiDAR 

with the 3D-RISS and GNSS is proposed and discussed. Also, the integration scheme is in 

an LC fashion, which is less complicated to build and implement than the TC. 

Furthermore, the performance of the LiDAR/RISS/GNSS integration is assessed 

based on some evaluation metrics such as RMS error, the maximum error, and the 

deviation over the traveled distance as accuracy measuring criteria. The proposed 

integration is tested on real road trajectories. This chapter illustrates the integration 
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scheme of the LiDAR/RISS/GNSS using the EKF. Moreover, the switching criteria 

between the LiDAR/RISS and the RISS/GNSS navigation systems are explained. After 

that, an explanation of the real road trajectories performed in suburban and dense urban 

areas and the different sensors used for the experiment is provided. First, presenting the 

use of the LiDAR/RISS in a suburban trajectory and comparing it to the RISS solution 

standalone for assessing the accuracy of the proposed system. Secondly, analyzing the 

dense urban trajectory using the LiDAR/RISS/GNSS against the RISS. Finally, discussing 

the results and how the proposed system overcame the RISS as a standalone solution in a 

GNSS natural outage area. 

4.1 System Architecture 

The LiDAR/RISS/GNSS integration in an LC fashion is proposed to reset the 

biases in the 3D-RISS solution, as shown in Figure 4-1. Utilizing the EKF to integrate 

between the 3D-RISS and the GNSS. While the 3D-RISS is used for prediction, the GNSS 

whenever available is used for measurement updates to correct the INS. However, the 

partial or total loss of GNSS signals in challenging environments such as urban areas will 

disrupt the measurement updates in the EKF. 
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Figure 4-1: Block Diagram of LiDAR/RISS/GNSS Integration Process 

 

4.1.1 Multimodal Switching Criteria 

The LiDAR/RISS/GNSS integration or the Multi-Sensor System (MSS) proposed 

uses switching criteria to switch between the LiDAR and the GNSS to provide 

measurement updates for the 3D-RISS. The switching criteria rely on the number of 

satellites observed by the GNSS receiver, the standard deviation of the 3D-position, and 

the value of the GDOP [7]. Since an LC integration is utilized in this integration scheme, 

the number of satellites observed by the receiver plays a massive role in the accuracy of 

the RISS/GNSS integration [18]. Therefore, if the number of satellites observed falls below 

four satellites, the RISS/GNSS integration will fail to provide GNSS updates to the 3D-

RISS resulting in an unreliable navigation solution. Moreover, if the GDOP value is too 

high, that means that the satellites have poor geometry, then the position solution’s 

accuracy will be severely affected. The GDOP is calculated using the parameters of the 
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user’s position and time bias errors, which are the latitude, longitude, altitude, and time 

to those of the pseudo-range errors from the GNSS [16]. 

 
(4.1) 

Where the ( ) are the relations between the 3D-position components 

and the time of the user and the pseudo-range errors. Finally, the standard 

deviation of the 3D-position ( , , ) obtained by the GNSS. It is 

observed that when the standard deviation of the 3D-position starts to increase in value, 

the GNSS solution starts to drift from the reference solution. Therefore, depending on the 

GDOP value, the corresponding number of satellites observed by the receiver, and the 

standard deviation of the 3D-position, the switching architecture acts accordingly. 

Therefore, if the number of satellites decreases below four satellites and the GDOP value 

increase in value above 2. Also, if the standard deviation of the 3D-position provided by 

the GNSS increases above five meters, then the switching architecture changes to the 

LiDAR to provide the measurement updates in the EKF.  

4.1.2 Kalman Filtering-based Multi-sensor System 

The LiDAR/RISS/GNSS integration uses the EKF in a loosely coupled fashion 

with a multi-modal switching algorithm, as explained in subsection (4.1.1). As illustrated 

previously in section (2.3), the EKF is designed so that the 3D-RISS is used for prediction 

while the GNSS used for measurement updates. However, in the proposed system, the 

measurement updates are provided by the multi-modal switching algorithm’s output, 



 

72 

 

whether it is the LiDAR or the GNSS. The filter’s error states and system equations are 

similar in structure to the RISS/GNSS case. However, in the update stage, different states 

are observed which means that the design matrix for the LiDAR ( ) will change 

accordingly. The states observed in the filter to be updated by the LiDAR are the 3D 

position ( , , ), and the azimuth angle ( ) obtained from the 

LiDAR odometry solution. Accordingly, the measurement model for the LiDAR/RISS will 

be formulated, as shown in (4.2). The latter is done to reduce the computational complexity 

of the EKF by updating four states instead of the six updates provided by the GNSS. 

Moreover, the updated Azimuth is used to calculate the velocities (Ve, Vn, Vu) in the 3D-

RISS mechanization. 

 (4.2) 

Also, given the incremental position and azimuth angle measurements from the LiDAR at 

discrete-time (k), the design matrix (𝐻𝑘,𝐿𝑖𝐷𝐴𝑅) is formulated as follows: 

(4.3) 

Similar to the GNSS in the measurement update, the vector of measurement noise 𝜂𝑘,𝐿𝑖𝐷𝐴𝑅 

has a zero-mean Gaussian distribution with covariance matrix  that is 

calculated at each epoch. The  matrix carries the variances of the 

measured states in its diagonal, as shown in (4.4): 
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(4.4) 

4.2 Data Acquisition of the LiDAR 

4.2.1 Velodyne Veloview Software 

The VLP-16 comes with a visualization and recording software called VeloView 

[78]. This software performs real-time visualization and processing of live captured 3D 

point cloud data. It records the live feed from the VLP-16 and stores it in .pcap or XML 

file upon request. The computer vision toolbox provided by MATLABTM software can 

process .pcap files and visualize the point cloud data. The VeloView software provides an 

overhead display of the recorded GPS trace with an ability to extract the GPS information 

for further post-processing. A preview of the software interface is displayed in Figure 4-2. 

 

Figure 4-2: VeloView Interfacing Software 
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4.3 Experimental Setup 

Two real road trajectories were conducted to analyze and evaluate the performance 

of the proposed MSS. In both trajectories, a Toyota Sienna minivan showed in Figure 4-3 

(a) was used in the data collection, and also the same setup was used in the two 

trajectories. The setup consisted of two parts, the LiDAR sensor on the vehicle’s roof and 

a testbed in the trunk of the vehicle. First, the VLP-16 LiDAR is mounted on top of the 

roof along with a ZED camera on a custom made rack, as shown in Figure 4-3 (b). The 

rack is designed by our technicians in the NavInst laboratory to raise the VLP-16 from 

the car’s surface so that it can fully utilize its vertical FOV and to prevent any vibrations 

in the data recording. The VLP-16 is mounted horizontally to the ground plane as much 

as possible. Also, as shown in Figure 4-3 (a), a DELPHI ESR Radar mounted on the front 

bumper, and the ZED camera on the vehicle’s roof are both used for sensor fusion 

applications. 

               

(a) Minivan Used for Trajectories (b) Sensors Mounted on the Roof 

Figure 4-3: Toyota Sienna minivan Used for the Trajectories 
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Second, a testbed in the trunk of the vehicle housing the reference solution from 

NovAtel and two low-cost MEMS-based IMU the Crossbow and the VTI, as shown in 

Figure 4-4. However, only the VTI unit is used in providing the IMU measurements. The 

testbed is rigidly mounted in the vehicle’s trunk to avoid any unwanted dynamics in the 

IMU units. The testbed contained the following units: 

• A NovAtel dual-frequency GNSS receiver (SPAN-OEM4) or (SPAN-SE) unit 

(Model number: OM-2000124 [79]) with an output rate of 1 Hz. In addition to the 

pinwheel receiver antenna with a 5 degrees masking angle. 

• A NovAtel tactical-grade SPAN-CPT IMU unit (Model number: OM-2000122 [80]) 

with a fiber-optic (FOG) gyro. The gyro drift bias is 20 deg/hr, and the update 

rate is 100 Hz. This unit was installed such that its y-axis is pointing in the forward 

direction of the vehicle’s motion. 

• A MEMS-grade six degree of freedom VTI IMU (Model number: SCC1300-D04 

[81]) with a gyro bias drift of 1.5 deg/sec and an update rate of 20 Hz. 

The reference solution is a combination of an ultra-tightly coupled integration between the 

SPAN -CPT IMU unit and the SPAN-SE GNSS receiver. Moreover, a GPS antenna 

supplied by Ublox (Model number: ANN-MS-0-005 [82]) was used in obtaining the GPS 

signal. The Ublox antenna is an active GPS antenna that is considerably cheap and is 

commonly used in most commercial cars with navigation capabilities. 
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Figure 4-4: Sensor Setup on the Testbed 

 

4.4 Results and Discussion 

The metrics used to evaluate the performance of the proposed algorithm are the 

2D maximum error, the 2D RMS error, and the deviation along the distance traveled. 

Since the main focus is vehicular motion, the metric is limited to 2D, even though the 

integrated system provides a full 3D solution. The 2D maximum error is defined as the 

highest deviation of the proposed solution compared to the reference. The 2D RMS error 

is presented in (4.5), which provides a good understanding of how the algorithm performs 

throughout the trajectory. 

(4.5) 

The data is analyzed on an x64-based processor, Intel Core i7-8750H CPU, at 2.20 GHz, 

with a 32GB RAM running Windows 10 with an NVIDIA GeForce RTX 2070 Max-Q 
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design GPU. The map overlays were created on google earth using an online tool called 

gpsvisualizer [83]. Another way of creating the map overlay is by using MATLAB along 

with google’s cloud platform to create an API key to download the maps directly in the 

output plot. 

4.4.1 First Road Trajectory 

The first trajectory is performed in the city of Kingston, Ontario, Canada, which 

is considered a suburban environment as low-mid rise buildings characterize it, as shown 

in Figure 4-5. The trajectory was conducted in the afternoon around 4 pm on May 23rd, 

2018. It lasted for 17 minutes and was 2.25 km in length.  

 

Figure 4-5: First Trajectory Postioning Solution 

 

Furthermore, due to the infrastructure of the city, there is hardly any place with 

extended GNSS coverage. Therefore, to evaluate the performance of the LiDAR/RISS 
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integration scheme, two artificial GNSS outages were introduced in post-processing, as 

shown in Figure 4-6. So, the LiDAR will be used for the measurement update in the EKF 

to reset the biases in the 3D-RISS. Moreover, to evaluate the performance over different 

scenarios, outages include different speeds and turns to simulate all the dynamics that the 

gyroscope could face in a real situation. 

 

Figure 4-6: The First Trajectory Highlighting the Outage  

4.4.1.1 First Outage, First Trajectory 

The first simulated outage, as shown in Figure 4-7, lasted for 80 seconds, and 

covered a distance of 380 meters, passing through a four-way intersection and one sharp 

turn dynamic.  
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Figure 4-7: Positioning solution for 3D-RISS, LiDAR/RISS and Reference during GNSS 

Outage 1, First Trajectory 

 

The 3D-RISS resulted in an  of 7.8m while the LiDAR/RISS showed an 

improvement to 4.6m, which is a 41% improvement in the  value. Moreover, the 3D-

RISS resulted in a 2D maximum error of 11.87m, while the LiDAR/RISS showed a slight 

improvement to 11m, which is a 7.3% improvement. The deviation over the 380 meters 

traveled for the 3D-RISS was 2.05%, while the LiDAR/RISS was 1.21%. The LiDAR 

provided measurement updates that bounded the errors of the RISS that started drifting 

after the turn. Furthermore, Figure 4-8 shows the 2D position error in meters over the 

first outage. However, in this scenario, the 2D-position error had a maximum value of 

around 11.5 meters, and this is due to sparse features surrounding the LiDAR,  
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Figure 4-8: 2D Position Error for Outage 1, First Trajectory 

 

4.4.1.2 Second Outage, First Trajectory 

The second simulated outage, as shown in Figure 4-9, lasted for 80 seconds, and 

traveled a distance of 225 meters with two sharp turns and a four-way intersection. 

 

Figure 4-9: Positioning solution for 3D-RISS, LiDAR/RISS, and Reference during GNSS 

Outage 2, First Trajectory  
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The 3D-RISS resulted in an  of 13.4m while the LiDAR/RISS showed an 

improvement to 1.7m, which is an 87% improvement in the  value. Moreover, the 

3D-RISS resulted in a 2D maximum error of 28.03m, while the LiDAR/RISS showed 

considerable improvement to 3.37m, which is an 88% improvement. The deviation over 

the 225 meters traveled for the 3D-RISS was 12.45%, while the LiDAR/RISS was 1.5%. 

The LiDAR/RISS was able to produce better results in the overall performance compared 

to the 3D-RISS. Furthermore, Figure 4-10 shows the 2D position error in meters over the 

second outage. The 2D-position error over the whole trajectory reflects a maximum of less 

than 3.5 meters, which is nearly lane-level.  

 

Figure 4-10: 2D Position Error for Outage 2, First Trajectory 
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4.4.2 Second Road Trajectory 

The second trajectory performed was for a dense urban area environment. The 

trajectory was conducted in downtown Toronto, Ontario, Canada, which is considered a 

challenging urban area in which the GNSS signal frequently suffers from total blockage 

and multipath. Therefore, this is considered the main challenge for the 

LiDAR/RISS/GNSS integration scheme and how it can operate in various environments 

with different scenarios. Moreover, the outages had several dynamics, including turns and 

speeds, to evaluate the performance of the proposed system in all possible scenarios. The 

trajectory, as shown in Figure 4-11, was conducted around noon on June 13th, 2018. It 

lasted for 1 hour and 14 minutes and was 24.4 km in length. 

 

Figure 4-11: Second Trajectory Positioning Solution  
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The trajectory consisted of two parts, 20 minutes on the highway and then 54 minutes in 

the downtown area. A part of the trajectory is chosen for testing the proposed algorithm, 

which started at the end of the highway, where the GNSS signal was good enough to 

provide a solution and then going through a tunnel, and after that, going into the 

downtown area with high rise buildings. Moreover, the trajectory date and time were 

chosen, where Toronto experience heavy traffic to ensure challenging driving scenarios. 

Figure 4-12 shows the last part of the highway with the highlighted outage chosen to test 

the LiDAR/RISS/GNSS proposed integration scheme. 

 

Figure 4-12: Second Trajectory Highlighting the Outage 

 

4.4.2.1 Second Trajectory Outage 

The outage, as shown in Figure 4-13, lasted for 9 minutes and 40 seconds, and 

covered a distance of 1.98 kilometers. The outage scenario starts at the highway and then 
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leaving the highway through an exit and facing a stop sign. From there, took a right into 

the tunnel where the vehicle was faced with a stalled car. As a result, the car came to a 

complete stop and tried to change lanes evading the stalled car. After that, the car came 

out of the tunnel facing a red light and had a sharp turn left. The vehicle entered the 

downtown area with high-rise buildings and then faced two more turns with different 

dynamics. 

 

Figure 4-13: Second Trajectory Outage 

 

The 3D-RISS resulted in an  of 46.37m while the LiDAR/RISS/GNSS showed 

a massive improvement to 16.28m, which is a 64% improvement in the  value. 

Moreover, the 3D-RISS resulted in a 2D maximum error of 121.8m, while the 

LiDAR/RISS/GNSS showed a huge improvement to 40m, which is a 67% improvement. 

The deviation over the distance traveled for the 3D-RISS was 6%, while the 
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LiDAR/RISS/GNSS was 2%. Furthermore, Figure 4-14 shows the 2D position error in 

meters over the selected GNSS outage highlighting the switching between the systems. 

Furthermore, comparing the results between the 3D-RISS standalone and the MSS 

proposed system. 

 

Figure 4-14: 2D Position Error for Second Trajectory Outage 

 

To further explain the outages, Figure 4-15 shows the LiDAR taking the place of 

the GNSS in providing the measurement updates in the EKF. The LiDAR/RISS takes 

over from the RISS/GNSS at the exit of the highway, then to a right turn where the car 

enters the tunnel. Inside the tunnel, the vehicle is faced with a stalled car, and from this 

point, the 3D-RISS starts to drift. However, the LiDAR with the stopping criteria proposed 

to stop the registration when the vehicle’s speed is lower than 1 m/s. The LiDAR still 

provides good accuracy and does not drift until the traffic light and then takes a left turn. 
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After the left turn, due to the glass panels on the buildings, the LiDAR/RISS solution 

begins to drift. 

 

Figure 4-15: LiDAR/RISS First Switch Outage 

 

The LiDAR/RISS solution began to drift when nearing buildings with large glass 

panels in the front. When the RMS error of the ICP is above the set threshold, this 

indicates the LiDAR is beginning to drift. Therefore, the algorithm tries switching back to 

the GNSS. However, the GDOP in Figure 4-18 values and the standard deviation of the 

3D-position in Figure 4-19 still have high values. So, the algorithm switches to the 3D-

RISS standalone to provide the navigation solution. The last valid update of the 

LiDAR/RISS is used as an initial point for the 3D-RISS. As illustrated in Figure 4-16, the 

3D-RISS takes over for 80 seconds while the LiDAR registration is working in the 

background. The switching algorithm keeps monitoring the RMS error of the ICP until it 
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detects if it is on or below the threshold. Then LiDAR is switched back to provide 

measurement updates for the 3D-RISS. 

 

Figure 4-16: 3D-RISS Second Switch Outage 

 

Figure 4-17 shows the final part of the outage, where the LiDAR/RISS provides a 

solution for 250 seconds. Monitoring the GDOP values and the standard deviation of the 

3D-position provided by the GNSS in Figure 4-18 and Figure 4-19, the GNSS still does 

not provide a reliable solution. Moreover, the 3D-RISS standalone fails to provide a reliable 

solution for the whole 250 seconds. The LiDAR/RISS, however, provides a solid, reliable 

solution in urban areas. The vehicle passed three traffic lights making a right turn at the 

last one. After the right turn, as shown in Figure 4-14, the 2D-position error increases, and 

this due to the large glass panels on the buildings. This is the part where the algorithm 

will detect the increase in the RMS error of the ICP and act accordingly. To either switch 

to the standalone 3D-RISS or switch to the GNSS. 
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Figure 4-17: LiDAR/RISS Third Switch Outage 

 

The algorithm worked on switching between the LiDAR and the GNSS as follows: 

• For the first 100 seconds, the algorithm was using the RISS/GNSS part of the 

system as it was an open sky environment, and this can be observed in Figure 4-18 

as the GDOP values are less than 2. 

• After that, for the next 155 seconds, the algorithm switched to LiDAR/RISS as 

the GDOP value has spiked as it lost all the GNSS satellites inside the tunnel. 

Also, as observed in Figure 4-19, the standard deviation of the 3D-position provided 

by the GNSS begins to increase in value. 

• Then, for the next 80 seconds, the algorithm switched to the 3D-RISS only to 

provide a solution in a straight line. 
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• Finally, when the algorithm is relying on only the 3D-RISS to provide a solution, 

another condition is made on the ( ) in the IMU to switch to the LiDAR/RISS 

solution when there is a sharp turn detected by the vehicle. Therefore, for the rest 

of the outage, the LiDAR provides the updates to the 3D-RISS in the EKF. The 

GDOP values in Figure 4-18 and the standard deviation from the 3D-position from 

GNSS in Figure 4-19 still have high values, and therefore the GNSS is still 

unreliable at this point. 

 

Figure 4-18: GDOP values before, during, and after the outage highlighting the switching 

during the outage 
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Figure 4-19: The standard deviation of the 3D-position provided by the GNSS before, 

during, and after the outage highlighting the switching between the systems 

 

The previous results and analysis indicate that the proposed multi-sensor system mitigates 

the 3D-RISS drift during the GNSS outage period. Moreover, during the prolonged 

outages, the proposed system solution drifts at a lower rate than the traditional 

RISS/GNSS system.   
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Conclusion 

5.1 Summary 

This thesis provided an organized and detailed discussion of the current positioning 

and navigation systems. It included an overview of the position fixing techniques, mainly 

GNSS and their limitations. Also, an explanation of the dead reckoning techniques and 

the exposition of inertial sensors are provided. Besides, the implementation of the 3D-RISS 

mechanization is thoroughly presented. In addition, the integration of the RISS/GNSS 

using the extended Kalman filter is presented. The proposed algorithm starts with some 

preprocessing on the point cloud, including clustering, denoising, and downsampling. 

Navigation in dynamic outdoor environments requires the awareness of the surrounding 

objects. Therefore, the point cloud generated is clustered into the ego vehicle points and 

the ground points which are removed from the scene. After that, the point cloud is 

segmented into clusters based on the similarities of their geometrical spatial features. By 

observing the point cloud, it was found that some of the clusters contained 1 or 2 points. 

These clusters cannot be classified as an object. Therefore, a threshold was applied to 

remove these objects from the point cloud. After that, the ICP algorithm is used to register 

the point cloud to obtain the translation and rotations between them. Then the LiDAR 

Odometry solution is used to aid the INS instead of the GNSS when it fails to provide a 

reliable and continuous navigation solution such as an urban area. 
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Next, a multi-sensor navigation LiDAR/RISS/GNSS integration was developed.  

Therefore, a multimodal switching algorithm was developed to switch between LiDAR and 

GNSS. The switching criteria are based on setting a threshold on GDOP, the number of 

satellites observed, and the standard deviation of the 3D-position from the GNSS. The 

LiDAR and GNSS work in a complementary fashion, in an open sky environment where 

the GNSS provides reliable measurements, the LiDAR has less features and as a result a 

lower density point cloud, while in an urban area the LiDAR would have many features 

and therefore a denser point cloud that would obtain a reliable LiDAR odometry solution. 

The LiDAR odometry provides a 3D solution in the LiDAR body frame, and then the 3D 

position is transformed onto the LLF, which is then used for providing measurement 

updates to the INS. 

5.2 Conclusion 

In conclusion, the work done in this thesis has several contributions, mainly the 

integration of LiDAR/RISS/GNSS to provide a navigation solution suitable for 

autonomous vehicle applications. The multi-sensor system LiDAR/RISS/GNSS mitigated 

the errors accumulated by the 3D-RISS over time. The performance of the proposed system 

is assessed based on two different trajectories, one in a suburban environment and the 

other in a dense urban environment. 

 The first trajectory was conducted in the city of Kingston, which is a suburban 

area environment with hardly any GNSS outage. Therefore, an artificial GNSS outage was 

introduced in some areas to assess the performance of the LiDAR/RISS integration. The 

LiDAR Odometry solution was limited in time due to its computational complexity. 
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However, it outperformed the 3D-RISS standalone in an 80-second outage with an 

improvement of 41% and 87% respectively over the two simulated outages without the aid 

from the GNSS. Nonetheless, the LiDAR/RISS provided only a 1% deviation over the 

traveled distance on both outages while the 3D-RISS has shown a 2.05% and a 12.45% 

deviation respectively for both outages. 

 The second trajectory was conducted in the city of Toronto, which is known for its 

high rise buildings and crowded areas. Due to its infrastructure, multipath is caused to the 

GNSS signals and, eventually, total blockage of the signal. Therefore, a switching module 

was created to switch between the LiDAR and the GNSS in aiding the INS. The system 

used the GDOP value, the value of the standard deviation of the 3D-position, and the 

number of satellites observed by the receiver as switching parameters. Depending on these 

parameters as switching criteria in the switching architecture proposed, the system 

switches accordingly. Over a nearly 10-minute outage, the system switched between the 

RISS/GNSS system to the LiDAR/RISS to the RISS standalone to accommodate for 

different scenarios and to provide the most reliable navigation solution. The 

LiDAR/RISS/GNSS showed a significant improvement over the 3D-RISS standalone by 

64%. Furthermore, the total distance traveled was 2 km and the deviation of the 

LiDAR/RISS/GNSS, was 2% versus the 3D-RISS, which was a 6% deviation over the 

traveled distance.  
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5.3 Future Work 

Based on the findings in this thesis, further work may be required to improve the 

navigation solution in GNSS challenging environments to reach a navigation solution 

capable of navigating the vehicle under any condition and environment. 

• LiDAR 

The LiDAR, with its decreasing price and size, is becoming more suitable to be 

provided in low-cost vehicles. However, as observed in urban areas, the LiDAR odometry 

solution would drift from the reference solution. The latter happened due to the moving 

objects in the scene. A solution for this is to use more dense LiDAR with more than the 

16-channel LiDAR used in this work. Also, utilizing deep learning techniques to segment 

the point cloud into static and moving objects based on their Euclidean distance. However, 

this would increase the computational complexity of the system, and the network would 

have to be trained beforehand.  

• Integration with other sensors 

Cameras provide color and contrast to the scenes, unlike the LiDAR, and the state-

of-the-art Visual Odometry (VO) is of similar quality to that of the LiDAR Odometry. 

Therefore, it is the most logical approach to combine cameras and LiDARs into a single 

odometry solution. Also, tightly-coupled integration in the measurement level of camera 

and LiDAR sensors could potentially enhance the navigation solution. The extra depth 

information captured by the LiDAR can aid the VO solution. 
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Although radars have less resolution than the LiDAR, they provide an accurate 

speed estimation. Nowadays, automotive-grade radars provide not only speed but the 

azimuth angle to the object it detects. The information obtained from the Radar can help 

in detecting objects in the point clouds and creating a static object detection algorithm in 

the LiDAR point cloud. 
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