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Abstract 

Positioning services for land vehicle navigation have long relied on global navigation 

satellite systems (GNSS) including GPS; however, GNSS cannot maintain an accurate position 

while travelling under bridges, around tall building and under tree canopies due to signal blockage 

or multipath. Integration with the onboard motion sensors or perception systems can not maintain 

adequate level of accuracy in all environment during long GNSS outages.  The proposed research 

overcomes the limitations of current positioning technologies to expand their capabilities in 

degraded environments, providing an ‘uninterrupted everywhere’ positioning. The proposed 

system integrates a GNSS receiver, onboard motion sensors, and an electronic scanning radar 

(ESR) presently used in land vehicles for adaptive cruise control. This research develops a new 

method for ESR-based static object detection using Median Absolute Deviation (MAD) approach 

to support accurate computation of the vehicle’s forward speed. A radar odometry method is then 

developed to obtain the vehicle position based on ESR. Integration with onboard motion sensors 

based on Extended Kalman filtering (EKF) is designed and realized to achieve accurate positioning 

in degraded vision and challenging GNSS environments. An intelligent switching mechanism is 

designed to choose between GNSS and ESR to be integrated in different scenarios with the 

onboard motion sensors in order to maintain reliable and continuous positioning in all enviroments. 

The proposed method sustained reliable positioning accuracy with errors less than 1% of the 

traveled distance. During GNSS outages, the fusion of ESR with the onboard motion sensors has 

resulted in at least 50% improvement in positioning accuracy when compared to the onboard 

motion sensors operating in standalone mode. This thesis discusses the merits and limitations of 

the proposed method and gives recommendations for future research. 
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Chapter 1 

Introduction 

1.1 Background 

For decades, positioning plays a vital role in the vehicular industry. However, positioning 

importance increases as the advancements in the vehicular industry lead to the autonomous 

vehicles (AV) era. Consequently, the demand for accurate positioning systems has experienced an 

unprecedented ubiquity [1][2]. Positioning accompanies several sub-tasks as static obstacle 

mapping, moving obstacles detection, recognition, and avoidance to form the perception task in 

the vehicle autonomy architecture [3].  

 The positioning solution is usually relying on the Global Navigation Satellite System 

(GNSS) for its accurate measurements [4][5]. Nevertheless, the GNSS receivers require a direct 

line of sight to the satellites they track. The existence of high rise buildings, trees, bridges, or 

driving in a tunnel causes a satellite signal blockage [6]. The receiver needs to get signals from at 

least four satellites to give an accurate position estimation.  In locations such as urban canyons 

or downtown areas of the large cities, the obstructions reflect the satellite signals causing a 

phenomenon named multipath that affects the positioning accuracy [7]. The accuracy, in some 

cases, drops to 20-meters level or more in these environments. As a solution to the GNSS errors, 

other complementary sources, such as inertial navigation systems (INS) are integrated with GNSS 

[8]. The Integration with GNSS is usually performed by an Extended Kalman Filter (EKF), which 

can achieve adequate performances in open skies [9]. Nevertheless, in GNSS outages, the integrated 

system has to rely only on the solution provided by the INS [10]. However, INS suffers from a  
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vast drift in inertial sensor errors for long-term outages [11]. Therefore, ramping up the 

system for higher multi-sensor fusion integration is a necessity to mitigate the INS drifts in GNSS 

outages. 

1.2 Problem Statement 

There are various techniques used in positioning. The position-fixing system and relative 

position measurements (dead-reckoning) are the two main categories [12]. Global Navigation 

Satellite System (GNSS), as a positioning-fixing system, is considered the central ego vehicle's 

positioning approach [4]. Although GNSS receivers perform accurately in most cases, they suffer 

from several sources of errors. For instance, an adverse multipath might lead to a degradation in 

the accuracy level to twenty meters or worse [6]. In addition to multipath, environmental errors, 

and the existence of high-rise buildings, trees, or tunnels in urban and sub-urban areas can lead 

to total satellite signal blockage and interrupt the GNSS services [13]. 

Nevertheless, Inertial Navigation Sensors (INS), as a dead reckoning methodology, is self-

contained and do not depend on external signals like GNSS [14]. INS has been widely used as an 

aiding system to GNSS to help with the GNSS cycle slips and GNSS outages [8]. An enhanced 

INS model, a three-dimensional reduced inertial sensor (3D-RISS) system, has been proposed to 

replace INS for land vehicle navigation [10]. The 3D-RISS takes measurements from the ground 

vehicle speedometer, one gyroscope, and three accelerometers to determine the speed and the full 

attitude of the car. The integration between 3D-RISS and GNSS usually utilizes an Extended 

Kalman Filter (EKF) and can give an adequate performance in open skies or over short GNSS 

outages [15]. However, in GNSS degraded environments, where extended GNSS outages are 

experienced, the integrated system must rely only on the RISS position solution. Despite the 
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reliability of 3D-RISS positioning solution in the short-term, it suffers from a substantial drift in 

inertial sensor errors for the long-term (e.g. GNSS outages of 3 minutes or more) [16]. It cannot 

sustain the meter level accuracy required by present land vehicles. Therefore, the utilization of 

environmental dependent sensors in the positioning and navigation of land vehicles has become 

necessary.  

Future land vehicles will include a batch of sensors to understand the perceptual semantics 

in the surrounding world. LiDAR, Monocular/Stereo vision Cameras, and automotive Radars are 

states of the art equipment used in such systems [3]. Machine vision approaches based on LiDAR 

and Cameras have been explored for several autonomous vehicle purposes, including positioning 

and navigation [17][18]. However, the feasibility of applying these methods in real-time in land 

vehicles and passenger cars is limited due to the lack of adequate processing power. Though LiDAR 

is a high-resolution mapping sensor with capabilities of detecting a vast number of objects in one 

scan, it causes severe design restrictions and requires sophisticated real-time computations 

[19][20][21]. Similarly, visual odometry (VO) performs poorly in the urban environment in case of 

shadowing from high rise buildings and at night or in an indoor environment (e.g., parking garages) 

due to the lack of adequate light conditions [22][23][24]. Besides, both sensors are not included in 

all levels of driving autonomy, and most of the status quo vehicles do not utilize LiDAR due to 

their relatively high cost at present [25]. 

On the contrary, automotive radars are presently used in a wide range of cars for adaptive 

cruise control purposes [26]. The radar signal processing does not require complex computational 

algorithms, powerful hardware, or high utilization cost in comparison to LiDAR [27][21]. Moreover, 

radar accomplishes the same performance in all weather conditions (e.g., snow, rain, and fog) 
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where LiDAR and VO may fail since radar signal is not affected by a lack of light or any non-

metallic obstacles [28].  

Despite the limitations of adding perceptual sensors to the positioning systems, they can 

enhance the standalone RISS solution in GNSS absence.  

1.3 Motivation 

Recently, most high and middle-class land vehicles are equipped with automotive radars. 

A specific type of automotive radars called Electronic Scanning Radar (ESR) is mostly used in 

cars [29]. ESR is mainly utilized in Advance Driver-Assistance Systems (ADAS), where it performs 

object detection and avoidance, besides Adaptive Cruise Control (ACC) [30]. There are several 

advantages of using ESR in positioning algorithms. The main one is the ability to determine the 

object's range, radial velocity, and bearing angle [31]. These features can lead to adequate 

discrimination between static and moving objects. Hence, static objects can be extracted from the 

ESR scans and used in robust velocity estimation. It is also a practical approach that matches 

with the current status of the vehicular industry dependency on ESRs. Therefore, designing a 

Multi-sensor fusion system based on integrating ESR with both GNSS and RISS can enhance the 

performance of the overall positioning solution.  

1.4 Thesis Objectives 

The ultimate objective of this research is to develop a continuous, reliable, and accurate 

positioning solution with a consistent level of accuracy in challenging and fully denied GNSS 

environments. The proposed system mitigates the inadequacies existing in present computer 

vision-based positioning methods. To achieve this target, this thesis aim to:  
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1. Design and implementation of a practical multi-sensor positioning system based on 

a single electronic scanning radar (ESR), with ease of implementation and 

reproducibility.  

2. Develop and realize a novel static objects detectors by designing detection criteria 

and utilizing outlier rejection methods. The detected objects are utilized for velocity 

estimation and vehicle positioning.  

3. Design and implement an ESR-based positioning method that depends on the 

estimated vehicle's velocity to provide a standalone positioning solution. 

4. Design an Extended Kalman Filter (EKF) integration between an ESR, RISS, and 

GNSS, to achieve accurate positioning seamlessly for all environments. 

5. Develop and realize an intelligent switching mechanism relying on the GNSS signal 

characteristics and the ESR detected features to decide on the system (GNSS or 

ESR) most suitable for integration with the onboard motion sensors.  

1.5 Thesis Contributions 

This thesis demonstrates the ability of a multi-sensor positioning system based on an ESR 

in GNSS challenging environments. This research contributed to the different components of the 

systems including static objects detection, velocity estimation, ESR-based positioning, and multi-

sensor integration.  The contributions of this research include: 

1. A novel static object detection method based on static detection criteria, and 

Median Absolute Deviation (MAD), which outperformed previous methodologies 

Random Sample Consensus (RANSAC). 
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2. A Radar Odometry (RO) that utilizes velocity estimation from the detected static 

objects. 

3. A new loosely coupled EKF integration scheme that integrates both ESR and RISS 

during GNSS outages.  

4. A novel switching mechanism which utilizes GNSS and ESR features to switch 

between the various poisoning systems to maintain a continuous positioning 

solution for all environment.  

1.6 Thesis Outline 

This thesis is organized into five chapters, followed by a bibliography. Chapter One 

provides a simple introduction for the thesis, along with the problem statement, motivation and 

objectives. It also presents the thesis contributions, which define the new methodologies introduced 

in this work. Chapter Two provides a comprehensive literature review about the GNSS, INS, and 

the related work about multi-sensor fusion for positioning purposes. Chapter Three discusses the 

system overview at the macroscopic level and shows the developed pipeline of the different system 

stages. It then introduces the system architecture and its stages which are data acquisition and 

data pre-processing. Afterward, it presents the static objects detection stage, with its criteria, 

statistical methods, and the final approach. At the end of the chapter, the ESR-based positioning 

algorithm is discussed in detail, followed by the designed integration scheme with the RISS 

algorithm.  Additionally, a unique method is introduced for the switching mechanism between the 

use of GNSS and ESR position updates for the integration with the onboard motion sensors . 

Chapter four discusses the experimental work divided into the experimental setup and the 

trajectory design. It also discusses the analytical views of the experimental results of each 
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developed stage. Moreover, it shows the proposed system behavior in different challenging 

environments and driving scenarios. Finally, Chapter Five concludes the thesis and gives a 

summary of the developed work along with some recommendations for the future directions.  
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Chapter 2 

Literature Review 

 

2.1 Positioning Techniques Categories 

Navigation is fundamentally defined as the computation of position, velocity, and attitude 

of a moving platform [12].  Positioning as a term is used in particular when only the position is 

needed. Throughout the decades, the positioning techniques have differed depending on the 

available resources, from astrolabes and compasses in the medieval ages to the inertial sensors and 

Satellites in the current era [32]. However, the principles of acquiring a position in all periods are 

quite similar. 

There are reference-based positioning systems that extract the position from measurements 

related to some assigned reference points [33]. On the other hand, relative positioning methods 

that depend on the vehicle's velocity and direction of motion of the moving platform to determine 

its position can be a good alternative with complementary characteristics [9]. Therefore, a third 

approach of combining the above two categories of positioning and navigation is dominating. 

These techniques categorization as reference-based (position-fix) systems and relative-based (dead 

reckoning) methods were done by J. Borenstein et al. [34]. 

2.1.1 Reference-Based Systems 

This category of positioning methods is also known as position fix, and it depends mainly 

on signals from external sources of well-known positions. The position fix category includes all 
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wireless positioning systems such as Global Navigation Satellite System (GNSS), including GPS 

and wireless indoor positioning based on wireless local area networks such as WiFi or Zigbee 

networks [35] [36]. Other position fix examples include landmark and map matching systems [9]. 

All of the systems classified under the position fix category share the characteristic of absolute 

measurement dependency.  For instance, in landmark-based navigation, the position acquired is 

based on feature matching with pre-saved distinct features such as geometric shapes in the 

vehicle's database [37]. 

Similarly, map matching depends on a saved mapped environment in the vehicle's memory 

[38]. GNSS utilizes trilateration to obtain the position, while active beacons use either trilateration 

or  triangulation to locate the vehicle to the known beacons [35]. Position Fix systems are useful 

in different applications. However, each method has its drawbacks. The nature of the GNSS 

provides an accurate and reliable positioning solution only in open sky environments. Nevertheless, 

the accuracy falls drastically in denied GNSS environment where the satellite signals are totally 

blocked or in an urban environment where high rise building blocks the satellite signals or results 

in multipath [13]. The map matching and landmark-based systems behave accurately in the areas 

of prior knowledge of the environment. However, they require concurrent updates for their 

surroundings.  

2.1.2 Dead Reckoning 

This category of positioning and navigation uses relative measurements to get the moving 

platform's position, velocity, and attitude. Dead Reckoning (DR) methods require the initial 

position, velocity, and heading of the vehicle to operate. From that point, they calculate the 

vehicle's position recursively [39]. However,  some DR methods can get the full navigation states, 
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and some others are limited to single or multiple states [40]. There are several systems entailed 

under the DR category, such as inertial navigation and odometry-based systems.  Inertial 

navigation system (INS) is composed of inertial sensors that include gyroscopes and accelerometers 

to monitor the angular velocities and linear accelerations, respectively, along with three mutually 

orthogonal directions [9]. These measurements can then be used to obtain three-dimensional 

position, velocities, and attitude. 

Conversely, the odometry methods vary a lot from each other. The classical odometry 

method is based on high-resolution wheel encoders and steering angle [41]. The state of the art 

odometry methodologies are perceptual-based, where sensors such as LIDAR, Radar, and Camera 

are utilized [42]. Dead Reckoning systems keep accurate positioning for a short period. INS tends 

to drift over time due to the integrations performed over the measurements, which may lead to a 

boundless growth of errors. Likewise, odometry systems start with an accurate position, but any 

error takes place is accumulated over time. Additionally, these systems are dependant on the 

surrounding environment. Anomalies such as features unequal distribution, sparsity, or loss of 

track can result in a very noisy output.  

2.2 Global Navigation Satellite System  

In the last century, the world witnessed progressive technological advancements in 

navigation. And as the man reached space, the principle of celestial navigation was entirely 

revolutionized. Therefore, later the first fully functional Global Navigation Satellite System 

(GNSS) was launched [7]. This system is named the Global Positioning System (GPS), developed, 

and ran by the US government [43]. It was initially designed and targeted for military purposes. 

However, it is used nowadays for a variety of civil applications such as airplanes, cars, trucks, and 
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ships, surveying, geographical information systems (GIS), automated toll collection, and search 

and rescue operations [44]. Since its launch, GPS became the most known navigation system [45]. 

This fame took place due to its availability, fidelity, and positioning accuracy in all weather 

conditions.  Nevertheless, other satellite constellations are now available and discussed below.  

2.2.1 GPS Overview 

GPS is structured into three main segments, which are space segment, control segment, 

and user segment as shown in figure 1-1 [46]. The space segment is formed of more than 30 

satellites flying in the medium earth orbit (MEO) at an approximate altitude of 20,200 km. A 

number of 24 satellites are assured to be fully operational 95% of the time, and they form the core 

constellation. Each satellite orbits the earth in one-half a sidereal day. There are at least four 

equally spaced satellites per six orbital planes. They are deployed at an inclination of 55 degrees 

with respect to the equator plane [47]. 

Despite the importance of the space segment, the system won't be effective without the 

control segment. It assures the continuity of the operations by monitoring the status of the 

satellites and updating their data [48]. Several ground monitoring and control stations form this 

segment, the central one is the Master Control Station (MCS) located in Colorado Springs, USA, 

and there are 12 control antennas and 16 other monitoring stations in the world [49]. For 

communication purposes, a unique identifier named pseudo-random noise (PRN) is assigned to 

each satellite. Undoubtedly, this prevents failure in delivering updates, receiving status, or 

gathering information between the desired satellite and the ground station.  
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 The user segment is the third component of this structure. It consists of any receiver that 

computes the position, velocity, and time updates from the received signals. There is a wide variety 

in the receiver's hardware capabilities, processing algorithms, and accuracy grades. 

 

 

Figure 2.1: GPS segments communication visualization 

The satellites transmit Radio Frequency (RF) signals, which can be received by either the 

control station or any receiver on earth. There are three bands broadcasted by the GPS: L1 at 

1575.42 MHZ, L2 at 1227.60 MHZ and recently L5 at 1176.45 MHZ [50]. Whereas, only L1 is 

permitted for civilian use. The GPS signal carries a navigation message. This message includes 

the time parameters, clock corrections, service parameters, ionospheric parameters model, and the 

Almanacs [45]. Pseudoranges are the measured ranges between the satellite and the receiver [51]. 

Additionally, they also represent the error in range occurred because of the receiver's clock bias.   

 In principle, the position can be acquired using the Trilateration method. This method 

requires at least three pseudo-range measurements from three satellites to be detected by the 
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receiver to estimate the vehicle's latitude, longitude, and altitude. However, a fourth satellite is 

needed to correct for the receiver's clock bias. As discussed earlier, this condition is satisfied as 

four satellites are always assured due to the designed constellation geometry. As a rule, the higher 

the number of satellites detected, the better the position accuracy. Coupled with, the geometry of 

satellites at the time of receiving the message might affect the positioning precision.  Figure 2-2 

illustrates the Trilateration methodology.   

 

Figure 2.2: 2D projection of the Trilateration Principle 

2.2.2 Satellite Systems 

Although GPS is the most known GNSS satellite constellation, several other countries 

tried to launch their own systems. The main advantage of this variety that the receiver has several 

satellites available at the same time. Consequentially, the chances of calculating accurate positions 

are higher. The GLObal NAvigation Satellite System (GLONASS) is developed and operated by 

the Russian Aerospace Defence Forces [52]. It has 17 satellites in its space constellation that are 



14 

 

divided into two orbits at altitude 19,130 km. In the status quo, GLONASS has 27 operated 

satellites in the orbits.  

Following the same steps, the European Union planned to has its group of satellites. A 

system named Galileo is operated by the European Space Agency and the European GNSS Agency 

[53]. Galileo started an early operational capability in 2016 of 22 satellites. The full capacity will 

reach 30 satellites deployed in six orbits. The European owned constellation is located at 

approximately 23,222 km altitude. The Galileo satellites orbit the earth each 14 hours 

approximately. It is planned to start the full operation in 2022.  

China has its history of GNSS systems evolution. The eastern country has a satellite 

navigation system called BeiDou [54]. It started as an experimental navigation system, and it 

became regional over China after that. Similar to GPS, BeiDou satellite constellation almost 

travels around the earth twice a day. The system is subjected to an upgrade to comprise 35 

satellites. The current generation of this system is called BeiDou-3, and it planned to be fully 

functional in 2020.  

Finally, several other countries took the initiative to create a regional satellite system. For 

instance, Japan is constructing the Quasi-Zenith Satellite System (QZSS) [55]. It was designed 

to have seven satellites. This system serves the Asia-Oceania region with precise and stable 

positioning services.  The Indian Regional Navigation Satellite System (IRNSS) provides service 

to the Indian region and 1500 km around it [56]. As QZSS, IRNSS has seven operated satellites 

in orbit.  
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2.2.3 GPS-Based Positioning Techniques 

The GPS with receivers assures reliable positioning accuracy in most conditions. However, 

the error sources deteriorate the RF signal and degrade the accuracy. In the autonomous driving 

era, the need for higher accuracy GNSS solutions is increasing. Therefore, new GPS based methods 

have been invented to strengthen positioning accuracy.  In this section, the state of art techniques 

used are discussed. 

2.2.3.1 Differential GPS (DGPS) 

The concept that underlies DGPS is quite intuitive. GNSS receivers in close proximity 

together usually suffer from the same atmospheric delays and the satellite clock errors. Hence, If 

one of these receivers is precisely located at a reference station with known coordinates, the above 

errors that this fixed receiver experience can be estimated and then communicated to the other 

mobile receivers surrounding it (up to 20 km distance) [57]. As a result, the error is filtered out of 

the calculated position, and the accuracy is enhanced to reach couple of meters. The DGPS can 

operate in postprocessing mode or in real-time. The principle of DGPS is clarified in figure 2-3.  
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Figure 2.3: Differential GPS simple principle 

 

Local Area DGPS (LADGPS) is the first category of DGPS; it is named local due to its 

small area coverage [58]. It operates within a 20 km geographical area. It has one base station 

with one or several receivers.  However, LADGPS is not effective in broad areas; there is a 

correlation between the distance between the mobile receiver and the base station, and the error 

reduction. The further the vehicle goes, the less the compensated error is correlated with the 

station. Therefore, a DGPS scheme for wide coverage was needed. The Wide Area DGPS 

(WADGPS) expands on the basic concept of LADGPS and involves multiple reference stations, 

the MCS, global base stations, and communication links [59]. 
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The master station receives the measurements from the various reference stations in the 

globe. After that, it processes the given measurements based on the prior information about the 

sender’s location. As occurs in the LADGPS, the MCS transmits the error to the geostationary 

satellites. Figure 1-4 shows the Wide Area Augmentation System coverage, which is an example 

of WADGPS but limited to North America. WADGPS can provide improvement in accuracy up 

to a couple of meters.  

 

Figure 2.4: WAAS Coverage map  

2.2.3.2 Real-Time Kinetic (RTK) 

RTK shares the same characteristics as the DGPS; it is a differential technique but with 

much higher accuracy. Unlike ordinary GPS algorithms, RTK does not rely on pseudo-range 

measurement; it is rather based on the carrier-phase measurement method [60]. Carrier phase 
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measurements to more accurate estimation of position. As an example, carrier phase measurements 

can have an error margin of 5 mm, and the time of arrival measurements might oscillate around 

1 m error in pseudo ranges. Additionally, similar to DGPS, RTK needs a real-time communication 

channel to be available. The channel is used for transmitting the corrections from the reference 

station to the vehicle. The RTK base stations are designed to serve any rover in a diameter of 10 

to 20 km.  

Nevertheless, the carrier measurements are subjected to carrier-phase ambiguity in the 

processing stage. This ambiguity can be resolved using the differential technique introduced 

earlier. However, the required corrections from the stationary station have to be continuous. Any 

discontinuity in the tracked measurements will re-initialize the phase ambiguity filters.  

2.2.3.3 Precise Point Positioning (PPP) 

PPP is a technique used to achieve cm level accuracy using only one GNSS receiver. In 

contradiction with DGPS and RTK, PPP does not need a base station; it relies on a single device 

[61]. Nevertheless, it benefits from the pseudo-ranges as DGPS and utilizes the carrier phase 

measurements like RTK. Besides, it requires a continuous update from the International GNSS 

Service (IGS) network for satellite clock and orbit corrections. The update is done through the 

internet connection or correction satellites. Originally, the PPP was a postprocessing technique. 

Recently, the real-time feature was introduced by the IGS in 2013. Since then, the research about 

PPP accelerated.  

The PPP algorithm aims to estimate precise receiver coordinates and clock using the 

received parameters from the GIS, the code measurements, and the phase observations. This 
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information enters the filter that solves for the receiver clock, coordinates, tropospheric delay, and 

the phase ambiguities. This method can achieve accuracy from the centimeter-level to even 

decimeter level. However, some factors affect the solution, such as the quality of observations, the 

number of satellites, and the accuracy of the parameters. PPP has a significant drawback; the 

usual convergence time for an accurate solution may take several minutes. This duration of 

convergence makes it unfavorable for autonomous vehicle applications. Moreover, as any GNSS 

technique, the PPP fails when a sparse number of satellites are available in the receiver's line of 

sight.  

2.2.4 GNSS Error Sources 

In the ideal scenario, the transmitted navigation message will be interpreted into an 

accurate position by the receiver. Practically, the pseudo-range measurements are exposed to 

several errors from a range of sources [13]. As the signal travels in space towards the receivers, it 

passes through different atmospheric layers. These layers drain a significant power from the RF 

signal of the satellites. Accordingly, the received information might be noisy.  Hence, a quantitative 

metric was created to asses the impact of the defined error sources. This metric is called the User 

Equivalent Range Error (UERE) [62]. The UERE for a pseudo-range measurement is given as a 

zero-mean Gaussian random variable with a standard deviation of the accumulated uncorrelated 

errors.   Equation 2.1 shows the relation between the UERE and the errors. 
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𝜎𝑈𝐸𝑅𝐸 = √𝜎𝑒𝑝ℎ
2 + 𝜎𝑐𝑙𝑘

2 + 𝜎𝑖𝑜𝑛
2 + 𝜎𝑡𝑟𝑜

2 + 𝜎𝑚𝑙𝑡
2 + 𝜎𝑟𝑐𝑣

2   (2.1) 

where, 

• 𝜎𝑒𝑝ℎ : Ephemeris error 

• 𝜎𝑐𝑙𝑘 : Satellite’s clock error 

• 𝜎𝑖𝑜𝑛 : Ionospheric error 

• 𝜎𝑡𝑟𝑜 : Tropospheric error 

• 𝜎𝑚𝑙𝑡 : Multipath error 

• 𝜎𝑟𝑐𝑣 : Receiver measurement noise 

 

The difference between the satellite’s correct position in orbit and its calculated location 

by the receiver using ephemeris data is called the Ephemeris error. The ephemeris data is predicted 

initially by the control segment and uploaded to the space segment to broadcast to the receivers. 

It is typically lower within 2 to 5 meters. The satellite clock error is the drift of the satellite clock 

from the GPS. The monitoring stations analyze the satellite clock drift; then, the control stations 

estimate the correction parameter and send it back to the satellites. This error parameter is 

included in the navigation message for the UERE calculation.  Both ionospheric and tropospheric 

delays are caused by nature, unlike previous errors.  However, the natural catalysts of the errors 

are not the same. The ionospheric layer, which is between  60 to 1000 km above the earth's 

surface, contains ionized gases, which is affected by abnormal solar activity. This is why a latency 

in the transition of the signal occurs. The tropospheric layer is composed of dry and wet 

components, specifically dry gases and water vapor. It is not ionized as the ionosphere, but it’s 

nature causes a consistent refractive effect on the transmitted signal at any band. Multipath error 
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is mostly related to urban environments. This phenomenon happens when the signal arrives at 

the receiver through the non-line of sight path. It typically occurs in downtown areas due to the 

surrounding high rise buildings. The final error source encountered is the receiver noise. It is 

caused by the imperfection of the receiver hardware manufacturing.  However, these errors are 

not the only factors that degrade the positioning accuracy.  

 

As mentioned earlier, the satellite geometry to the receiver has a strong impact on the 

positioning precision. Scientifically, the geometric dilution of precision (GDOP), also known as 

the dilution of precision (DOP), is the quantitive interpretation of the satellites distribution in 

the receiver's line of sight [63].  The DOP is inversely proportional to the volume formed by the 

intersection points of the user-satellite vector. The positioning accuracy increases as the DOP 

values decrease. Additionally, the increase in the satellites detected improves the DOP. Yet, if the 

number of satellites is high and gathered nearly to each other, the DOP values degrade. There are 

three DOP measures, Horizontal DOP (HDOP), Vertical DOP (VDOP), and the Positional DOP 

(PDOP). The VDOP is associated with the altitude information of the GPS. The HDOP correlates 

to the horizontal position of the satellites. Finally, PDOP combines both values.  It is the mean 

value for the other DOPs. The best PDOP value is one, which refers to a very confident position 

solution. 2-3 PDOP is in an acceptable quality of the position solution. Any value is higher than 

3 means lower confidence in the position measurement. Figure 2-5 summarizes the correlation 

between the DOP values and the Satellites Geometry.  
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The Root Mean Squared Error (RMSE) in position can be formulated based on the UERE 

and the DOP values. Equations 2.2, 2.3 and 2.4 show the RMS in horizontal, vertical, and 3D 

position respectively: 

𝑅𝑀𝑆 ℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙 𝑒𝑟𝑟𝑜𝑟 =  𝜎𝑈𝐸𝑅𝐸  . 𝐻𝐷𝑂𝑃 (2.2) 

𝑅𝑀𝑆 𝑣𝑒𝑟𝑡𝑖𝑐𝑎𝑙 𝑒𝑟𝑟𝑜𝑟 =  𝜎𝑈𝐸𝑅𝐸  . 𝑉𝐷𝑂𝑃 (2.3) 

𝑅𝑀𝑆 3𝐷 𝑒𝑟𝑟𝑜𝑟 =  𝜎𝑈𝐸𝑅𝐸  . 𝑃𝐷𝑂𝑃 (2.4) 

  

 where, 

• HDOP: Horizontal Dilution of Precision 

• VDOP: Vertical Dilution of Precision 

• PDOP: Position (3D) Dilution of Precision 

 

Figure 2.5: The effect of Geometry on DOP. The green case in the right shows good geometry 

and Low DOP; higher positioning accuracy. The Red case in the left shows bad geometry 

and Higher DOP; lower positioning accuracy. 
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2.3 The Inertial Navigation System  

Inertial Navigation System (INS) is a self-contained system that does not require access to 

references or outside signals. The typical INS is formed of inertial measurement units and the 

mechanization processing hardware. The internal structure of the IMU consists of three 

accelerometers and three gyroscopes, with their axes along three mutually orthogonal directions 

[27]. In other words, there is a gyroscope and an accelerometer in each axis (x,y, and z). The 

gyroscope measures the angular rotation, while the accelerometer measures the translation motion. 

With the knowledge of the initial position and attitude, INS can obtain the position, velocity, and 

attitude of the moving platform over time. 

2.3.1 Inertial Systems Error Sources 

Different from GNSS, IMUs do not differ in techniques of operation for achieving higher 

positioning accuracy. Yet, there is a wide variety of accuracy measures by IMUs. The difference 

is made in the manufacturing stage of the inertial sensors (accelerometers and gyroscopes). There 

are several categories of IMUs based on the accuracy grade and the sensitivity of the application, 

which are strategic-grade, navigation-grade, tactical-grade, and commercial-grade [64]. 

Commercial-grade IMUs are the cheapest, and they are the most used in the vehicular industry. 

They are based mostly on MEMS technology. In this thesis, the research utilizes commercial-grade 

IMUs.  

Despite their affordability, commercial-grade IMUs are exposed to noise and errors [65]. 

Consequentially, the INS solution suffers always from drifts, and it cannot sustain an accurate 

positioning for long periods. There are two sources of inertial sensor errors, systematic and random 

errors.  
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Systematic errors include the misalignment, scale factor, and bias offset [66]. The scale 

factor is the deviation of the input-output gradient from unity, and it occurs due to manufacturing 

defects. The bias offset is a constant bias in the measurement of gyroscopes and accelerometers. 

It is a non-zero constant measurement in case of a zero input. Misalignment refers to the small 

angles between the IMU axes and the body axes of the platform carrying the IMU. The systematic 

errors are deterministic and can be compensated using calibration methods. 

Random errors consist of bias drift, scale factor instability, and white sensor noise [67]. 

Unlike deterministic errors, random errors can be modeled stochastically (e.g., utilizing  first-order 

Gauss Markov modeling). After that, they are estimated using optimal estimation methods such 

as Kalman filtering.  

2.3.2 Navigation Frames 

In order to understand the INS positioning algorithm, the basics of inertial navigation 

should be known. The reference frames are the base of navigation that assigns the coordinates of 

moving objects on earth. There are three essential frames, the body frame, the local-level frame 

(LLF), and the Earth-centered Earth-fixed frame (ECEF) [9].  

The body frame is centered at the center of mass of the moving body. The inertial sensors 

are aligned with the body frame axes. The cartesian coordinates (x,y, and z) of the body frame 

are pointing towards the transversal, forward, and vertical directions, respectively.  However, the 

body frame is specific for the vehicle itself, and not all moving platforms can be referred to it. 

Therefore, the navigation measurements are transformed to the LLF, which is more generalized. 

The LLF is also called the navigation frame, has its center coinciding with the center of the body 

frame. The LLF axes point towards the Ellipsoid North (N-axis), Ellipsoid East (E-axis) ,and 
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Ellipsodial Normal (Up-axis), respectively. The ECEF is centered at the origin of the earthwith 

its axes pointing towards the intersection of the prime meridian and the equator (𝑋𝑒), the north 

pole (𝑍𝑒) and the perpendicular to both (𝑌𝑒). The relation between all reference frames is 

illustrated in figure 2-6.  

 

Figure 2.6: Reference Frames (courtesy of Noureldin et al.[9])    

As the earth is appropriately described as an ellipsoid, earth’s radius is not constant. The 

normal radius (RN) and the meridian radius (RM), are the two radii of curvature of the earth.    

The (RN) defines the east-west direction calculated in (2.5) while the (RM) defines the north-south 

direction calculated in (2.6). 

𝑅𝑁  =  
𝑎

√(1 − 𝑒2 𝑠𝑖𝑛2(𝜑))
 (2.5) 

𝑅𝑀  =  
𝑎(1 − 𝑒2)

(1 − 𝑒2 𝑠𝑖𝑛2(𝜑))
3
2 

 (2.6) 

where,  
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• Eccentricity (e) = √
𝑎2 − 𝑏2

𝑎2  = √𝑓 ( 2 −  𝑓 ) = 0.08181919 

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

• Semiminor axis constant (b) = 𝑎 ( 1 −  𝑓 ) = 6356752.3142 m 

• Flatness (𝑓) =  
𝑎 − 𝑏

𝑎
 = 0.00335281 

2.3.3 Reduced Inertial Sensor System (RISS) 

INS relies on six DoF IMUs, where three orthogonal gyroscopes and three orthogonal 

accelerometers are utilized to obtain a full 3D positioning and navigation solution. The gyroscope 

rotation rates are integrated to obtain the attitude angles. After that, the same angular rates are 

used to compute the transformation from the body frame to the LLF. The accelerometer 

measurements are then transformed and mathematically integrated twice to acquire the velocity 

and position. This process is known as INS mechanization.  The block diagram that shows the 

process simply is shown in figure 2-7.  

 

Figure 2.7: INS Mechanization Block  Diagram 

As previously discussed, the inertial sensors suffer from several sources of errors. As in the 

shown block diagram, the measurements are integrated for attitude, velocity, and position 
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computation.  The integration process accumulates the associated errors over time. The error 

resulted from three accelerometers, and three gyroscopes lead to significantly large position and 

attitude errors. As a result, the positioning accuracy will degrade faster, and it will drift 

substantially. Hence, a more accurate and effective inertial system called Three-Dimensional 

Reduced Inertial Sensor System (3D-RISS) was developed fro wheel based platforms.   

2.3.3.1 3D-RISS Mechanization 

3D-RISS is an advanced inertial system that enhanced the positioning accuracy, lowered 

the associated drift, and reduced the computational complexity  [11]. The enhancements achieved 

by the 3D-RISS are done by reducing the number of used inertial sensors. The reduction is based 

on strong constraints that fit any land vehicle. Generally , the land vehicle doesn’t exert any force 

in the lateral or the up directions; the velocity components in these directions are barely noticeable 

and can be neglected. Additionally, the nature of car movement reduces the probability of motion 

in these directions too. Hence, the 3D-RISS only depends on the z-axis gyroscope (𝑤𝑧) and the 

forward and transversal accelerometers (𝑓𝑥, 𝑓𝑦). Additionally, it uses the car speedometer to 

acquire the forward speed. The use of the odometer itself is a central advantage of the RISS 

algorithm. Integrating the velocity to acquire position reduces the error accumulation associated 

by the double integration of the measured accelerations. Nevertheless, odometers suffer from scale 

factor instability; their measurements are subjected to first Gauss-Markov modeling similar to 

gyroscopes. The 3D-RISS mechanization provides the full navigation vector (position, velocity, 

and attitude) as in figure 2-8. 
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Figure 2.8: 3D-RISS Mechanization 

 

The RISS mechanization is a DR technique; it needs initialization, and then it repeats 

using the values from the previous epoch to get the position in the current epoch. The first step 

in the RISS algorithm is to compute the current epoch’s pitch and roll angles. For this purpose, 

the algorithm needs the (𝑓𝑥, 𝑓𝑦, 𝑤𝑧) measurements and the gravity component at time step k. Yet, 

the gyroscope bias (𝑏𝑧) should be taken into consideration, as shown in equations 2.5 and 2.6 . 

𝑝𝑘 = 𝑠𝑖𝑛−1 (
𝑓𝑦𝑘 − 𝑎𝑜𝑑𝑘 

𝑔
) (2.5) 

𝑟𝑘 =  −𝑠𝑖𝑛−1  (
𝑓𝑥𝑘 + 𝑣𝑜𝑑𝑘 (𝑤𝑧𝑘

− 𝑏𝑧)

𝑔 cos(𝑝𝑘)
) (2.6) 

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

be considered as a constant or calculated from gravity models.  
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 The second step is calculating the azimuth angle, which is also known as the vehicle’s 

heading. Equation 2.7 shows the azimuth calculation which is the integration of the rotation angle 

around the vertical axis . However, several other components are considered such as the earth’s 

rotation (𝑤𝑒), the normal radius of curvature of the earth’s ellipsoid (RN), the platform height 

(ℎ), and the latitude (𝜑) from the previous epoch.  

𝐴𝑘 = 𝐴𝑘−1 + (−(𝑤𝑧𝑘
− 𝑏𝑧) cos(𝑝𝑘) sin(𝑟𝑘) + 𝑤𝑒 sin(𝜑𝑘−1) + 

𝑣𝑒𝑘−1
tan(𝜑𝑘−1)

𝑅𝑁 + ℎ𝑘−1
)∆𝑡 (2.7) 

The third step is the projection of the forward speed using the attitude components on the 

LLF frame. The resultant of these projections is the East (𝑣𝑒𝑘
), North (𝑣𝑛𝑘

), and Upward (𝑣𝑢𝑘
) 

velocities as in equation (2.8). 

[
 
 
 
 
𝑣𝑒𝑘

𝑣𝑛𝑘

𝑣𝑢𝑘]
 
 
 
 

=  

[
 
 
 
 
𝑣𝑜𝑑𝑘

cos(𝐴𝑧𝑘
) cos (𝑝𝑘)

𝑣𝑜𝑑𝑘
cos(𝐴𝑧𝑘

) cos(𝑝𝑘)

𝑣𝑜𝑑𝑘
 sin (𝑝𝑘) ]

 
 
 
 

 (2.8) 

The last step is to obtain the 3D Position vector from integrating the velocities in geodetic 

coordinates as shown in equation (2.9). 

[
 
 
 
 
𝜑𝑘

𝜆𝑘

ℎ𝑘 ]
 
 
 
 

 =  

[
 
 
 
 
 𝜑𝑘−1 + (

𝑣𝑛𝑘
+ 𝑣𝑛𝑘−1

𝑅𝑁 + ℎ𝑘
)

𝜆𝑘−1  +  (
𝑣𝑒𝑘

+ 𝑣𝑒𝑘−1

(𝑅𝑀 + ℎ𝑘) 𝑐𝑜𝑠(𝜑𝑘−1)
)

ℎ𝑘−1  + (𝑣𝑢𝑘
+ 𝑣𝑢𝑘−1

) ]
 
 
 
 
 

Δ𝑡 (2.9) 

Despite its fidelity and effectiveness, the 3D-RISS still suffers from the same error sources 

as the regular INS. It improves and delays the solution drift, but it still takes place after a short 

period of time. Therefore, there is a need for a third system that mitigates the RISS errors and 

gain its benefits.  
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2.4 3D-RISS/GNSS Integration 

Both GNSS and 3D-RISS have their advantages and drawbacks. On one hand, GNSS gives 

the most accurate and sustainable results in the open sky. Nevertheless, it suffers from severe error 

sources as multipath and signal blockage, which in turn plagues the positioning accuracy. On the 

other hand, the RISS system is self-contained and gives a perfect substitute in urban areas where 

GNSS is not available. Thus, integrating both systems leads to a better solution with higher 

accuracy and sustainable positioning. There are several types of integration, each of which has its 

features in terms of computational complexity and robustness. These types are mainly loosely-

coupled (LC), tightly-coupled (TC), and ultra-tightly coupled (UT) integration [14]. The loosely 

coupled integration is the simplest, while the ultra-tightly mode is the most complex. Despite its 

simplicity, the loosely coupled is till an attractive candidate for the integration. It provides an 

accurate and reliable positioning without complex fusion between the systems. In this thesis the 

LC is used.  

Optimal estimators can be utilized to perform multi-sensors system fusion. Kalman filter 

(KF) and Particle Filter (PF) are the two main types used in the literature [68]. Despite the 

existence of some new approaches based on machine learning, Kalman filter is much simpler, 

requires low processing, and optimal for linear systems. Kalman Filter is an optimal estimator 

that predicts an accurate solution from a series of observations [69]. In other words, it utilizes the 

measurements from one system to aid the other one. In the case of RISS/GNSS integration, GNSS 

is used to aid the RISS measurements and resets the residual stochastic errors associated. When 

the GNSS suffers signal blockage or deterioration of accuracy, the Kalman filter switches totally 

to the RISS solution [16]. However, the RISS error model is non-linear, and the extended Kalman 
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filter (EKF) would be more suitable. The errors in EKF are linearized using the Taylor expansion 

series with ignoring the higher-order terms.  Figure 2-9 shows a block diagram of LC EKF 

integration of 3D RISS/GNSS. 

 

 

Figure 2.9: 3D-RISS/GNSS LC EKF integration 

 

The system model 𝛿𝑥𝑘 is represented in equation (2.10) 

𝛿𝑥𝑘 = 𝛷𝑘−1 𝛿𝑥𝑘−1 + 𝐺𝑘 𝜔𝑘 (2.10)  

Where, 

• 𝛿𝑥𝑘 : Error state vector at epoch k 

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

• 𝐺𝑘 : Noise Distribution matrix 

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

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 (2.11): 
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𝛿𝑥 =  [𝛿𝜑 𝛿𝜆 𝛿ℎ    𝛿𝑣𝑒 𝛿𝑣𝑛 𝛿𝑣𝑢    𝛿𝐴 𝛿𝑎𝑜𝑑  𝛿𝑏𝑧]
𝑇 (2.11) 

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 

• 𝛿𝐴 : 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: 

𝛷 = 𝐼 + 𝐹∆𝑡 (2.12) 

Where: 

• 𝐼 : Identity matrix 

• 𝐹 : Dynamic coefficient matrix 

• ∆𝑡 : Sampling time 

The dynamic coefficient matrix F is given by: 
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𝐹9𝑥9 =

[
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

0 0 0 0 𝐹15 0 0 0 0

𝐹21 0 0 𝐹24 0 0 0 0 0

0 0 0 0 0 𝐹36 0 0 0

𝐹41 0 0 𝐹44 𝐹45 0 𝐹47 𝐹48 𝐹49

𝐹51 0 0 𝐹54 0 0 𝐹57 𝐹58 𝐹59

0 0 0 0 0 0 0 𝐹68 0

𝐹71 0 0 𝐹74 0 0 0 0 𝐹79

0 0 0 0 0 0 0 𝐹88 0

0 0 0 0 0 0 0 0 𝐹99]
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 (2.13) 

 

Where, 

 F15 = 
1

𝑅𝑀+ℎ
 

 F21 = 𝑣𝑒
𝑡𝑎𝑛 (𝜑)

(𝑅𝑁+ℎ) 𝑐𝑜𝑠(𝜑)
 

 F24 = 
1

(𝑅𝑁+ℎ)𝑐𝑜𝑠(𝜑)
 

 F36 = 1 

 F41 = 𝑣𝑛(𝑤𝑒 𝑐𝑜𝑠(𝜑) + 𝑣𝑒(
𝑠𝑒𝑐2(𝜑)

𝑅𝑁+ℎ
)) 

 F44 = 𝑣𝑛  
𝑡𝑎𝑛 (𝜑)

𝑅𝑁 + ℎ
 

 F45 = 𝑏𝑧  −  𝑤𝑧  +  𝑤𝑒 𝑠𝑖𝑛(𝜑)  + 𝑣𝑒
𝑡𝑎𝑛(𝜑)

𝑅𝑁+ℎ
 

 F47 = 𝑎𝑜𝑑 𝑐𝑜𝑠(𝐴) 𝑐𝑜𝑠(𝑝) 

 F48 = 𝑠𝑖𝑛(𝐴) 𝑐𝑜𝑠(𝑝) 
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 F49 = 𝑣𝑛 

 F51 = − 𝐹41 

 F54 =  − 𝐹45 − 
𝑡𝑎𝑛(𝜑)

𝑅𝑁+ℎ
 

 F57 = −𝑎𝑜𝑑 𝑠𝑖𝑛(𝐴) 𝑐𝑜𝑠(𝑝) 

 F58 = 𝑐𝑜𝑠(𝐴) 𝑐𝑜𝑠(𝑝) 

 F59 = −𝑣𝑒 

 F68 = 𝑠𝑖𝑛(𝑝) 

 F71 = 𝑤𝑒 𝑐𝑜𝑠(𝜑)  + 𝑣𝑒 (
𝑠𝑒𝑐2(𝜑)

𝑅𝑁+ℎ
) 

 F74 = 
𝑡𝑎𝑛(𝜑)

𝑅𝑁+ℎ
 

 F79 = 1 

 F88 =  − 𝛽𝑜𝑑 

 F99 = − 𝛽𝑧 

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

time model at epoch k is: 

𝛿𝑏𝑧,𝑘  =  (1 − 𝛽𝑧∆𝑡)𝛿𝑏𝑧,𝑘−1  +  √2 𝛽𝑧𝜎𝑧
2 𝑤𝑘∆𝑡 (2.14) 

Where, 

• 𝛽𝑧 : The reciprocal of the gyroscope autocorrelation time 

• 𝜎𝑧 : The standard deviation of process white noise 

• 𝑤𝑘 : Zero mean, unit variance, white Gaussian noise 
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Moreover, the stochastic odometer errors are modeled using a 1st order Gauss-Markov process. 

The discrete-time model at epoch k is: 

𝛿𝑎𝑜𝑑,𝑘  =  (1 − 𝛾𝑜𝑑∆𝑡)𝛿𝑎𝑜𝑑,𝑘−1  +  √2 𝛾𝑜𝑑𝜎𝑜𝑑
2  𝑤𝑘∆𝑡 

 

(2.15) 

Where, 

• 𝛾𝑜𝑑 : The reciprocals of the odometer autocorrelation time 

• 𝜎od : The standard deviation of process white noise 

• 𝑤𝑘 : 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: 

𝐺 =  [0 0 0 0 0 0 0 √2 𝛾𝑜𝑑𝜎𝑜𝑑
2  √2 𝛽𝑧𝜎𝑧

2]
𝑇

 (2.16) 

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

𝛿𝑧𝑘,𝑅𝐼𝑆𝑆/𝐺𝑁𝑆𝑆  =  𝐻𝑘,𝐺𝑁𝑆𝑆 𝛿𝑥𝑘,𝑅𝐼𝑆𝑆  +  𝜂𝑘 (2.17) 

Where, 

• 𝛿𝑧𝑘,𝑅𝐼𝑆𝑆/𝐺𝑁𝑆𝑆 : The measurement vector 6 x 1 

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

• 𝛿𝑥𝑘,𝑅𝐼𝑆𝑆 : The error state model for RISS 

• 𝜂𝑘  : The measurement noise vector 

The measurement model represents the difference between the GNSS updates (position and 

velocity) and the RISS measurements as formulated in equation (2.21): 
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𝛿𝑧𝑘,𝑅𝐼𝑆𝑆/𝐺𝑁𝑆𝑆  =  

[
 
 
 
 
 
𝜑𝑅𝐼𝑆𝑆  −  𝜑𝐺𝑁𝑆𝑆

𝜆𝑅𝐼𝑆𝑆  −  𝜆𝐺𝑃𝑆𝑆

ℎ𝑅𝐼𝑆𝑆  −  ℎ𝐺𝑁𝑆𝑆

𝑣𝑅𝐼𝑆𝑆
𝑒  −  𝑣𝐺𝑁𝑆𝑆

𝑒

𝑣𝑅𝐼𝑆𝑆
𝑛  −  𝑣𝐺𝑁𝑆𝑆

𝑛

𝑣𝑅𝐼𝑆𝑆
𝑢  −  𝑣𝐺𝑁𝑆𝑆

𝑢 ]
 
 
 
 
 

 (2.18) 

The measurement model design matrix H is given by: 

𝐻𝑘,𝐺𝑁𝑆𝑆  =  

[
 
 
 
 
 
1 0 0 0 0 0 0 0 0
0 1 0 0 0 0 0 0 0
0 0 1 0 0 0 0 0 0
0 0 0 1 0 0 0 0 0
0 0 0 0 1 0 0 0 0
0 0 0 0 0 1 0 0 0]

 
 
 
 
 

 (2.19) 

 

One of the most important stages in the EKF is the tuning of the covariance of the 

measurement noise matrix (𝑅𝑘,𝐺𝑁𝑆𝑆). The covariance of this essential matrix is highly related to 

the EKF confidence level tendency. For instance, higher 𝑅𝑘,𝐺𝑁𝑆𝑆 values will let the EKF depends 

more on the GNSS measurements. Similarly, the covariance of the process noise (𝑄𝑘) is tuned 

according to the IMU. 

 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: 

 

𝛿�̌�𝑘  =  𝛷𝑘𝛿�̂�𝑘−1 (2.20) 

�̌�𝑘  =  𝛷𝑘�̂�𝑘−1  +  𝐺𝑘𝑄𝑘𝐺𝑘
𝑇 (2.21) 
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When a measurement becomes available, the filter updates its predicted estimate using the 

Kalman gain 𝐾𝑔. 

𝐾𝑔  =  �̌�𝑘𝐻𝑘(𝑅𝑘  +  𝐻𝑘�̌�𝑘𝐻𝑘
𝑇)

−1
 

 

(2.22) 

𝛿�̌�𝑘  =  �̌�𝑘  +  𝐾𝑔(𝛿𝑧𝑘  − 𝐻𝑘𝛿�̌�𝑘)  (2.23) 

�̂�𝑘  =  (𝐼 −  𝐾𝑔𝐻𝑘) �̌�𝑘 (𝐼 −  𝐾𝑔𝐻𝑘)
𝑇  + 𝐾𝑔𝑅𝑘𝐾𝑔

𝑇  (2.24) 

Where, 

 (∎̌): The predicted value of (∎) 

 (∎̂): The updated value of (∎) 

Although the RISS/GNSS integration is robust in most scenarios, in extended GNSS 

outages, the RISS drifts drastically, and the solution is unreliable. Therefore, there is a need to 

amp up the system for a third sensor. In the next section, some multi-sensor fusion approaches 

are mentioned. 
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2.5 Multi-Sensor Fusion 

Future self-driving cars are equipped with suite of sensors to understand the perceptual 

semantics in the surrounding environment. Light Detection and Ranging (LiDAR), 

Monocular/Stereo vision Cameras, and automotive Radars are states of the art equipment used 

in such systems. Therefore, numerous researches about utilizing these sensors in positioning have 

become a trend.  

A comprehensive study of using LIDAR and Cameras for navigation purposes could be 

highly advantageous in the autonomous driving future. However, the feasibility of applying these 

studies to real-world might face several adversities. Though LIDAR is a high-resolution mapping 

sensor with capabilities of detecting a vast number of objects in one scan, it causes severe design 

restrictions and requires sophisticated real-time computations. Similarly, visual odometry performs 

poorly in dark environments and degraded visual conditions due to snow, fog, or rain. In addition, 

both sensors are not included in all levels of driving autonomy, and most of the status quo vehicles 

do not utilize LIDARs. On the contrary, automotive radars are assured to be in a wide range of 

cars. The processing of radar signals do not require complex computational algorithms, powerful 

hardware, or high utilization cost in comparison to the other escorted sensors. Moreover, Radar 

accomplishes the same performance in all weather conditions. It is not affected by a lack of light 

or any non-metallic obstacles. In section 2.5.1, we are going through the latest advances in the full sensor 

suite.  
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2.5.1 Perception-based systems 

2.5.1.1 Visual-based systems 

In any futuristic land vehicle, the camera is a central component. Most of the current semi-

autonomous or the planned fully-autonomous cars are equipped with at least one frontal camera, 

and the number increases in some cases to six cameras [22]. The two types of cameras used in the 

vehicular industry are monocular and stereo-vision [70]. The monocular cameras is a single-lens 

one, while the stereo-based is structured from two lenses. The most known positioning techniques 

based on vision is called visual odometry. Visual odometry (VO) analyzes the changes in a 

sequence of images using feature extraction and matching to estimate the position and heading of 

the moving vehicle [71]. NASA introduced the first VO system in a discovery mission on Mars, it 

was used for the positioning of the exploring rovers [72]. There is a more generalized system called 

structure from motion (SfM) that reconstructs a 3D scene from a set of images [73]. Vo could be 

considered as a part of SfM. In basic principle, the reconstruction of images requires distinct 

features like corners and edges to be extracted using some feature descriptors such as corner 

detectors, Harris,..etc [74]. The extracted features are called key information. The odometry 

positioning can be performed by matching or tracking the key information from the consecutive 

images using some optimization methods. Some work in the literature utilized VO with 3D-RISS 

provide reliable positioning in challenging and denied GNSS areas [24].  

Although VO is a promising technique, it suffers from serious errors. It fails in viral 

scenarios as in adverse weather conditions, at night, inadequate features distribution, and in 

shadows. 
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2.5.1.2 LiDAR-Based systems 

LiDAR is a sensor that measures the ranges between the ego-vehicle and the surrounding 

objects [75]. It emits laser in its whole field of view and calculates the distance from the time of 

flight taken by the laser to return. LiDAR is known for its dense point clouds and highly defined 

mapping of the encircling environment [76]. There are two types of LiDAR, 2D LiDAR, which 

emits one laser beam in a horizontal plane and 3D LiDAR, which spins fast while pulsing multiple 

vertical beams to acquire a 360° view [77]. Most of the positioning algorithms found in the 

literature are done based on the 3D LiDAR for its rich features. The LiDAR positioning method 

is called LiDAR Odometry (LO) [78]. LO estimates the position and the azimuth of the moving 

platform by tracking the consecutive point clouds. Unlike cameras, LiDAR is insensitive to 

ambient light and low-texture conditions [79]. LO is dependant on the update rate of the LiDAR, 

when the scanning speed is higher than the extrinsic motion, point cloud matching techniques can 

be used.  

The standard scan matching method used in LO is called the Iterative Closest Point (ICP) 

[80]. ICP is a reconstruction algorithm that computes the correspondences between the consecutive 

point clouds, and provide a homogeneous transformation. The homogeneous transformation is a 

matrix that represents the rotation and translation performed by the vehicle between the two 

epochs. It is calculated using singular value decomposition (SVD). The ICP iterates until it finds 

the best rotation and translation that minimizes the error until a threshold is passed [81]. The 

main disadvantages of LiDAR are cost, size, design, and the fact it does not perform well in harsh 

weather conditions like snowing. Additionally, it puts a limitation on vehicle mechanical design, 

and it may not be affordable for the current generation of cars.  
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2.5.2 Radar Positioning Approaches 

Radio Detection And Ranging (Radar) is a sensor that uses radio waves to identify the 

velocity of the encircling objects [82]. Notably, an automotive Radar sends a beam of signals and 

processes the scattered radio signals from metallic objects in its field of view [83]. There are two 

types of Radar waves: Pulse and continuous [84]. Automotive radars rely on continuous wave 

(CW) radars, especially an advanced sub-category called frequency-modulated-continuous wave 

(FMCW). FMCW radar has some advantages that made it the best candidate for autonomous 

vehicles such as low sampling rate, low power consumption, its minimum target range, and most 

importantly its ability to generate high-resolution images from the confronted objects[29]. There 

are two types of automotive radars, single antenna, and multiple antennae [85]. Electronic 

Scanning Radar (ESR) and Synthetic Aperture Radar (SAR) are both based on multiple 

antennae[31]. Using the doppler effect and beamforming techniques, ESR can acquire the range, 

radial velocity, azimuth, and elevation angles from the detected objects. A typical ESR or SAR 

can detect a minimum of 64 objects in a single scan. Many research activities utilized single 

antenna radars, ESR, and SAR to obtain positioning solutions.   

The usage of Radars in positioning and navigation has been studied in different ways in 

the literature. A single antenna FMCW Radar was used in [86]. The methodology was based on 

extracting the ground reflection and considering the resulted velocity as the vehicle’s forward 

velocity. Moreover, It was fused with a 3D-RISS system instead of the speedometer. It led to a 

position error of 7 meters in 50 seconds. Similarly, the 2D position was acquired by a single 

antenna radar in [28]. However,  the methodology was based on obtaining the velocity update 
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from the confronting car in crowded areas. This algorithm reached an RMSE error of 4 meters in 

60 seconds. 

Nevertheless, its dependency on moving objects led to unprecedented errors in turns. The 

author then introduced a solution for the turning errors based on acquiring the azimuth from the 

magnetometer [15]. However, the magnetometer is very sensitive to electromagnetic waves 

interference. Therefore, in downtown scenarios, when the radar solution is mostly needed, the 

magnetometer may fail due to the crowd of the surrounding metallic objects [87].  

Moreover, another direction of research based on electronic scanning radars took place. 

The research conducted using ESRs went through different stages. The detection of static objects 

is the base of the hierarchy. Dominik Kellner et al. [10] showed an intuitive static object detection 

technique using a single radar. Their proposed algorithm analyzes the received radial velocities 

and yaw rate of the objects. The largest group of similar linear movements are then considered as 

stationary objects. The Random Sample Consensus (RANSAC) was then used to reject the outliers 

(moving objects). At the final stage, they could acquire the azimuth update due to the mounting 

direction of the radar. The same system was then integrated into a multi-radar system in [88]. 

That integration showed the ability to estimate the ego vehicle's yaw rate, longitudinal, and lateral 

velocities. In [89] static landmark extraction from FMCW radar was conducted. A usage of unary 

descriptors and compatibility scores allowed real-time data matching and mapping consecutively. 

Yet, the algorithm was based on a mechanically rotating radar on top of the vehicle; the high 

definition mapping LiDAR system can easily outperform it.  
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Four mounted radars system were used to apply a clustering-Simultaneous Localization 

and Mapping (SLAM) using particle filtering in [90]. The system allows the creation of well-

represented maps with noise cancellation  by a cluster streaming algorithm. The algorithm is based 

on a probabilistic approach of objects that exist within a pre-defined cluster around the ego-

vehicle. A decay factor is added to let the system adapt to the dynamic behavior of the surrounding 

environment. The created initial map is then updated via a particle filter and testified in parking 

space. This memory efficient technique resulted in an accuracy level of 2 meters and a heading 

error within 20 degrees. Likewise, a graph-SLAM algorithm that constructs a grid map around 

the vehicle using radar was implemented in[91]. It creates the grids by doing a brute force features 

matching. The RANSAC is then used for outlier rejection and map filtering. The grids were 

optimized offline using Levenberg-Marquardt minimizer. It resulted in a 6.5 cm mean error 

between the points matched iteratively. Yet, the offline processing property of the system doubts 

the same performance in real scenarios. It has been observed that the results shown of radar scan 

matching methods are for mapping an outdoor/indoor parking. 

On the contrary, an initiative to implement occupancy grids and SLAM in highways to 

estimate the road course was shown in[92]. The implementation converted the grid maps to images 

at which Convolutional Neural Networks can be applied to learn the road shapes and determine 

the vehicle’s pose. However, the results of this algorithm failed in highway exits. This shows the 

feasibility of Radar-SLAM in mapping a quickly changing place, such as parking lots, while it still 

far from the application on roads.  
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As shown in this literature review, the researches conducted on radar positioning are 

varying. There is a group realized the usage of one single radar, which is the most affordable and 

applicable to match the status quo, where most of the vehicles nowadays are equipped with one 

frontal radar.  However, this research direction was either done on a single antenna radar, which 

does not give a full view of the frontal scene or using an array of the antenna without mounting 

the radar in front. The other group of researchers tried to deal with radars as a visual-based 

system. They used the same feature extraction and scan matching methods of the computer vision 

field. Nevertheless, none of these researches utilized a single radar; to avoid several problems as 

the sparsity of data points, low signal to noise ratio, and poor feature distribution. These platforms 

were equipped with at least four radars, which is a futuristic approach that would not serve the 

current trend in the market.  

In this thesis, a radar-based positioning method is introduced. The method used is based 

on a single ESR frontal radar. Furthermore, the radar solution is fused with the 3D-RISS in GNSS 

outages, to form a new integration called ESR/RISS/GNSS multi-system fusion.  
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Chapter 3 

System Architecture and Design of Radar-based Navigation 

3.1 Proposed System Overview 

The proposed system aims to provide an accurate positioning using a multi-sensor fusion 

integrating onboard motion sensors, GNSS receiver, and ACC radar sensor. In this chapter, the 

proposed positioning solution is described in detail. The system is based on an ESR fused with 

the classical integrated navigation system, GNSS/RISS. The primary objective of this work is to 

be used in GNSS-denied environments such as urban canyons and indoor parking. In such places, 

the radar benefits from the scattered metallic objects in the surrounding environment, while the 

GNSS suffers from several error sources like multipath and signal blockage [13][93]. The system is 

divided into stages to satisfy the purpose of reproducibility and ease of implementation. Each 

stage consists of one or several modules, classified based on their functionalities. The block diagram 

in figure 3-1 shows the arrangement of the stages, the connections between the modules, and the 

function of each module. The data adjustment stage is the base of the hierarchy, at which the 

interaction with the hardware components is taking place. It consists of data acquisition and pre-

processing modules, where both are essential to obtain reliable positioning and navigation Using 

ESR.  

 

Figure 3.1: Full System Overview 
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  The data acquisition includes the ESR real-time spatial scanning, interfacing, and post-

processing. It also involves the parsing process and the formatting of the parsed data into a 

structured set of features. The pre-processing of the data consists of a group of filters. These filters 

play a significant role in the final positioning solution, as they refine the radar measurements, 

which are usually contaminated by ghost objects and clutters.  

 The second stage is where the proposed ESR-based positioning algorithm is implemented. 

As discussed earlier in the literature review, some radar positioning systems were dependant on 

either the dynamic part of the environment represented in the moving vehicles or stationary 

landmarks like road signs, traffic lights, and parked vehicles.  In the proposed methodology, the 

system is dependant on the reflections of the static objects. Therefore, a reliable static object 

detection algorithm is highly required. In the static objects detection module, some realistic 

detection criteria were developed, followed by an effective enhancement of the primary detection 

factor. Then several statistical methods were utilized and adapted to filter out the static objects 

and to estimate the vehicle forward velocity. The vehicle’s position is acquired in the ESR 

odometry module, where a  new method is used to provide the car’s latitude and longitude from 

the estimated ESR velocity.  

 The final positioning solution comes out after the sensor fusion stage. The sensor fusion 

stage includes the most significant part, where the GNSS, RISS, and ESR measurements are 

utilized to obtain an accurate position. The fusion scheme utilizes an EKF, which is designed to 

reset the RISS errors using either GNSS or ESR. Finally, an intelligent switching mechanism 

based on the performance of GNSS and ESR is developed to automatically decide on which of the 

systems is used for the integration with RISS.   
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3.2 Data Adjustment 

The data adjustment stage addresses the preliminary steps needed to obtain the essential 

ESR features for the positioning algorithm. The first sub-section discusses the hardware 

characteristics and capabilities of the utilized ESR equipment. The second step talks about the 

hardware and software interaction, which interface is used, and what is the final shape of the 

extracted features. The data pre-processing sub-section clarifies the filtration of the clutters and 

ghost objects, to have a neat feature set for the static objects detection process.    

3.2.1 Electronic Scanning Radar Measurements 

Electronic Scanning Radars (ESR) are based on the Frequency Modulated Continuous 

Wave (FMCW) technology, in addition to the stack of multiple antennae in the sensors’ 

structure[94][95]. The FMCW gives the ESR the ability to measure the relative distance (by 

measuring the difference in the transmitted signal frequency) and the relative velocity (by 

measuring the doppler shift)[96]. Besides, the array of antenna adds the functionality of 

determining the angle of arrival of the detected objects[97]. These rich features made the ESR the 

best candidate for the automotive industry, where it is used for detecting and avoiding the 

surrounding objects. 

In the proposed system, an ESR called Delphi 9.21.15 was utilized. Automotive radar 

systems similar to the Delphi ESR 9.21.15 are widely used in the autonomous driving industry 

because they have a simultaneous multimodal operation, high update rate (20 Hz), and utilize 

advanced solid-state technology in a compact size [98]. The term multimodal operation refers to 

two modes of object detection, which allow a variety of features such as adaptive cruise control, 

forward collision warning, brake support, and headway alert [99][100] .  
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As shown in figure 3-2, the Delphi ESR multimode consists of two fields of view, the first 

mode is called mid-range; it has a maximum range of 60m and a wide horizontal field of view 

(FOV) of +/- 45 degrees. The second mode is the long-range, and unlike the mid-range, it has a 

narrower horizontal-FOV of +/- 10 degrees but a more extended range of 175m. However, the 

minimum range that can be measured in the two modes is 1 meter. Both modes share the same 

vertical FOV of 4.2-4.75 degrees. Unfortunately, This narrow vertical-FOV does not allow 

obtaining elevation angle measurements. The utilized sensor can detect the range and azimuth 

angles of up to 64 objects within the overlapping FOVs.  The sensor has a range accuracy of +/- 

0.5m in long-range and +/- 0.25m in mid-range. In terms of azimuth angle accuracy, it has an 

error of 0.5 degrees in both modes.   

 

Figure 3.2: Example of ESR (Delphi 9.21.15) Field of View 

Moreover, the Delphi ESR can determine the range rate of the detected objects, which is 

also called the radial velocity. The radial velocity is the rate of change in the range between the 

ego-vehicle and the detected object. It can also determine either the confronted object is going 

away or towards the vehicle. The positive sign radial velocity means the vehicle in front is moving 

away, while the negative sign means it is getting closer to the sensor. The range of radial velocities 

that the Delphi ESR can detect is +40 m/s to -100 m/s. The range rate accuracy is +/- 0.12 m/s.  
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The sensor is featured with a built-in multi-objects tracker, which add some measurements 

as object track ID, lateral velocity, radial acceleration, lateral acceleration, and object’s pose in 

cartesian coordinates. The full characteristics of the sensor are summarized in Table 1-1.   

Table 3-1: Delphi ESR 9.21.15 Characteristics [101] 

Parameter 
Delphi ESR 9.21.15 Long-

Range 
Delphi ESR 9.21.15 M id-Range 

Maximum Range < 1m < 1m 

Minimum Range >175m >60m  

Range Accuracy < +/- 0.5m noise component with 

+/-5% bias  

< +/- 0.25m noise component with 

+/-5% bias 

Range Discrimination for two 

targets at same angle & range rate 

<2.5m <1.25m 

Minimum Range Rate < -100 m/s 

Maximum Range Rate > +40 m/s 

Range Rate Accuracy < +/- 0.12 m/s 

Range Rate Discrimination for two 

targets at same range & angle 

< 0.5 m/s 

Acceleration Acceleration is calculated from the tracking algorithm 

Minimum Lateral Relative Velocity < -20 m/s 

Maximum Lateral Relative Velocity > +20 m/s 

Azimuth Field of View > 20 deg > 90 deg 

Azimuth Angle Resolution of two 

targets at same range & range rate 

< 3.5 deg < 12 deg 

Vertical Field of View 4.2 deg – 4.75 deg 

Operation Frequency  76.5 GHz 

Minimum Update Rate >= 20 Hz 

Maximum Target Tracking 64 argets  
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3.2.2 Data Acquisition  

3.2.2.1 Hardware Architecture 

The Delphi ESR consists of the transmitter, receiver, and an on-board processing unit. 

The embedded processing unit processes the received raw data and exports the sensor’s 

measurements, the process status, and the communication status. As any automotive sensor, the 

ESR utilizes the Controller Area Network (CAN) communication protocol to transmit and receive 

information with the vehicle’s on-board computer. The ESR is very dependent on the CAN 

network, as it is operated through the CAN command, and it receives several parameters from 

the other vehicular sensors by the CAN protocol.  

CAN is the standard communication protocol in the automotive industry. It is a multi-

master serial bus that connects two or more electronic control units (ECUs), which also named 

nodes [102]. This communication protocol is multiplex, message-based, and it allows the nodes to 

communicate without a host device [103]. As a multi-master bus, all nodes are capable of initiating 

and transmitting messages. Each node has an identifier (ID), the purpose of the ID is to represent 

the priority of the node, so when messages are sent at the same time, the highest priority one will 

continue, and the lower will follow. The nodes are connected through a two-wire bus, and the bus 

has two signals: CAN high (CANH) and CAN low (CANL). Both signals create two states, 

dominant and recessive, where they are responsible for allowing the message to pass on the bus 

[104].  

The node simply represents a device, such as a simple input/output device, a 

microcontroller, a microprocessor, or even a gateway for a general-purpose computer. Therefore, 
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the other device used in the proposed system is a general-purpose computer (laptop). However, to 

connect the laptop to the ESR, a special interface is needed to transfer the CAN bus data through 

a universal serial bus (USB), the one used in this system is called Kvaser leaf [105]. The full 

architecture and hardware interaction are displayed in figure 3-3. 

 

 

Figure 3.3: Hardware interfacing Architecture [101], [105] 

As in figure 3-3, both open-source licensed Linux operating system and Robotic Operating 

System (ROS) were utilized to control the data logging process and the interpretation of the 

received data. In any computer, the interpretation of the data is carried out by a group of codes 

named drivers, Delphi provided a ROS package (delphi_ESR) to deal with the data. ROS is a 

framework that contains several tools, libraries, and packages. It is only available on Linux 

platforms, with a command-line interface. It allows users to create packages or nodes in either 

python or C++ programming languages.  
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3.2.2.2 ESR Driver Description 

As mentioned before, the ESR driver is a ROS package named delphi_ESR. A typical 

ROS package contains nodes, topics, message types, and any configuration tool. The nodes in the 

ROS architecture are executable codes that perform a task or computation. The nodes 

communicate with each other by sending messages. The messages are defined by the type of 

message and the data format. They are grouped based on categories called topics. A ROS node 

might publish a message to a specified topic or subscribe to a topic to receive a message.  

 

Figure 3.4: An example of the ROS Topic and Nodes Interaction 

 

An example is shown in figure 3-4 to clarify the concepts of the ROS architecture 

components. In the shown figure, a topic called object pose is shared between two nodes. Each 

node has an interest in the information contained under this topic. The first node is an object 

tracker algorithm that computes the objects pose and then publish the cartesian coordinates of 

the object through a message. The second node is a path planner algorithm that utilizes the 
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object’s pose to determine the desired path, hence subscribes to the topic to receive the information 

through a message.   

The publisher and subscriber nodes allow the real-time operation feature. However, post-

processing is possible by recording the published information using the ROS Bag feature. In the 

presented system, the data was recorded and processed afterward. Nevertheless, the structure of 

the system allows an easy transformation to real-time applications.  

The delphi_ESR package has a wide variety of published topics. The raw data sent to the 

sensor via a CAN interface is published on a topic named ”can_rx”. The parsed raw data from 

the ESR is divided into the sensor status, the raw data validity, and the unfiltered tracked objects. 

The sensor status has nine topics starting from “parsed_tx/radarstatus1” until 

“parsed_tx/radarstatus9”. The validity status information is published in two topics: 

“parsed_tx/radarvalid1” and “parsed_tx/radarvalid2”. The “parsed_tx/radartrack” topic contains 

the information about the whole tracks unfiltered produced by the sensor, and the information 

regarding the motion of the tracks is shown in “parsed_tx/trackmotionpower””.  

However, some more topics are subjected to simple processing by the driver, such as 

“as_tx/radar_tracks” and “as_tx/objects”. The useful information required for the proposed 

methodology exists in these topics; they contain valid information about the tracked objects. The 

messages received from this topic are processed in the next step, to extract a feature set that can 

be utilized in determining the stationary landmarks in the frontal view of the vehicle. 
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3.2.2.3 Data Formatting 

The essential features for the positioning algorithm exist in the  “as_tx/radar_tracks” 

topic from the ROS Bag. As explained before, the topic is just a specified category for the below 

messages, so the “as_tx/radar_tracks” is accompanied by message type named " 

delphi_esr_msgs/EsrTrack”. The ESR itself publishes this message, and it consists of rich 

information about the tracked objects. Besides the message’s body, a standard ROS header that 

contains the Unix timestamp of the message is published too. Table 3-2 shows the message content.  

Table 3-2: ESR tracks message content 

delphi_esr_msgs/EsrTrack 

Data Type Data Format 

std_msgs/Header Timestamp 

uint8          track_id 

float32        track_lat_rate 

bool           track_group_changed 

uint8          track_status 

float32        track_angle 

float32        track_range 

bool           track_bridge_object 

bool           track_rolling_count 

float32        track_width 

float32        track_range_accel 

uint8          track_med_range_mode 

float32 track_range_rate 

 

As shown in table 3-2, there is a total of 13 variables form the ESR track message. 

However, only a few of them is needed to obtain sufficient information that fulfills the system’s 

purpose. These features are the timestamp, track_id, track_range, track_angle, and 

track_lat_rate. The timestamp refers to the time at which the sensor readings were measured, 
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and it is in the nanosecond level, with a Unix format.  The track_id is an identifier for an object 

in the scanning cycle, and it is limited from 0 to 63. The IDs are arranged in ascending order, the 

recurrent ID in the consecutive scan refers to a valid tracked object. The main measurements 

required are the track_range and track_angle, where both refer to the range and azimuth angle 

between the object and the ego-vehicle, respectively.  

The ESR has an update rate of 20 Hz / 50 msec, which means it has 20 samples each 

second. In each sample, up to 64 objects can be detected. The desired features accompany the 

detected object. Yet, the full scan is not sent at the same sample, so they are not saved as a pack 

of features from the first time. Therefore, an algorithm for acquiring the desired features of the 

whole ESR scan at a single time epoch was developed.  

 

 

 

In algorithm one, the pseudo-code for acquiring and formatting the desired feature-sets is 

shown. Each ESR message is sent in nanoseconds level and contains one object accompanied by 

Algorithm 1: Data Acquiring and Formatting 

1 Input: ROS Messages  and  

2 Output: Set of features    

3 Begin 

4  Struct: list 

5  foreach   do 

6   if  in  is equal  in  do 

7    if  in  is bigger than  in  do 

8    list = append( , , ,  , ) 

9    else 

10     = list 

11    Initiate: list 

12   end if 

13  end  

14 end  
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the previously mentioned 13 variables. A limited number of objects less than or equal to 64 marks 

one-epoch at the millisecond level. To discriminate the objects set  from the received stream of 

messages, the timestamp and the object’s ID are used. 

 
Figure 3.5: Acquired Features-Sets Shape 

 In the beginning, an empty list is initiated. After that, a loop is executed to iterate over 

the whole messages vector  in the ROS Bag. The  (in milliseconds) of message  

is compared to  of the consecutive message . If both timestamps are equal, this 

means the messages are within the same time epoch. Additionally, as the IDs of the objects are in 

ascending order,  should be less than , so once  is lower in value; it indicates a new 

sample. As these conditions are fulfilled, the timestamp, object ID, range, angle, radial velocity, 

and tangential velocity features of each object are appended in a feature-set (array) marked with 

the sample number too. Figure 3-5 shows the final shape of the acquired features, imagining that 
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one second is a tensor of 20 matrices, each matrix represents a sample with a maximum of 64 

objects and five extracted features. 

3.2.3 Data Pre-Processing 

In the previous section, the acquired features extraction and the final data shape were 

described. However, the detected objects in the single scan are not free of errors, where some 

objects might be inconsistent or unreal. Generally, false detection is a term that refers to detection 

not caused by an object, and it is also called clutter, ghost object, or false alarm [106]. The first 

reason for clutter detection is high reflection energy from the background that passes the ESR’s 

embedded detector threshold, such as the ground and the environmental conditions. Similar to 

GNSS, automotive radar may have ghost objects due to the multipath phenomenon. The 

multipath can cause several detections for a single object, as the radar signal can be reflected from 

the object to the ground in its path to the receiver. A third cause is called unresolved object, 

which means that multiple objects in the FOV are merged to cause a single detection. For instance, 

if two vehicles are moving in the frontal FOV having the same speed, the embedded detector 

might consider a single detection out of them.  

 

Figure 3.6: ESR Error Sources 
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As shown in figure 3-6, these imperfections in the ESR’s embedded object detection and 

tracking affect the performance of the static object detection algorithm. Therefore, the data is 

subjected to pre-processing, where clutter, ghost object, and long-range objects are rejected. Figure  

3-7 shows the data pre-processing stage, pointing out the order of the process.  

 

Figure 3.7: Ghost Objects rejection and Data Filtration 

 The filtration process takes place at each time epoch, on a set of objects in a single sample. 

The features vector that is needed in the filtration is shown in (3.1).  

𝑆𝑖 =  [𝑖𝑑𝑖
𝑘, 𝑟𝑖

𝑘, 𝑣𝑟𝑖
𝑘 , 𝜃𝑖

𝑘], 𝑘 = 1,2,3, … . . , 𝑁𝑖  (3.1) 

Where  is the feature set at epoch  ,  are the identifier, range, relative 

velocity, and azimuth angle of object  at epoch , respectively.   is the number of detected 

objects at epoch . 
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The filtration process shown in algorithm two has three steps. Firstly, an array of filtered 

objects  is initiated.  The discrimination of ghost objects is based on their consistency in the 

consecutive scans; an object is considered unreal when it appears once in the ESR scanning.  

Therefore, the algorithm checks for the intersected objects between the reference set  and the 

following one , by comparing the  of each object in both samples. Consequently, the 

conjugate ones pass the filter, and the others are removed. In the second step, the clutter filters 

validate the ranges of the passed objects. A clutter reflection from the ground has a range of 

almost 1m, so any object within this range is rejected. Finally, the detected objects that reside 

further than 100m are removed; to maintain the positioning algorithm operation based on objects 

in a close FOV. This should assure that the proposed method relies on objects that are recurring 

for at least two epochs.  

Algorithm 2: Clutters Filtration and Ghost Objects Rejection   

1 Input:  Sets of features   and  

2 Output: Filtered Set   

3 Begin 

4  foreach   do 

5   initiate Set     

6    = intersection ( , ) 

7   foreach  in  do 

8    if  > or = do 

9    remove  

10    end if 

12   end 

13  end  

14 end  
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3.3 Static Objects Detection 

Automotive radars were designed for detecting the surrounding vehicles and measuring the 

relative velocities in between the sensor and them. These measurements give the ego-vehicle the 

ability to adjust its speed according to the vehicles in the FOV, to realize Adaptive Cruise Control 

(ACC). Besides ACC, the functions of automotive radars expanded to obstacle recognition, 

detection, and avoidance. However, all these features are dependent on moving objects detections 

such as pedestrians, bicycles, and land vehicles.  

For autonomous vehicles, tasks such as positioning, navigation, and path planning cannot 

be dependent on moving objects. Therefore, autonomous vehicles rely on other perceptual systems, 

such as LiDAR and Cameras, to identify the stationary objects in the surrounding environment, 

also known as landmarks. However, the proposed system presents a novel positioning system based 

on ESRs.  

Hence, it is essential to identify the static objects from the whole ESR scan so that reliable 

radar-based positioning can be obtained. Nevertheless, radar does not have the rich point-cloud 

associated with LiDARs, or the numerous geometrical features that can be extracted from images. 

Thus, a detailed analysis of the ESR measurements is performed in this thesis, so that some 

distinguishing criteria could be concluded. Consequently, mathematical approaches represented in 

outlier rejection methodologies can be utilized to extract the static objects from the ESR scans.  
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3.3.1 Detection Criteria 

Building a robust static objects detection criteria requires a critical analysis of the ESR 

measurements. As clarified in figure 3-8, the sensor receives the polar coordinates (range and 

angle) of the objects in the frontal FOV, and it also obtains the relative velocity between the 

objects and the ego-vehicle. In a basic sense, both range (distance) and angle are scalar quantities, 

which means only their magnitudes information is obtained.  Nevertheless, radial velocity is a 

vector quantity that has a magnitude and direction. The direction of velocity measurement has a 

significant impact, as it defines the movement behavior of the surrounding objects. More 

specifically, the relative velocity is not equivalent to the speed of the surrounding object; it is 

dependent on the relative motion between the ego-vehicle and the object. If the object is moving 

away from the ego-vehicle, the corresponding radial velocity will be positively signed. On the 

contrary, if the object is getting closer towards the ego-vehicle, its radial velocity will be in negative 

sign.      

 

Figure 3.8: ESR Scanned Objects Features 

 



62 

 

 

Indeed, a stationary object does not exert any force, and it remains still; it always has a 

zero velocity magnitude. However, as the ego-vehicle is moving, metallic landmarks are detected 

as moving objects that have radial velocities. As the sensor is mounted on the center of the frontal 

bumper, any static object will have a negative-sign radial velocity; its direction is pointing towards 

the ego-vehicle, and it should have the same magnitude of the ego-vehicle velocity. Nevertheless, 

the landmarks are most of the time located on both sides of the road. Hence, they are not having 

the same velocity like the vehicle’s forward velocity. Their magnitudes are the resultant of the 

vehicle’s lateral velocity and forward velocity; it means that the object’s azimuth angle is 

correlated to both the range and the radial velocity. 

Static objects also have other observed properties that define them in the ESR scan. Since 

they do not exert forces, they are most likely exist in the consecutive scans more frequently than 

moving objects. For instance, a moving vehicle with a speed of 10 m/s will leave the FOV of the 

ESR faster than a  static traffic light, if the ego-vehicle speed is distinctively smaller. However, 

this relationship depends on the ego-vehicle speed too. The second observation is that in urban 

areas, indoor parking, and downtown, where ESR is needed thee most, the landmarks represent 

the majority of the scene. Additionally, these areas are mostly congested so that the other vehicles 

can act as static objects as well. This observation can also be interpreted as their radial velocities 

are very close to each other, and they form the majority of the feature set matrix.  
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Based on the previous observations, the following criteria were developed in this research:  

1. All static objects have negative radial velocity values, as the distance between them and 

the car decreases. 

2. The vehicle does not exert any lateral movement, i.e., only moves forward without skidding. 

Hence, lateral velocity magnitude is neglected.  

3. The static objects are the majority of the scene in the areas of ESR positioning operation.  

4. The most frequently detected object velocity in a scan will belong to the set of static 

detections. 

The mentioned criteria diverted the problem to another domain. The first criterion let the 

algorithm excludes the positive-sign velocities. The second criterion simplified the radial velocity 

calculation. The third and fourth criteria introduce the usage of statistical methods. The outlier 

rejection methodologies are capable of extracting the static objects from the detections based on 

the last two observations. However, the only measurement needed in the outlier rejection scheme 

is the relative velocity, where the radial velocities of the objects in a single scan are examined by 

the outlier rejection method. Nevertheless, as mentioned earlier in the previous subsection, the 

radial velocities are correlated to their corresponding angles. Thus, a necessary calculation should 

be done on the relative velocities to construct a new detection factor, that should enhance the 

outlier rejection performance.  
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3.3.2 Velocity Transformation  

The radial velocities of static objects do not represent the vehicle’s velocity directly. It is 

not conjugate to the vehicle’s forward velocity due to the correlation between the angle of arrival 

and the detected relative velocity. The relative velocity of a static object is the resultant of the 

longitudinal (forward) velocity  and the lateral velocity  . The computation of relative 

velocity is shown in equation (3.2).  

𝑉𝑅 = 𝑉𝑦  cos 𝜃 + 𝑉𝑥  sin 𝜃 (3.2) 

 Where  is the forward velocity,  is the lateral velocity, and  is the bearing angle 

between the object and the sensor.  

An example of the radial velocity correlation is shown in figure 3-9. In this example, the 

farthest angle in the FOV (45°) is taken into account. If the vehicle is moving with a velocity of 

10 m/s, a detected traffic light at the farthest angle will have a   of -5.3 m/s. This velocity was 

based on the calculation in equation (3.2), while the lateral velocity is neglected. Thus, the radial 

velocities of static objects in the scene are highly intersected with moving objects.    

 

Figure 3.9: Practical Example of Radial Velocity Projection on the Forward Velocity Axis 
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A pre-processing step of the outlier rejection stage is to discriminate the velocity 

measurements of the stationary objects from the other measurements. For this purpose, a 

modification on the radial velocity computation is considered. This modification relies on the 

second criterion, where the vehicle’s lateral velocity is minimal so that it can be neglected. This 

step simplifies the problem from finding a solution from two unknown variables ( ) to 

depending on   only.  

Hence, the radial velocities in the scene are transformed to be projected on the vehicle’s 

longitudinal axis. By performing this transformation, the difference in the static objects' velocity 

values is shrunk. As the radial velocity is divided over the cosine of its corresponding azimuth 

angle, the value of the transformed velocity will increase if the angle is large. Similarly, if the 

angle is small, the transformation will not change the value significantly. As a result, the moving 

objects which are mainly assumed to be vehicles in a narrow FOV will not be considered as static 

objects. Equation (3.3) shows the computation of the transformed velocities on the forward axis  

. 

 

𝑉𝑦 = 
𝑉𝑅

cos 𝜃
 (3.3) 

 

 The impact of the transformation process on the outliers discrimination is shown clearly 

in figure 3-10. In the figure, a single ESR scan is shown, where 20 objects are detected, and their 

radial velocities are plotted. The original radial velocities are shown in the left panel, where it can 

be depicted that the graph does not have a distinct trend, the outlier rejection methods might 

consider either a small number of static objects or include moving objects in the output. On the 
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contrary, the right panel demonstrates the transformed velocities, where we can observe three 

distinct outliers, and the other velocities are ranging at 10 m/s  with a margin of +/- 0.1 m/s. 

The static object detectors should have an accurate detection on the right graph.  

 

 

 

Figure 3.10: Example of the Transformation effect on the outliers distinguishing process 

 

3.3.3 Static Objects Detectors 

In this subsection, the proposed stationary objects detectors are discussed. According to 

the previous discussion, the detectors are mainly outlier rejection methods. An outlier, as a term, 

refers to an abnormal value that deviates from the scattered population; in our case, it refers to a 

moving object that differs from the majority of the measurements. An outlier rejection method 

estimates the dispersion of the data points. The most known method is the standard error of the 

mean, but it is recommended for large sample sets because it is not a robust measure of the 

dispersion, and it is vulnerable to outliers in smaller sets. As the analyzed data is very small, the 

outlier rejection methods used underlies the robust statistics. The term static object detector is 

used in the rest of the thesis instead of outlier rejection.   
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3.3.3.1 Median Absolute Deviation (MAD) Detector 

The Median Absolute Deviation (MAD) value is computed by getting the median of the 

absolute distances between the data points and the median sample, as shown in equation 3.4: 

𝑀𝐴𝐷 =  𝑚𝑒𝑑𝑖𝑎𝑛 (|𝑥𝑖 − �̃�|) (3.4) 

Where: 

•  : The median absolute deviation measure.  

• : A transformed velocity in the sample set.  

•  : The median of the sample set. 

 

MAD is a robust measure of the variability in the sample set. Unlike the standard error of 

the mean, the MAD relies on the median, from which it gets its robustness [107]. The breakdown 

point term gives a deep insight into the robustness of the MAD method. The breakdown point 𝑏𝜃 

in statistics is the proportion of the outliers to the population, at which the statistics become 

vulnerable to outliers and not considered robust. By shedding light on the standard error of the 

mean, its breakdown point is(𝑏�̅� = 0), which means that the mean �̅� and the standard deviation 

�̅� are both vulnerable to outliers, unless the size of the sample set is large enough. On the contrary, 

the MAD has a breakdown point (𝑏�̃� = 0.5), this is interpreted as if the percentage of outliers in 

the sample set is lower than 50%, the MAD will be able to reject it robustly. In most cases, a 

sample set would not involve 50% of outliers, it is a rare condition.  MAD is also considered as a 

robust consistent estimator of the standard deviation 𝜎, while the standard error is even non-

robust in this estimation. 
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The MAD estimator of the standard deviation is given in equation 3.5 and 3.6.  

�̂� =  𝑆 .𝑀𝐴𝐷  (3.5) 

 

𝑆 =
1

Φ−1(
3
4)

 ≅
1

1.4826
|
𝒩 (𝜇,𝜎)

  
(3.6) 

Where: 

• 𝜎: The standard deviation estimator.  

• : A scale factor.  

• Φ  : The quantile function, also known as the inverse of the cumulative distribution 

function. 

• 𝒩 𝜇 𝜎  : A normal distribution.  

For a normally distributed data the quantile function Φ  is given to be 1.4826 

approximately [108]. In relation to this derivation, the MAD covers a span of 50% from the left 

to the right of the median. This derived relation is valid for any type of distribution.  

The outlier detection using MAD needs an additional step [109]. Similar to the standard 

error method, where z-score is used to detect the outliers, the outlier rejection using MAD can be 

done utilizing a modified z-score. The modified z-score gives a score for each measurement, and 

this score is used to measure the outlier strength. In other words, it explains how a single score 

differs from the typical score. In terms of standard deviation, it approximates the distance from 

the median.  The modified z-score inherits the robustness of the MAD; outliers do not highly 

influence it, in comparison to the standard z-score. 

The standard z-score is computed as the difference between the sample and the mean, 

divided over the standard deviation. However, the modified z-score depends on the MAD. Thus, 

the standard deviation should be estimated using the MAD as in equation (3.5). By substituting 
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equation (3.5) in the denominator, and having the difference between the samples and the median 

in the numerator, the  modified z-score get the following shape:  

𝑀𝑜𝑑𝑖𝑓𝑖𝑒𝑑 𝑍 − 𝑆𝑐𝑜𝑟𝑒 =  
0.6745 (𝑥𝑖 − �̃�)

𝑀𝐴𝐷
 (3.7) 

 The computation of the modified z-score is essential for the detection algorithm. That is 

because the filtration is done based on the scores of the objects. This filtration takes place using 

a threshold ), some may consider the threshold assigning is purely empirical. Despite the fact 

that there is no particular rule to choose , it has been shown that a threshold of 3.5 gives the 

most accurate outlier rejection. In basic sense, any value higher than 3.5 would be considered as 

an outlier. Any value higher than 3.5  will also be outside the 3  standard range. The 

visualization of the MAD detector operation is shown in figure 3-11.  

 

 

Figure 3.11:MAD Based Outlier Rejection 
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It can be determined that, if the data is very close to each other, entailing high static to 

moving objects ratio, the MAD value would be small. And as the MAD is in the denominator of 

the modified z-score equation, this means that the small it is, the tighter threshold will be. Thus, 

very accurate data points will only be allowed 

 

Algorithm 3 shows the pseudo-code of the MAD-based detector. Firstly, It takes as an 

input, the transformed velocities vector  from sub-section  1.3.2 in a single scan. The second step 

is to initialize the threshold value , so that the outliers are considered beyond the center of the 

distribution.  The computation of the MAD value on the velocity vector and the modified z-score 

vector is essential before the thresholding iteration. The filtration takes place in the iteration, as 

for the whole score vector, if the  of object’s velocity  is less than or equal the threshold, 

it is stored. Finally, the objects that pass the threshold are appended in a list of static objects .   

Algorithm 3: M AD Based Static Objects Detector   

1 Input: Transformed Velocities  

2 Output: Static Objects  

3 Begin 

4  Initialize  

5  MAD (  ) =  

6  Modified Z-score ( ) =  

7  foreach   in  do  

8   if  in Modified Z-score ( ) is less than or equal   do 

9     

10   end if 

11  end  

12 End  
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3.3.3.2 Percentile Detector  

 

Percentile detector is much simpler than the MAD, in terms of concepts. It divides the 

distribution into percentiles, where one is considered as an inlier region. Percentile detector is very 

similar to the Interquartile Range (IQR) Score, but it is not restricted to 25% percentiles of the 

data.  Similar to IQR, the percentile-based outlier rejection does not assume a Gaussian 

distribution of the sample set.  

In the IQR outlier rejection method, The IQR value relies on the values of the first and 

third quartiles. The first quartile (Q1) is the median of the datapoints underlies the flower half of 

the sample set, and it carries 25% of the numbers in the dataset below it. The third quartile (Q3) 

is the median of the upper half of the dataset and holds 25% of the numbers in the dataset above 

it. The IQR is computed by getting the difference between the first and third quartiles as in the 

following formula: 

IQR = Q3 − Q1 (3.8) 

 

This technique for outlier rejection considers any value that lies above Q3 by 1.5×IQR or 

below Q1 by 1.5×IQR as an outlier and can then be removed from the dataset. 

The percentile detector is based on similar principles. However, it is much simpler as it 

depends on a threshold  in percentage so that the percentiles on the left and the right to it are 

considered outliers. The clarification of this technique is shown in figure 3-12. 
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Figure 3.12: Percentile Based Outlier Rejection 

Algorithm 4 visualizes the percentile-based static object detection. The detector takes the 

transformed velocities as input and gets a percentage of inliers as threshold . Then the percentage 

value is subtracted from 100 and divided by two, to form equal distance for two percentiles. After 

that, the algorithm locates the corresponding value of the minimum point, below it the points are 

considered outliers, and the maximum point where the above points are rejected too. The final 

step is the iteration at which the points are examined, and the static objects are detected. 

 

  

Algorithm 4: Percentile Based Static Objects Detector   
1 Input: Transformed Velocities  
2 Output: Static Objects  
3 Begin 

4  Initialize  

5  distance =  

6  Min =  

7  Max =  

8  foreach   in  do  

9   if  is less than Max and more than  Min do 

10     
11   end if 

12  end  

13 end  
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3.3.3.3 RANSAC Detector 

RANdom SAmple Consensus (RANSAC) algorithm is a non-deterministic iterative 

method for estimating the parameters of a given model that contains a proportion of outliers [110]. 

RANSAC technique generates candidate solutions by using the minimum number of a random 

sampling of the observations . Two steps form and define RANSAC. In the first step, RANSAC 

randomly selects a subset of the data points; then, it tries to compute the parameter of both a 

fitting model and the corresponding model on this small subset. Secondly, RANSAC checks the 

entire sample set for data points that fit with the fitting model of the small subset.  A data point 

is considered an outlier if it does not underlies a given error threshold. These two steps occur 

iteratively until the number of inlier samples matches a given threshold. Figure 3-13 shows an 

example of a fitted line by RANSAC with the existence of the inliers threshold α . 

 

 
 

Figure 3.13: RANSAC Regressor 
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RANSAC requires some assumptions to be fulfilled in order to succeed in rejecting the 

outliers [111]. It assumes that the outliers are few in the data, and there are enough inliers to fit 

a fitting model of a small sub-set. Basically, the RANSAC expects that the data points are well 

interpreted, so that they can fit some model parameters. In case that there is a misinterpretation 

of the sample set, RANSAC will fail drastically.  

 

In the designed RANSAC detector, the input points were based on the correlation between 

the radial velocities and their corresponding azimuth angle. In other words, if a line is drawn to 

fit the static objects on a graph, they would have a unique trend that filters them out. Therefore, 

the input of the RANSAC algorithm shown is the radial velocities and the azimuth angles. 

However, RANSAC is dependent on some empirical parameters that control the algorithm’s 

output [112]. These parameters are: 

• : The smallest size of a sample set to be randomly chosen. The minimal number 

of samples is two, and there is no rule to select this value. 

• 𝛼: The error threshold that within it, the data points are considered inliers and 

beyond it are outliers.  

•  : The maximum number of iterations at which the RANSAC algorithm 

terminates. It is preferred to choose a higher iterations number, so that the 

probability of having an outlier in one of the subsets is almost 0.01.  

• : The ratio of detected inliers at which RANSAC terminates. It is an early 

stopping condition.  
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Once these parameters are assigned, the RANSAC becomes ready to iterate the two steps 

mentioned earlier. Where it firstly estimates a fitting line on a random small sample sub-set, and 

then tries to fit the whole sample set to that line by measuring the euclidean distances, the errors. 

Finally, the fitted points are stored in a list considered as the static objects. 

 

 

  

Algorithm 5: RANSAC Based Static Objects Detector  

1 Input: Radial Velocities  and Angles  

2 Output: Static Objects  

3 Begin 

4  Initialize  The smallest sample set required 

5  Initialize  Maximum Number of Iterations 

6  Initialize 𝛼 ∶ The threshold distance. 

7  Initialize ∶ The number of inliers to define a well fitted model.  

8  for   iterations do  

9   Pick a uniform random  from   

10   Draw a line of  

11   Draw threshold contours of distance  𝛼 

12   foreach point 𝑃 of coordinates ( do 

13    M easure the Euclidean distance between the point and the drawn line 

14    if distance is less than   𝛼 do 

15     ( 𝑃) 

16    end if 

17    if Length (  ) is equal or more than    do 

18    Terminate the best fit is achieved 

19     

20    else 

21    No Fit Found 

22    end if 

23   end 

24  end  

25 end  
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3.4 Radar Odometry using ego-velocity estimation 

The measurements of an ESR is usually limited to 64 objects in a single scan. However, it 

was observed that the number of detections does not reach this limit in most scenarios. 

Additionally, after the static object detection, the data shrinks, and in some cases, the final 

number of detections might be less than 20 or 15. It became the fact that the ESR measurements 

are sparse.  

Despite the fact of a single radar’s data sparsity, it is commonly utilized in the automotive 

industry. Besides, in the industry, the setup of one frontal ESR is sufficient for performing level 1 

and 2 autonomy tasks such as ACC and obstacle avoidance. Therefore, the proposed solution is 

based on a single ESR mounted on the front bumper. Practically, The proposed positioning 

solution utilizes the forward velocity measurement of the vehicle, which is obtained from the static 

objects. It provides better velocity and tackles the sparsity of the data.  

3.4.1 System Mechanization 

The first step of the ESR odometry is averaging the transformed velocities of the static 

objects to obtain the forward velocity of the vehicle at the time epoch .  

𝑉𝐹 = 
1

𝑁𝑘
 ∑𝑉𝑦𝑖

𝑘

𝑁𝑘

𝑖=1

 (3.9) 

 

Where: 

•  : The number of Static Objects at time epoch . 

• : The transformed velocity on the longitudinal (forward) axis of object  

at  time epoch .  

•  : The obtained forward velocity from the ESR. 
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Figure 3.14: ESR velocity transformation to the LLF 

As shown in figure 3-14, the extracted forward ESR velocity should be transformed to the 

local-level frame (LLF). This transformation is essential to compute the 2D-position components 

(latitude and longitude). The azimuth angle of the vehicle is the main factor in this computation, 

and it is always laid between the vehicle’s forward axis and the north direction. As in equation 

3.10, the calculation of the azimuth angle  

�̇�  =  − (𝜔𝑧  −  𝜔𝑖𝑒 𝑠𝑖𝑛 (𝜑) ) (3.10) 

 

 

Where: 

• Ȧ : The azimuth rate.  

• 𝜔z: The heading gyroscope.   

• 𝜔ie : The earth’s rate of rotation. 

• 𝜑: The latitude.  
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In equation (3.11) and (3.12), the transformation to the LLF takes place to compute  the 

2D-velocity vector. However, this projection utilizes only the azimuth angle and omits the pitch 

angle. This omission is valid due to the condition of land vehicles are rarely exerting substantial 

movements around the y-axis.   

𝑉𝐸𝑆𝑅𝐸𝑎𝑠𝑡
= 𝑉𝐹 𝑆𝑖𝑛 𝐴 (3.11) 

 

𝑉𝐸𝑆𝑅𝑁𝑜𝑟𝑡ℎ
= 𝑉𝐹 𝐶𝑜𝑠 𝐴 (3.12) 

 

 

Where: 

•  : The vehicle’s east velocity.  

• : The vehicle’s north velocity.  

• : The azimuth angle. 

With a known initial position, the current position can be obtained using: 

 

[
φ̇𝐸𝑆𝑅

λ̇𝐸𝑆𝑅
] =  

[
 
 
 
 

𝑉𝐸𝑆𝑅𝑁𝑜𝑟𝑡ℎ

(RN + h) 
𝑉𝐸𝑆𝑅𝐸𝑎𝑠𝑡

(R𝑀 + h) 𝑐𝑜𝑠 (φ)]
 
 
 
 

 (3.13) 

 

Where: 

• φ̇𝐸𝑆𝑅 : The latitude rate. 

• λ̇𝐸𝑆𝑅: The longitude rate.   

• ℎ: The altitude, can be obtained from the INS. 

The ESR positioning is used in the vehicle navigation by a loosely coupled EKF integration 

with INS and GNSS. The integration scheme is explained in section 3.5. 
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3.5 GNSS/RISS/ESR Loosely Coupled Integration 

3.5.1 System Overview 

Similar to the 3D-RISS/GNSS integration in chapter 2, the fusion of ESR together with 

both GNSS and RISS is performed using a loosely coupled (de-centeralized) EKF scheme. In the 

traditional RISS/GNSS integration, the GNSS gives position and velocity updates, which reset 

the 3D-RISS position errors and estimates the gyroscope bias. However, in challenging 

environments such as downtown areas, the GNSS solution suffers from errors like multipath, or 

full signal blockage. A GNSS update in these scenarios will deviate the solution drastically, and 

instead of correcting the 3D-RISS errors, it will mislead the EKF to undesired instability. Hence, 

the ESR positioning update is utilized as an alternative update to the GNSS in such scenarios. 

Unlike GNSS, areas like urban canyons or indoor parking are full of metallic objects, which leads 

to better ESR positioning solutions. The block diagram of the proposed de-centralized loosely 

coupled integration is shown in figure 3-15. However, there are some other centralized architecture 

of multi-sensor fusion, for instance tightly coupled EKF integration between the three sensors. 

 

Figure 3.15: GNSS/RISS/ESR Integration Architecture 
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3.5.2 Extended Kalman Filter Design 

Given that the integration scheme is loosely coupled and it is switching between GNSS 

and ESR with the RISS, the system’s model represented in the error state model, and the state 

vector is identical. As a reminder, both equations are shown in (3.14) and (3.15): 

𝛿𝑥𝑘 = 𝛷𝑘−1 𝛿𝑥𝑘−1 + 𝐺𝑘  𝜔𝑘 (3.14) 

 

𝛿𝑥𝑘 = [𝜹𝝋 𝜹𝝀 𝛿ℎ 𝜹𝒗𝒆 𝜹𝒗𝒏 𝛿𝑣𝑢 𝛿𝐴 𝛿𝑎𝑜𝑑 𝛿𝑏𝑧]
𝑇 (3.15) 

 

3.5.2.1 Measurement Model 

The main difference in the integration scheme is in the measurement updates, as different 

states are observed. The ESR updates the latitude, longitude, east and north velocity 

measurements. Thus, a new measurement design matrix  is required. The measurement 

model is shown in (3.16): 

𝛿zESR  =  HESR 𝛿xk  +  휀 (3.16) 

Where: 

•  : The measurement vector with size 4x1 

• : The measurement design matrix with a size 4x9.   

• : The noise of the Radar position measurement. 
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The measurement vector entails the difference in measured latitude and longitude from 

the ESR and RISS. It is given by: 

𝛿zESR  = [

φRISS − φESR

λRISS − λESR

𝑉RISS𝐸𝑎𝑠𝑡
− 𝑉𝐸𝑆𝑅𝐸𝑎𝑠𝑡

𝑉RISS𝑁𝑜𝑟𝑡ℎ
− 𝑉𝐸𝑆𝑅𝑁𝑜𝑟𝑡ℎ

] (3.17) 

The measurement design matrix is shown in 1.15:  

HESR  = [

1 0 0
0 1 0
0 0 0
0 0 0

   

0 0 0
0 0 0
1 0 0
0 1 0

    

0 0 0
0 0 0
0 0 0
0 0 0

] (3.18) 

 

Similar to GNSS in the measurement update, the vector of measurement noise 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. The  plays a 

significant role in the accuracy of the output solution. As a rule of thumb, as the ESR 

measurements are more abundant in features, the accuracy will be enhanced, and the noise will 

decrease. However, the initialization of the noise covariance matrix affects the solution 

convergence. It was observed during the experiments that an initialization using lower values leads 

to better results. The measurement noise covariance matrix is shown in 3.19: 

RESR  =

[
 
 
 
 
σφESR

2 0 0 0

0 σλESR

2 0 0

0 0 σ𝑉𝐸𝑆𝑅𝐸𝑎𝑠𝑡

2 0

0 0 0 σ𝑉𝐸𝑆𝑅𝑁𝑜𝑟𝑡ℎ

2

   

]
 
 
 
 

 (3.19) 

 

Where: 

•  : The noise variance of the ESR Latitude. 
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• : The noise variance of the ESR Longitude.   

•  : The noise variance of the ESR East Velocity. 

• : The noise variance of the ESR North Velocity.   

 

3.5.2.1.1 Switching Mechanism 

.The GNSS/RISS/ESR system prioritizes the measurement update sensor based on criteria 

designed from the GNSS observations. As a rule of thumb, when GNSS is available, it has the 

highest priority to dominate the positioning solution, as it is the most robust. It will be also used 

to update the RISS solution and reset the errors. Moreover, both ESR and RISS are dead 

reckoning, so that they need initial position values from the GNSS. The GNSS has some indicators 

associated with its positioning solution that indicate its quality. These indicators are the geometry 

of satellites represented in the GDOP values, the standard deviation of the GNSS 3D-position 

update, and the number of satellites.  

As mentioned in chapter two, the GNSS needs at least four satellites to get a positioning 

solution. However, the accuracy of the solution increases with the increase of available satellites. 

The geometry of the constellation plays a significant role, as bad geometry leads to poor position 

accuracy. The GDOP indicates the geometry of the available satellites, it was observed that a 

GDOP value higher than two would lead to poor position performance for the GNSS solution.  

Finally, a higher standard deviation of the GNSS 3D-position would also result in a GNSS 

positioning error. Therefore, a threshold of 3 meters was set to the GNSS standard deviation at 

which it switches.  
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In algorithm 6, the above criteria are taken into account as shown in the flowchart in 

figure 3-16. The algorithm is initialized with a full dependency on the GNSS solution. After that, 

a fuzzy implementation of the given criteria decides if a switch to the ESR/RISS solution is 

needed. If the criteria is satisfied, the switching mechanism would store the last GNSS epoch 

position update. Using this update, the mechanism will initialize the ESR algorithm, from that 

point the ESR fully operates until the criteria are not fulfilled. If both  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Algorithm 6: GNSS/RISS/ESR Switching M echanism   

1 Input: Dilution of Precision Values, 3D-Position Standard Deviation, number of satellites 

2 Output: Switch to the ESR positioning solution 

3 Begin 

4  Acquire  

5  if   is more than 3 do  

6    if GNSS satellites < 4 do 

7       If GNSS 3D-position standard deviation is > 5 do  

8   φ̇𝐺𝑁𝑆𝑆 , λ̇𝐺𝑁𝑆𝑆 → φ̇𝐸𝑆𝑅  , λ̇𝐸𝑆𝑅 
9   𝛿z𝐺𝑁𝑆𝑆 → 𝛿zESR 

10   H𝐺𝑁𝑆𝑆 → HESR 

11   R𝐺𝑁𝑆𝑆 → RESR 

12       end if  

13    end if  

14  end if  

15 end  
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Figure 3.16: Switching Mechanism Flowchart 
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Chapter 4 

Results and Discussion 

In chapter 3, the core of the proposed system was presented. The system consists of a 

static object detector, ego-vehicle velocity estimation, positioning solution, and integration. The 

performance of the proposed methodology and its building blocks is examined in this chapter. The 

structure of this chapter focuses on the road test experiments performed to examine the positioning 

accuracy achieved and to analyze the different sources of errors.  

The first section shows the experimental work done to examine the system’s performance. 

The experimental work is divided into the used hardware, the experimental setup, the trajectory 

planning, and the post-processing capabilities. Afterward, the results of the main methodological 

blocks are shown in sequential order. The results of the static object detection are discussed in 

the second section, where a comparison between different static detectors takes place. This 

comparison shows the most suitable statice detector for the positioning algorithm in downtown 

areas.  

The third section displays the performance of the integration between the ESR, RISS, and 

GNSS, against a RISS standalone solution in natural GNSS outages. These GNSS outages took 

place in downtown Toronto, where GNSS suffers from multipath and signal blockage due to the 

high rise buildings.  Similarly, the fourth (final) section shows the performance of the system and 

the positioning accuracy in indoor parking environment, where the GNSS signal is totally blocked. 

In this special-type outage, the benefits of the switching mechanism between the different systems 

utilized in the overall positioning system is shown.     
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4.1 Experimental Work 

The experimental framework carried out in this thesis is divided into the road trajectories 

and the experimental setup, which includes the on-board sensors and the vehicle utilized.  

4.1.1 Experimental Setup 

In order to test the methods presented in chapter three, a pair of challenging and long 

road trajectories was conducted in Toronto, Ontario, Canada. The vehicle used in these 

trajectories is a Toyota Sienna minivan. Figure 4-1 shows the utilized minivan with the exterior 

on-board sensors setup. 

 
 

Figure 4.1: The Land vehicle used in Experiments 
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The sensors setup is divided into an exterior testbed mounted on the vehicle and an 

internal testbed mounted in the trunk. The external testbed consists of the perceptual sensors: a 

LiDAR, stereo-vision camera, and an ESR. The ESR used in this research is the DELPHI ESR 

9.21.15. It has two modes of operation, long-range and mid-range, the long-range has a FOV of 

+/- 10 degrees and a range of 175 meters, the mid-range features a +/- 45 degrees FOV and a 

range of 60 meters. It can measure velocities from -100 m/s to +24 m/s, and detects up to 64 

objects in both simultaneously operating modes. The Delphi ESR 9.21.15 has an update rate of 

20 Hz, and it operates at a frequency of 77 GHz and takes a 24 V DC. The ESR is mounted 

precisely on the center of the vehicle’s front bumper; this setup is typical to the industrial scheme, 

which uses this mounting in the ADAS functionalities.  

The other sensors of the external testbed are mounted on the roof’s top. These sensors are 

a Velodyne LiDAR VLP-16 and a ZED stereo-vision Camera. The VLP-16  has a 30 degrees 

vertical-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 ZED stereo vision camera has dual-lens, which gives it depth measurements. 

It has a depth range of 0.3-25 meters, a 90° horizontal-FOV, 60° vertical-FOV, and 100° diagonal-

FOV. It has an update rate of up to 100 frames per second.  To ensure that the FOV of both 

VLP-16 and ZED camera is fully utilized, a special rack was designed by our technicians in NavInst 

Laboratory to raise both sensors above the roof.  This mounting also mitigates the vibration effects 

and keeps the sensors stabilized. The full exterior testbed is shown in figure 4-2.  
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Figure 4.2: Exterior Testbed 

 

Figure 4.3: Interior Testbed 

The interior testbed is mounted in the back of the minivan, in the trunk. Similar to the 

on-roof sensors, a special mounting was designed to stabilize the sensors and to maintain them 

centralized.  As shown in figure 4-3, three major units form the interior testbed, which is a 

reference GNSS NOVATEL-SPAN ProPak6, a tactical grade KVH 1750 IMU, and a low-cost 

MEMS-grade VTI-IMU.  These units have the following specifications: 
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• NOVATEL ProPak6 gives a precise GNSS solution; therefore, it is used as the 

reference solution. It has a horizontal position accuracy of less than 1.5 m using 

single point L1 or 1.2 m using single point L1/L2. It has a velocity accuracy of less 

than 0.03 m/s and time accuracy of 20 ns. Its data rate can reach up to 100 Hz.  

•  KVH-1750 IMU is a high precision tactical grade unit. It aids the NOVATEL 

ProPak Unit; to form a precisely integrated positioning solution. It consists of three 

high-precision Fiber Optic Gyroscopes and three MEMS accelerometers. The 

enclosed gyroscopes inside the unit have a typical bias instability of ≤0.05°/hr, 1σ, 

and a maximum of ≤0.1°/hr, 1σ (max), with bias offset ±2°/hr, and Angle Random 

Walk of ≤0.012°/√hr (≤0.7°/hr/√Hz ).   The accelerometers have a bias instability 

of 0.01 mg-1σ, a scale factor linearity of 0.008, and a velocity random walk of 0.024 

mg/√Hz. The KVH-1750 unit has an update rate up to 1000 Hz.  

• The VTI-IMU (Model number: SCC1300-D04) is a MEMS-grade with six degrees 

of freedom. It has a gyro bias drift of 1.5 deg/sec and an update rate of 20 Hz. 

 

In the experimental work, the ProPak6 and KVH units were used to generate the reference 

solution utilizing Nocatel span unit, the VTI-IMU was used in the RISS mechanization, and the 

DELPHI ESR 9.21.15 was used in the ESR/RISS/GNSS integration. The sensors were 

synchronized at an update rate of 5 Hz. The data is analyzed on an x64-based processor, Intel 

Core i7-8750H CPU, at 2.20 GHz, with a 16 GB RAM running Windows 10 with an NVIDIA 

GeForce GT 1050 Ti GPU. The map overlays were created by using MATLAB along with google’s 

cloud platform utilizing an API key to download the maps directly in the output plot. 
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The work was evaluated on real road test trajectories in downtown Toronto. Figure 4-4 

and 4-5 show the conducted trajectories. An analysis of each trajectory and the experienced GNSS 

outages is discussed later in this chapter. 

 

Figure 4.4: Trajectory One 

 

Figure 4.5: Trajectory Two 
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4.2 Evaluation Metrics 

The performance of the proposed methodology is evaluated using three main metrics: 2D 

Maximum error, 2D Root Mean Square (RMS) error, and the percentage of the position error to 

the traveled distance.  The error is calculated in two-dimensional space as the ESR FOV is limited 

to the 2D cartesian coordinates (x,y). Additionally, the land vehicle does not exert forces in the 

vertical direction; therefore, the measurements in the z-axis can be neglected. The 2D-maximum 

error is known as the highest deviation of the proposed solution, either RISS or ESR/RISS/GNSS 

from the reference positioning. The 2D-RMS error is the square root of the error vector’s mean; 

in other words, it is the standard deviation of the residual errors.  The error percentage is measured 

by dividing the error to the traveled distance. The equation of the RMS error is shown in (4.1): 

𝑒𝑅𝑀𝑆  =  √
1

𝑁
∑(𝑥𝑘,𝑟𝑒𝑓  −  𝑥𝑘,𝐸𝑆𝑅/𝑅𝐼𝑆𝑆/𝐺𝑁𝑆𝑆)

2
𝑁

𝑘

 (4.1) 

 

Where: 

• 𝑒𝑅𝑀𝑆: Root Mean Square Error.  

• 𝑁: The total number of samples.  

• 𝑥𝑘,𝑟𝑒𝑓 : The reference position at epoch 𝑘. 

• 𝑥𝑘,𝐸𝑆𝑅/𝑅𝐼𝑆𝑆/𝐺𝑁𝑆𝑆 : The position by the proposed solution at epoch 𝑘.  
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4.3 Velocity Estimation using Static objects detectors  

Earlier in chapter three, three static objects detectors were introduced, which are MAD-

based, Percentile-based, and RANSAC-based detectors. In the experimental phase, the three 

methods were examined to identify which one is the best for the velocity estimation to contribute 

to the positioning solution. As mentioned earlier, each algorithm has its set of hyperparameters, 

and their values are presented in the following table: 

Table 4-1: Static Detectors Hyperparameters 

M ethod Hyperparameters Values 

MAD  3.5 

Percentile  70% 

 

 

RANSAC  

S 2 

N 100 

𝛼 0.1 

I 4 

 

The MAD threshold  was chosen 3.5 to approximately includes the 3-sigma rule of 

a normal distribution, which corresponds to 99% of the distribution. Similarly, the percentile 

inliers percentage used as 70% to cover most of the sample-set. However, the RANSAC 

hyperparameters are empirical, and the right choice of values depends on trial and error. Therefore, 

the RANSAC hyperparameters values were set to be very small to adapt to the sparsity of the 

data. The typical sample-set in Toronto trajectories had a size that varies between  20 objects to 

50 objects. It was rarely observed that some of the sample-sets reached the maximum objects 

detections of 64 objects.  
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The data sparsity is a significant burden for any outlier rejection method. As mentioned 

in chapter three, as the number of samples increases, the accuracy of the rejection methods 

increases. Despite that the MAD outlier rejection technique follows the same rule, it is still very 

robust with sparse data and more favorable than the others; that is because of its breakpoint of 

0.5. In contrast, the RANSAC method performs well in large datasets and has poor performance 

with small data sizes. The percentile method is located in the middle between the two other 

techniques, where it is susceptible to the used hyperparameter. Percentile-based outlier rejection 

works with all types of distribution, so if the data is normally distributed, a 99.73% 

hyperparameter will represent a 3-sigma.  

Figure 4-6 shows a case study from the estimated velocity errors of trajectory one, it 

confirms the mentioned analytical view of the statistical methods with the sparse ESR sample-

sets. The MAD-based detector was able to identify the most accurate static objects for almost one 

minute, keeping error boundaries of +/- 0.5 m/s. The 70% threshold of the percentile-based 

method covered some moving objects in the FOV, which resulted in a higher error than the MAD 

with a boundary of 3 m/s and less error than the RANSAC. Undoubtedly, the RANSAC had a 

dramatic failure with very high periodic residual errors. The RANSAC is a random sampling 

method, which allows it to detect inliers in massive datasets where the outliers are highly variant 

than the inliers. Additionally, the  RANSAC depends on the right assumption of the mathematical 

model of the data; in other words, the relation between the data points should be accurately 

observed. All these factors are contradicting with the sample-sets available in each ESR scan, 

where the data is too sparse, and the relation between the radial velocities and their corresponding 
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angles is not apparent. Nevertheless, RANSAC is a favorite candidate with a higher multi-ESR 

system, where the number of points is much higher than 64 objects in the space.  

 

Figure 4.6: Case Study on the errors of the Velocity Estimation using static detectors. The dashed 

green line refers to the MAD, the yellow to the Percentile, and the blue to the RANSAC.  

Table 4-2: Static Objects Detectors velocity errors comparison 

Trajectory 

Segments 

M AD-based 

Velocity RM SE 

(m/s) 

Percentile -based 

Velocity RM SE 

(m/s) 

RANSAC-based 

Velocity RM SE 

(m/s) 

1 0.43 2.45 4.59 

2 0.055 4.54 6.02 

3 0.57 2.47 5.7 

 

Table 4-2 shows a numerical view of the static detectors in three random segments of the 

first trajectory. As clarified in the table, the RANSAC method has the highest deviation from the 

reference with RMS errors that reach 6 m/s. These values are huge enough to exclude the usage 



95 

 

of a RANSAC-based detector in the experiments. The percentile-based method enhanced the 

velocity estimation with almost 50%, but it is still gives an unacceptable range of velocity errors. 

Finally, the MAD-based detector has a consistent performance with errors of less than 0.5 m/s. 

Therefore, the MAD static objects detector was used in this work, to estimate the ego vehicle's 

forward velocity.   

4.3.1 MAD-based estimated velocity  

As discussed in this section, the MAD-based static object detector showed the most 

consistent precise performance, with the lowest residual errors. Therefore, it was used to estimate 

the vehicle’s forward velocity, which is used later in calculating the north and east velocities. 

Consequently, the estimated velocity is almost conjugate to the reference velocity.  Figure 1-5 and 

1-6 shows the estimated forward velocity to the reference velocity.  

 

Figure 4.7: ESR velocity estimated using MAD detector vs. Reference Velocity in Trajectory One. Yellow 

dashed is the ESR velocity, and the blue line is the reference velocity, the green spots specify the anomalies. 
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Figure 4.8: ESR velocity estimated using MAD detector vs. Reference Velocity in Trajectory Two. Yellow 

dashed is the ESR velocity, and the blue line is the reference velocity, the green spots specify the anomalies. 

 

As shown in the above figures, the MAD-based detector estimated velocity has 

approximately an exact pattern as the reference, with an error range between 0.05 to 0.5 m/s. 

The reason for such performance is the robustness of the MAD in the inlier detection. However, 

there are some anomalies in the shown velocities, spotted by green circles. These anomalies, as 

observed, exist in two cases: when the car is stopped or in crowded areas. The measurement 

imperfection in the vehicle’s idle state occurs as any group of moving vehicles could be considered 

as the majority. Hence, based on the second static object detection criterion introduced earlier, 

they will be considered as static objects, and their velocities can be averaged as the ego vehicle's 

velocity. Additionally, on some occasions, in speeds higher than 20 m/s, when the car’s vehicle is 

very distinct from the velocities of the surrounding vehicles, the detector fails to estimate the ego 

vehicle's velocity.  
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4.4 Proposed System Results 

4.4.1 Trajectory One  

The first trajectory in the experimental phase was conducted in Toronto, Ontario, Canada. 

The trajectory was carried out on the 13th of October, 2019, at noon approximately at 11:45 am. 

The vehicle’s path was pre-designed to go through challenging GNSS areas, such as suburban and 

downtown area. Additionally, the trajectory spans different driving scenarios, such as left and 

right turns, sharp and smooth turns, different angles, straight movement, and different traffic 

conditions. This trajectory surpassed a distance of 17 km and lasted for 60 minutes. Due to the 

existence of high rise buildings that block the GNSS signals along the trajectory, four natural 

GNSS outages were observed during the path. Each outage has its own property, such as extended 

duration and distance, existence among high rise buildings, and initialization from critical GNSS 

coverage areas. At each outage, the GNSS solution was totally unreliable; therefore, the proposed 

radar-based system aided the RISS mechanization. The resultant output is then compared to both 

the reference and the RISS only solution.      
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Figure 4.9: Trajectory One with GNSS outages 

4.4.1.1 GNSS Outage one: Multiple Turns property 

The first GNSS outage in the trajectory occurred beside the Toronto public library, in this 

place the street is surrounded by high rise buildings from one side, while the other sides are filled 

with normal buildings. Throughout this GNSS outage, the vehicle was exposed to several 

dynamics. For 5 minutes, and along 802 meters, the vehicle made four turns, two of them are 

smooth, and the others are sharp. The first turn took place exactly at the start of the outage, 

while the other three turns were consecutive and close to each other.  

As the RISS mechanization always starts with small drift for the short-term, it was almost 

conjugate to the reference in the first turn. However, the ESR/RISS/GNSS integration suffered 

at the beginning, as the method was initialized at a turn. If the static object detector is initialized 

at a turn, the odds of static object's uncertainty becomes higher; consequently, the velocity 

estimation would be slightly misled. Afterward, the static object detection became more accurate, 

and the proposed ESR/RISS solution got close to the reference, while the RISS output drifted 
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gradually with each turn due to the gyroscope residual errors that are not corrected in the abscence 

of ESR updates.       

 

Figure 4.10: GNSS outage one with multiple turns 

 

The ESR/RISS solution excelled in this scenario, while the RISS output had a significant 

deviation from the reference. In terms of 2D position errors, the RISS solution has an RMS error 

of 32.6 m, while the proposed system enhanced the positioning by 65% and achieved an RMS 

error of 11.55m.  Consequently, the ESR-based system had a lower error percentage of the traveled 

distance, 1.44% of 802 m, while the RISS solution deviated about 4.1% of the same distance. The 

maximum deviated error of the ESR/RISS/GNSS solution was about 19.2 m, but the RISS 

algorithm reached the boundary of 77m.  

Figure 4-11 emphasizes the analyzed behavior of both systems. As in the first 40 seconds, 

the proposed system had a worse behavior than the RISS; after that, it settled at the same error 
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margin for the rest of the outage. Nevertheless, the RISS algorithm started with near-zero error, 

and then it had approximately a linear growth of error with time at a constant rate. 

   

 

Figure 4.11: 2D Position Error of Outage One 

 

4.4.1.2 GNSS Outage Two and Three: Straight Driving in Toronto Downtown area 

The third and second GNSS outages share one property, which is in driving behavior. Both 

took place while the car was moving in a straight line. However, the third outage was shorter and 

occurred in a place with a lower count of high rise buildings. Hence, the third outage had better 

initialization, as it started from a slightly open sky area beside Queen’s park giving the opportunity 

for the GNS solution to reset the RISS position errors and the gyroscope errors. The outage lasted 

for 3 minutes only and had the shortest distance in trajectory one outages of 365m.  

With fewer high rise buildings, both RISS and ESR/RISS/GNSS systems had better 

positioning solutions in this area. Unlike GNSS outage one, the outage started before an 
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intersection, at which the surrounding environment is rich in static objects such as traffic lights 

and signs. As a result, the velocity estimation was accurate enough to result in accurate ESR/RISS 

solution following the reference solution.  The proposed solution maintained the same behavior 

with minimal drift, since the straight-line movements have several static objects on both sides of 

the street in the frontal FOV of the car, unlike in turns. Similar to the first GNSS outage, the 

RISS algorithm had a similar behavior of gradual drift over time. However, this drift was not 

severe as there were not any turn either smooth or sharp, thus the impact of the gyro scale factor 

errors remain minimal.  

 

As expected in short distance and time outages, both systems were very close to the 

reference. The RISS solution had an RMS error of 9.64m, which is equivalent to 2.65% of the 

365m distance traveled, while the proposed system enhanced the error by 70%, achieving 2.9m 

and 0.8% of the traveled distance. Similarly, the RISS system had a maximum error of 12m, while 

the ESR/RISS/GNSS algorithm enhanced that error by 50% to achieve 6.1m.   
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Figure 4.12: GNSS Outage Three, straight driving 

 

On the contrary, The second GNSS outage, as shown in figure 4-12, shared the straight 

driving behavior but was exposed to worse conditions, such as poor initialization and moving in 

the downtown region. The outage started in the Old Toronto district and had a duration of 7 

minutes and a full traveled distance of 538 meters. It took place in a street between several 

skyscrapers, which means the initialization of the RISS and the proposed system is not perfect. 

An improper initialization can lead to a faster drift and higher overall error in dead reckoning 

solutions. However, as was expected from the ESR, the downtown area is rich in stationary objects, 

so it had better velocity estimation and, consequently, better positioning solution in comparison 

to the RISS.  
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The illustration in figure 4-13 shows a slight deviation in both systems. Nevertheless, the 

numbers do not exactly match the observation in the figure. Surprisingly, the RMS error of the 

RISS mechanization is about 34.4m, with 6.4% of the 538m traveled distance. Similar to the 

previous outages, the ESR-based solution enhanced the positioning by 30%, with an RMS error 

of 24m, which is equivalent to 4.5% of the outage distance. In terms of maximum error, the 

numbers are much higher, as the RISS had 92.4m maximum deviation, and the proposed system 

enhanced it by 35%, which is equivalent to 60.3m. These errors are mostly in the longitudinal 

direction and can not be depicted from the results displayed on the map. Such errors could be 

caused by scaling  or shift in measurements due to unprecedented biases. 

 

 

Figure 4.13: GNSS Outage Two, Downtown area with High Rise Building 
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4.4.1.3 GNSS Outage Four: Sharp Turn in a Downtown District 

 

The fourth and last outage of trajectory one took place in the same region, where the 

trajectory started. This outage has a duration of 4 minutes and a traveled distance of 502m, which 

is considered moderate in terms of time and distance. However, it shares the same challenging 

property as GNSS outage two; it started in the downtown district, where several skyscrapers 

surrounded the vehicle. Nevertheless, the initialization of the algorithm was better than GNSS 

outage two, resulting in better overall positioning performance.  

 

As shown in figure 4-14, The fourth GNSS outage started from a straight driving condition, 

and experienced a slight angular movement before a very sharp turn in the middle. The straight 

driving initialization in the downtown area offered the static object detectors massive features, 

which in turn decreased the error at the beginning and impacted the consistency of the ESR-based 

positioning with very low position drift. Similarly, the better initialization allowed the RISS to 

maintain adequate performance for longer time before drifting, limiting the position error growth 

of the RISS solution. 
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Figure 4.14: GNSS Outage Four, Sharp Turn in Toronto Downtown 

This GNSS outage has the second-lowest position errors in trajectory one, after outage 

three. The ESR/RISS/GNSS system had a 4m RMS error, which is equal to 0.8% of the 502m 

traveled distance. The proposed system enhanced the RISS solution by 74%, where the RISS 

algorithm had an RMS error of 11.17m and 2.22% of the traveled distance. In similar behavior, 

the ESR-based solution had a better maximum error of 8.5m, while the RISS method deviated to 

30.4m, the overall enhancement is equivalent to 80%.  

4.4.2 Trajectory Two 

The second trajectory conducted on the 13th of October took place in Toronto, two hours 

later from the first trajectory. It covered a distance of 28.7 km and lasted for a total of 75 mins. 

In contradiction to the first trajectory, the number of GNSS outages is less, and it didn’t span 

several challenging environments as the first one. Nevertheless, there were two outages: one of 
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them is a an indoor parking. In closed areas such as tunnels, buildings, and indoor parking, the 

GNSS signals are entirely blocked, and the usage of other systems is essential.  

 

Figure 4.15: Toronto Trajectory Two with Outages 

4.4.2.1 GNSS Outage Six: Suburban area 

The sixth outage takes place in the second trajectory, it occurred in a suburban district, 

where the  GNSS signals are less noisy than the previously mentioned conditions. However, it is 

essential to test the proposed solution in such condition, to emphasize that it works in most driving 

scenarios. This outage is quite extended in terms of traveled distance, as it surpassed 860m. 

However, it has a moderate duration of 5 minutes. As shown in figure 4-16, it consists of two 

sharp turns and dual extended straight movements. The outage started beside Dufferin Grove 

Park with proper initialization. As shown in the below figure, the ESR-based system did not 

deviate in most of the outages. The behavior of the proposed system shows the richness of static 
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features in such scenarios. Nevertheless, the first turn affected the RISS behavior, which deviated 

within the extended straight movement.   

 

 

Figure 4.16: GNSS Outage Six, suburban area 

 

 

 Figure 4-15 compares the error deviation between both systems in the sixth GNSS outage. 

As illustrated, they both deviated with different growth rates, as the ESR-based system sustained 

under 5 m error for almost 3.3 minutes, then it exceeded 10 m after the fourth minute. On the 

contrary, the RISS took almost half the duration to reach 5m errors and faster to surpass 10 m. 

In terms of RMS errors, the RISS solution resulted in 30.4 m that is 3.5% of the 860.2m distance 

traveled. The proposed ESR/RISS system enhanced this performance by 70% and reached 9.42 

m, which is equivalent to 1.9% of the traveled distance. The RISS mechanization had a maximum 
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error of 75.8 m, while the ESR/RISS integration decreased the error measure by 62%, which is 

equal to 29.1 m. 

  

 

Figure 4.17: Position Error in Outage Six 

4.4.2.2 GNSS Outage Five, Indoor Parking Entrance 

Undoubtedly, indoor spaces are severe burdens in the positioning field, as the most reliable 

positioning system (GNSS) is totally blocked. Therefore, it is important to have alternative 

positioning solution that can replace the GNSS system in such envrironments. The fifth GNSS 

outage takes place in a partial part of multi-level indoor parking in Toronto.  This outage examines 

the role of both RISS and ESR/RISS/GNSS to achieve accurate positioning. It is the shortest 

GNSS outage in both trajectories; it has a duration of 1.5 minutes and a distance of 176.7 m.  

As shown in figure 4-18, the GNSS outage began in the open sky, where the GNSS solution 

is still available, which resulted to good initialization for both RISS and ESR. The GNSS outage 
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experienced several turns. Unlike the previous outage, both RISS and the proposed ESR/RISS 

system behaved similarly. 

 

Figure 4.18: GNSS Outage Five, Indoor Parking Entrance 

During this scenario, the reference system failed to provide reliable solution after 1.5 

minutes and its solution drifted significantly. For the quantative analysis below, we will rely on 

the first 1.5 minutes from the reference. The quantitative description of the results in this outage 

flares some observations. The ESR/RISS/GNSS system has an RMS error of 5m with 7.82% of 

the traveled 176.77m, and it also achieved a maximum error of 10.2 m. This is a performance that 

is slightly better than the  RISS. The RISS algorithm had an RMS error of 5.1 m, with 7.8% of 

the traveled distance and a maximum deviation of  10.5 m.  

The main reasons for this are the accurate initialization before entering the parking garage 

and the relatively small driving speed inside the parking garage. In other words, the ESR did not 

have a significant effect on resetting the RISS mechanization errors. Therefore, the switching 

mechanism introduced earlier preferred the RISS algorithm. The accurate GNSS initialization 



110 

 

helped the RISS to sustain an accurate positioning solution for almost 11 minutes of the parking 

garage scenario.  

4.4.3 GNSS-Denied Outage: Multi-Level Indoor Parking Utilizing Switching Mechanism  

Throughout this chapter, the results of the proposed ESR/RISS system, RISS, and the 

reference GNSS/INS Novatel solutions were compared to each other. Despite the ESR-based 

solution excelled in most of the outages, it was shown clearly that the RISS algorithm could stand 

for extended outages with an accurate positioning solution if the initialization was perfectly 

accomplished.  In the sixth outage, the proposed system failed to enhance the RISS system. As a 

result, the switching mechanism introduced earlier acted to depend mainly on the RISS solution. 

In this sub-section the combination of the three systems (GNSS/RISS, ESR/RISS/GNSS, and 

RISS only) is clarified.  

As mentioned earlier, the GNSS systems fail in indoor scenarios. Hence, the reference 

solution could not provide a reliable solution in this GNSS outage as in figure 4-19.  
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Figure 4.19: Reference GNSS Output in Indoor Parking 

The switching algorithm is a priority-based framework; it consists of the GNSS quality 

indicators, which are number of satellites, standard deviation, and DOP values. These features 

allowed to achieve an accurate positioning for almost 11 minutes. As shown in figure 4-20, before 

the indoor parking entrance, the vehicle was in an open sky area, which allowed the GNSS to 

reset the RISS errors. Afterward, the GNSS signal was blocked, and the switching mechanism 

controlled which system to rely on. The switching procedure between the different systems was as 

follows:  

• As the GDOP values of the GNSS system are lower than 2, rely on the 

GNSS/RISS EKF integration. Set the R-covariance matrix too high, to rely on 

the GNSS measurements, and reset the RISS errors. This was the case before the 

GNSS outage and for at least one minute before entering the parking garage. 
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• A slight increase in GDOP values was observed at the indoor parking entrance. 

The system analyzed the feature-size of the static objects, if higher than 20, it 

takes the last saved position when the GNSS is fully functional, and initializes 

the ESR/RISS EKF integration. The R-matrix values are tuned very high too, to 

let the ESR reset the RISS errors.  

• Continuously, the system monitors the P-covariance matrix of the ESR/RISS 

integration, a sudden deviation refers to worse error reseting. Hence, the EKF 

integration is aborted, and the RISS operates in standalone mode. 

• The last saved position with a valid ESR/RISS solution is used to initialize the 

RISS only mechanization. Afterward, the switching algorithm check at each epoch 

for the aforementioned conditions and prioritize based on the most reliable 

solution. As a result, in the indoor parking, the RISS algorithm sustained a 

reliable solution for the whole outage, with a duration of 9.5 minutes after the 

ESR/RISS.  

This indoor scenario showed the reliability of the switching mechanism, and its significance 

to achieve better positioning solutions in all scenarios. The switching criteria can be adjusted and 

designed based on the used sensor. The RISS error was measured at the exit of the indoor parking, 

when GNSS was available again. The error  was about 6.5 meters after 11 minutes. This error 

shows the significance of a perfect initialization, which could lead to minimal errors over extended 

GNSS outages. 
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Figure 4.20: Extended Indoor Parking Outage 

 

4.4.4 Effect of Velocity Estimation on the presented Results 

As discussed in the static detectors velocity estimation comparison section, MAD-based 

static detector resulted in reliable velocity estimation. It was observed that this velocity estimation 

impacted the results, to the extent that outperforms the vehicle’s speedometer. As shown in figures 

4-21 and 4-22, the ESR velocity estimation has the same pattern of velocity measurements as the 

reference in short and long periods. On the contrary, the vehicle’s odometer failed to match the 

reference velocities on various occasions.  
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The odometer has several drawbacks, which cause noisy measurements in the integration, 

that lead to scaling errors in the output. In terms of physical description, the odometer relies on 

several factors, such as the tire pressure and the wheel friction with the ground. Any slippery 

movement of the vehicle can cause an error in the velocity measurement.  

 

Additionally, the odometers show the velocity in integer-level, which means that the 

decimals are rounded up. The rounding process is misleading on different occasions, as any higher 

value than the actual can cause a scale factor error. This also can be represented as a quantization 

problem, where the odometer velocity curves are not smooth, and they miss several readings due 

to this issue. It was also observed that the odometer is not accurate in low speeds, as if the speed 

is slower than 3 m/s, the output can be rounded to zero. Similarly, at high speeds, the output 

goes very noisy and oscillating. On the contrary, the MAD-based velocity estimation for ESR, 

calculated the velocities in float numbers, very similar to the reference solution, which has an error 

range between 0.05 to 0.5 m/s in most outages. However, It suffers from some anomalies, for 

instance in figure 4-21, there is an outlier reading between the tenth and twentieth seconds. As 

described earlier, it occurred when the car is idle, as any majority in the scan of moving vehicles 

can be considered as static objects. 
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Figure 4.21: ESR velocity vs. Odometer velocity in short outage 

 

Figure 4.22: Long outage comparison of ESR and Odometer  velocities 
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4.5 Important Remarks 

Several scenarios were examined in the previous section, such as sharp turns, GNSS 

challenging, and GNSS denied environments. These presented results led to various observations 

that define the behavior of the system in different stages. These Points can be summarized as the 

following:  

• Hardware Phase: 

o A single ESR suffers from a lack of features. Despite the fact that one radar is 

very practical for the features of the autonomous vehicle, the maximum of 64 

objects (not mostly achieved) is very sparse for positioning purposes. 

Consequently, the static object detection based velocity estimation is the most 

practical approach to rely on a single ESR. 

 

• Static Objects detection phase: 

o The static objects detection criteria specified in chapter three is effective, and 

it defines the characteristics of a static object. This was proved by the small 

error achieved by the MAD-based algorithm.  

o MAD-based static detector and Percentile-based detector can have the same 

behavior if the percentile threshold was chosen close to the 3-sigma rule.  

o RANSAC is very sensitive to small data size, the mathematical relation 

between the points, and the hyperparameters. The failure of this detector 
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occurred mainly due to the sparsity of data. However, in rich objects 

environments, it might lead to better results, but not as robust as the MAD. 

• ESR Positioning phase: 

o  The behavior of the proposed ESR/RISS system and the standalone RISS 

algorithm are both shaped by the initialization step. A better initialization 

would lead to a more accurate positioning solution.  

o The ESR system superior accuracy over RISS in the downtown areas, where 

they are crowded with static objects such as landmarks, signs, and traffic lights.  

Additionally, it performs better in a straight line, where the distribution of 

landmarks defines the road course and is almost equivalent on both sides.  

o RISS system excels when the R-covariance matrix, is well-tuned, the 

initialization is accurate, and the driving dynamics are moderate with low speed 

and fewer turns.  

Overall, the ESR/RISS system provides better positioning accuracy than standalone RISS 

during GNSS outages. The full evaluation is presented below:  
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Table 4-3: 2D RMS Horizontal Position Error in Meters during Outages 

Outage 

Number 

Trajectory 

Number 

Outage 

Duration 

(minutes) 

Distance  

Traveled 

(M eters) 

RISS  

2D RM S 

Error 

(M eters) 

ESR/RISS/GNSS  

2D RM S Error 

(M eters) 

1  

 

Trajectory  

One 

5 801.56 32.6 11.6 

2 7 538 34.5 24.2 

3 3 364 9.7 2.9 

4 4 502.4 11.2 4 

5 Trajectory 

 Two 

1.5 176.77 5.1 5 

6 5 860.23 30.4 9.42 

Average 4.25 540.5 20.6 9.5 

Overall RM S Error Enhancement Percentage  54% 

 

Table 4-4: 2D Max Horizontal Position Error in Meters during Outages 

Outage 

Number 

Trajectory 

Number 

Outage 

Duration 

(minutes) 

Distance  

Traveled 

(M eters) 

RISS  

2D M ax 

Error 

(M eters) 

ESR/RISS/GNSS  

2D M ax Error 

(M eters) 

1  

 

Trajectory  

One 

5 801.56 77.1 19.2 

2 7 538 92.4 60.3 

3 3 364 24.4 6.1 

4 4 502.4 30.4 8.5 

5 Trajectory  

Two 

1.5 176.77 10.5 10.2 

6 5 860.23 75.8 29.1 

Average 4.25 540.5 51.8 22.2 

Overall M ax Error Enhancement Percentage 67% 
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Chapter 5 

Conclusions and Future Directions 

5.1 Summary 

The work proposed in this research aims to enhance the positioning solution of land-

vehicles in different driving scenarios. An overview of the available GNSS systems was introduced, 

along with the state-of-the-art dead reckoning solutions. The challenges associated with GNSS 

limit the ability to rely on them for positioning services for all environments. The dependence on 

standalone inertial navigation (INS or RISS) can help only over short GNSS outages. The proposed 

system is a radar-based multi-sensor fusion scheme, which utilizes an electronic scanning radar 

(ESR), inertial sensors, vehicle’s odometer, and GNSS to acquire the vehicle’s position. It consists 

of various stages, where the positioning solution is the last one. The base stage is the data 

acquisition and data pre-processing from the hardware equipment. The radar sensor utilized in 

this research is a Delphi ESR 9.21.15, with the simultaneous multi-modal operation and 

implemented object tracking algorithms. The second main stage is static object detectors based 

on unique static object detection criteria and statistical outlier rejection method based on the 

MAD algorithm, which outperformed both the Percentile and RANSAC. The third stage was 

developing an ESR-based positioning solution fused with the RISS in the final stage utilizing an 

EKF integration scheme. This integration enabled resetting both the RISS position and azimuth 

errors during GNSS outages, thus providing continuous and reliable positioning solutions better 

than standalone RISS in challenging and denied GNSS environments. Finally, a new switching 

mechanism between GNSS, ESR, and RISS in delivering the final positioning solution the 

introduced systems was introduced and discussed in this research.  
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5.2 Conclusion 

This research has resulted in some contributions, mainly the integration of ESR, RISS and 

GNSS to provide a continuous, reliable and accurate navigation solution suitable for land vehicle 

applications. The multi-sensor system ESR/RISS/GNSS mitigated the errors accumulated by the 

RISS over time, making the RISS standalone solution more reliable and ready to be used when 

both GNSS and ESR are not available.  

The performance of the proposed system is assessed based on two different trajectories, 

both took place in Toronto, in fall 2019. The road test experiments performed in this thesis 

involved real driving scenarios in different challenging environments. The first road test trajectory 

was conducted at noon and lasted for one hour, covering several downtown areas with high rise 

buildings and some suburban districts. The vehicle experienced several natural GNSS outages, at 

which the vehicle experienced different dynamics, such as various turns and straight movements 

at different speeds. Additionally, the system was exposed to harsh environments were the GNSS 

coverage is either noisy or totally unavailable. The second road test trajectory only had an outage 

in a suburban scenario but had an extended indoor parking outage where the GNSS signals were 

totally blocked.  

The proposed system was able to show continuous and reliable positioning solutions with 

a consistent level of accuracy that outperformed the RISS during GNSS outages of various 

durations over various vehicle dynamics. Overall, the proposed system was able to provide a 

reliable static object detection and positioning solution. The MAD detector outperformed both 

Percentile and RANSAC detectors, achieving a velocity estimation with an error range between 
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0.05 and 0.5 m/s at randomized trajectory segments. The proposed methodology had a reliable 

positioning results with an error percentage between 0.5 to 4 % of the traveled distance in the 

GNSS outages. Additionally, it lowered the standalone RISS errors by percentages higher than 50 

% on all occasions. However, the standalone RISS showed a better performance in an indoor 

parking GNSS full denial that lasted for 11 minutes.  

The indoor parking area showed that the ESR could not be able to enhance the RISS 

output, which triggered the presented switching mechanism to rely on the RISS solution only. 

The switching mechanism utilizes the GDOP values of the GNSS solution, the number of satellites, 

the GNSS measurements standard deviation, and the ESR feature-set size to identify which system 

to lead. The essence of this switching technique was shown clearly in the full indoor parking GNSS 

outage. At which the solution was initialized by the RISS/GNSS system, followed by 

ESR/RISS/GNSS and completed for 9.5 minutes using RISS only.  

Several limitations were observed in this research, such as the sparsity of the radar data, 

the odometer drawbacks, and the system’s initialization. The results have shown that a 

proportional relationship exists between the number of ESR detected static objects and positioning 

accuracy. Despite the sparsity of objects count, the ESR outperformed the odometer speeds along 

different segments of the trajectory. The odometer suffers from quantization errors, rounding 

errors, and scale factor errors. The various scenarios illustrated that the proposed system could 

outperform the RISS-only solution during GNSS outages when the initialization occurs at a 

straight-line movement and in downtown areas. In contrast, the RISS algorithm has superior 

accuracy when the RISS errors and the inertial sensor biases are properly removed prior to a 

GNSS outage. 
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In this work, the ESR was utilized in a multi-sensor fusion scheme. The achieved outcomes 

show the capability of a radar sensor to be used in positioning. It has several advantages over 

other perceptual sensors, such as LiDAR and Cameras. Firstly, it is available nowadays in all 

levels of autonomy; consequently, mounted on a wide span of vehicles. Secondly, it requires less 

computation complexity than LiDAR and cameras, as it only acquires range and angles for the 

surrounding objects. Thirdly, it does not put limitations on the vehicle design as LiDARs, and it 

can work in all weather conditions, unlike cameras. Additionally, with the suggested static object 

detection methods, ESRs can be a potential candidate for this task in land vehicles as a 

replacement for cameras and LiDARs.  

5.3 Future Directions 

In this thesis, the main issue related to the ESR is the sparsity of features accompanied 

with one frontal radar. A frontal radar with +/- 45 degrees FOV does not span the whole 

surrounding environment around the vehicle, while the static objects are mostly located on the 

sides in parallel to the vehicle. The solution for such an issue is to ramp up the number of used 

radars to five, where one is in the frontal view and four on the sides. At which, the number of 

maximum objects available for a static detector will reach 320. A higher count might be achieved 

with different types of ESRs; some in the market can detect up to 124 in the scan. This can result 

in enhancing the positioning performance. It can be also fully independent of the IMU 

measurements and provides the forward speed and the heading angle. By using scan matching 

techniques such as ICP or NDT, the system can acquire the rotation and translation between each 

pair of consecutive epochs. This homogeneous transformation can then be transformed to the local 

level frame, to obtain the latitude, longitude, and heading. Another approach that can be explored 
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in the future is to utilize map matching to pre-existing 3D and high definition maps which can 

result to positioning accuracy at the decimeter level with high precision. The final direction that 

can be investigated in the future is to upgrade the multi-sensor positioning system to include more 

sensors and systems. Radar integration with stereo vision cameras using deep learning is an 

interesting approach, where both methods measure ranges. Additionally, they both have various 

techniques to detect static objects, which will be beneficial to build up a measurement model that 

depends on both to achieve a better static object detection. The complementary characteristics of 

both radar and vision systems can result in an overall positioning performance better than any of 

them working in standalone mode. It is also anticipated that combining both radar and vision 

system can be an attractive opportunity replacing high cost 3D LiDAR systems.   
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