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Abstract
Vehicle positioning is an important component of intelligent transportation systems. Due to the
relative low cost and low complexity of Global Navigation Satellite Systems (GNSS), the
automotive industry has adopted this technology to provide vehicle position. GNSSs solution are
reliable in open sky environments. However, position solutions are needed in the areas where there
is poor GNSS accuracy or availability and other sensors may be required
This thesis presents the integration of vision-derived bearing measurements with between vehicle
GNSS relative navigation. Two methods: target detection and machine learning based vehicle
recognition, have been developed to obtain bearing measurements from the images. The resulting
bearings are then integrated with a GNSS solution resulting in improved position accuracy and
availability. The usefulness of the GNSS solution to improve the vehicle recognition algorithm is
also investigated.
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Chapter One: Introduction
Many people die every year in driving accidents in the roads (DOT 2011). Intelligent transportation
systems (ITS) have the promise to provide significant improvements in land vehicle safety.
Although automatic driving systems have been designed and used for several applications, the high
cost of the adopted sensors prevents them from being common in vehicles. As a result, current
studies mostly focus on providing augmented reality and warning systems for drivers using less
expensive sensors.

Due to the relatively low cost and low complexity of Global Navigation Satellite System (GNSS)
receivers, they have been widely used in the automotive industry to provide vehicle positions.
Standalone GNSS can provide road level position and differential GNSS can achieve lane-level
position in open sky environments. Currently, several GNSS are used for vehicle positioning. The
Global Positioning System (GPS) has been utilized for the general positioning applications for a
long time. The European GALILEO and Russian GLONASS also have been recently used to
provide positioning solutions. However, GNSS positioning is reliable only in specific situations.
On one hand, at least four visible satellites are required to determine the position of receiver
accurately (Misra & Enge 2006). On the other hand, due to free space loss, the Signal-to-Noise
Ratio (SNR) of GNSS signals are low. Consequently, in the presence of buildings or other
reflectors, the reflected signals may be as strong as GNSS signals. This phenomena is called
multipath and it can adversely affects GNSS the positioning solution (Figure 1-1). Many studies
have been conducted to solve this problem (eg. Satirapod & Rizos (2005)). Nevertheless,
multipath remains as one of the major challenges for GNSS navigation in urban areas.
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GPS Receiver

Figure 1- 1: Multipath in urban areas (Blue lines show LOS signals while green lines are
examples of reflected signals)

In many environments like urban canyons, under dense foliage or in wooded areas, the reliability
of GNSS positioning solution is degraded because of aforementioned reasons. Although
combining GPS with other emerging GNSSs increases the availability of the solution, the accuracy
may still be poor. In these situations, other sensors such as odometers, accelerometers and
gyroscope have been integrated to GNSS solution to improve its accuracy. In case of vehicle
positioning, in many applications such as collision avoidance, blind spot warning or vehicle-to2

vehicle cooperative driving in highways, absolute positioning is not the main interest. In fact, the
relative position of vehicles to nearby vehicles and vehicles to the road are more important.
Vehicle-to-vehicle cooperative positioning takes advantage of this fact and provides a more
accurate relative positioning solution (Garello et al 2012a, Garello et al 2012b). In this solution,
nearby vehicles can share the information with each other about their positions. Plus, in these
systems, the sensors which are effective in short ranges like range radios and cameras can be
adopted to add additional measurements to the system in order to compensate for the low accuracy
of the GNSS solution in the absence of line of sight (LOS) GNSS signals. These measurements
can be ranges or angles from one vehicle to another one.

In this chapter, previous studies related to this research are reviewed in three sections: The vehicleto-vehicle (V2V) navigation, vision-based navigation and vehicle recognition algorithms. The
limitations of current studies are discussed in section 1.4. The objectives of this research is defined
to solve some of the problems with the current systems and they are described in section 1.5. In
section 1.6 the contributions of this thesis are explained and in section 1.7 the organization of the
thesis is stated.

1.1 Introduction to V2V Navigation
Different aspects of V2V positioning have been examined in different research. Garello et al
(2012a) proved sharing data among receivers makes the acquisition time smaller than stand-alone
GNSS and it also results in a more reliable solution. Differential GPS (DGPS)-based V2V
cooperative positioning is studied and used for collision avoidance warning in the work by Tan &
Huang (2006). Luo & Lachapelle (2003) tested moving base-station DGPS for vehicle positioning
successfully.
3

In some studies, range radios have been adopted to provide relative range. Garello et al (2012b)
proposed peer-to-peer (P2P) cooperative positioning where peers obtain pseudorange
measurements from satellites through their GNSS receivers and use their wireless interface both
to communicate with each other and to obtain terrestrial range measurements to other peers. In this
method, by fussing these measurements, relative positions are estimated accurately even when
insufficient GNSS observations are available. The augmentation of direct ranges to GNSS solution
has been tested in different scenarios (different size of networks, different motions patterns for
vehicles). Kukshya et al (2005) introduced a new approach in cooperative driving system. In this
research, vehicles were divided into clusters and in each cluster one vehicle chosen as “The master
vehicle” and other vehicles measured their distances to the master vehicle. The proposed algorithm
is reported to have satisfactory performance even in the absence of GNSS signals or deadreckoning systems.

In scenarios with more than three vehicles, adding range measurements is proven to be effective
in improving positioning solution (Garello et al 2012b). However, in scenarios with two vehicles,
by using range measurements only, the orientation of the cars remain ambiguous in the absence of
LOS GNSS signals. Beside, in urban areas, the main problem is the across track error since signals
are mostly blocked in across-track direction and more satellites in along-track direction are visible
(Figure 1-2). Different studies have tried to compensate for the errors in across track direction.
One example is Groves (2011) where shadow matching and building outline matching techniques
are used to improve positioning error in the across-track direction. However, this technique is
adversely affected by the data set errors and differing illumination conditions.

4

Adding bearing measurements to the system is also proven to improve the positioning solution in
across track direction (Petovello et al 2012). However this paper uses only simulation data to show
the advantage of adding bearing measurements to the GNSS relative navigation solution.

Blocked Signals

Available Signals

Blocked Signals
Figure 1- 2 Urban area geometry (top view), buildings mostly block signals in across
track direction (red lines) (Groves 2011)
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1.2 Introduction to vision based navigation
Vision-based navigation has received increasingly more attention especially when it comes to ITS.
Since cameras are relatively inexpensive, low power and capable of providing information about
the positions of multiple objects and obstacles, there is a preference to use them instead of other
more expensive sensors. Many research projects have been conducted investigating vision-based
navigation in several fields like unmanned aerial vehicles (Pestana et al 2014, Saripalli et al 2002,
Sinopoli et al 2001 ), indoor positioning (Kim & Jun 2008, Mulloni et al 2009) and robot control
(Ohya et al 1998, Stelzer et al 2012). Many studies have been done on land-vehicle positioning as
well.

Vision/INS integrations have been proposed without the aid of the absolute information about the
position (Whyte and Bailey 2006).They use the simultaneous localization and mapping (SLAM)
technique in order to estimate position in an unknown environment. Vu et al (2012) used traffic
light location data in parallel with DGPS measurements to aid INS for the positioning in urban
areas. Kim et al (2011) utilized an omnidirectional vision sensor in order to detect vanishing points
and estimate the orientation of vehicle. These measurements are then used with INS and odometers
to provide positioning solutions in case of GPS outages.

Other studies focused on vehicle positioning using map-matching algorithms. A general review of
map matching algorithms and limitations in this area is done by Hashemi & Karimi (2014).
Although vision-based navigation has improved significantly, V2V cooperative positioning has
not yet taken advantage of the additional data that a camera can bring to this system.
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1.3 Introduction to vehicle recognition
Many works in this area highlight the capability of vision-based on-road vehicle detection systems.
The variability of the vehicle appearance and the complexity of outdoor environments make this
area of study challenging. Vehicle recognition algorithms using a single camera are usually divided
into two groups: appearance-based methods and motion-based methods. Motion-based methods
are usually used in video surveillance systems when an effective background subtraction algorithm
can be applied. For the purpose of on-road vehicle detection adaptive background modelling is
needed (Wang et al 2005). Jazayeri et al (2011) modeled vehicle motion by extracting and tracking
different geometry features. The Hidden Makov Model (HMM) is used for this purpose. Optical
flow is another popular method for the motion-based vehicle recognition (Yamaguchi et al 2006).
However, appearance-based methods are more popular for on-road vehicle detection (Sivaraman,
& Trivedi 2013).

Two important components of appearance-based methods are feature selection and classification
algorithm.

1.3.1 Feature selection
It is not practical to classify objects based on pixel values since the variability of pixel values is
too large to be modeled by a classification algorithm. Therefore, selecting features that represent
a class of objects is a crucial step in object recognition methods.

Early works focused on simpler features. A comprehensive review of these methods is done by
Sun et al (2006). Symmetry features (e.g. Kuehnle 1991), edges (e.g. Matthews et al 1996), a
combination of color and edges (e.g. Tsai et al 2007) and shadows (e.g. Tzomakas & von
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Seelen1998) were used as features for vehicle recognition. However, these studies also showed
that these features are not robust and some of them like shadow or symmetry features are highly
dependent on the environment.

Recently, robust and general features are introduced and adopted for vehicle recognition. ScaleInvariant Feature Transform (SIFT) and Gabor Features are used in different studies (Choi et al
2007, Cheng et al 2006). Due to promising performance of Histogram of Oriented Gradiant (HOG)
(Han et al 2006, Sun et al 2006) and Haar-like features, these have been combined with different
learning algorithms for modeling the appearance of vehicles (Bai et al 2006, Sivaraman & Trivedi
2010, Haselhoff et al 2009).

1.3.2 Classification algorithms
After feature extraction, a learning algorithm is required to classify images into vehicle and nonvehicle classes. Ludwig & Nunes (2008) used Neural Networks for both feature selection and
object classification.

Support Vector Machines (SVM) are usually used with HOG features (Li & Guo 2013, Chen et al
2013) while Adaptive Boosting (Adaboost) is usually used to make a model based on Haar-like
features (Choi 2012, Chang & Cho 2010, Sivaraman & Trivedi 2010 ).

A comprehensive review on vehicle detection algorithms proposed after 2005 is done by
Sivaraman, & Trivedi (2013).
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1.4 Limitations of current studies
As mentioned in sections 1.1 and section 1.2 a significant amount of research has been conducted
about V2V cooperative positioning and vision-based navigation. However, there is a gap between
these areas of study. This is mainly due to the fact that in vision-based navigation cameras are not
used for adding relative measurements from one vehicle to another. Most of studies mentioned in
section 1.2 are trying to find good-features-to-track in the field of view of the camera. They find
corresponding features in consecutive frames thereafter and use them to estimate the relative
motion of the camera-equipped object. However, by using vehicle recognition algorithms, the
system can take advantage of additional measurements from one vehicle to another. This is
compatible with other measurements currently used in V2V navigation solutions (e.g. ranges).
This thesis not only proposes to use vehicle recognition algorithms for adding bearing
measurements to V2V positioning solution, but also can be considered as the first step toward
using vision-based relative measurements (e.g. angles, ranges) from one vehicle to another in this
solution.

Furthermore, although in ITS cameras and GPS technology are both used, none of the previous
studies discuss the potential improvement that the GNSS solution can introduce to vision-based
vehicle recognition algorithms. This idea is also developed and tested in this thesis.

1.5 Objectives
The objectives of this thesis can be described as follows:

1- Develop a method whereby a marker, which is similar to the car license plate, is used for
the vehicle recognition. This step is done for general proof-of-concept. In fact, the result
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of this step is used to evaluate the bearing measurements accuracy. However, in real
applications it is not applicable to use a marker on every car.
2- Develop a car recognition algorithm using Haar-like features and analyse the results of the
algorithm in terms of detection error and the angle measurement error.
3- Develop an algorithm tracking vehicles in videos and compare its performance to a
detection-only algorithm.
4- Using UWB range measurements with the vision-derived bearing measurements obtained
from the previous step to obtain a relative solution that is completely independent of GNSS
and evaluate its accuracy.
5- Integrate the vision-derived bearing measurements and DGPS using an extended Kalman
Filter and assess the improvements due to this integration.
6- Develop a method to exploit the relative GNNS solution in order to improve the vehicle
detection algorithm by reducing its false detection rate.

1.6 Contributions
Sensor fusion is proven to be effective in different positioning systems. One sensor can usually
compensate for the other sensor’s error since the sources of error are different for each sensor.

As mentioned in previous sections, although studies about vehicle recognition algorithms and V2V
cooperative positioning had great improvement in recent years, they did not take advantage of the
integration. In this research, in addition to the GPS data the vehicles share the vision data. In this
study, vision data is used to add bearing measurements to the system.
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The capability of vision-based system for measuring bearing angle is studied by detecting a
marker. A paper titled “Integrating Vision Derived Bearing Measurements with Differential GPS
and UWB Ranges for Vehicle-to-vehicle Relative Navigation” was presented in Institute of
Navigation (ION) GNSS+ conference held in 2013 in Nashvile, Tennessee. In this paper, the
marker used for detecting the car and the integration of vision-derived bearings and the GNSS
solution is evaluated.

After the successful results of the previous step, a vehicle recognition algorithm was developed
using Haar-like features and Adaboost learning algorithm. A paper titled “Deriving Bearing
Measurements from Video Images using Haar-like Features for Vehicle-to-Vehicle Navigation” is
presented in the Institute of Navigation (ION) GNSS+ conference held in 2014 in Tampa, Florida.
This presentation won “The Best Presentation Award” in this conference.

1.7 Organization
The organization of this thesis is as follow:

1- In Chapter 2, the background relative to this research is covered. This chapter contains both
GNSS solution and camera model topics.
2- In Chapter 3, a car license plate recognition algorithm is used to detect a marker in video
frames. It is important to note that this step is done as a first step in order to prove the
capability of computer vision in the measuring of bearing measurements. In this chapter,
the video data collection is described briefly. However, the full data collection is described
in Chapter 5.
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3- Given the difficulties encountered in the method described in Chapter 3, the need for a
more robust vehicle identification method was realized. In Chapter 4, a vehicle recognition
algorithm is described. In this chapter training, detecting and tracking procedures are
explained thoroughly. The result of detection and tracking is then reported.
4- In Chapter 5, the data collection is described completely. The accuracy of vision-derived
bearing measurements is then studied by comparing this result to a GNSS/INS based
reference solution. These bearing measurements are then integrated to the UWB ranges in
order to obtain a relative position solution. The errors of this system is then discussed. The
vision-derived bearing measurements is then integrated to the GNSS solution and the
improvements resulting from this integration are discussed. In the last part of this chapter
the GNSS solution is used to aid the vehicle detection algorithm. The potential applications
of this work are then discussed.
5- In Chapter 6 the conclusion of this research is provided and the potential future works in
this area is stated.
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Chapter Two: Background
In this chapter the methods used in this research is comprehensively described. The GNSS
positioning solution is covered in section 2.1 while the camera model and calibration is described
in section 2.2.

2.1 GNSS Positioning Solution
The review in this section is based on the texts by Kaplan et al (2006) and Misra & Enge (2006).

2.1.1 System Model
In order to get the position of the GPS receiver different measurements can be used. Two of these
measurements used in this research are the psuedorange measurements and the range rate which is
also called the Doppler observation. The receiver position can be modeled based on the range and
the range rate between GPS satellites and receiver as it is shown in (2-1) and (2-2):

𝜌𝑟𝑠 = √(𝐸 𝑠 − 𝐸𝑟 )2 + (𝑁 𝑠 − 𝑁𝑟 )2 + (𝑈 𝑠 − 𝑈𝑟 )2
+ 𝑐𝑑𝑇𝑟
𝜌𝑟𝑠 = 𝑓(𝐸𝑟 , 𝑁𝑟 , 𝑈𝑟 , 𝑑𝑇𝑟 )
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(2-1)

2
2
2
𝜑̇ 𝑟𝑠 = √(𝐸̇ 𝑠 − 𝐸̇𝑟 ) + (𝑁̇ 𝑠 − 𝑁̇𝑟 ) + (𝑈̇ 𝑠 − 𝑈̇𝑟 )

+ 𝑐𝑑𝑇𝑟̇
(2-2)
𝜑̇ 𝑟𝑠 = 𝑓(𝐸̇𝑟 , 𝑁̇𝑟 , 𝑈̇𝑟 , 𝑑𝑇𝑟̇ )

Where 𝜌 and φ̇ are the range and the range rate respectively while the r and s represent
receiver and satellite. 𝐸 , 𝑁 and U are easting, northing and up components of the local level
position of the satellite and receiver. 𝐸̇ , 𝑁̇ and 𝑈̇ are easting, northing and up components
of the velocity of the satellites and receivers. 𝑐 is the speed of light. 𝑑𝑇𝑟 is the clock offset of
the receiver and 𝑑𝑇𝑟̇ is the clock drift of the receiver. As it can be perceived from (1-1) and
(1-2) the unit of 𝑐𝑑𝑇𝑟 is meter and the unit of 𝑐𝑑𝑇𝑟̇ is meter per second.
By using this system model and the measurements, an extended Kalman filter can estimate
states by using stochastic and deterministic information provided by previous epochs and
new measurements.

The approximate psuedorange, psudorange rate can be expressed by the approximate
̂̇ , 𝑁
̂̇ , 𝑈
̂̇
̂𝑟 , 𝑈
̂𝑟 ) and velocity (𝐸
position (𝐸̂𝑟 , 𝑁
𝑟
𝑟 𝑟 ) as:
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2
̂𝑟 )2 + (𝑈 𝑠 − 𝑈
̂𝑟 )2
𝜌̂𝑟𝑠 = √(𝐸 𝑠 − 𝐸̂𝑟 ) + (𝑁 𝑠 − 𝑁

+ 𝑐𝑑𝑇̂𝑟
(2-3)
̂𝑟 , 𝑈
̂𝑟 , 𝑑𝑇̂𝑟 )
𝜌̂𝑟𝑠 = 𝑓(𝐸̂𝑟 , 𝑁

2

2

2

̂̇ ) + (𝑈̇ 𝑠 − 𝑈
̂̇ )
𝜑̇̂𝑟𝑠 = √(𝐸̇ 𝑠 − 𝐸̂̇ 𝑟 ) + (𝑁̇ 𝑠 − 𝑁
𝑟
𝑟
+ 𝑐𝑑𝑇̂𝑟̇

(2-4)
̂̇ , 𝑈
̂̇ , 𝑑𝑇̂̇ )
𝜑̇̂𝑟𝑠 = 𝑓 (𝐸̂̇ 𝑟 , 𝑁
𝑟
𝑟
𝑟

Using (2-1), (2-2), (2-3) and (2-4), the (𝐸𝑟 , 𝑁𝑟 , 𝑈𝑟 , 𝑑𝑇𝑟 ) and (𝐸̇𝑟 , 𝑁̇𝑟 , 𝑈̇𝑟 , 𝑑𝑇𝑟̇ ) can be re-written
as:
𝐸𝑟 = 𝐸̂𝑟 + ∆𝐸𝑟
𝐸̇𝑟 = 𝐸̂̇ 𝑟 + ∆𝐸̇𝑟
̂𝑟 + ∆𝑁𝑟
𝑁𝑟 = 𝑁
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(2-5)

̂̇ + ∆𝑁̇
𝑁̇𝑟 = 𝑁
𝑟
𝑟
̂𝑟 + ∆𝑈𝑟
𝑈𝑟 = 𝑈
̂̇ + ∆𝑈̇
𝑈̇𝑟 = 𝑈
𝑟
𝑟
𝑑𝑇𝑟 = 𝑑𝑇̂𝑟 + ∆𝑐𝑑𝑇𝑟
𝑑𝑇𝑟̇ = 𝑑𝑇̂𝑟̇ + ∆𝑐𝑑𝑇𝑟̇
Where ∆ is the difference between the observed position, velocity, clock offset, clock drift and
the approximation of these states. Hence, (2-3) and (2-4) can be re-written as:

𝑓(𝐸𝑟 , 𝑁𝑟 , 𝑈𝑟 , 𝑐𝑑𝑇𝑟 )
̂𝑟 + ∆𝑁𝑟 , 𝑈
̂𝑟 + ∆𝑈𝑟 ,
= 𝑓(𝐸̂𝑟 + ∆𝐸𝑟 , 𝑁

(2-6)

𝑑𝑇̂𝑟 + ∆𝑐𝑑𝑇𝑟 )

̂̇ , 𝑈
̂̇
̂̇
𝑓 (𝐸̂̇ 𝑟 , 𝑁
𝑟 𝑟 , 𝑐𝑑𝑇𝑟 )
̂̇ + ∆𝑁̇ , 𝑈
̂̇
̇
= 𝑓 (𝐸̂̇ 𝑟 + ∆𝐸̇𝑟 , 𝑁
𝑟
𝑟 𝑟 + ∆𝑈𝑟 ,
𝑑𝑇̂𝑟̇ + ∆𝑐𝑑𝑇𝑟̇ )
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(2-7)

Using the first-order Taylor series expansion (2-6) and (2-7) can be expanded as:
𝑓(𝐸𝑟 , 𝑁𝑟 , 𝑈𝑟 , 𝑐𝑑𝑇𝑟 )
̂𝑟 , 𝑈
̂𝑟 , 𝑐𝑑𝑇̂𝑟 )
= 𝑓(𝐸̂𝑟 , 𝑁
+

̂𝑟 , 𝑈
̂𝑟 , 𝑐𝑑𝑇̂𝑟 )
𝜕𝑓(𝐸̂𝑟 , 𝑁
∆𝐸𝑟
𝜕𝐸̂𝑟

+

̂𝑟 , 𝑈
̂𝑟 , 𝑐𝑑𝑇̂𝑟 )
𝜕𝑓(𝐸̂𝑟 , 𝑁
∆𝑁𝑟
̂𝑟
𝜕𝑁

+

̂𝑟 , 𝑈
̂𝑟 , 𝑐𝑑𝑇̂𝑟 )
𝜕𝑓(𝐸̂𝑟 , 𝑁
∆𝑈𝑟
̂𝑟
𝜕𝑈

+

̂𝑟 , 𝑈
̂𝑟 , 𝑐𝑑𝑇̂𝑟 )
𝜕𝑓(𝐸̂𝑟 , 𝑁
∆𝑐𝑑𝑇𝑟
𝜕𝑐𝑑𝑇̂𝑟

(2-8)

𝑓(𝐸̇𝑟 , 𝑁̇𝑟 , 𝑈̇𝑟 , 𝑐𝑑𝑇𝑟̇ )
̂̇ , 𝑈
̂̇
̂̇
= 𝑓 (𝐸̂̇ 𝑟 , 𝑁
𝑟 𝑟 , 𝑐𝑑𝑇𝑟 )

+

+

+

+

̂̇ , 𝑈
̂̇
̂̇
𝜕𝑓 (𝐸̂̇ 𝑟 , 𝑁
𝑟 𝑟 , 𝑐𝑑𝑇𝑟 )
𝜕𝐸̂̇ 𝑟
̂̇ , 𝑈
̂̇
̂̇
𝜕𝑓 (𝐸̂̇ 𝑟 , 𝑁
𝑟 𝑟 , 𝑐𝑑𝑇𝑟 )
̂̇
𝜕𝑁
𝑟
̂̇ , 𝑈
̂̇
̂̇
𝜕𝑓 (𝐸̂̇ 𝑟 , 𝑁
𝑟 𝑟 , 𝑐𝑑𝑇𝑟 )
̂̇
𝜕𝑈
𝑟
̂̇ , 𝑈
̂̇
̂̇
𝜕𝑓 (𝐸̂̇ 𝑟 , 𝑁
𝑟 𝑟 , 𝑐𝑑𝑇𝑟 )
𝜕𝑐𝑑𝑇̂𝑟̇
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∆𝐸̇𝑟
(2-9)
∆𝑁̇𝑟

∆𝑈̇𝑟

̇ 𝑟
∆𝑐𝑑𝑇

Where:
̂𝑟 , 𝑈
̂𝑟 , 𝑐𝑑𝑇̂𝑟 )
𝜕𝑓(𝐸̂𝑟 , 𝑁
𝐸 𝑠 − 𝐸̂𝑟
=−
𝜕𝐸̂𝑟
𝐸̂𝑟𝑠
̂̇ , 𝑈
̂̇
̂̇
𝜕𝑓 (𝐸̂̇ 𝑟 , 𝑁
𝑟 𝑟 , 𝑐𝑑𝑇𝑟 )
𝜕𝐸̂̇ 𝑟

=−

𝐸̇ 𝑠 − 𝐸̂̇ 𝑟
𝐸̂̇ 𝑠
𝑟

̂𝑟 , 𝑈
̂𝑟 , 𝑐𝑑𝑇̂𝑟 )
̂𝑟
𝜕𝑓(𝐸̂𝑟 , 𝑁
𝑁𝑠 − 𝑁
=−
̂𝑟
̂𝑟𝑠
𝜕𝑁
𝑁
̂̇ , 𝑈
̂̇
̂̇
𝜕𝑓 (𝐸̂̇ 𝑟 , 𝑁
𝑟 𝑟 , 𝑐𝑑𝑇𝑟 )
̂̇
𝜕𝑁
𝑟

=−

̂̇
𝑁̇ 𝑠 − 𝑁
𝑟
̂
𝑠
𝑁̇
𝑟

̂𝑟 , 𝑈
̂𝑟 , 𝑐𝑑𝑇̂𝑟 )
̂𝑟
𝜕𝑓(𝐸̂𝑟 , 𝑁
𝑈𝑠 − 𝑈
=−
̂𝑟
̂𝑟𝑠
𝜕𝑈
𝑈
̂̇ , 𝑈
̂̇
̂̇
𝜕𝑓 (𝐸̂̇ 𝑟 , 𝑁
𝑟 𝑟 , 𝑐𝑑𝑇𝑟 )
̂̇
𝜕𝑈
𝑟

̂̇
𝑈̇ 𝑠 − 𝑈
𝑟
=−
̂
𝑠
𝑈̇
𝑟

̂𝑟 , 𝑈
̂𝑟 , 𝑐𝑑𝑇̂𝑟 )
𝜕𝑓(𝐸̂𝑟 , 𝑁
=1
̂𝑟
𝜕𝑐𝑑𝑇
̂̇ , 𝑈
̂̇
̂̇
𝜕𝑓 (𝐸̂̇ 𝑟 , 𝑁
𝑟 𝑟 , 𝑐𝑑𝑇𝑟 )
𝜕𝑐𝑑𝑇̂𝑟̇

=1

2
̂𝑟 )2 + (𝑈 𝑠 − 𝑈
̂𝑟 )2
𝑅̂𝑟𝑠 = √(𝐸 𝑠 − 𝐸̂𝑟 ) + (𝑁 𝑠 − 𝑁
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2

2

̂̇ ) + (𝑈̇ 𝑠 − 𝑈
̂̇ )
𝑅̂̇ 𝑟𝑠 = √(𝐸̇ 𝑠 − 𝐸̂̇ 𝑟 ) + (𝑁̇ 𝑠 − 𝑁
𝑟
𝑟

2

Equations (2-10) to (2-14) and Figure 2-1 shows the relation between Cartesian and curvilinear
coordinates in the local level frame:

Figure 2 - 1 Receiver to Satellite Vector in Local ENU Frame
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𝑅𝑟𝑠 = √∆𝐸 2 + ∆𝑁 2 + ∆𝑈 2

(2-10)

𝑅𝐻2 = √∆𝐸 2 + ∆𝑁 2 = 𝑅𝑟𝑠 cos(𝜀)

(2-11)

∆𝐸 = 𝑅𝐻2 sin(𝛼)

(2-12)

∆𝑁 = 𝑅𝐻2 cos(𝛼))

(2-13)

∆𝑈 = 𝑅𝑟𝑠 sin(𝜀)

(2-14)

∆𝐸, ∆𝑁 and ∆𝑈 are the distance between satellite and the receiver is east, north and up directions.
𝑅𝑟𝑠 is the distance between satellite and receiver and 𝑅𝐻2 is the horizontal distance between satellite
and receiver. 𝜀 and 𝛼 are the elevation angle and the azimuth angle between satellite and receiver.

Using equations (2-9) to (2-14), the first order derivatives can be expressed as a function of 𝜀 and
𝛼.
̂𝑟 , 𝑈
̂𝑟 , 𝑐𝑑𝑇̂𝑟 )
𝜕𝑓(𝐸̂𝑟 , 𝑁
= − sin(𝛼) cos(𝜀)
𝜕𝐸̂𝑟

(2-15)

̂𝑟 , 𝑈
̂𝑟 , 𝑐𝑑𝑇̂𝑟 )
𝜕𝑓(𝐸̂𝑟 , 𝑁
= − cos(𝛼) cos(𝜀)
̂𝑟
𝜕𝑁

(2-16)
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̂𝑟 , 𝑈
̂𝑟 , 𝑐𝑑𝑇̂𝑟 )
𝜕𝑓(𝐸̂𝑟 , 𝑁
= − sin(𝜀)
̂𝑟
𝜕𝑈
̂𝑟 , 𝑈
̂𝑟 , 𝑐𝑑𝑇̂𝑟 )
𝜕𝑓(𝐸̂𝑟 , 𝑁
=1
𝜕𝑐𝑑𝑇̂𝑟
̂̇ , 𝑈
̂̇
̂̇
𝜕𝑓 (𝐸̂̇ 𝑟 , 𝑁
𝑟 𝑟 , 𝑐𝑑𝑇𝑟 )
𝜕𝐸̂̇ 𝑟
̂̇ , 𝑈
̂̇
̂̇
𝜕𝑓 (𝐸̂̇ 𝑟 , 𝑁
𝑟 𝑟 , 𝑐𝑑𝑇𝑟 )
̂̇
𝜕𝑁
𝑟

= − sin(𝛼) cos(𝜀)

= − cos(𝛼) cos(𝜀)

̂̇ , 𝑈
̂̇
̂̇
𝜕𝑓 (𝐸̂̇ 𝑟 , 𝑁
𝑟 𝑟 , 𝑐𝑑𝑇𝑟 )
̂̇
𝜕𝑈
𝑟

= − sin(𝜀)

̂̇ , 𝑈
̂̇
̂̇
𝜕𝑓 (𝐸̂̇ 𝑟 , 𝑁
𝑟 𝑟 , 𝑐𝑑𝑇𝑟 )
𝜕𝑐𝑑𝑇̂𝑟̇

=1

(2-17)

(2-18)

(2-19)

(2-20)

(2-21)

(2-22)

Using equations (2-15) to (2-22), equations (2-8) and (2-9) can be re-written as:

̂𝑟 , 𝑈
̂𝑟 , 𝑐𝑑𝑇̂𝑟 ) ≈ 𝜌𝑟𝑠 − 𝜌̂𝑟𝑠
𝑓(𝐸𝑟 , 𝑁𝑟 , 𝑈𝑟 , 𝑐𝑑𝑇𝑟 ) − 𝑓(𝐸̂𝑟 , 𝑁
≈ 𝛿𝜌𝑟𝑠
𝛿𝜌𝑟𝑠 ≈ − cos(𝛼) cos(𝜀) ∆𝐸𝑟 − sin(𝛼) cos(𝜀) ∆𝑁𝑟
(2-23)
− sin(𝜀) ∆𝑈𝑟 + ∆𝑐𝑑𝑇𝑟
𝑠
𝑠
𝑠
𝛿𝜌𝑟𝑠 ≈ 𝑎𝑟,𝐸
∆𝐸𝑟 + 𝑎𝑟,𝑁
∆𝑁𝑟 + 𝑎𝑟,𝑈
∆𝑈𝑟 + ∆𝑐𝑑𝑇𝑟
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̂̇ , 𝑈
̂̇
̂̇
𝑠
𝑓(𝐸̇𝑟 , 𝑁̇𝑟 , 𝑈̇𝑟 , 𝑑𝑇𝑟̇ ) − 𝑓 (𝐸̂̇ 𝑟 , 𝑁
𝑟 𝑟 , 𝑐𝑑𝑇𝑟 ) ≈ 𝜌̇ 𝑟
− 𝜌̇̂𝑟𝑠 ≈ 𝛿𝜌̇ 𝑟𝑠
𝛿𝜌̇ 𝑟𝑠 ≈ − cos(𝛼) cos(𝜀) ∆𝐸̇𝑟 − sin(𝛼) cos(𝜀) ∆𝑁̇𝑟

(2-24)

− sin(𝜀) ∆𝑈̇𝑟 + ∆𝑐𝑑𝑇𝑟̇
𝑠
𝑠
𝑠
𝛿𝜌𝑟𝑠 ≈ 𝑎𝑟,𝐸
̇ ∆𝐸𝑟 + 𝑎𝑟,𝑁̇ ∆𝑁𝑟 + 𝑎𝑟,𝑈̇ ∆𝑈𝑟 + ∆𝑐𝑑𝑇𝑟

𝑠
𝑠
𝑠
Where (𝑎𝑟,𝐸
, 𝑎𝑟,𝑁
, 𝑎𝑟,𝑈
) are the direction cosines of the vector from the satellite to the receiver
𝑠
𝑠
𝑠
and it is the same as (𝑎𝑟,𝐸
̇ , 𝑎𝑟,𝑁̇ , 𝑎𝑟,𝑈̇ ). Using the equations (2-23) and (2-24), the relationship

between measurements and states can be expressed as:

𝑎1𝑟,𝐸
𝛿𝜌𝑟1
[ ⋮ ]=[ ⋮
𝑛
𝛿𝜌𝑟𝑛
𝑎𝑟,𝐸

𝑎1𝑟,𝑁
⋮
𝑛
𝑎𝑟,𝑁

𝑎1𝑟,𝑈
⋮
𝑛
𝑎𝑟,𝑈

1 ∆𝐸
]
⋮ ] [ ∆𝑁
∆𝑈
1 ∆𝑐𝑑𝑇

(2-25)

𝛿𝜌𝑟 = 𝐻𝜌 ∆𝑥𝜌

1

𝑎𝑟,𝐸̇
𝛿𝜌̇ 𝑟1
[ ⋮ ]=[ ⋮
𝑛
𝛿𝜌̇ 𝑟𝑛
𝑎𝑟,𝐸
̇

𝑎1𝑟,𝑁̇
⋮
𝑛
𝑎𝑟,𝑁̇
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𝑎1𝑟,𝑈̇
⋮
𝑛
𝑎𝑟,𝑈̇

∆𝐸̇
1
∆𝑁̇ ]
⋮] [
̇
1 ∆𝑈
∆𝑐𝑑𝑇̇

(2-26)

𝛿𝜌̇ 𝑟 = 𝐻𝜌̇ ∆𝑥𝜌̇
Where 𝛿𝜌𝑟 and 𝛿𝜌̇𝑟 are the misclosure vector for the observed and estimated psuedorange and the
observed and estimated Doppler respectively. 𝐻𝜌 and 𝐻𝜌̇ are the design matrixes for psuedorange
and Doppler measurements. Design matrix relates measurements to the states which are
represented by ∆𝑥𝜌 and ∆𝑥𝜌̇ .

At least four visible satellites are needed to solve these equations. More measurements are usually
available. An extended Kalman filter can estimate the states by using these measurements and
system model.

2.1.2 Extended Kalman Filter
A Kalman filter can estimate the navigation solution with or without new observations. In fact, in
every epoch Kalman filter first uses a dynamic model to predict the states based on their values in
previous epochs. Then it updates its prediction by using new measurements. Figure 2-2 shows this
procedure.
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Initialized states:

Compute Kalman Gain

𝑥̂𝑘− , 𝑃𝑘−

𝐾𝑘 = 𝑃𝑘− 𝐻𝑘𝑇 (𝐻𝑘 𝑃𝑘− 𝐻𝑘𝑇 + 𝑅𝑘 )−1

Predict states

Update states

−
𝑥̂𝑘+1
= 𝛷𝑘,𝑘+1 𝑥̂𝑘

𝑥̂𝑘 = 𝑥̂𝑘− + +𝐾𝑘 (𝑧𝑘 − 𝐻𝑘 𝑥̂𝑘− )

Predict Variance-Covariance of States

Update Covariance of state

−
𝑇
𝑃𝑘+1
= 𝛷𝑘,𝑘+1 𝑃𝑘 𝛷𝑘,𝑘+1
+ 𝑄𝑘+1

𝑃𝑘 = (𝐼 − 𝐾𝑘 𝐻𝑘 )𝑃𝑘−

Figure 2 - 2 Kalman Filter

The Kalman filter has two important steps in estimating the states. Firstly, it predicts the states
based on the dynamic model (𝛷𝑘,𝑘+1). The dynamic model uses the physical properties of the
system to predict the states in next epoch (k+1) based on their values in current epoch (k). A
constant velocity model is considered in this thesis. Hence the 𝛷𝑘,𝑘+1 can be expressed as:
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−
∆𝐸𝑘+1
−
∆𝑁𝑘+1
−
∆𝑈𝑘+1
−
∆𝐸̇𝑘+1
=
−
∆𝑁̇𝑘+1
−
∆𝑈̇𝑘+1
−
∆𝑐𝑑𝑇𝑘+1
−
[∆𝑐𝑑𝑇̇𝑘+1
]

1
0
0
0
0
0
0
[0

0
1
0
0
0
0
0
0

0 ∆𝑇
0 0
1 0
0 1
0 0
0 0
0 0
0 0

0
∆𝑇
0
0
1
0
0
0

0
0
∆𝑇
0
0
1
0
0

0
0
0
0
0
0
1
0

∆𝐸̂𝑘
̂𝑘
∆𝑁
̂𝑘
∆𝑈
∆𝐸̂̇ 𝑘
̂̇
∆𝑁

0
0
0
0
0
𝑘
0
̂
̇
∆𝑇 ∆𝑈𝑘
1 ] ∆𝑐𝑑𝑇̂𝑘
[∆𝑐𝑑𝑇̂̇𝑘 ]

(2-27)

A superscript “-” shows the result of prediction. The variance-covariance matrix of next is also
−
predicted(𝑃𝑘+1
).The process noise matrix (𝑄𝑘+1 ) is also used to account for the variance of the
−
estimated states while predicting 𝑃𝑘+1
.This matrix is defined based on the constant velocity model

and the dynamics of the vehicle motion as explained in the work by Mezentsev et al (2002).

In next step, new observations are used. 𝑅𝑘 is the new measurements covariance matrix and can
be defined as:
1
0
sin(𝜀 1 )
0
⋱

𝑅 = 𝜎°2
[

0

0

0
0
1
sin(𝜀 𝑛 )]

(2-28)

Where 𝜎°2 is the variance of the satellite observation at zenith and 𝜀 𝑛 is the elevation of the 𝑛𝑡ℎ
satellite. The gain for a Kalman filter is defined based on 𝑃𝑘− and 𝑅𝑘 . In fact, these two values
show the uncertainty in predicted states and the variance of the new observations. Using this gain,
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prediction of the states and new measurements, the estimation of states (𝑥̂𝑘 ) and the variancecovariance matrix of states (𝑃𝑘) are updated as depicted in Figure (2-2).

2.1.3 Differential GPS
There are three types of errors for GNSS positioning:
𝑠
𝑠
1- Satellite based errors: like orbital errors (𝜀𝑜𝑟𝑏𝑖𝑡
. 𝑢𝑟𝑠 ), satellite clocks (𝛿𝑇𝑠𝑎𝑡𝑒𝑙𝑖𝑡𝑒
).
𝑠
𝑠
2- Propagation errors: delayed caused by ionosphere (𝛿𝑖𝑜𝑛𝑜
) and troposphere (𝛿𝑡𝑟𝑜𝑝𝑜
),
𝑠
multipath (𝛿𝑚𝑢𝑙𝑡𝑖𝑝𝑎𝑡ℎ,𝑟
).

3- Receiver-based errors: such as receiver clock error (𝛿𝑇𝑟𝑒𝑐𝑒𝑖𝑣𝑒𝑟,𝑟 ), noise (𝜀𝑛𝑜𝑖𝑠𝑒,𝑟 ).

The psuedorange measurements can be modeled as:
𝑠
𝑠
𝑠
𝑠
𝜌𝑟𝑠 = 𝑅𝑟𝑠 + 𝜀𝑜𝑟𝑏𝑖𝑡
. 𝑢𝑟𝑠 + 𝛿𝑡𝑟𝑜𝑝𝑜
+ 𝛿𝑖𝑜𝑛𝑜
+ 𝛿𝑚𝑢𝑙𝑡𝑖𝑝𝑎𝑡ℎ,𝑟

(2-29)

𝑠
+ 𝑐(𝛿𝑇𝑠𝑎𝑡𝑒𝑙𝑖𝑡𝑒
+ 𝛿𝑇𝑟𝑒𝑐𝑒𝑖𝑣𝑒𝑟,𝑟 ) + 𝜀𝑛𝑜𝑖𝑠𝑒,𝑟

𝜌𝑟𝑠 is the psuedorange measurements with errors and 𝑅𝑟𝑠 is the actual geometric distance between
satellite and the receiver.

In order to reduce or eliminate errors shared between two near receivers differential GNSS
positioning can be used. By using this method, troposphere delays, ionosphere delays and satellite
orbit errors are reduced since they have approximately the same values for the nearby receivers:
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𝑢1𝑖 ≈ 𝑢2𝑖
𝑖
𝑖
𝛿𝑡𝑟𝑜𝑝𝑜,1
≈ 𝛿𝑡𝑟𝑜𝑝𝑜,2

(2-30)

𝑖
𝑖
𝛿𝑖𝑜𝑛𝑜,1
≈ 𝛿𝑖𝑜𝑛𝑜,2

The linear combination for the between-receivers differenced pseudorange observation is:

∆𝜌 = 𝜌1𝑖 − 𝜌2𝑖

(2-31)

Using (2-29), (2-31) can be rewritten as:
𝑖
𝑖
𝑖
∆𝜌 = [𝑅2𝑖 + 𝜀𝑜𝑟𝑏𝑖𝑡
. 𝑢2𝑖 + 𝛿𝑡𝑟𝑜𝑝𝑜,2
+ 𝛿𝑖𝑜𝑛𝑜,2
𝑖
+ 𝛿𝑚𝑢𝑙𝑡𝑖𝑝𝑎𝑡ℎ,2
𝑖
+ 𝑐(𝛿𝑇𝑠𝑎𝑡𝑒𝑙𝑙𝑖𝑎𝑡𝑒
+ 𝛿𝑇𝑟𝑒𝑐𝑒𝑖𝑣𝑒𝑟,2 )

+ 𝜀𝑛𝑜𝑖𝑠𝑒,2 ]
𝑖
𝑖
𝑖
− [𝑅1𝑖 + 𝜀𝑜𝑟𝑏𝑖𝑡
. 𝑢1𝑖 + 𝛿𝑡𝑟𝑜𝑝𝑜,1
+ 𝛿𝑖𝑜𝑛𝑜,1
𝑖
+ 𝛿𝑚𝑢𝑙𝑡𝑖𝑝𝑎𝑡ℎ,1
𝑖
+ 𝑐(𝛿𝑇𝑠𝑎𝑡𝑒𝑙𝑙𝑖𝑎𝑡𝑒
+ 𝛿𝑇𝑟𝑒𝑐𝑒𝑖𝑣𝑒𝑟,1 )

+ 𝜀𝑛𝑜𝑖𝑠𝑒,1 ]

(2-32) can be simplified by using (2-30) as:
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(2-32)

𝑖
∆𝜌 ≈ [𝑅2𝑖 + 𝛿𝑚𝑢𝑙𝑡𝑖𝑝𝑎𝑡ℎ,2
+ 𝑐(𝛿𝑇𝑟𝑒𝑐𝑒𝑖𝑣𝑒𝑟,2 ) + 𝜀𝑛𝑜𝑖𝑠𝑒,2 ]
𝑖
− [𝑅1𝑖 + 𝛿𝑚𝑢𝑙𝑡𝑖𝑝𝑎𝑡ℎ,1
+ 𝑐(𝛿𝑇𝑟𝑒𝑐𝑒𝑖𝑣𝑒𝑟,1 )

(2-33)
+ 𝜀𝑛𝑜𝑖𝑠𝑒,1 ]

𝑠
𝑠
𝑠
This equation shows the removal of 𝜀𝑜𝑟𝑏𝑖𝑡
. 𝑢𝑟𝑠 , 𝛿𝑡𝑟𝑜𝑝𝑜
, 𝛿𝑖𝑜𝑛𝑜
from the errors.

2.1.4 Bearing Measurement Model
Most generally, a bearing angle is a horizontal angle measured in an arbitrary frame. In this work,
it is defined as the angle between two vehicles as measured in the body frame of one of the vehicles.
The angle is measured clockwise-positive from the forward direction axis of the measuring
vehicle. In Figure 2-3 𝛽𝑎𝑏 is the bearing measurement between two vehicles.
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Figure 2 - 3 Bearing Measurements between Two Vehicles

As illustrated in Figure 2-3 the bearing measurements can be expressed as:

𝛽𝑎𝑏 = 𝛼𝑎𝑏 − 𝛼𝑎

(2-34)

Where 𝛼𝑎𝑏 the azimuth of the relative position is vector and 𝛼𝑎 is the azimuth of the measuring
car (Petovello et al 2012). 𝛼𝑎𝑏 can also be written as:
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𝛼𝑎𝑏 = tan−1 (

∆𝐸𝑎𝑏
)
∆𝑁𝑎𝑏

(2-35)

Where ∆𝐸𝑎𝑏 and ∆𝑁𝑎𝑏 are the differential position of two vehicles in east and north directions
respectively.

𝛽𝑎𝑏 = tan−1 (

∆𝐸𝑎𝑏
) − 𝛼𝑎
∆𝑁𝑎𝑏

(2-36)

𝛽

Linearizing equation (2-35) and considering measurements error 𝜀𝑎𝑏 results in:

𝛽
𝛽𝑎𝑏 − 𝛽̂
⃗⃗⃗⃗⃗
𝑎𝑏 = 𝐻𝛽 [𝛿∆ 𝑟
𝑎𝑏 ] − 𝛿𝛼𝑎 + 𝜀𝑎𝑏

(2-37)

It is important to mention that in order to relate bearing measurements to GPS measurements the
azimuth of measuring vehicle has to be known. In this thesis, inertial measurement unit (IMU)
data is used for this purpose (Hence 𝛼𝑎 is zero). However other methods could be used. These
include GPS velocity, onboard sensors (compass and/or steering angle sensors), or differential
odometry. Additionally, in scenarios with three or more vehicles the azimuth can either be
considered as a state to be estimated, or multiple bearings measured by one vehicle can be
differenced to form horizontal angle measurements involving three vehicles. This was simulated
in Petovello et al (2012), however in the current work only the two vehicle scenario is considered.

2.2 Camera Model and Calibration
The ultimate purpose of this project is to measure the angles based on the position of the object in
the image in terms of pixels. Therefore, it is required that every pixel represent approximately the
same value of degrees. However, usually images are distorted due to defects in lens or image
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sensors. Luckily, the parameters which are defining these distortions are constant. Hence, these
parameters are determined prior to using the camera (Oreilly 2008).

Camera calibration is determining the intrinsic parameters and the distortion coefficients of the
camera. Figure 2-4 shows the imaging model for a pinhole camera (Gonzalez et al 2009).

Image
Plane
XC
x

f
ZC

y

Image of P

YC

Figure 2 - 4 Imaging Model for Pinhole Camera (After Y.Ma (2004))

Every point in the world coordinate system can be mapped into 2-dimensional (2D) image
coordinate system by using following equation:

𝑓 𝑥𝑐
𝑥
[𝑦 ] =
[ ]
𝑧𝑐 𝑦𝑐
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(2-38)

Where (𝑥𝑐 , 𝑦𝑐 , 𝑧𝑐 ) are the world coordinates of the object and (𝑥, 𝑦) are the image coordinates of
the object. 𝑓 is the focal length of the camera.

There are two main points that need to be considered:
1- The (𝑥𝑐 , 𝑦𝑐 , 𝑧𝑐 ) are expressed in metres while the (𝑥, 𝑦) are in terms of pixels. Hence, two
scales need to be defined to do the conversion from one to another. 𝑠𝑥 and 𝑠𝑦 are the
scales in x and y directions respectively.
2- The (𝑥, 𝑦) are expressed with respect to the intersection of the camera optical axis and
the image plane (principal point) while other pixels are expressed with respect to the top
left corner of the image (0,0). Hence the reference for the (𝑥, 𝑦) should be shifted to the
(0,0) as well.

Considering these points, the (2-38) can be re-written as:

𝑥,
𝑓𝑥
𝜆 [𝑦 , ] = [ 0
1
0

0
𝑓𝑦
0

𝑜𝑥 𝑥𝑐
𝑜𝑦 ] [ 𝑦𝑐 ]
1 𝑧𝑐

(2-39)

Where 𝜆 is a scalar value which is equal to 𝑧𝑐 . (𝑥 , , 𝑦 , ) are the coordinates of the object in the
image with respect to top-left corner pixel (0,0). 𝑓𝑥 = 𝑠𝑥 𝑓 and 𝑓𝑦 = 𝑠𝑦 𝑓. Therefore, four
parameters need to be determined in the calibration process are (𝑓𝑥 , 𝑓𝑦 , 𝑜𝑥 , 𝑜𝑦 ).
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Distortion coefficients are the second sets of parameters that need to be determined by calibration.
They can be divided into two groups:

i.

Radial distortion coefficients causes distortion along radial direction. It results in inward
or outward bulging in the image.
𝑥𝑢 = 𝑥𝑑 (1 + 𝑘1 𝑟𝑑2 + 𝑘2 𝑟𝑑4 )
(2-40)
𝑦𝑢 = 𝑦𝑑 (1 + 𝑘1 𝑟𝑑2 + 𝑘2 𝑟𝑑4 )
Where (𝑥𝑑 , 𝑦𝑑 ) are the coordinates in the distorted image and (𝑥𝑢 , 𝑦𝑢 ) are the coordinates
of the undistorted image and 𝑟𝑑 = √𝑥𝑑2 + 𝑦𝑑2 . 𝑘1 and 𝑘2 are the radial distortion
coefficients.

ii.

Tangential distortion coefficients which happens when the image plane is not parallel to
the lens. It can be modeled as:
𝑥𝑢 = 𝑥𝑑 + ( 2𝑝1 𝑥𝑦 + 𝑝2 (𝑟𝑑2 + 2𝑥𝑑2 ))
(2-41)
𝑦𝑢 = 𝑦𝑑 + (𝑝1 (𝑟𝑑2 + 2𝑦𝑑2 ) + 2𝑝2 𝑥𝑦)

Where 𝑝1 and 𝑝2 are the tangential distortion coefficients. Hence, in order to undistort the image
four distortion coefficients need to be estimated as well (𝑘1, 𝑘2 , 𝑝1, 𝑝2 ). The estimation procedure
is described in Chapter 3.
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In Chapter 3 and Chapter 4 two methods are developed for deriving bearing measurements from
the images. In both chapters, the camera calibration is done before processing the image. More
details is described in these chapters.
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Chapter Three: Vehicle Detection Using a Marker
In order to derive bearing measurements from one car to another based on the image data, it is
necessary to detect the target car in each frame. In this chapter, a yellow rectangle marker, shown
in Figure 3-1 is tracked, though in a practical system other features, for example windows,
license plates, tail lights or the entire car, would need to be used.

Figure 3 - 1 Marker in the Test
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The marker has two important properties. First, it is yellow. Therefore a yellow mask can be
used in order to remove background and other undesired objects from the images. Second, its
shape enables the use of morphological operations in order to remove other objects with different
shapes and the same color. The steps involved in the development of algorithm are given in
Figure 3-2.

1
•Calibration of Camera
and Undistorting
Image

6
•Finding Region of
Interest

2
•Yellow Color Mask

5

3
•Edge Detection

4

•Morphological
Operations

7
•Finding Center of
Mass in Region of
Interest

Figure 3 - 2 System Overview
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•Identifying the
Candidate Region

In section 3.1 camera calibration is briefly described. The full description is in Chapter 2. In section
3.2 filtering for the yellow color is described briefly. In section 3.3 different stages of finding a
region of interest are depicted. Section 3.4 is dedicated to the results. All of these methods were
implemented in C++ by using Open Computer Vision (OpenCV) library (OpenCV Website).

3.1 Calibration of Camera and Undistorting the Image
Since the ultimate purpose of the image processing part is the angle measurement it is very
important to compensate for distortions caused by the lens of camera. Hence the first step is to
determine the distortion coefficients and undistort the image. A full description of this process is
given in Chapter 2. In this thesis, a MATLAB calibration toolbox developed by Bouguet (2010) is
used. The calibration procedure involves taking multiple photographs of a checkerboard pattern.
By providing the dimension of squares in the checkerboard, the toolbox is able to compute the
distortion coefficients, focal length and the principal point. By adopting these parameters, images
were undistorted and prepared for further processing.

3.2 Yellow Color Mask
A yellow mask is designed. To design this mask, several video frames of the target were converted
from Red-Green-Blue (RGB) to Hue-Saturation-Value (HSV) since it is more suitable for color
image processing. In fact, the HSV color space is more like human perception of the color. A
yellow range was selected for a range filter (Bradski & Kaehler 2008). The result of applying the
filter to one frame of test data is shown in Figure 3-3. Note that other objects may have colors in
the yellow range. Therefore, a region of interest is defined using following steps and then the center
of mass is determined in that region.
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Figure 3 - 3 Results of Applying Yellow Mask(the marker is magnified in right corner of
picture)

3.3 Defining Region of Interest
In this section the procedure of defining the region of interest is described thoroughly. The shape
of the marker can be considered as the second clue for marker recognition. The combination of
morphological operations is designed mostly based the work of Babu & Nallaperumal (2008)
where their application was car license plate detection.
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3.3.1 Edge Detection
In the first step, vertical edge detection is done. In order to obtain the edges in a specific direction,
the derivative needs to be taken in a particular direction. For instance, by taking derivative in x (y)
direction, vertical (horizontal) edges can be determined. In this thesis, the Sobel edge detector is
used. The Sobel edge detector convolves two 3 × 3 kernels to take derivatives in x and y directions
respectively (Gonzalez et al 2009)..
−1 0
𝐺𝑥 = [−2 0
−1 0

1
2]
1
(3-1)

−1 −2 −1
𝐺𝑦 = [ 0
0
0]
1
2
1
In order to obtain vertical edges, 𝐺𝑥 need to be used. The 𝐺𝑥 formulation can be re-written as:
1
𝐺𝑥 = [2] [−1 0
1

Where [−1

1]

(3-2)

1
]
0 1 works as differential operator and [2] works as the averaging operator. The
1

averaging operator smooths the image as the Sobel kernel is applied to the image and hence it can
filter the noise in the image as well.

The Sobel edge detection algorithm is applied to the image which results in a binary image that
contains vertical edges in white pixels while the remaining part of the image is black (Figure 3-4).
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Figure 3 - 4 Results of Vertical Edge Detection

Two columns with highest number of white pixels are then chosen and the distance between these
columns is measured. Then the candidate region of interest is defined as the columns centered on
these two columns and spanning 1/3 of the whole image. In Figure 3-5 the green lines show the
columns with the highest number of the white pixels while the blue lines show the candidate region
of interest.
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Figure 3 - 5 The Candidate Region of Interest

In next few steps, several operations are done to decrease the size of this candidate region in order
to decrease the probability of existence of other yellow objects in this region.

3.3.2 Morphological Operations
Two morphological operations are applied in order to localize marker containing region more
accurately: dilation and erosion (Gonzalez et al 2009). Every morphological operation involves a
structuring element (B) which is a kernel. This element can have different shapes such as circle,
rectangle, ellipse, etc. Based on the definition of the specific morphological operation, by applying
this kernel to a binary image the white pixels on the image will be changed.
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The mathematical expression of dilation is:

𝐷𝑖𝑙𝑎𝑡𝑖𝑜𝑛 ∶ 𝐴 ⊕ 𝐵 = {𝑧|(𝐵̂ )𝑧 ∩ 𝐴 ≠ ∅}

(3-3)

By applying dilation to a binary image the white pixels are extended in different shapes depending
on the shape of the structuring element. For example, in Figure 3-6 the white pixels are extended
and the round shape of some parts of the original picture changed to square shape (the shape of the
structuring element).

Figure 3 - 6 Dilation (after VIP Lab (2015))

42

The mathematical expression of erosion is:

𝐸𝑟𝑜𝑠𝑖𝑜𝑛 ∶ 𝐴 ⊖ 𝐵 = {𝑧|(𝐵)𝑧 ∩ 𝐴𝑐 ≠ ∅}

(3-4)

Erosion works in contrast to the dilation. By applying erosion to a binary image the size of white
areas in the image is reduced. Figure 3-7 shows the effect of erosion on a binary image.

Figure 3 - 7 Erosion (after VIP Lab (2015))

In this step, both horizontal and vertical dilation and erosion are done by changing B from a
horizontal line to vertical line. The result is shown in Figure 3-8.
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Figure 3 - 8 Result of Morphological Operations

3.3.3 Defining Search Space
In next step the identified pixels with minimum and maximum index values in both x and y
directions are chosen. The corners of a rectangle shaped region of interest are defined based on
these pixels: (𝑥𝑚𝑖𝑛 , 𝑦𝑚𝑖𝑛 − 50), (𝑥𝑚𝑖𝑛 , 𝑦𝑚𝑎𝑥 + 50), (𝑥𝑚𝑎𝑥 , 𝑦𝑚𝑎𝑥 + 50), (𝑥𝑚𝑎𝑥 , 𝑦𝑚𝑖𝑛 − 50). As it
can be seen by adding 50 pixels to 𝑦𝑚𝑎𝑥 and subtracting 50 pixels from 𝑦𝑚𝑖𝑛 the rectangle which
is defined based on outer corner pixels is extended in the vertical direction. There are two reasons
for this: Firstly, since the marker has a rectangular shape, the morphological dilation is more likely
to extend the longer horizontal lines than the shorter vertical lines. Secondly, since the horizontal
position of the marker plays crucial role in measuring bearing, it would be inadvisable to overextend the horizontal search region and possible erroneously detect other objects. Results are
shown in Figure 3-9. Although most of the time a small search space can be defined, when the
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target car is far from the camera and consequently marker is smaller, these steps may fail to find a
search space. In these cases, the method chooses the whole image as the region of interest.

Figure 3 - 9 Final Result
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3.3.4 Finding Center of Mass
In last step of marker recognition, the determined region of interest is applied to yellow mask
image in second step (Figure 3-10) and the center of mass of the yellow pixels is determined based
on (3-5) to (3-7):

𝑚𝑖𝑗 = ∑ ∑ 𝑥 𝑖 𝑦 𝑗 𝐼(𝑥, 𝑦)
𝑥

(3-5)

𝑦

𝑥̅ =

𝑚10
𝑚00

(3-6)

𝑦̅ =

𝑚01
𝑚00

(3-7)
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Figure 3 - 10 The Center of Mass (The Red Spot inside the Green Circle)

3.4 Results and Discussion
In this section the experimental results of the aforementioned algorithm are discussed. A
comprehensive description of the data collection setup can be found in section 5.2. However, in
this section, the video data collection is briefly depicted. A test including two cars was conducted
on 11 July 2013 in the city of Calgary. One of the cars was equipped with GoPro HD Hero camera
(GoPro 2015). In this study, this car is named “Measuring Car” and it captures video of the target
car. The resolution of the frames were 1280 × 960 and the video data contained 30 frames per
seconds (fps). The test is 140 seconds long. This segment of data starts at 424351 GPS Time
(week 1748).
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In Table 3-1 the results of the marker detection are summarized. Since there was no reference to
evaluate the detection results, the evaluation is done manually. If the detected center of mass lies
approximately on the central columns which contain the marker the detection is considered as a
correct detection. In this part, if the target car is not detected in a frame this is included in the
missing data while any detection other than the target car is counted as false alarm.

Table 3 - 1 Detection Results

Total
Number of
Missing Rate

False Alarms

2.95%

2.09%

Frames

4200

Results showed the algorithm detects the car in the most of the frames and the missing rate was
about 2.95 percent as shown in the second column of the Table 3-1. The third column shows the
frames that the algorithm found other objects instead of the marker. In case of the existence of the
other objects with the same shape and color, the algorithm could easily find them instead of the
target as shown in Figure 3-11. In this figure, the region of interest contain both a road-side sign
and the car and hence the center of mass of the color is somewhere between these two objects.
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Figure 3 - 11 The Algorithm Fails To Find the Target Precisely

Figure 3-12 illustrates the results of the detection algorithm. The vertical axis represents the
horizontal position of the center of mass while the horizontal axis shows the frame number. The
blue dots depict the detection result in each frame. As it can be seen in this figure, in most of the
frames the algorithm could find the target. However, there are some frames that the algorithm fails
to find the target in them specifically between frames 4100 to 4200 when the car is turning and the
marker loses its shape due to the perspective effects.
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Figure 3 - 12 Detection Results

It is also important to mention to the fact that the filter color was set to have good results for this
part of data set. In fact, in case of shadows or any other significant illumination change it may not
find the target any more.

3.5 Summary and Discussion
The goal of the work described in this chapter was to adapt a car license plate recognition algorithm
to be used to detect a marker on a car with the hope of using this to then determine the bearing of
the detected car in the frame of the camera equipped car. The only difference between this method
and the original licence plate detection method is the color of the marker which is yellow for the
marker used in this case. Although the results were reasonably good, in practice it is not possible
to put a marker on every car. The importance of the color in defining the shape of the target and
consequently the region of interest on one hand, and the sensitivity of the color filtering to the
illumination condition on the other hand are the most important weak points of this method.
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Furthermore, attempts to directly detect the licence plate failed due to the small size of the licence
plate with respect to the image pixels. These problems led to the consideration of more advance
algorithms. In next chapter, a more robust and practical algorithm for the vehicle detection is
developed and tested.
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Chapter Four: Vehicle Detection Using Haar-like Features and the Adaboost Learning
Algorithm
In Chapter 3, a marker detection algorithm was proposed. Although it was effective in most of the
frames, it is not practical to use a marker in real applications. A vehicle recognition algorithm can
be used instead. A comprehensive review of vehicle recognition algorithms is done in Chapter 1.
As mentioned in Chapter 1, the two main components of any object recognition algorithm are: 1.
Feature selection, 2. Classification.

In any object recognition algorithm, the main question is which features of the objects can describe
the object more effectively. In order to detect a specific object in an image, a template matching
algorithm can help. However, finding a class of objects like vehicles, pedestrians, or faces is more
challenging.

Vehicles have various appearances and challenging environments in urban areas can make them
harder to find in an image. In early works, simpler features like edges, shadows or symmetry
features have been used. Since these features are not robust, recent works focus on more robust
and general features. Previous studies have shown that HOG and Haar-like features are of the most
promising features for describing vehicles (Sivaraman & Trivedi 2013). The computational cost
of using HOG features on one hand, and the real-time nature of this project on the other, lead to
the selection of the Haar-like features which can be computed very efficiently. Haar-like features
are rectangular features that can describe different parts of an object. They were first used for face
detection (Viola & Jones 2001). As a result of this successful application, they have also been
employed for vehicle detection in several studies like the works by Kim (2013), Weiguang et al
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(2013), Cui et al (2010), Sivaraman & Trivedi (2010) and Moutarde et al (2008). In section 4.1
these features are defined. In section 4.2 the method of computing them is described.

There are different classifiers that can be used for the purpose of feature selection and object
modeling. A boosting algorithm is a strong learning algorithm that generates a strong classifier
based on a linear combination of weak classifiers. The weak classifiers should be slightly better
than random chance. The simple structure of weak learners makes this algorithm computationally
efficient. In many previous studies, it has been shown that different boosting algorithms can
outperform other strong classifiers such as SVM (Lienhart et al 2003). In this thesis, the Adaboost
algorithm developed by Freund & Schapire (1996) is implemented and applied to the vehicle
recognition problem. Section 4.3 is dedicated to describing of the Adaboost Algorithm.

One of the novel ideas of Viola & Jones (2001) work is using a cascade of classifiers instead of a
single classifier. This idea makes the detection procedure faster since many sub-windows in the
image are rejected by the first stages of this cascade and only a few of them make it to the last
stages of the cascade. In section 4.4, this idea is described thoroughly.

After detecting all vehicles, the target vehicle is detected based on its color. A color filter like the
one used in Chapter 3 is used here for this purpose. The system is implemented using the OpenCV
library and is based on the works by Viola & Jones (2001) and Lienhart et al (2003). They used
this system for the face recognition problem.

Afterwards, the results of the detection step are passed to a Kalman Filter. The Kalman Filter
smooths the results and also rejects outliers detected in the detection step. The properties of this
filter are described in section 4.5.
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Figure 4-1 shows the system overview. In (4.7), the results of test data set are presented and fully
discussed.

Feature Selection
Training set:
Using Adaboost

Training a Cascade

Algorithm

of Classifiers

Vehicle and
Non-vehicle Images

Video

Center of Detection-

Vehicle
Filter Color

Frames

Vehicle Classifier

Kalman Filter

Window around the

Classifier
Detected Car

Figure 4 - 1 System Overview

The upper figure shows the training procedure and the lower one shows the detection and
tracking part of the system.
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4.1 Haar-like Features
The name of Haar-like features comes from the similarity of them to the Haar basis functions.
Other functions can be defined based on Haar basis functions which are square shaped functions.
Haar-like features also have rectangular shapes and they can define different object appearances.
They have been used by Papageorgiou et al (1998) and have been generalized by Viola & Jones
(2001). In this section, the rotated Haar-like features, introduced in the work by Lienhart et al
(2003), are described.

Haar-like features are rectangular shaped features that consist of smaller rectangles which can be
white or black. When a Haar-like feature is applied to an image it returns a value which is the
difference between the pixel values under the white areas and the pixel values under the black
areas. Some examples of Haar-like features are shown in Figure 4-2. Applying these features to an
image is like applying a kernel with the elements of value 1 (for the white part) or -1 (for the black
part) to the image.
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Figure 4 - 2 Examples of Haar-like Features

In the work by Lienhart et al (2003) a new set of features is defined since the original Haar-like
features do not contain some essential features which seem to be useful in the object modeling.
This set of features is very similar to the original Haar-like features except that the new set contains
the rotated features as well. The features define a detection window. The size of the detection
window is related to the general shape of the target object. For example, for detecting pedestrians
a vertical rectangle shape detection window is suggested while for the rear-view of the car a square
shape for the detection window is reasonable. In this study, a 24 × 24 pixel detection window
was selected.
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Figure 4 - 3 Example of Extended Haar-like Features (after Lienhart et al (2003))

In Figure 4-3 assume that the size of detection window is 𝑊 × 𝐻 and the size of each rectangle is
𝑤 × ℎ and each rectangle can rotate α degrees where 𝛼 ∈ {0 , 45}. Assume the summation of each
rectangle is represented by 𝑅𝑒𝑐𝑆𝑢𝑚(𝑟) . An infinite set of features can be defined by the following
equation:

𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝐼 =

∑

𝜔𝑖 . 𝑅𝑒𝑐𝑆𝑢𝑚(𝑟𝑖 )

(5-1)

𝑖∈𝐼={1,…,𝑁}

Where the weights ( 𝜔𝑖 ), rectangles ( 𝑟𝑖 ) and N which is the number of rectangles can be any
values. This definition defines an infinite set of features. However, following criteria make this set
smaller and more effective (Lienhart et al 2003):
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1- Only features that can be defined by two rectangles (N=2) are chosen.
2- The weights have opposite signs and their values are chosen in order to compensate for
the difference of the area of the rectangles. In other words, 𝜔1 = −1 and 𝜔2 =
𝐴𝑟𝑒𝑎 (𝑟1 )
𝐴𝑟𝑒𝑎 (𝑟2 )

.

3- These features should be similar to Haar-like features and also should be similar to the
patterns that human visual system can recognize them as well like center surrounded
areas or different edges.

These criteria and the previous Haar-like features lead to a set of 14 prototype features. Features
(1a), (1b) ,(2a), (2c) and (4a) in Figure 4-4 have been used in some works like the work by Viola
& Jones (2001) and the rest are added using the aforementioned definition.
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1- Edge Features

(a)

(b)

(c)

(d)

(c)

(d)

2- Line Features

(a)

(b)

(e)

(f)

(g)

(h)

3- Center-surround Features

(a)

(b)

4- Diagonal Features

Figure 4 - 4 Feature Prototype (after Lienhart et al (2003))

Each of these features can be scaled horizontally or vertically to model an object. Note that in
order to compute line features, only two rectangles are needed. For example, if feature (2a) is
applied to an image and the top left corner of the white rectangle is at (6, 4) with the total width
of 6 and height of 2 the feature can be defined as:
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𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝐼 = −1. 𝑅𝑒𝑐𝑆𝑢𝑚(5, 2, 6, 1, 0°)

(5-2)

+ 𝑅𝑒𝑐𝑆𝑢𝑚(7, 3, 2, 2, 0°)

4.2 Fast Computation of Haar-like Features
One of the advantages of using Haar-like features, is their fast computation. This is very important
since many object detection algorithms work with a sliding window which looks for specific
combination of features in the image. Hence, when it searches through the picture, it computes
features of the different sub-windows of the picture. Consequently, if features with high
computational cost are chosen, the detection procedure takes a long time. However, for Haar-like
features every feature can be computed very quickly by using two additional images (Lienhart et
al 2003).

For the features with 0 rotation, like features (1a) , (1b), (2a) and 2(b) in Figure 4-4 , in order to
compute these features, a Summation Area Table (SAT) image is defined. Every pixel in this
picture is defined as:

𝑆𝐴𝑇(𝑥, 𝑦) =

∑

𝐼(𝑥 ′ , 𝑦′)

(5-3)

𝑥 ′ ≤𝑥,𝑦′≤𝑦

This picture can be computed easily by one-pass from the first pixel to the last pixel using:
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𝑆𝐴𝑇(𝑥, 𝑦) = 𝑆𝐴𝑇(𝑥, 𝑦 − 1) + 𝑆𝐴𝑇(𝑥 − 1, 𝑦) + 𝐼(𝑥, 𝑦)
− 𝑆𝐴𝑇(𝑥 − 1, 𝑦 − 1)
(5-4)

Where 𝑆𝐴𝑇(−1, 𝑦) = 𝑆𝐴𝑇(𝑥, −1) = 𝑆𝐴𝑇(−1, −1) = 0 .

By using this image, every feature can be computed based on:
𝑅𝑒𝑐𝑆𝑢𝑚(𝑟) = 𝑆𝐴𝑇(𝑥 − 1, 𝑦 − 1)
+ 𝑆𝐴𝑇(𝑥 + 𝑤 − 1, 𝑦 + ℎ − 1)
− 𝑆𝐴𝑇(𝑥 − 1, 𝑦 + ℎ − 1)
− 𝑆𝐴𝑇(𝑥 + 𝑤 − 1, 𝑦 − 1)

(5-5)

Where x and y are the coordinates of the top left corner of the rectangle in the feature and w and
h are the width and the height of the rectangle respectively.

For the features rotated 45 degrees, another image named Rotated Area Summed Table (RSAT)
is defined as follow:

𝑅𝑆𝐴𝑇(𝑥, 𝑦) =

∑

𝐼(𝑥 ′ , 𝑦′)

(5-6)

𝑦 ′ ≤𝑦,𝑦 ′ ≤𝑦−|𝑥−𝑥′|

Like the SAT, RSAT can also be computed in one-pass from the top-left to the bottom-right of
the image using equation (4-7), (Figure 4-5):
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𝑅𝑆𝐴𝑇(𝑥, 𝑦) = 𝑅𝑆𝐴𝑇(𝑥 − 1, 𝑦 − 1) + 𝑅𝑆𝐴𝑇(𝑥 + 1, 𝑦 − 1)
− 𝑅𝑆𝐴𝑇(𝑥, 𝑦 − 2) + 𝐼(𝑥, 𝑦) + 𝐼(𝑥, 𝑦 − 1)

(5-7)

Where

𝑅𝑆𝐴𝑇(−1, 𝑦) = 𝑅𝑆𝐴𝑇(𝑥, −1) = 𝑅𝑆𝐴𝑇(𝑥, −2) = 0
𝑅𝑆𝐴𝑇(−1,1) = 𝑅𝑆𝐴𝑇(−1, −2) = 0

Figure 4 - 5 Computation of RSAT (after Lienhart et al (2003))

Using the RSAT table, each rotated feature can be computed using following equation (Figure 46)
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𝑅𝑒𝑐𝑆𝑢𝑚(𝑟) = 𝑅𝑆𝐴𝑇(𝑥 − ℎ + 𝑤, 𝑦 + 𝑤 + ℎ − 1)
+ 𝑅𝑆𝐴𝑇(𝑥, 𝑦 − 1)

(5-8)

− 𝑅𝑆𝐴𝑇(𝑥 − ℎ, 𝑦 + ℎ − 1)
− 𝑅𝑆𝐴𝑇(𝑥 + 𝑤, 𝑦 + 𝑤 − 2)

Where x and y are coordinates of top left corner of the feature and w and h are width and height
of the rotated feature.

Figure 4 - 6 Computation of Rotated Features (after Lienhart et al (2003))
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4.3 Adaboost
As mentioned in section 4.1, more than 110,000 features can be defined in a detection window of
size 24 × 24. However, in order to model a class of objects, there are a few sets of these features
which can define the appearance of the class perfectly. For example, in Figure 4-7, by applying
the shown feature to the image it will return a high value since the feature size and place is covering
the car license plate position which is a white area surrounded by a darker area. However, if the
detection window contains a feature in a wrong place (Figure 4-8) or wrong size, it does not help
to model the rear view of the car anymore. Consequently, using an effective feature selection
algorithm is crucial.

Figure 4 - 7 Effective Feature in Modeling of the Car Appearance
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Figure 4 - 8 Wrong Feature Selection in Modeling of the Car Appearance

The Adaboost algorithm is a machine learning algorithm which is able to select features effective
in modeling and object, from a larger pool of features. This method can be described in the
following steps:


Assume training images and their class (vehicle and non-vehicle) are shown as
(𝑥1 , 𝑦1 ), . . . , (𝑥𝑛 , 𝑦𝑛 ) where 𝑦𝑖 = 0, 1 for non-vehicle and vehicle images respectively.



If the total number of the non-vehicle and vehicle images are represented by m and l
1

1

respectively, the weight of each image can be initialized as: 𝜔1,𝑖 = 2𝑚 , 2𝑙 for 𝑦𝑖 = 0,1


For 𝑡 = 1, . . . , 𝑇 (where t is the iteration number and T is the total number of iterations)
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1. Normalize the weights using following formula
𝜔𝑡,𝑖 ←

𝜔𝑡,𝑖
𝑛
∑𝑗=1 𝜔𝑡,𝑖

(5-9)

2. A weak classifier which contain a single feature is used in order to classify
training images .The error of its classification is computed with respect to the
weight of each image determined in previous step:

𝜖𝑗 = ∑ 𝜔𝑖 |ℎ𝑗 (𝑥𝑖 ) − 𝑦𝑖 |

(5-10)

𝑖

3. The classifier with the lowest error is chosen.
4. Update the weights based on the results of the classification done by the chosen
classifier :
1−𝑒𝑖

𝜔𝑡+1,𝑖 = 𝜔𝑡,𝑖 𝛽𝑡

(5-11)

𝑒

Where 𝛽𝑡 = 1−𝑒𝑡 . If the picture is classified correctly 𝑒𝑖 = 0 and otherwise
𝑡

𝑒𝑖 = 1.
5. The final strong classifier is defined as :
ℎ(𝑥)
𝑇

= {1

∑
𝑡=1

1 𝑇
∑ 𝛼
2 𝑡=1 𝑡
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

𝛼𝑡 ℎ𝑡 (𝑥) ≥

0
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(5-12)

1

where 𝛼𝑡 = log 𝛽 .
𝑡

The following example, presented by CIS520 (2009) can be used to visualize this algorithm.
Figure 4-9 to Figure 4-13 are re-generated and they are originally from the website CIS520
(2009).
In Figure 4-9, suppose we want to classify the following image in to regions containing + and –
using only horizontal and vertical lines as weak classifiers.

Figure 4 - 9 Picture for Classification

Figure 4-10 to Figure 4-13 show how this algorithm classifies these two classes using the
Adaboost algorithm.
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Figure 4 - 10 Classification Step 1

Figure 4 - 11 Classification Step 2
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Figure 4 - 12 Classification Step 3

Figure 4 - 13 Classification Results
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In summary, all features are applied to all of the pictures in the training set. Then a threshold is
determined to classify the objects into vehicles and non-vehicles. By this procedure, we use every
single feature as a classifier which is a “weak classifier”. In the next step, the classification error
is computed for every weak classifier. All of the images have same weight in computing the error
in this first iteration. The feature which has the least classification error is then selected. The same
method is applied to the next iteration and in each step the images that were misclassified by the
previous features gain more weight. This leads to focusing on harder classification examples in
subsequent feature selections. The final result is a strong classifier which is a combination of weak
classifiers.

Figure 4 - 14 An Example of Feature Selection by Adaboost Algorithm (θ is the optimum
threshold for each feature) – (after a slide by Palla (2012))
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4.4 Cascades of Classifiers
After feature selection, a sliding window searches through the images using the selected features.
The base size of the sliding window in this study is 24 × 24 pixels and after that larger scales of
the window are used to find vehicles with different sizes (Vehicles smaller than 24 × 24 pixels
are not detectable by this window). By using the sliding window and breaking the image into
several sub-windows, some of the sub-windows can be easily classified while others are harder
examples for classification. The easy samples can be classified with a small set of features while
the harder ones need to use more features to be correctly classified. However, it is not
computationally efficient to use a single classifier with many features for every sub-window. One
of the novel parts of Viola & Jones (2001) work is the use of a cascade of classifiers instead of a
single classifier. Their approach is adopted in this thesis as well. Each stage has a high detection
rate (0.999) and also a relatively high false alarm (0.5) rate. Each stage has a harder problem to
solve compared to previous stages since it has to classify pictures that are misclassified by previous
stages with the same detection rate and false alarm rate. Hence each stage requires the use more
features compared to previous stages. When a cascade of classifiers is used the detection rate is
still high but the false alarm will be significantly reduced.
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Figure 4 - 15 Cascade of Classifiers

In order to train a cascade of classifiers three values should be chosen:


Number of stages



Number of features in each stage



Threshold of each strong classifier

An optimization based on these three variables is a very hard problem to solve. Hence, Viola &
Jones (2001) suggested a framework which can produce an effective cascade of classifier based
on some simple criteria. Each stage has a maximum false positive value and false negative value.
Features are added until each stage meets these criteria and there is an overall false positive and
false negative rate as the target. Stages are added until this criteria can be met as well.
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In this thesis, a 26 stage classifier was developed where each stage has a target detection rate of
0.999 and a target false alarm rate of 0.14. The total detection rate and false alarm are:

𝑫𝒆𝒕𝒆𝒄𝒕𝒊𝒐𝒏 𝑹𝒂𝒕𝒆 = (𝟎. 𝟗𝟗𝟗)𝟐𝟔 ≈ 𝟎. 𝟗𝟕

𝑭𝒂𝒍𝒔𝒆 𝑨𝒍𝒂𝒓𝒎 = (𝟎. 𝟏𝟒)𝟐𝟔 ≈ 𝟓. 𝟗𝒆−𝟖

For training the classifier a data set which contains 1423 pictures of rear-views of vehicles and
200 additional pictures of the rear view of the target car in this thesis and also 2768 pictures of
non-vehicle objects is used.

4.5 Yellow Color Mask
After using the classifier to detect vehicles, the target vehicle must be identified among all detected
candidates. In this work a color mask matching the color of the target car is employed as a cue for
finding the target vehicle. In fact, a bright yellow marker was placed on the vehicle in order to
make the car color more unique. Each frame is converted from RGB to HSV which is the color
space that is near to human perception of colors. A range filter is then used in order to filter the
yellow area from the rest of colors (Bradski & Kaehler 2008). Figure 4-16 shows the result from
one frame. All candidate cars found by the classifier are shown as darker blue rectangles while the
target car is in the light blue rectangle.
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Figure 4 - 16 Vehicle Detection Result

Clearly color is not a reliable identification cue, particularly if the vehicle of interest is a common
color or is in a shadow. Since have assumed cooperating vehicles that are communicating, vehicle
identification would be achieved using a priori position or other information provided by the target
vehicle. This is discussed further in section 5.5.

4.6 Video Processing
While classification and detection has been applied to each video frame, applying a Kalman Filter
can smooth the results by tracking the identified target vehicle in a series of video frames. This is
analogous to acquisition and tracking in GNSS receivers and is referred to in this work as video
processing. The states of Kalman filter are x and y (the horizontal and vertical position of target
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car in the image). A constant velocity model is considered as the system model for this filter. It is
a valid model since in this thesis 30 frames per second video data is used and the position of car
in consecutive frames is not expected to vary much. The advantages of video processing can be
demonstrated when two vehicles have the same color. In this case, since the location of the target
is known a priori, the Kalman filter can help reject the other detected vehicles.

4.7 Results and Discussion
In this section the experimental results of the aforementioned algorithm are discussed. A
comprehensive description of the data collection setup can be found in section 5.1. However, in
this section, the video data collection is briefly depicted.

A test consisting of two vehicles was conducted in two different trajectories. The data collection
is done at 11 July 2013. The first one starts at GPS time 423714 (Week 1748) and the other one
starts at GPS time 424291. In this thesis, the first data segment is named “Test Segment 1” and the
second data segment is named “Test Segment 2”. The tests are 95 seconds and 205 seconds long
respectively. One of the cars was equipped with GoPro HD Hero camera (GoPro Camera Website).
In this study, this car is named “Measuring Car” and it captures video of the other car. The
resolution of the camera was 1280 × 960 and the video data rate was 30 fps.

In Table 4-1, the results of vehicle detection algorithms in each test set are presented. Since there
was no reference to evaluate the detection results, the evaluation is done manually. If more than
approximately 85 percent of the target car lies within the detection window, the detection
considered as the correct detection. The second column of each table shows the total number of
frames evaluated in each segment of the tests.
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Table 4 - 1 Vehicle Detection Results

Test
Segment

Total

Multiple

Multiple

Number of

Vehicle

Vehicle

Missing Rate

False Alarms

Frames

Detection

Detection and
False Alarm

1

2850

1.70%

7.08%

6.00%

2

6150

1.20%

13.57%

2.98%

13.08%
16.55%

The third column of each table is the percentage of the frames where the algorithm failed to detect
the target car. This value is reasonably low. In the first test segment, in 10 frames, when the
algorithm could not find the target car, it found another car instead (0.35% of total frames) but in
the second test segment, it did not find any other cars/objects when it missed the target car.

The fourth column represents the percentage of the frames where the algorithm found multiple
cars. The detected cars in these frames mostly include the target car except for the 10 frames in
the first test segment. In the first test set, because of the variation in the illumination conditions,
the algorithm occasionally specified white/gray cars as yellow cars in a few frames (Figure 4-17).
This highlights the fact that the color is not very reliable feature for determining the target car
among all other cars. In second test set, in some intervals, there were some other yellow cars
(including taxies), in the opposing traffic lanes that were detected in error (Figure 4-18).
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Figure 4 - 17 Multiple Car Detection
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Figure 4 - 18 Multiple Car Detection

The fifth column represents the number of frames where the algorithm specified non-vehicle
objects as the target car (Figure 4-19). When the car recognition algorithm finds a non-vehicle
object with the same color as the target car, this situation can occur. Although the learning
algorithm is modeling the vehicle appearance fairly well, the model is still not ideal. Using a larger
training data set can improve the performance of the vehicle recognition algorithm but false alarms
such as these will still occur. The last column is the summation of 4th and 5th columns which
represents total number of multiple detections. Although this number is relatively larger, the
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additional application of Kalman Filter based video processing can filter out almost all the other
detections as shown in Figure 4-20 and Figure 4-21.

Figure 4 - 19 Specifying Non-vehicle Object as the Target Car

Figure 4-20 and Figure 4-21 illustrate the results of the detection and tracking algorithms. The
vertical axes represent the horizontal position of the center of the detection window around the
object while the horizontal axes shows the frame number. The blue dots depict the detection result
in each frame and the red line demonstrates the tracking results. As it can be seen in these figures,
by using the temporal continuity of the target detection, the Kalman filter successfully filtered all
the wrong detections and compensated for the missed target as well. Also note that in the first test
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set the wrong detections do not have any specific pattern while in the second test set they
sometimes have a vertical-line-like pattern. It is due to the fact that in second test set, there are
several situations where similarly colored car approaches in the opposite lane which leads to
continuous detection of these cars as well as the target car.

Figure 4 - 20 Vehicle Detection and Tracking Results in Test Segment 1
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Figure 4 - 21 Vehicle Detection and Tracking Results in Test Segment 2

4.8 Summary and Discussion
In this chapter, a vehicle detection algorithm is described and both learning and detecting parts are
stated. This algorithm is then tested on two different short segments of video data collected in a
vehicle test set. Reasonable results show the good performance of this algorithm for this
application. In next chapter, the results of this chapter are integrated with a moving-base station
GNSS solution and the ability of a moving-base station GNSS solution to improve the detection
algorithm is also proposed, developed, and demonstrated.

81

Chapter Five: Integration of Vision-based Vehicle Recognition and GNSS Solution
In this chapter, the experimental results of the integration of vision-based vehicle recognition and
the GNSS solution are presented as follows:

In section 5.1, the data collection setup is described and the test trajectories are shown. In section
5.2, the capability of computer vision for measuring bearing angles is studied by comparing the
reference bearings and the vision-derived bearing measurements. In section 5.3, a relative
positioning solution provided by the UWB ranges and vision-derived bearing measurements is
evaluated using the reference solution. In section 5.4, the improvement of the GNSS solution
caused by the integration with vision-derived bearing measurements is demonstrated. In section
5.5, the improvement of vision-based vehicle recognition by using the GNSS solution is shown.

5.1 Data Collection
In order to test the algorithms in this thesis, a two vehicle data set was collected on July 11, 2013
in open sky on a city street in Calgary. Each vehicle was equipped with a GPS antenna which was
connected to a geodetic grade receiver. UWB radios were provided in order to measure direct
ranges. For the vehicle with the camera (measuring vehicle), a tactical grade INS integrated system
was used to a obtain reference trajectory with cm level accuracy (Figure 5-1 and Figure 5-2). On
a nearby building roof another geodetic grade receiver was used to obtain differential GPS
reference trajectory. In addition the measuring vehicle was equipped with a GoPro HD Hero
camera.

82

Figure 5 - 1 Data Collection Setup on Rover Car

Figure 5 - 2 Data Collection Setup on Measuring Car
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The reference trajectory was obtained for each vehicle using a commercial forwards/backwards
carrier phase GPS/INS integrated solution for the measuring car. For the rover car, the RTK carrier
phase differential GPS solution was used to obtain the reference solution. The IMU data was also
used in order to determine the azimuth of the measuring vehicle.

The video data was synchronized by recording GPS time in an image frame at the start and end of
the test.

The data rate for GPS measurements was 10 Hz and for the IMU data was 100 Hz. The data rate
for UWB ranges measurements were approximately 5 Hz. The resolution of the camera was
1280 × 960 and the video data was recorded at 30 fps.

Two different parts of data are examined in this section. The first one starts at GPS time 423714.
(Week 1748) and the other one starts at GPS time 424291. In this thesis, the first data segment is
named “Test Segment 1” and the second data segment is named “Test Segment 2”. The trajectories
of each data set are shown in Figure 5-3 and Figure 5-4 respectively.
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Figure 5 - 3 Test Trajectory of the Test Segment 1
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Figure 5 - 4 Test Trajectory of the Test Segment 2

The distance and bearing between the rover car and the measuring car (computed from the
reference solution), during each test segment are shown in Figure 5-5 and Figure 5-6.
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Figure 5 - 5 Separation and Bearing of Rover Car Relative to Measuring Car in Test
Segment 1 Computed from the Reference Solutions

Figure 5 - 6 Separation and Bearing of Rover Car Relative to Measuring Car in Test
Segment 2 Computed from Reference Solution
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5.2 Bearing Measurement Error
The algorithm developed in Chapter 4 is applied to the each frame of the video resulting in an
independent detection for every frame. These pixel detections are then converted to horizontal
angle or bearing measurements. The accuracy of these bearings can be evaluated by comparing
them to the bearing obtained from the reference trajectory.

Since camera has a fixed focal length, the correspondence between pixel and angle remains
constant throughout the tests. To convert from pixel column to horizontal angle, we used the
following equation:

𝑣𝑖𝑠𝑖𝑜𝑛 𝑑𝑒𝑟𝑖𝑣𝑒𝑑 𝑏𝑒𝑎𝑟𝑖𝑛𝑔 = tan−1

𝑝𝑥
𝑓

(5-1)

Where 𝑝𝑥 is the horizontal distance between principal point and the target position in the image
and f is the focal length.

Figure 5-7 and Figure 5-8 show the bearing measurement errors in each test. The bearing
measurement errors are mostly less than 2 to 3 degrees except for the small interval in the end of
each test. This is when the car starts to make a turn.
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Figure 5 - 7 The Bearing Measurements Error (Test Segment 1)

Figure 5 - 8 The Bearing Measurements Error (Test Segment 2)
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As mentioned in Chapter 4, the center of the detection window is considered as the horizontal
position of the vehicle in the frames. It is approximately the center of the car. In the data collection
setup, the antenna is installed on the center of the roof of the rover car. Hence, the center of the
car and the horizontal position of the GPS antenna on the rover car in the image is almost the same.
However, by using the distance between the GPS antenna and the back of the car and knowing the
heading of the rover car, the detected point can be mapped to antenna position. However, in this
data collection there was no data available for the heading of the second car. In most of the frames,
it does not make much difference since the horizontal position of the antenna was almost the same
as the center of the detection window. However, as shown in Figure 5-9 during turns, there is a
slight difference between the horizontal position of the antenna and the detection window due to
the lever arm between the GPS antenna and the rear of the car which is being detected. The red
line shows the approximate column detected by the vehicle detection method while the green line
is the actual position of the GPS antenna in the image.
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Figure 5 - 9 The Difference between the Horizontal Position of the GPS Antenna and the
Center of Detection Window in the Frame 5980 of Test Segment 1

5.3 Relative Positioning Solution
Before integration of the vision-derived bearing measurements and the GNSS solution, it is
worthwhile to see if the obtained bearings and the range measurements can lead to a reasonable
relative solution. For this purpose, a local coordinate system is defined in the body frame of the
camera equipped vehicle. Figure 5-10 shows this coordinate system.

In order to determine the relative position, the range measurements and bearing measurements are
used. For the range measurements, the data of the UWB range radios has been used. Figure 5-11
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and Figure 5-12 show the range measurement error determined from the reference trajectories. The
error for UWB range measurements is low and it is mostly below 1 metre.

Figure 5 - 10 Local Coordinate System
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Figure 5 - 11 The Range Measurements Error (Test Segment 1)

Figure 5 - 12 The Range Measurements Error (Test Segment 2)
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Figure 5-13 and Figure 5-14 illustrate the relative position error in the body frame of the camera
equipped vehicle. From this figure, it is evident that the bearing measurement errors appear in the
across track direction while the range errors have impact on the along track error. Where in this
case along and across track are defined in the body from of the measuring vehicle. This is the
expected result given the fact that the camera equipped vehicle was following the other vehicle.
The performance of this relative solution is reliable and the error is below 4 meters for all of each
test. This system can be used for obtaining relative positioning solution even when there is no GPS
data.

Figure 5- 13 Relative Positioning Solution (Test Segment 1)
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Figure 5 - 14 Relative Positioning Solution (Test Segment 2)

5.4 Integration of Vision Derived Bearing Measurements and DGPS
A general overview of the integration of bearing measurement to moving base-station DGPS was
described in Chapter 2. An Extended Kalman filter, discussed in section 2.2, was used to tightly
integrate the DGPS and bearing data. In this section, the results of the integration of vision-derived
bearing measurements and DGPS solution area assessed. Figure 5-15 and Figure 5-16 illustrate
the positioning errors in North, East and Up directions. These figures show that additional of the
bearing measurement to the DGPS solution results in a slightly improved solution, particularly in
North direction when the vehicles are driving approximately east and in East direction when the
vehicles are driving approximately north. This is due to the fact that when the vehicles are driving,
for example, approximately in the East direction, the North component maps mainly into the across
track direction, which is more strongly observed by the bearing measurement.
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Figure 5 - 15 Positioning Solution Error (Test Segment 1)
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Figure 5 - 16 Positioning Solution Error (Test Segment 2)

In order to make it more clear, along track and across track errors are plotted in Figure 5-17 and
Figure 5-18. These figures depict that the addition of the bearing measurements significantly
smooth the across track error. Considering Figure 5-5, Figure 5-6, which show the bearing between
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two vehicles, it can be noted that when the vehicles makes a turn the effect of the bearing
measurements is mostly on the along-track direction as is expected from the geometry of vehicles
during turns. It is mostly observable at the end of each test segment when the bearing
measurements have error due to the unmodeled lever arm in the rover vehicle and they mostly
affect the error in along-track direction.

Figure 5 – 17 Along-Track and Across-Track Error (Test Segment 1)
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Figure 5 – 18 Along-Track and Across-Track Error (Test Segment 2)

The statistics of the errors in the along-track and across track direction are summarized in Table
(5-1). The mean of the error decreased significantly in across-track direction and slightly in alongtrack direction when the bearing measurements are added. In first test segment, since the standard
deviation of the error of the GPS only solution was relatively high adding bearing measurements
could decrease it. However, in the second test segments, where the GPS only solution error has
low standard deviation, by adding bearing measurements, the standard deviation is slightly
increased.
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Table 5 - 1 Along-Track and Across-Track Error Statistics
Along-Track
Solution

Test Segment

Across Track

Mean

Std Dev

Mean

Std Dev

GPS-Only

1

0.04

0.52

-0.07

0.52

GPS+Bearing

1

0.02

0.46

0.02

0.39

GPS-Only

2

-0.07

0.24

0.04

0.19

GPS+Bearing

2

-0.06

0.32

0.00

0.29
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5.5 Vision aided by GNSS
In previous sections, how vision-derived bearing measurements can help to improve the relative
positioning solution was discussed. However, when GPS solution is accurate, it can help the
vehicle recognition algorithm as well.

As mentioned in Chapter 4, one of the problems with the vehicle recognition algorithms is the
prevalence of the false alarms and multiple vehicle detection. In this section, the term “wrong
detection” is used to describe any detection other than a correct detection of the target car. This
includes both multiple vehicle detection and false alarms. A Kalman filter or other tracking
methods can filter out most of the false alarms provided the desired target is present in a sufficient
number of consecutive frames. However, on one hand, in real applications, the target car may
appear and disappear so often and it can degrade the performance of the tracking algorithms. On
the other hand, several cars with the same color or even same model can be found in the field of
view of the camera and if the vehicle detection algorithm detects them for a long time, there is a
chance that the algorithm ultimately detects them incorrectly as the target car. Specifically if the
target car leaves the image at the same time that other detected objects are present. Additionally,
if the target car goes out of the field of view of the camera, the algorithm should stop looking for
the target car.

One of the solutions for the mentioned problems is using sensors other than camera to track the
target. When a moving base station GNSS solution is available, it can be used to estimate the
horizontal position of the target vehicle in the body frame of the measuring vehicle and thus in the
image. In the previous section, the inverse procedure was employed to provide the horizontal angle
between cars to improve the GNSS solution. The horizontal distance between two cars can be
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computed based on GNSS solution as well. This distance can define a region where the detection
results are acceptable. In other words, when the target car is near, this region is wider and when
the target car is far from measuring car, this region is narrower. There are two main reasons for
this choice. Firstly, when the target car is near, it occupies many pixels in the image and there is a
low chance that any other detection will happen in nearby pixels. Secondly, if the result of this
step is used for any positioning solution, in near distances, the position of the target car is less
sensitive to the angle between vehicles while if the distance is far even a small error in the bearing
angle may result in the large error in across-track position of the target car. Hence, the filter should
not be very wide in far distances.
Therefore, in order to filter out the “wrong detections” of the vision-based vehicle recognition, a
set of columns are defined and the detection results are acceptable only if they occur in those
columns. The central column of this region is determined by using the bearing angle between
vehicles computed from the GNSS solution. The width of this region can be determined as follow:

𝑤𝑖𝑑𝑡ℎ = 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 × 𝛼

(5-2)

Where the distance is computed from the GNSS solution and the 𝛼 is a constant value which
determine how the width of the defined region is changing with respect to the relative distance
between vehicles. There is a trade-off between filtering out the wrong detections while accepting
correct detections. If the region is too narrow, it may remove correct detections as well and if it is
too wide it will not be effective. Hence, an optimal value for α needs to be chosen depending on
the accuracy of GNSS solution. This region can be also used to limit the search space for detection
which leads to less processing cost.
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In order to provide GNSS solution for this procedure, an epoch-by-epoch DGPS positioning
solution is used. The horizontal error of this solution is shown in Figure 5-19 and Figure 5-21. The
angle and distance between vehicles are computed based on this epoch-by-epoch GNSS solution.
Errors for two test sets are represented in Figure 5-20 and Figure 5-22. These figures show that the
accuracy of GNSS solution is generally better than two meters. In next step, these values are used
to remove outliers in the vehicle detection results.

Figure 5 - 19 The Absolute Horizontal Position Error (Test Segment 1)
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Figure 5 - 13 Computed Bearing and Distance Error (Test Segment 1)

Figure 5 - 14 The Absolute Horizontal Position Error (Test Segment 2)
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Figure 5 - 22 Computed Bearing and Distance Error (Test Segment 2)

Figure 5-23 and Figure 5-24 show the detection results before and after being filtered by the GNSS
solution. The green lines in these figures show the central column of the defined region while the
red lines show are the bounds of the acceptable region outside of which detections will be
eliminated using the GNSS information.
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Figure 5 - 23 Filtering Vehicle Recognition Results by GNSS Solution (Test Segment 1)

Figure 5 - 24 Filtering Vehicle Recognition Results by GNSS Solution (Test Segment 2)
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Table (5-2) shows the result of vehicle detection for each test segment with and without using the
GNSS solution. It can be concluded that the missing rate is slightly increased while the total wrong
detections are significantly decreased.

Table 5 - 2 Vehicle Detection Results for Vision-Based Vehicle Recognition and Aided
Vision-based Vehicle Recognition

Total
Solution

Test Segment

Number of
Frames

Total Wrong
Missing Rate
Detections

Vision Only

1

2850

1.70%

13.08%

Aided Vision

1

2850

4.70%

4.35%

Vision Only

2

6150

1.20%

16.55%

Aided Vision

2

6150

6.01%

1.29%

One of the advantages of using this algorithm is the high tolerance of the system for the false
alarms in the detection step. As it is mentioned in Chapter 4 when the car appearance is modeled
by a learning algorithm, there is a trade-off between the false alarm rate and the missing detection
rate. If the false alarm rate is set to be low the target car will be missed more by the detection
algorithm. However, by using this algorithm, the system can tolerate more false alarms since many
of them can be filtered by the GNSS filter and higher correct detection rate can be obtained.
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5.6 Summary
In this chapter, the experimental results of the integration of vision-based vehicle recognition and
GNSS solution are reviewed. The bearings obtained by vehicle recognition algorithm are evaluated
using reference solution and it is shown that the proposed algorithm has a promising performance.
In next step, by using these bearing measurements and UWB range measurements a relative
positioning solution is provided and its performance is evaluated as well. Then, the improvement
of GNSS solution caused by the integration with vision-derived bearing measurements is
demonstrated. Finally, the effect of using GNSS solution for improving the vehicle recognition
algorithm is studied
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Chapter Six: Conclusions and Future Works
In this thesis, the integration of vision-derived bearing measurements and a moving base station
differential GNSS solution is proposed. The background related to this topic is reviewed and the
results are presented based on the real data. In next three sections first the conclusion and
summary of this thesis are stated and then the potential future works are discussed.

6.1 Summary
The main goal of this research was to introduce a new way of integrating vision-based data with
a moving base station differential GNSS solution to determine the relative location of land
vehicles. In order to present the algorithms and results the following steps were taken in
different chapters and sections:


In the first chapter related research is described in three different areas: V2V navigation,
vision-based navigation and vehicle recognition algorithms. After searching through these
studies, on one hand, the lack of an effective method to add the V2V relative measurements
to V2V navigation solution using a camera was obvious. On the other hand, in previous
studies, it was apparent that the vision-based solutions have never been aided by the GNSS
solutions. The purpose of this research was to address both of these problems.



In the second chapter, the background of V2V navigation was described. The principal of
computing a differential GNSS solution was reviewed briefly and then how the bearing
measurements can be considered as a new observations for estimating of the relative
position was described. In the second part of this chapter, the camera calibration parameters
were described before their use in Chapter 3 and Chapter 4.
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In order to add bearing measurements to the V2V GNSS navigation solution, the camera
equipped car needs to capture video of the other car(s) and detect it (them) in each frame.
Two different approaches are described in Chapter 3 and Chapter 4.



In order to detect cars in the video frames, the first idea was to use a marker which has the
same shape as car’s license plate. This idea was tested in Chapter 3. A previously developed
method for car license plate identifications described in this chapter, modified for the
particular application, and then applied to a real data set. Although the results were
encouraging, the high dependency of the method of the color of the marker, and the
sensitivity of the observed color to the illumination conditions results in an algorithm that
is not robust these different situations. It was also not realistic to put a large marker on
every car in real applications and real licence plates could not reliability be detect with
current available video camera resolutions. Hence, a more robust algorithms was used in
Chapter 4.



In Chapter 4, a vehicle recognition algorithm, which has previously been identified as one
of the most effective algorithms in previous studies is described and implemented for
application to the V2V case. A Kalman filter based tracking method is also used to smooth
the results of the vehicle detection and also remove outliers. The result of applying this
algorithm to a real dataset is described comprehensively. The results were promising in
terms of both detection rate and the false alarms.



In Chapter 5, the data collection setup is described. Then the accuracy of vision-derived
bearing measurements is studied by using the result of Chapter 4 and the reference solution.
The errors were mostly below 2 to 3 degrees except for the small intervals in each test
segments when the errors went to approximately 5 degrees. These bearing measurements
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were then integrated with UWB range measurements in order to provide a relative position
solution independent of any GNSS observations The error of this solution was less than 2
meters in most of the time except for approximately 3 seconds in first test segment where
the error was between 3 and 4 meters.


The integration of vision-derived bearing measurements to the GNSS solution is then
studied. The results showed improvements specifically in the across-track direction where
the bearing measurements are most effective at observing the relative position. Adding
bearing measurements also improved the solution in terms of the mean and the standard
deviation of the errors.



Finally the GNSS solution was also used to filter out the outliers in the vision-based vehicle
detection. This algorithm was effective in both test segments. The potential applications of
this algorithm are discussed below.

6.2 Conclusions
Based on the test methods developed and the tests reported in this thesis the following
conclusions can be drawn:

1. Although the initial idea behind this work was to attempt to identify car licence plates
in video imagery and use the locations of the licence plates to obtain bearing
observations, the attempt to do this, described in Chapter 3, proved this method was
not appropriate. The main limitation is the small size of the licence plate. The algorithm
was only reliable when using a larger target in perfect lighting conditions and it can be
concluded that this method will not be practical until higher resolution cameras are
common on vehicles.
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2. The use of machine learning to identify vehicles in imagery, which has previously been
utilized without the integration with GNSS sensors is an appropriate method to identify
vehicles from cameras mounted on moving vehicles. Bearing measurements can then
be obtained from these identified vehicles.
3. The proposed algorithm introduced a new opportunity of using computer vision-based
measurements in V2V navigation systems. Using the vision-based bearing
measurements improved the accuracy of the relative positioning solution.
4. There is a trade-off between false alarm rate and detection rate in vehicle recognition
algorithms. In order to have a high detection rate, a high false alarm rate must be
allowed. The identification method can tolerate a relatively high false alarm rate if
outliers are then removed by using a priori relative positioning information (from
GNSS). .

6.3 Future Work
As it is mentioned in Chapter 1 this study can be considered as the first study where the visionbased measurements are used in order to add relative measurements between vehicles in V2V
navigation. There are several potential studies can be done in order to both improve or to extend
this study.


As it is stated in Chapter 4, in order to distinguish between the target car and the other cars
recognized by the vehicle recognition algorithm, the color is used. However, it is not a very
robust method. Algorithms for detecting specific models of cars can be studied and added
to this part. Logo detection can also be effective if the high resolution cameras are used.
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Ultimately, the goal should be licence plate detection and reading which would provide an
unambiguous identification of the target vehicle.


Scenarios with more than two vehicles should be investigated. This could also include
scenarios where each vehicles is equipped with both forward and rear-looking cameras.
Both will be standard equipment in the near future with rear looking cameras already a
standard feature on mid-range and high-end cars, SUVs and minivans. With multiple
vehicles so equipped, they will be able to communicate with each other and if they both
can see each other they can use the detection in order to measure the bearing angle. This
can be effective to make this algorithm more robust specifically in crowded areas where
the target car needs to be recognized among all other cars.



The stereo vision algorithms can be also used in this study. This would be beneficial since
by using these algorithms more outliers will be rejected in detection phase since the same
car needs to be recognized by both cameras in order to be accepted. Plus, the range between
vehicles can also be measured directly and this can be used with/without radio ranges. In
first case, the measurements of each sensor can be validated by the other one.



It is important to mention the fact that aiding GNSS by vision-derived bearings and aiding
vision based detection with a GNSS solution as presented in this thesis are two halves of a
potentially closed processing loop. In one half, the vision derived bearing measurements
are used to improve the relative navigation solution and in the second one the GNSS
solution reduces the wrong detections of the vision method. In the datasets presented in
this thesis, the vision Kalman filter was able to handle most out the vehicle detection
outliers. However in scenarios when target cars appear and disappear frequently
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implementing a fully closed loop between the GNSS and the vision system could be very
beneficial and should be investigated.
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