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Abstract 

Statistics show that worldwide motor vehicle collisions lead to significant death and 

disability as well as significant financial costs to both society and the individuals 

involved. This thesis aims to address this issue by proposing a system for the 

detection of lane departures and obstacles, two of the leading causes of road fatalities 

by collisions. Awareness of the environment that surrounds a vehicle can make 

driving and manoeuvring of the vehicle much safer for all road users.  

The primary focus of this thesis is the development of an image processing system to 

detect lane departure using a single, forward facing visible spectrum camera. This 

system uses a novel lane marking segmentation algorithm in accordance with 

national standards for lane markings and identifies lane departure using guidelines 

issued by the International Organisation for Standardization. 

Issues with a single camera-based LDW system can arise when other road users 

occlude the field of view of the sensor, or by glare from oncoming headlamps and 

bright sunlight on the sensor. To address these problems, a lane departure warning 

system that utilises multiple cameras is also presented. This multi-camera system is 

more robust to errors caused by lane marking occlusions, sensor failure, and glare 

that a single camera-based system can suffer from.  

Object detection is a large area of research in the field of automotive technologies. 

By displaying the surroundings of the vehicle and the included objects to the driver 

in a useful and intuitive way, this aids the driver to safely manoeuvre the vehicle. 

Similarly, warning the driver of potential obstacles in the trajectory of the vehicle 

reduces the probability that the vehicle will be in a collision. An examination of the 

state of the art in object detection and distance determination technologies is 

presented and from analysis of the limitations in existing systems, a number of novel 

obstacle detection/distance determination systems are also proposed in this thesis.  

Overall, this research aims to reduce the number of vehicle collisions and contribute 

to a safer driving environment.  

  



List of Figures 

 vii 

List of Figures 

Figure 2.1: Warning thresholds for lane departure .................................................... 13	  

Figure 2.2: (b) Further classification of passive methods. ......................................... 19	  

Figure 2.3:    Ultrasonic collision avoidance system. (a) Sensor locations. (b) 

Audible and visual feedback of distance. .................................................................. 21	  

Figure 2.4: Basic RADAR System. (a) RADAR signal transmitted by device. (b) 

Timed reflection from target received by device. ...................................................... 22	  

Figure 2.5: Basic LADAR System ............................................................................ 23	  

Figure 3.1: Flowchart for Lane Departure Detection ................................................ 35	  

Figure 3.2:    Accuracy of line approximation for curved lane markings: ac is the 

detected lane boundary with error e to the potential point of lane departure. ........... 36	  

Figure 3.3: Mapping of road-plane coordinates to image plane coordinates ............. 38	  

Figure 3.4:    (a) Captured forward facing image. (b) Region of interest indicated by 

two horizontal white lines. The upper white line indicates the maximum distance, 

and the lower white line indicates the minimum distance within which lane position 

was determined. ......................................................................................................... 40	  

Figure 3.5: Lane Segmentation Algorithm: (a) A series of 2nd Differential Gaussians 

kernels, linearly decreasing in width, are scanned along each row, from the bottom 

of the image to the horizon, resulting in (b). ............................................................. 41	  

Figure 3.6: Hough transformation of the image, with Hough peaks shown as small 

red squares. Detected clusters of Hough peaks are shown as large blue squares. ..... 43	  

Figure 3.7: A sequence of forward facing images demonstrating a detected lane 

departure and corresponding Hough transformation. The top row displays the 

forward facing image. The bottom row displays the corresponding Hough transform.

 ................................................................................................................................... 47	  

Figure 3.8: (a) Example of correct lane border detection: right lane markings are 

within the threshold area (green) as outlined by ISO 17361:2007 (b) Example of 

incorrect lane border detection: right lane markings are outside the threshold area as 

outlined by ISO 17361:2007. ..................................................................................... 50	  

Figure 3.9:   GUI developed to collate lane border detection results. Data on 

detection rate and false positives is recorded for each frame. ................................... 51	  

Figure 3.10: Sample of collated lane border detection results data. Note that this data 

file is shortened for display purposes. ....................................................................... 51	  



List of Figures 

 viii 

Figure 3.11: Samples of false detections. .................................................................. 57	  

Figure 3.12: Samples of correct detections demonstrating the robustness of the 

system. ....................................................................................................................... 57	  

Figure 4.1: Flowchart for Lane Departure Detection ................................................ 62	  

Figure 4.2:  (a) Captured forward facing image. (b) Region of interest indicated by 

two horizontal white lines. The upper white line indicates the maximum distance and 

the lower white line indicates the minimum distance within which lane position is 

determined. ................................................................................................................ 64	  

Figure 4.3: (a) Lane Segmentation Algorithm. A series of lineally increasing in 

width 2nd Differential Gaussians kernels are scanned along each row, resulting in 

(b). A boundary scan is made and a Hough transformation, resulting in (c). The 

detected peaks (c) are remapped to the forward facing image (d). ............................ 66	  

Figure 4.4:  (a) The detected lane marking segments in the forward (blue) and rear-

facing  (red) image are mapped to the road plane. (b) The lane markings on the road 

plane are converted to polar coordinates (crosses). The cluster centers are found 

(circles) and tracked using a Kalman filter. (c) The cluster centers are mapped back 

to the road plane, demonstrating the detected lane borders. (d) The cluster centers are 

mapped back to the forward and rear-facing image. ................................................. 69	  

Figure 4.5:  Sample output forward facing (top) and rear facing (bottom) video 

frames by the system. ................................................................................................. 76	  

Figure 5.1: Variability of potential obstacles in an automotive environment ........... 80	  

Figure 5.2:    Obstacle determination by road surface segmentation flowchart ........ 84	  

Figure 5.3:  Camera configuration for capturing test video in the host vehicle. ....... 86	  

Figure 5.4:   GUI developed to collate obstacle detection results. Data on detection 

rate and false positives is recorded for each frame. ................................................... 87	  

Figure 5.5: (a) Example false positives detected by the system. (b) Examples of 

correct detection. ........................................................................................................ 88	  

Figure 5.6:   Proposed SODDAA collision avoidance system (a) Camera and rear 

lamp locations (b) Side view of camera location, with outline of camera image plane.

 ................................................................................................................................... 90	  

Figure 5.7:   Sample images of rear-facing camera with (a) left reversing light on and 

(b) right reversing light on. ........................................................................................ 90	  

Figure 5.8: Sample output image of edge detection algorithm. ................................. 91	  



List of Figures 

 ix 

Figure 5.9:  (a) Simulated path of vehicle turning left on the road plane (turning 

radius: 25m, steering angle: 11°, vehicle width: 2m). (b) Resulting path mapped to 

the image plane. ......................................................................................................... 94	  

Figure 5.10: Sample output of SODDAA algorithm. ................................................ 96	  

Figure 5.11: Accuracy of SODDAA Distance Determination ................................ 103	  

Figure 5.12: Standard rear view camera collision avoidance system. (a) Sensor 

location. (b) Side view of sensor location, with outline of camera image plane. (c) 

Sample display image. ............................................................................................. 108	  

Figure 5.13: Rear view camera IPM collision avoidance system. (a) Sensor location. 

(b) Side view of sensor location, with outline of camera image plane. (c) Sample 

display image. .......................................................................................................... 110	  

Figure 5.14: Fujitsu rear view camera collision avoidance system. (a) Sensor 

location. (b) Side view of sensor location, with outline of camera image plane. (c) 

Sample display image. ............................................................................................. 111	  

Figure 5.15: (a) Original test image with areas of division in image (b) Projection of 

areas onto a virtual image plane .............................................................................. 113	  

Figure 5.16: MAIPM Sample output images. .......................................................... 115	  



List of Tables 

 x 

List of Tables 

Table 2.1: Summary of standards for LDW systems ................................................. 12	  

Table 2.2: Location of earliest warning threshold ..................................................... 12	  

Table 3.1: Results for Lane Boundary Detection for Single Forward Facing Camera

 ................................................................................................................................... 54	  

Table 3.2: Results for Lane Departure Detection ...................................................... 55	  

Table 4.1: Results for Lane Boundary Detection ...................................................... 73	  

Table 4.2: Results for Lane Departure Detection ...................................................... 74	  

Table 5.1: Results for Obstacle Determination by Road Surface Segmentation ....... 87	  

Table 5.2: Results of SODDAA for Various Lighting Conditions Dataset ............... 98	  

Table 5.3: Results of SODDAA for Accuracy of Distance Determination Dataset.101	  

Table 5.4: Results of SODDAA for Dynamic Obstacle Dataset ............................. 104	  

  

  



List of Abbreviations 

 xi 

List of Abbreviations 

 

ABS Anti Brake Lock System 

ACC Automatic Cruise Control 

CCD Charged Coupled Device 

CAN Controller Area Network 

ECU Engine Control Unit 

IPM Inverse Perspective Mapping 

IR Infra-Red 

LDW Lane Departure Warning 

LED Light Emitting Diode 

MATLAB Matrix Laboratory 

NHTSA American National Highway Traffic 

Safety Administration 

NRA National Roads Authority of Ireland 

RGB Red Green Blue 

SVRD Single Vehicle Road Departure 

VRU Vulnerable Road Users 

WHO World Health Organisation 

  

  

  

  

  

  

  

  



Chapter 1: Introduction 

 1 

Chapter 1 Introduction  

1.1 Motivation and Background to Collision Avoidance 

One of the largest areas of research and development in the automobile industry at 

the moment is in the area of road safety, which is a growing concern for most 

modernised countries, as described in [1]. In the European region, The World Health 

Organisation (WHO) reported that in 1998, 2 million traffic accidents resulted in 

120,000 deaths and 2.5 million injuries [2]. One in every three road traffic deaths 

involved people younger than 25 years of age. Pedestrians and cyclists were 

particularly vulnerable groups [3], making up 45% of all road deaths in the United 

Kingdom. Worldwide, a similar study by the WHO stated that annually, over 1.2 

million fatalities and over 20 million serious injuries occurred in 2004 [4]. More 

recently, in 2007, over 150 000 people died and a further 6 million were injured in 

the 44 countries represented by the International Transport Forum [5]. The American 

National Highway Traffic Safety Administration (NHTSA) found that motor vehicle 

collisions account for 99% of non-fatal transportation-related injuries as well as 94% 

of transportation-related deaths [2]. As such, automotive manufacturers have already 

widely adopted safety features such as Anti Lock Brake Systems (ABS), air bags, 

traction control, and Electronic Stability Control (ESC) into their vehicles to prevent 

or minimise the damage caused by these accidents, and it is likely that many more 
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accident prevention technologies will be developed for use in vehicles in the near 

future.  

Recent statistics have shown that lane departure detection is one of the most 

important areas of research for accident prevention. NHTSA has recognised that 

Single-Vehicle Road Departure (SVRD) collisions lead to more fatalities than any 

other crash type [6]. Lane Departure Warning (LDW) was a key technology 

identified by the NHTSA Intelligent Vehicle Highway System (IVHS) program that 

could potentially reduce the number of fatalities and injuries associated with SVRD 

[7]. A recent study by the Virginia Tech Transportation Institute [8] found that 80% 

of all collisions and 65% of all near-collisions involved driver inattention within 3 

seconds of the crash. Therefore, there is a compelling argument for the development 

of a system that can warn the driver of a lane departure or an imminent collision and 

thus help prevent an accident from occurring. This thesis presents an automotive 

system to warn the driver of a lane departure, and thus aid the driver in collision 

avoidance.  

Lane markings are detected using national standards for road markings. These lane 

markings are identified by image processing analysis of forward facing road video 

from a standard visible spectrum colour camera, which vehicle manufacturers have 

begun to introduce to their vehicles for applications such as automatic headlamp 

dipping, or road sign recognition [9]. Lane borders are identified from their 

corresponding lane markings, within the constraints of proposed Lane Departure 

Warning (LDW) and national lane marking standards. Using information on the 

track width of the vehicle, guidelines in the proposed LDW standards and the 

intrinsic and extrinsic parameters of the camera, lane departures are detected and a 

warning can be issued to the driver. 

Single camera LDW systems can fail when other road vehicles occlude the camera, 

when there is glare from strong sunlight or headlamps on the sensor, or when the 

sensor itself suffers hardware failure. Multi-camera systems are beginning to appear 

on the latest vehicles [10-14]. These forward, rear, and side view cameras allow the 

driver 360° panoramic views of the vehicles surroundings. Using lane-marking 

information from multi-camera systems, it is shown in this thesis how lane borders 

can be identified. This multi-camera LDW system is demonstrated to be more robust 

than a single camera-based LDW system.   
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A common element included in systems for collision avoidance is detection of 

obstacles in the path of a vehicle, and just as importantly, the distance to those 

objects. The development of obstacle determination systems for the automotive 

market is a strongly growing field, driven in particular by customer demand to 

increase the safety of vehicles both for drivers and for other road users, including 

vulnerable road users (VRUs) such as pedestrians. Electronic vision systems allow 

driver “blind-zones” around the vehicle to be made visible to the driver, which 

allows the driver to see objects that may not be directly visible. Europe, Japan and 

the US are in the process of introducing legislation in a bid to reduce the number of 

fatalities to VRUs, with emphasis on the use of vision systems. In particular, 

proposed legislation in the US is targeted at privately owned vehicles such as SUVs, 

with the aim of preventing back-over collisions, whereby vehicles reverse over e.g. 

children behind the vehicle. The US Centres for Disease Control and Prevention 

reported in 2005, there were 2,400 children treated in hospital emergency rooms due 

a child being struck by or rolled over by a vehicle moving in reverse [15]. Although 

the blind-zone is not directly implicated in these injuries, it is reasonable to assume 

that a significant proportion of these injuries were because of the children being 

present in the vehicles blind-zone. As vehicles become larger, the risk of blind-zone 

collisions increases: a small SUV can have a blind-zone that extend 7 meters behind 

the vehicle, whereas a large SUV can have a blind-zone that extends 15m behind the 

vehicle [16]. As such, the US Cameron Gulbransen KIDS AND CARS Safety Act of 

2007 directs the Secretary of Transportation to issue safety standards to decrease the 

incidence of child injury and death. The Act “Requires a rearward visibility 

performance standard that will provide drivers with a means of detecting the 

presence of a person behind the vehicle in order to prevent backing incidents 

involving death and injury, especially to small children and disabled people” [17]. 

Similar legislation has been introduced worldwide relating to blind-zones around 

Large Goods Vehicles (LGV’s) [18] [19]. As such, it is reasonable to assume that 

there will be a potentially large market for rear-view cameras, blind-zone cameras, 

and obstacle determination technologies in the future.  

Automotive manufacturers have begun to employ vision systems on their vehicles to 

aid the driver in safety critical situations. These include forward facing visible 

spectrum cameras for road-sign recognition, lane departure warning, and VRU 

detection. Further functionality can be extracted from these cameras by using them 
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to aid in collision avoidance by detecting other road vehicles, and displaying them in 

such a manner that is both intuitive and useful to the driver. The need for such a 

system is backed up by statistics: Wang and Knipling [87] estimated that lane 

change/merge collisions in the USA in 1991 accounted for approximately 244,000 

police-reported crashes with 224 associated fatalities. Furthermore, they reported 

that the principal causal factor in such collisions is that the driver “did not see other 

vehicle”. Also, the detection of other road vehicles is a core component of many 

Advanced Driver Assistance Systems (ADAS) such as Automatic Cruise Control 

(ACC) [20], Advanced Collision Warning (ACW) [21], overtaking vehicle 

monitoring [22], automatic headlamp dimming [23] and automatic blind zone 

monitoring [24]. Therefore, there is a compelling argument for the development of a 

system that utilises a standard visible spectrum camera for the detection of other road 

vehicles.  

The general consensus in the automotive industry is that vehicular cameras will 

provide the best means for reducing the number of road injuries and fatalities. The 

NHTSA has stated that “camera-based systems may have the greatest potential to 

provide drivers with reliable assistance at identifying people in the path of the 

vehicle when backing” [25]. Furthermore, the Insurance Institute for Highway Safety 

has stated that the “NHTSA has presented evidence suggesting that current non-

visual technologies (e.g., RADAR and ultrasonic sonar sensors) do not represent an 

effective solution to the problem of back-over crashes. Both the unreliability of 

current sensors to detect people and drivers slow response to audible warnings 

suggests that requiring or even allowing such systems in lieu of vision based systems 

is not advisable at this time” [26]. Passively displaying the vehicles surroundings to 

the driver can improve the safety of the vehicle. However, further improvements can 

be made by actively warning the driver of potential dangers. The NHTSA have said 

that a “driver must look at the display and have the capability to identify an object or 

person in the path when backing up, and to react and brake quickly enough to 

prevent an incident” [25]. The time taken to look at the display, identify the object 

and react and brake accordingly can be reduced by actively warning the driver of 

potential dangers. Takahashi et al. have stated that sensing the surroundings of the 

vehicle is the key technology for such driving assistance and warning systems. 

Machine vision technology, especially, is expected to detect “surrounding objects 

with high space resolution as well as lane markings painted on the road surface” 
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[27]. Thus, there could potentially be a large market for active cameras camera-

based rear-view camera systems to reduce the number of rollover collisions.  

The issue of obstacle determination in the automotive environment is considered in 

this thesis. In particular, the state of the art is considered, and new approaches for 

obstacle determination are presented. Firstly, using a road surface segmentation 

algorithm, a method to detect obstacles to the front, and determine their distance 

from the host vehicle is described. Secondly, a system to display the surroundings of 

the vehicle in a useful and intuitive manner is presented. This modified camera 

image allows either the driver, or an automated machine vision algorithm, to more 

easily estimate the distances to obstacles in the vicinity of the host vehicle. Finally, 

by utilising the tail-lamps of the vehicle, a rear-facing camera, and the trajectory of 

the vehicle, a technique to automatically detect obstacles and their distances from the 

vehicle is outlined. These technologies are described in detail in Chapter 5. 

 

 

1.2 Objectives and Contributions of Work 

The primary objective of this thesis is the development of automotive image 

processing algorithms to warn a driver of lane departure, and to aid the driver in 

collision avoidance. More specifically, the primary contributions of this thesis are: 

1. A new lane departure detection algorithm for a visible spectrum colour 

camera designed to be in accordance with national standards for road 

markings and proposed standards for lane departure warning systems. 

2. A method to determine lane departure using multiple visible spectrum colour 

cameras, resulting in a system that is more robust to occlusions, glare, and 

sensor failure. 

3. A road segmentation algorithm for the detection of obstacles in an 

automotive environment that does not require a priori knowledge of the 

object. 

4. A method to display a rear-view camera image to the driver in a manner that 

is both intuitive and useful to the driver in recognising the object and 

determining the objects distance from the host vehicle.  
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5.  A system to automatically detect obstacles behind a vehicle using the 

vehicle’s tail-lamps, rear-view camera, and information on the trajectory of 

the vehicle.    

 

The research presented in this thesis has resulted in the following publications: 

1.2.1 Journals  

Accepted 

• Diarmaid O Cualain, Edward Jones and Martin Glavin, “An Automotive 

Standards Lane Departure Detection System”, IET Intelligent Transport 

Systems, accepted March 2011, page numbers TBA. 

• Diarmaid O Cualain, Martin Glavin and Edward Jones, “A Multiple Camera 

Automotive Standards Grade lane Departure Warning System”, IET 

Intelligent Transport Systems, accepted September 2011, page numbers TBA. 

In Preparation 

• Diarmaid O Cualain, Ronan O’Malley, Ciaran Hughes, Martin Glavin and 

Edward Jones, “Forward facing automotive visual and IR camera fusion 

system with aerial view for night road environments”, for submission to 

Springer Machine Vision and Applications. 

1.2.2 Book Chapters 

Published 

• Ciaran Hughes, Ronan O’Malley, Diarmaid O’Cualain, Martin Glavin and 

Edward Jones, “Trends towards automotive electronic vision systems for 

mitigation of accidents in safety critical situations” in New Trends and 

Developments in Automotive System Engineering, Marcello Chiaberge (Ed.), 

ISBN: 978-953-307- 517-4, InTech, January 2011. 

 

1.2.3 Conference Papers 

Published 

• D. O Cualain, M. Glavin, E. Jones and P. Denny, “ Distance Detection 

Systems for the Automotive Environment: A Review”, Proc. 15th IET Irish 
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Signals and Systems Conference, ISSC 2007, University of Ulster at Magee, 

Derry, September 2007.  

• S. Tuohy, D. O Cualain, E. Jones and M. Glavin, “ Distance Determination 

for an Automobile Environment using Inverse Perspective Mapping in 

OpenCV”, Proc. 18th IET Irish Signals and Systems Conference, ISSC 2010, 

University College Cork, Cork, June 2010.  

 

1.2.4 Invention Disclosures 

• D. O’Cualain, M. Glavin and E. Jones, “Multiple-Angle-Inverse Perspective 

Mapping (MAIPM)”, Invention disclosure submitted to NUI Galway 

Technology Transfer Office, 16/6/2010 (currently under review).  

• D. O’Cualain, M. Glavin and E. Jones, “Strobe based Obstacle Distance 

Determination for an Automotive Application (SODDAA)”, Invention 

disclosure submitted to NUI Galway Technology Transfer Office, 16/6/2010 

(currently under review). 

 

1.3 Chapter by Chapter Overview 

The contents of the remaining chapters in this thesis are as follows: 

In Chapter 2, the current legislation and state of the art in LDW and obstacle 

determination is presented. The state of the art in LDW systems is analysed and 

legislation and proposed standards are discussed. In addition, this chapter contains a 

review of obstacle determination technologies that are currently in use, or could 

potentially be used, in an automotive environment.  

In Chapter 3, a visible spectrum single camera-based system for lane departure 

detection is presented. This system is composed of a lane marking segmentation 

algorithm specifically designed to be in accordance with national standards. A 

method is presented for lane boundary modelling based on subtractive clustering and 

Kalman filtering in the Hough Transform domain, which is within the constraints of 

automotive standards. Finally, using the cameras intrinsic and extrinsic parameters, 

the width of the vehicle and guidelines issued by the International Organisation for 
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Standardization, it is shown how lane departure can be identified. Results are 

presented that verify the systems high detection rate and robustness to various 

background interference, lighting conditions and road environments. 

Chapter 4 demonstrates an image processing method to detect lane departures using 

video taken from multiple visible spectrum cameras that is specifically designed to 

be in accordance with proposed automotive lane departure warning standards. This 

multi-camera system is more robust to errors caused by lane marking occlusions, 

sensor failure, and glare that single camera systems can suffer from.  

From examination of obstacle determination technologies in Chapter 2, three new 

approaches are proposed in Chapter 5. Using a road surface segmentation algorithm, 

a method to detect obstacles and determine their distance from the host vehicle is 

demonstrated. Secondly, a method to actively detect objects and their range in the 

surroundings of a vehicle using the vehicles tail-lamps, trajectory, and a visible 

spectrum camera is outlined. Finally, a process for transforming an image from a 

rear-view camera before display to the driver is also shown. This image allows the 

driver to recognise objects and judge the distance to the objects in a more intuitive 

way than competing methods.  

Finally, in Chapter 6, the thesis is summarised, conclusions are drawn, and potential 

directions for future work are considered.  
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Chapter 2 Legislation and State of the 
Art 

2.1 Introduction 

In this Chapter, a description of the legislation and state of the art for LDW systems 

is given. This is used for the development of the single camera LDW and multiple 

camera LDW systems described in Chapter 3 and Chapter 4. Additionally, a survey 

of distance determination and obstacle determination technologies that are currently 

in use, and could potentially be used, in an automotive environment is presented. A 

presentation of taxonomy for classifying them is shown. The limitations of these 

current technologies in the automotive environment are discussed. Using this 

information, three novel methods for obstacle determination in an automotive 

environment are presented in Chapter 5.  

The following chapter is outlined as follows. In Section 2.2 an outline of current and 

proposed automotive safety standards and regulations on LDW systems is presented. 

In Section 2.3, the current state of the art in LDW is examined. Similarly, the state of 

the art in obstacle determination for an automotive environment is described in 

Section 2.4. Finally, in Section 2.5, conclusions are drawn from this review.  
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2.2 Standards and Legislation for Lane Departure Warning 
(LDW) 

A vehicle at production stage must pass a series of technical directives and 

regulations before it can undergo production [12] [13]. However, at present, there are 

no EC directives or US directives covering LDW systems. The main forum for the 

creation of standards for LDW systems is the International Organisation for 

Standardisation (ISO). This is a non-governmental organisation that draws on 

national standards institutes of 157 countries. ISO standards are voluntary, however, 

there have been several instances where existing ISO standards have formed the 

basis for proposals to amend European Legislation [28].  

Two standards are relevant for LDW systems, ISO 17361:2007 [29] and FMCSA-

MCRR-05-005 [30]. These define LDW systems as in-vehicle systems that warn the 

driver when an unintentional lane departure has occurred. They will not take any 

autonomous action to prevent lane departure thus leaving the driver entirely 

responsible for the safe operation of the vehicle. This differentiates LDW systems 

from Lane Change Assistant (LCA) Systems, which warn the driver against 

collisions that may occur due to a lane change manoeuvre [31], and Lane Keeping 

Assistance (LKA) technologies, which determine the vehicles lane position and 

actively assist the driver [32].  

Within the standards for LDW systems, there are two key areas to consider: firstly, 

there is the vehicles distance from the lane border, which determines when a warning 

is issued. Secondly, there is the speed threshold and road curvature, which are both 

used to classify the systems.  

Table 2.1 provides a summary of the main requirements specified by these standards. 

For road curvatures and speed thresholds, ISO 17361:2007 has two classes to 

characterise the behaviour of LDW systems. Class Ι systems must be capable of 

operating when the vehicle is travelling at a speed greater than or equal to 72km/h 

(20m/s or 45mph) and where the radius of the road is greater than or equal to 500m. 

Class ΙΙ systems must be capable of operating when the vehicle is travelling at a 

speed greater than or equal to 61km/h (17m/s or 38mph) and where the radius of the 

road is greater than or equal to 250m. FMCSA-MCRR-05-005 has only one class: 

LDW systems must be capable of operating when the vehicle is travelling at a speed 

greater than or equal to 60km/h (16.6m/s or 37mph). However, this class must be 
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capable of operating where the speed of the vehicle and the curvature of the road 

thresholds are equal to ISO 17361:2007 Class Ι and Class ΙΙ standards. 
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Table 2.1: Summary of standards for LDW systems 

 ISO 17361:2007  
FMCSA-MCRR-

05-005 
 Class I Class II  

Earliest Warning 
Threshold  

(See Table 2) (See Table 2) Not Stated 

Latest Warning 
Threshold  

Trucks and Buses: 
1m Cars: 0.3m 

Trucks and 
Buses: 1m  
Cars: 0.3m 

Not Stated 

Lowest Operational 
Speed 

72km/h 61km/h 60km/h 

Lowest Operational road 
curvature 500m 250m 250m 

 

In practical terms, ISO 17361:2007 [29] states that the latest warning threshold 𝑊! is 

located 1m outside the lane boundary for trucks and busses, and 0.3m outside the 

lane boundary for passenger cars. The location of the earliest warning threshold 

depends on the rate of departure 𝑉!   of the vehicle as outlined in Table 2.2.  

 

Table 2.2: Location of earliest warning threshold 

Rate of departure 𝑉!  (m/s) Distance that the earliest warning line is 

inside the lane boundary (m) 

0 < 𝑉! < 0.5 0.75 

0.5 < 𝑉! < 1 1.5×𝑉!×𝑡!* 

𝑉 > 1 1.5 

*Where 𝑡!   is the estimate time until the vehicle crosses the lane boundary. 

 

On the other hand, FMCSA-MCRR-05-005 [30] states that a lane departure warning 

system should be able to issue warnings when the rate of lane departure 𝑉! is less 

than 0.8m/s (Figure 2.1). There are no requirements on the location of the earliest 

warning threshold 𝑊! inside, or the latest warning threshold 𝑊! outside, the lane 

boundary.  
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Figure 2.1: Warning thresholds for lane departure 

 

There are various types of lane markings for lane boundaries that a vehicle may 

encounter. In the US, FMCSA-MCRR-05-005 requires that an LDW system must be 

able to function when the following types of road markings are encountered: 

• White and Yellow pavement lines 

• Single and double pavement lines 

• Solid and dashed pavement lines 

• Raised pavement markers such as “Botts dots” or “cats eyes” 

• Reflective lines 

These lane borders are to be tracked and issue a lane departure warning issued where 

appropriate. An LDW system conforming to these standards must function where the 

lane markings are clearly visible in daylight, twilight and at night. ISO 17361:2007 

does not explicitly state the types of road markings that the system has to detect. 

However, the system must pass a series of performance tests. These are performed in 

a test location where the “lane markings are in good condition in accordance with the 

nationally defined visible lane markings”. There are no requirements on the 

environmental conditions that the system must be capable of operating under. 

However, the performance testing must be carried out where the visibility range is 

greater than 1km.  

The ISO 17361:2007 and FMCSA-MCRR-05-005 standards provide guidance on the 

functional performance requirements for the system proposed in this paper.  
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2.3 State of the Art in Lane Departure Warning (LDW) 

A number of methods for Lane Departure Warning (LDW) have been proposed in 

recent years. For example, laser and radar have been used to detect and track lane 

boundaries [33] [34] [35]. Daimler AG have developed Infra Red scanning devices 

to detect the contrast change caused lane markings [36]. Vehicle manufacturers have 

also begun to introduce visible spectrum cameras to their vehicles. A report by 

Fletcher et al [37] shows how an intelligent driving platform could be realised with 

these camera-based systems. These can potentially be used in applications such as 

reversing cameras, or road sign recognition [9]. A review of the research literature in 

the area suggests further applications for these sensors in the future such as 

Vulnerable Road User (VRU) recognition [38], obstacle determination and 

Automatic Cruise Control (ACC) [39]. Therefore, there is a compelling argument for 

the development of LDW systems that use a visible spectrum camera already fitted 

to the vehicle, obviating the need for an extra sensor. This helps to reduce the final 

cost of the vehicle, and the possibility of an additional sensor interfering with the 

vehicles styling. 

A number of techniques for lane boundary and LDW systems using optical cameras 

have been developed in the last 15 years. A previous survey of the area pre-2006 can 

be found in [40]. While some of these methods have been effective at solving LDW, 

many have only worked well in particular types of road markings or conditions. 

Also, there was no known information or review of the current systems in the 

literature regarding their ability to achieve the technical requirements of ISO 

17361:2007 and FMCSA-MCRR-05-005; in this regard, the work in this thesis 

represents a significant contribution to the state of the art. 

Because of the issues of commercial sensitivity, there are currently no known 

independently verified test results regarding the reliability of commercially available 

LDW systems, or those about to enter the market in the near future. However, the 

manufacturers specifications, device training manuals, and device patents reveals 

that there are some difficulties with the current methods that could be resolved. Iteris 

Inc., one of the first companies to develop a commercial LDW system [41], state in 

their product training manual that their “system may also give no warning when the 

road is damaged, worn, or has faded lane markings” [42]. This suggests that there is 

further area for improvement in the area. Similarly, Mobileye, manufacturers of an 
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LDW system [43] for General Motors, Volvo and BMW, state that “Given that lane 

markings are visible and that their detection is not hindered by the presence of 

clutter, shadows, rain, snow or any other disturbance on the road, the [LDW] 

recognises the majority of white and yellow lane markings worldwide”. As will be 

shown in Section 3.3, the proposed system has been tested in the presence of worn 

lane markings, strong shadows, and intermittently occluded lane markings and has 

been found to function successfully. Furthermore, patents by Mobileye in relation to 

their products suggest that specialised camera hardware is used for their LDW 

system [44] [45]. Similarly, Continental AG [46] state in their product specification 

that their camera is “optimised for this application”. In contrast, for the system 

proposed in this thesis, a standard visible spectrum camera is used, to lower costand 

improve compatibility for further vehicle safety applications such as road sign 

recognition, rain sensing, VRU detection, and top-down views, which requires 

standard colour video output to present to the driver.  

When a forward facing camera captures a frame, the road surface and markings are 

distorted by perspective, so it is common to use Inverse Perspective Mapping (IPM) 

to compensate for this distortion as a basis for lane detection algorithms [47-51]. 

However, if there is no IPM technology already implemented in the vehicle camera 

system [11-13], additional computation is required to perform the IPM. Therefore, 

this lane departure detection algorithm is designed to work natively with forward 

facing images, without applying IPM.  

Colour information has been used previously to localise lane markings in forward 

facing images [52-54]. The most commonly used colour space is the RGB system, 

wherin each pixel is defined by three components: red, green, and blue. A great 

inconvenience of this colour space in this application is that it is very sensitive to 

changes in lighting. Alternatively, some research has concentrated on using 

relationships between the RGB colour components [55] [56], or using other colour 

spaces, especially the Hue-Saturation-Intensity (HSI) or Hue-Saturation-Lightness 

(HSL) system, that are more invariant to lighting changes [57-60]. An underlying 

issue with using colour for lane marking localisation is the lack of international 

standards in the area, i.e. colours can differ from country to country. As such, ISO 

17361:2007 does not include specific requirements on the type of lane markings that 

an LDW system should detect.  
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Arata et al [27] and Baldassano et al [61] focused on using the width and colour 

intensity to detect lane markings. Each row of the image was scanned with a “pulse 

width” or “Rectangular Top Hat” filter kernel that has a high response for changes in 

intensity corresponding to the width of a road marking. They showed favourable 

results, especially where the road markings were in shadow, or where they were 

over-, or under-exposed. Aly [49] used a two dimensional Gaussian kernel for the 

detection of the lane markings. However, because this system was tuned to detect 

lane markings of 1m in length, it would not be sufficient in the presence of the 

shorter “Botts Dots” [62] or other raised pavement markers. Solutions to the Botts 

Dots problem have been explored by [63], where steerable second derivatives of one 

dimensional Gaussians and matched filters were used. However, a full lane detection 

system would require the use of two algorithms, one for Botts Dots and one for more 

classical lane markings.  

Extending both approaches by [49] and [27], the negative, second derivative of a 

one-dimensional Gaussian filter is proposed in this thesis as the kernel used for 

segmenting the lane markings and raised pavement markers. The U.S. Manual on 

Uniform Traffic Control Devices (MUTCD) [64] states that the normal widths of 

longitudinal lane marking are between 4 inches (101mm) and 6 inches (152mm) 

wide. An annex available in ISO 17361:2007 lists the longitudinal lane marking 

standards, including their width, for a number of additional countries other than the 

US. These range from 100mm for centre road lines in Spain and Sweden to 300mm 

for right and left road edges in Belgium and Denmark. Using these national 

standards, the Gaussian filter is tuned to give a peak response on lane markings of 

width 200mm, which also gives a good response to lane markings between 100mm 

and 300mm.  

To give a consistent response for similar road markings in a forward facing image, 

the filter requires that the distortion effects of perspective be removed from the 

image. A second derivative Gaussian filter tuned to a width of 50 pixels for example, 

will give its largest response to a lane marking close to the camera, but will be less 

effective at detecting the lane marking as it narrows near the horizon in the image. 

Aly [49] used IPM to remove the effects of perspective distortion before segmenting 

the lane markings. Instead, for the proposed system, an approach similar to Top Hat 

filter algorithm of Baldassano et al [61] is used here, where the width of the filter is 

varied in relation to its vertical position in the image.  
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After lane marking segmentation, localisation of the lane borders needs to be 

performed before lane departure can be determined. Lane deformable models have 

been widely used for this application, especially in Lane Keep Assist (LKA) systems 

[51, 65-69]. It was found that a simple linear model can be used for an LDW system 

which is within the technical specification of ISO 17361:2007 and FMCSA-MCRR-

05-005. A Hough transformation was used to find the linear equation for each lane-

marking segment. Since the Hough Transformation is a global feature extraction 

algorithm [70], it leads to a robust detection relative to noise or partial occlusion. It 

also simplifies the feature extraction problem to a peak detection problem.  

Once the lane markings are localised, a method to determine when lane departure 

occurs needs to be developed. Literature reviews reveal that this is largely been 

based on one of two methods in the past [71-73]. One is Lateral Offset (LO) [72], 

which monitors the relative distance between the lane-boundary and the vehicle, and 

gives a warning when the vehicle approaches or remains near the vicinity of the lane 

edge. In essence, it is similar to a “virtual rumble strip” [74]. The second is Time to 

Lane Crossing (TLC) which is the time remaining until the vehicle crosses over the 

lane edge, assuming that the vehicle speed and steering angle do not change. Both 

have been shown to be reliable warning criteria [75]. In general, TLC provides more 

warning time, because warnings are issued when the system predicts that the vehicle 

is likely to be in danger. However, as it does not take into account the driver’s 

reactions, the number of false positives is generally higher than LO [71]. Also, LO is 

generally simpler to implement, as specialised hardware is not needed to measure the 

host vehicle’s steering angle or speed. Both ISO 17361:2007 and FMCSA-MCRR-

05-005 describe the concept of lane departure warning in terms of lateral distance 

thresholds beyond which a warning is issued by the system. As this was similar to 

the method used by LO, a modified version of the LO system that could be 

implemented in the Hough Domain is used in the work described here. In Chapter 3 

and Chapter 4, the proposed LDW algorithms are discussed in detail. In the next 

subsection, the state of the art in obstacle determination is described.  

Multiple cameras for use in LDW systems  
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2.4 State Of the Art in Obstacle Determination 

A large number of methods for the detection of obstacles in the automotive 

environment have been proposed over the past 30 years. Some reviews of this 

technology have been published in the past, for example, [76] [77] [78] with several 

focusing on specific classes of system. The following section differs from these 

reviews in that it includes new technologies that have been developed in the recent 

past, such as Time Of Flight (TOF) camera systems, as well as comparing active 

depth detection technologies to passive depth detection technologies. Some of these 

systems are currently included in many vehicles on the roads today, for example, 

standard rear-view cameras and high frequency radar. Others are still in the early 

days of research. 

The various methods that have been proposed can be categorised into two classes: 

(a) active depth detection systems, i.e. those that utilise a transmitter and receiver, 

and (b) passive depth detection systems, i.e. those that are receiver-only 

technologies. Further sub-categorisation of these two classes can be made to create a 

hierarchy of methods, and this is the approach taken in this section (Figure 2.2).  

 

 
Figure 2.2: (a) Gross classification of distance determination technologies. 
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Figure 2.2: (b) Further classification of passive methods. 
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2.4.1 Active Obstacle determination Systems 

Active obstacle determination systems were among the first systems to be 

implemented commercially in vehicles. However, a limitation with this technology is 

that they are prone to interference from other active systems. Also, the hardware 

used is generally more expensive, and optimised for this particular application so it 

cannot be reused for other applications. Some of the main active systems are 

discussed in this section.  

 

Ultrasonic 

Ultrasonic proximity sensors were introduced by automotive manufacturers such as 

Toyota Motor Corporation [79], BMW [80], and DaimlerChrysler AG [81] to warn 

the driver during parking manoeuvres of potential obstacles in proximity to the 

vehicle. By emitting an ultrasonic pulse and timing its return, they can measure the 

distance to the object. The distance information can be communicated to the driver 

by an audible tone or a visual display. However, as the system relies on the reflection 

of sound waves, it may not detect items that are not flat or large enough to reflect 

sound. Examples of which are a narrow pole or a longitudinal object pointed directly 

at the vehicle. Distance displays, if added, can be a distraction to the driver while he 

or she is simultaneously using the rear-view mirrors. Another disadvantage of this 

system is the use of multiple sensors needed to safeguard the vehicle can interfere 

with its styling. Other than parking, the sensors cannot be used for other 

applications. Furthermore, the cost of multiple sensors and the distraction that a 

distance display or audible distance indicator can pose to the driver suggests the need 

for an alternative system.  
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Figure 2.3:    Ultrasonic collision avoidance system. (a) Sensor locations. (b) 

Audible and visual feedback of distance. 

 

 

RADAR 

Along with Ultrasonic sensors, Radar is currently one of the most popular 

technologies for obstacle determination in vehicles. This is due to it being a mature, 

proven and reliable technology. Radar gives a direct measurement of the speeds and 

distances of objects through use of the Doppler effect to find relative motion, or 

using phase shift to find distance (Figure 2.4). Its wide beam spread allows it to 

detect many targets at once. It can also easily select the strongest reflection, or the 

fastest moving object in the field [82]. However, the major disadvantages of radar 

include the cost of the hardware, susceptibility to interference, and the fact that large 

targets can saturate the receiver. 
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Figure 2.4: Basic RADAR System. (a) RADAR signal transmitted by 

device. (b) Timed reflection from target received by 

device. 

 

 

LADAR 

Also currently used in commercial vehicles, LADAR (“Laser Radar”) is being 

researched by many groups working in obstacle determination. LADAR utilises 

three semiconductor diodes to generate laser light, which is passed through lenses to 

collimate the energy into a narrow beam [82]. It uses two pulses to make two 

consecutive distance measurements, and then divides by the time differential to 

calculate the relative speed of the target (Figure 2.5) in relation to the host vehicle. 

LADAR offers some advantages over radar, including the ability to lock on to 

objects more quickly, its very narrow beam width, and being less vulnerable to 

interference. Its disadvantages include a drop in performance when there are 

particles in the air (e.g. rain, fog, dust), poor reflections due to dark colours or 

rounded surfaces, sensitivity to misalignment of the sensors, and damage caused to 

sensors by strong sunlight. 
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Figure 2.5: Basic LADAR System 

 

Time Of Flight (TOF) sensors 

 Time Of Flight (TOF) range cameras are sensors that can calculate depth in a 

given scene. The system consists of an emitter and a specially designed CCD or 

CMOS sensor that can detect phase information from the received light pulses. The 

system works by transmitting light at a particular modulated frequency, done by 

rapidly turning the light emitter on and off. The light reflected by the target falls onto 

a pixel in the sensor array with a specific phase shift relative to the transmitted pulse. 

From this phase shift, the distance can be calculated (Fig. 3) [83]. A number of 

different approaches to design of TOF systems exist. Miyagawa et al. [84] used a 

CCD based sensor to reportedly achieve a 100mm resolution with a modulation 

frequency of 15MHz. 3DV Systems Inc. also developed a CCD based system by 

pairing it with a shutter [85]. A disadvantage of these approaches is that they are 

CCD based. Employing CMOS technology would allow manufacturers to reduce 

cost. 
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Figure 3: Basic TOF System 

 

 Burak Gokturk et. al. [86] placed the sensor and circuitry onto the same 

CMOS chip die, allowing an increase in speed and reduction in cost. They claim that 

their sensor is superior to other depth sensors in accuracy, frame rate, and processing 

involved. They further claim that their prototype 64x64 sensor has a frame rate of 

50fps, and a depth resolution of a few millimetres.  

However TOF systems suffer problems such as aliasing, sensitivity to ambient light, 

and saturation. Aliasing occurs where objects are at distances that are mutually 

ambiguous. An example of this is where a modulated light source of 50MHz is used. 

This gives a range value of 3m. Because of aliasing, objects at distance of 1m and at 

4m will be indistinguishable from each other. A solution to this could be to use two 

modulating frequencies for distance measurement [86]. This increases the 

unambiguous depth range considerably, but lowers the frame rate. The other issue 

with TOF systems is interference from ambient light. Since the majority of these 

systems operate in the range of visible or infra-red light, ambient light of the same 

frequency can cause noise. Methods to alleviate this include increasing the emitter 

power output, and removing high spatial frequencies (objects lit by ambient light 

have high frequency spatial and temporal behaviour). Another problem that can 

occur is saturation of the sensor, or no data being received by the sensor. This is an 

issue faced by any camera-based system; however, it can be particularly acute in 

TOF camera systems, as the phase of the light reflected from an object (and thus its 

distance) is measured by the amount of light falling on a pixel in a given time frame. 

One solution proposed by [86] is to have two readings, one low exposure reading, 

and one high exposure reading.  
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TOF camera-based systems are receiving a lot of attention of late, and opportunities 

for their use in an automotive environment could increase significantly in the near 

future as vehicles start using technologies such as LED headlamps that TOF camera 

sensors could employ. However, some of the issues outlined earlier will need to be 

addressed before a commercial automotive system is viable.  

 

2.4.2 Passive Obstacle Determination Systems 

In comparison to passive systems, active systems are generally immune to changing 

ambient light conditions during the various phases of the day. However, passive 

systems have fewer interference issues than active systems. They also have higher 

spatial resolution and higher scanning speed than active sensors. In addition, they are 

normally more power efficient, as they do not use active emitters, e.g. laser emitters 

for TOF camera sensors. Optical sensors, for example visible spectrum CCD 

cameras, can be classified as passive sensors. Visible spectrum sensors are very 

useful to have on a vehicle, because they can perform many other functions besides 

object detection – these include lane detection and sign recognition. However, 

comparing passive systems to active systems, passive systems require more 

computation and can have greater sensitivity to variations in the environment [76]. 

Factors affecting the performance of visible spectrum sensors include the changing 

colours of vehicles, shape variability in objects in a scene, and occlusion of objects 

in real world automotive situations. Passive systems also need to cope with changing 

ambient light conditions, more so than active systems.  

Currently, a large area of research is focused on developing automatic methods to 

detect objects near the surroundings of the vehicle using visible spectrum cameras. 

Many camera-based object determination systems have been developed to use two 

steps to reduce the amount of computation needed. This involves a first pass through 

the image to find objects of interest, called the ”Hypothesis Generation” (HG), 

followed by a second pass for confirming objects in the image called ”Hypothesis 

verification” (HV). HG can be further broken down into four sub categories: 

1. Knowledge based 

2. Stereo vision based 

3. Optical Flow 
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4. Depth from Focus 

These approaches are reviewed below.  

 

1. Knowledge-Based Methods 

Knowledge based systems attempt to exploit inherent “knowledge” about objects to 

aid detection. For example, many objects encountered on the road have a high degree 

of symmetry in both the horizontal and vertical directions e.g. vehicles, road signs, 

road markings and buildings. To exploit this, a rough estimate of an objects’ position 

must be gathered before a symmetrical test can begin. Kuehnle [87] detected 

symmetry using intensity in the area of interest. However, intensity in homogeneous 

areas is prone to noise so Bertozzi et al [88] also considered edges to remove the 

effects of the homogeneous areas. Using either method can still give high rates of 

false positives, as many background objects can be symmetrical; conversely, objects 

can pass undetected due to occlusion, which reduces the symmetry of the object.  

Guo et al. [89] proposed using colour as a way to segment vehicles from the 

background. They suggested that this could be used with sensor fusion to improve its 

reliability. Colour could also be used as a way to detect objects by identifying non-

road segments in an image. However many issues remain with using colour for HG, 

the most important of which are the dependence on illumination, and reflectance 

properties of the object.  

Machine learning methods have also been implemented for the detection of vehicles. 

Haselhof et al. [23] extracted Haar-like features from each frame of video and used 

an Adaboost algorithm for vehicle classification. A similar approach was undertaken 

by Sivaraman et al. [90] Ludwig et al. used a neural network for their vehicle 

classification. A pre-2011 review of machine learning approaches to vehicle 

identification can be found in Sivaraman et al. [91]. An inherent issue with these 

systems is that a priori information is needed for vehicle detection. For example, if 

other potential obstacles such as VRUs are encountered, they can remain undetected.  

Because knowledge based methods require a priori knowledge of the objects and 

their characteristics to detect areas in the image where they may be located, an 

obvious problem with this approach is that unknown/uncommon objects (e.g. a fallen 

tree) are left undetected. However, vehicle manufacturers are showing considerable 

interest in the approach. 
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Shadow can also be a useful indication of an object on the road surface. Mori and 

Sharkari [92] [93] proposed an algorithm based on this method. They suggested that 

since the shadows under vehicles were darker than other areas of the road surface, 

this could be used for detection. The problem with this method is that there is no 

systematic way of finding threshold values for the vehicle shadows. Surface water 

and illumination can cause the algorithm to fail. Using entropy as a measure of 

texture to find objects on the road was proposed by Kalinke et al. [94]. They stated 

that due to general similarities in texture from vehicle to vehicle, this characteristic 

could be used as a cue to narrow down a search area in hypothesis generation. 

Unfortunately, many background objects can also have similar textures, which 

results in many false positives being produced by the algorithm.  

Vehicle lights can be a useful cue for detecting vehicles in an image [95]. This is 

especially true when driving at night, where many other cues become difficult or 

impossible to identify. This is less effective during the daytime however, when rear 

lights are generally not in constant use.  

Since most vehicles are approximately square or rectangular in shape, Bertozzi et al. 

[96] proposed finding vehicles in an image by detecting their corners. They used a 

template for each of the four corners, in order to find all the matching corners in the 

image. They then used an algorithm to filter out the non-logical corners, e.g. a top 

left corner below a bottom left corner for example. This method has the benefit of 

being able to find vehicles at various distances from the camera, since corner 

characteristics vary little over distance.  

Another method, similar to the method of Bertozzi et al. [103], exploits the fact that 

vehicles have many vertical and horizontal edges. Matthews et al [97] passed the 

image through a horizontal edge detector, following which the length of each 

horizontal line found was summed in each row. A triangular filter was used to 

smooth the values found, before finding the minimum and maximum of the values. 

They suggest that the vehicle position on the road can be found from these maximum 

and minimum peaks. Bucher et al. [98] proposed a similar method where a vehicle 

was found by finding the lowest strong horizontal edge in an image. Various 

methods extract edge information for finding vehicles, or use a coarse to fine search 

for finding rectangular objects. However a significant issue with these methods is 

finding suitable threshold values for the various parameters. These include threshold 

values for edge detection algorithms, and thresholds for selecting maxima. However, 
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using horizontal and vertical lines can be a very effective method for locating 

objects, particularly vehicles on the road ahead.  

 

2. Stereo Vision-Based Methods 

Using two or more cameras for triangulating depth in a scene has been a very active 

area of research in computer vision, in particular for the automotive environment 

[99] Stereo techniques can be separated into two categories, those that produce a 

disparity map (differences between left and right image), and those that use inverse 

perspective mapping to find objects in the images. Inverse perspective mapping 

assumes that any pixels found above the plane of the road surface correspond to 

objects.  

Given a disparity map of the left and right images, and assuming that the camera 

parameters are accurately known, the distances to the objects can be calculated. 

Many different algorithms for calculating disparity maps have been developed, each 

with its own benefits. Some are more efficient than others at dealing with objects 

that are occluded (hidden from view in the second image), solving the 

correspondence problem (where a pixel in one image has many matching pixels in 

the second), and computations needed. An online database of stereo images from an 

automotive environment are available for benchmarking [100]. Scharstein et al. [77] 

comprehensively reviewed some of the most important algorithms using a similar 

common database. These algorithms were: 

• Multiway cut 

• Belief propagation 

• Layered Stereo 

• Real-time Sum Absolute Difference (SAD) 

• Compact Window 

• Graph Cuts 

• Max Flow 

• Stochastic Diffusion 

• Genetic Algorithm 

• Cooperative Algorithm 

• Graph Cuts (GC) + Occlusions 

• Sum Of Squared Differences (SSD) + Min Filter (MF) 



Chapter 2: Legislation and State of the Art 

 29 

• Bayesian Diffusion 

• Max Surface 

• Discontinuity-preserving-regularisation (disc-pres-regul)  

• Pixel - Pixel Stereo 

• Fast Correlation 

• Scan-line Optimisation (OPT) 

One of the largest differences that they found between the algorithms was the 

computation time. For example, algorithms designed for speed e.g. real-time SAD, 

were very fast, taking only 0.1 seconds to run on each image in their ”Tsukuba” set 

of images, whereas Bayesian Diffusion took 104 times longer. For stereo to be used 

in an automotive environment, real-time frame processing speeds would be required, 

ruling out slow algorithms such as Bayesian diffusion, GC + occlusions (102 times 

longer than real-time SAD), and some others. The most efficient algorithms were: 

fast correlation (running at half the speed of real-time SAD), SSD + MF (10 times 

quicker than Bayesian Diffusion), discontinuity preserving regularisation (10 times 

quicker than Bayesian Diffusion) and OPT (also 10 times faster than Bayesian 

Diffusion). However, the disparity maps of some of the faster algorithms turned out 

to be quite poor. Some of the algorithms with the lowest performance were fast 

correlation, discontinuity preserving regularisation, multiway cut, Bayesian 

diffusion, SSD + MF, and pixel to pixel stereo. Another difference found between 

the algorithms was the accuracy of edges produced in the disparity maps. Some, such 

as GC + Occlusions produced good quality edges, whereas discontinuity preserving 

regularisation did not. For detecting objects on a road surface, knowing accurately 

where the edges of objects are located may be critical if the vehicle is to swerve to 

avoid it.  

Finally, some algorithms are much better at calculating the disparity maps if there 

were many planar surfaces in the image. Multiway cut, belief propagation, layered 

stereo, and real-time SAD all worked well in these circumstances. One could argue 

that these could be more suitable than the others in an automotive application 

because the scene ahead of the vehicle, i.e. the road surface, and the rear of car ahead 

are all approximately planar. Overall, for creating a disparity map for an intelligent 

vehicle, real-time SAD, graph cut, or shiftable window could be suitable for a 

practical system. Another method worthy of mention is that of Zhao et al [101] who 
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mapped the left image to the right, and from there, they were able to compare the 

two images to find contours above the ground plane.  

Stereo systems, or triangulation systems, are prone to error if the exact parameters of 

the cameras are not known. These parameters could also change throughout the 

operational lifetime of the camera system and a compensation algorithm would need 

to be developed. Some of these parameters are the height of the cameras off the road, 

their distances apart, the yaw angle that they make to the road surface, and the radial 

distortion. Many of these parameters could change because of vibration, a vehicle 

cornering quickly or braking, and knocks and bumps that occur in everyday 

operation. One method that could be used to compensate for this would be to use 

calibration markers on the vehicle extremities in the field of view of the cameras 

(e.g. on the bonnet), using the road markings for calibration, or using information on 

vehicle yaw from the suspension of the vehicle. Another issue with triangulation 

systems is the roll off in distance resolution as the distance of objects from the car 

increases. This is due to the cameras being a fixed distance apart from each other. 

Methods for automatic calibration have been developed. Keller et al. [102] used 

disparity maps from the stereo cameras to gain 3D information of the cameras pitch, 

height, and the vehicles trajectory or “corridor” on the road plane. This is done on a 

frame by frame basis allowing for the compensation of knocks and bumps that occur 

in everyday operation. However, this method does assume that roll is insignificant, 

something that cannot be guaranteed, especially during heavy cornering situations 

with a vehicle with soft suspension.  

 

3. Optical Flow-Based Methods  

Passive monocular depth detection has one of the lowest hardware requirements of 

the systems discussed in this paper. One approach to calculating depth from a 

monocular image is depth from shape. Unfortunately, the performance of this 

approach can be poor due to an inherent assumption about knowledge of the shapes 

[86]. Another interesting approach introduced by Kang et al. [103] exploits the fact 

that as a surface (e.g. a road) gets further and further away from the viewer, the 

texture of the surface appears finer and smoother. However, accurately detecting 

distances to an object may be inaccurate as the approach seems to only give relative 
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distances of objects to each other. This leads us to one of the most common 

approaches for calculating depth from a monocular image, using optical flow.  

As with stereo vision algorithms, numerous optical flow detection techniques have 

been produced in the past few years. Barron et al. [78] reviewed the performance of 

some of these methods on both artificial and real image sequences. The methods 

reviewed were: 

• Differential techniques: Horn and Schnuck, [104], Lucas and Kanade [84], 

Nagel [105], Uras et al. [106]. 

• Region Based: Singh [107]. 

• Energy Based: Heeger [108]. 

• Phase Based: Waxman and Wohn [109], Fleet et al. [78]. 

Barron et al. came to the conclusion that the first order, local differential method of 

Lucas and Kanade, and the local phase based method of Fleet et al. were the most 

reliable. They noted that the second order differential technique of Uras et al. also 

performed well, but was not as reliable. Matching techniques were found to be 

unable to perform well when there were slow velocities involved, and energy based 

approaches were extremely sensitive to initial conditions. Therefore, for an 

automotive application, the methods proposed by Lucas and Kanade, Fleet et al., or 

Uras et al. could be useful for obstacle determination. Unfortunately, this approach 

cannot detect relatively stationary objects. Also, computing a dense optical flow 

(where each pixel displacement is calculated) can be very computationally intensive. 

In a bid to solve this, calculating sparse optical flow for objects such as corners and 

colour blobs has produced promising results, and this is where much research is now 

being carried out. Work by Danescu et al. [21] has used occupancy grids to allow the 

tracking of points in more complex scenes. However, some issues still remain [76]. 

Shocks and vibrations lack of texture, and aliasing caused by fast moving pixels in 

consecutive frames are still issues that need to be addressed in this area. Image 

stabilisation techniques could be used to counteract some of these problems. 

 

4. Depth from Focus Methods  

Depth from Focus is another area of research that could potentially be used in an 

automotive environment. The technique is relatively simple. A camera with a known 
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focal depth is used to grab image sequences from the road ahead. An algorithm is 

then used to estimate the “blurriness” of objects in the image to calculate their depth. 

Buzzi and Guichard [110] discussed some of the usual approaches of calculating 

blur, and then showed that theoretically, there is a way to uniquely quantify blur in a 

image. One issue that could arise from this approach is being able to differentiate 

whether an object is inside or outside the focal distance as they would have the same 

measure of blur. One solution would be to use two cameras with different focal 

lengths. The measure of blur from the second camera would provide a second source 

of information to alleviate this problem. Other problems that could arise from the 

system include being able to differentiate a road surface from a similarly dark object 

if they are both blurred. Water or other contaminants on the camera lens could also 

produce erroneous results. 

 

2.5 Conclusion 

In this chapter, a review of the current state of the art in LDW systems has been 

given. From this review, it is shown that there are still some difficulties with the 

current systems when they encounter difficult of driving conditions, such as sensor 

glare, road surface water, or the various standards of lane markings.  Also, there was 

no known information or review of the current systems in the literature regarding 

their ability to achieve the technical requirements of ISO 17361:2007 and FMCSA-

MCRR-05-005; in this regard, the work in this thesis represents a significant 

contribution to the state of the art. Using this review, a method for LDW that is 

designed to operate with national standards for LDW and lane markings is proposed 

in 0. Expanding on this method, a more robust method for LDW using multiple 

cameras is outlined in Chapter 4. The ISO 17361:2007 and FMCSA-MCRR-05-005 

standards provide guidance on the functional performance requirements for the 

system proposed in these methods.  

Additionally in this chapter, a survey of various automotive obstacle determination 

and distance determination systems is presented, which is an important addition to 

driver assistance systems. Active RADAR and LADAR have already made inroads 

into commercial vehicles, but due to the high costs and specialised hardware needed 

for active systems, visible spectrum camera-based methods are the subject of 
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considerable research to complement (if not replace) RADAR and LADAR in future 

vehicles. Active visible spectrum devices, such as TOF range cameras, are in the 

early stages of commercial deployment. However, in the near future, TOF cameras 

could possibly be superseded by passive cameras due to their reusability, low cost, 

and low interference properties. Advances in hardware, for example High Dynamic 

Range cameras, serve to increase the likelihood that this will happen, by increasing 

the robustness and reliability of these systems. From this analysis of the state of the 

art, three novel technologies for the obstacle determination are presented in Chapter 

5.  

In the next chapter, the proposed method for LDW using a single camera is 

discussed. 
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Chapter 3 Single Camera Lane 
Departure Warning System 

3.1 Introduction 

In this chapter, a novel, automotive standards grade LDW system that utilises a 

single forward facing cameras is proposed. The layout of the remainder of this 

chapter is as follows: In Section 3.2, a review of the current state of the art 

technologies in the area is given. Section 3.2 describes the operation of the proposed 

LDW system. Section 3.3 describes the testing procedure, and results are presented. 

Finally, in Section 3.4, the effectiveness of the algorithm is discussed, and 

conclusions are drawn. 

 

3.2 Outline of Single Camera Lane Departure Warning 
Algorithm 

The proposed lane departure algorithm is described by the flowchart shown in Figure 

3.1: A forward facing camera mounted in the host vehicle captures an image of the 

road ahead (step 1). The image is cropped leaving the general area containing the 
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road surface (step 2). A lane segmentation algorithm creates a gray scale “heat-map” 

of possible lane markings on the road surface. The image is thresholded, lane-

marking edges are smoothed, and a boundary detection is applied (step 3). A Hough 

transform is then performed on the image. The highest peaks in the Hough 

Transform are used to identify lane markings segments (step 4). A subtractive 

clustering algorithm finds the clusters of lane markings segments that correspond to 

a lane border (Step 5).  The cluster centres are tracked with a Kalman filter (step 6). 

Finally, using the cameras intrinsic and extrinsic parameters, the width of the vehicle 

and guidelines issued by the ISO, it is shown how lane departure can be identified 

from the location of the tracked cluster centres in the Hough Transform domain (step 

7-8).  

 
Figure 3.1: Flowchart for Lane Departure Detection 
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3.2.1 Area of Interest and Range of Operation (Steps 1-2)) 

In order to calculate the area of interest in the input image, the range of operation of 

the system needs to be known. When the vehicle is on a straight road or a road with a 

large radius of curvature, the range of operation can span from the vehicle to the 

horizon in the image. However when a turn is encountered, the range of operation of 

the system is determined by the lateral warning thresholds described in Chapter 2. 

This is due to the approximation of roads with curvature as straight lines. This is 

shown in Figure 3.2.  

 
Figure 3.2:    Accuracy of line approximation for curved lane markings: 

𝒂𝒄 is the detected lane boundary with error 𝒆 to the 

potential point of lane departure. 

 

As shown in the example in Figure 3.2, the host vehicle encounters a right-hand turn 

of radius 𝑟. The value 𝑙 is the maximum detection range of the system. In a “worst 

case” scenario, the system approximates the lane border as a line tangential to the 

curve at point 𝑐, the lane-marking segment at the end of the detection range. This 

results in an error of distance 𝑒 from the potential point of lane departure. It can be 

seen from the diagram that ∠𝑎𝑏𝑐 = sin!! !
!
 and tan ∠𝑎𝑏𝑐 = !"

! . 
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Combining the two it can be seen that: 

 

𝑎𝑐 = 𝑟 tan sin!!
𝑙
𝑟  

(3.1) 

 

As the triangle 𝑎𝑏𝑐   is a right-angle triangle, Pythagoras theorem states that 

𝑒 + 𝑟 ! = 𝑟! + 𝑎𝑐!. By substituting in (3.1) and simplifying, the detection range 

𝑙  can be obtained in terms of the radius of curvature 𝑟  and margin of error 𝑒.  

 

𝑙 = 𝑟 sin tan!!
𝑒 + 𝑟 ! − 𝑟!

𝑟  
(3.2) 

 

The most stringent legislation requires that the system must operate when the radius 

of curvature of the road is less than or equal to 250m. It requires that a warning is 

issued at the earliest when the vehicle has moved within 0.75m of the lane boundary, 

and at the very latest, it requires that a warning be issued when the vehicle is 0.3m 

outside the lane boundary (Table 2.2). This results in an area 1.05m in width in 

which a warning may be issued. By setting the warning threshold in the centre of this 

area, at 0.225m inside the lane boundary, there is a 0.525m margin of error. 

Substituting these values into (3.2) results in a range of detection of 16.18m on the 

road surface. As this is the maximum range that the proposed system can analyse for 

lane markings and keep within the most stringent legislation defined in Chapter 2, 

the image is cropped at this point on the road surface. This is done for all images, 

including images with turns and straight roads.  

Cropping the image at a distance of 16m from the camera origin on the host vehicle 

requires a mapping of the cameras coordinate plane to the road surface plane. To 

create the mapping, a flat road surface is assumed and the cameras intrinsic (focal 

length, optical centre, skew parameter of pixels, aspect ratio) and extrinsic (pitch 

angle and height above ground) parameters are used to perform the transformation. 

The camera is mounted at a height ℎ above the road plane. The camera is pitched 

downwards so that the optical axis makes an angle 𝜃  with the road plane. A world 

frame is defined in homogenous coordinates as 𝐹! =    𝑋! ,𝑌! ,𝑍! , 1 , which is 

centred at the intersection of the camera optical centre and on the road plane. 
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Similarly, a camera frame is defined as 𝐹! =    𝑋! ,𝑌! ,𝑍! , 1 , and an image frame as 

𝐹! =    𝑢! , 𝑣! , 1 , as shown in Figure 3.3. 

 

 
Figure 3.3: Mapping of road-plane coordinates to image plane 

coordinates 

 

Transforming the road plane coordinates to the camera coordinates, it can be seen 

that there is a rotation 𝜃 around the 𝑥! axis, followed by a translation − !
!"#!  

 along 

the 𝑧!   axis. A camera calibration matrix containing the camera’s intrinsic parameters 

transforms the camera coordinates to the image plane coordinates [111]. The 

mapping between a three-dimensional world point 𝑥! ,𝑦! , 𝑧! ,   and its image 

projection 𝑢! , 𝑣! , can be expressed as: 

 

𝑢! , 𝑣! , 1 = 𝐊.𝐓.𝐑 𝑥! ,𝑦! , 𝑧! , 1  (3.3) 

 

where 𝐑  is the rotation matrix: 

 

𝐑 =

1 0 0 0
0 cos𝜃 − sin𝜃 0
0 sin𝜃 cos𝜃 0
0 0 0 1

 

(3.4) 

 

𝐓 is the translation matrix: 
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𝐓 =

1 0 0 0
0 1 0 0

0 0 1 −
ℎ

sin𝜃  
0 0 0 1

 

(3.5) 

 

and K is the camera parameter matrix: 

 

𝐊 =
𝑓×𝑘𝑢 𝑠 𝑢! 0
0 𝑓×𝑘𝑣 𝑣! 0
0 0 1 0

 
(3.6) 

 

Here, 𝑓 is the focal length of the camera, 𝑠 is the skew parameter [111] of the pixels, 

and (𝑘𝑢×𝑘𝑣) is the aspect ratio of the pixels. Eq. (3.3) can also be expressed as: 

 

𝑢!
𝑣!
1

=
𝑝!! 𝑝!" 𝑝!" 𝑝!"
𝑝!" 𝑝!! 𝑝!" 𝑝!"
𝑝!" 𝑝!" 𝑝!! 𝑝!"

𝑥!
𝑦!
𝑧!
1

 

(3.7) 

 

where 𝐏 = 𝐊𝐓𝐑. As the real-world coordinate system was defined to be the plane 

𝑦! = 0, this simplifies to: 

 
𝑢!
𝑣!
1

=
𝑝!! 𝑝!" 𝑝!"
𝑝!" 𝑝!" 𝑝!"
𝑝!" 𝑝!! 𝑝!"

𝑥
𝑧!
1

 
(3.8) 

 

Using equation (3.8), a window of interest can be projected from real-world co-

ordinates on the road plane to the image plane. This is shown in Figure 3.4 where a 

window of interest was defined as being between 3m and 16m from the camera 

origin in the host vehicle. A value of 3 meters was chosen as the minimum distance 

as this was the closest point on the road surface that could be seen by the test camera 

configuration. A value of 16m was chosen as the maximum distance as described in 

equation (3.2).  
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(a) (b) 

 

Figure 3.4:    (a) Captured forward facing image. (b) Region of interest 

indicated by two horizontal white lines. The upper white 

line indicates the maximum distance, and the lower white 

line indicates the minimum distance within which lane 

position was determined. 

 

3.2.2 Lane Marking Localisation (Step 3) 

A normalised intensity channel is first calculated from the Red, Green and Blue 

channels of each frame of video (3.9).  

 

𝐈 =
1
3 (𝐑+ 𝐆+ 𝐁) 

(3.9) 

 

A negative, second derivative of a one-dimensional Gaussian filter is convolved 

[112] with each row in the region of interest, from bottom to top, giving a large 

response to changes in intensity corresponding to lane markings. This filter is tuned 

to give a peak response to lane markings of 200mm in width on the road plane. From 

equation (3.8) and the values for the test camera configuration outlined in Section 

3.2.1, it can be calculated that this corresponds to a width of 60 pixels at the bottom 

of the region of interest and 12 pixels at the top of the region of interest on the image 

plane. The kernel was reduced linearly in width from 60 pixels to 12 pixels as the 

kernel filters each row in the region of interest due to the effects of perspective on 

the lane markings (Figure 3.5(a)).  



Chapter 3: Single Camera Lane Departure Warning System 

 41 

Due to the convolution, areas where lane markings are present will increase in pixel 

value. As the maximum input pixel value was 1, pixels above this value were 

identified as lane markings by the system. The resulting image is shown in Figure 

3.5(b). 

 

 
(a) 

 
(b) 

 

Figure 3.5: Lane Segmentation Algorithm: (a) A series of 2nd 

Differential Gaussians kernels, linearly decreasing in 

width, are scanned along each row, from the bottom of the 

image to the horizon, resulting in (b). 

 

3.2.3 Hough Transformation and Peak Detection (Step 4) 

To find the edges of the segmented road markings in the binary image, 

morphological edge detection is performed on the image shown in Figure 3.5 (b) 
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[50]. Once the edge detection has been applied to the road markings, a Hough 

transformation is performed [113]. The Hough transform is a technique used to 

isolate features of a particular shape within an image. The transform consists of 

parameterising a description of a feature at any given location in the original image's 

space. A mesh in the space defined by these parameters “Hough space” is then 

generated, and at each mesh point a value is accumulated, indicating how well an 

object generated by the parameters defined at that point fits the given image. Mesh 

points or “Hough bins” that accumulate relatively larger values then describe 

features that may be projected back onto the image, fitting to some degree the 

features actually present in the image. The main advantage of the Hough transform 

technique is that it is tolerant of gaps in feature boundary descriptions and is 

relatively unaffected by image noise [114]. 

As outlined in Section 3.2.1, a line approximation is used to parameterise the lane 

border for this application. A representation of a line, and thus the lane border, can 

be given in its normal form: 

 

𝑥 cos𝜃 + 𝑦 sin𝜃 = 𝜌 (3.10) 

 

This equation specifies a line passing through (𝑥,𝑦)  in the image that is 

perpendicular to the line drawn from the origin to (𝜌,𝜃) in polar space. For each 

point (𝑥,𝑦) on a line, 𝜃 and 𝜌 are constant. Now, for any given point (𝑥,𝑦), lines 

passing through that point can be obtained by solving for  𝜃 and 𝜌. By iterating 

through possible angles for 𝜃, 𝜌 can be solved using equation (3.10) directly.  

Peaks are identified in the Hough space by discounting all Hough bins below 12 

pixels in size. The value of 12 pixels is based upon the sparseness of road markings 

the algorithm is likely to encounter. According to ISO 17361:2007, the most sparsely 

marked international lane boundaries are those of Belgium. In this case, a 2.5m lane 

marking can be followed by a 10m gap. For the test camera configuration outlined in 

Section 3.3.1, using equation (3.8), this lane marking at the fringe of the algorithms 

range of operation would result in a detected edge of 12 pixels in length. This was 

the minimum threshold used by the algorithm. The Hough Transformation and the 

resulting Hough peaks are shown in Figure 3.6. 
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Figure 3.6: Hough transformation of the image, with Hough peaks 

shown as small red squares. Detected clusters of Hough 

peaks are shown as large blue squares. 

 

When the system encounters double lane markers, such as in the United States where 

they are used to indicate “no passing zones”, multiple line segments may be detected 

for the same lane boundary. The same is true if the vehicle is approaching a turn, as 

the curved lane boundary is detected as a series of straight-line segments. To 

robustly identify which line segment corresponds to which set of lane markings, 

cluster analysis is used to group to the Hough peaks together and discard outliers. 

The K-means and Fuzzy C-means algorithm were discounted as they required prior 

knowledge of the number of clusters to be found [115]. The subtractive clustering 

algorithm described in [116] requires no such prior knowledge. The results of the 

clustering algorithm are shown in Figure 3.6 where large blue boxes indicate the 

cluster centres.  

To display the detected road markings in the forward facing image, a reverse Hough 

transform is carried out on the cluster centres. Taking each cluster centre 𝜌! ,𝜃! , the 
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equation for each lane boundary can be calculated from the line equation 𝑦 − 𝑦! =

𝑚!   (𝑥 − 𝑥!) where: 

 

𝒚𝒊 = 𝝆𝒊× 𝒔𝒊𝒏𝜽𝒊 

𝒙𝒊 = 𝝆𝒊× 𝒄𝒐𝒔𝜽𝒊 

𝒎𝒊 = − 𝒕𝒂𝒏𝜽𝒊 

 

(3.11) 

 

The results of this process are shown in Figure 3.7. 

3.2.4 Tracking Lane Markings (Step 5-6) 

Tracking of the clusters is performed in the Hough Domain to smooth detection 

noise, to interpolate lane boundary positions during short periods where detection 

has failed, and to predict the future position of lane boundaries, thus aiding temporal 

association between frames. Only clusters that are detected for than more than 5 

consecutive frames are tracked, enabling the system to discount spurious and short-

lived clusters caused by e.g. pedestrian crossings or road lettering. In the literature, 

particle filtering [20] and Kalman Filtering [117] have been proposed as viable 

methods to track lane markings. Kalman Filtering is used here, as it was found to be 

the most commonly used method.  

The cluster centres are tracked using the 𝜌 and 𝜃 parameters. These form a state 

vector 𝒙. Each state vector refers to one cluster, i.e. new sets of Kalman coefficients 

are instantiated for each cluster. Firstly, predictions of the state vector 𝒙! and state 

error covariance matrix 𝑷!  are generated for a cluster at time instant 𝑘 , 

corresponding to a frame of video: 

 

𝒙!! = 𝑨𝒙!!! 

𝑷!! = 𝑨𝑷!!!𝑨! + 𝑸 

(3.12) 

 

where 𝑨 is the state transition matrix and 𝑸  is the process noise covariance matrix. A 

linear model is used for the transition matrix, as motion is assumed linear for 

simplicity. These predictions are then used to associate detections in the current 

frame with clusters being tracked. Clusters are associated from frame to frame by 



Chapter 3: Single Camera Lane Departure Warning System 

 45 

Euclidean distance. These system measurements (𝑧) are used to correct and update 

the corresponding trackers. The Kalman Gain (𝑲) is computed by: 

 

𝑲! = 𝑷!!𝑯!(𝑯!𝑷!!𝑯! + 𝑹)!! (3.13) 

 

where 𝑯 is the matrix which relates the true state space with the measurement space 

and 𝑹 is the measurement noise covariance matrix. This Kalman gain is then used to 

correct the previous estimate of state and error covariance: 

 

𝒙!! = 𝒙!!!! +𝑲!(𝑧! −𝑯𝒙!!!! ) 

𝑷! = 𝑰−𝑲!𝑯 𝑷!! 

(3.14) 

 

The measurement covariance matrix 𝑹 determines the sensitivity of the tracker to 

updates. Higher values of measurement covariance will mean less weighting on the 

current measurements and smoother movement, while lower values will mean 

heavier weighting on the current measurements and a more responsive tracker. 

However if this parameter is too low the tracker can become unstable during 

occlusions and detection failures, so there is a trade-off when choosing a value for 𝑹. 

For the test video data (640 x 480 pixels, 20 Hz frame rate) a value of 0.1 for the 

elements of 𝑹  was found to be suitable for ensuring the vehicle tracker was 

responsive, yet remained stable during noise caused by variations in road terrain on 

the host vehicle.  

3.2.5 Lane Departure Determination and Driver Warning (Steps 7-8) 

Lane departure is determined by the proposed system by monitoring the position of 

the host vehicle with respect to the detected lane boundary. In keeping with the 

standards discussed in Chapter 2, a warning is issued by the system when the host 

vehicle comes within a defined proximity to the lane boundary. By inverting the 

transformation matrix in (3.8), the mapping of the lane boundary coordinates from 

the image plane to the road plane can be calculated: 
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𝑋!
𝑍!
1

=
𝑝!! 𝑝!" 𝑝!"
𝑝!" 𝑝!" 𝑝!"
𝑝!" 𝑝!! 𝑝!"

!! 𝑢!
𝑣!
1

 
 

(3.15) 

The resulting road-plane coordinates are used to create the line equation 𝐴𝑥 + 𝐵𝑦 +

𝐶 = 0 for each lane border. The perpendicular distance 𝑑  from the detected lane 

boundary to the vehicles origin (𝑚,𝑛) can be calculated as follows: 

 

𝑑 =
𝐴𝑚 + 𝐵𝑛 + 𝐶

𝐴! + 𝐵!
 

(3.16) 

 

The vehicles origin was taken to be a point on the road plane directly below the 

camera, where 𝑚,𝑛 = (0,0). 

Figure 3.7 shows a sequence of forward facing images and their corresponding 

Hough transformations. In each Hough space example, peaks are shown as small red 

squares and detected clusters of peaks are shown as large blue squares. As the 

vehicle departs from the right lane to the left lane, it can be seen that the cluster 

corresponding to the departed lane boundary, which is highlighted in green for this 

example, drifts from the right to the left of the Hough space. In each forward facing 

image, short blue lines indicate the track width of the vehicle and long red lines 

indicate the detected lane boundaries. A lane departure warning is issued by the 

system when the following condition is found to be true: 

 

𝑑 =
𝑤!
2  (3.17) 

 

This warning is displayed in the forward facing image, as shown by the second 

image in the sequence. Figures shown in the top left corners indicate the value of 

(𝑑 − !!
!
) for each detected lane border, where 𝑤!  is the vehicles track width. This 

value approaches 0 when the vehicle nears the lane markings. 
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Figure 3.7: A sequence of forward facing images demonstrating a 

detected lane departure and corresponding Hough 

transformation. The top row displays the forward facing 

image. The bottom row displays the corresponding Hough 

transform.  

 

The vehicles width variable 𝑤! and the cameras intrinsic and extrinsic parameters 

from Section 3.2.1 enable the realisation of this system for various camera 

configurations and vehicles to identify when lane departure occurs.  

3.3 Test Procedures 

This section outlines the test procedure to investigate the effectiveness of the 

proposed LDW system, including the method for capturing the test video, the 

environmental scenarios, and how performance evaluation was carried out. 

3.3.1 Configuration for Acquiring Test Video 

The acquisition hardware and test database used are outlined in detail in Appendix 

B. To summarise, the host vehicle was driven on a wide variety of roads, capturing 

video data in a range of driving environments including urban, suburban, rural and 

motorways. Overall, twenty daytime and night-time video clips were captured, 
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containing thirty instances of lane departures. These lane departures occurred on 

straight roads, curved roads, and over the left and right lane boundaries. Both a 

forward facing video stream, and a rear facing video stream was captured. The 

forward facing video stream was used for the testing of this single camera LDW 

algorithm. As described in Section 3.3, the test scenario outlined in ISO 17361:2007 

indicates that testing should be carried out in good weather conditions, with defined, 

visible lane markings. However, for this research, a number of quite challenging test 

scenarios were used, for example, some test cases have lettering on the road surface, 

glare on the camera sensor, changes in tarmac and pavement types, wet and dry 

surfaces, pedestrian crossings, curvatures in the lanes and lane markings occluded by 

shadows and leading and passing vehicles during day-time and night-time driving 

conditions. 

The video was post-processed using an implementation of the algorithm developed 

in MATLAB, on a standard desktop PC with an AMD Athlon 3200+ processor, with 

1GB RAM running Ubuntu 8.04. During the testing of the algorithm, it was found 

that it took approximately one second to process each frame.  

 

3.3.2 Test Procedures 

The most stringent LDW standards, ISO 17361:2007, requires that a warning is 

issued at the earliest when the vehicle has moved within 0.75m of the lane boundary, 

and at the very latest, it requires that a warning be issued when the vehicle is 0.3m 

outside the lane boundary (Chapter 2, Table 2.2). As such, these ISO 17361:2007 

LDW margin-of-error thresholds were used to benchmark the proposed lane border 

detection component of the LDW system.  

The resulting videos from the testing of the proposed algorithm against the video 

dataset described in Appendix B was analysed on a frame per frame basis. Figure 3.8 

demonstrates an identification process. The red line indicates the detected lane 

border. The green area identifies the margin-of-error area of 0.75m inside and 0.3m 

outside of the detected lane border. If all pixels of the actual lane border markings on 

the road surface are found to be inside the margin-of-error area, correct lane border 

detection is recorded (Figure 3.8 (a)). If any pixels of the actual lane border 

markings on the road surface are found to be outside the margin-of-error area, 



Chapter 3: Single Camera Lane Departure Warning System 

 49 

incorrect lane border detection is recorded (Figure 3.8 (b)). This analysis of the  

“ground truth” data with the detected lane borders forms the basis of the results for 

the lane border detection component of the LDW system presented here.  
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(a) (b) 

 

Figure 3.8: (a) Example of correct lane border detection: right lane 

markings are within the threshold area (green) as outlined 

by ISO 17361:2007 (b) Example of incorrect lane border 

detection: right lane markings are outside the threshold 

area as outlined by ISO 17361:2007. 

 

A custom Graphical User Interface (GUI) was developed for manual classification of 

video processing results and accumulation of performance statistics. This is similar 

to a system created by Bertozzi et al. [118] to quickly evaluate the performance of 

vision based pedestrian detection. A screenshot of the GUI is shown in Figure 3.9. 

The GUI records true negatives, true positives, false positives, and false negatives in 

the lane border detection. The GUI and resulting test data has been publically made 

available [119].  A sample of collated lane border detection results data file is 

displayed in Figure 3.10.  
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Figure 3.9:   GUI developed to collate lane border detection results. 

Data on detection rate and false positives is recorded for 

each frame.  

 

 
Figure 3.10: Sample of collated lane border detection results data. Note 

that this data file is shortened for display purposes. 
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ISO 17361:2007 also outlines a test procedure for LDW systems, where three types 

of test are carried out: A lane departure warning on a curve, a test for repeatability on 

a straight course, and a test for false alarms. The video dataset used here contains 

multiple examples of all three scenarios. An evaluation of the performance of the 

system was made, in terms of the number of detection failures. These detection 

failures include both situations where a lane border existed but was not detected 

(false negatives) and where a lane border did not exist but was falsely detected (false 

positives). The systems performance was analysed for both lane boundary detection 

and at LDW.  
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3.3.3 Results and Discussion 

As previously mentioned, this single camera-based algorithm was tested using the 

forward facing camera video of the multi-camera LDW dataset. The resulting videos 

(clip 1 to 20) can be viewed at [120]. The resulting performance metrics can be seen 

in Table 3.1 and Table 3.2.  
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Table 3.1: Results for Lane Boundary Detection for Single Forward Facing 

Camera 

Clip # 
Total # of 

Lane 
Boundaries 

Detected # 
of 

Boundaries 

Correctly 
Detected # 

of 
Boundaries 

Correct 
Rate  of 

Detection 

#False 
 Positives 

F.P./ 
Frame 

1 1284 1325 1245 96.96 41 0.032 
2 6394 6555 6373 99.67 161 0.025 
3 15688 15928 15448 98.47 240 0.015 
4 13728 13811 13704 99.83 83 0.006 
5 18670 19121 18662 99.96 451 0.024 
6 11372 11740 11293 99.31 368 0.032 
7 986 1112 978 99.19 126 0.128 
8 8364 9826 8276 98.95 1462 0.175 
9 5268 5680 5268 100 412 0.078 
10 5806 5849 5806 100 43 0.007 
11 6480 6665 6295 97.15 185 0.029 
12 15980 16727 15343 96.01 747 0.047 
13 1834 1866 1659 90.46 32 0.017 
14 1709 1881 1637 95.79 172 0.101 
15 5092 5338 5076 99.69 246 0.048 
16 2444 2506 2393 97.91 62 0.025 
17 2230 2268 2213 99.24 38 0.017 
18 1814 1814 718 39.58 0 0 
19 8260 8270 0 0 10 0.001 
20 5048 5048 0 0 0 0 

Total 138451 143330 122387 88.4 4879 0.04 
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Table 3.2: Results for Lane Departure Detection 

Clip # Total # of 
Lane   

Departures 

Detected # of 
Lane   

Departures 

Correctly 
Detected # 
of  Lane 

Departures 

Correct 
Rate of 

Detection 

# of False 
  

Positives 

1 0 0 0 100 0 
2 0 0 0 100 0 
3 6 6 6 100 0 
4 4 4 4 100 0 
5 9 9 9 100 0 
6 7 7 7 100 1 
7 1 1 1 100 0 
8 0 0 0 100 0 
9 1 1 1 100 0 
10 0 0 0 100 0 
11 0 0 0 100 0 
12 0 1 0 100 3 
13 1 1 1 100 0 
14 0 0 0 100 1 
15 0 0 0 100 3 
16 0 0 0 100 2 
17 0 0 0 100 1 
18 0 0 0 100 0 
19 0 0 0 100 0 
20 1 1 1 100 0 

Total 30 31 30 100 11 
 

For all daytime, twilight, night-time, urban, countryside, and motorway driving 

environments, an improvement is demonstrated by the multi-camera-based LDW 

system. Overall, for the total of video frames, the single-camera LDW system 

resulted in a lane border detection rate of 88.4%, with a 0.04 false positive rate per 

frame. The single-camera LDW system successfully detected all of the lane 

departures with 13 false positives.  

As summarised in Chapter 2, lane detection and LDW is a research area of interest in 

the automotive industry. This tends to result in much of the research work being 

proprietary, and the corresponding results and resources may not be publicly 

accessible. These resources mainly consist of datasets used in development and 

testing, hardware specification, and source code for implementation. In research 

areas such as face recognition, or Optical Character Recognition (OCR), 
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standardised data sets are readily available for testing and benchmarking. However, 

lane detection appears to have no such resources for benchmarking. As a result of 

this, it is difficult to perform a fair comparison between the various algorithms. 

Therefore, it becomes extremely difficult to validate the performance of an 

algorithm, as the data used in testing could be questionable in terms of its neutrality. 

This issue has also been stated by Borkar et al. [121]. As such, to remove some of 

the issues regarding bias in performance evaluation, the LDW video dataset is being 

made available [122]. This is the largest known publically available database of its 

kind.  

It should be noted that the dataset used here was gathered to evaluate the 

performance of a multi-camera LDW system under very difficult driving scenarios. 

This included a number of scenarios where a single camera LDW system would fail, 

such as situations where the camera is under heavy glare, occluded, or in low 

lighting conditions. As such, an additional dataset was compiled and is presented in 

[123].  Appendix C. This dataset is more comparable to that of others in the area of 

research in that it contains similar driving environments and scenarios. The results of 

testing from this dataset are presented in Appendix C. 

Using this dataset, a limited comparison can be offered by comparing the results per 

driving environment. Lan et al [124] tested their method on both motorways and 

urban streets, in both daytime and night-time, and with heavy and light traffic. They 

reported that “over 80% of lane changes have been detected for seven out of the ten 

experiments” for their system. The proposed system was tested using video from 

similar driving environments. From the results, it can be seen that the proposed 

system detected fifty-four out of fifty-five lane departures, over the full test video 

dataset.  Gopalan et al. [125] reported an overall detection rate of 83.2% for lane 

borders with a 15.8% false positive rate. Similarly, Pei-Yung et al. [126] report an 

average success rate of 92.14% for their system at detecting lane departures in night-

time and daytime driving environments. Results from the proposed system show that 

it has a 98.81% success rate at detecting lane departures in night-time and daytime 

driving environments. Borkar et al. state that on average, for isolated and metro 

highway, a lane border detection rate of 98.13% was achieved. For the proposed 

algorithm, in a similar motorway driving environments, the system has a 95.38% 

lane border detection rate. Although Borkar et al. show a higher rate of detection in 

urban driving environments, the proposed algorithm shows a higher rate of detection 
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in urban driving environments. Here, Borkar et al. demonstrate a rate of 87.21%. In 

comparison, the proposed algorithm displays a lane border detection rate of 93.1%. 

 

 

  

(a) (b) 
 

Figure 3.11: Samples of false detections. 
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Figure 3.12: Samples of correct detections demonstrating the robustness 

of the system. 
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3.4 Conclusion 

In this chapter, a novel method for lane departure determination using a forward 

facing visible spectrum camera is proposed. The main focus of this chapter is the 

design of a Lane Departure Warning System to be in accordance with the two 

proposed standards for lane departure warning systems: ISO 17361 and FMCSA-

MCRR-05-005. By researching the national standards in lane markings from a large 

number of countries, the first known lane markings segmentation algorithm to be in 

accordance with national standards for lane markings has been developed. This 

method does not demand the high computational requirements of Inverse Perspective 

Mapping (IPM) as is the case with methods proposed in previous research. Nor does 

it require the specialised hardware requirements used by some commercial systems. 

A method for lane boundary modelling based on the Hough transform and a 

subtractive clustering algorithm was presented and was demonstrated to perform 

within the requirements of automotive standards for lane departure warning. A 

Kalman filter-tracking algorithm was implemented to improve robustness by 

ensuring continuity of operation through small detection failures and predicting 

future locations of lane boundaries, areas that current commercial systems have been 

shown to have difficulty with. It is explained how the system can be realised for 

various camera configurations and widths of vehicles to identify when lane departure 

occurs. Results from on-road were presented, demonstrating the system’s high 

detection rate and robustness in diverse driving environments in comparison to 

current methods. The system had a lane border detection rate of 94.39% and a lane 

departure detection rate of 98.18%. The next chapter will discuss the extension of 

this approach by implementing multiple cameras for lane border determination, 

which increases the reliability of the lane departure warning system. 
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Chapter 4 Multiple Camera Lane 
Departure Warning 

 

4.1 Introduction and Motivation 

The previous chapter introduces a novel approach to lane departure warning using a 

single forward-facing camera. While the system was shown to be highly effective in 

detecting both lane markings and actual lane departures, such a single camera system 

can suffer from limitations due to lane marking occlusions, sensor failure, and glare. 

Multi-camera systems are beginning to appear on the latest vehicles [10-14]. These 

forward, rear, and side view cameras allow the driver 360° panoramic views of the 

vehicles surroundings. These cameras can also be used for machine vision 

applications for analysis of the environment, as described by Gandhi et al. [127].  

A number of rear-facing camera lane departure detection warning systems have also 

been developed [27] [128]. These, and many of the competing LDW methods, were 

originally developed for use in single, forward-facing camera applications. However, 

a multi-camera system can present advantages over a single-camera system. One 
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such advantage is the introduction of hardware redundancy into the system [129]. A 

single camera system can fail if the sensor suffers physical damage. If one camera 

fails in a multi-camera system, the additional cameras allows the system to continue 

functioning correctly, thus improving reliability for safety critical applications such 

as lane departure warning or lane following applications. Single camera-based LDW 

systems can also fail when the image is occluded by another vehicle, particularly in 

lane departure situations. [126].  A similar limitation was noted by [130]: “The main 

limitation of the proposed technique is regarded to significant occlusions of lane 

markings due to vehicles in front of the camera” and by [131].  Sensor glare caused 

by oncoming headlamps [132], bright sunlight [133], or reflections can also cause a 

single sensor approach to fail.  To address these limitations in single-camera 

systems, an LDW system utilising two cameras, one forward-facing and one rear-

facing camera, is proposed. 

The layout of the remainder of the chapter is as follows: Section 4.2 describes the 

operation of the proposed multi-camera LDW system. Section 4.3 describes the 

testing procedure and presents results from evaluation of the system. Finally, in 

Section 4.4, the effectiveness of the proposed algorithm is discussed, particularly 

when compared to the single-camera LDW system, and conclusions are drawn. 

 

4.2 Outline of Multiple Camera Lane Departure Warning 
Algorithm 

The proposed lane departure algorithm is described by the flowchart shown in Figure 

4.1, and contains the following steps: 

1. Forward and rear-facing cameras capture images of the road ahead and 

behind the host vehicle.  

2. Each image is cropped leaving the general area containing the road surface.  

3. A lane segmentation algorithm creates a grey scale “heat-map” of possible 

lane markings on the road surface. The image is thresholded, lane-marking 

edges are smoothed, and a boundary detection is applied.  

4. A Hough transform is then performed on the image. The highest peaks in the 

Hough Transformation are used to identify lane markings segments.  
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5. Using each cameras intrinsic and extrinsic parameters, the location of each 

lane marking is found in real-world coordinates.  

6. A subtractive clustering algorithm finds the clusters of lane markings 

segments that correspond to a lane border.   

7. The cluster centres are tracked with a Kalman filter. 

8.  Using the width of the vehicle and guidelines issued by the International 

Organisation for Standardization, it is shown how lane departure can be 

identified.  

9. If lane departure is identified, a warning is issued to the driver.  
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Figure 4.1: Flowchart for Lane Departure Detection 

 

Steps 1-4 of the above method are the same as used in the single camera LDW 

system previously presented in Chapter 2; some minor modifications have been 

applied to those steps for use in a multiple camera system. Only a brief description 

of these steps, including modifications, is included here: more comprehensive details 

of the processing on the individual images has already been given in Chapter 2. 
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4.2.1 Processing of Individual Camera Images (Steps 1-4) 

Firstly, the rear and forward facing camera capture an image. In order to calculate 

the area of interest in each input image, the mapping of coordinates on the road plane 

𝑋! 𝑍! 1  to the cameras image plane 𝑢! 𝑣! 1  needs to be found. Using 

equation (4.1) (taken from Section 3.2.1). A window of interest from real-world co-

ordinates on the road plane can be projected to the cameras image plane: 

 
𝑢!
𝑣!
1

=
𝑝!! 𝑝!" 𝑝!"
𝑝!" 𝑝!" 𝑝!"
𝑝!" 𝑝!! 𝑝!"

𝑋!
𝑍!
1

 
(4.1) 

 

Here, the real-world coordinate space origin is chosen as a point on the road plane 

directly below the forward facing camera’s origin. Therefore, for the forward facing 

camera, equation (4.1) can be re-written as: 

 
𝑢!"#$%#&  !
𝑣!"#$%#&  !

1
= 𝐏𝒇𝒐𝒓𝒘𝒂𝒓𝒅

𝑋!
𝑍!
1

 
(4.2) 

 

where 𝐏𝒇𝒐𝒓𝒘𝒂𝒓𝒅  is the matrix from equation (4.1) describing the transformation 

between real-world and image plane coordinates. For cameras other than the 

forward-facing camera, the mapping between the real-world origin to the origins of 

the additional cameras needs to be found. The rear facing camera was mounted at the 

same height as the forward facing camera, at a distance 𝑑 behind the forward facing 

camera, and rotated to be rear facing. Therefore there is a rotation of 180° around the 

real-world origins z-axis, and a translation 𝑑 from the real world origin to the rear 

facing camera’s origin: 

 
𝑢!"#!  !
𝑣!"#!  !
1

= 𝐓𝐑 !𝟏𝐏𝒓𝒆𝒂𝒓
𝑋!
𝑍!
1

 
(4.3) 

 

where R is the rotation matrix: 
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𝐑 =
cos 𝜃 −sin 𝜃 0
sin 𝜃 cos 𝜃 0
0 0 1

 
(4.4) 

 

and T is the translation matrix: 

𝐓 =
1 0 0
0 1 0
0 𝑑 1

 
(4.5) 

If there are additional cameras available on the host vehicle, such as side-view 

cameras, a rotation and translation matrix can be generated through similar means to 

map the origins of the additional cameras to common real-world origin. However for 

this application, only forward and rear-facing cameras are used.  

An example forward facing image is shown in Figure 4.2 where the window of 

interest was defined as being between 3m and 16m for the forward facing camera. 

The choice of 3 metres was based on the minimum distance (Section 3.2), as this was 

the closest point on the road surface that could be seen by the current camera 

configuration. 16m was chosen as the maximum distance as described in [123]. 

Similarly, a window of interest was defined as being between 3m and 16m 

rearwards for the rear-facing camera.  

 

  
(a) (b) 

 

Figure 4.2:  (a) Captured forward facing image. (b) Region of interest 

indicated by two horizontal white lines. The upper white 

line indicates the maximum distance and the lower white 

line indicates the minimum distance within which lane 

position is determined. 
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Using a similar approach to the single-camera system outlined in Section 3.2, the 

lane marking segments are identified from the image using a Gaussian filter (Figure 

4.3) (a), (b)) and a Hough transform (Figure 4.3 (c)). However, unlike the single-

camera approach, lane borders are not identified from the resulting clusters of 

detected lane marking segments in the Hough space. Instead, the lane borders are 

identified using a different method, which allows the lane marking segment 

information from multiple cameras to be used. This method is described in Section 

4.2.2 and Section 4.2.3. The detected lane marking segments are mapped back to the 

camera image, as shown in (Figure 4.3) (c)). 
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(a) 

 
(b) 

 
(c) 

 
(d) 

 

Figure 4.3: (a) Lane Segmentation Algorithm. A series of lineally 

increasing in width 2nd Differential Gaussians kernels are 

scanned along each row, resulting in (b). A boundary scan 

is made and a Hough transformation, resulting in (c). The 

detected peaks (c) are remapped to the forward facing 

image (d). 
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4.2.2 Transformation of Peaks (Step 5) 

By inverting the transformation matrix in (4.1), the mapping of the lane marking 

coordinates from both the forward facing and rear facing camera image plane to the 

road plane can be calculated:  

𝑋!
𝑍!
1

=
𝑝!! 𝑝!" 𝑝!"
𝑝!" 𝑝!" 𝑝!"
𝑝!" 𝑝!! 𝑝!"

!! 𝑢!
𝑣!
1

 
(4.6) 

 

The resulting road-plane coordinates are used to create the line equation 𝐴𝑥 + 𝐵𝑦 +

𝐶 = 0 for each lane-marking segment. Figure 4.4(a) illustrates the lane marking 

segments mapped from the forward and rear-facing camera image. 

4.2.3 Cluster Determination of Peaks (Step 6) 

When the system encounters lane markings in both the forward and rear camera, 

multiple line segments may be detected for the same lane boundary, as shown in 

Figure 4.4(a). The same is true when the system encounters double lane markers, 

such as in the United States where they are used to indicate “no passing zones”, or if 

the vehicle is approaching a turn, as a curved lane boundary is detected as straight-

line segments. As for the single-camera system, the K-means and Fuzzy C-means 

algorithm were discounted. Instead, a modified version of the subtractive clustering 

algorithm was used. To perform cluster analyses, the lane marking segments are 

converted into a coordinate space where ℓ𝓁 is the perpendicular distance from the 

lane-marking segment to the origin (𝑚,𝑛) defined in Section 4.2.1, and 𝜙 is the 

angle of the lane-marking in the real-world coordinate space: 

 

ℓ𝓁 =
𝐴𝑚 + 𝐵𝑛 + 𝐶

𝐴! − 𝐵!
 

𝜙 = tan!!𝑚 

 

(4.7) 

 

The resulting lane marking segments are shown as crosses in Figure 4.4(b). In the 

subtractive clustering algorithm, the “density measure” [115] at point 𝑝! is defined as 

 



Chapter 4: Multiple Camera Lane Departure Warning  

 68 

𝐷! = exp   −
𝑝! − 𝑝!
𝑟!/2 !

!

!!!

 
(4.8) 

 

where 𝑟! is a positive constant representing a neighbourhood radius. A modified 

version of this equation that takes the normalised weight of each Hough bin for each 

lane markings segment into account was used: 

 

𝐷! =
𝑝!"

max  (𝑝!" … 𝑝!")
exp   −

𝑝! − 𝑝!
𝑟!/2 !

!

!!!

 
(4.9) 

 

This modified clustering algorithm increases the probability of the longest lane-

marking segment becoming the identified lane border. The results of the clustering 

algorithm are shown in Figure 4.4(b) where circles indicate the cluster centres.  

Note that in the multi-camera system proposed here, lane marking information from 

both rear-facing and forward-facing cameras contributes to the formation of clusters.  
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(a) 

 
(b) 

 
(c) 

 
 

(d) 

 

Figure 4.4:  (a) The detected lane marking segments in the forward 

(blue) and rear-facing  (red) image are mapped to the 

road plane. (b) The lane markings on the road plane are 

converted to polar coordinates (crosses). The cluster 

centers are found (circles) and tracked using a Kalman 

filter. (c) The cluster centers are mapped back to the 

road plane, demonstrating the detected lane borders. (d) 

The cluster centers are mapped back to the forward and 

rear-facing image. 
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4.2.4 Tracking of Peaks with a Kalman Filter (Step 7) 

Similar to the approach taken in the single camera algorithm outlined in Section 

3.2.4, tracking of the cluster centres is performed using a Kalman Filter to smooth 

detection noise, to interpolate lane boundary positions during short periods where 

detection has failed and to predict the future position of lane boundaries, thus aiding 

temporal association between frames. Only clusters centres that were detected for 

than more than 5 consecutive frames are tracked, enabling the system to discount 

spurious and short-lived clusters caused by e.g. pedestrian crossings or road 

lettering. For the multi-camera system, the cluster centres are tracked using the ℓ𝓁 

and  𝜙 parameters, which are used to form a state vector 𝒙. The mapping of the 

tracked cluster centres back to the real-world coordinate space is shown in Figure 

4.4(c). The mapping back to the forward and rear facing video frames is shown in 

Figure 4.4(d). 

4.2.5 Lane Departure determination and Driver Warning (Steps 8-9) 

Lane departure is determined by the system by monitoring the position of the host 

vehicle with respect to the detected lane boundary. In keeping with the standards 

discussed in [123] a warning is issued by the system when the host vehicle comes 

within a defined proximity to the lane boundary.  

By monitoring the value of ℓ𝓁 (the perpendicular distance from the origin to the 

cluster centre), it can be determined when the vehicle comes within a certain 

distance of the lane boundary. Figure 4.4(d) shows a standard forward and rear 

facing output image of the system. The numbers shown in the top left corners 

indicate the value of (ℓ𝓁− !!
!
)  for each detected lane border, where 𝑤!   is the 

vehicle’s track width. This value approaches 0 when the vehicle nears the lane 

markings. Therefore, a lane departure warning is issued by the system when the 

following condition in (3.17) is found to be true: 

 

ℓ𝓁 =
𝑤!
2

 (4.10) 
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A warning is then displayed on the output video to the driver (some examples are 

given in Figure 4.5). 

4.3 Test Procedures and Results  

This section outlines the test procedure to investigate the effectiveness of the 

proposed LDW system. A summary of how the test video was captured is presented 

along with the environmental scenarios it was captured in, and how evaluation of the 

system was performed.  

4.3.1 Configuration for Acquiring Test Video 

The dataset used for testing is outlined in detail in Appendix B. The video was post-

processed using an implementation of the algorithm developed in MATLAB, on a 

standard desktop PC with an AMD Athlon 3200+ processor, with 1GB RAM 

running Ubuntu 8.04. During the testing of the algorithm, it was found that it took 

approximately 1500ms to process each pair of forward and rear facing frames.  

4.3.2 Test Procedures 

ISO 17361:2007 outlines a test procedure for LDW systems. As for the single-

camera system, three types of test are carried out: A lane departure warning on a 

curve, a test for repeatability on a straight course, and a test for false alarms. The 

video dataset contained all three scenarios. All testing in this case was performed 

with tracking enabled, and the systems performance was analysed at both lane 

boundary detection and at lane departure detection.  

A lane boundary is defined as a visible lane marking identifying a boundary within 

the area defined in Section 2.2 [123]. Correct lane boundary detection is defined as 

the situation where the location and direction of a lane boundary road marking in the 

area of interest coincides with the location and direction of the detected lane 

boundary. A detection failure was defined as situations where a lane border existed 

but was not detected or where a lane border did not exist but was falsely detected.  

4.3.3 Results and Discussion 

The results of the lane boundary detection are presented Table 4.1. The results of the 

lane departure detection are presented in Table 4.2. These results show the 
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effectiveness of the proposed algorithm in detecting lane boundaries and lane 

departure in challenging driving environments, when compared to the single-camera 

system. 98.85% of lane boundaries were detected correctly, 0.032 rate of false 

positive per frame. A small number of erroneous results were produced by the 

system. Bright reflections caused by surface water, very faint lane markings, and 

zigzag lane markings were found to cause inaccurate readings. However, all lane 

departures were detected correctly, with only one false positive. 
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Table 4.1: Results for Lane Boundary Detection 

Clip # 
Total # of 

Lane 
Boundaries 

Detected # 
of 

Boundaries 

Correctly 
Detected # 

of 
Boundaries 

Correct 
Rate  of 

Detection 

#False 
 Positives 

F.P./ 
Frame 

1 1284 1284 1274 99.22 10 0.01 
2 6394 6445 6389 99.92 56 0.008 
3 15688 15818 15581 99.31 237 0.03 
4 13728 13728 13728 100 0 0 
5 18670 18760 18619 99.88 141 0.015 
6 11372 11404 11350 99.78 54 0.009 
7 986 1054 986 100 68 0.14 
8 8364 8387 8021 95.89 366 0.043 
9 5268 5268 5172 98.17 96 0.036 
10 5806 5848 5806 100 42 0.0007 
11 6480 6294 6294 97.13 0 0 
12 15980 15651 14823 92.76 828 0.09 
13 1834 1834 1834 100 0 0 
14 1709 1996 1691 98.94 305 0.166 
15 5092 5091 5083 99.82 8 0.0031 
16 2444 2457 2444 100 13 0.0106 
17 2230 2230 2230 100 0 0 
18 1814 1859 1792 98.78 67 0.07 
19 8260 8148 8148 98.64 0 0 
20 5048 5032 4990 98.85 42 0.016 

Total 138451 138588 136255 98.85 2333 0.032 
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Table 4.2: Results for Lane Departure Detection 

Clip # Total # of 
Lane   

Departures 

Detected # of 
Lane   

Departures 

Correctly 
Detected # 
of  Lane 

Departures 

Correct 
Rate of 

Detection 

# of False 
  

Positives 

1 0 0 0 100 0 
2 0 0 0 100 0 
3 6 6 6 100 0 
4 4 4 4 100 0 
5 9 9 9 100 0 
6 7 7 7 100 0 
7 1 1 1 100 0 
8 0 0 0 100 0 
9 1 1 1 100 0 
10 0 0 0 100 0 
11 0 0 0 100 0 
12 0 1 0 100 1 
13 1 1 1 100 0 
14 0 0 0 100 0 
15 0 0 0 100 0 
16 0 0 0 100 0 
17 0 0 0 100 0 
18 0 0 0 100 0 
19 0 0 0 100 0 
20 1 1 1 100 0 

Total 30 31 30 100 1 
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The test results show the effectiveness of the proposed algorithm in detecting lane 

departure on various road surfaces and under various driving conditions. Figure 4.5 

shows some of the detection samples, displaying the systems robustness in the 

presence of various road markings, road and environment conditions, and occlusions 

by vehicles, pedestrians, glare, and dashboard reflections.  

Analysing the results according to the test environments (Appendix B), it can be 

seen that the proposed system has a 99.19% and a 99.70% lane border detection rate 

in countryside (clips 15-20) and motorway (clips 3-6) driving environments. For 

urban driving environments (clips 1-2, 7-14), the system has a 96.65% detection rate. 

The lower rate of detection is due to the environmental variability in urban 

environments such as types of lane markings and changes in tarmac. For daytime 

and twilight driving (clips 1, 7-12, 18-20), the system has a 98.43% lane border 

detection rate. In comparison, the system has a 98.36% detection rate in night-time 

(clips 2-6, 13-17) driving environments. Although the rear camera was in darkness 

for many of the night-time motorway driving clips, and thus less lane marking 

information was available to the system, the existence of the highly reflective “cats-

eyes” on the motorways in the forward facing video increased the detection rate of 

the lane borders.  
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(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

 
(g) 

 
(h) 

 
(i) 

 
(j) 

 
(k) 

 
(l) 

 
(m) 

 
(n) 

 
(o) 

Figure 4.5:  Sample output forward facing (top) and rear facing (bottom) 

video frames by the system. 

 

In adverse driving conditions such as on roads with worn-lane markings, strong 

shadows, glare, and intermittently occluded lane markings caused by other road 

users, the multi-camera LDW algorithm shows high rates of detection. For example, 

in clip 7 (Figure 4.5 (a)) and clips 13-20 (Figure 4.5 (a), (d), (f), (i), (j), (m)), the 

algorithms effectiveness at detecting worn lane markings, particularly in an urban 

environment, can be seen.  The high rate of detection results obtained from clip 2-6 

(Figure 4.5 (c)) demonstrates the robustness of the algorithm in wet driving 

environments. Heavy glare (Figure 4.5 (d), (f), (h), (j)), shadows (Figure 4.5 (d), (f)), 
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and occluded lane markings are encountered in the forward-facing video (Figure 4.5 

(e), (h)) and rear-facing video (Figure 4.5 (e), (n)) in clips 8-20. These were areas 

identified in Section 2.3 to be particularly troublesome for single camera LDW 

systems.  

While there are no publically available multi-camera LDW results for comparison, 

comparing the presented results with similar single camera LDW methods in the area 

demonstrates the effectiveness of the proposed algorithm. Lan et al [124] tested their 

single-camera method on both motorways and urban streets, in both daytime and 

night-time, and with heavy and light traffic, and reported over 80% detection for 

seven out of ten experiments with their system. Pei-Yung et al. [126] report an 

average success rate of 92.14% for their system at detecting lane departures in night-

time and daytime driving environments. The proposed system was tested using video 

from similar driving environments to those in [126] and [124]. Results from this 

system show that it has a 100% success rate at detecting lane departures in night-

time and daytime driving environments, with only one false positive.  

The benefit of a multi-camera-based LDW system can be seen when a comparison is 

made between the proposed system and with the single camera-based system 

previously presented by in Chapter 2 and [123]. This single camera-based algorithm 

was tested using the forward facing camera video of the multi-camera LDW dataset.  

For all daytime, twilight, night-time, urban, countryside, and motorway driving 

environments, an improvement is demonstrated by the multi-camera-based LDW 

system. Overall, for the total of video frames, the single-camera LDW system 

resulted in a lane border detection rate of 88.4%, with a 0.04 false positive rate per 

frame. The single-camera LDW system successfully detected all of the lane 

departures with 13 false positives. In comparison, for the multi-camera system 

outlined in this paper, it was found that the system has a lane border detection rate of 

98.85%, with a 0.032 false positive rate per frame. All of the valid lane departures 

were successfully detected, with only one false positive. The benefit of a multi-

camera benefit of a multi-camera approach to LDW can be seen when heavy glare is 

encountered (clip 18, 19, and 20). Here, we see that the single camera algorithm has 

an average lane border detection rate of 13.3%. In comparison, the multi-camera 

algorithm has an average lane border detection rate of 98.75%. These results 

demonstrate the robustness of the proposed multi-camera-based algorithm over 

similar single-camera-based systems, particularly in challenging environments.  
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4.4 Conclusion 

In this Chapter, a novel method for lane departure determination using multiple 

visible spectrum cameras was proposed. The main focus of this paper is the design of 

a robust multi-camera-based lane departure warning system to be in compliance with 

proposed standards for lane departure warning systems. This system does not require 

the specialised hardware requirements used by some existing systems, including 

commercially deployed systems. A method for utilising road marking information 

from multiple cameras to determine the boundaries of the lane that the host vehicle is 

travelling in was presented. This method robustly identifies lane boundaries from the 

constituent lane markings in the camera images through the use of coordinate 

transformations, polar coordinates and a modified subtractive clustering algorithm. A 

Kalman filter tracking algorithm has been implemented to improve robustness by 

ensuring continuity of operation through small detection failures and predicting 

future locations of lane boundaries, areas that current commercial systems have been 

shown to have difficulty with. A brief discussion was given on how the system could 

be extended for vehicles with a number of additional cameras, and for vehicles with 

different track widths. Results from on-road testing in urban, countryside, motorway, 

daytime and night-time driving environments were presented, demonstrating the 

system’s superior detection rate and robustness in diverse driving environments in 

comparison to current single camera methods. This on-road testing included 

challenging driving environments where heavy glare from headlamps and the sun 

was encountered, as well as wet road surfaces and occluded camera video. In all 

scenarios lane departure was correctly identified, with only one false positive. The 

next chapter continues the development of technology for collision avoidance by 

considering the problem of obstacle determination and distance determination in the 

automotive environment. 
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Chapter 5 Obstacle Determination 

5.1 Introduction 

In Chapter 2, a review of the state of the art in obstacle detection, and their 

limitations, is given. This chapter describes some technologies for automotive 

applications that are proposed in this thesis, based on this analysis of the state-of-the-

art in object and distance detection systems and the limitations therein. These 

include:  

• a method to detect obstacles and their range from segmentation of the road 

surface from forward-facing video,  

• a method to provide the driver of automotive vehicles the ability to view 

obstacles in “blind-zones” around the vehicle in an intuitive and useful way, 

and finally,  

• a method to automatically detect obstacles and their range around a vehicle 

using the vehicles rear-lamps and a standard visible spectrum camera.  
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Finally, in Section 5.5, conclusions are drawn from the proposed systems. 

 

5.2 Obstacle Detection by Road Surface Segmentation 

5.2.1 Introduction 

As described in Section 2.4, many monocular visible spectrum camera-based object 

detection systems require a priori knowledge of the object. However, a real-world 

system will come across many “unseen” objects, as it is unrealistic to have every 

potential object in the system’s dataset. A number of examples demonstrating the 

high variability of objects that such a system may encounter are shown in Figure 5.1.  

 

   
 

Figure 5.1: Variability of potential obstacles in an automotive 

environment 

 

A system is proposed here that does not require a priori knowledge of obstacles. 

Instead, this proposed system relies on the lesser variability of road surfaces to detect 

the objects in a daytime scenario. Inverse Perspective Mapping (IPM) is then used to 

create a top-down view to determine the distance to the detected object.  

IPM consists of modifying the angle of view under which a scene is acquired to 

remove the perspective effect. This allows the direct reading of distances to objects 

on the road surface. Correct image transformation needs to be performed or else the 

view of the road surface will be distorted, resulting in incorrect measured distances. 

Two methods were investigated for this thesis. The first involves computing a 

projection that transforms the image captured by the camera back to a plane that 

reflects the true geometry of the road (i.e., a plane to plane homography). This 

method requires calibration after installation of the camera in the host vehicle. The 

second uses the location information of the camera relative to the road surface 

(extrinsic parameters), and the cameras internal (intrinsic) parameters. This method 
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is more useful to vehicle manufacturers as this information would be known already, 

and is the method used in the proposed system.  

 

5.2.2 Road Surface Segmentation and Distance Determination 
Algorithm 

A flowchart of the system is shown in Figure 5.2, and is outlined as follows. Using a 

standard visible spectrum camera, the system captures a forward facing image (Step 

1). The image is separated into the constituent Red, Green and Blue (RGB) colour 

channels (Step 2). For each colour channel, the following steps are performed. A 

histogram is generated of the channel (Step 3). A first order differential is calculated 

from the histogram curve, and the zero crossings are identified (Step 4). The road 

surface area immediately ahead of the host vehicle is sampled. Here, the average 

pixel intensity in each of the RGB channels is calculated from five 10  ×  10 pixel 

sample areas, as shown by the example image presented in (Step 5). These values are 

used to identify the peak caused by the road surface (indicated by the light blue line 

on the histogram graph). The trough on either side of the peak (indicated by the 

yellow lines on the histogram graph) is found from the zero-crossings identified in 

(Step 4).  Using these troughs as thresholds, pixels values that fall within these 

thresholds are removed from the image. The resultant image and corresponding 

histogram is shown in (Step 6). This image demonstrates the segmented road surface 

and the remaining objects.  

To calculate the distance to the remaining objects, the image is converted to binary. 

This is to reduce the processing needed for the remaining steps (Step 7). As the road 

surface is distorted by perspective, Inverse Perspective Mapping (IPM) [47-51] is 

used to compensate for this distortion (Step 8). Using the transformation matrix Eq. 

(3.15) defined in Section 3.2.5, the mapping of points from the image plane to the 

road plane can be calculated: 

𝑋!
𝑍!
1

=
𝑝!! 𝑝!" 𝑝!"
𝑝!" 𝑝!" 𝑝!"
𝑝!" 𝑝!! 𝑝!"

!! 𝑢!
𝑣!
1

 
 

(5.1) 

where 𝑋! ,𝑍!  is a point on the road surface, and 𝑢! , 𝑣!  is a point on the image 

plane. As the IPM plane can be viewed as a scaled down version of the road-plane, 
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the mapping of the image plane to the IPM plane can be found by using a scaling 

matrix 𝐒: 

 

𝑢!"#
𝑣!"#
1

= 𝐒
𝑝!! 𝑝!" 𝑝!"
𝑝!" 𝑝!" 𝑝!"
𝑝!" 𝑝!! 𝑝!"

!! 𝑢!
𝑣!
1

 
 

(5.2) 

Where 𝑢!"#, 𝑣!"#, 1
!

 is a point in the IPM image, and 𝐒 is the scaling matrix 

 
𝑠 0 0
0 𝑠 0
0 0 1

 
 

(5.3) 

The scaling factor s in this example was 20, i.e. 20 pixels = 1m. Using (5.3), points 

on the image plane can be mapped to the IPM plane. This allows us to transform 

pixels from the image plane to the IPM plane, creating the IPM image. 

However, because of the essential “stretching” effect of perspective correction, the 

resultant image will contain many vacant pixels that will not been mapped (i.e. will 

not have been filled with a re-mapped pixel value). Interpolation methods can be 

used to overcome this, as implemented in [134] [135]. As an alternative to simple 

forward stretching and interpolation, a technique known as “back-mapping” (or 

“inverse-mapping”) may be used [1] [136]. Instead of mapping every pixel on the 

image plane to the IPM plane, back-mapping does the inverse. It calculates the 

location of the pixel on the IPM plane and uses a forward transform model to 

determine that pixel’s location on the image plane. This overcomes the problem of 

vacant pixels because every pixel in the undistorted image will be assigned a value. 

A problem with back-mapping arises because each pixel on the image plane may be 

spread over several pixels on the IPM plane during the perspective distortion 

correction and back-mapping procedure. To help overcome this problem, bilinear 

interpolation is built into the back-mapping algorithm by allowing the location of 

each pixel on the image plane to be estimated with non-integer accuracy [1] using a 

weighted average of the surrounding pixels. The resulting image is shown in Step 8. 

Only the area directly in front of the host vehicle was analysed for objects. This was 

to minimise the rate of false positive object detections caused by vehicles in 

neighbouring lanes. A mask is used to remove pixels outside of this path (Step 9). 
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Each group of remaining pixels is analysed, and those groups found to be over a 

threshold pixel number 𝑃!   are determined to be an obstacle, as shown by the 

bounding box in (Step 10). The threshold 𝑃! in this example was 20 pixels, i.e. 

groups over 20 pixels in size were determined to be obstacles. This value was 

determined from empirical from a small number of test images.  
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Figure 5.2:    Obstacle determination by road surface segmentation 

flowchart 
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The base co-ordinates of each bounding box (where the object meets the road 

surface) are converted into real-world coordinates with the following equation: 

 
𝑋!
𝑍!
1

= 𝐒 !!
𝑢!"#
𝑣!"#
1

 
 

(5.4) 

As the origin is below the camera on the host vehicle (Section 3.2.1), the value of 𝑍! 

indicates the distance of the obstacle from the camera (Step 11). Finally, the 

coordinates of the bounding box are mapped back to the forward facing image using 

the following equation:  

 
𝑢!
𝑣!
1

= S !!
𝑝!! 𝑝!" 𝑝!"
𝑝!" 𝑝!" 𝑝!"
𝑝!" 𝑝!! 𝑝!"

𝑋!
𝑍!
1

 
(5.5) 

 

The bounding box of the obstacle and its corresponding distance are displayed on the 

output image (Step 12). 

 

5.2.3 Test Procedures and Results 

The system was developed using the MATLAB programming language and tested 

via simulation on a desktop computer, using real video test data recorded in a 

vehicle. A forward facing camera was mounted in a test vehicle and a number of 

forward facing video clips were recorded of various driving situations (Figure 5.3).  
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Figure 5.3:  Camera configuration for capturing test video in the host 

vehicle. 

 

The driving environments varied from urban city streets to dual carriageways and 

country roads. This video was then used for preliminary testing of the algorithm, and 

is described in detail in Appendix B.2.1. The resulting output videos can be seen in 

[120]. A Graphical User Interface was developed in Matlab to collate the obstacle 

detection results on a frame per frame basis (Figure 5.4). 
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Figure 5.4:   GUI developed to collate obstacle detection results. Data 

on detection rate and false positives is recorded for each 

frame.  

 

 

Table 5.1: Results for Obstacle Determination by Road Surface Segmentation 

Clip # # Of 
Frames 

Total # of 
Frames 
with an 

Obstacle 

Detected 
# of 

Obstacles 

Correctly 
Detected 

# of 
Obstacles 

Rate  of 
Detection (%) 

# of False 
  

Positives 

Rate of 
F/P per 
Frame 

1 1963 1413 1071 803 56.82% 268 0.136 
2 2838 1618 2091 1578 75.46% 513 0.18 

3 3209 0 355 0 N/A (no obstacles 
in clip) 355 0.11 

4 5703 0 229 0 N/A (no obstacles 
in clip) 229 0.04 

Total 13713 3031 3162 2381 66.14% 1365 0.116 
 

From the results in Table 5.1, it can be seen that there was a correct rate of detection 

of 66.14% from the video data set, with a 0.116 false positive rate per frame. 

Although it was found that the algorithm performed well in most situations (Figure 

5.5), especially in areas where the road surface was homogenous such as on dual 

carriageways and motorways, a number of false positives occurred in areas where 

there were large discrepancies in the road surface due to e.g. potholes or changes in 

tarmac in an urban environment. This resulted in a low correct rate of detection. To 

address this, an alternative method for object detection using a visible spectrum 
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camera was developed that is not susceptible to changes in tarmac or road surface 

irregularities; this is described in Section 5.3.  

 

 

  
 

(a) 

    
 

(b) 

Figure 5.5: (a) Example false positives detected by the system. (b) 

Examples of correct detection. 

 

 

5.3 Strobe-based Obstacle Distance Determination for 
Automotive Applications (SODDAA) 

5.3.1 Introduction 

In this sub-section, a technology for object detection using a single visible spectrum 

camera and the vehicles lamps is proposed. Although this technology could be used 

for forward and rearward facing collision detection, in this description, its use as a 

rearward collision detection system is outlined. SODDAA or Strobe-based Obstacle 

Distance Determination for Automotive Applications aims to provide vehicles with 

the ability to actively detect and warn the driver of potential obstacles in the rear of 

the vehicle for reversing/manoeuvring applications. This increases the safety of the 

vehicle, and more particularly vulnerable road-users (VRUs) such as pedestrians. 

Specialised technologies for pedestrian detection have been developed including 

classification, clustering, and machine learning techniques including the application 

of algorithms such as SVM, Neural Networks, and AdaBoost for the purpose of 



    Chapter 5: Obstacle Determination  

 89 

distinguishing pedestrians from background. A review of pedestrian detection 

technologies by Gandhi et al. [3] describes in detail these current technologies, 

including the merging of infrastructure-based pedestrian detection systems with 

those in vehicles. However, the method proposed in this section is not concerned 

with distinguishing pedestrians from other potential obstacles, instead warning the 

driver of any obstacles that are in the trajectory of the vehicle.  

Raskar et al. [137-139] developed a simple method for creating silhouette (depth 

discontinuity) images of objects using multiple light sources mounted around a 

single camera. The camera takes an image while each light source is independently 

lit. A flash to the left of a camera creates a sliver of shadow to the right of each 

silhouette (depth discontinuity) in the image. The second flash to the right of the 

camera creates a sliver of shadow to the left of each silhouette. By the addition of 

flash on the top and bottom of the camera they found that they could robustly find all 

pixels corresponding to shape boundaries (depth discontinuities) in the image. This 

can be used in the generation of Non-Photorealistic Rendering (NPR) of objects in 

image [140]. This approach forms the basis for the system presented here.  

 

5.3.2 Technical outline  

The system is composed of the following. A rear-facing camera is mounted on the 

vehicle. The two rear-reversing lights are strobe lit on and off alternatively. The 

camera takes an image when each light is on, while an optional extra image can be 

taken when both lights are off.  
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(a) 

 

 
(b) 

  

Figure 5.6:   Proposed SODDAA collision avoidance system (a) Camera 

and rear lamp locations (b) Side view of camera location, 

with outline of camera image plane.  

 

 

Two sample images taken with the two different light sources (left and right) active 

alternately are shown in Figure 5.7.  

 

 
(a) 

 

 
(b) 

  

Figure 5.7:   Sample images of rear-facing camera with (a) left reversing 

light on and (b) right reversing light on. 

 

Using the algorithm specified by Raskar et al. in [137-139], these two images can be 

used to produce an image of the horizontal depth-discontinuities of the scene. For 

their application, multiple light sources were required to find all edges in their scene. 

However, for the system proposed here, only two light sources are needed as the 

distance to the object can be determined using only the horizontal edges. The 

optional third input image taken when the two cameras are off can be used to remove 

the ambient illumination from the left and right images. The resulting output image 
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is shown in Figure 5.8. The edges of the obstacles such as the bucket are detected, 

and the discrepancies on the road surface such as the sheet of paper are not.  

 

 
Figure 5.8: Sample output image of edge detection algorithm. 

 

In the proposed system, the two rear-reversing lights are strobe lit on and off 

alternatively. As such, the latest technology in vehicle lighting can be used to 

improve the performance of the proposed system. High-Intensity-Discharge (HID/ 

Xenon) [141] light sources offer an increased amount of light output relative to 

halogen burners. As such, a smaller HID light source can be used to give a 

comparable beam output to that of a halogen light source. Alternatively, the larger 

size can be retained, in which case the HID headlamp can produce a more robust 

beam pattern. Light-Emitting-Diode (LED) technology is beginning to be introduced 

into vehicles [142] due to its long operating life, high efficiency, and freedom 

offered in vehicle design. Both systems require a DC-AC converter or a DC-DC 

converter to operate [143]. The circuitry used in these converters offers an additional 

capability over halogen lighting to pulse the output of the light source at a high rate. 

This potentially offers the ability to pulse the light-sources at a rate that is higher 

than the human-eye can perceive, resulting in a vehicle with an object detection 

system that is imperceptible to a vehicle without such a system. 

To calculate the distance from the vehicle to the detected edges, and thus the 

distance from the vehicle to the objects, the mapping of the cameras coordinate plane 

to the edge points on the road surface plane needs to be found. This is described in 

Section 3.2.1. Using Eq.(3.15), each point on the image plane can be mapped to its 
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corresponding point on the road plane. Thus, once the lowest edge point of an object 

(𝑢!, 𝑣!)  is detected in the image, its position in real-world coordinates on the road 

plane 𝑋! ,𝑍!  can be calculated. Using the real-world location of the obstacle, and 

the speed of the vehicle, the time to collision can be calculated. This is can aid 

collision mitigation systems in the vehicle such as cautionary signals, emergence 

alarms, automatic braking, or the deployment of safety systems such as extendable 

bumpers, active headrests, or airbags, as described in [144]. 

A final element of the system is determination of the trajectory of the host vehicle, in 

order to predict if a collision with any object detected in the field of view is likely to 

occur. To do this, vehicle’s track width 𝑤!, wheelbase 𝑤! and steering angle 𝜙! are 

used. The steering angle is typically available from specific sensors on the vehicle’s 

CAN bus [43][145]. 𝜙!  is negative when the vehicle is turning to the left and 

positive when turning to the right. The track width and wheelbase of the vehicle are 

usually known a priori and can be pre-defined in the algorithm. Given a specific 

steering angle, the vehicle will follow a circular trajectory on the ground plane. The 

radius of this circular trajectory can be determined as: 

 

𝑟 =
𝑤!
2 +

𝑤!
sin  ( 𝜙!   )

 (5.6) 

Thus, the equation of a circle is used to model the path that the vehicle follows: 

 

𝑥 − ℎ ! + 𝑦 − 𝑘 ! = 𝑟! (5.7) 

where ℎ, 𝑘  is the centre of the circle on the ground plane, and (x, y) represents a 

point on the path of the trajectory of the vehicle.  For this application, the location of 

the rear vehicle axle is defined to be at the location 0, 0 . The centre of the turning 

circle is: 

 

ℎ, 𝑘 =    −𝑟, 0       ,         𝜙! < 0  
     𝑟, 0         ,         𝜙! > 0  (5.8) 
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That is, if the vehicle is turning left, the centre of the circle is located at −𝑟, 0 , and, 

if the vehicle is turning right, the centre of the vehicle is located at 

𝑟, 0 .    Substituting these values into (5.8) and rearranging, results in: 

 

𝑥 =
   𝑟! − 𝑦! − 𝑟          ,       𝜙! < 0  
𝑟! − 𝑦! + 𝑟          ,       𝜙! > 0

 
(5.9) 

 

This is the centre line of the vehicles path. By taking the vehicle’s track width 𝑤! 

into account, the left 𝑥!  and right 𝑥!  boundaries of the vehicle’s path can be 

modelled as:  

 

𝑥! =

   𝑟 −
𝑤!
2

!
− 𝑦!   + 𝑟 −

𝑤!
2
,       𝜙! < 0  

𝑟 −
𝑤!
2

!
− 𝑦!   – 𝑟 +

𝑤!
2 ,       𝜙! > 0

 

𝑥! =

   𝑟 +
𝑤!
2

!
− 𝑦!   + 𝑟 +

𝑤!
2
,       𝜙! < 0  

𝑟 +
𝑤!
2

!
− 𝑦!   – 𝑟 −

𝑤!
2 ,       𝜙! > 0

 

 

 

 

 

(5.10) 

 

An example plot of the resulting points on the road plane is shown in Figure 5.9 (a), 

where a vehicle of 2m width has a steering angle of 11° and a wheelbase of 4.7m. 

The resulting points are mapped to the image plane using Eq. 8 (Section 3.2.1) and 

the resulting plot is shown in Figure 5.9 (b). In situations where the vehicle is 

travelling in a straight line, the path centre line and boundaries are modelled as 

circles with very large or infinite radii. This is a special case, and should be 

considered.  
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(a) 

 

 
(b) 

  

Figure 5.9:  (a) Simulated path of vehicle turning left on the road 

plane (turning radius: 25m, steering angle: 11°, vehicle 

width: 2m). (b) Resulting path mapped to the image 

plane.   
 

 

To determine if an object is in the path of the vehicle, the lower coordinate of the 

detected edge (𝑢!, 𝑣!)  of the object’s bounding box is transformed from the image 

plane to the road plane using Eq. (3.15) (Section 3.2.5) to give (𝑋! ,𝑍!). Using Eq. 

(5.11), the object is deemed to be in the path of the vehicle if one of the following 

equations is true: 
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𝑋! ≥

   𝑟 −
𝑤!
2

!
− 𝑍!!    + 𝑟 −

𝑤!
2
,       𝜙! < 0  

𝑟 −
𝑤!
2

!
− 𝑍!!    – 𝑟 +

𝑤!
2 ,       𝜙! > 0

 

𝑋! ≤

   𝑟 +
𝑤!
2

!
− 𝑍!!    + 𝑟 +

𝑤!
2
,       𝜙! < 0  

𝑟 +
𝑤!
2

!
− 𝑍!!    – 𝑟 −

𝑤!
2 ,       𝜙! > 0

 

 

 

 

 

(5.11) 

 

In all other cases the object is deemed to be outside the path of the vehicle. This 

allows the system to determine which detected objects could potentially result in a 

collision with the host vehicle. It is important to note here, similar to current 

ultrasonic collision avoidance systems that this system aims to supersede (Section 

2.4.1), no tracking per performed on the detected object. However, a Kalman filter 

such as the one outlined in Section 3.2.4 could potentially be used to track static and 

moving objects. The resulting output image of the system is shown in Figure 5.10.  
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Figure 5.10: Sample output of SODDAA algorithm. 

 

To determine if a detected edge is in the path of the vehicle, its lowest point  

can be transformed from the image plane to the road plane using equation (3.15), 

resulting in . Substituting these values into Eq. (5.11) allows us to 

determine which detected edges could result in a collision by the host vehicle. 

  

5.3.3 Test Procedures and Results 

A typical application of the SODDAA algorithm is for the detection of obstacles to 

the rear of the vehicle in a reversing scenario. With this scenario in mind, three data 

sets of test images were compiled. These three data sets were compiled to determine 

the performance limits of the system in detecting typically encountered obstacles, 

under a range of lighting conditions, at various distances, and where the obstacles 

encountered are dynamic. The process for creating the data set, and details of the 

dataset itself, are outlined in Appendix B. To summarise, two objects typically 

encountered by a vehicle in a reversing scenario were used in the test plan, a tricycle 

and a bollard, with one true negative object, a manhole cover. This was known to 

4.8m 4.8m4.1m4.1m
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(Xw ,Zw )



    Chapter 5: Obstacle Determination  

 97 

cause false positives for other obstacle determination systems, as outlined in Section 

5.2. The performance of the algorithm in detecting these obstacles was analysed 

under various lighting conditions, distances, and in a dynamic scenario. This is 

described in the three following sub sections.  

 

Dataset 1: Lighting Conditions 

To demonstrate the systems ability to function under different lighting conditions, 

four sets of SODDAA photos were taken during the daytime, during the daytime in 

very bright sunlight, during the night-time, and during the night-time under sodium 

street lamps. The term “SODDAA photo group” refers to a set of three images 

captured by the camera, as described in Section B.2.2. For each of these lighting 

conditions, the obstacles were located at a distance of 2.4m from the camera. The 

output images from SODDAA are shown in Table 5.2. 
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Table 5.2: Results of SODDAA for Various Lighting Conditions Dataset 

Lighting 

Condition 

Resulting Image 

Daytime 

 
Daytime Under 

Very Bright 

Sunlight 

 
Night-time 
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Night-time under 

Street Lamps, 

surface water 

reflections 

 

 

From analysis of the resulting images in Table 5.2, it is seen that the algorithm is 

effective in detecting all obstacles present in three out of the four lighting conditions. 

In daytime, the two obstacles were correctly identified with no resulting artefacts. In 

the night-time and night-time under street lamps lighting condition, the two obstacles 

were correctly identified, with some artefacts emanating from the detected obstacles. 

This was caused by the disjoint of the obstacle’s shadow to the obstacle itself 

(Appendix B.2.2). In practical use, these artefacts do not pose an issue, as the 

preceding obstacle that caused the artefacts is detected correctly. However, in very 

bright sunlight, the system had difficulty in detecting the shadows cast by the 

obstacles even after the removal of the ambient lighting. In this lighting condition, 

the tricycle was detected correctly, but only one edge of the bollard was partially 

detected. This was caused by the low contrast ratio between the cast shadow and the 

obstacle in the bright sunlight. A possible solution of this may be the use of a High 

Dynamic Range (HDR) sensor for the video camera. This should result in a higher 

contract ratio between the cast shadow and the bollard in bright sunlight, thus 

allowing for the detection of the edge between the shadow and the obstacle.  

 

Dataset 2: Accuracy of Distance Determination 

To determine the accuracy of the range determination part of the SODDAA system, 

a number of SODDAA images were captured. These images were captured in 

daylight lighting conditions. The camera is mounted on a tripod at a distance of 4m 

from the obstacles. A SODDAA photo is taken. This distance was reduced by 0.2m, 

and another SODDAA photo was taken. This was repeated until the test rig was 

1.4m from the obstacles, results in 15 SODDAA photos. The combined dataset is 
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detailed in Table B.8. The images after processing by SODDAA are shown in Table 

5.3. 
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Table 5.3: Results of SODDAA for Accuracy of Distance 

Determination Dataset. 

Actual Distance Resulting Image 

1.2m 

 
1.4m 

 
1.6m 

 
1.8m 

 
2.0m 

 
2.2m 

 
2.4m 

 
2.6m 
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2.8m 

 
3.0m 

 
3.2m 

 
3.4m 

 
3.6m 

 
3.8m 

 
4.0m 

 

 

From the resulting images, the distances to the obstacles were calculated. A graph of 

the determined distance by the actual distance of the obstacles is shown in Figure 

5.11. 
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Figure 5.11: Accuracy of SODDAA Distance Determination 

 

From the graph, it is seen that there is a drop-off in accuracy as the distance to the 

obstacle from the camera sensor increases. This is due to the effects of perspective 

on the obstacles. As the distances increase, there is less of an increase in the y-axis 

pixel location of the point where the obstacle meets the road surface. A solution to 

this issue may be the use of a higher resolution CCD sensor.  

 

Dataset 3: Moving Obstacle 

To assess the performance of the system at detecting a dynamic obstacle, the camera 

is mounted on a tripod at a distance of 2.5m from the test obstacle. The test obstacle, 

a tricycle, is moved across the field of view of the camera. For every 0.2 m distance 

that the tricycle moves, a SODDAA photo is taken. This results in 14 SODDAA 

photos, as shown in Table B.8. The resulting SODDAA outputs are shown in Table 

5.4.  
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Table 5.4: Results of SODDAA for Dynamic Obstacle Dataset 

Frame # 

 

Resulting Image 

1 

 
2 

 
3 

 
4 

 
5 

 
6 

 
7 

 
8 
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9 

 
10 

 
11 

 
12 

 
13 

 
14 

 

 

From Table 5.4, it can be seen that the tricycle is detected correctly as it passes 

through the field of view of the camera. The tricycle was detected correctly in every 

frame. This demonstrates how a real-time video based implementation of this system 

could be realised for the detection and tracking of dynamic obstacles.  

 

5.3.4 Conclusion 

In this section, a method for providing vehicles with the ability to actively detect and 

warn the driver of potential obstacles in the rear of the vehicle for 

reversing/manoeuvring applications is given. This increases the safety of the vehicle 



    Chapter 5: Obstacle Determination  

 106 

and vulnerable road-users (VRU’s) such as pedestrians. The proposed system 

addresses the main disadvantages of the systems previously outlined in Chapter 2 

and the system outlined in Chapter 5.2. To the author’s knowledge, this has never 

been used in an automotive environment, with only two light sources, or used in 

conjunction with IPM to calculate the distance of the edge from the camera. One 

issue identified with this technology is that large homogenous objects with no 

vertical edges to cast shadows cannot be identified. A long wall in close proximity to 

the camera and extending the field of view of the camera is one such example. 

However, this technology has many other advantages over the current automotive 

obstacle determination methods outlined in Section 2.4. Most notably, the system 

could potentially be lower cost due to the low computation involved, and the re-use 

of hardware already available on the vehicle such as a visible spectrum camera and 

the vehicle lamps. In comparison to the road segmentation method described in 

Section 5.2, it is immune to the false positives caused by road surface discrepancies. 

By using the steering angle of the host vehicle, the high spatial resolution of the 

camera can be utilised to differentiate objects detected in the image from obstacles in 

the vehicles path (shown in Figure 5.10 as the green highlighted area), and highlight 

the object or warn the driver where appropriate. The low spatial resolution of 

ultrasonic sensors offers no such advantage. The system should also offer a larger 

range of operation over ultrasonic sensors. Furthermore, very little additional 

hardware is required over a standard reversing camera, multiple sensors are not 

needed, and the camera can be reused for other applications such as lane departure 

detection [27]. In comparison to stereo cameras, hardware costs are lower as only 

one camera is needed, and it does not suffer from the correspondence problem [146]. 

By detecting objects from the shadows that they cast on the road surface, the system 

is potentially more reliable than colour or texture based object segmentation 

algorithms. This can be seen in the output image presented in Figure 5.10, where the 

grey bin is segmented from the grey road surface, and where the sheet of paper on 

the road surface remains undetected. The outline of potential obstacles can also be 

easily highlighted to the driver. In comparison to object detection by optical flow 

algorithms, the host vehicle or the object does not need to be moving to detect 

obstacles. The system could potentially be used with rectilinear pinhole model 

cameras, or with wide-angle cameras. By setting a distance threshold, an audible or 

visual warning can be given to the driver if a potential collision is determined.  
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This method could potentially be cheaper than ultrasonic sensors currently equipped 

on vehicle by re-using sensor hardware already equipped on the vehicle. The 

proposed system has a higher spatial resolution than ultrasonic sensors, allowing the 

use of the vehicles trajectory to more accurately discern obstacles from objects at the 

rear of the vehicle.  A test rig was designed and built, and three datasets of various 

reversing scenarios was compiled, totalling over a hundred images. These three data 

sets were used to determine the performance limits of the system in detecting 

typically encountered obstacles, under a range of lighting conditions, at various 

distances, and where the obstacles encountered are dynamic. From this testing, the 

limitations of the system were found. Possible solutions to these limitations are 

proposed. However, the system was found to be effective at detecting obstacles and 

accurately determining their distances under a range of lighting conditions and in 

various reversing scenarios.  

5.4 Multiple-Angle-Inverse Perspective Mapping (MAIPM) 

5.4.1 Introduction 

This section presents a proposal based on IPM that provides a more useful view of 

the outside of a vehicle than some of the currently deployed systems described in 

Section 4.2. In particular, this proposal aims to provide the driver of with the ability 

to view “blind-zones” around the vehicle in a more intuitive, informative and useful 

way on a visual display than current methods, especially with regard to judging the 

distances from objects in the blind zones.  

 

5.4.2 State of the Art 

Dashboard visual displays in conjunction with rear-view cameras (Figure 5.12 (a)) 

were introduced by vehicle manufacturers such as Lexus [147] to assist the driver in 

parking and reduce the risk of a potential collision. These systems present the driver 

with the raw output video from a standard visible spectrum camera (Figure 5.12 (c)). 

These cameras allow higher spatial resolution than ultrasonic or RADAR sensors, 



    Chapter 5: Obstacle Determination  

 108 

and can be re-used for other applications such as lane departure warning. 

Unfortunately, due to the “flat” image plane presented to the driver (Figure 5.12 (b)), 

relative distances on the road surface in the area near the vehicle are not linear. This 

results in difficulties by the driver judging distances to obstacles in the vehicles path, 

and the driver has to have the capability to identify the obstacles. As the onus is also 

on the driver to judge the distances to the obstacles, there is no means to warn the 

driver of an imminent collision with an obstacle. Also, the time taken for the driver 

to identify and react to an object can increase the possibility of a collision. 

 

 
(a) 

 

 
(b) 

  

 

 
(c) 

  

Figure 5.12: Standard rear view camera collision avoidance system. (a) Sensor 

location. (b) Side view of sensor location, with outline of camera 

image plane. (c) Sample display image.  

 

To further assist the driver in judging distances in parking manoeuvres, 

manufacturers have developed systems that use Inverse perspective Mapping (IPM) 

Camera

Image Plane

Camera

Image Plane

Camera

Image Plane

Camera

Image Plane
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to remove the effects of perspective in the video [148] This creates a “Top Down 

View” of the area surrounding the vehicle, where the relative distances between 

objects on the road surface are linear Figure 5.13 (b). This allows the driver to easily 

judge distances between objects, such as between the vehicle and a potential object 

in its path. This system is in use by BMW [12, 13] and Nissan [11]. The main 

limitation of IPM camera systems is that image data near, at or above the horizon 

cannot be displayed to the driver, as the transformed corners of the image would 

stretch to infinity. This results in objects with height becoming distorted and cropped 

by the system to the point that they may become unrecognisable to the driver. In the 

image presented in Figure 5.13 (c) the effects of this limitation posed by the yellow 

bucket and steel dustbin can be seen.  
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(a) 

 

 
(b) 

 

 

 

 
(c) 

  

Figure 5.13: Rear view camera IPM collision avoidance system. (a) Sensor 

location. (b) Side view of sensor location, with outline of camera 

image plane. (c) Sample display image.  

 

Fujitsu developed a camera system that overcomes some of the limitations of the 

IPM camera system [14]. Instead of mapping the image information gathered by the 

camera sensor (Figure 5.14 (a)) to a flat image plane, they used a curved image 

plane, as shown in Figure 5.14 (b). This allows the system to display image 

information above the horizon line to the driver. However, in the resulting image 

(Figure 5.14 (c)), the relative distances between objects in the area near the vehicle 

are not linear. Also, the image information above the horizon line is distorted. 
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(a) 

 

 
(b) 

 

 

 

 
(c) 

  

Figure 5.14: Fujitsu rear view camera collision avoidance system. (a) Sensor 

location. (b) Side view of sensor location, with outline of camera 

image plane. (c) Sample display image.  

 

A new method is proposed for the display of this camera image data to the driver. 

The benefits of such a system over current IPM systems are that objects above the 

road surface do not become distorted to the point that they become unrecognisable to 

the driver. Image data near or above the horizon line can be shown to the driver. The 

gradual progression from the “Top down view” to the standard forward facing image 

results in a more informative and more intuitive view of the vehicles surroundings. 

Unlike the system introduced by Fujitsu, image data above the horizon is not 

distorted. This system could potentially be used for side-view, front view, and, using 

the data from all cameras, a top-view camera system. The system could potentially 

be used with rectilinear pinhole model cameras, or with wide-angle camera. 
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5.4.3 Technical outline of Multiple-Angle IPM (MAIPM) 

A system is proposed where a “gradual” IPM view of the image data from the 

horizon to the area near to the vehicle is created. In the resulting image, the benefits 

of the “Top Down View” are available to the driver in the immediate area 

surrounding the vehicle, but the original image is preserved near and above the 

horizon line.  

To create the proposed MAIPM image, the captured image from the visual spectrum 

camera is divided into three areas, R4-R3, R3-R2, and R2-R1. (Figure 5.15), chosen 

as follows:  

1. The division line R4 is chosen as the top of the cameras image plane. 

2. The division line R3 is chosen as the horizon line of the captured image 

which can be determined from either the calculation of the cameras intrinsic 

and extrinsic parameters, with/without the tilt information of the host vehicle, 

or by the calculation of the intersection of the captured images vanishing 

lines. 

3. The division line R2 is chosen as the horizon line of the captured image 

which may be fixed at a horizontal point in the image manually or by the 

measured distance to the object, measured through ultrasonic, radar, or by 

another means. 

4. The division line R1 is chosen as the bottom of the cameras image plane. 

 
(a) 

R4

R3
R2

R1
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(b) 

Figure 5.15: (a) Original test image with areas of division in image (b) 

Projection of areas onto a virtual image plane 

 

These areas are modified as follows: 

1. The area R4-R3 is projected onto a flat virtual image plane (Figure 5.15(b)). 

2. The area R3-R2 is projected onto a curved virtual image plane. In the area 

(rows R2 – R3), “gradual” IPM is performed (E.q. (5.2)). Here, the value of 

𝜃, (the angle of the camera optical axis to the road surface as defined in 

Section 3.2.1, Eq. (3.4) and Eq. (3.5)) is reduced for each row in the area, 

until no correction for the perspective distortion is made.  

3. The area R2-R1 is projected onto a flat virtual image plane, where the 

relative distances between points on the road surface are linear. In this area 

“full” IPM is performed. Here, the angle of the camera to the road surface 𝜃 

is used in the transformation, as outlined in Eq. (3.4) and Eq. (3.5). 

Using the dataset of images from typical reversing scenarios outlined in Table B.9, 

the resulting output images is shown in Figure 5.16.  
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(a) 

 
 

 
(b) 
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(c) 

 

Figure 5.16: MAIPM Sample output images. 

 

In the resulting images, the benefits of this system can be seen. The “Top Down 

View” is shown to be available to the driver in the immediate area surrounding the 

vehicle, and the original image is preserved near and above the horizon line.  

 

5.5 Conclusions 

In this chapter, a review of obstacle and distance detection technologies that are 

currently in use, or could potentially be used, in an automotive environment is given. 

From examination of these technologies, four new approaches for collision 

avoidance were proposed. Using a road surface segmentation algorithm, a method to 

detect obstacles and determine their distance from the host vehicle is demonstrated. 

Secondly, a method to actively detect objects and their range in the surroundings of a 

vehicle using the vehicles tail-lamps, trajectory, and a visible spectrum camera is 

outlined. A method for displaying detected Vulnerable Road Users (VRUs) and 

other road vehicles to the driver is shown, which characterises them as objects or 

obstacles based on the trajectory of the vehicle. Finally, a process for transforming 

the image from a rear-view camera before display to the driver is also shown. This 
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image allows the driver to recognise objects and judge the distance to the objects in a 

more intuitive way than competing methods. 
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Chapter 6 Project Summary and 
Conclusions 

This thesis has first proposed a robust method for collision avoidance by lane 

departure detection, using a single forward facing, visible spectrum camera. The 

performance of the system was evaluated and limitations noted. To address these 

limitations, a more robust system using multiple cameras was described to exploit 

the additional lane information available for lane departure detection.  

The single camera lane departure warning system is composed of a lane marking 

segmentation algorithm specifically designed to be in accordance with national 

standards. A method is presented for lane boundary modelling based on subtractive 

clustering and Kalman filtering in the Hough Transform domain, which is within the 

constraints of automotive standards. Using the cameras intrinsic and extrinsic 

parameters, the width of the vehicle and guidelines issued by the International 

Organisation for Standardization, it is shown how lane departure can be identified. 

Results were presented that verify the systems high detection rate and robustness to 

various background interference, lighting conditions and road environments. The 

algorithm was shown to have a lane border detection rate of 94.39%, and a lane 

departure detection rate of 98.18%.  
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An image processing method to detect lane departures using video taken from 

multiple visible spectrum cameras that is specifically designed to be in accordance 

with proposed automotive lane departure warning standards was also presented. This 

multi-camera system is more robust to errors caused by lane marking occlusions, 

sensor failure, and glare that single camera systems can suffer from. Results were 

presented showing a higher rate of detection than single camera-based approaches in 

various driving environments. Here, 98.85% of all lane borders were detected, and 

100% of lane departures in the test set were identified.  

A review of obstacle determination technologies that are currently in use, and could 

potentially be used, in an automotive environment was presented. Furthermore, four 

novel technologies for collision avoidance were proposed that address one or more 

limitations of existing systems.  

Firstly, using a road surface segmentation algorithm, a method to detect obstacles 

and determine their distance from the host vehicle is demonstrated. This method 

does not require higher cost stereo cameras, or a priori of potential obstacles.  

Secondly, a method to actively detect objects and their range in the surroundings of a 

vehicle using the vehicles tail-lamps, trajectory, and a visible spectrum camera is 

outlined. This potentially low-cost solution re-uses much of the hardware already 

present on the vehicle such as the vehicles lamps and cameras, and has a higher 

spatial resolution and lower impact on the vehicles styling than ultrasonic sensors.  

Thirdly, a method for displaying detected Vulnerable Road Users (VRUs) and other 

road vehicles detected from a IR and visible spectrum camera to the driver is shown, 

which characterises them as objects or obstacles based on the trajectory of the 

vehicle. It is shown how both camera technologies can complement each other to 

reduce the number of false positives. This system could actively warn the driver if a 

potential collision is detected. 

Finally, a process for transforming the image from a rear-view camera before display 

to the driver is also shown. This image allows the driver to recognise objects and 

judge the distance to the objects in a more intuitive way than competing methods.  
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6.1 Primary Contributions 

The primary objectives of this thesis were the development of an automotive image 

processing system to warn the driver of the lane departure, and the development of 

systems to aid the driver in collision avoidance. More specifically, the primary 

contributions of this thesis can be defined as: 

1. The development of a robust lane departure warning system using a single 

visible spectrum camera that is designed to be in accordance with 

international standards for road markings and proposed standards for lane 

departure warning systems.  

2. A method to determine lane departure using lane marking information from 

multiple cameras, resulting in a system that is more robust to occlusions, 

glare, and sensor failure. 

3. The largest single camera LDW video test dataset to be made publically 

available. 

4. The first multi-camera LDW video test dataset to be made publically 

available.  

5. A survey of existing automotive object detection systems and a presentation 

of a taxonomy for classifying them. 

6. A road segmentation algorithm for the detection of obstacles in an 

automotive environment that does not require a priori knowledge of the 

object. 

7.  A system to automatically detect obstacles behind a vehicle using the 

vehicles tail-lamps, rear-view camera, and information on the trajectory of 

the vehicle.    

8. A method to display a rear-view camera image to the driver in a manner that 

is both intuitive and useful to the driver in recognising the object and 

determining the objects distance from the host vehicle.  

 

Overall, this work aims to reduce the numbers of collisions in the automotive 

environment to help create a safer driving environment.  

 



Chapter 6: Project Summary and Conclusions 

 120 

6.2 Suggestions for Future Work 

There are several potential areas that could be focused upon for future work 

1. The modeling of lane markings in the lane departure detection algorithm 

could be improved by the use of a spline-fitting model. This could potentially 

advance the system to a level of accuracy where it could be used in a lane 

following application.  

2. Inaccuracies in the lane departure detection algorithm caused by glare on the 

road surface could be reduced by the use of polarizing filters over the camera 

lenses.   

3. Using a reference object with a known real-world size such as a number plate 

could increase the accuracy of the distance determination algorithm if 

vehicles are detected. 

4. False positives caused by road surface discrepancies in the road segmentation 

algorithm could be reduced in a rear-facing camera application. Firstly, the 

discrepancies road surface speed could be calculated over a number of 

frames. If this speed corresponds to the forward speed of the vehicle, it can 

be discounted as an object. A system such as this could potentially be used in 

rear-end collision detection for active headrest or seatbelt pre-tensioner 

systems.  

5. Finally, development of embedded implementation of the algorithms 

presented in this thesis, with the real time performance, would be desirable. 
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Appendix B Test Datasets for Lane Departure Warning 

and Obstacle Determination  

To test the proposed LDW and obstacle determination algorithms proposed in this 

thesis, a number of video and image datasets were compiled. The details of the LDW 

datasets are outlined in B.1. The details of the obstacle determination datasets are 

outlined in B.2.  

B.1 Lane Departure Warning Datasets 

A dataset of 400 240 x 380 static images of road driving collected during both day 

and night, over a period of twelve months is available from Gopalan et al. [125]. 

However, to the authors’ knowledge, the video datasets presented here are the first 

multi-camera LDW video dataset and the largest single camera LDW dataset to be 

made publically available and in this regard, represent a significant contribution to 

area.  

While all the video was recorder in a single jurisdiction, the Republic Of Ireland, the 

dataset was compiled in order to replicate as far as possible lane marking 

characteristics of other countries. For example, clip 8 of the multiple camera LDW 

dataset was captured adjacent to the very wide road markings of a bus lane. The 

algorithm correctly identified the lane markings. This was done to ensure that lane 

markings of intermediate widths from other countries would also be correctly 

identified.  

The host vehicle was driven on a wide variety of roads for the multi-camera LDW 

system, capturing video data in a range of driving environments including urban, 

suburban, rural and motorways. The synced forward and rear facing test dataset is 

available at [149]. This is the first publically available multi-camera lane departure 

warning video dataset. It is hoped that this dataset will allow the development of 

additional algorithms in the area, and to compare results with the proposed 

algorithm. This dataset was used for testing the performance of both the multi 

camera LDW algorithm, and the single camera LDW system.  

Test video data was captured using two colour Omnivision OV7710 VGA cameras 

[150] and two standard VGA capture cards. A forward facing camera was mounted 

behind the rear view mirror (Figure B.1), and a rear-facing camera was mounted 
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above rear window on the host vehicle. The forward and rear-facing cameras were 

both mounted at a height of 1.3m, at a distance of 1.5m apart, with a pitch angle of 

1.5° and 12.5° consecutively. Both cameras had a horizontal angle of view of 38° 

and a focal length of 916 pixels. Video was captured at a rate of 20 Hz, at a 

resolution of 640x480 pixels.  
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(a) 

 
(b) 

 
(c) 

Figure B.1: Multi-Camera video capture configuration. (a) Forward 

facing camera for capturing test video in the host 

vehicle (b) Rear facing camera for capturing test 

video in the host vehicle. (c) laptop computer for 

recording video. 

  

 

Overall, twenty daytime and night-time video clips were captured, containing thirty 

instances of lane departures. 

These lane departures occurred on straight roads, curved roads, and over the left and 

right lane boundaries. As described in Section 3.3, the test scenario outlined in ISO 

17361:2007 indicates that testing should be carried out in good weather conditions, 

with defined, visible lane markings. However, for this research, a number of quite 

challenging test scenarios were used, for example, some test cases have lettering on 

the road surface, changes in tarmac and pavement types, wet and dry surfaces, 
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pedestrian crossings, curvatures in the lanes and lane markings occluded by shadows 

and leading and passing vehicles during day-time and night-time driving conditions. 

When analysed on a frame-by-frame basis (where a “frame” refers to a synchronised 

forward and rear facing video frame), the data set contains approximately 57,000 test 

frames and 113,000 detectable lane boundaries. Table B.1 summarises the main 

characteristics of each of the test videos. Table B.2 summarises the number of lane 

departures per clip. 
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Table B.1: Datasets for Lane Boundary and Lane Departure Detection 

Clip # Driving 
Environment Traffic 

Lane 
Marking 

Type 

Road 
Surface 

Condition 

# Of 
Frames 

# of Lane 
Bound-

aries 

1 Urban 
 

Very 
Heavy 

Continuous 
& Broken 

Wide bus 
lane 

markings, 
Changes in 

tarmac 

642 1284 

2 Night-time 
Urban Light Continuous 

& Broken 

Wet 
Other road 
markings 

3211 6394 

3 Night-time 
Motorway 

Light 
 

Continuous 
& Broken 

Wet 
Other road 
markings 

7844 15688 

4 Night-time 
Motorway Light Continuous 

& Broken 

Wet 
Other road 
markings 

6864 13728 

5 Night-time 
Motorway Light Continuous 

& Broken 

Wet 
Other road 
markings 

9335 18670 

6 Night-time 
Motorway Light Continuous 

& Broken 

Wet 
Other road 
markings 

5686 11372 

7 Urban Light Continuous 
& Broken 

Worn lane 
markings 

493 986 

8 

Urban Very 
Heavy 

Continuous 
& Broken 

Occluded 
lane 

markings, 
other road 
markings 

4182 8364 

9 

Urban Heavy Continuous 
& Broken 

Occluded 
lane 

markings, 
other road 
markings 

2634 5268 

10 

Urban Very 
Heavy 

Continuous 
& Broken 

Occluded 
lane 

markings, 
other road 
markings 

2903 5806 

11 

Urban Very 
Heavy 

Continuous 
& Broken 

Occluded 
lane 

markings, 
other road 
markings 

3240 6480 
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12 

Urban Very 
Heavy 

Continuous 
& Broken 

Occluded 
lane 

markings, 
other road 
markings, 

Glare, 
Roundabouts 

8690 15980 

13 

Night-time 
Urban 

Light Continuous 
& Broken 

Glare, 
reflections, 
worn lane 
markings 

917 1834 

14 

Night-time 
Urban 

Modera
te 

Continuous 
& Broken 

Glare, 
reflections, 
worn lane 
markings, 
other lane 
markings 

1834 1709 

15 
Night-time 

Countryside 
Light Continuous 

& Broken 
Glare, worn 

lane 
markings 

2546 5092 

16 
Night-time 

Countryside 
Light Continuous 

& Broken 
Glare, worn 

lane 
markings 

1222 2444 

17 
Night-time 

Countryside 
Light Continuous 

& Broken 
Glare, worn 

lane 
markings 

1115 2230 

18 

Twilight 
Countryside 

Light Continuous 
& Broken 

Very heavy 
glare, worn 

lane 
markings 

907 1814 

19 

Twilight 
Countryside 

Light Continuous 
& Broken 

Very heavy 
glare, worn 

lane 
markings 

4130 8260 

20 

Twilight 
Countryside 

Light Continuous 
& Broken 

Very heavy 
glare, worn 

lane 
markings 

2524 5048 

Total     57643 113773 
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Table B.2: Number of Lane 

Departures Per Clip 

Clip # Total # of Lane   
Departures 

1 0 
2 0 
3 6 
4 4 
5 9 
6 7 
7 1 
8 0 
9 1 
10 0 
11 0 
12 0 
13 1 
14 0 
15 0 
16 0 
17 0 
18 0 
19 0 
20 1 

Total 30 
 

Sample screenshots for clip number 1, 4, 8, 12 and 16 are shown in Table B.3. The 

remaining clips can be viewed at [122]. 
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Table B.3: Sample Screenshots for Multiple Camera LDW Dataset 

Clip 1 

 
Clip 4 
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Clip 8 

 
Clip 12 
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Clip 16 

 

 

 

B.2 Obstacle Determination Dataset 

Three obstacle determination datasets were compiled for the testing of the algorithms 

presented in this thesis. These are described in the following three subsections.  

B.2.1 Obstacle Determination by Road Surface Segmentation 

dataset 

To test the obstacle determination by road surface segmentation algorithm, a dataset 

of urban, suburban and motorway riving environments was compiled. Four videos 

were collected in total. Table B.4 summarises the main characteristics of each of the 

test videos. Table B.5 displays some sample screenshots of the data set. The dataset 

is available at [149]. 
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Table B.4: Dataset for Obstacle Determination by Road Surface Segmentation 

Clip # 
Driving 

Environment 
Traffic 

Road Surface 

Condition 
# Of Frames 

1 Suburban & 

Motorway 

Moderate Damp 1963 

2 Urban Very Heavy Dry 2838 

3 Motorway Light Dry 3209 

4 Motorway Light Damp 5703 

Total    13713 

 

Table B.5: Sample Screenshots of Obstacle Determination by Road Surface 

Segmentation Test Dataset 

Clip 1 
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Clip 2 

 
Clip 3 
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Clip 4 

 

 

 

 

B.2.2 Strobe-based Obstacle Distance Determination for 

Automotive Applications (SODDAA) Dataset 

A primary application of the SODDAA algorithm is for the detection of potential 

obstacles to the rear of the vehicle in reversing scenarios. With this scenario in mind, 

a database appropriate for evaluating the algorithm was acquired. The term 

“SODDAA photo group” refers to a set of three images captured by the camera 

(representing one test data unit). One image is taken with the vehicle’s rear left lamp 

lit, one is with the right lamp lit, and one with no lamps lit, to capture the ambient 

lighting for removal. These images were taken using a test rig, as shown in Figure 

B.2. The test rig’s function is to emulate a rear-facing camera and reversing lamps 

on the vehicle.  

 

Two objects typical of those that might be encountered by a vehicle in a reversing 

scenario were used in the test plan:  

• To reproduce a typical reversing scenario where a Vulnerable Road User 

(VRU) is encountered, a child’s tricycle is used (i.e. a relatively small object 

that might easily be missed by the driver).  



Appendix B: Test Datasets for Lane Departure Warning and Obstacle Determination 

 154 

• To reproduce a typical reversing scenario where an obstacle in an urban 

environment is encountered, a 127mm drainpipe is sat vertically on the test 

surface to imitate a bollard.  

The two obstacles were located at equal distances from the test rig. A man-hole 

cover was also situated at equal distances from the test rig. This was used in the test 

images to reproduce a typical surface feature that the system would encounter, and 

was known to cause false positives for other obstacle determination systems, as 

outlined in Section 5.2.  

The test rig consists of a camera stand with a long horizontal mount, on which a 

digital camera (Sony Mavica CDR500) and a camera flash (Canon Canolite ED) are 

mounted. The camera and flash are mounted at a height of 1m above the road 

surface. The flash was mounted 0.75m left of the camera for the first image, 

mounted 0.75m right for the second image, and then a third image is taken with the 

flash deactivated. To determine the performance limits of the system, three test 

scenarios were devised. These resulted in the three datasets, which are outlined 

below. 
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(a) 

  

(b) (c) 
 

Figure B.2: (a) Design of SODDAA test rig, displaying strobing of 

lamp. (b) Implementation of SODDAA test rig (c) tricycle 

and bollard for detection. 

 

Dataset 1: Lighting Conditions 

To demonstrate the system’s ability to function under different lighting conditions, 

three photos were taken during the daytime, during the daytime in very bright 

sunlight, during the night-time, and during the night-time under sodium street lamps. 

For each of these scenarios, the obstacles were located at a distance of 2.4m from the 

camera. The resulting images are shown in Table B.6. 
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Table B.6: SODDAA for Various Lighting Conditions Dataset 

Lighting 

Environment 

Right Lamp Lit Left Lamp Lit No Lamp Lit 

Daytime 

   
Daytime Under Very 

Bright Sunlight 

   
Night-time 

   
Night-time under 

Street Lamps, 

surface water 

reflections    

 

 

Dataset 2: Accuracy of Distance Determination 

In this case, the camera is mounted on a tripod while the distance between the 

camera and the obstacles was varied between 1.4m and 4m, in increments of 0.2m, 

resulting in 15 SODDAA photo groups. The resulting images are shown in Table 

B.7. 
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Table B.7: SODDAA Accuracy of Distance Determination Dataset 

Distance to 

Obstacles 

Left Lamp Lit Right Lamp Lit No Lamp Lit 

1.2m 

   
1.4m 

   
1.6m 

   
1.8m 

   
2.0m 

   
2.2m 

   
2.4m 

   
2.6m 
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2.8m 

   
3.0m 

   
3.2m 

   
3.4m 

   
3.6m 

   
3.8m 

   
4.0m 

   

 

Dataset 3: Moving Obstacle 

To assess the performance of the system at detecting a moving obstacle, The camera 

is mounted on a tripod at a distance of 2.5m from the test obstacle. The test obstacle, 

a tricycle, is moved across the field of view of the camera. For every 0.5 m distance 

that the tricycle moves, a SODDAA photo is taken. This results in 14 SODDAA 

photo groups, as shown in Table B.8.   
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Table B.8: SODDAA Dynamic Obstacle Detection Dataset 

Set Num. Left Lamp Lit Right Lamp Lit No Lamp Lit 

1 

   
2 

   
3 

   
4 

   
5 

   
6 

   
7 

   
8 
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9 

   
10 

   
11 

   
12 

   
13 

   
14 

   

 

 

B.2.3 Multiple Angle Inverse perspective Mapping (MAIPM) 

dataset 

To demonstrate the capabilities of the MAIPM algorithm, a dataset of three images 

was compiled. The images were taken of typical scenarios that a vehicle may 

encounter during reversing manoeuvres. These are shown in Table B.9.  
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Table B.9: MAIPM Dataset of Images of Typical Reversing Scenarios 

Image Num. Image 

1 

 
2 

 
3 
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Appendix C Additional Single Camera Lane Departure 

Test Results 

The dataset presented in Chapter 3.3 for testing the single camera LDW system was 

gathered to evaluate the performance of a multi-camera LDW system under very 

difficult driving scenarios. This included a large number of scenarios where a single 

camera LDW system would fail, such as situations where the camera is under heavy 

glare, occluded, or in low lighting conditions. As such, an additional dataset was 

compiled and is presented here along with the test results. This dataset is more 

comparable to that of others in the area of research in that it contains similar driving 

environments and scenarios.  

This test video data was captured using a colour Omnivision OV7710 camera on a 

ECJ evaluation module [150] mounted on a host vehicle behind the rear view mirror 

(Figure C.1). This camera was mounted at a height of 0.8m, at a pitch angle of 13.5° 

with the road surface, with a horizontal angle of view of 38° and a focal length of 

916 pixels. Video was captured at a rate of 20 Hz, at a resolution of 640x480 pixels.  

 

 
 

Figure C.1: Camera set-up for capturing single camera test video in the host vehicle. 

 

Table C.1 summarises the main characteristics of each of the 20 test videos. Table 

C.2 summarises the number of lane departures per clip. The raw captured video clips 
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are available online [122]. To the authors knowledge, this is the largest publically 

available lane departure warning test dataset. It is hoped that this dataset will allow 

the development of additional algorithms in the area, and to compare results with the 

proposed algorithm. The host vehicle was driven on a wide variety of roads, 

capturing video data in a range of driving environments including urban, suburban, 

rural, dual carriageways and motorways. The resulting videos can be viewed at 

[151]. Overall, twenty daytime video clips were captured, containing fifty-five 

instances of lane departure. These lane departures occurred on straight roads, curved 

roads, and over the left and right lane boundaries. The test scenario outlined in ISO 

17361:2007 states that testing would be carried out in good condition, and with 

defined, visible lane markings. However, a number of the presented test scenarios 

were far more challenging than defined in ISO 17361:2007, for example, some have 

lettering on the road surface, changes in tarmac and pavement types, wet and dry 

surfaces, pedestrian crossings, curvatures in the lanes and lane markings occluded by 

shadows and leading and passing vehicles. When analysed on a frame-by-frame 

basis, the data set contains over 57,000 test frames and 113,000 detectable lane 

boundaries in these frames.  

 

 

Table C.1: Datasets for Single Camera Lane Boundary and Lane Departure 

Detection 

Clip # 
Driving 
Enviro- 
nment 

Traffic 
Lane 

Marking 
Type 

Road 
Surface 

Condition 
# Of 

Frames 
Frames 

Per 
Second 

# of Lane 
Bound-

aries 
1 Urban Very 

heavy 
Continuous 
& Broken Damp 1616 20 2893 

2 Urban Heavy Continuous 
& Broken 

Damp, 
other road 
markings 

982 20 1859 

3 Motorway Moderate Continuous 
& Broken Dry 3201 20 6382 

4 Motorway Light Continuous 
& Broken 

Slightly 
damp 2087 20 4174 

5 Motorway Light Continuous 
& Broken Dry 453 20 441 

6 Suburban Moderate Continuous 
& Broken 

Slightly 
damp, 
various 

road 
markings, 
repaired 

554 20 632 
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tarmac 
7 Motorway Moderate Continuous 

& Broken Dry 4042 20 8024 

8 Motorway Light Continuous 
& Broken Dry 511 20 1020 

9 Motorway Heavy Continuous 
& Broken 

Dry, 
changes in 
Tarmac, 
shadows 

2921 20 5828 

10 Motorway Moderate Continuous 
& Broken Damp 373 20 744 

11 Motorway Light Continuous 
& Broken 

Damp, 
other road 
markings 

3537 20 7074 

12 Motorway Moderate Continuous 
& Broken 

Strong 
Shadows, 

Dry 
2411 20 4822 

13 Motorway Light Continuous 
& Broken Dry 683 20 1366 

14 

Dual 
Carriagew

ay, 
Country 

road 

Moderate Continuous 
& Broken 

Other road 
markings, 
changes in 

tarmac 
690 20 1378 

15 Urban 
 

Very 
Heavy 

Continuous 
& Broken 

Wide bus 
lane 

markings 
Changes in 

tarmac 

642 20 1284 

16 
Night-
time 

Urban 
Light Continuous 

& Broken 
Wet 

Other road 
markings 

3211 20 6394 

17 
Night-
time 

Motorway 
Light 

 
Continuous 
& Broken 

Wet 
Other road 
markings 

7844 20 15688 

18 
Night-
time 

Motorway 
Light Continuous 

& Broken 
Wet 

Other road 
markings 

6864 20 13728 

19 
Night-
time 

Motorway 
Light Continuous 

& Broken 
Wet 

Other road 
markings 

9335 20 18670 

20 
Night-
time 

Motorway 
Light Continuous 

& Broken 
Wet 

Other road 
markings 

5686 20 11372 

Total     70919  113773 
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Table C.2: Number of Lane 

Departures per clip  

Clip # 
Total  # of 

Lane 
 Departures 

1 1 
2 3 
3 6 
4 4 
5 0 
6 0 
7 5 
8 2 
9 1 
10 0 
11 4 
12 2 
13 1 
14 0 
15 0 
16 0 
17 6 
18 4 
19 9 
20 7 

Total 55 
 

Sample screenshots for clip number 1, 4, 8, 12 and 16 are shown in Table C.3. These 

and the remaining clips can be viewed at [122].  
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Table C.3: Sample Screenshots for Single Camera LDW Dataset 

Clip 1 

 
Clip 4 
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Clip 8 

 
Clip 12 
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Clip 16 

 

 
 

Two rounds of testing were conducted. In the first round, tracking was disabled to 

gain an insight into the basic detection performance of the system, in terms of the 

number of detection failures. These detection failures include both situations where a 

lane border existed but was not detected (false negatives) and where a lane border 

did not exist but was falsely detected (false positives). In the second round, tracking 

of the lane boundaries was enabled. In each round, the system performance was 

analysed for both lane boundary detection and at LDW. 

The results of the lane boundary detection with tracking disabled are presented in 

Table C.4. In Table C.5, the results of the lane departure detection with tracking 

disabled are shown. Detailed results are presented for each of the 20 test clips. 

Performance is expressed in terms of the percentage of boundaries or departures 

correctly detected, as well as the false positive rate.  
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Table C.4: Pre-Tracking Results for Lane Boundary Detection 

Clip 
# 

Total # of 
Lane 

Boundaries 

Detected # 
of 

Boundaries 

Correctly 
Detected # 

of 
Boundaries 

Rate of 
Detection 

(%) 

# of 
False   

Positives 

1 2893 2472 2442 84.41 30 
2 1859 1722 1718 92.42 4 
3 6382 5853 5695 89.24 158 
4 4174 4097 4094 98.08 3 
5 441 506 441 100 65 
6 632 557 527 83.39 80 
7 8024 7635 7608 94.82 27 
8 1020 963 960 94.12 3 
9 5828 5422 5358 91.94 64 
10 744 747 729 97.98 18 
11 7074 6375 6328 89.45 17 
12 4822 4411 4345 90.11 66 
13 1366 1204 1180 86.38 24 
14 1378 1251 1203 87.3 48 
15 1284 1280 1199 93.38 14 
16 6394 6960 6202 97 745 
17 15688 15466 15130 96.44 177 
18 13728 13752 13390 97.54 362 
19 18670 18310 17879 95.76 259 
20 11372 10991 10680 93.91 279 

Total 113773 109974 107108 92.68 2443 
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Table C.5: Pre-Tracking Results for Lane Departure Detection 

Clip # 
Total  # of 

Lane 
 Departures 

Detected # of 
Lane 

 Departures 

Correctly 
Detected # 

of Lane 
Departures 

Rate of 
Detection 

# of False 
 Positives 

1 1 0 0 0 1 
2 3 3 3 100 0 
3 6 6 6 100 0 
4 4 4 4 100 0 
5 0 0 0 100 0 
6 0 0 0 100 0 
7 5 5 5 100 0 
8 2 2 2 100 0 
9 1 1 1 100 0 
10 0 0 0 100 0 
11 4 3 3 75 0 
12 2 2 2 100 0 
13 1 1 1 100 0 
14 0 0 0 100 0 
15 0 0 0 100 0 
16 0 0 0 100 0 
17 6 6 6 100 0 
18 4 4 4 100 0 
19 9 9 9 100 0 
20 7 7 7 100 0 

Total 55 53 53 96.36 1 
 

The test results show the effectiveness of the algorithm in detecting lane boundaries 

and lane departure in challenging driving environments. 92.68% of lane boundaries 

were detected correctly, with 0.039 false positive per frame on average. A small 

number of erroneous results were produced by the system. Bright reflections caused 

by surface water, very worn lane markings, and zigzag lane markings were found to 

cause inaccurate readings (see examples in Figure 3.11). However, 53 of the 55 lane 

departures were detected correctly. 

The second round of testing was conducted with tracking enabled. The tracking 

algorithm increased the rate of detection as, frequently, erroneous detections occur 

only for a small number of frames. In these situations the tracking algorithm 

prediction is used until the road boundary is re-acquired. Many of the problem 

scenarios in the post-tracking stage were overcome, which is reflected in the 

improved results. The rate of detection of lane boundaries was improved to 94.39%, 

(Table C.6). Lane departure detection was increased to 98.18% (Table C.7). The 
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tracking algorithm took 700ms per frame when implemented on the platform 

described in Section 3.3.1. Table C.8 summarises the average results across all 20 

test videos, without and with tracking enabled.  

 

Table C.6: Post-Tracking Results for Lane Boundary Detection 

Clip 
# 

Total # of 
Lane 

Boundaries 

Detected # 
of 

Boundaries 

Correctly 
Detected # 

of 
Boundaries 

Correct 
Rate  of 

Detection 

#False 
 Positives 

1 3070 2797 2787 90.78 13 
2 1860 1852 1852 99.57 0 
3 6385 6407 6334 99.2 73 
4 4174 4097 4094 98.08 3 
5 441 506 441 100 65 
6 632 557 527 83.39 80 
7 8024 7635 7608 94.82 27 
8 1020 963 960 94.12 3 
9 5828 5422 5358 91.94 64 
10 744 747 729 97.98 18 
11 7074 6375 6328 89.45 17 
12 4822 4411 4345 90 66 
13 1366 1204 1180 86.38 24 
14 1378 1251 1203 87.3 48 
15 1284 1280 1276 99.38 14 
16 6394 6960 6366 99.56 716 
17 15688 15466 15136 96.48 165 
18 13728 13627 13429 97.82 198 
19 18670 18238 17979 96.3 259 
20 11372 11104 10825 95.19 279 

Total 113954 110899 108757 94.39 2132 
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Table C.7: Post-Tracking Results for Lane Departure Detection 

Clip # 
Total # of 

Lane 
 Departures 

Detected # 
of Lane 

 Departures 

Correctly 
Detected # 
of  Lane 

Departures 

Correct 
Rate of 

Detection 

# of False 
 Positives 

1 1 0 0 0 1 
2 3 3 3 100 0 
3 6 6 6 100 0 
4 4 4 4 100 0 
5 0 0 0 100 0 
6 0 0 0 100 0 
7 5 5 5 100 0 
8 2 2 2 100 0 
9 1 1 1 100 0 
10 0 0 0 100 0 
11 4 4 4 100 0 
12 2 2 2 100 0 
13 1 1 1 100 0 
14 0 0 0 100 0 
15 0 0 0 100 0 
16 0 0 0 100 0 
17 6 6 6 100 0 
18 4 4 4 100 0 
19 9 9 9 100 0 
20 7 7 7 100 0 

Total 55 54 54 98.18 1 
 

Table C.8: Overall Single-Camera Results 

Lane Border Detection Rate 
(%) 

Lane Departure Detection Rate 
(%) 

Tracking 
Disabled  

Tracking 
Enabled 

Tracking 
Disabled 

Tracking 
Enabled 

92.68 94.39 96.36 98.18 
 
The test results show the effectiveness of the proposed algorithm in detecting lane 

departure on various road surfaces and under various driving conditions. Without 

tracking, the algorithm showed good results at detecting all the visible lane 

boundaries. With tracking enabled, the algorithm produced even better results, even 

under some of the more difficult driving conditions. Figure 3.12 shows some of the 

detection samples, displaying the system’s robustness in the presence of various road 
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markings, road surfaces, curves, and occlusions by vehicles, wipers, and dashboard 

reflections.  

Categorising the results according to the driving environments that the video was 

taken in (Table C.1), it can be seen that the proposed system has a 95.38% lane 

border detection rate on motorways. For urban and carriageway driving 

environments, the system has a 93.1% detection rate. The lower rate of detection is 

due to the environmental variability in urban environments such as types of lane 

markings and changes in tarmac. For daytime driving, the system has a 90.87% lane 

border detection rate. In comparison, the system has a 96.83% detection rate in 

night-time driving environments. This is due to the host vehicle’s headlamps only 

illuminating the road surface area where the lane markings exist. The existence of 

the highly reflective “cats-eyes” on the motorways also increased the detection rate 

of the lane borders. 

In adverse driving conditions such as on roads with worn-lane markings (Figure 

3.12(c), (e), (g), (h), (n), (o) (q)), strong shadows (Figure 3.12(r), (s), (t)), wet road 

surfaces (Figure 3.12(d), (m), (p)), and intermittently occluded lane markings caused 

by other road vehicles (Figure 3.12(a), (e), (g), (k)), the algorithm shows strong rates 

of detection. In clips 1, 6, 14 and 16, the algorithms effectiveness at detecting worn 

lane markings, particularly in an urban environment, can be seen. In scenarios where 

lane markings are intermittently occluded by other road vehicles, clip number 1 and 

15 demonstrate how the tracking algorithm can improve performance. In both clips, 

the correct rate of detection is increased from 84% and 95% to 90 and 99% 

respectively when tracking is enabled. The high rate of detection results obtained 

from clip number 16-20 demonstrates the robustness of the algorithm in wet driving 

environments. Strong shadows are encountered in clip number 11, 16 and 24. 

However, these adverse conditions pose no issue for the algorithm, exhibiting a high 

rate of detection in both clips.  A comparison of these results to other LDW systems 

in the area is available in Section 3.3.3. 

 

 

 

 


