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Abstract
Incorrect assessment of the positions and speeds of nearby vehicles will compromise
road safety due to unsafe lane change decisions. Vision-based lane change decision aid
systems (LCDAS) are being increasingly explored to facilitate the automatic assessment
of the scene around the host vehicle. In this thesis, computationally efficient techniques
that can operate under complex road scene environment are proposed for a vision-based
LCDAS.
Detection of multiple lanes is challenging particularly due to varying prominence of the
associated edge features depending on their perspective with respect to the camera. In
this thesis, a novel method is proposed for the automatic detection of host and neighbor
lanes in the near view. The proposed method involves the systematic investigation of
gradient magnitude histograms (GMH), gradient angle histograms (GAH) and Hough
Transform (HT) iteratively to cater for varying prominence of lane markings. Evaluation
of the proposed method (referred to as GMH-GAH-HT method) using a dataset consisting of more than 6000 images in various complex conditions shows that it is capable
of high detection rates of 97% and 95% for host and neighbor lanes respectively.
It was observed that the lanes in far-view are fainter and smaller in size compared to
those in near view. The positions of host and neighbor lanes in the near-view are relied
upon to deploy the GMH-GAH-HT method to systematically ascertain the far-view
lanes. Selective processing of faint edges was introduced to enhance the robustness of
the proposed technique to detect the host and neighbor lanes in the far view. A blocklevel HT computation process called Additive HT (AHT) is also proposed to exploit the
inherent parallelisms of HT, resulting in order of magnitude speed up. The computation
complexity of combining the block-level Hough spaces is also significantly reduced by
introducing a hierarchical derivative of the AHT called the HAHT. In addition, the
proposed method for detecting multiple lanes in the far-view is capable of estimating
curved lanes by breaking them into a number of smaller straight lines.
The detection of vehicles and their proximity in the RoI is tackled next. Two main
characteristics, namely, under-vehicle shadow and multiple edge symmetry of vehicles
were relied upon to first establish the presence of a vehicle. The detection of the undervehicle shadow necessitated the automatic determination of the binarization threshold
for varying lighting and road conditions. The proposed linear-regression based technique
was evaluated on an exhaustive dataset to confirm that it can adapt to varying illumination conditions. Selective deployment of the GMH-GAH-HT made it possible to extract
multiple edge-symmetry cues so as to further ascertain the presence of vehicles. The
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proposed method for vehicle detection is shown to yield a high vehicle detection rate of
95% on a test dataset with images taken under varying road, illumination and weather
conditions.
The lane width in the immediate vicinity of the target vehicle was then employed to
estimate the proximity of the vehicle from the host vehicle. Unlike conventional methods
that rely on stereo vision and 3-D models for estimating proximity of the detected
vehicles, the proposed method has been shown to work with 2-D images resulting in
a notable reduction in computational complexity. Verification against ground truth
confirms that the proposed method is capable of estimating the relative distance of a
target vehicle from the ego vehicle with an accuracy of 1m in the near view and 4m in
the far view.
Unlike 4-wheel vehicles like cars and lorries, detection of motorcycles cannot rely on
prominent under-vehicle shadows, clearly defined edges and symmetry signatures. This
motivated the development of a novel method to detect the tyre region of the motorcycles. The proposed method is adaptive to local illumination conditions by examining
the intensities immediately adjacent to lane markings. Systematic exploration of the
surrounding areas around the tyre region was also carried out to further strengthen the
identification process. An early evaluation of the proposed technique shows promising
results in complex scenarios.
Existing LCDAS mainly focus on the blind spot detection aspect of the lane change
decision aid process, as comprehensive assessment of the 360◦ scene around the vehicle
is still a rather complex and computationally demanding process. In this work, a twocamera system consisting of front and rear facing monocular cameras has been employed
to establish a near 360 degree field of view. The proximity of vehicles surrounding
the host vehicle and their speeds were incorporated into a Gaussian risk function for
estimating the risks posed by different vehicles in the front and rear views. A state
machine was also introduced to monitor the blind spot region by combining the risk
information of vehicles in front and rear RoIs. Finally, the proposed techniques lend well
for compute-efficient realizations and simulations on real video sequences show that the
integrated framework can be deployed to deterministically evaluate the risks associated
with lane change maneuvers.
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Chapter

1
Introduction

1.1

Motivation

Lane change is a high risk maneuver and is one of the main causes of accidents on
highways in most countries. The driver needs to continuously monitor different lanes,
both in the front and rear of the vehicle, to detect any approaching vehicles. Any
miscalculation and mis-judgment of the speeds and distances of the approaching vehicles
can lead to incorrect decisions to change lane, resulting in accidents. Therefore, an
advanced driver assistance system (ADAS), which aids the driver in monitoring the
road scene around the vehicle and making correct decisions before changing lanes, can
improve road safety. Such ADAS systems are called Lane Change Decision Aid Systems
(LCDAS) or Lane Change Assistance Systems (LCAS). Recent studies show that an
effective LCDAS is of high impact on road safety. Though some commercial solutions
are available in the market, they are either meant for high-end luxury cars or have limited
functionality or both. Therefore, there is a need to develop cost-effective solutions that
can be deployed for mass production. One of the ways to meet this objective has
been the increasing use of vision sensors or cameras for various ADAS solutions. Most
current ADAS (including the limited LCDAS) employ active sensors like radar. But with
advances in VLSI technologies and miniaturization of CMOS transistors, CMOS cameras
are not only becoming increasingly cheaper but pervasive too. This pervasiveness and
availability of cheap cameras make them an ideal choice for applications like LCDAS
wherein the knowledge of surround scene is necessary. However, the use of cameras for
detecting vehicles and locating their positions in the road scene has its own challenges
because of the varied nature of the road scene. These challenges in developing robust and
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computationally efficient image processing and computer vision solutions, that can be
deployed for lane change assistance systems, have been the motivation for the proposed
research in this thesis.

1.2

Research Objectives

This research aims at developing embedded computing techniques for vision-based lane
change decision aid systems. It is envisaged to devise image processing solutions that
aid the driver in monitoring the entire road scene around the vehicle, i.e. the front, rear
and blind spots of the host vehicle, using monocular cameras. Using this information
of the target vehicles around the host vehicle, it is aimed to develop techniques that
help the driver to take an informed decision to change lanes. This research aims to
design computationally efficient techniques for the core functional components of an
LCDAS, which include region of interest extraction, vehicle detection, vehicle proximity
estimation and situation/risk assessment. Architecture-aware algorithms will proposed
that can lend well for realization on embedded computing platforms.

1.3

Research Contributions

The major research contributions of this thesis are summarized below:
1. A detailed literature survey of existing techniques for the different functional blocks
of lane change assistance systems is conducted. The applicability of the different
sensor technologies in the different functional blocks of an LCDAS is investigated
to establish the significance of vision-based sensors for LCDAS.
2. Computationally efficient techniques for detecting host and neighbor lanes in nearview of the host vehicle are proposed. Considering that both host lanes and neighboring/adjacent lanes form the regions of interest in an LCDAS, techniques are
proposed to address the challenges in detecting these lanes.
3. A dataset of real-world road scene image sequences is created for the evaluation
of the proposed techniques. The dataset is generated to capture different road
scenarios under varying illumination conditions on Singapore highways and urban
roads using a mountable high-definition (HD) resolution camera with a frame rate
of 25 frames per second.
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4. A thorough evaluation of the proposed near-view lane detection technique is conducted using the dataset of image sequences. The detection rates for detecting the
host and neighbor lanes in different scenarios are analyzed.
5. Techniques are proposed and evaluated to detect lanes in far-view of the host
vehicle. The proposed techniques use the lane information from near-view and
detect the presence of lanes in far-view.
6. In order to address the computational challenges of the proposed far-view lane
detection techniques, computation architectures are proposed that exploit inherent
parallelisms of the proposed image processing techniques. A detailed performance
evaluation of the proposed computing techniques is presented to show the drastic
reduction in computational complexity that is achieved by the proposed techniques.
7. Novel techniques are proposed to detect vehicles and motorcycles in lanes. The
proposed techniques are shown to detect vehicles in the presence of local variations
in the road scene like shadows of trees, illumination changes etc.
8. Techniques to estimate the relative proximities of the vehicles from the host vehicle are proposed. The proposed techniques use the lane information as a cue to
estimate the relative proximities using monocular cameras.
9. After detecting the vehicles and their relative proximities, a novel risk assessment
framework is proposed that determines the risk involved in changing lanes. Risk
assessment in single and multiple vehicle scenarios is proposed. A state machine
is also proposed to detect vehicles in the blind spot areas.
10. Finally critical conclusions are drawn and the future research directions are proposed.

1.3.1

Research Publications from This Work

Following is the list of publications by the author of this report that were published in
various international conferences and journals:

Journals
1. R. K. Satzoda, S. Suchitra, T. Srikanthan and S. Supriya, “Hierarchical Additive
Hough Transform for Lane Detection”, IEEE Embedded Systems Letters, vol. 2
(2), pp. 23-26, June 2010.
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2. S. Suchitra, R. K. Satzoda and T. Srikanthan, “Exploiting Inherent Parallelisms for
Accelerating Linear Hough Transform”, IEEE Transactions on Image Processing,
vol. 18, No. 10, pp. 2255-2264, October 2009.
3. R. K. Satzoda, S. Suchitra and T. Srikanthan, “Parallelizing the Hough Transform
Computation”, IEEE Signal Processing Letters, vol. 15, pp. 297-300, 2008.

Conferences
1. S. Suchitra, R. K. Satzoda and T. Srikanthan , “Identifying Lane Types: A Modular Approach”, IEEE 16th International IEEE Annual Conference on Intelligent
Transportation Systems - ITSC’13, Oct 2013, (Accepted).
2. S. S. Shantanu, R. K. Satzoda, S. Suchitra and T. Srikanthan , “Additive Hough
Transform on Embedded Computing Platforms”, IEEE 56th International Midwest
Symposium on Circuits and Systems, Aug 2013, pp. 1196-1199.
3. S. Suchitra, R.K. Satzoda and T. Srikanthan , “Detection and Classification of Arrow Markings on Roads using Signed Edge Signatures”, IEEE Intelligent Vehicles
Symposium - IV’2012, pp. 796-801, June 2012.
4. R.K. Satzoda, S. Suchitra and T. Srikanthan , “Robust Extraction of Lane Markings Using Gradient Angle Histograms and Directional Signed Edges”, IEEE Intelligent Vehicles Symposium - IV’2012, pp. 754-759, June 2012.
5. R .K. Satzoda, S. Suchitra, T. Srikanthan and J.Y. Chia, “Vision-based Vehicle
Queue Detection at Traffic Junctions”, 7th IEEE Conference on Industrial Electronics and Applications, Singapore, pp. 85-90, July 2012.
6. S. Suchitra, R. K. Satzoda and T. Srikanthan, “Selective Extraction of Curvilinear
Edges using Gradient Angle Histograms”, International Conference on Communications and Signal Processing, Kochi, Kerala, pp. 358-362, Feb 2011.
7. S. Suchitra, R. K. Satzoda and T. Srikanthan, “Accelerating CORDIC for Hough
Transform”, International Symposium on Integrated Circuits, Singapore, pp. 167170, Dec 2009.
8. R. K. Satzoda, S. Suchitra and T. Srikanthan, “Gradient Angle Histograms for
Efficient Linear Hough Transform”, IEEE International Conference on Image Processing (ICIP), pp. 3273 - 3276, Cairo, Nov 2009.
9. S. Suchitra, R. K. Satzoda and T. Srikanthan, “Unified CORDIC-based Processor
for Image Processing”, Proceedings of 15th International Conference on Digital
Signal Processing, pp. 343-346, July 2007.
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In Preparation
1. R.K. Satzoda, S. Suchitra and T. Srikanthan , “Local-illumination Invariant Vehicle Detection Techniques”, IEEE Intelligent Vehicles Symposium, 2014.
2. R.K. Satzoda, S. Suchitra and T. Srikanthan , “Vision-based Lane Change Assistance System”, IEEE Intelligent Vehicles Symposium, 2014.
3. R.K. Satzoda, S. Suchitra and T. Srikanthan , “Multiple Lane Detection with
Varying Edge Prominence”, IEEE Intelligent Vehicles Symposium, 2014.

1.4

Organization of the Thesis

The rest of thesis is organized in the following way:
• Chapter 2: A detailed literature survey is conducted in Chapter 2. Existing
literature on the different functional aspects of lane change assistance systems
are reviewed in detail. The computation algorithms that are employed in these
functional blocks and the effect of sensing technologies on the efficiency of these
functional blocks are investigated in this chapter. Existing LCDAS solutions are
reviewed to understand the open challenges in this research area.
• Chapter 3: This chapter addresses identifying host and neighbor lanes in nearview of the host vehicle. The challenges involved in detecting these lanes are
outlined and computationally efficient techniques are proposed to robustly detect
the host lanes and neighbor lanes, in this chapter.
• Chapter 4: In this chapter, we propose techniques to detect host and neighbor
lanes in far-view. Techniques are proposed to detect both straight lanes and curved
lanes in far-view. Computationally efficient techniques to compute Hough transform using Additive Hough Transform (AHT) and Hierarchical AHT are proposed
and evaluated in this chapter.
• Chapter 5: The main objects of interest in an LCDAS are the vehicles. In
this chapter, adaptive compute efficient techniques are proposed to detect vehicles
in lanes and also find their proximity to the host vehicle. Techniques are also
proposed to detect motorcycles in lanes. The proposed techniques are thoroughly
evaluated in varying road scenarios to check for their robustness.
• Chapter 6: Lane change assistance is incomplete without a decision making
system that can aid the driver in making a decision to change lane. In this chapter,
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a novel decision making system is described and evaluated. The risk in making a
lane change is quantified using a mathematical model that depends on the states
of the vehicles surrounding the host vehicle.
• Chapter 7: Finally, conclusions are drawn and future directions in this research
are proposed in this chapter.
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Chapter

2
Literature Survey

In this chapter, we conduct a detailed survey of different functional and technological
aspects of lane change assistance systems (LCAS) or lane change decision aid systems
(LCDAS). We present a detailed review of core functional blocks of LCDAS like lane
detection, vehicle detection, situation assessment etc. A survey of existing solutions,
that provide either complete or partial functionality of LCDAS, is then presented. We
conclude this chapter with a summary of the observations based on this study, leading
to the chapters that follow. In most literature that is available, lane change assistance
refers to lane change decision aid, i.e. a system that can aid the driver to take a decision
on whether it is safe to change lane. Therefore, in the rest of the chapter and the thesis,
lane change assistance is synonymously used as lane change decision aid. Similarly LCAS
and LCDAS are interchangably used.

2.1

Advanced Driver Assistance Systems for Lane Change
Assistance

Over the past decade, there has been an increasing trend in incorporating Advanced
Driver Assistance Systems (ADAS) in automobiles [3]. There have been various market
research reports, which forecast the increasing need and investment into ADAS [3–9].
One of the major reasons for this increasing trend is also because of the increasing number
of vehicles on roads, and therefore the need for driver and traffic safety [3]. Consequently,
major automotive manufacturers like Mercedes, BMW, Volvo, Nissan, Continental etc.
have been investing heavily into the research and development of active safety systems
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or ADAS [7]. These systems include Adaptive Cruise Control (ACC) [10, 11], lane
departure warning (LDW) [12], blind spot detection (BSD) [13, 14], night vision, park
assist systems, collision avoidance, pedestrian detection, lane change assistance etc. [6,
9, 15]. There are various kinds of classification of these systems reported in literature
[1, 10, 16] and one of the ways [16] is listed below:
1. Driver information systems: Route guidance systems, navigation systems, global
positioning systems, traffic symbols detection systems can be classified as driver
information systems as they gather and provide information to the driver, that
help the driver in making decisions while driving.
2. Driver warning systems: These include systems like lane departure warning, lane
change assistance, blind spot warning and collision warning. These systems warn
the driver of any potential danger. Unlike information systems, these warning
systems focus more on safety and also possibly provide corrective actions, that
can help the driver in avoiding any accidents.
3. Intervening systems: These systems directly intervene in the actual movement of
the vehicle by taking over vehicle control from the driver in case of emergency.
Adaptive cruise control (ACC) is one such system which reduces or increases the
speed of the vehicle based on its proximity to the vehicles in front and rear.
4. Integrated passive and active safety systems: These are mechanical safety systems
that get activated either during or before a crash occurs. Automated emergency
braking systems, seat belt pre-tensioners, automated air-bag release etc. are examples of such systems.
5. Fully automated systems: These form intelligent vehicle systems. They can be
considered as one step beyond driver assistance. They operate without a human
driver and take full control of the vehicle. Google self-driving car [17], which
underwent test drives recently in 2012 is an example of these systems.
The acceptability of driver-less fully automated intelligent vehicles is still being questioned due to various factors like cost, legislation rules, dependability of systems, additional infrastructure etc. However, driver assistance systems are already available as
commercial products. Until recently, these ADAS systems were either in research labs or
in high-end luxury and executive vehicles only [3, 10]. However, this is changing now as
most automotive manufacturers are now investing into affordable systems for high volume market segment [3]. [6, 18] present global market reviews of various ADAS systems
and provide a list of commercially available ADAS systems and their manufacturers.
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Some of the commercially available systems are lane departure warning systems, adaptive cruise control system, park assist systems, autonomous emergency braking systems
etc. [19–21] that are manufactured by companies like Continental, BMW, Mobileye etc.
This shift towards entry-level vehicles is primarily because of advances in cheap and
reliable sensor technologies like vision sensors, and increasing R & D in low-cost and
efficient processing technologies.
These ADAS applications also have different levels and types of impact on the driver
and the other road users. Golias et al. in [1] presented an impact oriented classification
of the driver assistance systems. They provide a detailed analysis of the kind of impact
and the amount of impact each ADAS has on the road safety and traffic efficiency.
Each ADAS system was marked as having high or low impact on road safety and traffic
efficiency. Table 2.1 shows the impact-based classification that is presented in [1].
Table 2.1: Classification of ADAS based on road safety impact and traffic efficiency
impact [1]

Traffic
efficiency
impact

High

Low

Road Safety
High
ACC, Lane change & merge,
Collision avoidance,
Vision enhancement
Automatic stop and go, Speed control
Obstacle and pedestrian detection
Intersection collision warning
Integrated navigation, electronic mirror
Driver identication, Hands-free &
remote control, Driver vigilance
monitoring, Driver health monitoring,
Road and lane departure

Impact
Low
Automated transactions, Platooning
Real-time traffic &
traveler information
Navigation routing, Parking &
reversing aid, Tachograph,
Alerting systems, vehicle diagnostics

It can be seen that four applications fall under high impact category in terms of both road
safety and traffic efficiency, and lane change figures in that list. Other surveys on ADAS
have also predicted lane change assistance to be an important and integral component of
driver safety systems in future cars. Frost & Sullivan, one of the leading market research
companies, in their 2008 market research [9] on ADAS predicts lane change assistance
to be incorporated by major automotive companies by the year 2018. Though other
high impact ADAS applications like ACC, collision avoidance, lane departure warning
[22–24], pedestrian detection [25–27] etc. have been comprehensively researched upon,
LCAS is still a relatively new research area [28]. In recent years, various aspects of
lane change assistance are being researched upon by a few select groups [2, 28–32]. A
survey of the different aspects of these studies, their salient features and challenges will
be described next.
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Need for LCDAS

Improper and unsafe lane changes are one of the top reasons for road accidents in
most countries [33]. This is because, before making a lane change maneuver, the driver
performs various physical and mental actions to take the decision to change lane [31, 34].
According to Chovan et al [35], “If the lane change is legal, the driver determines if
conditions are favorable for a lane change. The driver checks mirrors, checks the blind
spot, scans ahead, looks to the far-adjacent lane, and assesses the roadway for any
limitations to lane changing. If the driver decides the lane change can be successfully
completed, he or she signals the intent to change lanes with turn signals. By applying a
steering input followed by a counter phase steering movement, the driver then executes
the lane change maneuver.” Therefore, the driver needs to be completely aware of the
surrounding vehicles and continuously monitor them, especially those moving in the lane
where he intends to move into. This includes, monitoring the side-view and rear-view
mirrors and checking the blind spots by physically looking over his shoulder. Also, the
driver mentally estimates the risk involved in changing lane at that time instance by
estimating the speeds and distances of the approaching vehicles [34]. This requires a
high degree of alertness from the driver. Therefore, a system that can monitor the
vehicle surroundings and aid the driver in making decisions to change lanes, can help
in improving the safety of the driver and the other road users [1]. This is also reflected
in the global safety systems technology road-map from Frost & Sullivan [9], which puts
lane change assistance systems as an integral part of vehicles in the next decade.

2.2

Functional Blocks in LCDAS

A survey of the existing literature on LCDAS shows that depending on the functionality
of LCDAS, different techniques and functional cores are proposed [30, 36]. According to
[30], these core functional blocks include lane detection & tracking, vehicle detection &
tracking, vehicle proximity and speed estimation, and situation assessment, as shown in
Fig. 2.1. In addition to these modules, [2, 30] also talk about detecting driver intentions
to change lanes. According to [30], driver intention detection is an additional component
but an LCDAS must perform the above functional steps. Also, according to the ISO
standards on LCDAS [36], driver is assumed to have made an intention to change lanes
and an LCDAS is expected to check for any potential dangers in changing lanes.
These functional blocks are used in different combinations to realize different LCDAS
[30, 37]. This primarily depends on the functionality of the LCDAS and the different
sensors used in it. For example a radar based blind-spot monitoring system does not
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Figure 2.1: Core functional blocks in a lane change decision aid system.

require blocks like lane detection and front/rear vehicle monitoring. However, a visionbased blind-spot monitoring in [38] requires lane detection block. Also, there are different
kinds of techniques, that have been proposed for each of the functional blocks, many
of which are generic algorithms that can be deployed in any ADAS including LCDAS.
For example, techniques for lane detection have been proposed in various papers [39, 40]
etc. for different ADAS applications like LDW, collision avoidance etc. Some of these
techniques, when directly applied for lane change assistance may not yield the robust
results for LCDAS; some may not even be directly applicable for LCDAS.
In the forthcoming sections, we review the different existing techniques for each of the
functional blocks, their advantages, disadvantages and applicability in the context of
lane change assistance.

2.3

Lane Detection

Lanes give the primary regions of interest for this application, primarily because approaching vehicles are assumed to be on the lanes. Therefore, this is one of the primary
functional blocks in an LCDAS. Since lane detection is a common operation in many
ADAS applications like lane departure warning, collision avoidance etc., there is a lot
of literature on lane detection, which can be used for any of the ADAS applications.
LCDAS has some additional requirements too, which will be reviewed in this section.

2.3.1

Sensors for Lane Detection

A survey of the literature shows that lane detection is best performed using vision
sensors or cameras [41, 42] as compared to other active sensing technologies like radars,
lasers and lidars. According to [42], though radars are good for measuring distances of
objects like vehicles, they cannot be used to determine the lane in which the vehicles
are detected. According to [2], though active sensors perform well in certain situations
like rural areas, snow and rainy situation, vision sensors perform well in a wide variety
of situations. Active sensors can resolve road boundaries in rural areas but fail on
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multilane roads, where vision sensors are handy. Also, trajectory forecasting which is
needed for applications like lane change assistance [2], cannot be done with active sensors
alone. Another advantage of vision sensors, according to [2], is that vision sensors can
be used to determine accurate information without the need of additional infrastructure
like GPS, whereas radar systems would require GPS information for accurate sensing
of the scene around the vehicle. In some works [41], the use of radars is demonstrated
for lane detection, though it is concluded that the use of cameras is better and more
straight forward to detect lanes. For example, in [41], the feasibility of using radars to
estimate the course of the road is studied. It should be noted that the lanes are not
detected but the course of road is estimated using physical structures like road borders.
In [43], a ladar (laser radar) based lane detection is proposed but this also determines
the boundaries of the lanes and not the lane markings. In addition to these systems,
[44, 45] propose multi-sensor fusion methods for lane detection, wherein radars and
vision sensors are used to detect the lanes. In these multi-sensor systems, the main task
of lane detection is still accomplished primarily using the visual cues from cameras. The
radar sensor information is used as supporting information, primarily to detect the road
boundaries. Corporate organizations like Delphi and Continental have also indicated
the use of vision-based sensors as the primary sensing technology for lane detection and
tracking in [46] and [47]. According to the market research survey by Frost & Sullivan
in [9], CMOS based vision sensors are vital components in ADAS applications like lane
departure warning, lane change assistance etc., where lanes need to be detected. Based
on this survey, we now review vision-based lane detection techniques.

2.3.2

Vision-based Lane Detection Techniques

[2, 39, 40, 48–70] are few of the works reported in literature. However, there are still
open challenges in detecting lanes and lane markings. This can be inferred from the
fact that there are over 40 IEEE journals and 200+ conference papers published on this
topic in the last three years time. This is because of the varied environment of the road
scene that poses a huge challenge in robustly detecting the lane markings.
In [48], the lane detection methods are broadly classified into two classes. The first class
relates the detection of the lane region using the changing intensity distribution along
the region of a lane, whereas the second class considers directly the spatial detection
of lane characteristics. In the first class of methods, segmentation of the lane region is
proposed using homogeneity in features like color [71, 72] and texture [73]. In the second
class of lane detection methods, the lane is extracted by detecting the lane markings,
which bind the lanes. In order to do this, different lane characteristics are used to first
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robustly detect the lane markings and then define the lanes using the lane markings
[2, 48].
The first class of lane region detection methods include techniques proposed in [71–73].
In [71], lane detection is considered as a two-class classification problem where the R, G,
B values of lane pixel is used as a feature to classify lane from non-lane pixels. However,
color is not an effective feature for defining the lane pixels because of the variations in
the road scene due to various factors like cloud cover, tar color changes, atmospheric
conditions etc. [48]. Color based methods would involve additional computations to normalize the color information to adapt the color information to these varying conditions
[72]. Other techniques [73] employ texture as a feature to train classifiers and detect
lane regions. However, these techniques are primarily image segmentation methods and
could be an overkill in terms of computations, when structured roads with lane markings
are to be analyzed.
The second class of methods described in [48] cater to marked urban roads/highways
with painted lane markings. In most structured roads, either highways or urban roads,
lane markings are strong indicators on the road surface which can be used to detect the
lanes. This class is further divided into two kinds of approaches, based on the method
of describing the lane characteristics. These approaches are either feature-driven approaches or model-driven approaches. In feature-driven approaches, lane features are
extracted, localized and combined using meaningful characteristics. Model-driven approaches rely on the features of lanes (usually detected from feature-driven approaches)
and employ deformable templates and pre-defined models on the lane features to define
the lanes. According to [2], both these approaches are used together in most works to
robustly detect lanes in images. Model driven approaches require the features detected
by feature driven methods to conclusively fit a pre-defined lane model [2]. Some of the
recent techniques [2, 39, 40, 49–70], which fall in this category, will be reviewed now to
understand their applicability in an LCDAS.
Since feature driven approaches detect features like edge, color of lane markings etc. and
aggregate them to detect lane-like features, various kinds of image processing techniques
are used to detect the lane features. Some of these include edge detection [74], Hough
transform [75], morphological operations [74], different filters like Gabor filters [62],
steerable filters [2] etc. In [40, 50], Cheng et al. use color information of the lanes
and their motion to extract lanes. It was shown that lane detection takes atleast 0.7
seconds which does not suit real-time applications like lane change assistance. Similarly,
intensity along with the pixel orientation is used in [51] to detect the lane markings.
An intensity based technique is employed in [37] where two white lines are detected to
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confirm lanes. However, these methods are prone to mis-detections owing to variations
in the intensities in the road scene.
Various works have used lane edges and their grouping to detect the lanes [52, 63–66, 76].
For example, in [52], Wu et al propose a lane detection method using left and right
edge detection masks, which help in identifying possible candidates that satisfy straight
lanes. These candidates are confirmed as lane markings using a fan-scanning detection,
in which a series of conditions need to be satisfied. This method is dependent on the
correct identification of candidates using the proposed masks. If the candidates are
incorrectly identified, the actual lane markings are missed out during the fan-scanning
step of the algorithm.
Similarly, Hough transform is used in different ways in [63–66, 76] to group edges into
lanes. In [63], Saudi et al detect lanes using Randomized Hough Transform, which is
a variant of the linear Hough Transform that can be used to detect lines in an image
[74, 75]. The computation complexity of Hough transform is usually high but this has
not been addressed in [63]. In [66], a statistical Hough transform is presented to detect
lane markings on images that need to be warped using inverse perspective mapping
(IPM). This Hough transform method is applied directly on the image intensities and
not on the edge pixels. Though this reduces the dependency on robust edge detection,
the computational complexity increases as stated in [66]. According to [66], this method
is computationally effective if it is used along with a lane tracking algorithm. Hardware
centric optimized lane detection methods using Hough transform are presented in [64,
65]. A hardware implementation of Hough transform based lane detection is presented
in [64]. In [65], a small set of line candidates is considered on which Hough transform is
computed, thereby reducing the memory requirement to store the accumulation space
of the Hough transform. This is done by detecting ridge features in the image which are
pointing towards a previously detected vanishing point. Therefore, if the lane markings
are faint or if the vanishing point is not correctly detected in the previous frame, there
could be errors in the lane detection process.
In some other methods, the road scene is divided into two parts - near view and far
view. Lanes in near view regions are assumed to be straight, whereas the lane markings
can be either straight or curving in far view [52, 76]. In such methods, a combination
of feature based approaches and model based approaches is used to detect the lane.
For example, Gabor filters are used in [62] to detect the road markings in near view
of the camera and road models are then applied to detect the lanes in the far view of
the image. A steerable filter based lane detection method is proposed in [2] where three
separable Gaussian based steerable filters are used to detect the lanes. A maximizing
function is proposed using the steerable filters which helps to select the lane features.
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This method is applied directly on the image intensities, and involves setting specific
sized kernels that are maximized in specific angular directions. As stated in [2], this
method was applied to get lane positions with known approximate angular positions of
the lanes. Computationally, this method involves multiple kernel based operations and
post processing steps including thresholding which could be image dependent. Another
near lane and far lane detection model is presented in [76] with cameras fixed on rearview mirrors for lane change assistance. Edge detection and average image intensities
are used to detect lane markings in [76].
There is another set of feature-based lane detection methods that use machine learning
techniques and inverse perspective mapping to detect lane features. A robust lane
detection and tracking method for challenging road scenarios is proposed in [39]. A
machine learning approach on image segments obtained from the inverse perspective
mapping (IPM)[54] of the input image was employed to detect the lanes. An cascaded
artificial neural network (ANN) was used to identify possible lane markings in the image
followed by RANSAC for outlier removal. In addition to these, a line grouping approach
is used to narrow down on lane markings. Considering the number of operations that
are performed to detect lane markings, this method can be computationally complex.
According to [39], the cascaded network to detect lane markings itself takes nearly 25ms
in complex cases. The accuracy was reported to be around 80%. Borkar et al. in their
recent work in [53] present another IPM and RANSAC based lane detection method.
This method is primarily proposed for night images and involves an IPM followed by
operations like adaptive thresholding for binarization, Hough transform computation and
template matching to identify lane markings. These are then sent to RANSAC for outlier
removal. This method operates at 0.8 seconds per frame on MATLAB simulations and
an accuracy of 87% to 98% is achieved. The effectiveness of this method relies heavily on
the detection of the lane markings. If they are not detected properly in the first step, the
other steps in the method will fail to extract any lane markings. In [58](2012), Gopalan
et al. propose another learning-based approach to detect lane markings, which does not
require predefined road model. They employ an outlier boosting classifier algorithm to
achieve a performance of 15 frames per second on 4GHz processor. This method involves
various Haar-like classifiers [77] that are applied on road scenes to detect lane markings,
resulting in high computational complexity. A RANSAC based method is implemented
in [59](2011), in which image binarization is performed and the the binarized image is
subjected to RANSAC, which fits a road model on the binarized pixels.
In addition to the above, there have been various other attempts to detect lanes effectively using model-based approaches [48]. Employing deformable templates is a commonly used method to detect and extract lanes [78]. Mathematical models are defined
to describe different curvatures of lanes and when a lane is detected, the shape of the

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

16

16

detected lane is made to fit/match with the deformable model. These templates include
equations of lines (for straight roads) or second-order quadratic equations or parabolas for curved roads. [2] lists the different models that are usually used to fit the lane
marking signatures to determine lanes in an image. A comprehensive summary of lane
detection methods that were published before 2004 are listed in [2]. The lane features
and the models used for each of the lane detection methods are summarized in [2]. Stereo
vision based techniques are also proposed for lane detection [54, 60]. In such methods
the stereo vision concepts are used to remove outliers.

2.3.3

Multi-lane Detection

A review of the existing lane detection methods also shows that a large majority of the
work is done for single lane scenario, which is ideal for applications like lane departure
warning and lane keeping. However, in an LCDAS, detecting the host lane is not sufficient. The adjacent lanes are also needed in an LCDAS. A few works like [2, 52, 58, 67–
70] address multiple lane detection. For instance, Hough transform and IPM are used
to detect multiple lanes in [67] but this work does not address the robustness issue in
detecting the lanes from Hough transform computation. A accumulator voting scheme
called the parametric transform for multi-lane detection is proposed in [68]. However
the technique is more suitable for autonomous vehicles as the method also integrates
control systems to determine the parameters for multi-lane detection. [69] also employs
Hough transform and IPM to detect multiple lanes and rely on strong edge candidates of
lanes for accuracy. In real road scenes, where the conditions are variable, the accuracy
of this method can be greatly affected, which is also the conclusion in [69]. Moreover,
this method takes 48ms on an Intel Core Duo processor to process each frame. A more
recent work on multi-lane detection is presented in [70], wherein a multi-object Bayes
filtering method is used to detect multiple lanes. A series of kernel based operations
are first used to detect lane markings, which are then sent to a multi-object Bayes filter
and an adapted k-means algorithm, which remove the outliers. This method shows an
effective detection rate of 89.7% and fails in cases where the lane markings are poorly
visible. It fails differentiating guard rails, bike paths etc. from actual lane markings.
In addition to detecting lanes, tracking of lanes is also performed to increase the robustness [2]. In this step, tracking algorithms are used to predict the lane position using
the history information of previously detected lane markings [2, 30]. This prediction
value is used in two ways. Firstly, the predicted value is used to predict the possible
position of lanes in the current frame. This reduces the computation cost. Next, the
predicted value is used to verify the measured lane position in the current frame. This
improves the robustness. Two commonly used filtering algorithms are Kalman filtering
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and particle filtering. Kalman filtering or its variants are used in [2, 30] for tracking
lanes. The complexity of Kalman tracking in [2, 30] depends on the overall functionality of the system and the different control parameters of the system. For example in
[2, 30], the vehicle controls like steering angle and the yaw rate, the lane curvature and
acceleration are used as control parameters for prediction using Kalman filters. These
control parameters are also simple constants like those used in [67], in which case, the
computation complexity is reduced. Similarly, particle filters are used in [66] for lane
tracking.

2.3.4

Hough Transform for Lane Detection

The Hough transform (HT) is commonly used in computer vision applications to detect
both regular and irregular shapes [74]. As shown in the previous sub-sections, linear
Hough transform is commonly used for lane detection. The linear HT transforms an
edge point at image coordinate (x, y) in the edge map into a sinusoidal curve in the
Hough space indexed by ρ − θ using the following equation [75]:
ρ = x cosθ + y sinθ,

(2.1)

where ρ is the length of the perpendicular of a line passing through (x, y) and subtending
an angle θ with the x-axis.
The HT computation using (2.1) involves trigonometric functions and these computations pose a bottleneck for high-speed implementation of the HT. A number of hardware
architectures for the computation of HT have been proposed in [79–93]. In [79–82],
CORDIC, a hardware efficient trigonometric engine [94], is used to compute the HT
as its outputs can be directly mapped to the HT equation in (2.1). As the edge map
is read serially, the HT is computed for every edge pixel using iterative, pipelined and
high-radix CORDIC engines in [80], [82], and [81] respectively.
Another approach to compute the HT has been to replace multiplications with serial
addition of a constant as shown in [83, 84, 92], which reduces the hardware complexity.
The serial addition architecture in [83] adds cosθ and sinθ as x and y coordinates
increase. In [84], distributed arithmetic (DA) [95] is used to add precomputed cosθ,
sinθ and cosθ + sinθ serially as the bits of x and y coordinates are read for every edge
pixel. In [92], a constant offset is added to the HT for θ = 0 to determine the HT for
subsequent angles in the Hough space.
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[89, 91] describe systolic array architectures for HT computation. While [89] employs
a scan line processor based systolic implementation using two-dimensional routing networks, [91] describes a systolic array architecture that uses the slope-intercept method
[96] to compute the HT. Another method to reduce computations is using the gradient
based O’ Gorman’s HT [97], wherein the HT is computed only for the gradient angle
at that point and not all the angles in the Hough space. [93] implements a hybrid
architecture for gradient based and conventional HT computation.
Most existing HT computation methods are not parallelized to compute the HT of several pixels simultaneously because they are constrained by serial reading of the edge map
itself. The parallel implementations either parallelize the angle space but not the pixel
coordinates, or employ extensive mesh arrays and pyramidal processors. Parallelism
has also been explored for HT computation in [81, 83, 85–88, 98]. The architectures in
[81, 83, 98] divide the Hough space into different angle spaces and compute the HT of
an edge pixel coordinate for all these angle spaces in parallel. This parallelism however
still requires the edge map to be read serially in a raster scan fashion. [88] illustrates a
parallel multiresolution HT computation method, which has pyramidal parallel processors that compute the HT for different resolutions of the input image. [85–87] illustrate
reconfigurable mesh array based parallel engines which usually have high hardware complexity.

2.4

Vehicle Detection

While lanes form the regions of interest, vehicles are the objects of interest in a lane
change assistance system. Detecting vehicles in the road scene and estimating their
distances from the host vehicle is usually the next critical step in an LCDAS. In order
to do this, different techniques are employed based on the kind of requirements and
also on the type of sensors used. Unlike lane detection operation, which usually can
be performed on images using vision-based sensors only, vehicle detection can be done
using various kinds of sensors like radars [99–101], vision sensors [78, 102–120] and
lidars [121–126]. Some works like [121, 123, 126–128] present multi-modal approaches
to detect vehicles using multiple sensor technologies like vision and radar or vision and
lidars [127–131].

2.4.1

Vehicle Detection using Active Sensors

Unlike lane detection, active sensors like radars are extensively used for vehicle detection. Active sensors detect the vehicles and give physical quantities like distance and
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speed directly, without using any additional computation resources [78]. This is because electromagnetic waves like radio waves are used to detect the presence of physical
obstructions like vehicles. In fact, the most common sensor technology used in ADAS
applications like lane keeping, collision avoidance, adaptive cruise control is using active
sensors [132] such as radar-based systems in [99, 100, 128–130, 133], laser-based systems
in [121–123, 134, 135], and acoustic-based systems in [136]. Automotive companies offering lane change assistance solutions use radars as the primary sensing technology (see
Section 2.9.2). The ease of detecting vehicles using active sensors is however overshadowed by various factors like cost of sensors, ease of installation, interference issues etc.
These factors are hence being questioned by automotive manufacturers for deploying
active sensors in low-cost ADAS applications.
In [78], Sun et al compare the different kinds of sensors for the purpose of vehicle
detection. They show that though active sensors are widely used for vehicle detection
(e.g. [99–101] etc.), there are also physical and computational challenges in using such
sensors. Firstly, most active sensors are expensive. Next, the silicon area cost of active
sensors is major concern, which also adds to the cost of the sensor [137]. Active sensors
in general have low spatial resolution and slow scanning speed. Active sensors like radars
also suffer from interference issues, especially in road scenes where there are multiple
vehicles [2, 42].
Though active sensors detect the presence of an obstruction easily in varied weather
conditions [2, 78], the research community is questioning the data specificity issue that
arises in using active sensors. This is explained in [101], where vehicles are being tracked
using radars. Gunnarsson et al. in [101] quote data association as a significant difficulty
in radar-based systems, i.e. the task of handling uncertainty regarding the origin of the
detections is a major concern. This leads to association hypotheses which need to be
generated to identify the correct sensor output. In an application like lane change assistance, with multiple vehicles in the same scene, the number of association hypotheses
can be significantly huge. Therefore, additional computation models need to formulated
to extract the correct sensor outputs and remove the duplicate and irrelevant data. This
issue is also discussed in [99] wherein techniques are proposed to determine the centroid
of the vehicle because of multiple radar detections of the same vehicle.
The effect of range and field of view of radars on vehicle detection is discussed in [38, 46].
There are two kinds of radars, long range and short range. While short range radars
have wider field of view (FOV), their longitudinal distance is limited and the case is vice
versa with long range radars. In LCA system proposed in [138], both kinds of radars are
employed to cover as much FOV as possible. However, using multiple radars not only
increases the cost of the system, it also introduces the data association and clustering
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problem as discussed above [101], which would require additional computational models
to resolve the correct radar data.
Considering all these factors and the recent developments in the field of vision sensors,
it is widely accepted that the future lies in vision-based integrated ADAS [9, 19, 38, 46,
137]. Various organizations are considering the feasibility of vision sensors for different
driver assistance applications. For example, one of the objective of Information and
Communication Technologies (IST) 6th Framework Program by the European Union is
to demonstrate the feasibility of alternative sensor technologies like cameras for collision
avoidance systems [137]. Though vehicles employing active sensors like radar are currently commercially available [36], there has been an increasing trend towards having
passive sensors like optical sensors or cameras, as a complimentary or sometimes an
alternative solution to active sensors. Multi-modal sensing of vehicles using multiple
sensor technologies like radars and vision sensors is also being explored [127–131]. This
is because cameras give additional capability of vision to these systems, which brings us
to the next section, where we review the emerging use of passive sensors like cameras
for vehicle detection.

2.4.2

Vehicle Detection using Vision Sensors

In the previous subsection, we showed the applicability of active sensors for vehicle
detection. We discussed their advantages and disadvantages. According to market
surveys and literature survey on vehicle detection, passive sensors like vision sensors
are increasingly being used in ADAS applications for vehicle detection [2, 9, 30, 36, 47,
78, 101, 137, 139]. One of the main reasons why passive sensors are more attractive
than active sensors is the low cost of these sensors like cameras [38, 78, 137]. Recent
advances in semiconductor technologies and decreasing feature size of CMOS transistors
has made vision-based sensors or cameras a cost efficient sensor technology option for
low cost and efficient embedded systems. Reduced costs and miniaturization of cameras
is also enabling 360◦ surround vehicle sensing using multiple cameras [30].
Unlike active sensors, additional computations are required to extract vehicle signatures
when vision sensors are used to detect vehicles [78]. However, the data collected from
cameras does not lead to data association and interference issues faced by active sensors
[101]. Images from cameras give a complete picture of the scene as seen by the driver.
Therefore the objects in the scene can be more deterministically found in images as compared to radar based sensing where data specificity is a common issue [101]. Moreover,
cameras can provide data like the number of target vehicles and the type of vehicles.
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A lot of research [78, 102–120] has been done because vehicles are the main targets in
all automatic driver assistance systems. Vehicle detection also forms the key step in
lane change assistance. In LCA systems, vehicle detection is done by on-board cameras.
This section surveys vehicle detection techniques employed by on-board cameras, i.e.
other methods like detecting vehicles from aerial images or from traffic signals and car
parking lots are not covered in this section.
A detailed survey of on-road vehicle detection is presented in Sun et al’s survey paper on
vehicle detection [78]. Majority of the vehicle detection techniques follow two main steps.
The first step is called hypothesis generation (HG) and the second is called hypothesis
verification (HV). As indicated by the names, the hypothesis generation step locates the
possible vehicles in an image. These locations are then sent for verification in the second
step. The various vehicle detection methods will be reviewed based on this classification.

2.4.2.1

Hypothesis Generation

In order to locate possible vehicle signatures during hypothesis generation phase, three
kinds of methods are used. The first kind are called knowledge based methods, wherein
the knowledge of the vehicle features is used to hypothesize the vehicle signature. These
known parameters are symmetry [104, 105, 140, 141] of vehicles, color [106, 107], shadow
[108, 142–146], corners and edges [109–113, 141], texture [114, 115] and headlights [147,
148]. Symmetry based methods like [108, 140, 142] depend on the symmetric views of
the vehicles. In [140], HOG-like features [149] are used to detect the symmetry of the
vehicles. Techniques in [104, 105] use the symmetry measure arising from the intensity
of vehicles. According to [78], the presence of homogeneous areas is critical in computing
the symmetry measure from intensity. Therefore, these methods are sensitive to noise.
In methods like [105, 140], the symmetry measure is further used as a descriptor in a
learning algorithm to verify the vehicle signature and reduce false negatives. However,
in these methods, the whole image is scanned using a bounding box to locate the vehicle
descriptors. A more recent symmetry based method is described in [141] wherein edge
symmetry, instead of intensity symmetry, is used to detect the vehicle signatures.
Color is another cue that is used for detecting vehicles [106, 107, 150]. These methods
rely on color information to differentiate between vehicle and the road color. Some of
these methods like [150] detect headlights using color information to detect vehicles.
Such techniques are computationally simple and effective in detecting vehicles in the
night. However, detecting headlights during daytime is a more challenging task using
color information. Techniques proposed in [106, 107] transform the color spaces into
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higher dimensional spaces and classify whether a pixel is a vehicle pixel or a road color
pixel. This information is also fed into a learning network for further confirmation.
Shadows of vehicles provide useful clues for their detection [108, 111, 143–146, 151].
It was found that the under-vehicle shadow is distinctly darker than the other road
areas surrounding the vehicle. This property is used in [108, 111, 143–145, 151] as a
cue to locate a possible vehicle in the road scene. However, the main challenge in these
techniques is identifying the shadow because the intensity of the shadow is dynamic. The
intensity of the shadow depends on the illumination of the image, which in turn depends
on weather conditions. It also depends on the local surroundings of the vehicle. There
is no systematic way to choose appropriate threshold [78] and therefore, the thresholds
cannot be fixed. In [111, 151], an adaptive technique is presented to set the binarization
threshold for shadow detection using the distribution of road pixel intensity values. Free
road surface, i.e. road surface without any vehicles was first segmented using techniques
like edge detection and entropy, and then the distribution of the road pixel intensities
is modeled as a Gaussian curve. The binarization threshold was set based on the mean
and standard deviation of the distribution of the road pixel intensities. Though this
method effectively hypothesizes the vehicles in the road scene, the challenge is to detect
the free road surface. If the road surface is detected incorrectly, the threshold may be set
incorrectly leading to false detections. In addition, the local variations of the image scene
are not considered in this method. In [143], vehicle shadows are used to detect vehicles
where the shadows are detected using edge detection. Since the shadow is darker than
the road surface, it will create an edge. However, the threshold for edge detection is set
based on pre-determined value in [143], which is not adaptive to the varying illumination
conditions of the road scene. Similarly, a vertical bottom-up vertical scanning method
for under-vehicle shadow is described in [144]. This method also depends on fixed
thresholds to determine the intensity change of under-vehicle shadows. Another such predetermined threshold based under-vehicle shadow detection method is proposed in [145,
146, 152]. In [152], a preceding vehicle tracking and detection system, which includes
road area finding, vehicle footprint extraction, and vehicle bounding box extraction, is
proposed using vehicle shadow and symmetry. This method detects the footprint of the
vehicle inside the road area to avoid the false detection of delineators.
Edge information is another commonly used feature to detect vehicles. Vehicles invariably have strong edges and techniques proposed in [109, 110, 113, 141] take advantage
of these edges to locate vehicles in an image. The strength of edges, presence of vertical
and horizontal edges in specific positions, projection of edge pixels, symmetry of edges,
oriented edges etc. are some of the ways in which the edges of vehicles are used to
locate the vehicles. For example, vertical profile of edge maps is created to locate the
left and right bounds of vehicles in [109]. Similarly the orientation of edges is used in
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[110] to deterministically locate vehicles. However, the main challenge with edge based
methods is that the noise in the image scene can also create strong edges. For example
shadows create strong edges and therefore vehicle edges must be sieved out of the noisy
edges created by the shadows. Edge projection based methods like [109] are affected by
such noise leading to false positives. In [113], Betke et al propose an edge based vehicle
detection method in which vertical and horizontal profiles of vehicle edges are used to
generate vertical and horizontal vectors. These vectors are used along with the aspect
ratio of the vehicles to detect vehicles. This method however is dependent on too many
pre-determined values. [141] combines symmetry and vehicle edges as a way to detect
vehicles.
Other knowledge based methods include [114, 115] which employ texture patterns as
priori knowledge to detect vehicles. Entropy measures, co-occurrence matrices etc. are
used in this regard to quantify the texture of vehicles. Gabor filters are used in [153–155]
to detect vehicles using the directional properties of Gabor filters. In these methods,
Gabor filters are applied on input images to generate feature vectors, which are then
classified using classifiers like SVM etc. Another knowledge based method is described in
[156] which used edge histograms. Vehicle headlight detection [147, 148] is also classified
as knowledge based method for hypothesis generation because headlights are a known
information about vehicles. These methods are particularly useful during night time
when headlights are prominently visible and other features like edges, texture etc. are
not so evident.
The next kind of HG methods is called stereo-based methods [78]. In these methods,
stereo vision is used to locate vehicles. Vehicles are distinctly above the road surface
and hence they will have depth information as compared to other features on the road
surface like shadows etc. Therefore, disparity maps and inverse perspective mapping of
the images can help to locate objects that are not on the same height as the road surface.
Some of these techniques include [103] which employ IPM to locate vehicles. However,
these techniques involve the more complicated setup of stereo cameras as compared to
monocular cameras.
The third kind of HG methods is called motion-based methods. In these methods [29],
optical flow based techniques are used to locate moving objects on road surfaces. The
optical flow of gray level intensities is monitored to located vehicles. Computationally
these methods are more complex than the first two kinds of HG methods.
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Hypothesis Verification (HV)

This is the verification step to confirm the presence of a vehicle in the locations hypothesized in the HG step. Therefore the input to this step is either the location from the
HG step or a region of the image as identified by the HG step. In order to perform
this verification, two kinds of methods are usually seen in literature [78]. They are
template-based methods and appearance based methods. Template-based methods rely
on pre-defined patterns or models for vehicles, whereas appearance-based methods often
use machine learning algorithms to classify the vehicles from non-vehicles.
A survey of template-based HV methods shows that specific patterns of edges [116],
edge distributions, symmetry of edges [141] etc. are used to verify the presence of
a vehicle. In [116], edge patterns of the vehicle are used to perform HV. This method
looks for specific edge transitions combined with on-board radar information to conclude
the presence of vehicles. In [117], two separate generic 2D models for the appearance
of obstacles (vehicles) are applied to detect vehicles in near-view and far-view. These
models were based on edge symmetry and corner points. Although this method proved
successful, the challenge is in the selection of the model when the distances are unknown,
which are provided by other sensors like radars. In a more recent work in [141], edge
symmetry is used in HV step to confirm the presence of the vehicle. This method
relies on horizontal scanning of the edge map and a symmetry measure is computed
using the edge pixels on every scan line. Local variations in the vehicle edges can
directly affect the detection accuracy in this method. Some of these methods also use
vehicle components to detect vehicles. For example, license plates and rear windows
are detected and their presence is used to narrow down on the vehicle position in [112].
Another commonly used signature is the presence of a U shape to detect the vehicles
[111]. Though the template based methods are computationally less complex than the
next kind of HV methods (appearance based methods), the robustness of template-based
methods depends on the features being correctly detected in specific patterns. In order
to improve the accuracy of the vehicle detection process, appearance based HV methods
are proposed. In [157], a vision-based preceding vehicle recognition method is proposed,
which has the capability of recognizing a wide selection of vehicles. A multiclustered
modified quadratic discriminant function (MC-MQDF) is proposed which is capable of
estimating the complex distribution from different possible appearances for preceding
vehicles. Though this method gives a good detection rate of over 95% and real-time
computation times, these results are only for the hypothesis verification step. The
efficiency of this method will be affected if the hypotheses are incorrectly generated.
There are a number of appearance based HV methods. Considering that vehicle detection is a two-class problem, appearance based methods learn the characteristics of a
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vehicle from a set of samples that have vehicles and non-vehicles. Classifiers like support
vector machines (SVMs), Bayesian networks, linear regression, neural networks etc. are
used to verify vehicle signatures. SVMs are used as classifiers in many HV methods
[154, 158, 159]. In [154], Gabor filters are used to describe the vehicle features, which
are then sent to SVM to verify the presence of a vehicle. PCA-based methods are used
in [109, 119] to detect global features of the vehicles, which are then sent to classifiers
like neural networks [119] or local orientation coding (LOC). These global features are
extracted from input datasets and the accuracy of these methods depends on the exhaustive nature of the datasets [78]. In [140], Bayesian decision networks are used for
HV, wherein HOG-like features [149] are used to define the vehicle signatures. The challenges in these methods are defining the appropriate descriptors for the vehicles that
give maximum inter-class separability, identifying the appropriate classifier and defining
optimal decision boundaries so that there are minimum false positives and negatives.
Accuracy of these methods also depends on the classifier training dataset, i.e. the more
exhaustive the training dataset, the better is the classification accuracy. Also, in these
methods, the computation costs can escalate because a sliding window is usually used to
capture the vehicle signature in an image. Depending on the scales of the vehicles that
are being detected, the number of such sliding windows can also increase. The sizes and
the number of these sliding windows also play a role in the accuracy of these methods.
In summary it can be seen that vision sensors are either replacing radar sensors or
being used as a complementary technology to radars in multi-modal systems to detect
vehicles [78]. Knowledge based methods for hypothesis generation using features like
edges, corners, shadows etc. are the most commonly used techniques. This is because
of low computation complexity. However, robustness and adaptability to the varying
road scene are two main challenges. The thresholding in most of these methods is predetermined and not adaptive to varying road scenes leading to mis-detections. Therefore,
a strong hypothesis verification (HV) step is often used on the candidates obtained from
HG step. Appearance based HV methods that involve classifiers like SVM etc. give
robust results in complex scenarios but their computational cost is considered to be
high [78]. On the other hand, the second kind of HV methods, i.e. template based
methods, involving edge symmetries, edge patterns, intensity patterns and symmetries
are computationally more attractive than appearance based methods but robustness
is still a challenge. Computational constraints on these techniques are critical for onboard vehicle detection [78], which is necessary in applications like LCDAS. Another
important observation from this review is that majority of the work on camera based
vehicle detection is limited to cars and 4 or more wheeler automobiles. There is limited
research [160–164] on vision based motorcycle detection. In the context of lane change
assistance, motorcycles are important objects of interest. Of the few references on
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motorcycle detection, Wei et al in [160, 162] propose techniques that are suitable for
motorcycle detection using on-board cameras, which is of interest in LCDAS. In [160,
162], Wei et al detect vehicles using SVM classifiers after a preprocessing stage that gives
possible motorcycle candidates. A detection rate of nearly 90% is reported in [160, 162].
In [161], license plate are detected first and motorcycles are inferred from the properties
of license plate, which is a convoluted way of detecting motorcycles. Also, this method is
proposed for overhead traffic surveillance cameras. Similar motorcycle detection method
is proposed in [164]. In [163], techniques are proposed using background subtraction and
hence not suitable for on-board cameras where background keeps changing. Therefore,
detecting motorcycles is another major challenge in vehicle detection operation of an
LCDAS.

2.5

Estimating Vehicle Proximity

In an LCDAS, estimating the proximities and speeds of the approaching vehicles relative
to the host vehicle is the next step after detecting the presence of vehicles in the regions of
interest (lanes). In the previous section, we discussed how active sensors like radars can
detect and estimate the distance of the vehicles at the same time due to the nature of the
technology itself. Though active sensors give these quantities directly, it was explained
earlier that there are challenges that these sensors face in accurately estimating the
distances of vehicles. These challenges arise because of multiple data associations due
to the inherent properties of the radars [101]. Another issue with distance estimation
using active sensors is that they cannot determine the accurate distance of the vehicles
on curved lanes [78]. It was also shown in Section 2.4 that passive sensors like cameras
are increasingly being used as either an alterante sensing technology or complimenting
the active sensors in multi-modal fashion [2]. However, distance estimation using vision
sensors has its own set of challenges and techniques are proposed in [165–167] etc. to
estimate vehicle proximity using vision sensors.
Stereo-vision is one of the commonly used methods to determine the vehicle proximity.
Given the camera calibration parameters, the disparity maps and inverse perspective
mapping of images from stereo cameras can be directly used to infer the distance of
the vehicle [78, 103]. However, stereo-vision based methods are computationally more
expensive as compared to monocular cameras. Therefore, techniques have been proposed to estimate the vehicle distance using monocular cameras. But this needs more
work than stereo-vision based distance estimation. Most of the monocular camera-based
methods depend on a known property of the road scene or the camera calibration parameters to extract the depth information from a 2D image plane. [165–170] describe
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different approaches to vehicle distance estimation using monocular cameras. A distance measure formula is also proposed in [152] which computes the distance to the
preceding vehicle using a camera calibration and vanishing point detection process. The
distance measure is dependent on the correct detection of the vanishing point. Another
method using a ranging monocular camera model is proposed in [165] to estimate the
distance of the vehicle. It depends on the initial calibration of the camera, its angular
and spatial positions in the vehicle. Similarly, another camera calibration based method
is presented in [167]. Tsai et al. in [166] propose a distance estimation of vehicles in
night time, by determining the distance between the two headlights, which is assumed
as a constant value. This method however depends on accurate detection of headlights.
[168] describes a vehicle proximity estimation method based on the license plate of the
vehicle. The size of the license plate is used as a constant and its size in the image plane
is used to determine the proportionality constants for estimating the distance of the
vehicle. This methods relies completely on the accurate detection and chopping of the
license plate signature. The height and width of a detected vehicle is used to determine
the distance of a vehicle in [169]. The accuracy of this method depends directly on two
variable factors, i.e. height and width of the vehicle, which are extracted from the live
image scene. Therefore the scope for error is high.
Based on the review of these methods, it is observed that most of these techniques
depend either on the height of the camera position or fixed objects like license plates,
headlights etc. or on multiple variable factors like the height and width of the target
vehicle. Also, in all these methods based on monocular cameras, the detection of the
target vehicle and its features, i.e. size, height and width, is the most critical operation
in determining the distance of the target vehicle accurately.

2.6

Blind-spot Monitoring

According to the ISO standards [36], one of the functional requirements of a lane change
assistant is monitoring the blind spots of the host vehicle for any approaching vehicles.
In fact, most works on lane change assistance until recently focused only on blind spot
monitoring [36]. Some existing techniques, especially related to vehicle detection, are
proposed primarily for blind spot monitoring. Some of these were discussed in the
related sections previously. Here, we present some recent works that propose blind spot
monitoring systems. [38, 171–175] are some techniques for monitoring blind spots using
sensor data from vision sensors and radars. [36] also lists some commercial systems that
are currently available in the market which perform blind spot monitoring. In most
of the existing blind-spot monitoring methods, the sensors are installed under the side
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mirrors and these sensors monitor the blind spots of the vehicle continuously. Some the
recent blind spot monitoring methods are reviewed in this section.
[36] describes radar-based blind-spot monitoring systems that are commerically available
in the market. Most of these systems use 24 GHz radars that are fixed on the side
mirrors of the vehicles and pointed towards the blind-spot zones. These radars detect
approaching vehicles in blind-spot areas and alert the driver during unsafe lane changes.
However, both commercial entities [36] and academic groups [38] are exploring vision
sensors as possible sensing technolgies for blind spot monitoring. In [38], a vision-based
blind-spot monitoring system is proposed that uses part-based features to detect and
track vehicles moving the blind-spot areas of the vehicle. Different parts of the vehicle,
when viewed in the side-view angle are detected and associated with each other to
detect the presence of a vehicle in blind spots. Thereafter, these part-based features
are continuously tracked. The proposed method shows a detection time of nearly 2
seconds per frame, which is not suitable for applications like LCDAS. Another visionbased blind spot monitoring system is proposed in [171] wherein a warping of the input
image obtained from side-view cameras is performed to get a warped image of the front
view of the vehicle in blind spot area. The count of the vehicle edges is then used as
a descriptor for an SVM network to identify the presence of vehicles in the blind spot
area. Similar approaches are used in other works where specific features of a vehicle in
the blind spot area are used to detect the presence of a vehicle in blind spots and these
features are tracked. In [172], different features are used for different timings of the day,
i.e. vehicle shadows are used for day time and presence of headlights is used for night
time vehicle detection in the blind spot areas. Techniques in [38, 171, 172] rely on the
models of the vehicles and hence there could be mis-detections in these cases. A motion
based method for object detection is proposed in [173] which track the vehicle motion
and thereby differentiate the vehicle from other surroundings. In all these methods,
there is an additional cost that is involved in installing the sensor systems pointing at
the blind spot areas of the vehicle. The techniques involved in blind spot detection are
similar to those used for vehicle detection and tracking. However, these systems do not
give the complete functionality of an LCDAS.

2.7

Driver Intention Detection

Driver intention detection is another operation, that is drawing attention of some research groups. As part of driver intention analysis, techniques are proposed in [176–182]
to detect the intention of driver to change lanes. This intention is detected by analyzing
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the various movements of the driver and the vehicle control parameters. We briefly survey some of the techniques used to detect driver intention. Some of the existing methods
such as [176] use the vehicle controls to determine the driver intention. Depending on the
vehicle model parameters like steering angle, axle distance etc., a Bayesian network is
proposed that learns the state of the vehicle and predicts if the vehicle is moving towards
a lane change. Similarly, in [181], a Hidden Markov Model (HMM) is used to identify
driver’s intention to change lanes using vehicle control parameters like steering angle,
steering angle velocity, car velocity, car acceleration, yaw rate and pedal positions. In
[179], Doshi et al. propose a computer vision based technique to understand the driver’s
visual search patterns and the effect of external stimulus on these patterns. These are
then extended to understand if driver intentions to change lanes can be detected. In
[182], Morris et al. provide a detailed analysis and review of some recent techniques in
driver intention detection for lane change assistance. They also propose a holistic intent
detection framework which uses vehicle dynamics data along with data from multiple
sensors like radars and cameras, to detect the intention of the driver. Detailed on-road
tests were also conducted to determine how early the proposed system can actually
detect the lane change intent of a driver.
This particular functional block is not a functional requirement in a lane change assistant
but an early indication of the driver intention to lane change certainly adds to the safety
quotient of a driver assistance system.

2.8

Situation Assessment for Lane Change Decision Making

Situation assessment in an LCDAS refers to the analysis of the surrounding objects (vehicles) of the host vehicle to determine whether a lane change is safe. The information
about vehicle positions, speeds and lane positions are used to assess the situation. Research in deriving lane change maneuver decisions is rare [183]. There exist only a few
works which give a quantifiable risk assessment for lane change assistance. [138, 184–189]
propose some safety and alarm measures to aid in taking a decision to change lanes. In
[188], the situation assessment is performed by finding the lead and lag distances between
leading (vehicle in front of host vehicle) and lagging (vehicle in the rear of host vehicle)
vehicles. These distances must satisfy a minimum reference distance criteria to conclude
that it is safe to change lanes. This is a simplified model based on only the distances
of the approaching vehicles. Similarly in [189], a safety criteria is proposed based the
distances, acceleration and velocities of the host vehicle and the surrounding vehicles.
This method was tested on a simulation data only assuming that the different velocities,
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accelerations and distances are available. However, in a real scenario, this is not usually
the case, wherein all the different states of all vehicles are accurately available. In [29],
a lane change decision aid is proposed which continuously monitors the approaching
overtaking vehicle. The optical flow based state vectors of the approaching vehicle are
used to warn the host vehicle if a lane change is safe. This method does not consider the
states of the vehicles in front of the host vehicle for lane change decision, which has been
identified as a challenge in [29]. In [190], a general criticality criterion for risk assessment
is presented and applied to lane change maneuvers. According to [190], “no interpretable
and easily understandable combination of the criterion is known” for LCDAS. They propose a criteria based on the relative distance and time to crossing (TTC) but this is still
a simplified model looking at the blind spots and approaching vehicles only. Schubert
et al. have proposed a more sophisticated Bayesian network based situation assessment
model in [30, 138, 183, 187]. Given the various vehicle parameters like distances and
velocities, which they obtain from vision and radar sensors, a Bayesian probability tree
is proposed to determine the probability of safe lane change. Lane positions, target
vehicle positions, target vehicle speeds, the host vehicle state parameters are combined
in different ways to design the Bayesian probability tree. Depending on Baye’s rule, the
probability measures are applied for various conditions that must be satisfied to determine if the lane change is safe or unsafe. The Bayesian network provides a probability
score for three states, i.e. keeplane, lanechangeleft and lanechangeright. Depending on
the probability score to each of these states, a safety measure S is recommended. In
addition to the Bayesian network, Schubert et al. also propose some metrics in [187] to
measure the vehicle parameters for lane change assistance. These include deceleration
to safety time (DST) and normalized lateral position (NLP).
Other lane change decision making methods are presented in [34, 191]. In [34], different
lateral support systems with a special emphasis on sensor technologies, detection and
safety assessment algorithms are reviewed. However, no practical implementations of
systems for lane change assistance are reported. One of the few reported implementations of an LCA is described in [191] as part of the European Integrated Project
PREVENT. There are other LCDAS decision methods [145] where the decision is made
based on a fixed distance model. In other words a fixed distance on the image is marked
and if a vehicle is detected in that marked area, a safety decision is triggered. It can be
seen that these methods do not assess the risk based on the actual dynamic scene. For
example, in [145], a pre-determined region in blind spot areas and rear of the vehicle is
continuously monitored for any vehicle signature. If a vehicle is detected in a dangerous
area, the driver is alarmed of an approaching vehicle.
Some works [192–194] propose the actual maneuver path that would be required for a
safe lane change, given the situation assessment based on the various objects (vehicles)
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in the scene. Some of these techniques are primarily meant for automated intelligent
driverless vehicles and are not designed for driver assistance. Also, according to the
functional requirements of the ISO standards on LCDAS (Section 2.1.1), the primary
objective of an LCDAS is to aid the driver in letting him know about the surroundings.
Therefore, the actual maneuvering of the vehicle is an optional functionality in LCDAS.

2.9

Existing Lane Change Decision Aid Systems

A detailed review of the existing work on the different components of an LCDAS was
presented in the above sections. It is to be noted that the most of the above techniques are independent works, which could be used for different ADAS applications. For
example, lane detection techniques are proposed in [39, 40] etc., which could be used
for lane departure warning, lane keeping and some of them can be used completely for
lane change assistance. Similarly, most of the vehicle detection techniques reviewed in
[78] were proposed for vehicle detection that could be deployed in different applications.
In other words, many of these works were not specifically meant for lane change assistance. Consequently, some of these techniques may not be completely applicable for lane
change assistance. For example, as noted in Section 2.3, most lane detection methods
were proposed for detecting host lanes only. Therefore, they may or may not be fully
applicable to lane change scenario because adjacent lanes also need to be detected for an
LCDAS. Also, certain optimizations could be possible in the algorithms when a specific
application is targeted. For example, all vehicles need not be detected in an LCDAS;
the detection of the nearest vehicles is sufficient. In this section, we survey literature
on overall lane change assistance systems, i.e. systems that provide the either full or
partial functionality of an LCDAS.

2.9.1

Functional Requirements of LCDAS: ISO 17387

In 2008, a separate ISO standard was instituted to define industry standards for lane
change assistance systems [36]. This standard named, as ISO 17387, defines the functional requirements of lane change decision aid systems (LCDAS) or lane change assistance systems (LCAS). The following are the functional requirements of a lane change
assistant:
1. The lane change assistant should support the driver during lane change maneuvers
via detecting potential hazardous situations that result due to the driver failing to
monitor the area around the vehicle adequately.
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2. For this purpose, the assistance function should be capable of detecting road users
approaching rapidly from behind as well as detecting other road users in the blind
spot of the driver’s own vehicle.
3. The assistance function should operate for both adjacent lanes equally, on the
driver’s and the front passenger’s sides.
4. Ideally, the assistance function will be available under all road, weather, and traffic
conditions with approximately the same level of quality.

Therefore, the primary objective of an LCDAS is that it should support the driver
during lane change maneuvers by detecting potential hazardous situations, which the
driver may have missed or failed to monitor. In the list above, item (1) can be seen as
the primary objective of an LCDAS and items (2) to (4) support this primary objective.
Based on the objectives, the functionality of an LCDAS has been defined in various ways.
According to the ISO standards [36], the following different functional configurations are
possible:
• Blind spot warning: continuously monitor the blind spot areas of the host vehicle,
which are otherwise not visible through rear view mirrors in vehicles.
• Close vehicle warning: alert the driver of an approaching vehicles, especially from
rear, which can be potentially dangerous if the driver intends to change lane.
• Lane change warning: monitor the blind spots and approaching vehicles, and assist
the driver in safe lane change maneuvers.
The solutions proposed in literature cater to one or more of these different functional
aspects of LCDAS [36]. Different sensor technologies are employed based on the functionality of the LCDAS. Similarly, different sub-systems with varying levels of complexity
are proposed to cater for the different functional configurations of LCDAS.

2.9.2

Commercial LCDAS in Market

Before surveying the existing LCDAS further, we list some commercial solutions that
provide various levels of lane change assistance functionality. Table 2.2 lists the different
automotive manufacturers that have deployed LCDAS in some of their high-end vehicles [36]. The LCDAS functionality and type of sensor technology used in each of the
products are also listed. It can be seen that majority of these systems rely on radar technology for sensing vehicles. 24 GHz radars are usually used in these systems to detect
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approaching vehicles in different areas surrounding the host vehicle. These radars are
positioned at different places on the vehicle. For example, the “Side Blind Zone Alert”
from GM employs radars that are fixed just under the side mirrors, whereas Audi has
24GHz radars fixed under the rear bumper of the vehicle. The effectiveness of these
systems is also dependent on the detection range of the radars and minimum activation
speed when the system must alert the driver. Some vehicles like Audi have a detection
range of 100m but some, like Jaguar, have limited distance range of just the immediate
rear and side areas of the vehicle. Systems with lower activation speed like Ford can aid
the driver in crowded areas as well and hence they are suitable for lane change assistance
in urban areas. In contrast higher activation speed implies they are more effective on
highways and major roads. More details on the exact technical specifications can be
found in [36].
Table 2.2: Lane change assistance systems by vehicle manufacturers

Vehicle Manufacturer
Audi
BMW
Mazda
VW
Ford
GM
Jaguar
Mercedes Benz
Nissan Infiniti
Jaguar
Volvo
Peugot

Sensors
Radar
Radar
Radar
Radar
Radar
Radar
Radar
Radar
Radar
Radar
Camera
Camera

Functionality
• Blind spot warning
• Lane change warning
• Driver side monitoring
• Blind spot warning
• Driver side monitoring

• Blind spot warning

It is noteworthy that only two manufacturers (Peugot and Volvo) employ vision sensors
for lane change assistance. While Peugot only monitors the driver’s blind spot area,
Volvo has two cameras fitted under the side exterior mirrors which constantly monitor
the blind spots. Both these systems are not full-scale lane change assistance systems.
However, the survey of current research shows vision sensors are gaining popularity owing
to lower costs compared to radars and additional capabilities that they provide which
radars cannot. Companies like Mobileye [195], Continental [19] etc. are exploring vision
sensors in a multi-modal approach for commercial products. Since the type of sensors
determine the overall LCA system and its functionality, we first review the existing
sensor technologies that are commonly used in driver assistance systems.
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On-going Research Efforts in LCDAS

As shown in the previous sections, most of the techniques in literature present algorithms
and methods for one or more generic functional blocks of an LCDAS. These functional
blocks could be used for other ADAS applications also. Complete or near complete
LCDAS are proposed in a few papers only like [29, 30, 76, 145, 152, 186]. In this section,
we briefly review some of these works. It is to be noted that each of these papers were
reviewed for specific functional components also in the previous sections.
In [186], one of the earliest LCDAS was proposed for highway scenarios. This system
used a fusion of radar and vision sensors to monitor the rear and sides of the vehicle.
Vehicle detection and their proximities were detected using the fusion sensor technology.
However, there is no specific mention of a risk assessment strategy for lane change.
In [152], a real-time vision-based preceding vehicle detection and tracking system is
presented. Algorithms for lane detection, followed by vehicle detection and tracking
are presented. Distance estimation technique using the vanishing point of the image
is also described. However, [152] does not describe the effect for vehicles in front of
the host vehicle for lane change decision aid. Also, there is no mention about risk
assessment in [152]. Another vision based lane change decision aid system is presented
in [145], wherein a safe/danger situation assessment is described for rear approaching
vehicles. The safety decision making system in [145] is dependent on vehicle detection
in a predetermined lane area. In this work also, the effect of vehicle in front of the host
vehicle is not included in the risk assessment for lane change. Similar techniques are
proposed in a lane change warning system described in [76]. Alonso et al describe another
LCDAS for rear approaching vehicles only in [29]. Vehicle detection is performed using
motion-driven tracking followed by a risk assessment that is computed based on the state
vectors of the approaching vehicles. The safety alarm is set to pre-determined value in
[29]. In [30], Schubert et al propose one of the latest works that can be considered as a
complete LCDAS. In [30], forward and rear looking cameras and radars both, are used
to detect lanes, approaching vehicle (from front and rear) and then a Bayesian network
is used to assess the situation around the host vehicle to give a safety decision for lane
change. The techniques proposed by Schubert et al were generic methods, which were
later customized for an LCDAS. This work is one of the latest in terms of tackling
LCDAS as one single system. However, efforts are still continuing to make the system
as computationally lean as possible by reducing the number of sensors.
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Summary

In this chapter, a comprehensive review of recent studies, techniques and technologies related to lane change assistance systems was presented. The survey showed most LCDAS
have common functional blocks like lane detection, vehicle detection, vehicle proximity
estimation and situation assessment [30]. A detailed survey of each of the functional
blocks and their constituent techniques was conducted. In this section we summarize
some key observations that were made from the literature survey.
A survey of the different functional blocks showed that vision sensors or cameras are being increasingly used in ADAS applications. The reducing cost of cameras with advances
in VLSI technology, resulting in cheap yet sophisticated and high resolution cameras, is
leading to this trend [78]. In an application like LCDAS where multiple vehicles need
to be detected from multiple RoIs (lanes), vision sensors provide additional information
that other sensor technologies cannot provide [2].
Next, a detailed review of existing lane detection techniques shows that vision sensors
are apt for detecting lanes on both structured and unstructured roads [2, 78]. There are
some common challenges that are being addressed in most of these techniques resulting
in varying levels of robustness and computational complexity. Firstly, extracting lane
marking features in complex road scenarios with shadows, illumination changes etc. is
still an open challenge [2, 66]. According to [2], robust extraction of the lane features
is the first step in detecting lanes using any of the methods discussed in Section 2.3.
If lane features like lane edges or color or texture etc. are not extracted robustly, the
rest of the algorithm will, in high likelihood, fail to detect the lanes. Also, there is a
trade off between robustness and computational complexity in existing techniques. It
can be seen that some of these methods are either highly robust but computationally
complex like [39, 53] etc., or computationally simple but not robust like [63–65] etc.
For example the outlier boosting method in [58] shows highly robust detection results
but it operates at only 15 frames per second. There are other methods [63, 64], which
use simple edge features to extract lanes but their robustness can be challenged by the
variable road scene. Another key observation, especially in the context of an LCDAS,
is that most methods detect host lane only, whereas an LCDAS requires both host and
neighbor lanes to be detected.
In the area of vehicle detection, though radar based vehicle detection and distance estimation techniques are popular in literature, visual cues are being increasingly used
to accurately detect vehicles in a road scene, either independently or in fusion with
radar sensors [78]. Visual information provides additional cues like exact positions of
the vehicles on curved roads, types of vehicles etc. which radar-only vehicle detection
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systems do not provide [2]. However, vehicle detection using vision sensors is a challenging research area, primarily during day time [78]. This is because of the variations
in the road scene and varying vehicle features that are possible. Vehicle are usually first
located using basic features like edges, shadows, color etc. [78]. Such knowledge-based
hypothesis generation methods are more popular than stereo or motion based methods
to localize vehicle candidates. Lower computational complexity is the main reason for
this choice [78]. However, robustness and adaptability to the varying road scene are two
main challenges. Most of the techniques available in literature involve setting appropriate thresholds, which are usually pre-determined heuristic values. This could lead to
mis-detections primarily because of the varying road scene. Not only do the illumination
and intensity variations change for the entire image globally, but there are variations
locally around the vehicle also. For example, a cloudy day makes the whole image look
darker. This variation is seen on the entire image. In addition to this variation, if
there are shadows of trees or tar color changes on the road surface, they add to the
local variations in the image. Therefore an algorithm needs to be highly dynamic and
robust to variations in the image scene. More specifically, thresholds need to be highly
dynamic and image dependent to robustly detect the vehicles signatures.Therefore, a
strong hypothesis verification step is often used on the candidates obtained from HG
step. Appearance based HV methods that involve classifiers like SVM etc. give robust results in complex scenarios but their computational cost is considered to be high
[78]. On the other hand, the second kind of HV methods, i.e. template based methods,
involving edge symmetries, edge patterns, intensity patterns and symmetries are computationally more attractive than appearance based methods but robustness is still a
challenge.
In addition to robustness, vehicle detection using on-board cameras has computational
challenges also. Computationally, the on-board vehicle detection method for lane change
assistance (and other applications like lane departure warning) have real-time processing
constraints [78]. These computational constraints being satisfied at low-cost is another
research challenge in the field of vision-based driver assistance system. In addition
to vehicle detection, vision-based vehicle proximity estimation also poses challenges in
terms of robustness. Most vision-based vehicle proximity estimation techniques rely on
accurate vehicle detection [78, 165–170]. Some of them like [165–170] depend on features
of vehicles like distance between headlights etc. Therefore, computationally efficient and
accurate vehicle detection is necessary for vehicle proximity estimation also.
We also surveyed techniques on situation assessment for lane change decision aid. It
was seen that there is limited work on an objective formulation of risk assessment in a
lane change process. Most existing techniques [184–186, 188, 189] are not adaptive to
the changing surround scene and the risk is made a function of fixed parameters like
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pre-defined danger regions. Few techniques like [30] give a detailed analysis of the risk
assessment. However, these techniques in [30] are dependent on inputs from multiple
sensors like long and short range radars, and cameras. Also, the review showed that
there is a lot of literature on blind spot monitoring and preceding vehicle monitoring.
The effect of vehicles in front of the host vehicle on lane change decision for assessing
the safety of lane change is not explored in detail. A surround view of the vehicle
using only vision sensors for lane change assistance is also not completely explored in
existing literature. With increasing pervasiveness of camera sensors, an LCDAS that is
completely dependent on vision sensors is an attractive alternative in terms of robustness,
computational complexity and more importantly cost. Based on this detailed review of
the constituent functional blocks and overall lane change decision aid systems, adaptive
and computationally efficient techniques will be proposed in the forthcoming chapters
to address some of the key challenges in developing vision-based lane change decision
aid systems.
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Chapter

3

Detection of Host & Neighbor
Lanes in Near-view

3.1

Introduction

In a lane change assistance system, lanes form the regions of interest (RoI) that need
to be constantly monitored. Unlike applications like lane departure warning which rely
on host vehicle lanes only, lane change assistance also requires neighboring lanes in
addition to the host vehicle lane. Therefore, lane change assistance requires detection
of both host and neighbor lanes. As shown in Section 2.3, most existing lane detection
methods robustly detect host lanes. However, they usually fail to detect neighboring
lanes due to the challenges posed by features that form the neighboring lanes. In order
to understand this, we applied one of the recent host lane detection methods, which we
proposed in [196]. This method uses a customized edge detection process followed by
Hough transform (HT) to detect host lane markings in near-view of the host vehicle. The
proposed method takes advantage of the properties of host lanes and employs gradient
angle histograms [197] to detect straight line edges in an input edge map and generates
what is termed as Straight Line Edge Map (SLEM). This SLEM is then split into
directional edge maps using the gradient directions. These directional edge maps are
then analyzed using HT to confirm the presence of host lane markings. More details
about this method are presented in [196].
Even though the neighbor lanes also show similar properties as those exhibited by host
lanes listed above, this method was unable to robustly detect neighboring lane markings.
This is because the prominence of the neighboring lanes are usually less prominent than
the host lanes. Also, the prominence of the neighboring lanes varies as the distance of
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the lanes increases from the camera in the host vehicle. By prominence, we mean the
edge strength, which is more distinct in the case of host lanes as compared to neighboring
lanes. Therefore, there is no one specific threshold that can be set to extract the edges of
all the lane markings, i.e. host and neighboring lane markings. Host lane markings can
be extracted with a higher threshold but we need to decrease the threshold, sometimes
more than once, to extract the edges of the neighboring lanes. So if one threshold is
set, only one set of edges will be extracted. This is illustrated in Fig. 3.1(a), which
shows lanes of varying prominence. The gradient map of the image block is shown as a
3D mesh in Fig. 3.1(b). It can be seen that the gradient magnitudes of the host lane
markings are higher as compared to the neighbor lane markings. Setting one threshold
T1 as shown in Fig. 3.1(b) will give only the host lanes (Fig. 3.1(c)) and eliminate the
neighbor lanes. Multiple thresholds need to be set as shown in Fig. 3.1(b) to detect
both the lane edges. Considering that edges are commonly used in most lane detection
methods, similar challenges will be faced by other lane detection methods also.

Figure 3.1: (a) Image patch I showing lanes of varying prominence (b) Gradient
magnitudes of I showing lanes of varying gradient magnitudes (c) Edge map E generated
by setting T1 = 300, only host lane edges are detected, (d) E using T2 = 200, both host
lanes and neighbor lanes are detected.

We also studied the limited existing techniques on multiple lane detection methods [2, 52,
58, 67–70], which were reviewed in Section 2.3. It was shown that lane feature detection
step in these methods also will face the same challenges. Therefore, thresholding the
gradient magnitudes adaptively based on the spatial position of the lanes is critical
to robustly detect the neighbor lanes. This applies to any edge based lane detection
method, and not just to the method described earlier in this section.
Another major issue arises in the process of tackling the above-mentioned challenge.
Since the neighbor lane markings are usually fainter, the thresholds must be lowered in
dealing with lower intensities and gradients. However, in doing so, unwanted non-lane
pixels from the background and other faint intensity variations like shadows are also
released. Therefore, noisy pixels or non-lane pixels are also released, decreasing the
robustness in extracting the lane edges from the pool of lane and non-lane pixels. Also,

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Chapter 3

41

additional computations are required to extract lanes from this pool resulting in higher
computational complexity.
In this chapter, a novel technique for detecting host and neighbor lanes in near-view is
presented. Near-view covers the region closest to the camera in front of the vehicle (more
details about near-view will be discussed in the next section). An iterative method is
proposed that addresses following challenges:
• It detects the host lanes and neighboring lanes of varying edge prominence. The
proposed techniques are developed to detect the immediate adjacent neighbor
lanes. The same techniques can be extended to lanes beyond the adjacent neighbor lanes also (this will be discussed later in the chapter). For the rest of the
chapter the terms “neighbor lanes” or “neighboring lanes” refer to the neighbor
lanes adjacent to the host lanes.
• It detects lane edges with low prominence but eliminates noisy non-lane edges.
• It determines the position of host lanes and neighbor lanes.
The proposed multiple-lane detection method will be evaluated for robustness in varying complex road scenes. A computation architecture will also be presented and the
computation cost of the proposed technique will be evaluated.

Nomenclature:

Before we proceed, we briefly list the different terms and their mean-

ing, that are introduced in this chapter and used in the rest of the thesis. Firstly, the
vehicle in which the driver is being assisted is called the host vehicle. Host lanes refer to
the left and right host lanes that form the host lane in which the host vehicle is moving.
Neighbor lanes refer to the adjacent lanes (if present) to the host lanes. A neighbor
lane can be left or right neighbor lane, depending on its position with respect to the
host lane. The left and right host lanes are represented by LHL and LHR respectively.
The neighbor lanes are represented with respect to LHL and LHR , in the following way.
The left neighbor lane is given by LHL−1 . Similarly the right neighbor lane is given by
LHR+1 .

3.2

Iterative Technique for Detecting Lanes in Near-view

In this section, an iterative technique is proposed that detects and extracts host lanes
and neighbor lanes. This multiple-lane detection problem is first solved in the near-view
of the camera, which is defined as the region of road scene that is closest to the host
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vehicle. The distinctiveness of near-view in a road image is that lanes appear as straight
lines in this area [198]. This property of lanes simplifies the lane detection process to
finding straight lanes as an initial step [198]. These straight lanes found in the near-view
are then used to detect the lanes in far-view, which is defined as the road surface seen
away from the host vehicle. The lanes in far-view could be either straight or curved but
they are always found to be straight in the near-view. For the rest of the thesis, the
lower 1/8-th of the road surface as captured by the camera in the image plane is taken
as near-view. This proportion is dependent on the camera position and orientation and
can be precalibrated accordingly.
As discussed in the previous section, near lanes and neighbor lanes have different prominence. Therefore, different thresholds are required to detect these lane edges. Depending
on the road scene, it may be required to dig deeper into the gradient magnitudes (which
are thresholded to get the edges) to sense and extract lane edges of different prominence. In order to do this, we first describe a technique to group together edges of
varying prominence. After grouping the edge pixels of similar prominence, we then propose a technique that releases each group of pixels in an informed and iterative manner,
to check if that group of edge pixels has lane edges. The process of grouping edge pixels, releasing them and analyzing them for lane marking detection is described in the
forthcoming sections.

3.2.1

Gradient Magnitude Histograms (GMH) for Sensing Edges of
Varying Prominence

In this section, a novel technique is proposed to sense edges of varying prominence as the
first step to detecting host and neighbor lanes. In order to do this, Gradient Magnitude
Histograms or GMH are proposed to enable setting of different thresholds adaptively and
generate groups of edge pixels that have similar prominence. The process of generating
GMH and setting these different thresholds are described in this section.
Given an image I, the gradient magnitudes and angles at every pixel position are computed using Sobel kernels Sx and Sy , in x and y directions respectively, as follows:
Gx = I ⊗ Sx

Gy = I ⊗ Sy

(3.1)
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where ⊗ represents convolution operation, Gx and Gy are the gradient magnitudes in
x and y directions. The Sobel kernels Sx and Sy are given by:




1 0 −1






Sx = 
0
0
0
 Sy = 2 0 −2
−1 −2 −1
1 0 −1
1

2

1



(3.2)

The gradients Gx and Gy are then used to compute gradient magnitude G and gradient
angle Θ as shown below:
G(x, y) =

q

G2x (x, y) + G2y (x, y)
G (x,y)

Θ(x, y) = tan−1 Gyx (x,y)

(3.3)

where (x, y) is the index of a pixel on the image plane. The gradient magnitude matrix
G is thresholded to give the edge map E, i.e.
E=G>T

(3.4)

where T is a threshold. Sobel gradient computation and thresholding forms the basis of
more advanced edge detection methods like Canny edge detection [199].
The main challenge in detecting multiple lanes is thresholding of gradients in G such
that lane edges of varying prominence are extracted. This implies that one single value
of the threshold T is not sufficient, i.e. there must be multiple thresholds given by
T = {t1 , t2 , . . . , tα }. In order to get these thresholds automatically depending on the
image content, gradient magnitude histogram (GMH) is computed.
A gradient magnitude histogram (GMH) is defined as follows:
Definition: Gradient Magnitude Distribution m of an M × N image I is generated using
the gradient magnitudes in G by binning them into k bins,each of width wm . Therefore,
m is given by:
mT = {mi } where 1 ≤ i ≤ k
and


max(G) − min(G)
k=
wm


and

k
X

mi = M N.

(3.5)

(3.6)

i=1

The GMH vector m shows an interesting property: edge pixels of an object having
similar gradient magnitudes usually group around a local peak in m. This is illustrated
in Fig. 3.2 for an image block in Fig. 3.2(a). The corresponding GMH m is shown in
Fig. 3.2(b) for bin width wm = 10.
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Figure 3.2: (a) Image patch I showing lanes and other features with gradients of
varying prominence (b) GMH m for the image patch (c) Zoomed in m showing clusters
at higher gradients (d) Edge map from the first group G1 (e) Edge map from the first
group G2 .

It can be seen from the GMH in Fig. 3.2(b) that the lower bins will have large counts.
This is consistent with the fact that most natural scenes has similar intensities, i.e.
majority of image block has small variations in gradient magnitudes. Edges, which form
a small percentage of the image, have higher intensity changes, i.e. higher gradient
values. This property of edge pixels is seen in the GMH in Fig. 3.2(b) where the
distribution tapers down drastically as the gradient value increases.
Fig. 3.2(c) shows a zoomed in view of the higher bins in the GMH by setting the high
valued bins 1 to 3 to zero, for ease of viewing the higher low valued bins. It can be seen
that gradients in the higher bins show a grouping effect. If we divide m into three parts
m1 , m2 and m3 as shown in Fig. 3.2, we get three groups of gradients G1 , G2 and
G3 . The gradient values in G1 correspond to the pixels with highest intensity change
(gradient) in the image block. Fig. 3.2(d) gives the edge map with edge pixels having
gradients in G1 . It can be seen that these edge pixels correspond to the lane marking
with high intensity change in Fig. 3.2(a). Similarly the edge pixels released in G2 form
the edges with lower intensity change than those in G1 as shown in Fig. 3.2(e).
The group boundaries in m when multiplied by the histogram bin width give the thresholds T = {t1 , t2 , . . . , tα }, which can be used to get edge pixels in each cluster. In order
to get these groups in m, a peaks set P is computed in the following way.
Given m has k bins, peaks set P is given by
P = {pj |pj = mi if mi−1 < mi > mi+1 }

(3.7)
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where 1 ≤ i ≤ k and 1 ≤ j ≤ αp , αp being the number peaks in m. A peak of peaks set
P 0 is defined on P by applying the same rule as above, i.e.
P 0 = {p0j 0 |p0j 0 = pj if pj−1 < pj > pj+1 }

(3.8)

where 1 ≤ j 0 ≤ αp0 , αp0 being the number of peak of peaks in m. The peak indices set
J has the indices where the peak of peaks occur in m, i.e.
J = {j1 , j2 , . . . , jαp0 }

(3.9)

Each ji in the above set J is the index with respect to the indices of m, i.e. the GMH.
After finding P 0 and J, the thresholds that create the groups Gi are found by determining
the indices of the minimas between every adjacent pair of peaks of peaks in P 0 . So given
two adjacent peaks of peaks p0j 0 and p0j 0 +1 , their corresponding indices from J are jj 0 and
jj 0 +1 . The threshold ti that separates the two groups whose peaks are located at jj 0 and
jj 0 +1 is given by
ti = indexm (min(m(jj 0 : jj 0 +1 ))) × wm

(3.10)

where indexv (.) gives the index of the value obtained in the function with respect to
the vector v; min(.) gives the minimum value of the input elements. For a given J,
the threshold matrix is computed in this way to give T = {t1 , t2 , tαp0 −1 }. Each pair of
(ti , ti+1 ) in T gives the group boundaries for a group of gradient magnitues Gi .

Figure 3.3: GMH with peaks and group boundaries indicated
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This process of computing group boundaries is illustrated using a GMH in Fig. 3.3.
Applying the above equations, we get J = {1, 40, 48, 61, 73} where the peaks of peaks
p0j 0 are found. These are indicated with dashed arrows in Fig. 3.3. The group boundary
thresholds are given by the set T = {280, 430, 580, 620}. These thresholds are shown
using solid arrows in Fig. 3.3. It can be seen from Fig. 3.3 that the proposed method
divides m into a total of 5 groups G1 to G5 . The edge maps that result from the first
four groups are given as G1 to G4 in Fig. 3.4(b)-(e). It can be seen that the edge maps
capture the lanes and other features with prominent edges. It can be seen in Fig. 3.4(e)
that other non-lane edges are also extracted in the edge map. These edges need to be
eliminated and the lane edges only must be retained. In the sections that follow, these
groups in GMH are used in an informed manner to robustly extract the lane edges of
varying prominence only and eliminate non-lane edges.

Figure 3.4: Edges extracted from the different edge groups (a) input image block, (b)
edge map from MATLAB Sobel edge map generation, (c) edges from G1 and G2 , (d)
edges from G1 . G2 , G3 (e) edges from G1 . G2 , G3 and G4

3.2.1.1

Block-based GMH Generation

The distribution in the GMH was found to be dependent on the image size. If the GMH
is generated for the entire M × N sized image, it was found that grouping of gradients
suppresses finer features in the image. The idea that a group in a GMH corresponds
to an object in the image is more controlled if image blocks are taken instead of the
entire image itself. In order to have a controlled release of edge pixels using GMH, it
is proposed to divide the image into blocks, each of size Mb × Nb . In such a blockbased scenario, the GMH was found to be more effective in generating edge maps with
controlled release of pixels by making use of the algorithm described in the previous
section.
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This method of dividing the image into blocks and local processing of these blocks is
a commonly used technique to improve robustness in image processing. This helps to
get local features more robustly as compared to applying the same algorithm over the
entire image globally. Techniques like contrast stretching, histogram equalization etc.
also emply such local block based processing to improve robustness.
Employing this block-based method in the proposed GMH method helps in releasing edge
pixels in a more controlled manner. The groups corresponding to individual objects of
interest, i.e. lanes are more evident when GMH is applied in a block-based fashion. In
addition, analyzing the GMH of the entire image is computationally more complex as
there are too many local peaks that are formed in the GMH of the full image. Also, the
block-based method will help in processing the image in a parallel fashion. More details
about the computational complexity and parallel processing of the image will discussed
in the subsequent sections.
The block size Mb × Nb was heuristically found for the image data set that was used
for testing, such that GMHs give reasonably clear groups for analyzing. It was found
that for an image size of 720 × 1280, the acceptable block size was found to be 90 × 128.
This is found to be approximately 1/8th to 1/10th of the image size. This is a one-time
calibration for a particular position and image resolution of the camera. This ratio can
change based on the camera setup and resolution. This ratio was determined based on
the number of edge pixels captured in each block. It was found that that if the block
sizes are smaller, then the number of edge pixels captured in the GMH-GAH-HT engine
are not sufficiently separable from noisy edge pixels that are formed by gradient changes
due to non-lane features on and around the road surface. This is because a smaller block
size will have lesser number of edge pixels, which form local peaks in GMH (and GAH)
and result in peaks, even if they do not correspond to valid lane edges. When the block
size is increased to the above mentioned block sizes, the peaks in GMH and GAH were
more representative of the valid linear edges. It was seen that these peaks in GMH and
GAH had lesser contribution from noisy edge pixels. Incidentally, the ratio of 1/8 also
resulted in acceptable block sizes for image sizes of 320 × 480 and 480 × 640. For the rest
of thesis, all image sizes are set to HD resolution, i.e. 720 × 1280 and the corresponding
block sizes (wherever blocks are used) is set to 90 × 128.

3.2.2

Detecting Host & Multiple Lanes using GMH

We now propose a technique that uses the edge pixel groups created in the GMH to
robustly extract the host and neighbor lane markings of varying edge prominence. Multiple thresholds are set in the GMH so that edge pixels in the block are collected into
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different groups, each group having edge pixels of similar gradients. Now, each of these
groups in the GMH needs to be analyzed if there are any lane markings in them. We
first describe the technique to extract lane markings when a GMH of a block is given.
We will show how groups in GMH are released one by one and analyzed for presence
of lane markings. We will then use this module in different ways or configurations to
detect host lanes and neighbor lanes in near-view.

3.2.2.1

GMH-GAH-HT Engine to Extract Lane Edges

This is an iterative technique that releases the edge pixels from GMH and confirms the
presence or absence of lanes. We proposed a host lane detection method in [196] in
which gradient angle histogram (GAH) and Hough Transform (HT) are used together
to locate host lane markings. This method in [196] does not take into account lane edges
with varying prominence. We now propose an improved technique using GAH and HT
along with GMH in an iterative fashion so that we extract lane markings of varying edge
prominence. This lane edge extraction technique is described as follows.
For the rest of the chapter and the thesis, we will consider the block-based GMH method.
Therefore, an image I is divided into blocks of size Mb ×Nb and each block is represented
by Ib(i,j) , where b(i, j) is the block index with i and j being the indices along the vertical
and horizontal directions respectively.
For a block Ib(i,j) , the GMH mb(i,j) is divided into non-overlapping groups m1 , m2 ,. . .,mα ,
using the grouping method proposed in the previous section, i.e.
mb(i,j) = m1 ∪ m2 ∪ . . . mα

(3.11)

where m1 is the rightmost group corresponding to the edge pixels with the highest
gradients. For the sake of brevity, we represent mb(i,j) as m corresponding to an image
block Ib(i,j) .
In the proposed iterative method, in each iteration (indexed by i), each of these groups
mi is released one-by-one starting from m1 , the rightmost group. This is because the
edge pixels of lane markings usually have higher gradients as compared to other objects
in the road scene. The edge map generated from the group mi is denoted by Ei . The
number of pixels in mi is given by ni and this is also the total number edge pixels
released in Ei .
In order to find out if there are any lane marking edges in the edge map Ei that is
released in the GMH group mi , Ei is examined for straight lines that form a specific
pattern. For this purpose, a technique using Gradient Angle Histograms (proposed in
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[197]) is devised that computes a gradient angle histogram in an iterative fashion. From
[197], a gradient angle histogram (GAH) extracts only straight line edges from an edge
map that may have any kinds of edges, i.e. straight line edges, curved edges, noisy edge
pixels. A histogram is generated using the gradient angles of the candidate edge pixels
in the input edge map. Edge pixels on a straight line edge will have similar gradient
angles and this is shown as a peak in the GAH. By identifying the peak in the GAH
and plotting the edge pixels that contribute to this peak, the straight line edges in
the candidate edge pixels are extracted. Such edge maps containing straight line edges
only are termed as Straight Line Edge Maps (SLEM) in [197]. More details about this
technique can be obtained from [197].
In [197], the candidate input edge map, from which the SLEM is generated, is obtained
from Sobel edge map generation. We now propose an iterative method using the GMH
to release edge pixels in an informed manner to check the presence of straight lines using
GAH and then check the presence of lanes. If a lane is found, the release of edge pixels
from GMH is stopped, and no further processing is done. Therefore, in this way, a check
on the computational cost is performed at every step in the proposed iterative method.
Given a GMH m, starting with the first group m1 , the number of pixels in the i-th
group mi , i.e. ni , is checked if it is greater than a minimum value nmin . ni ≤ nmin
indicates a small group, which may not give meaningful or sufficient information in the
next steps. If ni ≤ nmin , then mi is merged with the next group mi+1 , and mi+1 is
again checked for the minimum edge pixel count before sending the edge map Ei+1 for
the next steps.
When a group mi satisfies the above condition, the corresponding edge map Ei is generated. Ei is used to create two GAHs, which are called as positive GAH and negative
−
+
GAH, denoted by ∇+
i and ∇i respectively. ∇i corresponds to the histogram made

from the edge pixels in Ei , which have positive gradient magnitudes in x direction, i.e.
Gix > 0. Similarly ∇−
i is made from the edge pixels with negative x-gradients, i.e.
Gix < 0. These GAHs are used to generate accumulated GAHs, denoted by ∇
∇

−

for the positive and negative GAHs respectively. ∇

summing the

∇+
i

and

∇−
i

+

and ∇

−

+

and

are generated by

with the GAHs from the groups released from GMH till the

i-th iteration, i.e.
+

i
P

−

j=1
i
P

∇ =
∇ =

j=1

∇+
i
(3.12)
∇−
i .

The properties of lanes are now used to analyze these accumulated GAHs. Since lanes
are straight lines in the near-view, the edge pixels of lanes in Ei should show peaks in
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GAHs. The reason for creating separate GAHs from positive and negative gradients is
that lane markings are composed for a pair of straight line edges, where one edge is
made of positive gradients, i.e. dark to light intensity change, and the other edge is
composed of negative gradients or light to dark intensity change. Therefore, if there is
−

+

a lane marking in Ei , there must be a peak in both GAHs, i.e. ∇ and ∇ . Moreover,
the peaks must occur at the same place or angle in both ∇

+

−

and ∇ . If both these

conditions are satisfied, there is high probability that the edge pixels giving these peaks
could be that of the lanes. In order to confirm further that these edge pixels are from
the lane markings, priori information about the lanes is used. For example, the lane
orientations and positions can be used as priori information to check for peaks in those
angle ranges in accumulated GAHs. More details about this priori information will be
presented in subsequent sections.
At this point, if ∇

+

and ∇

−

do not show any peaks in the defined angle ranges, the

next group from GMH is asked. If peaks are found in the accumulated GAHs, then
−
edge maps E+
i and Ei are generated, which have edge pixels that form the peaks in
−
the accumulated GAHs. It is to be noted that E+
i and Ei have edge pixels from the

current group of edge pixels released. According to the properties of GAH [197], this
−
should give straight line edges only in E+
i and Ei .
−
If there are straight line edges in E+
i and Ei , the next step is to locate the exact positions

and orientations of the straight lines using the Hough Transform. Hough Transform is a
technique that is used to transform edge pixels in the image plane to parametric space
called Hough space. For every edge pixel at (x, y), the following equation:
ρ = x cos θ + y sin θ

(3.13)

is applied to determine ρ, which is the perpendicular distance from the origin to the
point edge pixel at (x, y), such that the perpendicular subtends the angle θ with the
horizontal. Hough space made by ρs and θs is generated such that for every edge pixel,
ρs are computed for a range of angles −90 ≤ θ ≤ 90. For a given (ρ, θ) tuple, an
accumulation counter at (ρ, θ) location is updated by 1. In this way, if a straight line
is present in the edge map, all the collinear points on the straight edge will result in a
peak at one particular (ρ, θ). Therefore, a peak in the Hough space at (ρ, θ) indicates
a straight line with a perpendicular distance for origin as ρ, that makes θ with the
horizontal axis. More details about Hough Transform can be seen in [75].
−
For the edge pixels in E+
i and Ei , Hough transform (HT) is computed using the above

equation. Two Hough spaces are generated HS+ and HS− . The parameterized tuple
(ρ, θ) for every edge pixel is used to update these Hough spaces. It is to be noted that the
Hough spaces have accumulation information from the previous iterations and the HTs
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Figure 3.5: Block diagram showing the functional flow of the proposed iterative
method for lane detection
−
of edge maps of current iteration E+
i and Ei are updated to the same Hough spaces.

Thereafter peak detection is performed on HS+ and HS− . If (ρ+ , θ+ ) and (ρ− , θ− ) are
the locations with peak heights a0+ and a0− in HS+ and HS− respectively, then the
following differences are computed:
δρ = ρ+ − ρ−
δθ = θ + − θ −
δa0 =

a0+

−

a0− .

(3.14)
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These peaks correspond to lanes if and only if the following conditions are met:
δρmin ≤ δρ ≤ δρmax
δθmin ≤ δθ ≤ δθmax

(3.15)

δa0 min ≤ δa0 ≤ δa0 max
where the minimum and maximum values of the differences are set based on the priori
information of the lane markings. If these conditions are not met, the GMH is asked to
release the next group. Fig. 3.5 shows the flowchart of the proposed algorithm. The
computation control flow is shown using solid arrows and the data transfer and variables
used at each computation step are represented by dotted arrows in the figure. We call
this entire engine as GMH-GAH-HT engine because a combination of GMH, GAH and
HT is used to extract the lane markings.

3.2.2.2

GMH-GAH-HT Engine for Robust Lane Detection

We will now show how the GMH-GAH-HT engine is used to extract host lanes and
neighbor lanes in near-view. The iterative method is applied on the near-view image
blocks to detect host lanes first. These host lanes are then used to detect the neighbor
lanes in the next step.

Host lane detection in near-view:

In order to detect the host lanes, we make use of

some priori information about the host lanes. Considering that the camera is mounted
at the center of the vehicle, the left host lane is searched in blocks 3 and 4, i.e. Ib(8,3)
and Ib(8,4) (the block setup is shown in Fig. 3.6). Similarly, for the right host lane,
Ib(8,5) and Ib(8,6) , are searched. It should also be noted that the processing for host
lanes starts from inward blocks towards outward blocks, i.e. Ib(8,4) is processed before
processing Ib(8,3) for left host lane detection. This priori information about host lanes
helps to avoid unwanted computations in the rest of the image blocks. In addition to
the block positions, we also set a possible angle range for the host lanes. Assuming
that the vehicle is not changing lanes (which is the case in the application scenario), the
host lanes will exhibit a specific angle range only. Therefore, the angle ranges, where
host lanes are expected to show peaks in the accumulated GAHs in the GMH-GAH-HT
method, can be set to the following: θ∇hl ∈ [20, 60] and θ∇hr ∈ [−20, −60]. These angle
ranges are found to be wide enough to cater for the change in orientations of the host
lanes due to lateral drifts of the vehicle in the host lane.
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Figure 3.6: Illustration showing the division of input image into blocks.

In order to detect the host lanes, the edge pixel groups in the GMH are accessed from
the right, i.e. from the highest gradient values to the lower gradient values. The GMHGAH-HT algorithm is used of every edge pixel group from GMH. If lane markings are
found satisfying the δρ and δθ conditions given in (3.15), then the release of edge pixels
from GMH is stopped and the host left and right lanes (LHL and LHR ) are said to have
been extracted.
If edge pixels are not found till the least prominent edge pixel group in GMH, then the
next block in the near-view is processed. If the host lane markings are not detected in
the last possible image block in near-view (i.e. Ib(8,3) ), then it is assumed that either
there is no host lane marking in the near-view or it is too small or ambiguous to be
detected by the GMH-GAH-HT engine. In such cases, we look for history based lane
information extraction to predict the lane marking position in the current frame, which
we will explain in the next sub-section. Fig. 3.7 shows the algorithm for detecting
host lanes using the GMH-GAH-HT engine. It can be seen that if the algorithm is set
to run without the termination condition, it will try to extract lane markings from all
the groups that are identified in the GMH. In some cases, computing all the groups
in GMH may be necessary. However, in some cases, computing all groups may lead
to unwarranted computations and the algorithm may be required to stop early. By
releasing too many groups, especially the lower gradient groups, there is a possibility
that more noisy and non-lane edge pixels are released resulting in increased number
of computations. Therefore, the following termination conditions are set to stop the
iterative method in an informed fashion:
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Figure 3.7: Block diagram showing proposed host lane detection method in near-view
using GMH-GAH-HT engine

1. The priori information of the lane markings will be used as the first indication
of the termination condition. For example, host lane markings are usually more
prominent. Therefore, they are expected to be in the higher gradient groups in
GMH. Hence, while traversing the GMH groups from right to left, if a lane marking
pair is found, the GMH iterations are terminated in the block.
2. The next termination condition is with regards to the case when faint lane markings
are being extracted. This is especially the case for neighboring lane markings. In
such cases, the lower gradient groups must be investigated to extract lane markings.
However, releasing all the pixels in the last group also releases all the pixels in the
gradient map, which is undesirable. Therefore, the final group must be further
broken down to a sub-group. This is done by setting the maximum number of
edge pixels released. According to literature on edge detection, the maximum
number of edge pixels in an M × N sized image is approximately 0.1M N , i.e. 10%
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of the image size. Therefore, if this maximum number of pixels released is crossed,
the termination condition is reached.

Neighbor lanes’ detection in near-view:

Given the host lanes LHL (ρhl , θhl ) and

LHR (ρhr , θhr ), we now proceed to find the neighbor lanes in near-view. In order to do
this, we use the host lane information to predict the possible positions and orientations
of the neighbor lanes. We describe the method here for the immediate neighbor lanes
LHL−1 and LHR+1 , but this can be extended to any number for neighbor lanes. Also, for
the sake of explanation, it is assumed that there are neighbor lanes LHL−1 and LHR+1
present on either side of the host lanes, i.e. there is no road boundary on either side
of the host lanes (we will comment on the presence of the road boundary later in this
section). The host lane positions are used to hypothesize the neighbor lane positions, i.e.
the possible locations where neighbor lanes can be found are determined using host lane
positions. This is done by computing the vanishing point using the host lane positions.
Given (ρhl , θhl ) and (ρhr , θhr ) as the ρs and θs that define the left and right host lanes
respectively, the equations of the left and right host lanes are given by:
→
−
hl : x cos θhl + y sin θhl = ρhl
→
−
hr : x cos θhr + y sin θhr = ρhr

(3.16)

→
−
→
−
where hl and hr denote the lines that pass through the left and right host lanes. Solving the above two equations, the resulting intersection point is the vanishing point
Vpt (xpt , ypt ), i.e.,
"
Vpt =

xpt
ypt

#

"
=

cos θhl

sin θhl

cos θhr sin θhr

#−1 "

ρhl

#

ρhr

(3.17)

This is shown in Fig. 3.8. The significance of the vanishing point is that the neighbor lanes in near-view must also pass through it. This is because, all lane markings
in the near-view appear to straight lines and all parallel lines in a perspective view
pass through the vanishing point. This implies that the possible lane candidates which
will be extracted by the GMH-GAH-HT engine must pass through the vanishing point.
Therefore, this information can be used to generate the priori information for the neighbor lanes. Assuming that lanes are parallel and are of known approximate widths, we
can find a relationship between the perspective orientations of host lanes and neighbor
lanes. Given that the angles of the host lane are θhl and θhr for left and right host lanes
respectively, the approximate neighbor lane angles can be computed as:
θf l = θhl + ∆θ

(3.18)

θf r = θhr − ∆θ

(3.19)
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where ∆θ is an approximate fixed constant for a given lane width (this is assumed as
constant for a given road infrastructure). With θf l and θf r , we determine the possible
ρ values for neighbor lanes using the parametric line equation. Since the neighbor lanes
must pass through Vpt , θf l , θf r and Vpt must satisfy the linear equation of the Hough
transfrom (3.13) to give ρf l and ρf r , i.e.,
ρf l = xpt cos θhl + ypt sin θhl

(3.20)

ρf r = xpt cos θhr + ypt sin θhr

(3.21)

Therefore, the neighbor lane candidates are expected to occur at (ρf l , θf l ) and (ρf r , θf r ).
But it must be noted that these are predicted values. Therefore we use this information
for verification of neighbor lane markings that will be extracted by the GMH-GAH-HT
engine. This information is also used in the history based neighbor lane prediction in
case the lane markings are not extracted by GMH-GAH-HT engine. This will be discussed later in this section when we propose techniques about history based prediction.
We now propose the following algorithm for detecting the neighbor lanes in near-view.

Figure 3.8: Vanishing point from host lanes can be used to predict possible locations
of neighbor lanes.

After detecting the host lanes, the priori information for neighbor lanes is computed as
discussed above. In addition to the possible ρ − θ values for the neighbor lanes, the image blocks in near-view, in which neighbor lanes can be found are also set. These image
blocks are Ib(8,1) to Ib(8,2) for left neighbor lane and Ib(8,6) to Ib(8,8) for right neighbor
lane. The GAH angle ranges that will be used in GMH-GAH-HT engine are also set
based on the predicted θf l and θf r from (3.18). This priori information is sent to the
GMH-GAH-HT engine, wherein the edge pixel points in the GMH are analyzed for lane
markings.
Unlike the host lane markings, the lane marking extraction for neighbor lanes involves
multiple checks in the GMH-GAH-HT engine. This is vital for robust detection of
neighbor lane markings because they can be such low prominence that noisy edge pixels
may also be picked up in the GMH edge pixel group. Therefore, in order to eliminate
the noisy edge pixels and extract the neighbor lane markings, the following checks are
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performed on the lane candidates picked by GMH-GAH-HT engine. Firstly, at the GAH
stage, peaks must be found in the angle ranges defined for neighbor lanes. As shown
earlier, these angle ranges of the GAH are determined from the orientations of host lane
markings. After ensuring that the detected edge pixels satisfy the first condition HT
is employed on the straight line edges generated from the GAH resulting in possible
lane candidates given by (ρf l , θf l ) and (ρf r , θf r ). These candidates are checked again
using the second condition to further ascertain that noisy edges are not qualified as
lane markings. In the second condition, we use the predicted values of (ρ, θ) that were
computed using the host lane parameters and vanishing point. If the error between the
predicted values and the detected values is in acceptable range, we consider the detected
lane markings are possible neighbor lane candidates. This process is repeated till we
reach the end of the GMH groups. If a lane marking is not detected using the edge
groups in the GMH of the current block, we repeat the same process with the next
block. If a lane marking is not detected even after processing all the possible neighbor
lane blocks, we use the information from history to predict the neighbor lanes in the
current frame. Fig. 3.9 shows the neighbor lane detection algorithm.

Figure 3.9: Block diagram showing proposed neighbor lane detection method in nearview using GMH-GAH-HT engine
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Figure 3.10: Host and neighbor lane detection with prediction modules

Temporal Continuity in Lane Positions In the near-view, where the proposed
algorithms are applied to detect lane marking signatures (both host lane and neighbor
lanes), there will be cases when lane markings are not detected. This happens because
of the following reasons:
1. The lanes could be dashed lane markings. Therefore, in some frames, the lane
marking is seen in the near view and in next few frames, the gap between the
markings is seen in the near view. When the gap occurs in the near view, the
proposed algorithm will not be able to pick up any lane marking.
2. The lane markings could be split in the blocks in the near view. There will be
cases when the lane marking as a whole appears in the near view but it is split
across two adjacent blocks. In this case, the signatures of lanes seen in the GAH
and HT are not significant enough to pick them as lanes.
3. The lane markings are missing. This is the case when there are no lane markings
in near-view either due to some construction or unmarked road stretches.
In these cases, the temporal history of lane markings is used to draw lanes in the current
frame. Tracking control filters like Kalman filter and particle filter have been used for
lane tracking in [2]. In addition to the visual cues about the lane positions as inputs to
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these filters, other sensor information like yaw angle, steering angle etc. are also used to
define the controls in these filters. What we show now is a simplified tracking method
based on the locations of lanes only, that are detected in the images. However, filters
like Kalman and particle can also be used on the detection results obtained from the
proposed techniques to predict/track based on other inputs also.
The proposed temporal history based lane prediction is based on the location of lane
markings in the current frame (if detected) and an average of the locations of the previous
frames. The flowcharts in Fig. 3.10 show the temporal history prediction of host lanes
and neighbor lanes in near-view. Both are similar in functioning. Referring to the hostlane module, the temporal history based prediction functions in the following way. In
the current frame Ii , if a lane marking is found at (ρi , θi ), we check this location with
the average values of (ρ, θ) over the last N frames. The mean values are computed using
the following equations:

ρi =

i−1
1 X
ρk
N
k=i−N

θi =

i−1
1 X
θk
N

(3.22)

k=i−N

If the error between the current (ρi , θi ) and the average (ρi , θi ) is less than a pre-defined
error , then we consider the current (ρi , θi ) as valid entry. If the error is greater, then
current (ρi , θi ) is updated using the location from the previous frame, i.e. (ρi−1 , θi−1 ).
Now, if in the current frame, the lane markings are not detected, we increment what we
call a null-counter. This counter finds the number of consecutive ‘no-lane’ detection in
the current frame. If this null-counter goes beyond a threshold, it is assumed that there
is no lane and the system generates lane marking based on the vehicle position. The
null-counter is reset whenever a lane is detected in the current frame. In the case when
a lane is not detected in the current frame and the null-counter is not maximized, then
we assign the lane positions of the previous frame to the current frame. The temporal
tracking for neighbor lanes is similar to the host-lane temporal prediction and is shown
in Fig. 3.10. The computed or predicted host lane positions are used to first predicted
the possible neighbor lane positions as discussed previously. If the neighbor lanes are
not found in the vicinity of the predicted values, then the temporal prediction unit starts
function in the same way as the host lanes prediction (shown in Fig. 3.10). Therefore,
the same temporal module can be used for neighbor lane prediction also. It will be
shown in the results section that the proposed method predicts the location of lanes to
an acceptable accuracy.

Detecting Carriageway Boundary for Near-lanes The carriageway boundaries
identify the end of the carriageway and therefore help in determining the boundary
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conditions of the RoIs. In other words, they give an indication when to stop looking
for the neighbor lane markings. When a carriageway boundary is identified, it implies
that lanes need not be searched in the region beyond the boundary. This will help
in eliminating the mis-detection of vehicles from the opposite direction as vehicles in
the direction of the ego-vehicle. In addition, detecting the carriageway boundary also
helps in reducing the computational complexity by eliminating unwarranted processing
of additional blocks in the image.
We will first describe how the proposed techniques can be extended to identify a carriageway boundary adjacent to the host lane, i.e. we are interested in detecting the
presence of any boundary with respect to the host lane only. If we find a carriageway
boundary next to the host lane, say left host lane, it implies that left lane change is not
possible, because there is no left adjacent lane LHL−1 . Considering that the host lane
and the next adjancent neighbor lanes are the primary RoIs for lane change assistance,
detecting carriageway boundary between these two lanes is more critical than between
two neighbor lanes.
The following kinds of carriageway boundaries of host lanes are investigated as part of
this research:
1. Double lane markings (Fig. 3.11(a))
2. Broad continuous lane marking (Fig. 3.11(c))
3. Road divider (Fig. 3.11(d))
4. Raised kerbs or footpaths (Fig. 3.11(b))

Figure 3.11: Carriageway boundaries and respective edge maps (a)(e) Double lane
markings, (b)(f) Road divider, (c)(g) Broad continuous lane marking and (d)(h) Raised
kerb

These are the different kinds of carriageway boundaries that are usually found on major
roads and highways. The following observations were made about the edges of these
carriageway boundaries:
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• It was found that these boundaries exhibit a group of linear edges that are located
close to each other. Fig. 3.11(e)-(h) show the respective edge formations for the
different carriageway boundaries.
• The width of the boundary is usually wider than the normal lane markings. Fig.
3.11(c) shows this case. The width of a normal lane marking would be nearly 3×
lesser than the width seen in this case.
• The different edges that form these boundaries usually have varying prominence
as shown in all the four cases in Fig. 3.11
Based on these observations, the proposed iterative method is ideal to detect these
boundaries. In order to detect this boundary we use the following parameters from the
proposed GMH-GAH-HT engine to identify the presence of the carriageway boundary:
• The difference between ρ+ and ρ− that form the lane pair gives the width of the
lane marking. The carriageway boundary is detected if this width is found to be
more than the normal lane width that we described earlier in this section.
• The number of pairs of positive and negative ρs indicates the presence of carriageway boundary. If the number of pairs is more than one, then this is most likely a
double lane marking, which is a carriageway boundary.
• The number of lines itself (not just pairs) increases in the presence of a carriageway
boundary. So if the GMH-GAH-HT engine results in group of lines, either paired
or not, this is another strong indicator of a carriageway boundary.
When either of the above conditions happen, the carriageway boundary flag is triggered,
which indicates that neighbor lane detection need not be performed on that side of the
host lane.
Now, coming to the detection of carriageway boundary between lanes beyond the neighbor lanes. During our experimentation, we found that the proposed signatures are
also valid for the boundary between such lanes. However, due to the perspective effect
of these lanes, the lane markings were also found to be mis-detected as carriageway
boundary. This happens because these lanes appear to be closer to each other due to
perspective in the image. As a result, they also appear as groups of lines. Therefore,
the proposed way of detecting the boundary is more applicable in the case of host lanes,
which is more critical in the context of lane change assistance.
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Table 3.1: Description of datasets that are used for evaluation
Set No.
Set 1

Number
frames
143

of

Timing

Set 2

288

Day

Set 3

265

Day /Night

Set 4
Set 5

301
301

Day
Day

Lighting/
Weather
Paritally
cloudy
Low
illumination,
dull
weather
Day & Artificial
tunnel
lighting
Bright
Bright

Set 6

299

Evening

Bright

Set 7

281

Midnight

Set 8

361

Day

Set 9

361

Late Evening

Set 10

278

Late Evening

Set 11

301

Afternoon

Set 12

260

Afternoon

Set 13
Set 14
Set 15

601
291
299

Late Evening
Day
After sunset

Set 16

357

Evening

Set 17

301

Evening

Set 18

479

Evening

Set 19

451

Day

Night
street
light illumination
Overcast skies,
light
drizzle,
low illumination
Normal illumination
Normal illumination
Rainy/drizzle,
low illumination,
wipers
on
Rainy/drizzle,
low illumination,
wipers
on
Rainy, cloudy
Bright
Low illunimation
Normal illumination
Low illunimation
Overcask skies,
low illumination, drizzle
Bright

Set 20

228

Night

Day

Very low illumination,
street
light
illumination

Other
features
Tree shadows

Kinds
of
Roads
Major roads

Changing
colors

Major roads

tar

Tunnel

Dark road
Light
road
color,
faded
markings
Tar
color
changes
Street
light
glares

Tunnel
Major roads

Drizzle/Rainy

Highways

Tar
color
changes
Presence
of
road markings
Wipers on

Highways

Wipers on

Highways

Wipers on
Dark road
Presence of arrows
Tar
color
changes
Wet roads

Highways
Highways
Highways

Drizzle/Rainy

Major roads

Thick
shadows of trees
and overhead
bridge
Glare
from
street
lights
and
other
vehicles

Major roads

Major roads
Major roads

Highways
Highways

Major roads
Major roads

Major roads
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Dataset Generation

In order to evaluate the proposed techniques, an exhaustive dataset of videos was created.
Two video cameras were attached to the front and rear windscreens of the test ego-vehicle
such that one camera looks forward and the other looks at the road scene behind the car.
The test car and the camera setup is shown in Fig. 3.12. The videos were captured at a
frame rate of 25 frames per second and at a high definition (HD) resolution, i.e. a frame
size of 720 × 1280 pixels. Nearly 25 kilometers of test drive was conducted in different
lighting conditions including day time, night time and late evening, with vehicle speed
ranging from 70kmph to 90 kmph. Fig. 3.13 shows the test routes to collect the datasets.
The videos were captured under different weather conditions such as bright day light,
cloudy day, drizzling day etc. Different kinds of roads were captured like highway roads,
major roads and roads inside a tunnel. Smaller video sequences were extracted from
these videos based on the different road conditions that they capture. Table 3.1 gives
the list of the different video sequences, the number of frames in each sequence and the
road conditions that are being captured in the sequence. The total number of images in
all datasets put together is 6525 frames.

Figure 3.12: (a) Test car, (b) & (c) Camera setup inside the car behind the rear view
mirror.

3.4

Results & Discussion

In this section, we evaluate the robustness of the proposed multiple lane detection algorithm. Series of image sequences from real world data are used to evaluate the effectiveness of the proposed algorithm. We also present a discussion on the computation
complexity of the proposed algorithm.
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Figure 3.13: Map of Singapore showing the different routes which were captured,
either completely or partially, for dataset generation

3.4.1

Evaluation Method

In order to evaluate the proposed techniques throughout the thesis, the following evaluation method is used. These techniques are evaluated for two metrics: (1) Accuracy, and
(2) Computational cost efficiency. In order to evaluate the accuracy of the proposed techniques, we have developed these methods using MATLAB programming platform. All
the algorithms were handcoded in MATLAB, i.e. in-built MATLAB toolbox based functions like edge detection, Hough transform etc. were not used. Instead, we developed our
techniques for edge detection (as described in this chapter using GMH-GAH-HT engine),
Hough transform (described in Chapter 4) etc. using MATLAB programming language.
The proposed techniques were evaluated for accuracy using these MATLAB functions
and the datasets presented in Section 3.3. The accuracy evaluation was performed on a
PC-based platform.
In addition to accuracy, we also evaluate the computational complexity of the proposed
methods against existing methods. For each of the proposed techniques, we derive the
number of computations and compare them with equivalent metrics of existing techniques. Considering that most existing techniques for LCDAS have not addressed the
computational complexity aspect of the algorithms, we derive the number of computations for existing techniques also, with which the proposed methods will be compared.

3.4.2

Accuracy Results

In this sub-section, we evaluate the accuracy of the proposed technique for multiple-lane
detection in near-view. We present the accuracy of the technique in two different ways.
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Detection Rate:

Firstly, we evaluate the detection rate of the proposed technique in

the different image sequences. The detection rate R is defined as:
R=

Number of Total Correct Detections
Total Number of Frames in Sequence

(3.23)

In order to find the total correct detection in a sequence of input images, the output
lane positions in near-view obtained from the proposed algorithm were marked on the
input images. This was done for all the lanes, i.e. host lanes and neighbor lanes. If the
output lane markings are obtained between the two edges of the lane markings present
on the image, then the output lane position is considered to be a correct detection. If
the output lane marking falls outside the lane marking, then it is a considered as a
mis-detection or a detection with an error.
Table 3.2: Detection rate using proposed algorithm

Seq. No.
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

Nf
143
288
265
301
301
299
281
361
361
227
281
260
601
291
299
357
155
479
451
228

Neighbor Left
1.000
0.979
1.000
1.000
(103) 0.941
0.987
NA
NA
0.942
0.956
0.961
0.000
0.972
0.966
0.980
0.969
0.000
0.979
0.984
0.947

Host Left
1.000
0.983
1.000
1.000
1.000
1.000
0.947
0.972
0.994
0.996
0.982
0.973
0.987
0.976
0.990
0.983
0.974
0.979
0.987
0.969

Host Right
1.000
0.983
1.000
1.000
0.950
0.973
0.940
1.000
0.992
0.991
0.982
0.965
0.988
0.979
0.983
0.983
0.981
0.985
0.982
0.961

Neighbor Right
0.965
0.965
NA
NA
NA
NA
NA
0.958
0.903
0.947
0.957
0.950
0.968
0.948
0.967
0.972
0.955
NA
NA
NA

Table 3.2 lists the detection rates of the proposed algorithm for the left and right host
lanes, and the neighbor lanes that are found immediately next to the host lanes. ‘NA’
under neighbor lane columns in some sequences indicates that the sequence does not have
that particular neighbor lane, i.e. a road boundary is detected on that side of the host
lane. In some sequences, under the neighbor lanes, we indicate a number in parenthesis
in addition to the detection rate. This number indicates the total number of frames used
for computing the detection rate of that particular neighbor lane in that sequence. In
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some sequences (Seq. #5), the neighbor lane may be covered by an overtaking vehicle in
the initial frames. Therefore, we discard those frames in the beginning and the detection
rate is determined for the frames from where the neighbor lane is visible according to
ground truth data. The number in parenthesis gives the total frames used for computing
the detection rate for that particular far lane.
From Table 3.2, it can be seen that the detection rates of the host lanes are between
94% to 100%, whereas the detection rates of neighbor lanes is between 90% to 100%.
The high detection rates, sometimes near 100%, are because of the iterative nature of
the proposed GMH-GAH-HT engine followed by the temporal history based estimation
of the lane markings. In the various image sequences considered, the lanes are found
to be of varying prominence. The GMH-GAH-HT engine is able to detect such lane
markings to a high degree of accuracy as seen in Table 3.2. For example, in Seq. #1,
the both host and neighbor lane markings are found to be varying prominence across
frames. They are faded in some parts and prominent in others but the GMH-GAH-HT
engine is able to detect and extract both the host and neighbor lane markings. We can
see a near 100% accuracy in this sequence for all lanes. If the GMH-GAH-HT engine
misses detecting lane markings due to gaps in the lane markings (as discussed in Section
3.2.2.2), the temporal history based prediction algorithm is able to predict the correct
lane positions in most cases. As shown in Section 3.2.2.2, unless the correct detection of
the lane markings occurs periodically using the current frame information, the proposed
history based prediction can introduce high errors. Therefore, the detection accuracy of
the lane markings using the GMH-GAH-HT engine plays a primary role in the detection
rates shown in Table 3.2. Fig. 3.14 shows how temporal history based prediction is able
to predict the lane position (when the lane is not available) but is corrected from time
to time by the detection of lane marking by GMH-GAH-HT engine, whenever there is
lane available. In Fig. 3.14, the lane marking is available in the near-view in Frames
F1 and F2, which are picked by GMH-GAH-HT engine. Then, in F3, F4 and F5, there
is not enough lane information for GMH-GAH-HT engine to pick. Therefore, temporal
tracking module starts predicting the lane marking. It is because of this temporal
tracking, that sometimes the predicted lane position may be slightly deviated as seen
in F5 (host left lane and far left lane). However, in F6, the lane marking is again
available in near-view, which is detected by the GMH-GAH-HT engine. This results in
the correct detection of lane marking, which will be used for temporal prediction in the
next sequence of images when there are no lane markings in the near view.
From Table 3.2, it can be seen that the detection rates of neighbor lanes are usually
lesser than those of host lanes. This is because of the low prominence of the neighbor
lanes as compared to the host lanes, which increases the complexity of detecting the
neighbor lanes. Even though the neighbor lanes are less prominent and in some cases
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Figure 3.14: Sequence showing detection of lane markings using both GMH-GAH-HT
engine and temporal history based prediction.

faded, the proposed algorithm shows an average detection rate of around 97% and 95%
for left and right neighbor lanes respectively. In Table 3.2, the detection rates for left
neighbor lanes in Sequences #12 and #17 are shown as 0 but that does not mean that
the detection rate is 0. We indicated a 0 to show that though there is lane boundary in
the form of a kerb, the lane marking is not visible even in the ground truth as shown in
Fig. 3.15. The proposed algorithm is able to detect the road boundary but not the lane
marking because there is no lane marking in the image.

Figure 3.15: Test cases where there are no visible lane markings
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Few sequences, with some complex scenarios are worth mentioning to show the effectiveness of the proposed algorithm. The effectiveness of GMH-GAH-HT engine for detecting
faint or faded markings is shown in all sequences, especially in detecting the neighbor
lanes. In some sequences like Seq. #1, even the host lanes were found to be faint and
broken. But the proposed host lane algorithm using the GMH-GAH-HT engine was able
to extract the lane markings. Fig. 3.16 shows the detection results of the faded host
lane markings in Seq. 1. It can be seen that the host lane markings in the input image
frames (on the left) are faded to a high degree but they are detected accurately by the
algorithm. The neighbor lanes in most sequences are fainter than the host lanes. The

Figure 3.16: Faint host lane markings detected by the proposed GMH-GAH-HT
engine

GMH-GAH-HT algorithm is able to extract these faint neighbor lanes successfully. This
is the reason for high detection rates of the neighbor lanes shown in Table 3.2. Fig. 3.17
shows two sample outputs showing host and neighbor lanes detected by the proposed
algorithm. It can be seen from the input images that the lane markings are of varying
prominence. The host lane markings and left neighbor lane are of higher prominence
than the right neighbor lane. In such cases, varying thresholds are needed to extract
the edges as shown by the sample results in Fig. 3.17. Fig. 3.18 shows the detection
of lane markings in other complex scenarios. Fig. 3.18(a) & (b) show the detection results of lane markings in the presence of strong shadows. The GAH-HT combination in
the GMH-GAH-HT engine ensures that non-lane markings like the shadows of trees are
eliminated and lane markings are extracted. Fig. 3.18(c) & (d) show detection results
on lanes in rainy weather conditions. It can be seen that the lanes are detected even
in the presence of the wiper movement. This is because the edge pairing that is done
using GAH+ and GAH- in the GMH-GAH-HT engine rejects the noisy edges generated
by the wiper and selects only the lane markings. Fig. 3.18(e) & (f) show image frames
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Figure 3.17: Lane markings of varying prominence detected by the proposed GMHGAH-HT engine

from the two night sequences (Seq. #10 & #20). Though the lane markings are faded
and faint, especially the left neighbor lane in Fig. 3.18(f), the proposed algorithm is
able to detect the lane marking.

Mis-detections:

There is a small percentage of mis-detections and these cases were

analyzed further to understand the cause for not detecting them accurately. It is to be
noted that the accuracy is defined by checking if the detected lane is falling on the actual
lane marking in ground truth information. In some cases, a lane is detected but may
have been a few pixels either to the right or left of the lane marking in the near-view.
Therefore, in such cases, though the lane is detected, it is still considered as incorrect
because of the localization constraint that is set, i.e. the detected lane marking must
fall on the lane marking from ground truth.
One of the reasons for mis-detections due to the above reason is because of the absence
of lane marking in the near-view and the temporal tracking algorithm is predicting the
lane position based on history. In the proposed temporal history based prediction, it is
assumed that the vehicle is not making any drastic movements in the time span between
two frames, i.e. 1/30-th of a second. However, if the vehicle does make such maneuvers,
the result from the temporal tracking algorithm is found to be a few pixels away from
the ground truth lane marking, which results in a mis-detection. In Fig. 3.14, the left
neighbor lane marking in F5 can be considered as mis-detection because it is a fewpixels away from the actual lane marking. However, as discussed earlier in this section,
the presence of a marking in the near-view again in the subsequent frames is detected
by the GMH-GAH-HT engine and the deviation (if any) in the temporal history based
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Figure 3.18: Host and neighbor lane markings detected by the proposed GMH-GAHHT engine under varying weather and lighting conditions: Presence of shadows in (a)&
(b), rainy weather conditions in (c) & (d), and night scene in (e) & (f)

prediction is removed from the new detection onwards. Also, as shown in Section 3.2.2.2,
the proposed prediction is based on image information only. Other vehicle parameters
like yaw angle of the vehicle can be introduced and a more sophisticated tracking filter
like Kalman filter can be used to eliminate such errors resulting from movements of the
vehicles laterally in such small windows of time.
Another reason for mis-detections is the presence of other road markings. Fig. 3.19
shows two such cases where mis-detections occur due to presence of other markings. It
is to be noted that such detections do not happen all the time. They occur only if a road
marking shows exactly the same properties as that of the lane and also falls in the similar
expected regions where lanes are found. In most cases, these mis-detections do not
occur because such detections are rejected based on temporal history information. After
rejecting these candidates, the GMH-GAH-HT engine looks for markings again that
satisfy the properties of the lane markings. These detections persist as mis-detections
if and only if they occur continuously in more than 10-15 frames continuously, which
affects the temporal averaging (discussed in Section 3.2.2.2).
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Figure 3.19: Mis-detections due to presence of other road markings

There can be other reasons for mis-detections, especially when the lane marking itself
is not seen at all as shown in Fig. 3.15. This occurs usually when it is raining or the
lane markings are faded beyond any trace on the road. Also, the proposed vision-based
techniques failed to detect the lane markings in very heavy rain, wherein even the driver
himself was unable to find where the lane markings are.

Detection of lanes beyond neighbor lanes: The proposed GMH-GAH-HT engine
is most effective in detecting the neighbor lanes adjacent to the host lanes. In the context
of an LCAS, as described in the ISO standards, the adjacent neighbor lanes form the
critical RoIs that need to be continuously monitored. However, one can argue about
the effect of vehicles on the lanes beyond the neighbor lanes, i.e. the outer lanes in the
case of a carriageway with more than 3 lanes. Consider the scenario of a 4-lane highway,
with the ego-vehicle in Lane 2. Therefore, it is sufficient to detect Lane 1 and 3 for the
objectives listed in ISO standards for LCDAS. However, if we consider the vehicles on
Lane 4 trying to change lane into Lane 3, they will pose a danger to ego-vehicle if it is
also trying to change lane to Lane 3. In such scenarios, it is important to detect the
farther lanes also.
The lane markings of the lanes beyond the neighbor lanes are fainter than the adjacent
neighbor lanes. The proposed GMH-GAH-HT engine is able to detect such faint lane
markings also. Fig. 3.20 shows some sample results where these lanes beyond the
neighbor lane markings are detected. However, there are false positives also. In cases
when there are arrow markings etc. in the outer lanes, it becomes difficult to differentiate
the lane markings from the other road markings. This is because the perspective effect
of the image reduces the gap between the arrow markings and valid lane markings. Also,
due to the same reason, the arrow markings are distorted to look like parallel lines like
the lane markings. Therefore, the proposed engine, though is successful in detecting the
lane markings of the lanes beyond the neighbor lanes, it is less effective in differentiating
their lane markings from other road markings and lane like features. However, for the
adjacent neighbor lanes, the detection accuracy is as high as 97% as shown previously.
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Figure 3.20: Detection of lanes beyond neighbor lanes

Figure 3.21: Collection of ground truth data for computing lane position deviation

Lane position deviation analysis:

In addition to the above analysis on detection

rates, we also determined the deviation of lane positions with respect to a known ground
truth information. In this analysis, we manually selected points on the input images in
a few sequences to mark the host and neighbor lanes in near-view. This is shown in
Fig. 3.21. The ‘*’ shown on the lane markings are marked manually. These points
are marked on the outer edge of the host lane markings. In the case of neighbor lane
markings, the edges are closeby and not easily separable. Therefore, for neighbor lanes,
these points are marked on the lane marking. These points are then used to find the
equations of lines for the lanes in near-view. We then compute the intersection point of
these lane markings with the base of the image y = 720, i.e. the nearest point on the
road surface to the vehicle as seen in the image.
The proposed algorithm gives the lane positions in the form of (ρ, θ), which represents
the parameterized line equation, i.e. ρ = x cos θ + y sin θ. We consider the (ρ, θ) tuples
for the left edge of every lane marking. This parameterized equation for each lane is
used to find the x coordinate where the lane intersects at y = 720, in the case of the
lane positions obtained from the proposed technique. These lane positions from ground
truth and results from the proposed techniques, are plotted for two sequences as shown
in Fig. 3.22. The top plot shows the lane positions for Seq. #1 and the bottom plot
for Seq. #3. The line plots with ‘-*-’ indicate ground truth data and the ones with ‘--̂’
represent the experiment data.
The plots in Fig. 3.22 show that the host lane positions obtained from the experiment
follow the ground truth data very accurately. The average deviation in the two sequences
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Figure 3.22: Plots showing lane position deviation from ground truth data for Seq
#1 in top plot and Seq #3 in the bottom plot.

for the host lane data was found to be less than 10 pixels. However, the average deviations in neighbor lane positions with respect to the ground truth data was found to
be higher as seen in the plots. This higher deviation can be attributed to two factors.
Firstly, there are errors in ground truth generation itself, especially for neighbor lanes.
Since neighbor lanes are fainter and less prominent than the host lanes, the ground truth
marking of the neighbor lanes is more error prone. As indicated earlier, the ground truth
points are marked on the neighbor lanes but the (ρ, θ) for the lane marking corresponds
to the left edge of the lane marking. Secondly, the slightly higher deviations also arise
due to the temporal history based prediction. The plots in Fig. 3.22 show that the
deviation goes to zero and increases/decreases in an alternating fashion over every few
frames. This is because of the temporal prediction taking over when there are no lane
markings detected in the near-view. The deviation is higher in the case of neighbor lanes
as compared to host lanes. However, the deviations in the lane positions does not lead
to too many false detections as shown in Table 3.2.

3.4.3

Computation Complexity Analysis

In this subsection, we will evaluate the computation complexity of the proposed GMHGAH-HT engine in the context of lane detection in near-view and compare it against
existing lane estimation techniques. In order to perform the comparison, we consider a
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few recent lane detection implementations reported in literature. Firstly, we compare
with Hough based implementations in [64], [65] and [69]. Next, the implementation
reported in [2], which is one of the most cited lane estimation techniques in literature, is
considered for comparison. In addition to the above, we also compare a color processing
based lane detection method in [52].
Also, in this chapter, considering that we are interested in detecting the lanes in nearview, the same region of interest is considered for all the methods for comparison (although [64], [65], [69], [2] and [52] process the entire image for lane detection). Therefore,
the last row of blocks comprising of 90 × 1280 pixels in the image is considered for lane
detection in near-view. The computational complexity of the proposed method for lane
detection in near-view is first determined and then compared with the same metric for
the methods described in [64], [65], [69], [2] and [52].
Given that the proposed method is a block-based method, the number of computations
in a single block are determined first. The total computation cost for detecting host and
neighbor lanes in the entire near-view given is equivalent to approximately 10 times the
computation cost of one block. This is because there are ten 90 × 128 sized blocks in
the last row of blocks in the current image division.
In the proposed GMH-GAH-HT method, the computation complexity can be divided
into two components. Firstly, we have the GMH and GAH operations which select the
edge pixels that most probably form the lane edges. Secondly, the HT computation receives the edge pixels from GMH and GAH engine to locate the lane edges in the image.
The computational complexity of the first step using GMH and GAH is dependent on
the block size. The computation complexity of this step can be established in the big O
notation as O(Mb Nb ) for an Mb × Nb sized block. This is because computing the GMH
and GAH involves computation of gradient magnitudes and angles for every pixel in the
Mb × Nb sized block. If Sobel edge kernels described in Section 3.2.1 are considered, the
computation cost (in terms of additions) to compute the gradient magnitude for every
pixel can be determined as 6 additions (say 16-bit additions). Gradient angle computation can be implemented as a look-up table and hence no additional computations
are required. GMH computation involves histogram counter additions, which results in
Mb × Nb additions. Similarly, if we consider the worst case scenario of going through all
peaks in a GMH, the GAH computation cost is equal to Mb × Nb additions. Therefore,
the total cost of computing the GMH and GAH is given by:
1
= 8Mb Nb additions
CADD

(3.24)
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It should be noted that the above formulation is for the worst case scenario in which all
pixels in the block are processed for GAH computation (in the proposed GMH-GAH-HT
engine, a percentage of the all the pixels in the block only are processed).
Let us now consider the second component, i.e. the Hough transform computation for
locating the lane edges. According to several studies [80, 200], the computational cost
of HT in terms of both timing and area affects most line detection algorithms. This is
because a HT computation on every edge pixel involves Nθ number of two trigonometric
operations, two multiplications, one addition and as many accumulations. Here Nθ is
the number of angles for which HT is computed. Therefore, if p% of Mb × Nb sized
image block is edge content, then the number of computations required to compute the
HT of the image block can be summarized as follows:
2
CADD
= pMb Nb Nθ

(3.25)

2
CM
U L = 2pMb Nb Nθ

(3.26)

CT2 RIG = 2pMb Nb Nθ

(3.27)

2
CACC

= pMb Nb Nθ

(3.28)

It can be seen from above equations that the computation cost of HT can be reduced
by either reducing p or Nθ , i.e. either by reducing the number of edge pixels for which
HT is computed or by reducing the number of angles in Hough space. The proposed
GMH-GAH-HT engine ensures that the computational load on the HT is minimized by
reducing both p and Nθ in an informed manner. In the proposed algorithm, edge pixels
are filtered at every stage and edge pixels forming the lane edges only are selected for
HT computation. Firstly, the use of GMH results in controlled release of edge pixels
that form prominent edges. Therefore, the factor p in above equations is monitored
continuously. If a lane marking is found in the very first iteration of the GMH-GAH-HT
engine, then there is no need for the engine to release more edge pixels. Conventionally,
the edge map is created once without having the knowledge of the kind of edges we
are looking at. However, the GMH-GAH-HT engine allows an informed release of edge
pixels. p is lesser for host lanes as compared to neighbor lanes. This is because of
the higher prominence that the host lanes have as compared to neighbor lanes. The
proposed engine is aware of this and hence releases only the required number of edge
pixels. In addition to GMH, we have GAH in the proposed engine. This ensures that Nθ
is controlled because HT is computed only for the angles that show a peak corresponding
to a linear edge in the GAH.
In the proposed method, if we consider a worst case scenario of the lane marking being
along the diagonal of an Mb × Nb sized block (i.e. the longest edge in the block), the
number of edge pixels for which HT is computed in the GMH-GAH-HT engine is given
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by:
pprop = nt ×

q

Mb2 + Nb2 + δp

(3.29)

where nt is the thickness of the edge, i.e. the number of edge pixels that define the
edge, and δp is the additional stray noisy pixels. In addition to reduction in number
of edge pixels, the use of GAH further reduces the number of angles for which HT is
computed in the proposed method. In conventional methods, an angle range of about
40◦ is considered so that the variations in the lane orientation can be covered adequately,
in order to compute the Hough transform. In the proposed method, the GAH gives the
possible angle where the lane edge could be located. Therefore, we consider an angle
range of 15◦ only for which HT is computed.
In order to compare the computational cost efficiency of the proposed method, let us
first consider the conventional Hough based lane estimation techniques in [64], [65] and
[69]. In all these methods, different variants of Hough Transform are used to detect
lanes. The following derivations for computation cost hold true for all three methods
because HT is the first and the basic operation that is employed in [64], [65] and [69].
Additional steps are employed in [64, 65, 69] to further improve the accuracy of the lane
detection process in these methods, which adds to the computation cost that is derived
below.
Let us consider one block of image of size 90 × 128, i.e. Mb = 90 and Nb = 128 for
comparison. In the conventional Hough based lane detection methods in [64, 65, 69],
an edge map is computed using Sobel kernels [74]. Therefore the computation cost of
determining the edge map is equal to 6Mb Nb additions. About 10% of the edge map
is usually considered to be edge content [80]. This gives p = 0.1. Therefore, Hough
transform is applied for 0.1Mb Nb pixels for Nθ angles. Table 3.3 compares the number
of operations for processing one 90 × 128 sized image block using conventional Hough
based lane detection method and the proposed method. We consider Mb = 90 and
Nb = 128, and Nθ = 40 angular locations in Hough space for conventional methods.
For the proposed method, we consider the worst case scenario of having a lane along
the entire diagonal of the block and the width of each lane edge is 3 pixels (which is
an exaggeration). Therefore, we get nt = 6, three for each edge - left and right edge
of the lane. It can be seen from Table 3.3 that a savings of nearly 70% is obtained
for most operations in the proposed method. The total number of operations (in terms
of additions) is computed by assuming the cost of 16-bit multiplication, trigonometric
operation and comparison as being equivalent to sixteen 16-bit additions.
It should be noted that the above savings is obtained if we employ the conventional
Hough transform that uses the parametric equation in (2.1). In the next chapter, a
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Table 3.3: Comparison of computation complexity with Hough based lane detection
methods

Operations
Additions
Multiplications
Trigonometric operations
Accumulations
Total computations
(equivalent additions)

Conventional [64, 65, 69]
115200
92160
92160
46080
3110400

Proposed
106230
28140
28140
14070
1020780

Percentage savings
7.78
69.46
69.46
69.46
67.20

computationally efficient block-based parallel Hough transform engine is proposed that
reduces the computation cost of the proposed lane detection further.
We will now compare the cost of the proposed method against [2]. This method uses
steerable filters to detect directional edges. For every image pixel coordinate, it employs
three k × k sized kernels (k = 5 is the minimum value). Each of these kernels is not
a simple kernel like Sobel (which can be computed using 6 additions). Instead, each
kernel operation involves k 2 multiplications followed by k 2 − 1 additions. In addition
to the kernel operations, it also involves three additional multiplications, one division,
one square root and one trigonometric operation to determine the directionality of each
pixel coordinate. Therefore, for an Mb × Nb image block, the number of operations are
equal to:
SF
= (3k 2 )Mb Nb
CADD

(3.30)

SF
2
CM
U L = (3k + 3)Mb Nb

(3.31)

CTSF
RIG = Mb Nb

(3.32)

SF
CDIV

= Mb Nb

(3.33)

The selected pixels that give a particular directionality using the steerable filters are
then subjected to Hough transform. For the HT computation in [2], we consider a
similar complexity for Hough transform computation as the proposed method (thereby
giving computational benefit to [2]). Table 3.4 compares the computation complexity
of the two methods. The cost of one division is considered to be the same as one
multiplication for comparison purposes in Table 3.4. It can be seen that the proposed
method is computationally more efficient than the lane detection method in [2], even if
the worst case scenario is considered for the proposed method.
The method in [52] employs color image processing, which is computationally more
complex than techniques that use gray level images. This is because each input RGB
pixel is first converted to YIQ format using a 3 × 3 matrix multiplication operation.
The computation cost of every 3 × 3 matrix multiplication operation is equivalent to 9
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Table 3.4: Comparison of computation complexity between proposed method and [2]
Operations
Additions
Multiplications
Trigonometric operations
Accumulations
Total computations
(equivalent additions)

[2]
864000
910080
39600
14070
16072950

Proposed
106230
28140
28140
14070
1020780

Percentage savings
87.70
96.90
28.93
0
93.64

multiplications and 6 additions. Therefore for 90 × 128 sized image block, the computation cost of RGB to YIQ color space conversion itself is 1728000 addition operations
(assuming 1 multiplication is 16 additions). This cost is 1.4 times the cost of the entire
proposed lane detection process.

3.5

Computational Architecture for Multiple-lane Detection

In this section we describe a computational architecture for the proposed technique. The
GMH-GAH-HT engine forms the core computation block of the proposed algorithm. It
was shown in Section 3.2 that the algorithm inherently is most robust when implemented
in a block-based fashion rather than taking the entire image. Therefore, we propose
a block-based computation architecture (shown in Fig. 3.23) for this engine, which
lends well with the block-based nature of the GMH-GAH-HT engine. The proposed
computation architecture comprises of a series of processing engines (PEs), which are
controlled by a control unit called Near-view Control Unit (NVCU). Each PE takes
an image block as input and detects the lane markings in the near-view. The NVCU
configures which PEs should detect near lanes and which PEs should detect the neighbor
lanes. Fig. 3.24 shows the functional blocks of each PE. The control unit in the PE sets
the parameters for the GMH-GAH-HT engine to detect and extract lane markings. The
parameters are related to either near lanes or neighbor lanes depending on the control
signal sent by the NVCU. There is a temporal prediction unit which predicts the lane
markings in case they are not detected in the block. It should be noted that the same
GMH-GAH-HT engine and temporal prediction engine are used in all PEs. With the
change in control signals from the control unit and NVCU, each PE can be configured to
detect either the near lanes or neighbor lanes. Also, each PE can operate in parallel. In
other words during near lane detection, all PEs corresponding to near lanes can operate
in parallel. Based on the information generated by these PEs, the remaining PEs can
be triggered to operate in parallel and detect the neighbor lanes.
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Figure 3.23: Computation architecture for detecting host and neighbor lanes in nearview

Figure 3.24: Processing engine (PE) in computation architecture for detecting host
and neighbor lanes in near-vew

3.6

Summary & Conclusions

In this chapter, an iterative technique for multiple-lane detection was proposed to extract host lanes and neighbor lanes in near-view. A feedback-based engine using gradient
magnitude histogram (GMH) along with Gradient Angle Histograms and Hough Transform was proposed to detect lanes of varying edge prominence. GMH was used to group
edge pixels of varying prominence and the GMH-GAH-HT engine was proposed to dig
deeper into low-gradient edge pixels in an informed fashion to release groups of edge pixels and extract lane markings. The detailed formulation of the proposed technique for
host lanes and neighbor lanes was proposed. A simple history based prediction method
was proposed which could be reused for predicting both host and neighbor lanes. The
proposed techniques were comprehensively tested on varied image sequences from test
videos, that were captured under different lighting and weather conditions. The detection rates of the proposed techniques were as high as 98% for neighbor lanes and nearly
100% for host lanes. Detection rates of upto 95% were seen in rainy weather conditions
and night videos. A detailed analysis of detection rates in different complex scenarios
shows that the proposed techniques are able to detect faint and faded lane markings
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under varying global and local illumination conditions. An analysis of the computational complexity was also presented. It was shown the computation cost due to HT
was reduced by nearly 50% because of the proposed use of GMH-GAH-HT engine for
lane detection. In addition the GMH based edge release processing also reduces the
computational complexity substantially as compared to existing techniques. A parallel
computation architecture was also proposed, which can be configured to give different
levels of parallelism depending on the resource constraints and user requirements. In
the next chapter, we will delve into detecting lanes in far-view and propose parallel
computation engines that will enable lane detection in far-view as well as near-view.
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4

Detection of Host & Neighbor
Lanes in Far-view

4.1

Introduction

In the previous chapter, techniques for detecting multiple lanes, i.e. host lanes and
neighbor lanes, in near-view were proposed. In this chapter, techniques are proposed to
detect these lanes in far-view. Far-view is defined as the region of road surface that is
not immediately in front of the host vehicle. Extracting the host and neighbor lanes in
far-view involves the following challenges. First, the lane markings in far-view are fainter
than those found in near-view. The prominence of the intensity gradients of the lane
markings varies as we go from near-view to far-view. Fig. 4.1 illustrates this phenomena.
In the case of multiple lanes, the size of the lane markings also varies as the lanes are
traversed from near-view to far-view. Also, the host and neighbor lanes are bound by
dashed lane markings. In far-view, the dashed lane markings appear smaller than the
other features in the road scene such as vehicles, buildings etc. Therefore, detecting
these smaller and less prominent lane marking features in far-view in the presence of
other features is the first challenge. Next, lanes in far-view can be either straight or
curved. Unlike near-view, where the lanes are straight, the same lanes can appear as
straight or curved depending on the road curvature. Therefore, detecting whether the
lanes are straight or curving in far-view is the next challenge.
In this chapter, we first propose techniques to detect host and neighbor lanes in far-view
in Section 4.2 and 4.3. The proposed techniques detect and locate both straight lanes
and curved lanes in far-view. The effectiveness of the proposed techniques in detection
of lanes in far-view is then discussed in Section 4.4. Thereafter, the computational
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Figure 4.1: Prominence of lane markings’ reduces from near-view to far-view. Size of
lane marking features also decreases.

challenges of the proposed techniques are described in Section 4.5. In order to accomplish
fast lane detection process, we propose parallel block-based computation engines in
Section 4.6. The proposed techniques and architectures increase computation speed
by orders of magnitude, without increasing the overall computation cost. Thereafter,
in Section 4.7, techniques are proposed to efficiently combine block-based information
to generate global information, which is used to detect the host and neighbor lanes in
far-view. Finally the chapter is summarized in Section 4.9.

4.2

Extracting Host & Neighbor Lanes in Far-view

In this section, a technique is proposed to extract the host and neighbor lanes in far-view.
Considering that the roads, especially highways and major roads, are usually straight,
the proposed method first tries to find straight lanes in far-view using the cues from the
lanes detected in near-view. If it fails to detect straight lanes, then we check if the lanes
are curving in the far-view region. The proposed method involves in the following steps:
• Step 1: Setting far-view region and priori-information from near-view lanes
• Step 2: Extracting lane marking edges in far-view using block-based GMH techniques and priori information
• Step 3: Analyzing block-based information to extract positions of straight lanes in
far-view
– Step 3.1: Confirming presence of curved lanes in case straight lanes are not
found
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These steps will be described in greater detail and parallel techniques to compute these
steps efficiently are proposed. In order to detect the different lanes in far-view, the lane
information obtained from near-view is used to set the far-view region and priori information about lanes in far-view. Since the lanes in far-view are expected to be straight
lanes, the vanishing point from the host lanes in near-view are used to set the vanishing
point. The vanishing point defines the region in the image towards which all the lanes
are directed. The area in the image below the vanishing point is expected to show the
lanes. Therefore, the vanishing point can be used to define the near-view region. This
is shown in Fig. 4.2. Let the shaded blocks represent the near-view region where lanes
are detected (given by solid lines). Let the host lanes that are detected in near-view
be given by Lhl (ρhl , θhl ), Lhr (ρhr , θhr ) and neighbor lanes by Lf l (ρf l , θf l ), Lf r (ρf r , θf r ).
The (ρ, θ) indicate the position of the lanes as given by their Hough spaces. As discussed in Section 3.2.2.2 (equation (3.17)) in the previous chapter, the vanishing point
Vpt (xvpt , yvpt ) is computed using the host lanes Lhl (ρhl , θhl ), Lhr (ρhr , θhr ). It can be seen
from Fig. 4.2 that the vanishing point can be used to define the blocks that form the
far-view region. The solid white blocks in Fig. 4.2 form the far-view region in which the
lanes will be searched. In addition to setting the far-view region, the lanes in near-view

Figure 4.2: Defining far-view region using lanes from near-view.

also give some priori information about the lanes in far-view. If the lanes are straight,
then the far-view lanes will be as shown by the dashed lines in far-view blocks in Fig.
4.2. Therefore, the angular information about the lanes in far-view can be obtained
from the angular information of lanes in near-view. This information will be used in the
next steps to eliminate/reduce non-lane features.
The blocks in far-view are now processed to extract edges of the lane markings in farview. Since these edges are expected to be of varying prominence in terms of gradient
magnitudes, the proposed block-based GMH based technique is employed in the following
way to extract these lane markings. For every block in far-view region, the GMH is
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computed and the thershold boundaries are set to split the GMH into groups of edge
pixels having similar gradient magnitudes.
Next, each group of pixels from GMH is released and the positive and negative GAHs are
computed for the edge pixels (the computation process of GAH+ and GAH- is described
in Section 3.2.2). In order to evaluate the GAHs, the priori information from Step 1
is used. This priori information includes the angle orientations of the lane markings
in near-view. Let these priori information with angle orientations be given by the set
Pθ = {θhl , θhr , θf l , θf r }. If the lanes in far-view are straight lanes, they must also be
having similar angle orientations. Therefore, GAH+ and GAH- are analyzed for these
angles only. The edge pixels falling in these angle bins are retained and other edge pixles
are rejected.
As every group of edge pixels from the GMH is released, the accumulated GAH+ and
GAH- are computed by filling the bins corresponding to the angles in Pθ . This edge
pixel release process is terminated using the termination conditions that were described
in Section 3.2.2.2. It is expected that the lanes in the far-view region can be of low prominence in terms of gradient magnitudes. Therefore, the groups of edge pixels in GMH
must be released till a minimum threshold in GMH where the termination condition is
satisfied.
After reaching the termination condition, the bins in GAH+ and GAH- are checked to
see if the counts in them are greater than a minimum threshold. If these bins cross the
threshold in both GAH+ and GAH-, the positive and negative edge maps E + and E −
are generated. Fig. 4.3 summarizes the proposed technique to extract lane marking
edges in far-view.

Figure 4.3: Detecting host & neighbor lanes in far-view by generating global Hough
spaces from block level Hough spaces

After getting lane edge markings in each block B(i, j), Hough transform is applied to E +
+
+
and E − in every block to generate the Hough spaces HS(i,j)
and HS(i,j)
corresponding

to E + and E − respectively. These block-level Hough spaces are combined together to
generate global Hough spaces HS + and HS − . This addition of Hough spaces is shown
in Fig. 4.4. The peaks in HS + and HS − will indicate if there are any straight lines.
The difference between close peaks in HS + and HS − indicate pairs of close parallel
lines, which form the lane markings (this was discussed in Section 3.2.2.2).
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Figure 4.4: Detecting host and neighbor lanes in far-view by generating global Hough
spaces from block level Hough spaces

In order to find out if the blocks in far-view have straight lanes, the following analysis
is done using the peaks obtained from HS + and HS − . For the sake of explanation, the
peaks in HS + are used to describe the method. The same is extended to HS − also.
As shown in Fig. 4.2, let the host lanes in near-view be represented by Lhl (ρhl , θhl ) and
Lhr (ρhr , θhr ). Let the peak heights of these lines at (ρhl , θhl ) and (ρhr , θhr ) in the Hough
spaces be given by Phl and Phr . In the global Hough spaces generated from the blocks
in near-view and far-view, i.e. HS + and HS − , let (ρhlf , θhlf ) and (ρhrf , θhrf ) be the
peak locations in HS + with peak heights given by Phlf and Phrf . In order to check if
there are straight lanes in far-view, the following are computed:
δρhl = |ρhl − ρhlf |

δρhr = |ρhr − ρhrf |

δθhl = |θhl − θhlf |

δθhr = |θhr − θhrf |

(4.1)

δPhl = |Phl − Phlf | δPhr = |Phr − Phrf |
The following conditions are checked for the differences found above for the peaks in
HS + and HS − .
0 ≤ δρhl ≤ Tδρhl

0 ≤ δρhr ≤ Tδρhr

0 ≤ δθhl ≤ Tδθhl

0 ≤ δθhr ≤ Tδθhr

TδPhl ≤ δPhl

TδPhrf ≤ δPhr

(4.2)
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where T s in the above equations represent thresholds that are set based on the region size.
If these conditions are met in both HS + and HS − , then straight lanes are considered
as present in far-view at (ρhlf , θhlf ) and (ρhrf , θhrf ). In Section 4.4.1, we illustrate how
this method detects the far straight lanes for different road scenarios.

4.3

Extending Block-based Technique for Detecting Curved
Lanes

If a straight lane is not detected using the technique described above, then the far-view
region is checked for curved lanes. Unlike curve fitting models to detect the curved lanes,
a technique based on linear approximation of the curve is proposed in this section. The
technique is described as follows.
Firstly, it must be noted that all lanes curve in the same direction. If the direction of
curvature of the host lane is detected, the directions of the neighbor lanes can be also be
determined. Therefore, the curvature of the host lane is determined as the first step. The
near-view information of the host lane and the additive property of the Hough transform
are used to accomplish this. The proposed method is shown first for the left host lane.
+ +
− − −
The same can be extended to the right host lane. Let L+
hl (ρhl , θhl ) and Lhl (ρhl , θhl )

represent the positive and negative edge of the left host lane, which are detected in the
+ +
near-view blocks. For the sake of explanation, the positive edge L+
hl (ρhl , θhl ) is used in

the explanations below.

Figure 4.5: Straight lanes and their locations in blocks

The first step to find the curvature of the lane is to determine the blocks which the
host lane would have covered if the lane were straight. Referring to Fig. 4.5, if the
lane were straight lane, the left host lane given by L+
hl would have covered the blocks
indicated as shown in the figure. The axes give the indices of the block. Therefore, if the
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lane were straight, the left lane found in block B(8, 2) in near-view region, would have
traversed through blocks B(7, 2), B(7, 3) and B(6, 3) in far-view region before hitting
the vanishing point Vpt . In order to find out the curved trajectory, we first locate these
blocks and check for the curvature of the lane block by block in the following fashion.
In order to locate these blocks, the Hough transforms of the block origins are used. If
the image is divided into Mb × Nb blocks and if Vpt is found in block B(m, n), then a
Mb − m + 1 × Nb matrix Gθ+ is defined in the following way:

Gθ +



+
+
ρ+
ρ
·
·
·
ρ
(m−1,2)
(m−1,Nb )
 (m−1,1)

+
+
 ρ+

ρ
·
·
·
ρ
 (m,1)
(m,2)
(m,Nb ) 
=

..
..
..


.
.
.


ρ+
(Mb ,1)

ρ+
(Mb ,2)

···

(4.3)

ρ+
(Mb ,Nb )

where each element ρ+
k,l in Gθ+ is the global Hough transform values of the origin of
+ +
+
. For the left host lane L+
block B(k, l) for the angle of the left host lane, i.e. θhl
hl (ρhl , θhl )

in Fig. 4.5, Gθ+ is given by:

Gθ+



+
+
ρ+
ρ
·
·
·
ρ
(5,2)
(5,6)
 (5,1)

+
+ 
ρ+
 (6,1) ρ(6,2) · · · ρ(6,6) 
= .
.. 
..
 ..
.
. 


+
+
+
ρ(8,1) ρ(8,2) · · · ρ(8,6)

(4.4)

We now define a theorem that will be applied on Gθ+ to locate the blocks through which
L+
hl will pass.
Theorem 4.1. Given a horizontal edge E defined by two points E1 (x1 , y1 ) and E2 (x1 , y2 ),
such that y2 > y1 , a line l(ρ, θ) intersects E at a point between E1 and E2 if and only if:
ρE1 < ρ < ρE2

(4.5)

where ρE1 and ρE2 are computed for the same angle θ representing l, in the following
way:
ρE1 = x1 cos θ + y1 sin θ
ρE2 = x1 cos θ + y2 sin θ

(4.6)

Proof. The (ρ, θ) pairs given by (ρE1 , θ) and (ρE2 , θ) represent two parallel lines lE1 and
lE2 passing through E1 and E2 respectively as shown in Fig. 4.6. If ρ of the given line
l(ρ, θ) is such that ρE1 < ρ < ρE2 for the same θ, then l is parallel to lE1 and lE2 and
is passing between E1 and E2 as shown in Fig. 4.6. Mathematically, the line l(ρ, θ) can
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be represented in its parametric form as:
l : ρ = x cos θ + y sin θ

(4.7)

Substituting a point (x1 , y3 ) in l above, if ρE1 < ρ < ρE2 , then y1 < y3 < y2 .

Figure 4.6: Straight lanes and their locations in blocks

Using this theorem, given a line and two points, it can be found if the line passing
through a point located on the line joining the two given points.
This theorem is now used to find the blocks through which the left host lane L+
hl
passes. We define two functions fx : <(Mb −m+1)×Nb → <(Mb −m+1)×Nb −1 and fy :
<(Mb −m+1)×Nb → <(Mb −m)×Nb which map fx : Gθ+ → Gxθ+ and fy : Gθ+ → Gyθ+
such that:
Gxθ+ (i, j) = 1 if Gθ+ (i, j) < ρ+
hl < Gθ+ (i, j + 1)
Gyθ+ (i, j) = 1 if Gθ+ (i, j) < ρ+
hl < Gθ+ (i + 1, j)

(4.8)

According to Theorem 4.1, a 1 at Gxθ+ (i, j) indicates L+
hl intersects the horizontal lower
edge between the block origins of B(i, j) and B(i, j + 1). Similarly a 1 at Gyθ+ (i, j)
indicates L+
hl intersects the vertical edge between the block origins of B(i, j) and B(i +
1, j). For the illustration shown in Fig. 4.5, Gxθ+ and Gyθ+ will results in:

Gxθ+


0

0

=
0

0

0 0 0 0






0
0
0
1
0
0


0 1 0 0

 Gyθ+ = 
0 0 1 0 0 0

 .
1 0 0 0

0 0 0 0 0 0
1 0 0 0

(4.9)

Mapping the rows and columns of Gxθ+ and Gxθ− obtained above, to the axes of
the blocks in Fig. 4.5, the path traversed by the left host lane L+
hl can be deduced
as: B(8, 2) → cuts the lower edge of B(7, 2) → cuts left edge of B(7, 3) → cuts the
lower edge of B(6, 3) → before meeting the vanishing point. In this manner, the exact
trajectory of the line can be traced from block to block.
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This is the path if the host lane in near-view follows a straight path in far-view. According to the method proposed in Section 4.2, if it is found that the lane is not straight in
far-view, the lane will not follow the path as obtained from the above process. In order
to check how the road is curving, we try to follow the straight path block-by-block.
Let us now consider the curved lane given by the solid lines as shown in Fig. 4.7. The
+ +
method is described first for the left lane given by L+
hl (ρhl , θhl ). From the near-view

information, the left lane is expected to follow the dotted line (as described above).
Therefore, the blocks in far-view region it would traverse are B(7, 2) → B(7, 3) →
B(6, 3). In order to check the curvature, we traverse from one block to the next and

Figure 4.7: Curved lane in far-view

check if the lane feature is found at the (ρ, θ) values that describe the lane marking.
In the case shown in Fig. 4.7, block B(7, 2) is first checked for the presence of line
+
at (ρ+
hl , θhl ). Since there is a line at the specific (ρ, θ) value, the next block B(7, 3) is

checked. In B(7, 3), it can be seen that lane is curving to the left (the solid curve)
and is not along the straight path (the dotted line). When Hough transform is applied
to the edge map of B(7, 3), it will be seen that a peak is found at a different (ρ, θ).
Let this straight line be given by l(7,3) (ρ(7,3) , θ(7,3) ). Now Theorem 4.1 is applied to the
edges around B(7, 3) to check the path traversed by l(7,3) (ρ(7,3) , θ(7,3) ). The next block
indicated in this process is B(6, 3). The whole process is now repeated for B(6, 3) with
the new (ρ, θ) value given by l(7,3) (ρ(7,3) , θ(7,3) ). In other words, the presence of line
l(7,3) is checked in B(6, 3). On repeating this process, it will be seen that a new line
l(6,3) (ρ(6,3) , θ(6,3) ) will be found in B(6, 3). This becomes the input for the next block
that will be processed. This process is repeated till the designated far-view region is
covered (more details about this will be discussed in the next sub-section). Fig. 4.8
shows the result of this linear approximation resulting the curvature of the road. If the
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left lane curves to the left, the right lane also should curve to the left. This information
is used to infer the curvature of the right lane.

Figure 4.8: Linear approximation of curved lane in far-view

An illustration of the proposed method on a real road image is shown in Fig. 4.9. The
input image scene is shown in Fig 4.9(a). The lane information of the left host lane in
◦
near-view is marked in Fig. 4.9(b). The (ρ, θ) tuples for the lane edges are L+
hl (751, 55 )
◦
and L+
hl (744, 58 ). After applying Theorem 4.1, the block on top left corner is suggested

for processing. The edge map of this block is shown in Fig. 4.9(c). It can be seen that
the edge map does not show the lane marking in the direction of the host lane. Fig.
4.9(d) shows the Hough space of the edge map giving a peak at (−80, −58◦ ). Fig. 4.9(e)
shows this line superimposed on the edge map resulting in the curvature of the lane as
shown in Fig. 4.9(f).

4.4

Results & Evaluation

In this section, we first evaluate the effectiveness of the proposed lane detection technique
for far-view. Then we discuss the proposed linear approximation based curved lane
detection technique.

4.4.1

Straight lane detection in far-view

The proposed technique was applied on images with straight lanes with varying road
scenes. Some of the test cases are shown in Table 4.1, which will be used to illustrate
the effectiveness of the proposed techniques. Since the proposed technique detects the
the presence and location of the lanes in far-view using the information obtained from
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Figure 4.9: Illustration showing linear approximation of curved lane in far-view

the near-view, we show the near-view information for each lane in every test image in
Table 4.1 and then list its far-view information. The sub-tables that are shown in the
second column in Table 4.1 shows the lane parameters of the near and neighbor lanes.
By “lane parameters”, we mean the following near-view and far-view lane information:
• ρ − θ values of the lanes in near-view and far-view, shown by ρnv , θnv and ρf v , θf v
respectively.
• The peak heights p of the lanes in near-view and far-view, shown by pnv and pf v
respectively.
• The difference of ρs, θs and ps between near and far-view, shown by δρ , δθ and δp .
These different lane parameters are shown for the left and right host lanes (LHL and
LHR ), and the left and right neighbor lanes, i.e. LHL−1 and LHR+1 as shown in Table
4.1.
As discussed in Section 4.2, a lane is detected correctly in far-view if δρ and δθ are less
than a small deviation and δp is high. In other words, the location of the lanes in near
and far-view should be same or similar but the Hough accumulation peak height should
be high indicating the presence of the same lane in far-view. In Table 4.1, in order to
detect the presence of straight lane in far-view, the thresholds for δθ and δρ are set to 5◦
and 20 respectively. In most cases, the angle deviation is less than 5◦ . The deviation is ρ
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varies due to the presence of parallel lines in lane markings but the maximum deviation
is less than 20. The deviation in peak height, i.e. δp is also critical in finding the lane in
far-view. In cases (a) & (d), the right host lane is a continuous lane boundary marking
and hence, it can be seen that δp in these cases is higher as compared to those with
dashed lane markings like (b) & (c). In dashed lane marking cases, the δp is dependent
on prominence of the dashed lane marking. For example the right dashed lane marking
in (b) is more prominent than (c). Therefore, the δp in (b) is 32 as compared to 14 in
(c). Similar observations can be seen in other cases also, which included rainy conditions
also. Also in (d), we consider the night conditions. It was found that as long as the
lane markings are correctly extracted from the image scene, the proposed method works
correctly in deducing whether there is lane in far-view.
Table 4.1: ρ − θ values of lanes in near and far-view
Test Image

Lane parameters

ρnv

θnv

pnv

ρf v

θf v

pf v

δρ

δθ

δp

hl

765

60

31

765

60

47

0

0

16

hr

-100

-51

67

-83

-50

102

17

1

35

fl

670

78

107

670

78

148

0

0

41

0

0

0

fr
(a)

ρnv

θnv

pnv

ρf v

θf v

pf v

δρ

δθ

δp

hl

774

60

29

773

59

82

1

1

53

hr

-121

-52

17

-118

-52

49

3

0

32

fl

678

76

84

678

76

149

0

0

65

fr

-121

-52

17

-118

-52

49

3

0

32

ρnv

θnv

pnv

ρf v

θf v

pf v

δρ

δθ

δp

hl

745

45

36

740

44

48

5

1

12

hr

-272

-61

51

-255

-60

65

17

1

14

fl

676

75

66

673

75

98

3

0

32

fr

-462

-78

57

-465

-78

134

3

0

77

(b)

(c)

ρnv

θnv

pnv

ρf v

θf v

pf v

δρ

δθ

δp

hl

750

60

46

750

60

57

0

0

11

hr

-158

-55

54

-142

-54

71

16

1

17

fl

651

78

66

651

78

80

0

0

14

0

0

0

fr
(d)
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Curved lanes in far-view

We now discuss the case of curved lanes. Firstly, it is observed that in highway conditions, the roads are usually straight. It was seen that in over 30 kms of test video
that was captured, the curvatures of most curves were too gradual to be considered as
curved roads. Also, it was observed that the curvature in far-view occurs more than
30-40 meters away from the host vehicle. In the image plane, the lane features forming
such curvatures in far-view are not prominent enough. They are either too faint to be
picked up by the edge detection phase or even if the edges are detected, they appear
to be like dots which do not form any peaks in the Hough space. This is illustrated in
the image shown in Fig. 4.10. The image is divided into grids to show the near-view
and far-view blocks. The edge map of each block is shown in Fig. 4.10 shows that the
edges are not prominent in the far-view, especially when the curve is too far away in the
far-view (more than 30-40 meters).

Figure 4.10: Curved road markings in far-view not picked up by edge detection.

Therefore, we can detect the curvature of the road only if the curvature occurs in what
we call as the near-far-view. Near-far-view is defined as the lower-half of the blocks in
the 7th row. If the curvature is not prominent in this region, we consider that the road
is curving (because the far-view straight lane detection is saying so) but the curvature
is not traced in such cases.
We will now apply the proposed techniques to detect the curved roads in the near-farview region, which is defined as region less than 30m in front of the host vehicle. Table
4.2 shows two examples of curved road cases, where the curvature is seen in the nearfar-view. We explain the results using (a) in Table 4.2. As discussed in Section 4.3,
before looking for the curved lanes, we look for the straight lanes in the far-view. It
can be seen from the second column in Table 4.2, that for case (a) the peak height does
not show too much of a difference (less than 10) for the right host lane. The deviation
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in the peak height for the left host lane is 14 (> 10) indicating that the lane could be
straight. However the right lane does not show a peak for the same (ρ, θ). When such
a case is detected, there is a possibility of the lane curving to the right in the far-view.
Using the proposed technique of traversing through blocks as discussed in Section 4.3,
we detect that the right host lane hr shows peak at (818, 68◦ ). This indicates that the
lane is curving on the right. The figure in Table 4.2 shows the plot of the lines that are
detected in the two blocks where the lane eges are prominent enough to deduce that
the lane is curving to the right. The reason for the left lane showing a straight nature
is also evident from the figure as the left lane is indeed straight partly in the far view.
The curvature of the left lane is prominent later in the far-view as indicated by the pink
lines in the figure. The other cases in Table 4.2 can also be explained similarly.
Table 4.2: Curved lane detection using proposed technique

hl
hr

ρnv

θnv

pnv

ρf v

θf v

pf v

δρ

δθ

δp

726

70

42

726

70

56

0

0

14

658

82

32

24

-45

72

0

0

6

818

68

21

24

-45

66

(a)

hr

ρnv

θnv

pnv

ρf v

θf v

pf v

δρ

δθ

δp

-39

-49

78

-39

-49

80

0

0

2

477

-15

25

(b)
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Effect of Block Size for Curved Lane Detection

The accuracy of the linear

approximation of the curved lane is dependent on the size of the edge block which is
being used to find the curve. The block size determines the sensitivity to which the
curve can be approximated as a straight line. The actual curvature of the lane and
the block size together can be used together for better linear approximation of the
curve. This is explained as follows. If the curvature of the lane is large, it implies that
lane is curving fast. If an Mb × Nb sized image block is used to capture such a curve
(with large curvature), the linear approximation will not accurately capture the entire
curvature, because the entire curvature in the block is being approximated using only
one line equation. However, if the image block is further divided into smaller blocks,
the curvature of the lane is captured as smaller straight lines across the smaller image
block. This is illustrated in Fig. 4.11. It shows an input image having curved right lane
in blocks B(7, 6) and B(8, 6), block size being 90 × 128. The near view is captured as
a straight line in B(8, 6). On applying the proposed straight lane detection in far-view,
we see the following (ρ, θ) values for the right lane:
(ρnv , θnv ) = (−51, 122)

(4.10)

(ρf v , θf v ) = (−51, 122)
pnv = 64
pf v = 62

The above values show that there is no straight lane in the far-view. With the block size
set to 90 × 128, when we look at B(7, 6), we see a peak at (ρ, θ) = (−17, 629). Therefore,
for a block size of 90 × 128, the curved right lane is approximated using the two lines
(−51, 122) and (−17, 629) as shown in Fig. 4.11 (d). Now, if we divide B(7, 6) further as
shown in Fig. 4.11 (c), on applying the proposed curved lane detection technique in these
smaller blocks, we get two lines: (−33, 406) and (−13, 691). These values approximate
the curvature better as shown in Fig. 4.11 (e).
This division of the image is smaller blocks is needed only if the curvature of the curve is
higher. However, if the curvature is not so curved, larger block sizes give good approximation of the curvature of the road, if straight lanes are found in the far-view. Most
highway roads do not show such steep curves as shown in Fig. 4.11 (this image was
taken in one of the interior minor roads in the University). More work on the detecting
the nature of the curvature and extracting curves in an image using GAH and varying
the block sizes is presented in our work in [201].
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Figure 4.11: Illustration to show the effect of block size on linear approximation of the
lane curvature. (a) Input image divided into blocks of size 90 × 128, (b) Blocks showing
edge map of the curved right lane, (c) Smaller blocks dividing the curvature further,
(e) Linear approximation of the curve using bigger blocks, (f) Linear approximation of
the curve using smaller blocks.

4.5

Computational Challenges

The proposed techniques discussed in the previous sections involve block-based Hough
transform computation on the edge maps generated by the GMH-GAH-HT engines in
every block. However, processing them serially in a block based manner is computationally inefficient. In the case of straight lane detection for far-view, Hough transform is
computed for 2 or sometimes 3 rows of blocks. And thereafter, the Hough spaces of each
block are summed together. Since the edge maps of each block are available together,
computing the HT of all these edge maps in a parallel fashion can improve the computational efficiency. Computing the HT at block level in parallel using the conventional HT
method is common. However, this is computationally inefficient as every block needs
to apply the HT equation. The computational complexity can be illustrated using the
following sample scenario. Let us recall the HT computation equation:
ρ = x cos θ + y sin θ

(4.11)

Therefore, every HT computation involves 2 multiplications, 2 trigonometric operations
and 1 addition. For a given block of size Mb × Nb with p × (Mb Nb ) number of edge
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pixels, the total computations for computing the HT of edge block equal:
2pMb Nb multiplications

(4.12)

2pMb Nb trigonometric operations
pMb Nb additions
These are the total number of operations for one block and ‘one’ angle in Hough space.
For Nθ = 180 angles, we will have an addition Nθ factor in the above terms. For two
rows of 10 blocks each, we need 20 such processing engines, which compute the above
HT equation Nθ times. Therefore, it can be seen that parallelizing the HT computation
across blocks using conventional means can be computationally costly.
Another major challenge is that each of the blocks will give the Hough accumulation
spaces (for Nθ angles) that are local to the image block coordinates. The Hough spaces
need to be first normalized to the origin of the entire image and then added together
(as shown in Fig. 4.4 for far-view lane detection). This involves enormous amount of
computation resources. An estimate of the computation resources in shifting the Hough
spaces to image origin and then adding them can be derived as follows. Assume we
have an image of size 720 × 1280, then the ρ × θ Hough space size for 180 angles is
typically given by 2900 × 180. If the image is divided into blocks of size say 90 × 128,
then the block level Hough space is of size 312 × 180. Each entry in the block level space
(per angle) needs to be mapped first to Hough space of the entire image. Therefore,
312 × 180 memory accesses are needed. Thereafter, every entry in the 2900 × 180 for
every block is added to each other. If there are 16 blocks, the total number of additions
would be nearly 8.35 million. Therefore, a serial combination of these Hough spaces is
computationally inefficient.
In the sections that follow, these two challenges will be addressed. Firstly, a novel
computation efficient method called the Additive Hough Transform (AHT) is proposed
to compute HT of the edge blocks in parallel. This method generates Hough spaces
for every block in a parallel fashion, that are already normalized to the image origin.
Next, the properties of AHT are further extended to develop a hierarchical technique to
combine the block-level Hough spaces in a computationally efficient manner.

4.6

Parallelizing Hough Transform Computation

Most existing HT computation methods are not parallelized to compute the HT of several
pixels simultaneously because they are constrained by serial reading of the edge map
itself. The parallel implementations either parallelize the angle space but not the pixel
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coordinates, or employ extensive mesh arrays and pyramidal processors. In this section,
an efficient block-based parallel implementation is proposed based on a novel parallel HT
computation method called the Additive Hough Transform (AHT), first introduced by
us in [202]. It is shown that the proposed method yields significant performance gains.
Further, optimizations for managing area costs are also proposed. The proposed AHT
based design is compared against some of the existing HT computation implementations
to evaluate the timing, area cost and area-time tradeoffs.

4.6.1

Parallel Additive Hough Transform (AHT)

We propose a novel algorithm that lends well for parallelizing the computation of HT.
Let us recall the Hough transform computation as shown below:
ρ = x cos θ + y sin θ

(4.13)

Using the above equation, we propose what we call as the additive property of HT as
the following. Referring to Fig. 4.12, the additive property of HT is given by:
HT (A, O) = HT (A, B) + HT (B, O),

(4.14)

where A and B are two points in the image space, O is the origin and HT (X, Y ) represents the HT of point X with respect to (w.r.t) point Y . This implies that the Hough
transform of point A w.r.t image origin O is the summation of the Hough transform of
A w.r.t a local point B and the Hough transform of the local point B w.r.t O. This
property can be proved in the following way. Let l1 and l2 be two parallel lines passing
through points A and B respectively. Since l1 ||l2 , the angle made by the perpendicular
(⊥) from origin O to l1 with the x-axis is equal to the angle subtended by the ⊥ from
B to l2 as shown in Fig. 4.12. If we consider B as origin, for the given angle θ, the ⊥
from B to l1 is the HT of A w.r.t B, i.e. HT (A, B). Also, the ⊥ from the image origin
O to l2 is the HT of B w.r.t O, i.e. HT (B, O). From Fig. 4.12, since l1 ||l2 , the HT of
A w.r.t O, i.e. HT (A, O) is equal to the summation of HT (A, B) and HT (B, O). The
additive property is illustrated in detail with an example in [202]. For the rest of the
section, the HT of a point A w.r.t a local point B, i.e. HT (A, B), is referred as ‘local
HT’ and the HT of A w.r.t image origin O, i.e. HT (A, O), is referred as ‘global HT’.
This additive property of HT can be exploited to compute the HT of an edge map in a
parallel fashion. We call the proposed parallel computation technique as the Additive
Hough Transform (AHT). A binarized edge map is considered as the input for HT
computation wherein a pixel value of ‘1’ indicates an edge pixel and ‘0’ indicates a nonedge pixel. For the sake of explanation, we initially assume m × m sized images, where
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Figure 4.12: Additive property of the Hough transform; l1 and l2 are two parallel
lines passing through A and B respectively.

m is a power of two, such as 64 × 64, 128 × 128 and so on. The derivations are later
extended to m × n sized images (m 6= n) commonly used in practical video processing
applications.

Figure 4.13: Edge map divided into 16 blocks using a 4 × 4 grid and showing spatially
equivalent points in two different blocks.

In order to explain the AHT, let us consider an m × m sized edge map that is divided
into k 2 blocks using a k × k grid, where k is the grid resolution. An example is shown in
Fig. 4.13 for a 4 × 4 grid. For now, let us assume m is divisible by k. The case for m not
divisible by k will also be considered later. For each block b(u, v), the bottom-left pixel
coordinate is considered as the local origin Ob(u,v) . The global HTs of the local origins
are given by HT (Ob(u,v) , O), where O is the image origin. If we take a point P in a
block b(u, v), the local HT of P w.r.t the local origin Ob(u,v) is given by HT (P, Ob(u,v) ).
According to the additive property of HT, the global HT of P in b(u, v) can be computed
by summing HT (P, Ob(u,v) ) and HT (Ob(u,v) , O).
Observation 1: Points from different blocks with the same relative position w.r.t their
local origins have the same local HTs. For example, in Fig. 4.13, HT (P, Ob(u,v) ) =
HT (P 0 , Ob(m,n) ) and HT (Q, Ob(u,v) ) = HT (Q0 , Ob(m,n) ). This implies that the local
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HTs can be computed for only one block and the same values can be reused to compute
the global HTs of all points in the entire edge map.
We now formulate the parallel AHT technique using the following set of equations. Let
us consider a k × k matrix G(θ) , which has the global HTs of the local origins of all k 2
blocks. G(θ) is defined as:


G(θ)

(θ)

G
 . b(0,k−1)
 .
 .
=  (θ)
 G
 b(0,1)
(θ)
Gb(0,0)

(θ)


(θ)
Gb(k−1,k−1)

..

.

,
(θ)

· · · Gb(k−1,1)

(θ)
· · · Gb(k−1,0)

Gb(1,k−1) · · ·
..
..
.
.
(θ)

Gb(1,1)
(θ)

Gb(1,0)

(4.15)

(θ)

where Gb(u,v) is the global HT of local origin Ob(u,v) of block b(u, v) for a given angle θ
in the Hough space. When an m × m sized edge map is divided into blocks using k × k
grid, we get blocks of size (m/k) × (m/k). Let L(θ) be an (m/k) × (m/k) sized matrix
comprising of the local HTs of all the (m/k)2 pixels in the block w.r.t to the local origin.
From Observation 1, L(θ) is computed for only one block and not all the k 2 blocks. L(θ)
is written as:


L(θ)

(θ)

(θ)

L(0, m −1) L(1, m −1) · · ·
k
k
..
..
.
.




=
 (θ)
 L(0,1)

(θ)
L(0,0)

(θ)



(θ)




,




L( m −1, m −1)
k
k
..
.

L(1,1)

(θ)

· · · L( m −1,1)

(θ)

· · · L( m −1,0)

L(1,0)

k

(θ)

(4.16)

k

(θ)

where L(i,j) is the local HT of the pixel coordinate (i, j) w.r.t the leftmost bottom pixel
position considered as local origin for a given angle θ in the Hough space.
Now, from the m × m sized edge map E, we generate a k × k matrix I(i,j) consisting
of binary pixels from E which are sampled at an interval of k. In other words, I(i,j)
contains k 2 edge pixels, one from each of the k 2 blocks in E, which are located at the
same relative position (i, j) w.r.t their respective local origins. I(i,j) matrix is defined
as:



I(i,j)

E(i,j+(k−1)k) · · ·
 .
..
 .
.
 .
=
 E
 (i,j+(k−1)) · · ·
E(i,j)
···


E(i+(k−1)k,j+(k−1)k)

..

.

,
E(i+(k−1)k,j+(k−1)) 

E((i+(k−1)k),j)

(4.17)

where 0 ≤ {i, j} < m/k. Using (4.15), (4.16) and (4.17), the parallel Additive Hough
Transform technique can be mathematically written as
(θ)

(θ)

H(i,j) = G(θ) · I(i,j) + L(i,j) · I(i,j) ,

(4.18)
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(θ)

where H(i,j) is a k × k matrix consisting of global HTs of the k 2 edge pixels in I(i,j) . In
(4.18), for a given (i, j) and θ, k 2 pixels in E from k 2 blocks are fetched into I(i,j) . The
(θ)

scalar value L(i,j) from L(θ) matrix gives the local HT of all the k 2 points in I(i,j) for θ,
because all these k 2 pixels are at the same relative position (i, j) w.r.t their local origins.
The · operator in (4.18) represents element-wise multiplication. A one in I(i,j) indicates
an edge pixel for which the global HT has to be computed. So in (4.18), for an edge
(θ)

pixel in I(i,j) , the local HT L(i,j) is added to the global HT of its local origin in G(θ) to
give the global HT of that edge pixel for θ in the Hough space. Thus the AHT enables
computation of global HTs of k 2 edge pixels in parallel. As (i, j) is scanned from (0, 0)
to ((m/k) − 1, (m/k) − 1), the Hough space of the entire edge map E for the angle θ is
computed in (m/k)2 iterations.
Fig. 4.14 shows the edge maps of two 256 × 256 sized images and their corresponding
Hough spaces generated using conventional HT and the proposed AHT techniques. For
each test image, the Hough spaces from both the methods were compared and it was
found that they are identical, thereby validating the functionality of the proposed AHT
technique.

Figure 4.14: Edge maps of two test images in (a) and (b) followed by Hough spaces
generated by conventional HT in (c) and (d) and the proposed AHT in (e) and (f).

4.6.2

Block-based AHT Computation Architecture

In this subsection, we derive a parallel implementation of the proposed AHT technique.
Since the computation of HT in (4.13) depends only on the image coordinates and
angles in the Hough space, G(θ) and L(θ) in (4.15) and (4.16) are constants and can be
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precomputed for all θs in the Hough space. It should be noted that L(θ) is computed for
one (m/k) × (m/k) sized block only and each value in L(θ) is used to compute HTs of k 2
pixels. LUTs are used in the proposed implementation to store only the L(θ) matrices
for all angles. As it will be shown later, the G(θ) matrices do not incur any additional
memory cost.
Firstly, the block size is given by (m/k) × (m/k) and hence the total LUT size required
to store L(θ) matrices for all nθ angles in Hough space is equal to AL = (m/k)2 nθ words.
We reduce this LUT space by nearly 50% by exploiting the symmetry of coordinates in
a square block based on the proposed theorem below:
Theorem 1: In an l × l sized image with origin at bottom-left corner pixel,
ρ(x, y, θ) = ρ(y, x, 90◦ − θ)

(4.19)

ρ(x, y, 90◦ + θ) = −ρ(y, x, 180◦ − θ),
where (x, y) ∈ {(x, y)|x ≤ l − 1, y ≤ l − 1, y ≤ x}, angle 0 ≤ θ ≤ 90◦ and ρ(a, b, θ) =
a cosθ + b sinθ.
Proof: Using (4.13) and trigonometric equalities for complimentary and supplementary
angles, the above two equations can be proved for the ranges stated for θ and (x, y).
This theorem and its implication on memory savings are illustrated using an 8 × 8
block in Fig. 4.15. Each square represents a pixel and the coordinates of the shaded
squares along the diagonal satisfy the relationship x = y. The coordinates of all the
squares, which are on and below this diagonal (indicated by crosses) satisfy y ≤ x.
According to Theorem-1, it is sufficient to store the HTs of only these crossed pixel
locations. The HTs of the symmetrically opposite pixel locations (the diagonal being
axis of symmetry) in the upper half can be found from the HTs of their corresponding
mirror pixel coordinates in the lower half. This implies that the local HTs of only about
half the block need to be precomputed and stored. This reduces the size of the LUT
from (m/k)2 nθ to ((m/k)2 + m/k)nθ /2 words, where nθ is the number of angles in the

Figure 4.15: An 8×8 block to illustrate Theorem 1. The local HTs of pixel coordinates
marked with × only need to be stored.

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Chapter 4

103

Hough space. For example, for the 8 × 8 block in Fig. 4.15, the LUT space reduces from
64nθ words to 36nθ words.
The proposed LUT-based parallel implementation is shown in Fig. 4.16 for k = 4. It
comprises a bank of LUTs and a two-dimensional (2-D) computation array of processing
elements (PEs). The LUT-bank has nθ LUTs. Each LUT stores the local HTs of
coordinates in the lower half of the block only (applying Theorem - 1).
The 2-D computation array has k 2 PEs. In Fig. 4.16 for k = 4, there are sixteen PEs
where each PE is associated with its spatially corresponding block of pixels in the edge
map. Matrix I(i,j) in (4.17), consisting of k 2 spatially equivalent binary pixels for k 2
blocks, is fed as an input to this array. (i, j) is also used to generate the address for
(θ)

the LUT-bank. The LUT-bank outputs nθ number of L(i,j) local HT values for the
coordinate position (i, j), one for each of the nθ angles. These are also sent as inputs to
the computation array. Thus, a single read per angle results in the local HT value to be
sent to all k 2 PEs in the computation array.
Each PE in the array is a bank of nθ constant adders (CA) as shown in Fig. 4.16. The
square box  below the CA in Fig. 4.16 represents the output register to hold the ρ
values. Using a constant adder serves two purposes. Firstly, a CA in P E(u, v) acts a
memory element to store the global HT of the local origin of the corresponding block
b(u, v) for a given θ. This is possible because in the AHT, for a given image size, the
(θ)

global HTs of the local origins are constants. In other words, Gb(u,v) in (4.15) is stored
as a constant input to the adder. Using a CA helps to eliminate the need for a separate

Figure 4.16: Proposed AHT-based parallel implementation.
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LUT to store G(θ) matrices. The second advantage of using a CA is that it reduces the
hardware cost by almost 50% due to reduced combinational logic [203].
To summarize, in every clock cycle, the k 2 PEs receive k 2 pixels from the edge map in I.
They also receive the local HTs for all angles for a given local coordinate position (i, j),
(θ)

i.e. L(i,j) s. A ‘1’ in I(i,j) indicating an edge pixel is used as an enable signal to constant
adders that add the local HTs to the global HTs. This process results in global HTs for
all k 2 pixels and for all nθ angles in parallel.
In the case when m is not a perfect multiple of k, each block in the interior of the
grid is set to have dm/ke × dm/ke pixels. The blocks at the boundary will then have
lesser number of pixels. However, this does not affect the computations in the proposed
implementation. The only difference in this case is that the PEs at the boundaries of
the computation array have to be either fed with zeros or shut down for missing pixel
positions, i.e. for pixel positions exceeding the image size. It is important to note that
the PEs still function as explained above for all the ‘valid’ pixel positions.
Although the proposed implementation of the AHT is LUT-based, variations using alternate computing engines like CORDIC or DA are possible, depending on user requirements like scalability and flexibility. The distinct advantage of our approach is that,
even if the LUT is replaced with alternate computing engines such as CORDIC and DA,
the order of speed-up will be similar, as they are based on the AHT.

4.6.3

Performance & Computation Cost Evaluation of AHT

In this section, we analyze the total computation time T , total area cost A and area-time
product AT of the proposed AHT based implementation. These metrics are specifically
compared with different kinds of efficient hardware implementations of HT computation
like iterative and pipelined CORDIC [80, 82], parallel-angle serial addition [83], DAbased [84], multi-sector based [98] and gradient angle based [93]. The analysis is done
on application specific HT computation implementations only and does not include
HT computation on reconfigurable mesh array processors like PARBUS, NCUBE and
RMESH [85, 86].

Computation Time
After a detailed study of the different HT computation implementations in literature, it
was found that all the architectures in [79–84, 92, 93] read the edge map serially in a
raster scan method. Though the implementations in [81, 83, 84, 98] are parallelized to
compute the HT of different angles, they still read the edge map serially. Consequently,
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irrespective of whether the pixel is an edge pixel or not, m2 cycles are needed to read
an m × m sized edge map. In addition, for every edge pixel, α additional cycles are
required to compute the HT. If p is the fraction of edge pixels in the edge map such that
0 ≤ p ≤ 1, the total computation times of these techniques can be generalized using the
following expression:
T = m2 + αpm2 = (1 + αp)m2 .

(4.20)

Table 4.3 lists T of the various HT computation implementations that are chosen for
comparison. It can be seen that α is either a constant or a function of the number of
angles nθ in the Hough space. For the CORDIC based implementations in [80, 82], α
also depends on the number of iterations nc of the CORDIC engine. In the parallel
multi-sector based architecture in [98], α is given by Crescale + Msteps , which depends on
the number of angle spaces and the processors used to parallelize HT computation across
angles in Hough space. In the gradient based approach [93], where HT is computed only
for the gradient angle in a pipelined manner, a pipeline latency of Ns is incurred, as
shown in Table 4.3.
In the proposed implementation based on the AHT, not only are the ρ values for all the
nθ angles computed in parallel, the ρ values of k 2 pixels are also obtained in parallel.
For all the k 2 pixels located at the same relative position in the blocks, the addition


of local HT to the global HTs in the computation array takes one cycle. So (m/k)2
cycles are needed for computing the HT of the entire edge map. The reading of the local
HTs from the LUTs and k 2 edge pixels from memory units (which store the sub-edge
maps) can be pipelined with the HT computation. This would lead to a pipeline latency


of one cycle in addition to the (m/k)2 cycles. The ceiling function is necessary for
cases when m is not divisible by k. It can be seen from Table 4.3 that T is reduced by
a factor of atleast k 2 as compared to existing implementations.
Table 4.3: Total Hough Transform Computation Times

Architectures

Total Computation

Iterative CORDIC-based [80]
Pipelined CORDIC-based [82]

Time T (cycles)

1 + nc2nθ p m2


1 + n2θ + nc p m2

Parallel angle serial addition based [83]

(1 + p) m2

Parallel angle DA based [84]

(1 + log2 m p) m2

Parallel angle multi-sector based [98]

{1 + (Crescale + Msteps ) p} m2

Gradient-based pipelined [93]

m2 + Ns
 m 2
+1
k

Proposed AHT-based

Fig. 4.17 plots the total computation time T against different image sizes m × m for
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the different implementations. nc , nθ , Crescale , Mstep and Ns are taken to be 16, 180, 6,
50 and 4 respectively based on the values set in [80, 82, 98]. It is assumed that 10% of
the edge map has edge content, i.e. p = 0.1 [82]. The grid resolution is taken as 8, i.e.
k = 8, for the proposed implementation. The computation time T on y-axis is plotted
in log scale. Fig. 4.17 shows that the proposed parallel implementation is faster than
implementations in [80, 82–84, 204] by as high as 4 orders of magnitude for all image
sizes.

Figure 4.17: Comparison of total computation time (T) in cycles vs. image size
m × m.

Fig. 4.17 shows the speedup of the AHT for a grid resolution of 8 only. However, the
speed up can be increased further by increasing the grid resolution k. This is because
increasing k introduces more parallelism. This dependency of T on k is shown in Fig.
4.18. It can be seen that for all the image sizes, the performance of the proposed
implementation can be increased continuously by incrementing k. The ceiling function
for T is responsible for the step-like decrease, observable for lower values of m like 128
with high values of k. Though the performance increases continuously with increase in
k, the area cost of the implementation escalates. The area-time tradeoffs of the proposed
implementation are detailed in Section 4.6.3.
The minimum permissible clock period of the proposed implementation is also less than
the implementations in [80, 82–84, 93, 98]. Table 4.4 shows the critical path estimates
of the different HT computation implementations. In order to compute the delay in
Table 4.4, the following assumptions are made. The memory access times are ignored
for all implementations. All 2-operand w-bit adders are implemented as ripple-carry
adders (RCA). In RCA, the delay is contributed by the carry chain [203]. The delay
of a 1-bit full adder is taken from one of the inputs to the carry output resulting in
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Figure 4.18: Total computation time (T) in cycles in log scale vs. grid resolution k
for the proposed AHT-based implementation. For smaller m like 128, step-like decrease
is seen because of the ceiling function introduced to cater for cases where k is not a
factor of m.

four 2-input gate delays. Therefore the delay of a w-bit 2-operand adder is equal to 4w
gate delays. A constant adder is implemented as a chain of half adders, which results
in a delay of 2w gate delays for a w-bit constant adder. A barrel shifter, which is used
for single cycle multiple bit shift in [80, 98], is assumed to be made of layers of 2-to-1
multiplexers. Each 2-to-1 multiplexer is assumed to have a delay of 2 gates resulting in
a total delay of 2log2 nc gate delays for each barrel shifter, where nc is the number of
iterations. It can be seen that the proposed implementation can operate with the fastest
clock as compared to all other implementations.
Table 4.4: Critical Paths and Delays

Architecture

Critical Path

Iterative

One barrel shifter

CORDIC-based [80]

+ one 2-operand adder

Delay in
2-input gates

Pipelined CORDIC-based [82]

Two 2-operand adders

Parallel angle

Two 2-to-1 multiplexers

serial adder-based [83]

+ 2-operand adder

Parallel angle DA-based [84]

One 2-operand adder

Parallel multi-sector based [98]

One barrel shifter
+ one 2-operand adder

2log2 nc + 4w
8w
4 + 4w
4w
2log2 6 + 4w

Gradient-based [93]

One 2-operand adder

4w

Proposed AHT-based

One constant adder

2w
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Table 4.5: Number of Computation Elements and Area Cost

Components
Adders/
Design

Subtracters

Registers

Multiplexers

Memory bits

Iterative CORDIC-based [80]

6

6

2log2 nc

wnc + m2

Pipelined CORDIC-based [82]

6nc

4nc

-

wnc + m2

Parallel angle serial addition based [83]

3nθ

3nθ

5nθ

2nθ w + m2

Parallel angle DA based [84]

nθ

nθ

-

4nθ w + m2

Parallel multi-sector [98]

16

16

16log2 6

m2

Gradient based [93]

2w + 1

2w + 5

2

nθ k2

-

2nθ w + m2 w + m2
 
 
1
m 2
+ m
nθ w
2
k
k

Proposed AHT based

2

nθ k
2
2
+4k dm/ke2

Design

Total Gate Count

Iterative CORDIC-based [80]

(90 + 8log2 nc +) w + 4wnc + 4m2

Pipelined CORDIC-based [82]

78nc w + 4wnc + 4m2

Parallel angle serial addition based [83]

73nθ w + 4m2

Parallel angle DA based [84]

23nθ w + 4m2

Parallel multi-sector [98]

406w + 4m2

Gradient based [93]

(30w + 47 + 8nθ + 4m2 )w + 4m2

 2
 
nθ w
21k2 + 4 m
+4 m
2
k
k

Proposed AHT based

+4k2 dm/ke2

Area Cost Analysis
For the implementations in [80, 82–84, 93, 98], we derive expressions for area in terms
of the number of adders, registers, 2-to-1 multiplexers and memory bits needed for
the HT computation module. Table 4.5 lists the number of computation elements in
each of implementations. All adders, registers and 2-to-1 multiplexers are assumed to
be w bits wide. The memory cost includes the memory to store the edge maps. All
the implementations in [80, 82–84, 93, 98] store the binary edge map as m2 bits. In
the proposed implementation k 2 binary sub-edge maps are stored resulting in a total of
k 2 dm/ke2 memory bits. The computation array comprises k 2 PEs and each PE contains
nθ constant adders (CAs) and registers. We have discussed in Section 4.6.2 that CAs
not only help in storing the global HTs but they also reduce the hardware cost. This is
because the Boolean expressions of sum and carry from a 1-bit full adder are simplified
to that of a half-adder if one of the inputs is a constant. Employing CAs instead of
full-adders results in the reduction of total adder cost from nθ k 2 to nθ k 2 /2. Also, as
discussed in Section 4.6.2, Theorem-1 is used to reduce the memory space to store the
local HTs by nearly half from dm/ke2 nθ words to (dm/ke2 + dm/ke)nθ /2 words.
The last column in Table 4.5 gives the total area cost in terms of number of 2-input
gates for all the implementations. The gate counts of a 1-bit FA, 2-to-1 multiplexer,

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Chapter 4

109

1-bit register and 1-bit memory are assumed to be 9, 4, 6 and 4 two-input NAND gates
respectively [205]. The total area cost of the proposed implementation is higher than the
other implementations because of the parallelism introduced in two ways - the number
of angles for which HT is being computed in parallel and the number of pixels that are
being processed in parallel using the proposed AHT method.

Area-Time Tradeoff
Usually, parallelizing an algorithm increases its throughput depending on the level of
parallelism at the cost of higher area. This trend was observed in the proposed implementation also, as shown in the previous sections. The degree of parallelism is controlled
by the grid resolution k. As shown in Fig. 4.18, the total computation time decreases
as k increases. To analyze the effect of k on area, we plot the area cost versus grid
resolution in Fig. 4.19. It can be seen that as k increases the area cost first drops and
then starts to increase. This is because of a push-pull effect introduced by k on the
area costs of LUT space and computation array. For lower values of k, the block size is
bigger and results in larger LUT space but lesser adder/register cost in the computation
array. As k increases, the LUT space reduces but the area occupied by the adders and
registers in the PEs increases. Fig. 4.20 illustrates these trends for a 256 × 256 sized
edge map. From Fig. 4.18 and 4.19, the performance of the proposed implementation
can be increased by increasing the degree of parallelism (the grid resolution) but there is
an optimal k where the area cost is minimal. Table 4.6 lists the optimal grid resolutions
kopt for the different image sizes that are obtained from the area cost plot in Fig. 4.19.
The area cost starts to increase as we traverse along the grid resolution axis in either
direction away from the kopt values listed in Table 4.6.

Figure 4.19: Area of the proposed implementation plotted against grid resolution k.
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Figure 4.20: LUT memory area and computational array area contributing to the
total area cost curve for 128 × 128 sized edge map plotted against grid resolution k to
show the push-pull effect on area cost. All area costs are indicated in the number of
gates as shown in Table 4.5.
Table 4.6: Optimal Grid Resolutions for m × m Sized Edge Maps

Image Size m

Optimal Grid Resolution kopt

128

8

256

10

512

16

1024

21

2048

29

VLSI Metric - Area × Time: The AT measure is defined as:
AT = Area × (T otal cycles).

(4.21)

The AT measure for the proposed implementation for varying image and grid resolutions
is plotted in Fig. 4.21. Although the area A shows an increasing trend for values of k
beyond kopt , the AT measure continues to decrease for the entire range of k considered.
This trend can be explained from the following observation. For a 128 × 128 edge map,
as k increases to 12, which is beyond the optimal grid resolution of 8, the computation
time reduces by 2.12 times whereas area increases by 1.45 times. This implies that the
rate of decrease in T of the proposed implementation is higher than the rate of increase
in A, which results in decreasing trend of AT as k increases. Similar rates of change
were found for other cases of m and k also. It should be noted that the optimal grid
resolution corresponding to the least A value in Fig. 4.19 does not necessarily give the
lowest AT measure. So if area is not a constraint in designing the implementation, the
grid resolution can be increased beyond kopt to get lesser AT .
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The AT measure of the proposed implementation is compared against the different
implementations in Fig. 4.22 for varying image sizes. For the proposed implementation,
AT is determined for the optimal grid resolution with respect to area, i.e. kopt , for each
image size. The percentage AT savings was found to be at least 43% and as high as 90%.
If a higher grid resolution is used, the AT measure can be decreased further by trading
area for performance. For example, for m = 128, AT of the proposed implementation
at kopt = 8 is lesser than its closest competitor - pipelined CORDIC-based design by a
factor of 5.4 times. This increases to 7.9 times when the grid resolution is increased to
12.

Figure 4.21: Comparison of AT measure of the proposed implementation against
different implementations for varying m and k.

The extreme cases of the proposed method are obtained when k = 1 and when k = m.
Setting k = 1 means the entire image is the only block. This is equivalent to having
a serial implementation and hence the benefits of the parallel AHT technique are not
visible with this setting. When k = m, we get the other extreme case of the proposed
implementation wherein each block contains one pixel only. Although it may appear
that in such a case, a large ROM storing the global HTs of all m2 pixel coordinates
can replace the PEs, such a proposition is not practicable due to severe constraints for
parallel read access to obtain the m2 HT values from the ROM.

Analysis for Rectangular Images
So far, the AHT implementation was discussed for square m × m images using square
k × k grids, resulting in square blocks which are processed in parallel. k was chosen
to be the parameter with respect to which optimal area costs were derived. We now
extend the implementation for any given image size of m × n, specifically for those
used in standard video processing applications. It was shown in Theorem-1 in Section
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Figure 4.22: VLSI metric AT in log scale vs. image size m × m. AT measure of the
proposed implementation is computed at optimal grid resolution kopt .

4.6.2 how the properties of a square block can be exploited to optimize LUT costs. For
the same reason, we maintain the division of the edge map into square blocks even for
the rectangular images. This however would mean that the grid is not necessarily of
dimension k × k grid. Let us say the grid is now of size k × l.
Now, instead of rewriting and optimizing the area-time expressions in terms of two
parameters k and l, we derive the expressions in terms of block size. We assume the
m × n edge map is divided into bs × bs sized square blocks with the number of pixel
points equal to b2s , denoted by Sb . The total computation time T required to compute
the HT of the entire edge map using the AHT is now equal to the number of points
in the square block, i.e. T = Sb = b2s . The area cost of the proposed implementation
is reformulated in terms of S and bs . The number of PEs in the computation array is
equal to dm/bs e · dn/bs e. In the case when m and n are not perfect multiples of bs ,
the number of pixels in the boundary blocks of the edge map is lesser than Sb . The
boundary PEs can be fed either with zeros or shut down for missing pixel positions.
Each PE has nθ constant adders and registers. The LUT size to store the local HTs
of the square block is given by nθ w(b2s + bs )/2. The memory to store the edge map is
equal to dm/bs e · dn/bs e b2s . So the total area cost of the proposed implementation for
an m × n sized edge map can be expressed as:
A=

nθ w
2

   

  
m
n
m
n 2
21
+ 4Sb + 4bs + 4
b
bs
bs
bs
bs s

(4.22)

Similar to the case of m × m sized edge maps, the area expression above also shows
a push-pull affect with respect to the image size and the block size. As bs increases,
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the number of PEs starts to decrease but the amount of LUT space increases. There
is a optimal block size bopt where the area cost is minimum. (4.22) is used to compute
the area cost of the proposed implementation for varying image sizes to determine the
optimal block sizes. Table 4.7 lists the bopt s for different image resolutions [206]. The
area cost of the proposed implementation in terms of 2-input gates is also indicated for
the optimal block size. Fig. 4.23 compares the total computation times of the proposed
implementation against existing implementations for these image resolutions. bopt is
used to compute timing for the proposed implementation. It can be seen the proposed
parallel implementation is orders of magnitude faster than existing designs to compute
the HT of the entire edge map. The performance can be further increased by reducing
the block size but at the cost of higher area. In Fig. 4.24, the optimal block size for
minimum area is used again to compute and compare the AT measure of the proposed
implementation. The AHT-based parallel implementation reduces the AT measure by
atleast 3.3 times.
Table 4.7: Optimal Block Size bopt for Image Sizes in Video Applications

Application

Image resolution

bopt

m×n
Slow motion video

176 × 120

20

4138560

QCIF format

176 × 144

18

4492800

Video conference/

352 × 240

24

8337600

LL MPEG-2 spec.

352 × 288

24

9313920

ML MPEG-2 spec.

720 × 480

40

17360640

720 × 576

36

19008000

1280 × 720

48

29527200

H1140 MPEG-2 spec.

1440 × 1080

54

39735360

H1140 MPEG-2 spec.

1440 × 1152

58

41558720

HL MPEG-2 spec.

1920 × 1080

60

46794240

HL MPEG-2 spec.

1920 × 1152

55

48860700

SHD images

2000 × 2000

69

69268644

ML MPEG-2 spec.
HDTV

4.7

Area
2-input gates

Hierarchical AHT (HAHT) for Efficient Global Hough
Space Generation

In Section 4.2, it was shown that the block based Hough spaces are added to generate
a global Hough space in order to detect long straight lanes in far-view. The parallel
AHT computation technique discussed in the previous section generates these Hough
spaces in parallel with low computation cost and high speed. In this section, we propose
an architecture that efficiently combines these block-level Hough spaces to generate a
global Hough space. In order to do this, we extend the proposed additive property to
compute HT at multiple hierarchy levels. This property is then used to derive what we

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

114

114

Figure 4.23: Comparison of total computation time in cycles (log scale) of the proposed implementation against existing designs for different video processing applications.

Figure 4.24: Comparison of VLSI metric AT in log scale vs. image size m × n for
different video processing applications.

call as Hierarchical Additive Hough Transform (HAHT), that combines the block-level
Hough spaces to generate global Hough spaces in a computationally efficient manner.

4.7.1

Extending the additive property to multiple levels

According to the additive property of HT stated in Section 4.6.1, the Hough Transform
(HT) of point A with respect to (w.r.t) the image origin ‘O’ is equal to the sum of the

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Chapter 4

115

HT of A w.r.t any intermediate point B and HT of B w.r.t O, i.e.
HT (A, O) = HT (A, B) + HT (B, O)

(4.23)

where HT (X, Y ) represents the HT of point X w.r.t point Y . In other words, the HT
of a point w.r.t to a global origin can be broken into two parts: the HT of that point
w.r.t a local origin and the HT of the local origin w.r.t the global origin.

Figure 4.25: Extending the additive property of HT across multiple levels

We extend this property further by breaking the HT into multiple parts instead of two,
as stated in the corollary below.
Corollary of (4.23): Given a point A and a set of n points {B1 , B2 ...Bn } defined w.r.t
origin O, HT of A w.r.t O is given by:
HT (A, O) = HT (A, Bn ) +

2
X

HT (Bi , Bi−1 ) + HT (B1 , O)

(4.24)

i=n

Proof: Consider a line l passing through point A as shown in Fig. 4.25. Let l1 , l2 , ..., ln be
lines passing through a set of points {B1 , B2 , ..., Bn } respectively, such that l is parallel
to l1 , l2 , . . . , ln , i.e. l1 ||l2 || . . . ||ln ||l. Let ρO (A, θ) be length of the perpendicular from O
to the line l passing through point A subtending angle θ with the x-axis. Similarly, we
can define ρθ (B1 , O), ρθ (B2 , B1 ), ρθ (Bi , Bi−1 ) and ρθ (A, Bn ) as indicated in Fig 4.25.
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From Fig. 4.25, it can be seen that:

ρθ (A, O) = ρθ (A, Bn ) +

2
X

ρθ (Bi , Bi−1 ) + ρθ (B1 , O)

(4.25)

i=n

Each term in (4.25) can be mapped directly, on a one-to-one basis, to the corresponding
HT terms in (4.24) resulting in the HT of A w.r.t O for angle θ.
This extended additive Hough property for multiple levels is now applied to compute
HT of edge pixels using the proposed Hierarchical Additive Hough transform (HAHT).

Figure 4.26: Division of edge map into blocks and macroblocks and their origins

4.7.2

Deriving the Hierarchical AHT

Consider an edge map divided into k 2 blocks using a k × k grid. The steps of the HAHT
can be explained in the following manner, using the example of 4 × 4 grid as shown
in Fig. 4.26. The lowest level of hierarchy is indicated by L(1) wherein Hough space
is computed for each of the k 2 edge map blocks. The ρ values are computed for edge
pixels in every block w.r.t to the origin of each block. The Hough space thus generated
is called local Hough space and the origin is called local origin. In Fig. 4.26(a), the local
origins of the blocks at level L(1) are given by O1,1 (L1), O1,2 (L1), . . . , O4,4 (L1). These
Hough spaces are given by H(L1) as shown below:
H4,1 (L1) H4,2 (L1) H4,3 (L1) H4,4 (L1)




 H (L1) H (L1) H (L1) H (L1)
3,2
3,3
3,4
 3,1
H(L1) = 
 H2,1 (L1) H2,2 (L1) H2,3 (L1) H2,4 (L1)

H1,1 (L1) H1,2 (L1) H1,3 (L1) H1,4 (L1)










(4.26)

At each subsequent hierarchy level L(i), where i > 1, the local Hough spaces of previous
level L(i − 1) are grouped into groups of four. In each group, the constituent Hough
spaces are used to generate a combined Hough space, wherein the ρ values are computed
w.r.t the local origin of the group of four image blocks. For example, in Fig. 4.26(b), four
image blocks are now combined into one macroblock and the local origins for L(2) are
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given by O1,1 (L2), . . . , O2,2 (L2). This process of combining blocks is similarly extended
to the next hierarchy level L(3). The Hough spaces in L(2) then become the local Hough
spaces which will be combined in L(3) to generate a combined Hough space w.r.t a local
origins in L(3).
In order to compute the Hough space of a macroblock at L(2), we apply the extended
additive property of Hough transform. The HTs of four local origins of the constituent
blocks are computed w.r.t the origin of the macroblock. The same values can be used
for all the macroblocks because the four local origins are placed at the same relative
positions w.r.t to the origins of all the macroblocks. Referring to one macroblock, say
top right corner, the local Hough spaces, H4,3 (L1), H4,4 (L1), H3,3 (L1), and H3,4 (L1), of
the constituent blocks from L(1) are added with the HTs of their respective local origins
w.r.t to the macroblock origin as shown below:
H4,3 (L2) = H4,3 (L1) + HT (O4,3 (L1), O2,2 (L2))
..
.

(4.27)

H3,4 (L2) = H3,4 (L1) + HT (O3,4 (L1), O2,2 (L2))
H4,3 (L2), H4,4 (L2), H3,3 (L2) and H3,4 (L2) are the Hough spaces of the four blocks w.r.t
the macroblock origin at level L(2). The Hough space of the macroblock, i.e. H2,2 (L2),
w.r.t its origin O2,2 (L2) is the sum of these Hough spaces:
H2,2 (L2) = H4,3 (L2) + H4,4 (L2) + H3,3 (L2) + H3,4 (L2).

(4.28)

Similarly, the Hough spaces of the rest of the three macroblocks are computed to give
four Hough spaces in L(2):
"
H(L2) =

H2,1 (L1) H2,2 (L1)

#
(4.29)

H1,1 (L1) H1,2 (L1)
Following the extended additive property of Hough transform, the four Hough spaces
generated in L(2) can be further combined to generate L(3) Hough space. This Hough
space would correspond to the macroblock generated by combining the four blocks from
L(2). The Hough transforms of the local origins in L(2) are computed w.r.t the origin
of the macroblock in L(3). Applying the extended additive Hough property, the HTs of
these origins are added to the Hough spaces from L(2) hierarchy level and then combined
to give L(3) Hough space.
This hierarchical addition of Hough spaces using the extended additive property of HT
can thus be used to generate the Hough spaces at different levels of hierarchy.
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The proposed HAHT method of adding Hough spaces at different hierarchy levels can be
further optimized to reduce the number of computations. This is done by thresholding
the Hough spaces at every hierarchy level. If a threshold for Hough space at every
hierarchy level is considered, the (ρ, θ) candidates that cross a threshold at a given
hierarchy level L(i) represent the line segments that cross the minimum length criteria in
the macroblocks at L(i). In the next hierarchy level L(i+1), only the selected candidates
from L(i) are added to the HTs of their respective block origins. This computation
process is continued across hierarchy levels till the accumulation counts cross an overall
minimum length condition. This process also leads to significant savings because the
redundancy of processing noisy edge pixels (that contribute to false lines) is controlled.

Figure 4.27: Detection of long lines using HAHT

4.7.3

HAHT for Detection of Straight Lanes

We now demonstrate the use of the proposed HAHT on detection of straight lanes. Lanes
are usually characterized by straight lines. Depending on the block size and length of
these lines, a line can be distributed across different blocks. The HAHT approach
aids in accumulating the vote counts of the straight lines across different blocks. To
illustrate this, we refer to Fig. 4.27. As shown in Fig. 4.27, consider a macroblock
having four blocks, say B1, B2, B3 and B4. Let line l be divided as l1 and l2 in B3
and B4 respectively. At level L(1), the local Hough spaces of B3 and B4 are given by
HB3 (L1) and HB4 (L1) with peaks at two different ρ values, ρθ (l1 , OB3 ) and ρθ (l2 , OB4 )
corresponding to the edge pixels lying on l1 and l2 . However, what we need is to locate
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the lanes w.r.t to global origin, i.e. the origin of the entire edge map, O. At level L(2),
the blocks are grouped into one macroblock. The local Hough spaces of B3 and B4 are
combined to compute the accumulation count of the entire line l that is made up of l1
and l2 . The proposed HAHT method can now be used to generate the combined Hough
space of line l w.r.t the global origin O. This is done by adding the HT of the origins
of B3 and B4 to the local Hough spaces of B3 and B4 that were generated in L(1) and
then adding the resulting Hough spaces into one Hough space for the macroblock. This
follows from the extended Hough property i.e.
ρθ (l1 , O) = ρθ (l1 , OB3 ) + ρθ (OB3 , O)
ρθ (l2 , O) = ρθ (l1 , OB4 ) + ρθ (OB4 , O)

(4.30)

and the overall accumulation count for the line l is given by:
n(ρl , θl ) = n(ρl1 , θl1 ) + n(ρl2 , θl2 )

(4.31)

where n(ρl , θl ) is the accumulation count for the line l. Depending on the block size,
the additive property of HT can be applied repetitively to different hierarchy levels to
generate the Hough space at the desired levels.

4.7.4

Performance & Computation Cost Evaluation of HAHT

Computation complexity analysis:

In all the hierarchical approaches considered

[207–209], since a filtering process to allow only prominent peaks through thresholding
is done at each level, peak detection also is performed along with voting. This is unlike
the conventional HT computation approaches where peak detection is performed after
the entire voting is completed. The proposed HAHT leads to a drastic reduction in
computational complexity of the voting step as compared to the existing hierarchical
approaches. This is achieved because of two main reasons. Firstly, existing hierarchical
HT approaches [207–209] perform a recomputation of HT at every level. That is, for
all the qualifying points upon thresholding at a lower level, the HT is recomputed w.r.t
the new origin of the hierarchy level. This operation is performed at every level of
the hierarchy. The cost incurred for performing a HT in terms of computations is 2
multiplications and 1 addition, assuming the trigonometric values are stored in an LUT.
However, in HAHT, because of the additive property, an incremental update on the
vote is achieved at every level through just one addition (of the HT of block origins to
selected candidates from previous hierarchy level), rather than a recomputation of the
HT value at the current level.
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Figure 4.28: Edge maps (a) Lane1, (b) Lane2, (c) Lane3 and (g) Lane4 and corresponding detected lanes in (d), (e), (f) and (h) using the proposed HAHT
Table 4.8: Comparison of HT Computations

Image

Edge content

Proposed HAHT

(no. of pixels)

Hierarchical
HT in [209]

Adds

Adds

Multiplies

Lane1

8498

948

1530588

3061176

Lane2

4902

371

882731

1765462

Lane3

6137

488

1105148

2210296

Lane4

4063

11588

742928

1485856

Secondly, at the lowest level L(1), even the additions need not be performed as the
precomputed local HT’s and the HT’s of the origins of the blocks need to be accessed
only from LUTs as shown in [200, 202]. After accumulation, only those that exceed the
threshold are subjected to addition in the next level. Fig. 4.28 shows four edge maps of
lanes - Lane1, Lane2, Lane3 and Lane4, and the corresponding lanes extracted by the
HAHT. Table 4.8 shows the number of computations involved to compute the Hough
spaces till level-2 for the different lane images shown in Fig. 4.28. It can be seen that
the number of addition operations are drastically reduced in the proposed method as
compared to [209]. Also, the proposed HAHT does not involve any multiplications as it
uses the LUT based method in [200, 202]. This shows the number computations is lower
by as high as 98-99%. Similar savings were found in other test cases also. As far as the
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peak detection step is concerned, the complexity is governed by the comparisons that
are done in the thresholding process. If we assume that the same thresholding scheme is
employed for both the HAHT and the hierarchical method described in [209], then the
peak detection processes would be similar in terms of complexity.

Timing analysis: The main motivation for most hierarchical HT approaches has been
to allow for parallelism, thereby accelerating the HT process. Hence, in terms of timing,
these methods are usually far superior compared to the serial approaches in [83, 210].
Further, due to the reduced computational complexity of the voting step in HAHT
compared to other existing hierarchical HT methods, the HAHT leads to savings in
time costs as well. This is because the timing cost at every hierarchy level involves only
one addition per (ρ, θ) tuple in the proposed HAHT whereas a recomputation of HT in
[207–209] involves a multiplication and addition. If a 16-bit multiplication and addition
are employed, each HT computation for every (ρ, θ) tuple in [207–209] would require
5T16−bitAdd , assuming T16−bitM ult = 4T16−bitAdd [95]. In the proposed HAHT, each HT
computation would require only T16−bitAdd time units.

4.8

Computation Cost Analysis for Lane Detection using
Proposed AHT and HAHT

In this section, we will revisit the evaluation of the computational complexity of the
proposed lane detection method. In Section 3.4.3 of Chapter 3, we have shown that
proposed GMH-GAH-HT engine results in 70% lesser computation cost in an image
block as compared to conventional HT based lane detection methods in [64, 65, 69]. The
conventional parameterized Hough transform equation (2.1) was considered in Section
3.4.3 to evaluate the computational complexity of the proposed method against [2, 52, 64,
65, 69]. In this section, we will show a further reduction in computational complexity of
the proposed lane detection method because of the use of the AHT and HAHT engines.
We will first show the cost reduction in a single block, and then show the computational
cost for entire lane detection process in near and far-views of the host vehicle.
Equations (3.25) to (3.29) in Section 3.4.3 show the complexity of HT computation for
an Mb × Nb sized image block using the conventional HT method. As shown in Section
4.6, the AHT reduces the computation cost by replacing all the multiplications and
trigonometric operations with addition operations. For lane detection, as discussed in
HAHT in Section 4.7, we compute the local Hough spaces only. Therefore, in order to
determine lanes in each block, the Hough space accumulations are the only computations
involved in generating the local Hough spaces. Combining this cost with the GMH and
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GAH computation as discussed in Section 3.4.3, we have the following expressions for
locating lane features in each block using AHT:
# of additions for GMH-GAH generation = 8Mb Nb

(4.32)

# of accumulations for local Hough space computation = pprop Nθprop (4.33)
Using the above expressions, we compare the computation cost of the lane feature extraction step in the proposed method using AHT for each block against conventional
HT based lane detection methods in [64, 65, 69] and steerable filter based method in [2].
Table 4.9 lists the number of computations involved in each method. It can be seen from
the fourth and fifth columns in Table 4.9 that introducing AHT into the proposed lane
detection method further reduces the computation cost by nearly 9.5 times (in terms
of equivalent addition operations) and eliminates all multiplications and trigonometric
operations.
Table 4.9: Comparison of computation complexity of proposed lane detection method
using AHT

Operations
Additions
Multiplications
Trigonometric operations
Accumulations
Total computations
(equivalent additions)

Conventional [64, 65, 69]
115200
92160
92160
46080
3110400

Steerable
Filters [2]
864000
910080
39600
14070
16072950

Proposed
using conventional HT
106230
28140
28140
14070
1020780

Proposed
using AHT
92160
0
0
14070
106230

Given the computational cost savings in each block as shown in Table 4.9, the combining
of the Hough spaces of all the blocks to determine the lanes in far-view is also simplified
using the proposed HAHT engine. Let us consider two rows of blocks, each having eight
90×128 blocks. The computation cost of methods in [64, 65, 69] and [2] to determine the
lane features in the region of interest specified by the two rows of blocks will be 20 times
the number of computations listed in Table 4.9 under their respective columns. This is
because each row of the image is assumed to have 10 blocks each of size 90 × 128 in the
current image calibration setup. However, in the proposed block-based lane detection
method, we determine the lanes in the near-view first. The lane positions in the nearview are used to predict the possible blocks in far-view. Therefore, a maximum of 6
blocks (worst case scenario) will be processed in the second row of blocks, instead of
10 blocks. q
In addition to the block based computations, the HAHT would also involve
additional Mb2 + Nb2 × Nθprop additions per hierarchy level to add local Hough spaces
between two hierarchy levels. Considering that we have 3 hierarchy levels, we compute
the overall computation cost of determining the lanes in near and far views for the
proposed method using AHT and HAHT, and compare it with methods in [64, 65, 69]

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Chapter 4

123

and [2] in Table 4.10. It can be seen that the total number of computations of the
proposed method is less than 3% of the total number of computations of techniques in
[2, 64, 65, 69].
Table 4.10: Comparison of computation complexity of proposed lane detection
method using AHT and HAHT for detecting lanes in both near and far views

Operations
Additions
Multiplications
Trigonometric operations
Accumulations
Total computations
(equivalent additions)

Conventional [64, 65, 69]
2304000
1843200
1843200
921600
62208000

Steerable
Filters [2]
17280000
18201600
792000
281400
321459000

Proposed
using AHT & HAHT
1493280
0
0
225120
1718400

With such significant savings in computation cost, the proposed method provides different design options that can be used to develop architectures of varying throughput,
including real time operation. This would depend on the embedded platform and the
architectures that are chosen for the implementation.

4.9

Summary

In this chapter, techniques were proposed to detect host and neighbor lanes in farview using the GMH-GAH-HT engine and block-based HT computation. The proposed
techniques were shown to be effective in detecting multiple lanes in far-view, that are
both straight and curved. The effectiveness of the techniques was shown on various
kinds of real-world road scenarios including rainy and night images. The computational
costs involved in the proposed techniques were then addressed by proposing efficient
computation architectures that compute the HT in a parallel fashion using the blockbased AHT method. In order to combine the block-level Hough spaces from AHT, the
HAHT was proposed. It was the shown that the proposed architectures exploit the
inherent parallelism and result in orders of magnitude speed up, without increasing the
computational complexity. Having determined the lanes as regions of interest, we will
now propose techniques that robustly detect the objects of interest, i.e. vehicles, in the
next chapter.
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Chapter

5

Estimating Proximity of Target
Vehicles from Host Vehicle

5.1

Introduction

Vehicles are the primary targets that need to be continuously monitored if a driver
intends to change lane. Before changing lanes, the driver constantly monitors the proximity of the vehicles that surround him. The driver will make the lane change maneuver
if and only if the target vehicles are found at a safe distance and moving at acceptable
speeds in the lanes. Therefore vehicle proximity estimation is a vital process that the
driver performs while driving, and more importantly before changing lanes.
An LCDAS is expected to assist the driver in deciding to make the lane change maneuver
based on the proximity of the vehicles in the road scene. In order to do this, we first
need to detect the presence of vehicles in the road scene and if a vehicle is detected, its
relative distance from the host vehicle is then estimated. In this chapter, novel visionbased techniques are proposed to detect and estimate the proximity of vehicles in road
scene. Multiple visual cues are used in the proposed method to first detect the presence
of a vehicle. Then, the proximity of the vehicle is estimated using a model based on the
lane positions and the location of the vehicle signature in the image.
The proposed method is based on the following observations and assumptions that are
made about vehicles, in the context of lane change assistance:
1. Lanes are the primary regions of interest where vehicle signatures need to be
searched. In this work, it is assumed that lane change assistance will be provided
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to the driver based on the positions of the vehicles that are approaching the host
vehicle from rear and front in the their respective lanes.

2. The non-vehicle objects that are found on the lanes of highway and major roads
are shadows of trees, vehicles and road fixtures, and road markings. It is assumed
that pedestrians and animals are not found in the regions of interest.
3. If the driver intends to change lane, he is interested in monitoring the closest
vehicle to the ego-vehicle in each lane. In other words, if there are two vehicles in
the same lane, the closer vehicle must be detected because the maximum risk of
collision is posed by the closer vehicle.
These observations are used in the proposed technique to detect vehicles closest to the
ego-vehicle in the road scene. For the rest of the chapter, the term “vehicle” refers to
the vehicle closest to the host-vehicle in each available lane as seen by a camera either
in front of the vehicle or to the rear of the vehicle. These vehicles are also referred to as
“target vehicles”.

Figure 5.1: Envisaged steps of the proposed vehicle proximity estimation module for
lane change assistance

Fig. 5.1 shows the envisaged steps in detecting and estimating the proximity of target
vehicles in the road scenes. Given an input image frame I it is envisaged to first detect
the vehicles in the lanes and then determine their proximity to the host-vehicle. In order
to do this, the first step is to determine these lanes, which we call as regions of interest or
RoIs. The host lane and neighbor lanes form the RoIs for the host vehicle to detect the
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target vehicles. These RoIs are created using the lane positions, that were determined
using the techniques proposed in Chapters 3 and 4. In the subsequent sections, we will
show how these RoIs play a vital role in detecting the target vehicles and their proximity.

5.2

Deriving RoIs for Vehicle Detection

Host and neighbor lanes form the RoIs for detecting vehicles. Therefore, the lane markings that were detected using the techniques proposed in Chapters 3 and 4 are used to
define the RoIs for vehicle detection. If the ego-vehicle lane or host lane is indicated by
LH , the neighboring lanes to the left are represented by LH−1 . Similarly, the neighbor
lane to the right of LH is represented by LH+1 .
Given the positions of the lane markings, we first create masks for each of the lanes
and extract the lane regions. This is illustrated in Fig. 5.2. If ll and lr represent two
straight lines that form the left and right lanes markings respectively, the area enclosed
by ll and lr is the lane or region of interest. This area EM is given by the intersection of
area E l (represented by slanted lines, which is right of ll ) and the area E r (represented
by shadowed region, which is to the left of lr ). These areas are given by:
E l := (ll > 0)

E r := (lr < 0)

EM = E l ∩ E r

(5.1)

EM is the mask that selects the lane bound by ll and lr . Now let us see how to determine
E l and E r , given the parametric representations of ll and lr in terms of (ρ, θ) as shown
below:
ll : ρl = x cos θl + y sin θl
lr : ρr = x cos θr + y sin θr

(5.2)

Given the above equations, we find all (x, y) that satisfy ll and lr . In other words, while
traversing in the X-direction, if a point (x1 , y1 ) satisfies ll , then any point (x2 , y1 ), such
that x2 > x1 , will give ρ value greater than ρl . Therefore, if we find x1 for a given y1 ,
which gives ρ > ρl , then the coordinates to the right of x1 will give the region E l in Fig.
5.2. Similarly, E r can be found using the equation of lr . The intersection of E l and E r
gives the required mask EM .
From Chapters 3 and 4, ll and lr need not be defined by just one line each. Instead, ll is
represented by one set of line segments and lr by another set of line segments, depending
on the block size and whether the lane is straight or curved. Fig. 5.3 shows the case
of a curved lane that is approximated using line segments as discussed in Chapter 4 .
The left lane ll is given by the line segments ll1 , ll2 , ll3 and ll4 . Similarly lr1 , lr2 , lr3 and
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Figure 5.2: Illustrating mask creation

Figure 5.3: Illustrating mask creation for lanes represented by line segments. The
axes indicates the indices for the blocks.

lr4 form the right lane lr . It was shown in Section 4.3 that each line segment is also
associated with a block address. For example, ll1 in Fig. 5.3 is associated with block
B(8, 2). The shadowed region in Fig. 5.3 gives the mask EM for this lane. In order to
get this mask, we employ a row-wise approach. For each row, we find the line segments
defining the left lane and the right lane. In Fig. 5.3, for the 8th row, the left lane is
given by ll1 and the right lane is given by lr1 ; in the 7th row, ll2 and ll3 both define ll ,
and lr2 defines lr .
Next in every row, we start with the line segment with the lowest block index and apply
the conditions (5.1) defined for E l and E r in that block. Unlike the mask that was
generated previously considering the entire image in Fig. 5.2, these conditions will be
applied for the blocks in the rows where these line segments occur. If we consider 7th
row, for the left lane, ll2 has a lower block index B(7, 2). We go to B(7, 2) and apply
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Figure 5.4: Illustrating mask creation for multiple line segments

the condition for E l to the pixel coordinates in B(7, 2) resulting in the region, say E l2 .
This is shown in Fig. 5.4. Next we go to the next line segment (if any) for the left lane.
In the case of 7th row, ll has a second segment ll3 . Applying the above process, we get
the region E l3 (Fig. 5.4). Now the same process is applied to line segments forming the
right lane lr the blocks of 7th row. In this example, lr2 is the only line segment for lr in
7th row resulting in region E r2 . These regions are used in the following way to give the
lane RoI EM (B(7, :)) for 7th row of blocks:
EM (B(7, :)) = {E l2 ∪ E l3 } ∩ {E r2 }

(5.3)

This can be generalized in the following way. Let E l1 , E l2 , . . . , E lαl be the regions for αl
line segments forming the left lane in k th row of blocks. Similarly, let E r1 , E r2 , . . . , E rαr
represent the regions for right lane. Then, the region of interest EM (B(k, :)) enclosed
by these line segments in the k-th row of blocks is given by:

EM (B(k, :)) =

(α
[l
i=1

)
E li


αr
\ [


j=1

E rj




(5.4)



The mask for the entire RoI is given by combining the masks from every row till the
vanishing point. Therefore, in Fig. 5.3, EM is given by:
EM = EM (B(8, :)) ∪ EM (B(7, :)) ∪ EM (B(6, :))

(5.5)

The neighbor lane RoIs can also be extracted in a similar fashion. Given these RoIs, we
will now detect vehicles in these RoIs and estimate their relative proximities to the host
vehicle.
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Vehicle Detection using Multiple Cues

In this section we describe an adaptive method to detect vehicles in the lanes. The
proposed method uses multiple cues to ascertain the presence of a vehicle in the lanes.
These visual cues include under-vehicle shadow and vehicle edges. The proposed technique depends on a combination of these cues in a specific manner to robustly detect
vehicles in lanes. The techniques proposed in this section are devised to first address
the detection of cars or four wheeled vehicles. We will then show how these techniques
can be further extended for motorcycles also in Section 5.4.

5.3.1

Detecting Under-vehicle Shadow

Under-vehicle shadow is one of the distinctive signatures of a vehicle, especially during
day [78]. As discussed in Section 2.4 (Chapter 2), under-vehicle shadow can be used
quite effectively to hypothesize the presence of a vehicle [78]. However, there are still
some open challenges, especially in terms of robustness to varying illumination in road
scenes. We first describe these challenges and present novel techniques, that are adaptive
to such variations in road scenes.
The under-vehicle shadow is relatively the darkest image patch when compared to other
shadows on road surface. Fig. 5.5 shows a few examples of the under-vehicle shadows
cast by the vehicle on the road surface under different lighting conditions. It can be
seen that the under-vehicle shadow region is comparatively darker than the surrounding
regions of the vehicle. If an image is binarized with an appropriate threshold, the shadow
can be extracted. However, the variations in a road scene make this a difficult process.
Having the lane or region of interest identified beforehand reduces this uncertainty of
thresholding to an extent because the threshold is now dependent on the intensities in
the region of interest only. In this way, the first step of lane region extraction discussed
in Section 5.2 helps in reducing the complexity of thresholding process.
However, there are still some variations in the lane and the binarization threshold must
cater to these variations. For example, in the images shown in Fig. 5.5 (d), (e) & (f), the
under-vehicle shadow is found in three different situations showing two different kinds of
illumination variations. Firstly, there is global variation because of the overall weather
and lighting of the image. For example, the illumination in Fig. 5.5 (d) is less brighter
than Fig. 5.5 (e) & (f). In addition to such global variation, there are local illumination
variations due to shadows of trees and other objects. This is seen in Fig. 5.5 (e) &
(f) where the under-vehicle shadow is affected by the presence of the shadow of trees
in Fig. 5.5 (e) but not in Fig. 5.5 (f). In such scenarios, under-setting or over-setting
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Figure 5.5: Examples of under-vehicle shadows under different conditions (a) bright
day light (b) presence of shadows of trees completely (c) change is overall illumination
due to clouds (d)-(f) brighter illumination with shadows showing different variations of
under-vehicle shadow intensities

the threshold can lead to false positives or false negatives. This particular aspect of
automating the threshold setting, which considers local illumination variations, is not
adequately addressed in existing works that use the under-vehicle shadow as a cue for
vehicle detection. We will now present a study on the shadows cast by the vehicles,
which will be used to propose a technique that extracts the under-vehicle shadow in the
presence of varying local illumination.

Characteristics of Shadows in Road Scene: Jiang et al in their work on shadows
[211], presented in CVPR’92, describe different kinds of shadows that are cast by objects
with different light sources. According to [211], there are two kinds of shadows: umbra
and penumbra. A shadow caused by an object is a complete shadow or umbra shadow
if it conceals light totally. The second type of shadow is a partial shadow or penumbra
shadow, which is caused by an object partially concealing the light. In the case of a road
scene, the shadows cast by a vehicle, nearby buildings, railings etc. on the road surface
are umbra shadows because they conceal the light from the light source completely. The
shadows cast by the trees and foliage can be considered as penumbra shadows because
they partially block the light source. Fig. 5.6 shows these two kinds of shadows cast on
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the road surface. In Fig. 5.6 the umbra shadows are cast by the vehicle (shown by the
solid box) and the penumbra shadows are cast by the trees (shown by the dashed box).
The vehicle blocks the sun light completely and hence an umbra shadow is created. The
foliage of trees are farther away from the road surface and have obvious gaps letting the
sun light creep through. Consequently, a penumbra shadow is cast on the road surface.

Figure 5.6: Umbra and penumbra shadows seen on a road scene. The solid box shows
umbra shadow cast by the vehicle and the dashed box shows a penumbra shadow by
the foliage of trees.

According to [211], the umbra shadows are darker than the penumbra shadows. This
is because the umbra shadows do not receive any light from the light source. This is
observed in the case of road scenes also as shown in Fig. 5.6. The umbra shadows cast
by vehicles or buildings are darker (of lesser intensities) than the penumbra shadows
cast by foliage of trees. Also, based on the kind of obstruction, the penumbra shadows
usually have more edge content than the umbra shadows. Another observation is that
an umbra shadow is darker if the object is closer to the surface of reflection as compared
to object farther away from the surface.
Based on these properties of shadows, the following observations are made about the
under-vehicle shadows:
1. The under-vehicle shadow is an umbra shadow cast by the vehicle on the road
surface.
2. The under-vehicle shadow is always found under the vehicle only, irrespective of
the direction of the light source. This is unlike the vehicle shadow cast by the sides
of the vehicle which can fall anywhere around the vehicle based on the position of
the light source.
3. The under-vehicle shadow is darker than other shadows cast on the road surface
in its vicinity because it is cast by the bottom of the vehicle on the road surface.
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The bottom of the vehicle is the closest to the road surface that casts a darker
shadow as compared to any other obstruction on the road surface.
In other words, the under-vehicle shadow is the darker of the dark intensities present in
its vicinity. The reason why “vicinity” is emphasized is because being dark or bright is
a relative term. The under-vehicle shadow is the darkest region when compared to its
immediate surroundings. In this way, we can cater to both global and local illumination
variations in the road scenes.

Determining Binarization Threshold: Based on these observations about undervehicle shadows, we now find an appropriate threshold for binarization that will extract
the under-vehicle shadow. The threshold is desired to be such that it locates the undervehicle shadow accurately and does not give any false positives or false negatives. In
order to do this, we conducted an experiement, the objective being: find if there is any
relationship between a known intensity in the image and the unknown intensity of the
shadow region. In other words, let us assume we have a known region A1 with average
intensity I A1 that is around the vehicle and is not the under-vehicle shadow. Let A2 be
the under-vehicle region in the image with average intensity given by I A2 . We want to
find a function f (·) such that
I A2 = f (I A1 )

(5.6)

The above function can then be used to set the binarization threshold to extract undervehicle shadows in the RoIs. Based on the observations about shadows described above,
it is expected that the under-vehicle shadow region will have lower average intensity
than the region around the vehicle, i.e. I A2 < I A1 .

Figure 5.7: Regions A1 and A2 selected on the image I for the experiment.

In order to do this, we must select the known region A1 that is nearest to the undervehicle shadow. This is because such a region will best capture the local and global

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

134

134

variations around the under-vehicle shadow. After going through the test videos, we
select A1 as the region just outside the vehicle, where the under-vehicle shadow is found.
It will be shown later in this chapter, how these regions are selected automatically. In
this experiment, 1300 images with vehicles on major roads were used to generate the
training data for the experiment. These images were taken under different weather
conditions, lighting conditions and distances from the host vehicle. A study of these
images showed that if the lanes are determined and if the vehicles are present in the
lanes (i.e. they are not changing lanes), then the regions A1 next to the vehicle tyres
captures road surface in 99.8% of the cases. Fig. 5.7 shows the chosen A1 and A2
(i)

regions. In all the images I(i) in the dataset, we manually select the regions A1 and
(i)

(i)

(i)

A2 . The average intensities of A1 and A2 represented by I A1 and I A2 are computed to
obtain the following sets of data samples:

IA1

(1)

I A1



 (2) 
I 
 A1 
= . 
 .. 


(K)
I A1


IA2

(1)

I A2



 (2) 
I 
 A2 
= . 
 .. 


(K)
I A2

(5.7)

We first plotted the average intensities of the A1 and A2 training samples to see if

Figure 5.8: Scatter plot between IA1 and IA2

there is any relationship between these two intensities. Fig. 5.8 shows the scatter plot
between IA1 and IA2 of the training samples. It can be seen that there is no perceivable
relationship between these two quantities.
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However, after a closer look at the training samples and input images, the following
observation was made: if intensity of the image around the vehicle is bright, i.e. if
IA1 is high, the under-vehicle shadow is darker, i.e. IA2 is low. In other words, on
a bright sunny day, the difference between the intensity of the shadow region and the
non-shadow region is greater than what is observed on a cloudy day. Given IA1 and
IA2 as the average intensities of non-shadow region and shadow regions respectively, the
following are observed:
• IA1 is high ⇒ bright day ⇒ shadow is darker ⇒ IA1 − IA2 is higher.
• IA1 is lower ⇒ cloudy or less bright day ⇒ shadow is ‘less’ darker ⇒ IA1 − IA2 is
lower.
In order to see if there is any relationship between IA1 and IA1 − IA2 , IA1 and IA2 are
used to compute difference in average intensity I∆ as shown below:

I∆ = IA1 − IA2

(1)

(1)

I A1 − I A2





(1)

I∆



 (2)
 

 I − I (2)   I (2) 
A2 
 A1
 ∆ 
=
= . 
..

  .. 
.

 

(K)
(K)
(K)
I A1 − I A2
I∆

(5.8)

The differences in average intensities, I∆ , are plotted against the average intensities of
the regions A1 , i.e. IA1 . Fig. 5.9 shows this plot.

Figure 5.9: Scatter plot between IA1 and I∆
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It can be seen from Fig. 5.9 that the training data samples show a linear relationship.
If a linear hypothesis model hθ (x) = θ1 x is applied to these data samples and using
least squares regression model [212] with input training samples X = IA1 and output
responses Y = I∆ , we can solve for hθ (x) using the following equation:
θ = (X T X)−1 X T Y.

(5.9)

Applying the above equation to the data samples, we get hθ (x) = 0.597x. This linearization of the training data samples is shown in Fig. 5.10. The mean absolute error µ
and the standard deviation σ of the data samples when compared with the linear model
were found to be equal to 13.05 and 16.05 respectively.

Figure 5.10: I∆ versus IA1

This model is now used to set the binarization threshold to extract the under-vehicle
shadow regions. For a given intensity x = I A1 , the binarization threshold Tb is given by:
Tb = x − hθ (x) + 

(5.10)

where  is a tolerance value to accommodate the deviation of hθ (x), i.e. σ = 16.05.
Changing the value of  either makes the binarization threshold more rigid or flexible.
However, in order to find the binarization threshold Tb using equation (5.10), the region
with known average intensity around the vehicle, i.e. x = I A1 , needs to be found first. In
other words, for a given input image with the RoIs marked, we need to do the following:
1. Find the known non-under-vehicle shadow region A1 to find the average intensity
I A1 .
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2. Find the threshold Tb using (5.10).
3. Binarize the vicinity of A1 , using Tb , where we expect to see the under-vehicle
shadow, i.e. region A2 .
We now propose an algorithm that performs the above three steps. The proposed
algorithm systematically first finds the region A1 and then determines the under-vehicle
shadow region using equations (5.10).

Algorithm to Detect Under-vehicle Shadows: We first define some matrices
which are used in describing the algorithm. Given image I and the RoI mask EM ,
two matrices are defined to make the explanation easy to follow. First is what we call
an RoI block or R, which is the rectangular region in EM which binds the RoI in EM .
Each pixel in R is either a 0 or a 1. Fig. 5.11 shows these blocks using a sample image.
For the input image with mask in Fig. 5.11(a), R is shown in Fig. 5.11(b). When R is
applied on I, we get the image block or IR , as shown in Fig. 5.11(c).

Figure 5.11: The image block (c) and RoI block (b) are shown for an input image
with mask (a). The division of the image block into bands is shown in (d) and (e). The
bands are further divided into sub-blocks in (f) and (g).
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Given q × r sized R and IR , the RoI block is first divided into bands of a pre-defined
width wq . Therefore, we have


R1





 
 R2 
 
R= . 
 .. 
 
Rα
where every Ri and IRi is a

q
wq

IR1





 IR2 


IR =  . 
 .. 


IRα

(5.11)

× r matrix. These bands are shown in Fig. 5.11(d) for

an input image.
We start processing with the lowest band Rα and move upwards. This direction is chosen
because in a lane change assistance system, we are interested in the nearest vehicle to
the ego-vehicle. A band Ri , starting from the αth band, is further divided into λ blocks,
each of size

q
wq

×

r
wr

given by:

i
h
Ri = Ri,1 Ri,2 · · · Ri,λ

h
IRi = IRi,1

IRi,2

· · · IRi,λ

i

(5.12)

Depending on the mask, a block Ri,j in the ith band will either have all pixels set to
zero, or some pixels set to zeros or all pixels set to 1. We compute the vector NRi,j
given by:
h
i
NRi = Ni,1 Ni,2 · · · Ni,λ

(5.13)

where Ni,j is given by the summation of all pixels in the block Ri,j , i.e.
q

Ni,j =

r

wq wr
X
X

Ri,j (u, v).

(5.14)

u=1 v=1

Ni,j gives the total number of valid image pixels that are there inside block Ri,j . Using
the values in NRi for a given band, Ri , we now select the region A1 , which is used to
find the binarization threshold in equation (5.10).
Observation: Given that the RoI defines the lane in which the vehicle is being searched,
it was observed that if a band has the under-vehicle shadow, the corner blocks in the band
have sufficient road intensity information. These blocks can be considered as regions A1
to determine the binarization threshold in equation (5.10). This is illustrated in Fig.
5.12. For the image block shown in Fig. 5.12, the under-vehicle shadow occurs in the 6th
band as indicated by the red band. This particular band IR6 is further zoomed in and
divided into blocks. It can be seen that blocks IR6,8 and IR6,20 , that lie at the corners
of the band will not be under-vehicle shadow regions. They can therefore be considered
as regions A1 .
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Figure 5.12: The image block IR6 showing blocks IR6,8 and IR6,20 with road intensities.

Given this observation, we run through NRi the ith band that is under consideration.
The leftmost and rightmost values in NRi which are above a threshold give the regions,
that can be considered as A1 for binarization threshold computation. For the example
considered in Fig. 5.12, N6,7 = 12, N6,8 = 84, . . . , N6,20 = 73, N6,21 = 20. If we set a
threshold on the minimum number of mask pixels to be 25, then we get N6,8 and N6,20
giving the regions for A1 .
We then find the average intensity of these image blocks, i.e. IR6,8 and IR6,20 , which gives
x = I A1 in equation (5.10). This value is used to determine the binarization threshold
Tb using equation (5.10). Then each image sub-block IRi,j in IRi is binarized using this
threshold to give the binarized image sub-block IBRi,j , i.e.
IBRi,j := {0 < IRi,j < Tb }

(5.15)

After binarizing the sub-blocks in the image band IRi , we find the number of binarized
image sub-blocks (represented by b) that indicate intensities lower than Tb . If this
number b is found to be greater than a ration, with respect to the number of the subblocks in IRi , then that band is considered to have an under-vehicle shadow. This check
on the number of sub-blocks is made to ensure that that there is a minimum number of
blocks that have the dark intensity region. This minimum number is varied depending
on the position of the image band because the number of sub-blocks with a valid undervehicle shadow in upper bands is lesser than those found in the lower bands. Referring
to the image sub-blocks shown in Fig. 5.12, sub-blocks 11 to 18 will give non-zero pixels
on binarization indicating the presence of a valid vehicle shadow. Fig. 5.13 shows the
application of the proposed method on an image.
Algorithm 1 summarizes all the steps involved in the under-vehicle shadow detection in
the form of an algorithm. We start with the lowest band, i.e. the αth band and move
upwards, and follow the steps described above till we either get a possible under-vehicle
shadow band or the vanishing point. If an under-vehicle shadow band is found then its
position is noted and further vehicle signature confirmation steps are performed using
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Figure 5.13: Example showing under-vehicle shadow detection.

the steps described in the next sections. Otherwise, it is assumed that a vehicle is not
present in the RoI.
Algorithm 1 Adaptive Under-vehicle Shadow Detection
1: Given mask block R and image block IR
2: Ri , IRi ⇐ Divide R and IR into bands
3: for Every band i = α to 1 do
4:
Divide Ri and IRi into λ blocks
5:
For each sub-block, compute NRi,j
6:
A1 =Find outermost non-zero blocks in Ri
7:
I A1 =Compute average intensities of blocks in A1
8:
Tb = I A1 − hθ (I A1 ) + 
9:
For each sub-block, compute IBRi,j := {0 < IRi,j < Tb }
10:
if # of binarized sub-blocks with non-zero pixels > b then
11:
Under-vehicle shadow found in band i
12:
(xu1 , yu ), (xu2 , yu ) ← Find coordinates of shadow w.r.t image frame
13:
break;
14:
end if
15: end for

5.3.2

Confirming Vehicle Signature using Horizontal & Slant Edge
Symmetries

From the previous computation step, the presence of the under-vehicle shadow indicates
that there is a possibility of presence of a vehicle above this shadow. In this section, we
describe the next step in the proposed vehicle detection method. In this step, given the
possible location of the under-vehicle shadow, we check if that shadow is indeed that
of a vehicle. The GMH-GAH-HT engine is deployed in a selective manner to check the
presence of vehicle signature above the under-vehicle shadow in the image.
Given the coordinates of the under-vehicle shadow, i.e. (xu1 , yu ), (xu2 , yu ), we extract
an image block Iv above the vehicle shadow. The width of the shadow, i.e. xu2 − xu1 ,
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is used to determine the size of the image block. For our experiments, a square image
block was considered. Fig. 5.14 gives an example of these steps. For the input image
shown in Fig. 5.14(a), the image block Iv is selected as shown in Fig. 5.14(b).

Figure 5.14: The image block IR6 showing blocks IR6,8 and IR6,20 with road intensities.

Next, an edge map for Iv is generated using gradient magnitude histogram (GMH). The
gradient maps Gx and Gy are used to compute the gradient magnitudes map G, which
is then used to compute the GMH. The threshold for edge detection is computed using
the 10% rule, i.e. for an M × N image, edge content is no more than 10% of the image
size. Therefore, if we have an Mv × Nv sized image block Iv , it will have no more than
nv = 0.1 × Mv × Nv edge pixels. The threshold for edge detection Te is set to bin in
GMH which has a cummulative bin count till that bin to be equal (or close) to nv .
We now employ the different gradient maps, i.e. Gx , Gy and G, in different ways to
study the symmetry of edges (if present), and confirm the presence of a vehicle above
the detected shadow. We first generate the edge map Ev by thresholding the horizontal
gradient map Gx with Te . In this process only the horizontal gradients are used because
we observe that vehicles predominantly have horizontal edges. Therefore, the horizontal
component of the gradients should be more predominant and contributing more to the
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overal gradient magnitude. Therefore, the edge map is extracted using the following
equation,
Ev := Gx > Te

(5.16)

Ev is then split into two halves given by Evl and Evr for the left and right halves
respectively. Fig. 5.14(c), (d) & (e) show Ev , Evl and Evr respectively for the chosen
input image.
The left and right edge maps Evl and Evr are then analyzed for horizontal lines using
GAH and Hough Transform (HT). GAH is generated separately for Evl and Evr and it
is scanned for peaks that correspond to horizontal lines, i.e. at Θ = [−90◦ , −85◦ ]. When
a peak is found in these angle ranges, a straight line edge map (SLEM) is generated
thereby filtering all other straight line edges. If a peak is not found in these angle
ranges, then no further processing is done with regards to the checking of horizontal
edge symmetry.
On finding possible horizontal edges in GAH, we now compute the HT to further ascertain the location of the edges in Evl and Evr . If these horizontal edges correspond to
a vehicle, both the edge maps should show the edges at similar locations. Since we are
looking for horizontal lines only, HT is computed for a narrow range of angles given by
Θ = [−90◦ , −85◦ ]. If there are any horizontal lines, HT computed for these angles will
pick them up as peaks in the Hough spaces, HSl and HSr . Let Pl and Pr be the set of
peaks detected in HSl and HSr respectively and are defined as:
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(5.17)

The peaks in Pl and Pr are first cleaned up such that peaks which are higher than pmin
are selected. pmin is set based on the width of the image block, i.e. a factor of Nv . This
is because the if the image block has a vehicle, the length of horizontal edges in the
block will be proportional to the width of the image block.
After shortlisting the peak candidates in Pl and Pr , we check for symmetry between
the left and right peaks. Peak pairs are formed by checking every peak candidate in Pl
with peaks in Pr . A peak (ρli , θil ) ∈ Pl is said to have formed a peak pair with a peak
(ρrj , θjr ) ∈ Pr if,
δρ = |ρli − ρrj |

δθ = |θil − θjr |

where δρ and δθ are small allowances (usually set to less than 5).

(5.18)
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These peak pairs imply that there are horizontal lines of similar widths at the same
vertical positions in both left and right edge maps. If we get atleast two such peak
pairs which are spatially located β pixels away, the signature is confirmed as a vehicle.
The additional condition using the parameter β is to ensure that close by lines are not
mistaken as two different lines. This parameter β is set based on the height of the image
block Mv because the horizontal lines are spatially located along the height of the image
block. Fig. 5.14(f) & (g) show the Hough spaces HSl and HSr , respectively. The Hough
peaks are detected at


(−52, −87◦ )


◦ 
Pl = 
(−35, −90 )
(−18, −90◦ )



(−54, −90◦ )


(−35, −90◦ )


Pr = 

(−18, −90◦ )


(−11, −90◦ )

(5.19)

Three peak pairs are found: {(−52, −87◦ ), (−54, −90◦ )},{(−35, −90◦ ), (−35, −90◦ )} and
{(−18, −90◦ ), (−18, −90◦ )}. These peak pairs also satisfy the minimum separation criteria given by β = 10 pixels in this example. Since all these conditions are satisfied by
the signature found with an under-vehicle shadow, this signature is confirmed to be a
vehicle.
In addition to the horizontal edge symmetry, we also check one additional edge symmetry,
which is the slant edge symmetry. This is particularly useful in detecting cars. The
same can be extended for other vehicles like buses also. The explanation given here is
applicable for cars. In this symmetry we consider the slant edges made by the wind
shield of the vehicle. It was observed that wind shields cast strong edges because of the
contrast they usually have against their surroundings and the vehicle body that encloses
the wind shield. Fig. 5.15 is used to illustrate this symmetry. For the vehicle image
block shown in the lowest row in Fig. 5.15, the gradients are shown in the first row for
the left and right halves of the vehicle image block. It can be seen that the edges of
the wind shields form high gradients. This was seen in most daytime images of vehicles.
The GAHs in the second row in Fig. 5.15 show that in addition to the horizontal edges
(given by the peaks in the middle of the bar plots), there are two additional peaks
formed corresponding to the slant edges formed by the wind shield. In the GAH for
the left half, the peak is located between 60◦ to 80◦ , and for the right half, the peak is
found between −80◦ and −60◦ . These peaks are circled in Fig. 5.15. When the SLEMs
were generated for these angle ranges in GAH, we get the slant edges as shown in the
third row in Fig. 5.15. This symmetry in the slant edges between the left and right
halves of the vehicle image block is used as an additional cue for confirming the presence
of the vehicle. The steps for detecting horizontal edge symmetry, that were discussed
previously, can be used again to detect slant edge symmtery for the angle ranges of the
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slant edges. These angle ranges can be varied for other vehicles like buses which will
usually show vertical edges for the wind shields.

Figure 5.15: Illustration on slant edge symmetry. From top: the first row shows the
gradient magnitudes of the left and right halves of the vehicle image block (shown in
the lowest row); the second row shows the GAHs for the left and right halves of the
vehicle image block, with slant edge peaks circled.

Figure 5.16: Flowchart for the proposed vehicle detection algorithm.
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Overall Algorithm for Vehicle Detection in Lanes

We now describe the entire algorithm for detecting vehicles in lanes that are nearest
to the ego-vehicle. Given the lane markings information, we first generate the RoIs
corresponding to the lanes present in the image. Starting from the host lane, we divide
each RoI into bands. Starting from the bottom-most band, going upwards towards the
vanishing point, each RoI band is checked for the presence of an under-vehicle shadow
using linear thresholding function described in the previous section. Presence of this
shadow is the first cue for the presence of a vehicle. If an under-vehicle shadow is
detected in an RoI band, the vehicle signature based on the edge symmetry is checked
in the image block that is selected using the location of the under-vehicle shadow. If a
vehicle signature is confirmed, then we move to the next RoI. If a vehicle signature is
not confirmed, we move upwards to the next RoI band in the same RoI and the whole
process is repeated again. Fig. 5.16 shows the flowchart for this algorithm.

5.4

Motorcycle Detection

As shown in literature survey (Section 2.4), motorcycle detection is still a challenging
topic. This is primarily because the features of a motorcycle are too varied. There are
too many uncertainties and variations in the features of motorcycles that makes them a
difficult target to detect using cameras. Fig. 5.17 shows some of the many variations in
positions and orientations of the motorcycle on roads. The vehicle detection algorithm
that was proposed in Section 5.3 also cannot be directly applied to detect motorcycles.
This is because, unlike cars or four-wheel vehicles, motorcycles do not cast a strong
umbra shadow on the road surface. Also, they can appear in different positions and
orientations in an image scene and hence symmetry of edges as seen in cars is not
evident in motorcycles, as shown in Fig. 5.17. Therefore, we propose a novel two-step
method to detect motorcycles in lanes using monocular cameras. The first step is a
modified version of the shadow detection technique that was proposed previously for
vehicles. This step hypothesizes the presence of a motorcycle. In the second step, we
propose an intensity based method that further scrutinizes around the possible position
of a motorcycle (that is obtained from the first step). A combination of these steps
confirms the presence of a motorcycle in the proposed motorcycle detection technique.

Computing Binarization Threshold for Locating Motorcycle Candidates:

In

order to detect motorcycles, we studied a dataset of images with motorcycles, which are
captured from an on-board camera, i.e. a camera on a vehicle behind the motorcycle.
Though motorcycles do not cast any shadow on the ground, it was observed that the
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Figure 5.17: Variations in motorcycle position & orientation.

lower half of the motorcycle is relatively darker than the road surface in most cases. This
particular property was also used in [160, 162] to detect motorcycles using a support
vector machine. In order to locate this dark region as an initial hypothesis for detecting
motorcycle, we use the binarization technique proposed in Section 5.3.1 in a different
way. For vehicle detection, we defined the regions A1 and A2 , where A1 is the region on
the road surface and close to the tyre of the vehicle, and A2 is the under-vehicle shadow
region. In the algorithm described in Section 5.3.1, we consider the sub-blocks on the
corners of each image RoI band as regions A1 to get the known intensity I A1 . This is
because in the case of a vehicle in the lane, considering the size of the vehicle and a
more predictable movement pattern as compared to motorcycles, these sub-blocks are
usually unoccupied by the vehicle. However, in the case of a motorcycle, this is not
the case. This is because the movement of a motorcycle is less predictable and more
wavering. In fact, the corner-most blocks may be covered by the motorcycle in most
cases because motorcycles usually overtake between two lanes and hence appear close
to the lane boundaries.
Therefore, for motorcycle detection, we redefine the regions A1 and A2 . A1 is the region
on the road surface and comprises the entire image RoI band, i.e. IRi , unlike the
corner sub-blocks in the vehicle detection algorithm. A2 is the region on the tyre of the
motorcycle. We conducted a similar experiment as described in Section 5.3.1 with the
average intensities of these two regions, i.e. I A1 and I A2 . The scatter plots of I A1 versus
I A2 , and I A1 versus I ∆ = I A1 − I A2 are shown in Fig. 5.18 using 125 training samples.

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Chapter 5

147

It can be seen that the unknown intensities of the tyre also show a similar relationship
as those shown by the under-vehicle shadow.

Figure 5.18: (a) Scatter plots of IA1 versus IA2 and (b) IA1 versus I∆

Using normal linear regression model given in equation (5.9), we get the linear function
as
h(θ) = 0.5012x

(5.20)

⇒ I ∆ = 0.5012I A1
This is used to set the threshold Tb for binarization in every image RoI sub-block to
detect the presence of the tyre region. Given an image RoI, i.e. IR , we divide it into
RoI bands. Starting from the bottom RoI band, we move upwards and in a given RoI
band IRi , we determine the average intensity of the image pixels in IRi , i.e.
I A1 =

1 X
IRi (x, y)
NIRi

(5.21)

where NIRi are the number of pixels in IRi and IRi (x, y) is an image pixel in IRi .
Given I A1 now, the image RoI band IRi is binarized using Tb obtained from (5.20). In
the vehicle detection algorithm in Section 5.3, a minimum number of b blocks need to
qualify as white pixel blocks to indicate that there is a vehicle shadow. This value of b
is set to a lower value in the case of motorcycle detection. If an RoI band indicates the
presence of a motorcycle based on the value of b, we proceed to the next step to confirm
the presence of a motorcycle. The next step is important because b being a smaller value
(than the vehicle detection case), there can be false positives which could be detected
by stray dark patches on the road scene. Such false positives are rejected in the next
step.
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Figure 5.19: Illustrating the blocks around the motorcycle.

Examining Tyre Region: Another visual cue is used in the proposed algorithm to
detect motorcycles in lanes. Based on the width w of the binarized region in the image
RoI band, and the vertical position y of the detected tyre region, we draw a w × h
sized bounding box B at the veritical position y. Several experiments were conducted
to understand the nature of the image content in the bounding box B that should be
considered as a motorcycle. One of the observations is that if B is divided into two
parts B1 and B2 , the lower part B2 of the motorcycle is relatively darker than the
upper part B1 . However, this is not always true, because the intensity of B1 block is
unpredictable unlike the lower block B2 . But it was found that B2 is always darker than
its immediate surroundings. Therefore, we define two rectangular regions B3 and B4
based on the width and location of the lower block B2 . These blocks define the road
surface region just beside the vehicle. These blocks are shown in Fig. 5.19. Given the
average intensities of blocks B2 , B3 and B4 as I B2 , I B3 and I B4 respectively, we define
two features I ∆l and I ∆r in the following way:
I ∆l = I B2 − I B3

(5.22)

I ∆r = I B2 − I B4

(5.23)
(5.24)

Qualitatively these features give the difference of the average intensity of the lower part
of the motorcycle and the road surface on either side. It was observed that I ∆l and I ∆r
are negative because the lower part of the motorcycle is darker than the road surface.
In order to verify this observation, we conducted an experiment with 275 input training
samples to see if these features can be used to create a decision boundary in a twoclass classification problem. The two classes are vehicles and non-vehicles. Of these 275
input images, 150 images were valid vehicle images and the remaining 125 images were
non-vehicle lane images. In each image, for the vehicle class, the tyre region detection
algorithm was used to generate the block B and then B1 to B4 . The average intensities
are computed in these blocks and then I ∆l and I ∆r are computed using equations (5.22).
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For the non-vehicle images, we selected possible ambiguous patches on lanes in a road
scene which could be mistaken as vehicle tyre regions. We selected images with strong
shadows of trees, overhead fixtures, guard rails etc. to create the training dataset of
non-vehicle training data. The two features were computed for the blocks B2 to B4 in
these non-vehicle image using manually selected coordinates.
The scatter plot in Fig. 5.20 shows the spread of the vehicle and non-vehicle training
data samples. The *s indicate non-vehicle data and ◦s indicate vehicle data. It can be
seen from Fig. 5.20 that the non-vehicle samples are concentrated near I ∆l = 0 and
I ∆r = 0 but the vehicle samples are found in the third quadrant, i.e. I ∆l < 0 and
I ∆r < 0. This supports the observation made regarding the motorcycle region B2 being
darker than the road surface adjacent to its left and right (B3 and B4 respectively).

Figure 5.20: Scatter plot of I ∆l versus I ∆r for vehicle and non-vehicle training data.
The red asterisks indicate non-vehicle samples and blue circles indicate vehicle samples.

This scatter plot was used to define a decision function fM C to classify a motorcycle from
a non-vehicle input sample. This decision function fM C is defined as the intersection of
three different linear functions fM C1 , fM C2 and fM C3 such that,
fM C = fM C1 ∩ fM C2 ∩ fM C3

(5.25)
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where fM C1 , fM C2 and fM C3 are given as,
30
I ∆l − 30 − I ∆r < 0
17
: I ∆r < 10

fM C1 : −

(5.26)

fM C2

(5.27)

fM C3 : I ∆l < 10

(5.28)
(5.29)

The above linear functions are plotted in Fig. 5.21. fM C1 gives the linear boundary
separating the motorcycle and non-vehicle samples. In addition to fM C1 , we also consider
fM C2 and fM C3 to give a tolerance value for I ∆l and I ∆r . The intersection of these three
decision boundaries will give the overall decision boundary fM C . If the average intensity
of B1 lies in the above decision boundary fM C , then B1 is likely to be a motorcycle. We
call this the second level of confirmation.

Figure 5.21: Scatter plot of I ∆l versus I ∆r for vehicle and non-vehicle training data
with the linear decision functions fM C1 , fM C2 and fM C3

In order to further confirm the presence of the signature of the motorcycle, we also look
at the relative positions of the horizontal edges in the image block above the motorcycle
shadow. In the image block B, we apply the horizontal Sobel gradient operator to get
the horizontal gradients. After thresholding the gradient map, we get the horizontal
edges. Since motorcycle with the driver is a rigid body, these edges will remain in the
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same relative positions with respect to the base of the motorcycle across frames. Fig.
5.22 is used to illustrate this. The top row in Fig. 5.22 shows the motorcycle detected
at t-th frame. The horizontal edge map is shown and the prominent edge is found at
0.1288 units with respect to the bottom on the image (the tyre location). The botton
row in Fig. 5.22 shows the motorcycle detected at t + 5-th frame. It can be seen that the
motorcycle is smaller (moving away from the ego-vehicle). The prominent edge in this
case is found at 0.1210 units with respect to the bottom. Since the motorcycle is in the
vertical plane, only the scale of the motorcycle changes in the vertical plane. Therefore,
the relative position of the horizontal edges will remain similar across frames. Fig. 5.23
summarizes the entire motorcycle detection algorithm with all the three steps described
above.

Figure 5.22: Illustration showing relative positions of the edges remains fixed as the
motorcycle moves across frames. Top row: motorcycle and edge map detected at time
t. Bottom row: at time t + 4 frame.

5.5

Estimating Relative Proximity using Monocular Camera

After detecting vehicles, the next step is to estimate the relative distance between the
host and target vehicles. It was shown in the literature survey (Section 2.5) that stereo
vision is usually used to determine the depth of an object in an image scene. Some
techniques for vehicle distance estimation using monocular cameras were also surveyed in
Chapter 2. It was seen that most monocular camera based techniques use target vehicle
properties in the image plane like width of the vehicle, aspect ratio of the vehicle, distance
between head lights etc. to determine the relative distance in real-world coordinates.
The sensitivity and accuracy of the distance measurement is dependent on the accuracy
of these parameters. Also, all these methods can be applied for vehicle images only,
and are not directly applicable for motorcycles. For example, vehicle width or aspect
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Figure 5.23: Flowchart for the motorcycle detection algorithm.

ratio based depth estimation cannot be used to determine the distance of a motorcycle
in front of the vehicle.
In order to better understand this scenario, an experiment was conducted inside the lab
premises. One of the corridors in the lab as shown in Fig. 5.24 was considered as a lane
and distance markers were placed a different positions. A camera was moved in different
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Figure 5.24: Lab experimental setup

directions to study the perspective effects on the lane markers in the image plane. The
following observations were made as part of this study:
• The first obvious observation is that the farther the markers are, the lesser is the
distance between two markers on the image plane. This is a common observation
in all perspective images. Farther objects appear to be smaller than when the
same object is close by the camera.
• The vertical displacement of the markers on the image plane is not affected by
sideward movements of the camera across the lane (corridor), given that the lane
is straight. However, changing the pitch angle of the camera does affect the position
of markers in the image plane. Monocular camera based techniques surveyed in
Section 2.5 also discuss about this property and address pitch angle variation.
• The main observation is that a relationship between image perspective coordinates
and the real-world coordinates needs to be established to determine the relative
distance in the real-world coordinates. This relationship defines the perspective
effect between the two coordinate systems. In stereo vision based techniques,
epipolar geometry is used to determine the depth using the information obtained
from two stereo cameras. However, in monocular based methods, the relationship
between the two coordinate systems is made based on the image plane information
and its known real-world information. The monocular based methods presented in
the literature survey use target vehicle properties in the image plane like width of
the vehicle, aspect ratio of the vehicle, distance between head lights etc. and their
corresponding real-world standard measurements to establish this relationship.
Based on these observations, we propose a model for relative proximity estimation using
monocular cameras. The proposed model is less dependent on the target vehicle properties because such properties can vary too much depending on the model of the vehicles
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ahead. The proposed model is only dependent on the position of the detected vehicle
in the image plane and the host lane positions (which were shown to be detected with
over 95% accuracy in the previous chapters). Also, the proposed method is developed
for straight road cases. Considering that highways are usually straight in nature and
lane change is not safe in curved lanes, it is more important to find the proximity in the
case of straight roads. If the road curves ahead in the near-view, the lane change is not
safe and the proposed risk assessment framework in the next chapter informs this to the
driver.

5.5.1

Proposed Model for Relative Proximity Estimation

In this section, we describe a technique to estimate the proximity of the vehicle in a
straight lane, that was detected using the techniques discussed above. In order to do
this, let us first analyze the camera model and the real-world model of the lanes. Fig.
5.25 shows the camera model and the real-world lane model.
As shown in Fig. 5.25, the real world coordinates are given by the X − Y − Z axes; the
camera coordinates are given by the u − v − w axes. Let f be the focal length of the
camera. Therefore, the image plane is formed at a distance of f from the center of the
camera C. Also, let the camera be tilted by an angle ϕ as shown in the figure.

Figure 5.25: Real world model of the lanes with the camera model

Let ll and lr be the left and right lanes respective in the real-world axes. Let the vehicle
be at a distance D from the vertical Y axis (which is also the vertical v axis for camera
coordinates). Let us now draw a line P1 P2 along X-axis on the road, intersecting the
lanes lr and ll at P1 (X1 , Y1 , Z1 ) and P2 (X2 , Y2 , Z2 ) in the real-world coordinates. This
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line is seen as line segment I1 I2 on the image plane I, with the camera coordinates
I1 (u1 , v1 , w1 ) and I2 (u2 , v2 , w2 ).
Now, we relate these coordinates such that we find the distance D. Using projective
coordinates, a camera coordinate (u, v, w) and the real world coordinate (X, Y, X) can
be related in the following manner:
u
w

=

v
w

X
Z

=

Y
Z

(5.30)

Using the above equation, we can define u1 and u2 of the lane marking image coordinates
as the following:
u1
w1

=

X1
Z1

u2
w2

=

X2
Z2

(5.31)

With the camera tilted by ϕ, then the coordinates w1 and w2 are given by
w1 = w2 = f cos ϕ

(5.32)

where f is the focal length. Substituting these values in (5.31), we have
u1
f cos ϕ

=

X1
Z1

u2
f cos ϕ

=

X2
Z2

(5.33)

Since points P1 and P2 are at the same coordinate on the Z axis, Z1 = Z2 . This
relationship along with (5.34) can be used to deduce the following:

⇒

u1
f cos ϕ
u1 −u2
f cos ϕ

−
=

u2
X1
f cos ϕ = Z1
X1 −X2
Z1

−

X2
Z2

(5.34)

In the above equation:
• Z1 is the actual distance of the vehicle from the camera along Z axis, i.e.
Z1 = D

(5.35)

• The difference u1 − u2 is the width of the lane in the image plane and X1 − X2 is
the actual width of the lane in the real-world coordinates, i.e.,
Wim = u1 − u2

WR = X1 − X2

(5.36)

Using equations (5.34), (5.35) & (5.36), we get the following relationship:
Wim
f cos ϕ

=

WR
D

WR
∴ D = f cos ϕ W
im

(5.37)
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In the above equation, the width of the lane on the image plane Wim is known from
the RoI where we detect the vehicle. The actual width of the lane in real world WR
can be considered as a constant for a certain types of roads. The focal length f and
the tilt of the camera ϕ are also known. Therefore, the actual distance D of the vehicle
from the ego-vehicle can be computed using the above relationship. Adding the camera
calibration and image size transformation constants as one single constant κ to the above
equation, we get
D = κf cos ϕ

5.5.1.1

WR
.
Wim

(5.38)

Experimental Verification of the Model

The model was experimentally verified using the test vehicle. In this experiment, the
actual distances of the vehicle were measured using a laser gun from different distances
Dactual . The laser gun [213] has a range of 100m. Also the width of the lane/road
where the vehicle was parked was measured manually. From the same points where the
actual distances were measured, images of the vehicle were taken using a camera with
known calibration constants. In these images, the location of the vehicle was manually
selected to compute the width of the lane at those locations. These values were then
used to determine the distances using equation (5.38) to give the computed distances
Dcomp . Table 5.1 lists these distances and the errors between Dactual and Dcomp . The
test images for which the experiment was conducted are shown in Fig. 5.26. It can be
seen that the error found is less than 5m.

Figure 5.26: Test images for distance estimation
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Table 5.1: Experimental results of the distance measurement

(a)
(b)
(c)
(d)
(e)
(f)
(g)

5.5.2

Test
Frame
4761
5721
7608
9749
12806
14696
15804

Actual Distance
Dactual
29.263
35.295
40.538
46.791
13.853
10.722
7.330

Computed Distance
Dcomp
24.686
30.857
36.000
43.200
11.444
8.816
6.376

Error (m)
Dcomp − Dactual
-4.577
-4.438
-4.538
-3.591
-2.409
-1.906
-0.954

Estimating Proximity of Vehicles in Neighboring Lanes

The lane width found in the image is a critical parameter in estimating the proximity
of the vehicles. The lane width of the neighboring lanes can be more prone to errors
owing to their less prominence as compared to the host lane. In order to reduce this
error in the distance of vehicles in neighboring lanes, we use the following method. The
vehicle is detected in the neighboring lane using the techniques proposed in Section 5.3.3.
However, the distance of these vehicles is estimated using the host lane information. If
a vehicle is found at the coordinates (u1 , v1 ) and (u2 , v2 ) in the neighboring lane, we
extend this horizontal line to the host lane and find the two points for the host lane and
the distance is estimated. This is illustrated using Fig. 5.27. It can be seen from Fig.
5.27 that the distance D computed with respect to the host lane will be the same as the
distance of the vehicle on the neighboring lane.

Figure 5.27: Top view of a vehicle in neighboring lane and its relationship with host
lane
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Results & Discussion
Accuracy Evaluation

Vehicle detection The proposed vehicle detection algorithm was tested on a series of
test images to detect vehicles in varying illumination and shadow conditions. There are
existing car datasets like Caltech Computational Vision dataset [214] but most of the
images in such datasets have the same kind of illumination. They are usually taken on
bright days. Some datasets in Caltech databset do not apply to the LCDAS application
because they were created for vehicles in car parks. Therefore, we generated our own
dataset. A dataset containing images with vehicles in different lanes was created from
the datasets that were described in Table 3.1 in Section 3.3 in Chapter 3. Images were
selected from these datasets (which capture different road conditions) that had vehicles
in different lanes. The images were captured from video sequences in Table 3.1 that
were taken during different times of the day, different weather conditions like sunny,
cloudy, overcast, rainy etc. In each of the image, the lanes were pre-determined using
the proposed techniques and the RoIs were annotated. The proposed vehicle detection
algorithm was applied on all the different RoIs. A total of over 665 RoIs with and
without vehicles were tested. The image dataset is hosted at [215]. The y coordinate of
the bottom of the vehicle in each input image was annotated as ground truth data.
The proposed algorithm was applied on the different images in the dataset. It was
ensured that the linear function binarization parameters and the other block parameters
described in Section 5.3 are maintained the same across all images in the dataset so that
the adaptability of the algorithm to varying conditions can be tested. A detection rate
of nearly 95% was seen. A detection is considered as correct if the algorithm either flags
a true positive (when there is vehicle in the RoI) or a true negative (when the vehicle is
not present in the RoI). If the position of the vehicle detected by the proposed algorithm
was within y = 10 pixels of the ground truth data, it was considered a correct detection.
Some sample vehicle detection results are shown in Fig. 5.28, wherein vehicles are
detected using the proposed techniques in different road scenarios. It can be seen that
the proposed method is able to detect vehicles in both near and far-views. The detection
results in Fig. 5.28 (e)-(h) show that proposed algorithm detects the vehicles in the
presence of shadows and other road markings also.
A study on the mis-detections showed that the proposed method failed to detect the
vehicles in heavy rain scenarios or when the wet road becomes reflective after rain. This is
because the binarization threshold of the under-vehicle shadow in such scenarios does not
follow the proposed linear regression model. The algorithm was able to detect vehicles
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Figure 5.28: Some sample vehicle detection results in varying road scenarios in host
lane: vehicles in far-view in (a) & (b), vehicles on bright roads in (c) & (d), vehicles
in the presence of shadows of trees in (e), vehicles in the presence of shadows and road
markings in (f), and vehicles in the presence of other road markings in (g) & (h)

in late evening times and also during night times in some cases but it failed to detect the
presence of an under-vehicle shadow when the host vehicle and the front vehicle move
too close to each other. This is because the lighting from the headlights of the host
vehicle brightens the under-vehicle area of the target vehicle in front. Consequently, the
under-vehicle shadow is not found. More details about nighttime vehicle detection is
presented later in this section.
The proposed proximity estimation algorithm was also applied on real road scene images.
It was practically not feasible to verify the proximity estimates using the hand-held radar
guns while the vehicle was moving on highways. Therefore, we performed a visual test
of the estimated proximities. We applied the detection algorithm on a video sequence
with vehicles in front of the host-vehicle moving, either away from the host-vehicle or
approaching host-vehicle. If the target-vehicle is moving away from the host-vehicle,
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the estimated proximity values from the algorithm should show an increasing trend,
and vice versa for the approaching vehicles. This increasing and decreasing trends were
visually verified on a series of images. Some proximity estimation results are marked on
individual images in Fig. 5.28.

Motorcycle detection

The proposed motorcycle detection technique was tested us-

ing test images taken under different lighting and weather conditions. The test image
database had two different sets of images. First set had motorcycles in lanes and the
second set was empty lanes. The ground truth data is generated by going through each
image and manually determining the y coordinate of the point where the tyre is perceived to be touching the road surface in the image. A true positive (T P ) is defined as
correct detection of the motorcycle in terms of the location along y axis. If a motorcycle
is absent and the algorithm results in a negative, then it is a true negative (T N ). Similarly the false positives (F P ) and negatives (F N ) are defined. These are used to define
the detection rate as:
D=

TP + TN
× 100
TP + TN + FP + FN

(5.39)

The proposed algorithm gives nearly 90% detection rate on a test dataset comprising
105 test images. The robustness of the proposed method was found to be dependent on
the following factors:
• The first step of hypothesizing the tyre position using the binarization threshold is
vital for the rest of the detection process. It was found that the proposed method
is effective in detecting motorcycles close to the host vehicle at a distance of less
than 30 meters. When the motorcycle is farther than this, the tyre feature is too
narrow for the proposed algorithm to conclusively detect the motorcycle. However,
in a lane change assistance system, it is important that the motorcycles close to
the host vehicle be detected. A vehicle that is closer to the host vehicle is of
higher risk for lane change than a vehicle farther away. Therefore, if the detection
RoI is restricted to near view of 20-30 meters, the proposed algorithm has higher
accuracy.
• The next item is related to the interference of other vehicles in the vicinity of the
motorcycles. If we consider the RoI as defined above, there is no interference of
other vehicles on detecting the tyre region of the motorcycle. This also ensures
that blocks B3 and B4 , in the second step of the proposed algorithm, cover the
road surface and are not corrupted by intensities of the surrounding vehicles. It
was observed that if the motorcycle is present in the far view, the intensities of
other surrounding vehicles in far-view interfere in computing the average intensities
around the motorcycle. This results in possible false negatives.
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• When the intensities of the road surface are as dark as the motorcycle region B2 ,
then the proposed algorithm fails. However, such cases are fewer in number. In the
datasets that were considered, there only a few meters of such dark road surfaces
where the tar is being re-laid on the road surface.

Note on detection during night time

: The proposed techniques for vehicle and

motorcycle detection were derived primarily for day time scenarios. Though the vehicle
shadow appears during night time also, the intensities of the shadows, both undervehicle and other shadows, during night time change depending on the light source.
In the presence of streetlights, the shadow strengths appear differently. Also, if the
target vehicle is close to the host vehicle, the lighting from the headlights of the host
vehicle usually removes the under-vehicle shadow of the target vehicle in front of the
host vehicle. Therefore, applying the proposed techniques directly on the night time
scenarios will not give high detection rates. However, vehicle detection during night
time is considered as a relatively less complex problem as compared to day time, which
is the reason for a large amount literature (as shown in Chapter 2) on vehicle detection
during day time. This is because vehicles can be distinctly detected using the braking
lights and headlights during night time, which form strong visible features durig night
time. This is not the case during day time. Techniques for vehicles during night time
can be combined with the proposed lane-restricted vehicle detection methods to further
improve the robustness and reducing computational complexity.

5.6.2

Computational Complexity Analysis

In this subsection, the computational complexity of vehicle detection process is discussed in detail. We also compare the computation cost of the proposed vehicle detection method against existing similar recent vehicle detection techniques. The proposed
method comprises of two parts: (1) under-vehicle shadow detection, and (2) vehicle
signature confirmation. We will compare the proposed method comprising the abovementioned steps against methods proposed in literature such as [140, 151].
For the sake of equivalent comparison, we consider that the same region of interest
in which the vehicles will be detected. Let us consider a lane region in which vehicle
detection is to be performed. Let the vanishing point be present at Vpt (xpt , ypt ) where ypt
is along the vertical axis, with origin on the top left corner of the image. Therefore, if the
image size is M × N , then height of the lane region seen in the image is hroi = N − ypt .
Let wroi be the lane width at the bottom of the image, i.e. at y = M . This results
in a triangular RoI for the lane region with the base and height equal to wroi and hroi
respectively.
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Let us consider the worst possible computation cost to determine the vehicles in the
proposed method. In such a scenario, the entire lane RoI needs to be scanned for the
under-vehicle shadow region in the first step of the proposed method. If wr is the width
of each block in the bands for shadow detection, the total cost of finding the under-vehicle
shadow using the proposed method is given by:
1
CADD
= 2wr hroi
1
1
wroi hroi
CCOM
P ARAT OR =
2

(5.40)

After determining the under-vehicle shadow, the vehicle signature confirmation step
using edge symmetry is used if a possible under-vehicle shadow is found. Given that the
bounding box of the vehicle is Mv × Nv , the cost of confirming the vehicle signature can
be derived as:
2
CADD
= nv + pv nv nθ=90

(5.41)

2
2
CCOM
P ARAT OR = ppks

where nv = 0.1M vNv is the number of edge pixels in the vehicle bounding box above the
detected under-vehicle shadow, pv is the number of edge pixels along horizontal edges,
nθ=90 are the number of angles around 90◦ for which Hough transform is computed,
and ppks is the number of Hough peaks detected in each half of the bounding box
corresponding to horizontal lines.
We will use the above formulations to compare the proposed method with two existing
vehicle detection methods. We first compare the proposed method with a similar method
in [151] that uses under-vehicle shadow as a pre-processing step to generate a hypothesis
of the presence of a vehicle. It then uses an SVM classifier to confirm the presence of the
vehicle. Let us consider the cost for the shadow detection algorithm [151]. This requires
the computation of the mean µ and variance σ 2 of the pixel intensities in the RoI, and
the pixel intensities are thresholded using the threshold set to µ − 3σ. The computation
cost for this method is given by:
E1
CADD
=
E1
CM
UL =
E1
CCOM
P ARAT OR =

3
wroi hroi
2
1
wroi hroi
2
1
wroi hroi
2

(5.42)

After detecting the shadow, the method in [151] uses an SVM to further confirm the
presence of a vehicle in a bounding box above the detected shadow. This requires
additional computations to generate the feature vectors such as HOG features. We
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discount this computation cost from this method and we will still be able to show
that the proposed method that includes both shadow detection and vehicle signature
confirmation has lower computation cost as compared to the [151]. For the sake of
comparison, we consider the following values for the different variables in the above
equations (these values are taken based on observations from real images): wr = 20,
hroi = 180, wroi = 400, Mv = Nv = 400 (worst case scenario), nv = 0.1Mv Nv = 16000,
pv = 0.5 (worst case). It can be seen from Table 5.2 that although the proposed method
has less than 1% more comparators, it has nearly 5% lesser number of addition operations
and no multiplication operations. It should also be noted that this comparison does not
include the cost of the vehicle confirmation stage in [151]. It can be seen that even
after discounting the vehicle signature confirmation stage in [151], the proposed method
outperforms the method in [151] in terms of computational cost.
Table 5.2: Comparison of computation complexity
Operations
Additions
Multiplications
Comparators

[151]
108000
36000
36000

Proposed Method
103200
0
36100

We now consider appearance based classification technique such as the one presented in
[140] in IEEE IV 2012. The following computation cost is applicable to most appearance
based vehicle detection methods, which are commonly used for vehicle detection. In such
methods, a moving window of multiple scales is run over the region of interest to extract
feature vectors. These feature vectors are then sent to an SVM. In [140], HOG-like
features are extracted, which are used to train an SVM. The weights obtained from
the SVM are then used to classify if a feature vector generated from the window is a
vehicle or not. The computation cost of such methods depends on the number of scales
of vehicles that will be detected. For the sake of comparison let us assume we want to
detect a vehicle in a 100 × 100 window, and the windows are moved in a overlapping
fashion such that 25% of the window is overlapping with its adjacent window. In the
triangular lane region described previously with hroi = 180 and wroi = 400, we will
have nwins = 1440 number of windows. In each window, if we compute a HOG feature
(though the actual HOG like feature vector in [140] is computationally more complex
than a simple HOG), then cost of computing a HOG feature in a 100 × 100 window is
given by 10000 additions. This corresponds to the histogram computation using gradient
values for the HOG. Therefore, the number of additions alone for the appearance based
method is over 14 million. This cost itself is orders of magnitude higher than the
proposed method. Additionally, there is a cost of classification using SVM. Usually,
HOG vectors, each comprising 72 values, are used for a 4 × 4 celled window as shown in
[140]. The SVM classification cost for such a HOG vector is given by nwins × 72 inner

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

164

164

product computations followed by similar number of comparisons. Each inner product
computation is a sum of products operation resulting in 72 multiplication and addition
operations. Using the above values, we tabulate the comparison of computation cost
between the proposed method and the appearance based method in [140] in Table 5.3.
It can be seen that the overall computation cost is reduced by orders of magnitude as
compared to [140].
Table 5.3: Comparison of computation complexity with appearance based vehicle
classifiers

Operations
Additions
Multiplications
Comparators

5.7

[140]
14400000
103680
1440

Proposed
103200
0
36100

Computational Architecture for Vehicle Detection

The proposed vehicle detection algorithm enables region-level parallelism. Each lane in
the image can be considered as a region in which vehicle detection can be performed
independently of the other regions, i.e. after finding the lane boundaries of the host and
neighbor lanes, the lane regions enclosed by each lane can be processed in parallel. This
is possible because the proposed vehicle detection algorithm uses the lane information
for localizing the vehicle signatures in the first step of under-vehicle shadow detection.
In contrast, existing vehicle detection methods like [140] scan the entire image region
below the vanishing point, which is done by a moving window approach is applied serially
on image coordinates. Fig. 5.29 shows a possible computational framework for vehicle
detection which employs multiple processing engines that can operate in parallel. After
obtaining the lane positions in the image, each region processor (RP) operates in its
corresponding lane region and detects the nearest vehicle localized in the lane.

5.8

Summary

In this chapter, techniques were proposed to detect vehicles and motorcycles in lanes.
The proposed techniques were shown to be adaptive to local illumination changes and
hence robustly detect the target vehicles based on the scene around them in lanes.
Detection rates as high as 95-96% were seen in the case of vehicles and about 90% in the
case of motorcycles. In addition to detection, the proximity of the vehicles was estimated
using the width information of the lanes on the image plane. A 3D model relating the
image perspective coordinates and the real-world coordinates using the lane width was
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Figure 5.29: Possible computational framework for vehicle detection using parallel
processing engines for different lane regions

proposed and it was shown that the model gives an estimate of relative distance with
an error of not more than 5m in an experimental setup. The proposed vehicle proximity
estimation method was shown to be independent of vehicle characteristics and hence
can be applied to both vehicles and motorcycles.
The vehicle positions detected using the proposed techniques will be used to propose
an overall LCDAS system in the next chapter. Different parameters of the target vehicles will be defined using their relative proximities and their positions in lanes. These
parameters will be used to develop a framework for an LCDAS in the next chapter.
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Chapter

6
Techniques for Lane Change
Decision Aid

6.1

Introduction

In this chapter, we propose techniques that aid the driver in taking lane change decisions.
The proposed techniques use the information obtained from the different visual cues from
the road scene. We define the following main objectives of the proposed LCDAS, that
are concurrent with the goals of an LCDAS by ISO standards [36]:
• It should constantly monitor the following areas of interest for the presence of
any vehicles: (1) lanes in front of the host-vehicle, (2) lanes in the rear of the
host-vehicle and (3) blind spot areas of the host-vehicle.
• The relative distances and speeds of vehicles found in these areas of interest are
monitored continuously.
• The relative distances and speeds of these vehicles are analyzed continuously to
determine if it is safe to change lane. This decision will be based on the risk that
is involved in changing lanes at that time instant. This risk needs to be computed
based on the state of the road scene.
The different techniques proposed in Chapters 3, 4 and 5 will be brought together to
accomplish the above tasks of the proposed LCDAS. In order to do this, we first define
state parameters for different RoIs in the road scene. The state parameters tell the
state of the lane or RoI, and these state parameters are then analyzed to determine the
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risk involved in changing lanes. We first propose a sensor configuration that enables
monitoring of the road scene around the host vehicle. The road scene, as captured by
the proposed sensor configuration, is then analyzed to determine the state of the each
RoI, which are then used to find the risk in changing lanes. The forthcoming sections
will describe the proposed techniques with illustrations on real road scenes.

6.2

Sensor Configuration for Surround Scene Sensing

Figure 6.1: Sensor configuration in the proposed LCA system showing front and rear
cameras, CF and CR respectively. The front and rear RoIs are indicated as shown. The
blind spots where the cameras cannot sense are given by the striped shaded areas.

In an LCDAS, the road scene surrounding the host-vehicle must be continuously monitored. In order to do this, we propose a sensor configuration with two cameras. The
first camera senses the road scene in the front of the host-vehicle. The second camera
captures the road scene in the rear of the host-vehicle. Fig. 6.1 shows the two cameras
CF and CR capturing the front and rear road scenes of the host-vehicle and the different
regions of interest listed in the objectives of lane change assistance in Section 6.1, i.e.
the front lanes, the rear lanes and the blind spot areas. The front lanes are represented
by Fi , where i = 0 represents the host lane, a positive i represents the ith right lane
and a negative i represents the ith left lane. Therefore, if there is one lane to the left
and one lane to right, the lanes will be represented as F−1 , F0 and F+1 , as shown in
Fig. 6.1. These front lanes are monitored by the front facing camera CF . Similarly, the
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lanes in the rear road scene are given by Ri , which are continuously monitored using
the rear facing camera CR . The blind spots of the vehicle are represented by Bi , where
i = −1 represents the left blind spot and i = +1 represents the right blind spot. For
each RoI Fi and Ri seen by the front and rear cameras respectively, we determine the
state parameters that describe the state of the RoI. these state parameters are denoted
(t)

(t)

by ΨFi and ΨRi respectively. It can be seen in Fig. 6.1 that the blind spots B+1 and
B−1 are not covered in the field of view of CF and CR . In the subsequent sections, we
will show how the state parameters from front and rear cameras are used to describe all
the RoIs around the vehicle, including the blind spot areas.

6.3

Defining Vehicle State Parameters

In order to analyze the environment around the host-vehicle, we define state parameters
for different RoIs in the road scene. A state parameter for an RoI L at a time instant t
(t)

is represented by ΨL and defined as the following:

T
(t)
ΨL = p d v

(6.1)

(t)

Each variable in ΨL are also independently represented with time stamp and RoI as
(t)

(t)

(t)

pL , dL and vL . In the above equation, p represents the presence or absence of a vehicle
in the RoI L at the time instant t. The values that p can take are
(
p=

1 if vehicle is found
0 if vehicle is not found

(6.2)

The variable d(t) in equation (6.1) gives the relative distance of the vehicle (if found)
with respect to the host-vehicle in L at time instant t. This value is in meters. If a
vehicle is not found, d = 0. The variable v (t) in equation (6.1) represents the relative
velocity of the vehicle found in L and is computed as:
v (t) =

d(t) − d(t−1)
∆t

(6.3)

where ∆t = (t − 1) − t. In the above equation, it should be noted that d(t) is the relative
distance between the host-vehicle and target vehicle at time t, which means that it takes
into account the actual distances covered by each vehicle and the difference between their
real world coordinates is quantified in d(t) . Qualitatively, v (t) in (6.3) can be understood
in the following way. If v (t) is positive, then d(t) > d(t−1) . This implies that the distance
between the host-vehicle and the vehicle ahead (target vehicle) is increasing, i.e. either
the host-vehicle is slowing doing or the target vehicle is increasing its speed or both.
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Similarly, if v (t) is negative, then d(t) < d(t−1) implying the host-vehicle is pacing up or
the target vehicle is slowing down or both, leading to the decreasing distance between
the two vehicles. Summarizing these observations, we have the following values that v (t)
can take:
v (t) > 0 ⇒ Target vehicle is moving away from host-vehicle
v (t) < 0 ⇒ Target vehicle is moving closer to host-vehicle
v (t) = 0 ⇒ Both vehicles are moving at steady speed (given p(t) = 1)

(6.4)

Given these variables, we define the state parameters for different RoIs in the road scene,
that need to be monitored for arriving at a decision before changing lanes. The state
(t)

parameter of any RoI L is represented by ΨL defined by equation (6.1). Referring to
the lanes shown in Fig. 6.1, the state parameters for three lanes or RoIs in the front, i.e.
(t)

(t)

(t)

F−1 , F0 , F+1 , and three lanes in the rear, i.e. R−1 , R0 , R+1 are given by: ΨF−1 , ΨF0 , ΨF+1
(t)

(t)

(t)

for front lanes, and ΨR−1 , ΨR0 , ΨR+1 for rear lanes. As defined in the beginning of this
section, if we want to refer to a state variable, say distance d, of a particular RoI (say
(t)

R0 ) at a time instant t, we represent it by dR0 .
In addition to these state parameters, we define a different state parameter for the blind
(t)

spots. This is represented by γ Bi and defined as follows:
(
(t)
γ Bi

=

1 if vehicle is blind spot area
0 if vehicle is not in blind spot area

(6.5)

These state parameters for different RoIs will be now be used to determine the risk of
changing lanes at a given time instant t.

6.4

State-dependent Risk Factor Computation

In this section, we introduce a risk factor ξ, which estimates the amount of risk a target
vehicle poses to the host-vehicle. This risk factor is determined for every target vehicle
in every RoI that is considered in the LCDAS. If the driver intends to change lane,
this risk factor tells whether or not it is safe to change lane at that instant of time by
determining the risk a particular target vehicle poses on the ego vehicle. By combining
the risk factors from all the vehicles around the host-vehicle, we then look at the overall
risk in changing lanes at a given time instant.
We first describe how this risk factor is determined for a single target vehicle. Let T V
being the target vehicle at a relative distance d(t) moving at a relative velocity v (t) . We
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define the risk factor for this vehicle based on the following observations about the state
parameters:

Relative distance d(t) :
(t)
d1

and

(t)
d2

If we consider two target vehicles T V1 and T V2 at distances
(t)

(t)

respectively such that d1 < d2 , the risk posed by T V1 is greater than

T V2 . This is shown in Fig. 6.2. In other words, the risk posed by T V1 is higher than
T V2 . Therefore, if the distance d(t) of a target vehicle is lower, the risk is higher, i.e.
d(t) ↓⇒ ξ ↑. However, the distance state parameter alone does not completely define the
risk factor.

Figure 6.2: Effect of relative distance on the risk factor

Relative velocity v (t) :

The proposed risk factor is also dependent on the relative

velocity of the target vehicle with respect to the ego vehicle. Fig. 6.3 shows two different
states of the target vehicle with respect to the ego vehicle. In Fig. 6.3 (a), the relative
(t)

velocity v1 is given by
(t)

v1 =

d(t) − d(t−1)
∆t

(6.6)

In this case since d(t) < d(t−1) , the relative velocity is less than 0, i.e. v (t) < 0. A
negative v (t) implies EV and T V are approaching each other. Similarly the case shown
in Fig. 6.3 (b) gives a positive relative velocity, i.e. v (t) > 0, which implies EV and
T V are moving away from each other. In this case, it is a evident from the distances
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(t)

(t)

Figure 6.3: Effect of relative velocity on the risk factor (a) v1 < 0 (b) v2 > 0

that the risk is higher in case (a) when the relative velocity is negative. In other words,
for the same distance at time t, consider two scenarios as shown in Fig. 6.4. In this
(t)

(t)

scenario, the distance at t is the same in both cases (a) and (b), i.e. d1 = d2 . In both
(t)

(t)

cases, the two vehicles are approaching each other, i.e. v1 < 0 and v2 < 0. But the
relative speed of approach is not the same, i.e. T V is approaching EV faster in case (b)
(t)

(t)

than in case (a), i.e. |v1 | < |v2 |, resulting in a higher risk factor in case (b).
Therefore, the relative velocity state parameter v (t) affects the risk factor ξ in the following two ways:
• If v (t) < 0, the risk is higher, if the magnitude of relative velocity is higher, i.e.
v (t) < 0 ∧ |v (t) | ↑⇒ ξ ↑.
• If v (t) > 0, the risk is still there but lower, i.e. v (t) > 0 ⇒ ξ ↓.

Determining Risk Factor using State Parameters Based on these observations,
we define the risk factor at time t as a function of v (t) and d(t) , i.e.,


ξ (t) = f d(t) , v (t)

(6.7)

where f (·) is the risk function. From the above observations, we established that the
risks posed by vehicles in front and rear of the host-vehicle are equal, and the vehicles
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(t)

(t)

Figure 6.4: Effect of relative velocity on the risk factor with |v1 | < |v2 |

further away are of lesser risk than closeby vehicles. Based on this rationale, we derived
an analogy to the Gaussian curve and modeled the risk function as a Gaussian curve.
This risk function is defined as a Gaussian function centered at µ = 0 with a standard
deviation of σ, i.e.,
ξ (t) = exp

−d(t)
2σ 2

2

!
(6.8)

We choose a Gaussian curve because the risk posed by vehicles in front and rear of the
ego vehicle is equal. The distance of the ego-vehicle from the target vehicle is considered
along the x-axis in the risk function. Therefore, if the vehicle is approaching from rear,
the distance is considered as negative (and positive if a vehicle is in front of the egovehicle). The risk by either vehicle is considered to be equal. In order to model this
behavior, a Gaussian curve is considered for the risk function. However, this function
can be changed depending on the risk we want to give to the vehicles approaching from
different directions. For example, if we want to give a higher risk to vehicles approaching
from rear as compared to those from front of the ego-vehicle, a Rayleigh curve can be
considered, which is steeper on one side compared to the other. In this thesis, we consider
a Gaussian curve with equal risk for vehicles from front and rear.
Fig. 6.5 plots ξ (t) versus distance d(t) on the x-axis using the above Gaussian function.
In Fig. 6.5, let us consider the positive values of d(t) . It can be seen that as d goes
towards zero the risk factor increases in magnitude.

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

174

174

Figure 6.5: Gaussian curve representing the proposed risk function f (·).

Given this risk function, we now bring the next parameter to dynamically change the
risk factor based on the vehicle speed. As discussed earlier, if a vehicle is approaching
at a higher speed, the risk factor should increase for the same distance d. In order to
do this, the standard deviation σ in (6.8) is made a function of the velocity v, i.e.
σ (t) ∝ f (v (t) )

(6.9)

Fig. 6.6 shows the effect of changing σ on the risk factor. It can be seen that for an
approaching vehicle from rear view, for the same distance d = 10m, σ2 (t) > σ1 (t) ⇒
ξ1 (t) > ξ1 (t) . The σ value being directly proportional to ve (t) , increased velocity implies
higher σ, and hence higher risk.

Figure 6.6: Gaussian risk functions showing increased risk for the same distance.

We now define this function f that relates the risk function with the approach velocity
v (t) and also the distance between the two vehicles. In order to do this, we refer to the
stopping distance that is recommended based on the reaction times and the ego vehicle
velocity ve (t) . This data is taken from The 2012 Official Handbook on Basic Theory of
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Driving by Singapore Traffic Police [216], which computes this data based on real test
drives and driver behavior information. Fig. 6.7 plots the minimum stopping distance
versus the host-vehicle velocity. For a given ve (t) , the curve gives the minimum stopping
distance dmin that is required by host-vehicle to stop and avoid any collision with the
target vehicle. It can be seen that dmin can be derived as a function of ve (t) , i.e.
dmin = f (ve (t) )

(6.10)

Considering that these are constant values, we can get a quadratic relationship between
the two quantities. However, in order to reduce the computations, we can also have simple look-up table (LUT) given that the number of entries is limited. For the simulations
and experiments presented in this chapter, we used an LUT.

Figure 6.7: Minimum stopping distance versus host-vehicle velocity

Now, let us consider the case when we have a target vehicle moving at a velocity of
vo (t) in front of the host-vehicle. In this scenario, assuming that in the short ∆t time,
both vehicles are maintaining the same speed (i.e. there is no acceleration), we have the
following minimum safe distance ds (t) :
ds (t) = dmin (t) − vo (t) ∆t

(6.11)

Given the relative velocity v (t) = ve (t) − vo (t) , equation (6.11) can be modified as:
ds (t) = f (ve (t) ) − (ve (t) − v (t) )∆t

(6.12)

In the above equation, ds (t) is the safe distance for stopping for the host-vehicle w.r.t
the target vehicle in front of it. This is dependent on the host-vehicle velocity ve and
the relative velocity v. In other words, if the target vehicle is at a distance d > ds ,
then there is enough stopping distance between the host-vehicle and the target vehicle.
Hence, it is safe to change lane with this distance as the safe distance.
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Now, we will show how this safe distance can be used to quantify the risk factor and
give the driver three levels of risk based on the relative distance d, relative velocity v,
safe distance ds and the Gaussian risk function defined in (6.8). We consider three kinds
of safety notification (S) to the driver:
1. Safe to change lane, S = 1
2. Change lane with caution, S = 0
3. Danger - don’t change lanes, S = −1
In order to assign the level of safety, i.e. S, we first define two safety risk factors ξs1 and
ξs2 such that 0 < ξs1 < ξs2 < 1. These factors are the alarms levels that are fixed but
the risk factor computed for the scene changes dynamically based on the risk function.
The shape of the risk function will change dynamically based on the state parameters
of the target and ego vehicles but the risk notification values remain the same. We will
show how this is done.
The safety risk factors and safety levels are related to each other in the following manner:
0 < ξ ≤ ξs1

S=1

ξs1 < ξ ≤ ξs2 S = 0
ξs2 < ξ ≤ 1

Safe to change lane
(6.13)

Change with caution

S = −1 Danger - don’t change

In the above definitions, ξs1 corresponds to the safe distance ds that we obtained from
the current state of the ego and target vehicles in (6.12). Therefore, the Gaussian risk
function should give ξs1 for distance ds as shown in Fig. 6.8. Depending on the state
parameters of the ego and target vehicles, the safe distance measure ds changes, which
also results in a different Gaussian risk function for the given safety risk factor ξs1 . This
is illustrated in Fig. 6.8 for two different ds that happen at time instants t and t0 . In
0

order to have the risk factor set to ξs1 at safe stopping distances dts and dts , we will get
0

two different risk functions, f t and f t , as shown in Fig. 6.8. It can be seen from Fig.
0

6.8 that if we take a target vehicle distance d such that dts < d < dts , we will see that
at time t since d > dts , the target vehicle will have a risk factor less than ξs1 using the
risk function f t . However, for the same distance d at time t0 , we will get a risk factor
0

greater than ξs1 using the second Gaussian risk function f t .
Now, given ds and ξs1 , we find the shape of the Gaussian risk function f (·). In order to
do this, the variance of the function needs to be determined, which is derived as shown
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Figure 6.8: Gaussian risk functions as ds changes.

below:

ξs1 = exp

−d2s
2σ 2


(6.14)

−d2s
2σ 2
1 d2s
= −
2 log(ξs1 )

log(ξs1 ) =
σ2

Substituting the value of ds from (6.12) into the above equation and putting back the
time stamp t, we have


σ2

(t)

(t)

(t)

(t)
1 f (ve ) − (ve − v )∆t
= −
2
log(ξs1 )

2
(6.15)

Given this variance at time instant t of the Gaussian risk function, we can compute the
risk factor ξ (t) due to a target vehicle at a relative distance d(t) traveling at a relative
velocity v (t) by substituting σ 2

(t)

into the Gaussian risk function, i.e.,
−d(t)

ξ (t) = exp

2

!
(6.16)

2σ 2 (t)


(t) 2




 −d
ξ (t) = exp 

(t) 2
ds
− log(ξ
s1 )
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Applying properties of exponential to the above equation, we get the risk factor at t as:

ξ

(t)

= (ξs1 )

2
d(t)
(t) 2
ds

(6.17)

It can be seen from the above equation that the risk factor ξ (t) computation does not
involve any exponentiation but a simple power transform function involving dynamic
(t)

parameters ds and d(t) , which depend on the state parameters of the scene. This risk
factor ξ (t) is now used with the ranges, defined by ξs1 and ξs2 in (6.13), to find if it is
safe to change lane or not. Fig. 6.9 shows the flowchart to compute the risk factor at
time instant t using the state parameters. The Gaussian risk function shown in Fig. 6.9
illustrates how the relative distance d(t) results in a risk factor ξ (t) from the Gaussian
function.

Figure 6.9: Flowchart for computing the risk factor at t using state parameters.

Fig. 6.10 illustrates the computation of the risk factor on an image sequence. d(t) and
v (t) are plotted in the first two plots in Fig. 6.10. The third plot gives the risk factor
for the target vehicle. It can be see from the Fig. 6.10 that risk factor increases when
v (t) is negative and when the relative distance reduces, implying an approaching vehicle
towards the host-vehicle. It can be seen that when the distance is minimum at t = 18
and when the relative velocity is negative, the risk is found to be the maximum.
This risk factor computed from the state variables of the target vehicles will be employed
in different ways to cater for the different lane change scenarios. The next few sections
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Figure 6.10: Illustration of risk factor on a sample image sequence.

will illustrate the use of risk factor in aiding the driver to take a decision during lane
change.

6.5

Lane Change Decision Aid Process

In this section, the proposed risk function is used to assess the scene around the hostvehicle and aid the driver in taking a decision to change lane. The lane change risk
function is applied to different RoIs and the overall risk factor is determined that gives
the risk involved in changing lane in a given road scenario with corresponding state
parameters. We first propose a generic method to determine the risk factor for a given
road scenario using the state parameters of different RoIs. This method is then applied
to different lane change scenarios.
Fig. 6.11 gives the basic steps in determining the risk factor a given lane change scenario.
Given an input image, the lanes or RoIs are determined and the vehicles in these RoIs
are detected and tracked in each frame. The state parameters of each RoI from front
(t)

(t)

and rear cameras, i.e. ΨFi ’s and ΨRi s respectively, are computed. When a lane change
intention is made by the driver in a particular lane direction, the corresponding RoIs
are selected for further processing. For example, if the driver intends to change lane to
the right, the host lane and the right lane become RoIs of interest for the rest of the
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Figure 6.11: Flowchart for determining the risk factor for a lane change scenario.

risk assessment analysis. The risk factors for each RoI are determined. We denote the
(t)

risk of an RoI Li at time t as ξLi . Therefore, for all the RoIs of interest, we compute
the risk factors. These risk factors are used to compute the overall risk factor for the
given lane change scenario. The process of lane change decision aid ends with either an
alarm or an action depending on the risk that is estimate for the given scenario. It is
to be noted that we have not yet considered the blind spot monitoring in this method.
We are only considering scenarios when the driver intends to change lane and there are
vehicles seen by the front and rear cameras in the lanes and there are no vehicles in the
blind spot. Blind spot monitoring is addressed in the next section.
We now describe specific road/lane scenarios that occur when the driver intends to
change lanes. We present the possible risk assessment functions for each of the scenarios
and illustrate each scenario with an example for the test cases captured on real roads.
The proposed risk factors can be changed based on the level of risk and kind of risk that
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one wants to consider. For all cases below, we consider the driver intends to change lane
to the right. The same methods can be applied for left lane change also.

Case 1 - One target vehicle T V :

We consider the most simple case as shown in Fig.

6.12. This is the case when the driver intends to change to right lane but there is one
T V . The risk in lane change in this case is because the host-vehicle needs to accelerate
forward to change lane to the right. Therefore, while accelerating, the vehicle in the
host or adjacent lane should be at a safe distance away from the ego vehicle.
Therefore, in this scenario, the RoIs of intererst are F0 and F+1 from front view, and R+1
from rear view (assuming there is no vehicle in the blind spot area). State parameters
(0)

(+1)

are defined for these RoIs of interest, i.e. we get ΨFt , ΨFt

(+1)

and ΨRt . As shown in
(+1)

Fig. 6.12, since there is only one T V on host lane, the p state variable in ΨFt
(+1)
ΨRt

is set to 0, i.e.,

(t)
pF0

determined for F0 only,

(t)
= 1, pF+1
(t)
i.e. ξR0 .

=

(2)
0, pR+1

and

= 0. Therefore, we have the risk factor

Figure 6.12: Illustration of road scene for Case 1.

The overall risk factor ξ

(t)

for this case is therefore determined by the risk factor of the

T V is the host lane. In other words,
ξ

(t)

(t)

= f (ξR0 )

(6.18)

This function f (·) in the above equation can be defined as any function that is dependent
on the risk factor of the host lane target vehicle. We consider a constant gain factor
τ0 < 1 to relate the two risk factors to illustrate the scenario, i.e.
ξ

(t)

(t)

= τ0 (ξR0 )

(6.19)
(t)

In other words, if the host lane T V has a risk factor of ξF0 , the overall risk factor for
lane change is only a fraction of it. This fraction is constant in our definition but it can
be made a function of other parameters also like vehicle yaw angle etc. These additional
inputs can be brought in to define τ0 . Fig. 6.13 shows the risk factor computation for
this scenario. Since we have only one T V , the risk factor is computed for host lane.
The risk in changing lane in this scenario is computed for a safe distance risk factor set
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to 0.5. The risk is plotted against t axis and it can be seen that if T V is closer to the
host-vehicle and approaching it, the overall risk factor increases. The relative velocity
(t)

of T V also affects ξ .

(t)

(t)

Figure 6.13: Plot of dF0 , vF0 and ξ

(t)

against time for an image sequence

This case can be extended to other scenarios also when one target vehicle is present in
different RoIs, i.e. either in the front or in the rear.

Case 2 - Multiple target vehicles in host and right lanes:

In this case, we

consider the case of multiple vehicles in the road scene. Consider the illustration shown
in Fig. 6.14 where there are three target vehicles in the three RoIs of interest around
(t)

(t)

the host-vehicle. Each vehicle will have its state parameters given by ΨF0 , ΨF+1 and
(t)

ΨR+1 . These state variables are used to determine the risk factor for each RoI resulting
(t)

(t)

(t)

in ξF0 , ξF+1 and ξR+1 . The overall risk factor for this case is given by
ξ

(t)

(t)

(t)

(t)

= f (ξF0 , ξF+1 , ξR+1 )

(6.20)

In this case, we define f (·) as the maximum function, i.e. the overall risk factor is given
by the maximum of the individual risk factors, i.e.,
ξ

(t)

(t)

(t)

(t)

= max(ξF0 , ξF+1 , ξR+1 )

(6.21)

We consider this function because the risk of the overall system is high if any of the target
vehicle is posing a high risk. However, this function can be defined as any combination
of the three risk factors depending on the level of risk a user wants. For example, if we
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want to give higher weight to the risk from rear approaching T V and lesser risk to the
T V on host lane, the function can be defined in the following way,
ξ
(t)

(t)

(t)

(t) (t)

(t)

(t)

(t)

(t)

= max(wF0 ξF0 , wF+! ξF+1 , wR+1 ξR+1 )

(t)

(6.22)
(t)

(t)

(t)

where wF0 , wF+1 and wR+1 are the three weight factors such that wF0 < wF+1 < wR+1 .

Figure 6.14: Illustration of the road scene when host-vehicle EV intends to change
lane to the right lane. Three target vehicles T V1 , T V2 and T V3 are seen in the road
scene.

Fig. 6.15 shows the risk factor plot across time frames for case 2. It can be seen that the
overall risk factor ξ(t) increases if any of the three target vehicles has a high risk factor.
It can be seen that from t = 0 to t = 12, the overall risk for this case is dependent on
T V1 , which is approaching towards the host vehicle from front in the host lane. From
t = 12 to t = 26, the risk posed by T V3 is higher because it is approaching the host
vehicle from rear on the right lane. Therefore, the overall risk also set to the risk posed
by T V3 . It can be seen that T V2 is not posing any risk in this scenario till the end
at t = 26 to t = 28, which the relative distance between T V2 and the host vehicle is
reducing into the danger zone.
Therefore, it can be seen from Fig. 6.15 that the proposed framework is able to determine
the risk posed by different vehicle movements on the host vehicle.

6.6

State Machine for Blind Spot Monitoring

In this section, we describe how the blind spots of the host-vehicle are monitored using
the two camera setup. Let us consider the situation where the driver in host-vehicle
intends to change to his right lane. In order to do this, the right lane R+1 need to be
monitored. Given this scenario, we want to ensure that the driver is alerted about the
presence of the target vehicle in the blind spot area when it enters the blind spot area.
Schubert et al in [30] have briefly mentioned on how blind spot is monitored using the
front and rear cameras by tracking the movement of the approaching vehicles but no
systematic method was proposed.

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

184

184

Figure 6.15: Plots of d(t) , v (t) , xi(t) for T V1 , T V2 and T V3 in case 2. ∗, 4, ◦ are the
plots for T V1 , T V2 and T V3 respectively. The top plot gives the relative proximities of
the target vehicles. The middle plot gives the risk posed by each T V . The overall risk
(t)
factor ξ is given in the bottom-most plot.

We propose a state machine to monitor the blind spot area using the proposed state
variables obtained from the front and rear RoIs. It is also assumed that there are no
side exit or entry roads during the time when the target vehicle enters the blind spot
area. In other words, if a target vehicle is entering a blind spot area, it will remain in
the blind spot area or in the adjacent lane and it does not exit the lane through side
exit roads (and vice versa for side entry roads).

Figure 6.16: Proposed state machine for blind spot monitoring using state parameters

Fig. 6.16 shows the proposed state machine for blind spot monitoring. In order to keep
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the notations simple, the vehicle presence state parameter p and the risk factor ξ of the
front and rear RoIs on the side to which lane change is intended are represented by pF
and pR , and ξF and ξR respectively. The safety risk factor is given by ξs . In Fig. 6.16,
each state is represented by the bubble with the state id and the value of the blind spot
monitoring parameter is also indicated in the state bubble given by γ. Therefore, all
P have γ = 0. The edges show the flow from one
states except the blind-spot full state SB

state to the next and the trigger conditions are given by the state parameters. For ease
of understanding we omit the time stamp (t) on the variables and states but it should
be noted that all the variables are time stamped with (t).
We make use of the risk factor and vehicle presence state parameters to derive the state
machine. The basic idea behind the functioning of the state machine is that if a vehicle
is detected in the RoI, say rear RoI, it will have to be first detected in the safe rear RoI.
If T V is approaching the host-vehicle, it will enter the danger zone of the rear RoI and
only then it will enter the blind spot (we are not considering the cases where the target
vehicle itself changes lane during the overtaking process). After the T V enters the blind
spot, it has two options, either it passes the host-vehicle and enter the danger zone of
front RoI and then goes into safe zone of front RoI, or it trails back into the rear RoI.
In other words, the following can happen:
• Overtaking from rear: T V in Safe Rear RoI → T V in Danger Rear RoI → T V
in Blind spot → T V in Danger Front RoI → T V in Safe Front RoI.
• Entering blind spot and trailing back: T V in Safe Rear RoI → T V in Danger
Rear RoI → T V in Blind spot → T V in Danger Rear RoI → T V in Safe Rear RoI.
• Front vehicle trailing back through blind spot:

T V in Safe Front RoI →

T V in Danger Front RoI → T V in Blind spot → T V in Danger Rear RoI → T V
in Safe Rear RoI.
Based on the above movements, we define three states for the front and rear RoIs, and
one state for the blind spot region. The following are the definitions of the states:
State Description
SFE

Front RoI empty

SFS
SFD
E
SR
S
SR
D
SR
P
SB

Front RoI full but T V at safe distance
Front RoI full but T V at unsafe distance
Rear RoI empty
Rear RoI full but T V at safe distance
Rear RoI full but T V at unsafe distance
Blind-spot full

(6.23)
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Table 6.1: Blind spot state machine example
Time
1
3
5
7
9
11
13
15
17
19
21
23
25
27
29
31
33
35

Camera
Rear
Rear
Rear
Rear
Rear
Rear
Rear
Rear
Rear
Rear
Rear
Rear
Rear
Rear
Rear
Rear
Rear
Rear

d(t)
56
56
50
45
43
40
37
30
25
21
19
15
11
9
6
5
2
1

ξ (t)
0
0.396
0.529
0.589
0.595
0.645
0.687
0.799
0.849
0.889
0.904
0.942
0.968
0.978
0.990
0.993
0.999
1.000

State
E
SR
S
SR
S
SR
S
SR
S
SR
S
SR
S
SR
D
SR
D
SR
D
SR
D
SR
D
SR
D
SR
D
SR
D
SR
D
SR
D
SR
D
SR

γ
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

Time
37
39
41
43
45
47
49
51
53
55
57
59
61
63
65
67
69
71

Camera
Rear
Front/Rear
Front/Rear
Front
Front
Front
Front
Front
Front
Front
Front
Front
Front
Front
Front
Front
Front
Front

d(t)
0
0
0
1
3
4
7
10
11
15
19
20
25
28
32
35
39
41

ξ (t)
0
0
0
0
0.997
0.995
0.984
0.969
0.964
0.929
0.888
0.886
0.810
0.778
0.714
0.676
0.607
0.593

State
P
SB
P
SB
P
SB
P
SB
D
SR
D
SR
D
SR
D
SR
D
SR
D
SR
D
SR
D
SR
D
SR
D
SR
D
SR
S
SR
S
SR
S
SR

γ
1
1
1
1
0
0
0
0
0
0
0
0
0
0
0
0
0
0

It can be seen from Fig. 6.16 that the state machine handles all the possible combinations
of vehicle movements from the front and rear RoIs into one another through the blindspot. Table 6.1 shows an example for the blind spot monitoring using relative distances
extracted from an image sequence. The relative distances and the computed risk factors
are used to determine the states in the state machine. These are also shown in Fig. 6.17.
It can be seen that as the vehicle approaches from rear and goes forward, the blind spot
state parameter γ is set to 1 between t = 35 to t = 41.

Figure 6.17: Plots of d(t) , xi(t) and γ (t) versus time frame.
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A few assumptions were made

in designing the proposed state machine for blind spot detection. Firstly, it is assumed
that there are not side exit or entry roads, which implies that a target vehicle that
is detected cannot suddenly disappear into an side exit road (and vice versa for side
entry roads). The second assumption is that the target vehicle is not changing lanes
during the process of overtaking. We have also assumed that we are only monitoring the
immediate neighbor lanes for blind spot monitoring and the vehicles in these neighbor
lanes only are being monitored for entry into or exiting from the blind spot areas. The
movement of vehicles from far neighbor lanes into blind spots is not being monitored in
the proposed system.
Having said that, the state machine can be extended further to cater to the above
mentioned assumptions by considering the far neighbor lanes also. In this thesis, we
have presented a simplified and systematic approach to monitor the blind spot given
the above assumptions. But the same be extended with additional states to monitor
the far neighbor lanes. Additional state parameters can be added to cater for the side
entry and exit roads from which vehicles may enter or leave from the neighbor lanes.
Using information from additional sources like GPS, as complementary information, can
also be incorporated for making the blind spot detection more robust to varying traffic
scenarios. This has been proposed as an item for future research in the next Chapter.

6.7

Computation Framework for Proposed Lane Change
Decision Aid System

In this section, we propose a computation architecture for the proposed LCDAS as shown
in Fig. 6.18. The proposed architecture comprises of two processors, which we call as
front and rear view processors, which are fed by the video streams from front and rear
facing cameras respectively. Both the processors perform the same functionality, which
is to detect the RoIs (lanes) and then detect the vehicles in lanes. This is achieved by
the GMH-GAH-HT parallel engine in each processor. This engine employs the proposed
additive HT (AHT) and hierarchical AHT (HAHT) to determine the lanes in near-view
and far-view of the input images. These lane positions are then sent into the region
processors, as shown in Fig. 6.18. The region processors in front and rear view detect
the vehicles in the regions (lanes). They also determine the RoI state parameters which
are then used to determine the risk posed by each vehicle in the lane. The RoI state
parameters, with the risks of vehicles in each lane, from the front and rear view processors
are then sent into inter camera information processor (shown in Fig. 6.18). This block
computes the overall risk in the scene based on the driver intention to change lane and
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the surround scene around the host vehicle. Blind spot monitoring is also performed in
this block. This block notifies the driver whether it is safe to change lane based on the
vehicle positions and states around the host vehicle.

Figure 6.18: Computation Architecture for Proposed Lane Change Decision Aid
System

6.8

Summary

In this chapter, all the different aspects of lane change decision aid system were brought
together to propose a framework for an LCDAS. The relative proximities of the vehicles
in different lanes were used to propose state parameters for each target vehicle. The
proposed method for risk assessment showed that the risk posed by a target vehicle
to the host vehicle is dependent on the actual stopping distance based on the relative
velocity and the velocity of the host vehicle. An overall risk factor is also computed based
on the surround scene around the host vehicle. In addition, we also proposed a state
machine to monitor the blind spot before a lane change maneuver takes place. Finally a
computation framework is proposed for the overall LCDAS. In the next chapter, critical
conclusions are drawn based on the different techniques and their effectiveness in solving
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the lane change assistance problem using vision sensors. Future research directions are
also proposed in the next chapter.
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Chapter

7
Conclusions & Future Work

7.1

Conclusions

This thesis addresses the development of key functional blocks of a vision-based LCDAS,
namely, multiple lane extraction, vehicle detection, vehicle proximity estimation, situation assessment of the road scene and lane change decision generation.
The proposed GMH-GAH-HT engine for detecting host and neighbor lanes is shown to
overcome the challenges posed by varying prominence of edges of these lanes in near-view.
Controlled release of edge pixels based on GMH distribution provides for an automatic
assignment of thresholds in the gradient map based on similarity of the edge prominence.
GAH was examined after each release of edge pixels to sieve out most non-lane marking
features and to promote most likely lane-edge candidates that can be subjected to HT
processing. The proposed iterative process to eliminate the unlikely candidates has led
to a notable reduction in the HT computation complexity. The proposed engine is shown
to reliably detect neighbor lanes in the near-view even though they are notably fainter
than host lanes. It was observed that the mis-detections occur only when lane features
are so faint that they are almost indistinguishable from the background information.
Lanes in near-view were used as reference to detect the faint lanes in far-view more
accurately and efficiently. This was facilitated by the re-deployment of GMH-GAH-HT
engine to selectively probe the far-view regions by estimating the relative positions of
far-view lanes using near-view lanes. A novel AHT technique was also introduced to
parallelize compute intensive HT algorithm. This has led to a notable speed up as it
resulted in exploiting the inherent parallelisms of the HT algorithm and also eliminated
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all multiplications and trigonometric operations of conventional HT computations. It is
noteworthy that AHT uses simple constant adders that can be reconfigured based on
the block size of the image.
The hierarchical AHT (known as HAHT) method was proposed in the thesis to tackle
the efficient computation of the global Hough spaces from the local Hough spaces. This
makes it possible to detect long lane-edges in the far-view by combining associated blocks
into effectively one Hough space. This eliminates the inter-block association, thereby
leading to efficient identification of long lanes in the far view. The proposed approach
can be easily adapted to focus only the region of interest by tweaking the block size and
level of hierarchy. It is shown that HAHT together with GMH-GAH-HT is well suited
for extracting lengthy multiple lanes in far-view. The proposed AHT was also deployed
to examine curved lanes when straight lanes are absent by approximating curved lanes
as a set of linear segments, which are readily detected either by AHT and HAHT. It was
also observed that the proposed approach for detecting curved lanes is effective when
the road curvature is evident between 20-30 meters from the ego-vehicle.
The proposed vehicle detection method employs multiple cues, which include undervehicle shadows and multiple edge symmetry of the vehicle. Only vehicles nearest to the
host vehicle in the extracted RoIs (lanes) are detected as they contribute to the maximum
risk associated with lane change decisions. The under-vehicle shadow is detected by
setting a binarization threshold that was shown to be adaptive to local illumination
changes around the target vehicle. The lane RoI was systematically divided into smaller
sub-images to adaptively determine the local illumination conditions by referring to
the intensities immediately adjacent to lane markings as a reference. This approach is
superior to existing under-vehicle shadow detection methods that not only use a global
binarization threshold but are also not capable of adapting to local illumination changes.
In order to further affirm the presence of vehicle, multiple edge symmetry cues were
proposed. Unlike existing edge symmetry methods, which use only the horizontal and
vertical edges, slant-edge symmetry was introduced in the proposed method to enhance
the robustness of the vehicle detection process. Moreover, the GMH-GAH-HT operation
was targeted selectively to determine these edges to further minimize the computational
complexity. These improvements led to significant reduction in the overall computation
cost when compared with the existing approaches for vehicle detection.
The proposed vehicle detection method was also further extended to cater for more
unpredictable features of motorcycles in lanes. The method proposed to detect the
tyre of the motorcycle was based on the strategies adopted for under-vehicle shadow
detection. It was shown that scrutinizing the region immediately surrounding the tyre
by examining the background road intensities and persistent edge features of motorcycles
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in the current and subsequent frames, provides for additional information to ascertain
the presence of a motorcycle. This method however, needs further investigation to
improve its robustness in complex scenarios.
The location of the detected vehicle in the lane and the lane width information in its
vicinity are then deployed to estimate the relative proximity of the target vehicle using
2D images. The proposed techniques for vehicle detection and its proximity have resulted
in a low-complexity method than those presented in the literature.
In order to develop a functional LCDAS, a framework for situation assessment around
the host vehicle is proposed. This relies on the proposed two-camera configuration using
front and rear cameras, which capture the image scenes from the front and rear of the
host vehicle. Unlike most existing LCDAS that cater mainly to blind spot monitoring
only, the proposed camera configuration and situation assessment framework is also
capable of determining the risk associated with lane change using a holistic model by
stitching the information from front and rear views of the host vehicle to get a complete
view of the road scene.
The relative positions of the target vehicles in front and rear are then used to determine
whether or not a lane change is safe at a given instant of time. In particular, the proposed
situation assessment method demonstrates the use of relative proximities and velocities
of the target vehicles with respect to the host vehicle, in deriving a Gaussian-based risk
function. The proposed risk function is shown to accommodate the relative safe stopping
distance between the host and target vehicles in determining the risk associated with a
lane change maneuver. Moreover, the proposed framework for LCDAS is shown to cater
to different traffic scenarios, that include single and multiple target vehicles approaching
the host vehicle from both front and rear directions. Unlike most existing methods that
use a constant metric to indicate the risk in changing lanes at a given time instant, the
proposed framework is shown to be adaptive to the speed of ego and target vehicles. This
approach is very promising as there is limited information in the literature to address
this part of the LCDAS in a quantitative manner.
In addition to dynamic assessment of the risk posed by the vehicles in front and rear
fields of view, a well-defined state machine is proposed to determine the presence of
vehicles in blind spots, thereby eliminating the need for additional sensors to monitor
the blind spots. The state machine is enabled using the risk factors obtained by continuously monitoring the relative positions of vehicles, and investigations using real video
sequence show that it can determine the presence of the vehicles in blind spot more
deterministically.
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Finally, the compute-efficient techniques proposed in this thesis to implement the core
computation modules of a vision based LCDAS can be efficiently integrated to demonstrate that the proposed algorithms are a significant step towards real-time feasibility
of LCDAS.

7.2

Future Work

The following research directions are recommended for future work:
• This thesis addresses efficient detection of host lanes and neighbor lanes. Detecting
lanes that are beyond the immediate neighbor lanes (referred as far-neighbor lanes)
may strengthen the overall effectiveness of LCDAS. Although the proposed lane
detection techniques for host and neighbor lanes are sensitive to the far-neighbor
lanes, the presence of features like road boundaries and pavements tend to result
in false detections. Knowing the far-neighbor lanes more conclusively can give
additional information for the lane change decision aid process by accounting for
possible knock-on effects that will influence the lane change maneuvers of the ego
vehicle. Detecting the far-neighbor markings under such scenarios more deterministically is a potential area for future work.
• Global Positioning System (GPS) based navigation systems have become an integral part of most cars, both luxury and consumer cars. Nowadays, they are
equipped with extensive and accurate map data, which has information like the
number of lanes, approaching junctions and curves etc. Access to such local geographical information can enable the vision-based LCDAS to make informed decisions more deterministically and proactively. For example, if it is known that the
vehicle is in a single lane carriageway, the vision-based LCDAS need not search for
neighboring lanes. Similarly, having the information of an approaching curve from
the GPS can help the LCDAS look out for curved lane. Therefore, developing a
vision-based LCDAS, which is integrated with inputs from the GPS navigation systems, can result in a robust, low-cost and highly effective solution for lane change
assistance.
• In this thesis, significant contributions were made in developing low complexity
techniques for the robust detection of motorcycles. However, more work is required
to realize a more robust method, particularly when the salient features are less
prominent than cars and other large vehicles. Particular attention must be paid
when motorcycles are in far-view as the chances of mis-detection are higher in
the presence of complex background scenarios and reduced perspective. Detecting
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motorcycles deterministically in both near and far-views of the host vehicle must
also take into account the tradeoff between the computational complexity and
detection accuracy.
• Techniques for detecting curved lanes using AHT, HAHT and GAH were proposed
in this thesis, which were shown to be applicable for highway scenarios, where the
roads do not exhibit sharp curvatures. However, for lane change assistance in urban
roads inside city limits, the curvatures can be sharper and hence the proposed
techniques must consider working with smaller block sizes than those deployed in
this work. Detecting such sharp curvatures accurately using linear approximation
techniques in a cost-effective manner is another research direction. Determining
the curvature of the road based on GPS data and vehicle state parameters is worthy
of further investigation.
• In the research presented in this thesis, two kinds of contributions were made: (a)
robust algorithms, (b) computationally efficient architectures. A recommended
future work package is the design and development of a unified architecture that
integrates the different computing modules on an embedded computing platform.
Different implementation platforms could be explored like softcore processors, FPGAs etc. to realize a real-time LCDAS. Potential for distributed and parallel
computations must be investigated to improve the overall responsiveness of costeffective realization.
• The techniques proposed in this thesis depend on monocular cameras for scene
sensing. With continuous advances in VLSI technologies, although monocular
cameras are getting cheap and more pervasive than other sensing technologies, it
is worth investigating other types of sensing technologies. Examples of such technologies include infrared sensors, range cameras etc. which not only capture the
visual scene but also give additional scene information like depth, temperature etc
under varying lighting conditions. Moreover, extreme weather scenarios like heavy
rain, fog and snow, lane markings are not visible even to the human eye. Considering that cameras are cheaper and more pervasive than other sensors, cameras can
be the primary sensor technology under normal weather conditions. They can be
supported by sensors like radars, when the visibility is poor or obstructed. In such
scenarios, a multi-sensor based approach, involving other sensors like radars, infrared, GPS etc. can be effective. Developing methods that combine vision-based
techniques with cues from other sensors is a potential item for future work. A combination of these different sensor technologies by intelligently switching between
the sensors based on the information needed, is a future research direction for developing a robust and cost-effective LCDAS. The tradeoff between the robustness
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and cost of deploying such technologies needs to be thoroughly investigated to
evaluate the viability of such systems in the mass market.
• In this thesis, a novel framework for risk assessment and lane change decision
aid process was proposed. The main parameters that were used in the proposed
framework were the relative distances, velocities and the safe stopping distance
measures of the target vehicles from the host vehicle. Enhancing this framework
further by incorporating human behavior makes it a formidable research work
package for future work. For example, the driving style of the driver of host vehicle
is an important factor in determining the risk involved in a lane change maneuver,
i.e. a risk could be higher in the case of an aged driver with slower reflexes
or a young inexperienced driver, as compared to one who is more experienced.
Customized alert levels can be introduced to accommodate such driver-specific
parameters. This can lead to a more personalized LCDAS that can further improve
safety during high speed maneuvers.
• Given that the core modules discussed in this thesis can be tailored for lane departure warning (LDW) systems, a possible future work could be to develop a vision
based LDW system using the proposed modules.
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