A Lane Detection, Tracking and
Recognition System for Smart

Vehicles

Guangqian Lu

Thesis submitted to the
Faculty of Graduate and Postdoctoral Studies
In partial fulfillment of the requirements
For the M.A.Sc. degree in

Electrical and Computer Engineering

School of Electrical Engineering and Computer Science
Faculty of Engineering

University of Ottawa

(© Guanggian Lu, Ottawa, Canada, 2015



Abstract

As important components of intelligent transportation system, lane detection and tracking
(LDT) and lane departure warning (LDW) systems have attracted great interest from the
computer vision community over the past few years. Conversely, lane markings recognition

(LMR) systems received surprisingly little attention.

This thesis proposed a real-time lane assisting framework for intelligent vehicles, which
consists of a comprehensive module and simplified module. To the best of our knowledge,
this is the first parallel architecture that considers not only lane detection and tracking, but
also lane marking recognition and departure warning. A lightweight version of the Hough
transform, PPHT is used for both modules to detect lines. After detection stage, for the
comprehensive module, a novel refinement scheme consisting of angle threshold and seg-
ment linking (ATSL) and trapezoidal refinement method (TRM) takes shape and texture
information into account, which significantly improves the LDT performance. Also based
on TRM, colour and edge informations are used to recognize lane marking colors (white
and yellow) and shapes (solid and dashed). In the simplified module, refined MSER blobs
dramatically simplifies the preprocessing and refinement stage, and enables the simplified

module performs well on lane detection and tracking.

Several experiments are conducted in highway and urban roads in Ottawa. The detec-
tion rate of the LDT system in comprehensive module average 95.9% and exceed 89.3%
in poor conditions, while the recognition rate depends on the quality of lane paint and
achieves an average accuracy of 93.1%. The simplified module has an average detection
rate of 92.7% and exceeds 84.9% in poor conditions. Except the conventional experimental
methods, a novel point cluster evaluation and pdf analysis method have been proposed to
evaluate the performance of LDT systems, in terms of the stability, accuracy and similarity

to Gaussian distribution.
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Chapter 1

Introduction

Lane departure crashes count for the majority of highway fatalities and cause hundreds
of human deaths, thousands of injuries, and billions of dollars in loss every year. It is
reported in [93] that there were 15,307 lane departure crashes resulting in 16, 948 fatalities
in 2011, which counts for 51% of the total fatal crashes in the United States. In response
to such stern problems, also to the trend of multimedia mobile application for ad hoc and
telecommunication networks ([20], [16], [24], [18], [22], [29], [25], [17], [9], [39], [90], [27]),
intelligent transportation systems (ITS) such as lane detection and tracking (LDT), lane
departure warning (LDW) and lane marking recognition (LMR) systems are called for by
industry. Tightly related to each other, these systems are briefly defined as follows. A lane
detection and tracking system is a mechanism designed for localizing and tracking lane
boundaries for road lanes. Lane departure warning system aims at providing a warning
scheme for drivers when the vehicle crosses prohibited edge lines in an inappropriate mo-
ment, which usually functions based on lane detection results. As a supplement to LDT
system, lane marking recognition systems are used to recognize and distinguish between

lane marking categories.

Over the last decade, lane detection, tracking and lane departure warning systems have
attracted extensive interests of the automobile industry and computer-vision community.
Many architectures and commercial systems have been proposed in the literature, namely

as Lane Keeping Assistance (LKA) ([34], [60], [68] and [115]); Lane Departure Warning



(LDW) ([62], [30], [74] and [76]); Lateral Control (LC); Intelligent Cruise Control (ICC);
Collision Warning (CW) ([76]), and Autonomous Vehicle Guidance ([125]). However, lane
marking recognition systems have received surprisingly little attention compared to LDT
and LDW systems. From our exhaustive literature review, only one paper (patent) found
was [63], where the authors extract coloured areas by computing the luminance intensity of
each pixel, by means of which, white and yellow colors can be recognized respectively and
fed back to detection stage. Another work relating to LMR system has been done in [97]
to distinguish between solid and dashed lines, by counting the presence of lane marking in
one scan band. There is no exited work combining the recognition of both lane marking

types and colours.

1.1 System Overview

In this thesis, we proposed a real-time Lane Assist System for Intelligent Vehicles, aiming at
lane detection, recognition and tracking integrated with Lane departure warning. Different
segmentation algorithms are implemented, which makes the proposed system consists of
two different modules, a comprehensive module which takes advantage of edge segmentation

and a simplified module with MSER segmentation.

For the comprehensive module, it is worth to be mentioned that, after the detection
and tracking of lanes, our system takes advantage of the parallel computation to perform
lane departure warning and lane marking recognition. To the best of our knowledge, this
is the first whole architecture that considers lane detection and tracking, lane departure
warning and lane marking recognition systems. The comprehensive module not only helps
to detect and track lanes, but also warns inattentive drivers on the nature of pavement

marking, and on the potential lane departure crashes.

As a lightweight LDT system, the simplified module focuses only on lane detection
and tracking, which occupies the main function of lane assist systems. Different from the
comprehensive module, the advantages of using MSER segmentation for LDT system can

be outlined as following:



e To provide a supplement preprocessing approach for night scene (it has been exper-
imentally proved in Section 4.3 that MSER segmentation performs better than edge

segmentation at night);

e A relatively simple way of extracting ROI by MSER algorithm, without projective
model and Inverse Perspective Mapping (IPM);

o A relatively lightweight and efficient refinement scheme without ATSL and TRM

(Section 3.2.2 and 3.2.3), which are essential parts of comprehensive module.

With the comprehensive and simplified module in hand, the proposed system stands

out from our predecessor’s work in the following aspects:

1.1.1 Thesis Contribution

e The refinement stages in both modules make use of hybrid information and is carried
out based on both shape and texture information, which could result in an increase
in the detection rate. For refinement of detection results, a novel Trapezoidal Re-
finement Method (TRM) is proposed in comprehensive module, while the simplified
module finds ROIs based on a refinement scheme of MSER blobs.

e To fulfill the requirements of real-time systems, the Progressive Probabilistic Hough
Transform (PPHT) has been used in both comprehensive and simplified modules, as
well as Kalman filter. Outstandingly, the proposed system is the first LDT system
which combines the results of PPHT with Kalman filter, by tracking both ends of

each detected line-marking.

e A fairly new lane marking recognition scheme is proposed in the comprehensive mod-
ule. It recognizes and distinguishes between the nature of line marking forms (dashed
or solid) and the colors (yellow or white). This recognition scheme is based on the

concentration of pixels in trapezoids computed by TRM.

e Different from previous departure warning mechanism, the LDW system in compre-

hensive module creatively uses both ends of each detected lane markings and splitting



the ROI (region of interest), to warn the driver when the vehicle is potentially crossing

lane boundaries.

e This thesis also presents new methods of performance evaluation of LDT systems
(in Section 4.4.2) based on the spatial distribution of point clusters and probability

density of point locations of both left and right markings in each frame.

1.2 Thesis Outline

The rest of this thesis is organized as follows. We start the rest part by reviewing the
main research works in Chapter 2. Chapter 3 elaborates all the modules and stages in our
system, which are, preprocessing stage in Section 3.1 which consists of different segmenta-
tion methods for both comprehensive (Section 3.1.1) and simplified (Section 3.1.2) module,
followed by detection stage in Section 3.2 and tracking stage in Section 3.3; the novel LMR

and LDW system for comprehensive module will be in Section 3.4 and 3.5, respectively.

Several experiments are introduced in Chapter 4. As a start of the experimentation
stage, the platform, video collection and experimental methods are elaborated in Section
4.1 and 4.2. The LDT performance evaluation will be covered respectively in Section 4.4
and 4.3, followed by the evaluation on edge detection performance (Section 4.5) and LMR&
LDW performance (Section 4.6). The two new evaluation methods will be introduced in

Section 4.4.2 and 4.4.2. We conclude our thesis and present future work in Chapter 5.



Chapter 2

Related Work

The existed research on Lane Marking Detection is presented in different forms. Systems
that have been developed can perform different tasks, namely Lane Following (LF) ([55]
and [56]), Lane Keeping Assistance (LKA) ([68], [116] and [115]), Lane Departure Warning
(LDW) ([62], [30], [40], [67], [74] and [76]), Lateral Control (LC), Intelligent Cruise Control
(ICC), Collision Warning (CW) ([76]), and Autonomous Vehicle Guidance (AVG) ([125]),
which can be integrated with VANET applications ([3]). In general, research works can be

divided into two types, which is demonstrated as follow:

The first systems are those without units of controllers, as Lane Departure Warning
(LDW), Collision Warning (CW). This type of system only detects information and sends
warning or reminding messages if necessary. These systems are usually implemented in
Driving Assistant System (DAS), instead of impacting on vehicles in a Autonomous Vehicle
Guidance. The second type of system is designed with feedback, and with the aim at
impacting on vehicle behaviour, which functions the way as a controller. Systems as Lane
Following (LF) and Lane Keeping Assistance (LKA) follow this type of systems. LKA
systems apply some methods to control the vehicle to avoid potential departure or collision.
It has to be noticed that, the second type has much more complexity of hardware than the

first type, also more time-consuming than the first type.

The system proposed in this thesis, as a second type of Lane Marking Detection system,

deals with lane marking detection and tracking, lane recognition and departure warning.

5



The proposed system in this thesis does not directly impact on vehicle behaviour. It only
detects the location of lane markings and sends necessary warning messages. Based on this
fact, related work can be presented in four sections: pre-Processing, detection, tracking
and departure warning (this structure will also be used to discuss the proposed method in

Chapter 3).

Classification References Remarks
LF [55] and [56] Lane Following
LKA [68], [116] and [115] Lane Keeping Assistance
LDW [62], [30], [40], [67], [74] and [76] Lane Departure Warning
CW [76] Collision Warning
AVG [125] Autonomous Vehicle Guidance

Table 2.1: Classification for lane Marking Detection System

2.1 Pre-Processing

Pre-processing is always mandatory as the initial stage of image processing. The purpose of
pre-processing stage is to enhance the input image in order to increase the likelihood of the
successful delivery of areas with useful information to subsequent stages. Conventionally,
pre-processing consists of image smoothing and segmentation, which will be introduced as
follows. Additionally, for the purpose of lane Detection, extraction of Region of Interest

(ROI) and Inverse Perspective Mapping (IPM) are usually added into pre-processing steps.

2.1.1 Image Smoothing

Aiming at lane marking detection, image smoothing can be done by applying two main
filters, Median Filter ([44], [6], [54], [91], [105], [43] and [129]) and Gaussian filter ([38],
[123], [73] and [127]) or both ([113] and [114]), to blur the noisy details. Different from
those who mostly use 2D-Gaussian filters, Shih et al. only uses a 1D-Gaussian filter in [52],



Classification References Remarks
[44], [6], [54], ,
Median filter replaces
- [91], [105], [43],
Median Filter every pixel value with the
. [129], [113]
Image Smoothing median of its neighboring entries
and [114]
[38], [123][73],
. . [52] uses 1D Gaussian filter
Gaussian Filter [127], [113],
exceptionally of all
[114] and [52]
Including dilation and erosion filter,
: (48], [46],
Other Filters 2D high-pass filter and
[53] and [13]
a temporal blurring
1130], [85], [121],
Vanishing points need to be detected
C : [41], [47], [100],
Vanishing Point and updated in real time, in order to
[101], [110], [77],
ROI provide accurate ROI for every frame
and [123]
Perspective Analysis Sometimes this method serves
[85], [130] and [88]
and Projective Model to detect vanishing point, as in [85]
Different sub-sampling strategies
. [102], [105], [127],
Sub-sampling need to be applied respectively
[10], [59] and [84]
for rural and urban areas
[38], [4], [13], _ _
IPM refers to inverse perspective
1106, [71], [35],
IPM mapping, which transforms
[12], [72], [96],
image view into birds’ eye view
[97] and [92]
[49], [130], [104], Canny, Sobel and Prweitt
[71], [82], [68], are included in the literature.
Edge-based
[36], [105], [77], Relevant experiment on
. Segmentation
Segmentation [41], [107], [99], the selection of edge detectors
[13], [124] and [120] is included in Section 4.5
[32], [36], [35], Different from color-based
8], [46], [97], detection (Section 2.2.2), colour-based
Color-based
[85], [105], [70], segmentation has to be done
Segmentation
[75], [94], [110], in different colour spaces
and [123] other than RGB.
MSER-based 1109] A improvement of MSER Segmentation
Segmentation is proposed in Section. 3.1.2

Table 2.2: Classification for N%ethods of Preprocessing Stage




which respectively takes x-direction and y-direction into account and significantly smooths

the details of input images.

Apart from Median and Gaussian filters, other filters are also used by researchers.
Dilation and erosion filters are used in [48] and [46]; 2D high-pass filter is used in [53] to
weaken the effect of shadow on road. A temporal blurring is deployed in [13] to make lane

markings appear long and continuous, also to blur noisy details on road surface.

2.1.2 Region of Interest (ROI)

The extraction of region of interest (ROI) is an important task of pre-processing stage,
aiming at reducing the computational cost due to the processing time. It is unnecessary
to process the entire pixels of images. Computation should be focused on regions which
contain important information (as the rectangular in Figure 2.1, which contains lane mark-
ing pixels). To get the ROI, three main approaches can be found in literature, which are

vanishing point detection, perspective analysis and projective model, and sub-sampling.

Figure 2.1: ROI and vanishing point: the red point where all lines intersect is vanishing point (as
introduced in Section 2.1.2); the rectangular which specifies the detection range is reffered as region of

interest (ROI)



Vanishing Point Extraction

Vanishing point detection is used to determine the region of interest in many papers, such
as [130], [85], [121], [41], [47], [100] and [101]. However, as seeing from Figure 2.1, this
has some strict situations, such as straight lanes with constant vanishing points; and the

vanishing point does not fall outside the image frame.

In an attempt to combine vanishing point extraction with Hough transform, fardi et
al. extract a vanishing point based on the intersection of a group of lines detected by
Hough transform. However, this method can be only adapted to standard lane marking
distributions with only one vanishing point. To improve the method of [41], David et
al. extended the case from one vanishing point to multiple vanishing points, by applying
a 2D-Hough transform in [100]. Even the 2D-Hough transform can only cooperate with
straight lines, it still improves the fitness of lane marking detection for non-standard images.
Apart from above, some methodologies took the part between the bottom of the image

and vanishing point or vanishing line as region of interest ([110], [77] and [123]).

Perspective analysis and projective model

The lane marking width and shape change as a result of perspective effect. Parallel lane
markings in real world plane intersects at vanishing point in the image plane. Usually, by
analysing the perspective effect, detection range can be focused on a certain area, which
can be region of interest. With a reasonable projection applied between image plane, real
world plane and camera plane, not only the region of interest can be extracted, it also
benefits overcoming the perspective distortion, getting the position of vanishing point and

bird’s eye view (which will be introduced in Section 2.1.3).

A projective model can be determined by computing the homography between real
world plane and image plane. An example of projective model is shown in Figure 2.2. The
X., Y., Z. is camera plane, the X,,,Y,, Z, is world plane constructed on a road surface,
while the u;, v; is image plane. The relation between the three planes is discussed in Section

3.1.1



Road plane needs to be transformed to image coordinate system through projection
matrix given by camera calibration (which will be introduced in Section 3.1.1). It is
noticeable that, as an essential component of a homography, the calibration matrix of
camera is usually computed off line. As described in [85], a pinhole camera projection
model is used to compute the position of vanishing point, by computing the unknown

parameters of the rotation matrix.

RALPH (Rapidly Adapting Lateral Position Handler [88]) constructed a very basic
projection model to get region of interest, which is a trapezoid, to focus on lane marking
areas, so that irrelevant area (road surface) can be eliminated. Due to the perspective
effect, the bottom is shorter than the top of the trapezoid, with their length vary based on

vehicle velocity.

As discussed in [130], a projection model is constructed based on a 2D lane geometric
model, as shown in Figure 2.2. This projection not only benefits to ROI extraction, it
also helps to estimate lane model parameters and lane model matching for the refinement

stage.

Camera

~
S
S
~
~

Road .
surface

e —————————————

Figure 2.2: An example of projection model: X, Y., Z., Xy, Yy, Zy and u;, v; refer to camera plane,

world plane and image plane respectively.
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Sub-Sampling

It is also reasonable to split ROIs by sub-sampling ([102] and [105]). A predefined or
adaptive percentage of the image can be used to determine the size of region of interest
([127]). Besides, some researchers divide the image horizontally ([10]) or vertically ([59])
into small parts. By conducting different strategies for rural and urban areas, Jeong and
Nedevschi ([84]) applied predefined percentage to split ROIs for rural ways and adaptive

percentage for highways.

2.1.3 Inverse Perspective Map (IPM)

After the generation of ROI, inverse perspective mapping (IPM) is usually deployed on the
extracted area. This may be realized by remapping each pixel towards a different position,
usually birds’ eye view. Experimentally, it has already been proved that Lane detection
within the image given by IPM performs much better than methods without IPM. Many
researchers (e.g., [38], [4], [13], [106], [71], [85], [12], [72], [96], [97] and [92]) have used IPM

to transform an image from a real world plane to a bird’s eye view.

As seeing from Figure 2.3, by eliminating the perspective effect, the desired lane mark-
ing candidates present in the form of straight and parallel lines in the re-mapped image
(Figure 2.3(b)). Moreover, noisy information can be removed since the remapped images

put main focus on the road surface and ROI (as Figure 2.3(a)).

It is noticeable that, for the sake of refinement, proper projective model can be used to
transform between normal view and birds’ eye view (as indicated in Figure 2.3). Thus in
the comprehensive module of the proposed system, inverse perspective map is transformed

into normal image plane after hough transform, by using proper projective model.

2.1.4 Segmentation

To prepare images for detection stage, segmentation can be accomplished by extracting

certain features from the input image. Colour and edge are two main features which are

11



(a) (b)

Figure 2.3: Inverse perspective mapping (IPM): (a) is the ROI of Figure 2.1, (b) is the birds’ eye view

of (a).

considered for lane detection segmentation. The major problem with edge segmentation
is that a number of thresholds need to be adjusted, and the adjustments depend only on
the image undergoing testing, while color segmentation techniques are sensitive to lighting

conditions, especially those occurring on sunny days.

Edge-based Segmentation

Edge-based segmentation usually consists of edge detection and binarization. Different
edge detection methods are proposed based on edge features, which usually include shape
(distribution of edge points) and gradient information. Canny algorithm is used in [49],
[130] and [104]. Hota et al. applied a Gaussian filter to smooth the input image based
on gradient information in [49], followed by a Canny edge detector. Different from Canny,
prweitt is used for edge detection in [71]. Steerable filter is another effective approach for
edge segmentation. As demonstrated in [82] and [68], edges are extracted based on lane

orientation characteristics with applying steerable filter.

A straightforward step after edge detection is to apply binarization, by doing this
properly, effective details can be reserved while noisy points being neglected. Different

methods have been proposed to find suitable threshold for binarization.

A predefined threshold based on massive experimental results is used for this task in
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[36] and [105]. Because of the dependence on massive experimental results and previous
experience, predefining the threshold can be inaccurate. Hence, adaptive threshold is
proposed as a more effective approach for segmentation ([77], [41], [107], [99], [13] and
[124]) to binarize images. Also as an adaptive way to threshold images, Otsu’s method has

been used in [120] to segment candidate areas from jumbled backgrounds.

Colour-based Segmentation

Most of the case, different color features can be presented based on different colour spaces
(RGB, HSV, gray scale, etc.) In the literature, data structure of the images can be changed
in order for better performance based on different colour spaces. For structured roads
(mostly highways), it is better to use gray images for colour representation of images to
be detected, because gray images make lane markings with light colours (white or yellow)
distinguished from road surface (with dark gray for most of the time). Hence, gray-level
conversion is considered in many papers, such as [32], [36], [35], [8], [46], [97], [85] and [105].
As in [85], a parametric multiple-class likelihood model of the road is proposed based on
the gray level of pavement, lane markings and objects. Parameters are estimated by the

Expectation-Maximization (EM) algorithm.

Different from directly converting coloured images into gray level, [70] only uses R and
G channels of coloured images to form gray images. Furtherly, to make full use of the
colour information of RGB images, some researchers deployed colour format conversion in
their algorithm. For example, in [75], RGB images are converted to HSV. However, format
conversion of coloured images may inevitably lose a certain amount of detail information in
real scenarios. To solve this problem, authors of [94] and [110] converted RGB to HSI. Sun
et al. revealed the advantage of combining HSI model with loosen thresholds in [110], in
terms of keeping useful information and highlighting the difference between lane markings
and road surface. The method proposed in [123] is based on the color consistency of the
road surface. The road color is assumed to be Gaussianly distributed, by which the road

surface colour and relevant variance can be computed.
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MSER-based Segmentation

Hao Sun et al. proposed a method of describing MSER blobs using SIFT-based descriptors
in [109], followed by a graphical model in order to localize lane markings. This method
combines unsupervised learning algorithm with off-line training. It consists of 3 main steps:
1) obtain descriptors by extracting the feature of lane markings; 2) quantize descriptors into
which relies much on visual words retrieving and 3) the image is described as a combination

of visual words.

There are two drawbacks for this method: 1) the processing time varies in different
scenarios, as the number of features detected varies; 2) the visual words for the feature of
lane markings mostly consist of line segments, which takes both salient lane markings and
noisy lines into account. This might increase the false positive results. Based on the idea
of using MSER to extract the features of lane markings, we use a refinement method to
eliminate noisy line candidates and feed the refined MSER results into next stage, which

is detection with Hough Transform (HT).

2.2 Detection Stage

The second stage, i.e., detection, extracts lane markings from the ROI using feature extrac-
tion methods and refinement approaches. Three main feature extraction approaches can
be categorized in the literature: edge-based methods, colour-based methods and hybrid

(edge and color) methods.

2.2.1 Feature Extraction Based on Edges

Hough transform is the most commonly used edge extractor for this application, as shown
in [4], [34], [38], [13], [101] and [47]. However, Hough transform has some drawbacks such
as its computational complexity and the inevitably high false positive rate. To cope with
this problem, variants of Hough Transform are used. Probabilistic Hough transform (PHT)

and adaptive random Hough transform (ARHT) are both effective approaches in terms of
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Classification References Remarks
[34], [38], [13],
Hough [101], [47], [123], Including SHT, PHT
Edge-based Transform [49], [70], [69] and ARHT
Detection Method and [85]
Steorable Filter [82], [96], [97], Effective for smooth road
[119] and [106] surface, e.g. highway
Frequency 64] IFT is used to choose
Domain diagonally dominant edges

Colour-based Detection Method

[108], [111] and [12]

The desired feature is usually
enhanced based on colour

segmentation (Section 2.1.4)

Hybrid Detection Method

[7], [32] and [100]

Taking both colour and edge

information into account

Other Detection Method

[42], [45] and [35]

Including using wave raddar,
7slice” modelling and
particle filter for both

tracking and detection

Refinement Method

RANSAC

[13], [4], [106], [118],
[38], [85] and [60]

RANSAC refers to
random sample consensus, which
usually cooperate with

spline, as in [60] and [4]

. [72], [38], [123], Different from others using
Spline Fitting
[4], [122] and [60] B-Spline, [60] uses cubic spline
(18], [122), [121],
Quadratic [97], [130], [106], Including hyperbolic
Model [70], [104]. [69] and parabolic model
and [72]
The least square estimation
[72], [32], [85]
Least Square (LSE) fits the data points to
and [13]

a line on the inlier

Table 2.3: Classification for Methods of Detection Stage
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reducing false positive rate. PHT has been used in [123] and [49] while ARHT performs
well in [70] and [69]. Especially, Hota et al. shows some improved detection results in
[49] by using the Probabilistic Hough Transform (PHT) followed by refinement based on
clustering regression algorithm. Because of the importance of PHT, which is the core

detection method of this thesis, a short survey on PHT will be presented in Section 2.2.1

Apart from Hough transform and its variants, another edge-based method based on
steerable filter is used in many research papers such as in [82], [96], [97], [119] and [106].
A steerable filter is convolved with an input image to select the maximum response in the
direction of lane marking. This method has good effects when road markings are clearly
painted and consistently smooth. However, Steerable filter does not adapt to heavy traffic

where the orientation of lane markings are not always dominant of all directions.

Another important edge-based method is introduced in [64], where the authors compute
the image with the Inverse Fourier Transform, and choose diagonally dominant edges in

the frequency domain to be lane markings.

A Short Survey on PHT

In the original paper on probabilistic Hough transform [61], Kiryati et al. shows that it is
possible to obtain identical results to those of the standard Hough transform even if only

a fraction (can be as low as 2%) of input points are chosen to vote.

Unfortunately the derived equations in [61] require a priori knowledge of the number
of line length (numbers of points belonging to the line), which is very rare in real scenario.
To solve this problem, in [11], Bergen shows that a Monte Carlo estimation of the Hough
transofrm can interpret the probabilistic Hough transform. The number of voting points

can be derived from the theory of Monte Carlo evaluation.

Besides above, to pre-select a poll size (fraction of voting points), an adaptive scheme
which is called adaptive probabilistic Hough transform (APHT) has been used in [103], [2]
and [126]. In [2] and [126], Kiryati and A. yla et al. developed an adaptive termination rule
for probabilistic Hough transform. The difference between [2] and [126] is to choose the
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highest peak or a certain number of largest peaks, respectively for [2] and [126]. But the
draw back of this approach is that, it depends on the prominence of the most significant

feature, which means it lacks of stability when it comes to lines with equal length.

2.2.2 Feature Extraction Based on Colours

These methods are quite efficient for unstructured roads, or rural roads without clear lane
boundaries. However, unlike edge-based methods, color-based methods are not widely used
by researchers. Color information has its own drawbacks as it is influenced by lightning.
Hence Detection based on colour does not work well for night scenes or heavy and complex

traffic.

For example, Sotelo et al. used a color-based method in the HIS color space by com-
puting the cylindrical distribution of color features ([108]). Colour segmentation based on
gray level is used in [111] and [32]. The authors of [12] enhanced the image by exploiting

its vertical correlation, followed by an adaptive binarization.

2.2.3 Feature Extraction Based on Hybrid Information

Hybrid information is usually composed of edge information and colour information. This
type of feature extraction scheme usually combines width, length, location (coordinates of
pixels) of lines with gray level and brightness intensity of groups of points, which makes
the extraction results better. Gray level is used in [32], to generate the threshold for next
binarization stage. For the sake of deploying hybrid information, based on the binarization
results containing lane marking pixels and noise, the width of possible lane markings is
examined. The criteria is given that a qualified lane marking should be continuous in

vertical and less than 30 pixels in horizontal width.

Zelinsky et al. uses hybrid information in [7] for both feature extraction and lane
tracking stage. Instead of only using road edge information as a cue for particle filter, road
and non-road colour information are also used to make the particle filter performs well.

Another example of using hybrid information is in [100], lane boundaries are deemed as a

17



combination of four lines, which are left and right boundaries of left and right lane marking,
respectively. lane marking is treated as a region with a certain thickness (space between left
and right boundaries). The grading criterion for the hypothesis is first computed separately
for the left and right line pairs, and then the two are combined together. The grading
scheme are based on both edge and gray-level information, which are mean support-size
of a pair; mean perpendicular gradient of a pair; similarity of a pair; mean continuity of a

pair and mean lateral accuracy.

2.2.4 Other Detection Methods

An interferometric linear frequency modulated continuous wave radar is deployed in the
road lane detection scheme in [42]. In the configuration, interferometry is set to estimate
lane position. It is based on the fact that, The radial velocity difference between antennas
is determined by the lane position. Phase difference are also considered for the received

signals.

Another novel detection method employs road modelling by dividing roads as ”slices”.
Foedisch et al. proposed a model-guided road recognition process in [45]. As the road model
primitives, ”slices” of a road can be determined by lane width (geometrical component)
and the number of lanes and directions (topological component). This representation of
road model primitives is consistent with the feature data extracted based on "road slices”

perpendicular to the direction of the driving vehicle.

Instead of following the conventional lane detection approach that tracking stage comes
after detection stage, Danescu et al. initialized the system by using particle filter to track
lane marking candidates, followed by a validation stage in [35]. The reason why a particle
filter can skip over detection stage is because a validation scheme is added to choose the

valid lane candidates and lock the particles on lane.
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2.2.5 Refinement Methods

For further refinement of the detection result, many techniques such as B-Spline fitting and
RANSAC are used, as shown in [13], [122], [4], [106], [118], [60], [123] and [38]. Quadratic
model is also used in detection-refinement in many research papers such as in [118], [122],

[121], [97], [130], [106], [70], and [104].

Quadratic models usually cooperate with parameter estimation, to improve not only the
efficiency but the robustness of the whole system. Different parameters can be initialized
with estimation of road models and then updated by detection stage. As in [104], a
novel model is constructed based on the morphological multi-structure elements, then
after applying Hough transform to accurately locate lane markings, the model can be
reconstructed for the sake of refinement. However, road modelling is a challenging task

when a road has very complex shapes or rapidly changing curvatures.

As demonstrated in [123], at the end of a region growing scheme integrated with edge
enhancement, Bezier spline algorithm serves as a refinement of detection stage. Addi-
tionally, different from traditional Bezier spline fitting, control points are optimized by
minimizing the pixel count between the original and fitted boundaries. The Least Square
Estimation (LSE) is used by Kuoyu for the estimation of quadratic model generated by
Hough transform in [32]. Differently, a linear Least Square Estimation is deployed in [13],
fitting the data points to a line on the inlier. Another example of using LSE can be found
in [72]. A weighted least square constraint reduces the computational cost of the original

EM-based vanishing point estimation algorithm.

Methods used in Refinement stage usually consists of more than one algorithm. Xi-
angyang et al. proposed a refinement method by combining parabolic road model and
Least Square Estimation in [72], extending the B-Spline algorithm into a Parallel Snake
algorithm for left and parallel lane markings. As an improvement of the Spline Fitting in

[4], Jiayong et al. proposed a Optimized RANSAC Spline Fitting (as in [38]).
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2.3 Tracking Stage

To enable the following of lane marking over time, a tracking stage is usually incorporated.
This stage has the ability to decrease false detections and to predict future lane markings
positioning in the image. A prior knowledge of the road geometric properties allows lane
tracking to put confidently constraints on the possible location and orientation of lane
markings for a new frame. Results of the detection on previous frames should be fed
into the current frame as the main cue, to increase the accuracy of following steps. Some
simple tracking methods (not involving a specific tracking algorithm, as in [41]) can be
quite straightforward. By directly taking the position of vanishing point into account,
Fardi et al. track the road border after detecting straight lines with Hough transform
in [41].

Classification References Remarks

: [117], [85], [38], [82], [96] .
Kalman Filter [112] use Extended Kalman Filter

97], [33] and [112]

Methods differ from each
Particle Filter [60], [7] and [35] other in terms of different

measurement cues

[41] only considers the
Other methods [41]

vanishing point position

Table 2.4: Classification for Lane Tracking Methods

2.3.1 Kalman Filter

The most common trackers used in LDT systems are Kalman Filters and Particle Filters.
Previous work has been done on tracking the parameters of Hough Transform by using
Kalman Filter as in [117], [38], [82], [96], [97], [85] and [33]. Usually, as the output of
standard Hough transform (SHT as mentioned in Section 3.2.1), (p,#) is used to initialize

the Kalman filter. With proper setting of state transition matrix, the state vector can be
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updated, which consists of (p, §) and its derivative. Kalman filter is employed in this thesis

as the tracking algorithm ([95]), which is elaborated in Section 3.3.

Despite the advantages of Kalman filter in terms of real-time performance, it is unable
to reject outliers that cause failure of tracking, which in turn decreases the accuracy of
detection. To alleviate these problems, an extended Kalman filter (EKF) for road tracking
was introduced in [112]. EKF is designed for the tracking stage of a non-linear dynamic
systems, such as lane detection in complex road environment where the noise might pose

as a non-Gaussian distribution.

2.3.2 Particle Filter

Particle filter is another reliable option for lane tracking. It has been used in [60], [7]
and [35]. Kim et al. proposed a method in [60], which combines lane border hypotheses
obtained by RANSAC with hypotheses from a particle filter. Different from the method in
[60], Danescu et al. takes more information into account, which are horizontal and vertical
curvature, lateral offset and lane width. In terms of visual cues for robust lane tracking,
[35] uses curbs and road edges as the cues, while [7] uses more than those, which consists of
lane marking, road edge, road and non-road colour and road width. Usually, more reliable

cues makes the lane tracking with particle filter performs well in more complex situations.

With a comparison between kalman filter and particle filter in [35], Danescu et al.
pointed out that, particle filter and Kalman filter have their own advantages and disad-
vantages. Unlike a Kalman filter, a particle filter does not need initialization or measure-
ment validation before updating the state matrix. Particles can evolve by themselves, and
might have chance to cluster around the best lane estimation. However, the premise is
the tracking system must be well designed and the measurement cues are relevant, which
requires the system must know how to validate a lane candidate. Different from tracking
with particle filter or traditional Kalman tracker, the tracking scheme in this thesis is to
track the output of progressive probabilistic Hough transform (PPHT) by using Kalman
filter (as introduced in Section 3.3.2).
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2.4 Departure Warning

Classification

References

Remarks

Vanishing Point

[47], [5], [65] and [51]

Different from Section 2.1.2,
the vanishing point position
needs to be compared

with previous frames

Lateral offset of lane markings

Lateral Offset [97]
need to be tracked in real time
Optical center of CCD and
. . . vehicle origin in world plane
Position of Origin Point [40] and [34]

are considered for [40] and [34]

respectively.

Table 2.5: Classification for Departure Warning Methods

When a car is departing from the left side of a lane to the right side, visually for the
driver, both of the lane markings move to left; on the other hand, both lane markings
can appear to move to right if the car is moving towards the left side of a lane (as shown
in Figure 2.4). Based on this observation, the detection scheme for lane changing can

be formulated with respect to three informations: vanishing point position, lateral offset,

optical center of CCD.

e Vanishing point position

When it comes to Lane Departure Warning (LDW), the most common solution is
to determine if a lane departure occurs by examining the horizontal location of the
vanishing point, as performed in [47], [5], [65] and [51]. Different from the vanishing
point detection for extracting ROI (Section 2.1.2), vanishing point position needs
to be compared with those of previous frames, in order to find the car’s horizontal

displacement. The effects of these methods are desirable, but more time is required

from them to detect vanishing points.
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Figure 2.4: A lane departure case on Highway in Ottawa: driving to left leads to lane marking moving

to right, with a lateral offset.

e Lateral offset
As we can see from Figure 2.4, lateral offset reflects the distance difference of same
lane marking in different frames. After employing Kalman filter for the tracking
stage, the lateral offset of the left and right lane marking is being tracked in [97]. As
well as the yaw rate change of the vehicle, the lateral offset of the vehicle due to yaw
rate change is also used to cooperate with the determination of the occurring of lane

departure.

e Position of Origin Point
Fardi et al. proposed a Lane Departure Identification method in [40] based on the
location of optical center of CCD and center of a lane, which require the optical
center is always consistent with lane direction. Whereas in [34], lane departure is
determined by monitoring the position of vehicle origin with respect to the detected
lane boundaries. The vehicle origin is set to be a point below the camera in world
plane. This method is more convenient and efficient as compared to vanishing point

detection, because of less time consumption for getting the position of origin point.
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2.5 Lane Marking Recognition

Recognition of lane markings is another very challenging task. It is notable that, the
differentiation between lane marking colors and types are barely suggested in the literature,
nor in the commercial systems. To recognize yellow and white lines on the road, there
existed some patents on lane colour recognition, such as [63]. Besides, when it comes to
lane type recognition (distinguish between solid and dashed lane markings), Satzoda et
al. determines the lane type by monitoring the lane marking occurrence within a given
number of frames ([97]). If the ratio of the number of frames containing lane markings
over the entire number of frames is equal or greater than a threshold, the lane markings

can be regarded as solid lines, otherwise dashed lines.

Although marking recognition is not as important as other components of DAS (Drving
Assistant System), it is of great significance for Autonomous Driving Systems. In this
thesis, an algorithm that recognizes and distinguishes between both lane marking types
(dashed or solid) and colors (yellow or white) is proposed in order to provide possible

recognition options for autonomous driving, which will be introduced in Section. 3.4
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Chapter 3

System Architecture

As explained in Chapter 1, a real-time system is proposed in this thesis aiming at lane
detection, recognition and tracking integrated with Lane departure warning. Apart from a
comprehensive module, a simplified module with different segmentation scheme has been
proposed. Because of the different segmentation methods used for comprehensive and sim-
plified module, the setting of parameters in terms of detection and tracking algorithms
(PPHT and Kalman filter respectively in this case) are different. This yields the imple-

mentation of both modules should be separately conducted.

The comprehensive module is organized as following (as Figure 3.1):

e preprocessing (based on edge segmentation),
e lane detection and tracking (LDT system),
e lane marking recognition (LMR system),

e lane departure warning (LDW system).

Meanwhile, with the advantage of using MSER algorithm, the simplified module com-

prises the following parts (as shown in Figure 3):

e preprocessing (based on MSER segmentation),
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e lane detection and tracking (LDT system).

This chapter is organized as following: preprocessing, lane detection, lane tracking, lane

recognition and departure warning. Both modules are discussed individually in Section 3.1.

3.1 Preprocessing

The reason for employing a preprocessing stage is because, the video clips taken in real
scenario contain considerable outliers other than real lane markings. Frame images need
to be properly prepared with outliers filtered out, depending on requirements of different
computer vision systems. It can be realized by finding a Region of Interest (ROI) and
applying segmentation. In this case, the concept of Region of Interest (ROI) is slightly
different for edge segmentation and MSER segmentation. Edge segmentation needs to
be applied after ROI extraction, followed by further refinement. On the contrary, MSER
segmentation works based on MSER blobs, before offering refined results as ROI for the

next detection stage.

Because of the different segmentation methods used in the comprehensive and simplified

modules, the deployment of preprocessing stage are quite different for both modules.

3.1.1 Segmentation for Comprehensive Module (Edge-based)

When it comes to lane marking detection, edge-based segmentation is usually performed
on the ROI in gray scale to enhance edges, and also to obtain pixels that belong to the
desired lane markings. For most of the time, Inverse Perspective Mapping (IPM) needs to

be involved before detection stage.

Projective Model

Worth to be mentioned here, in order for ROI extraction and IPM, a projective model is

used, see Figure 3.3. We assume that the on-board camera is located at a height h above
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a flat ground and a mapping needs to be constructed from a real world plane to an image
plane. For that reason, we define a world frame F,, originated at the camera optical center,

a camera frame F, and an image frame F; as follows (as Figure 3.3, [34, 66, 4]):

{Fc} = {Xca Y:n ch ]-}
{Fw} = {Xwa Ywa Zwa 1}

{FZ} = {uiv Vs 1}

The mapping between a 3D world point (X, Yy, Zw, 1), which is located in world plane,

and its 2D projection (u;, v;, 1) can be expressed as in [34] or [66] following the equation:

(ug, 01, 1) = C.T.R(Xop, Yip, Zuw, 1) (3.1)

where C'is the camera calibration matrix, 7" the translation matrix and R the rotation

matrix.

We use the calibration method proposed in [128] to get the parameters of the camera
calibration matrix C| i.e., focal length (f,, f,) and optical center (c,,c,), and extrinsic
parameters such as pitch, yaw angle and the height h. The matrices R and T are defined
according to the system requirement (having in mind that pitch angle, yaw angle and h
are already known parameters). In the following section, these matrices (R, T and C) are

defined according to the requirements of our system.

ROI Extraction Based on Projective Model

Region of interest (ROI) is always mandatory for edge-based segmentation. In order to
not only reduce the surrounding noise but save running time, we need to narrow the
detection range. In fact, electric poles, pedestrians, trees, and vehicles can all turn out to
be extraneous entries for lane marking candidates. To avoid the interference resulted from
surroundings or far-sighted view, and also for lower computational cost, detection area is

better to be focused on a certain fraction of road surface.
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Figure 3.3: Projective Model

From another aspect, a minimum of detection distance in real world is needed for safety
reason. As shown in Figure 3.4, ISO 17361:2007 and FMCSA-MCRR-05-005 legitimately
allow the latest warning line be located [ = 0.3m outside the lane boundary, and that the
minimum earliest warning line is e = 0.75m inside the lane boundary (as shown in Figure
3.4). Accordingly, D.O.Cualain has already calculated a range of detection should be 16.18

m on the road surface in [34].

Latest warning line

Lane marking ~

Figure 3.4: lane detection range for curve lanes

Different methods have been proposed to extract the ROI from the input images, as
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in [34], [47] and [41]. Hanwell detects the position of vanishing point of a image in [47].
By doing this, the detection range (ROI) is set to be from camera to vanishing point.
However, similar approaches only deal with straight lane markings. Because for curved
lane markings, the position of vanishing point is not constant, it usually changes frame by

frame.

To make our system more adaptable to real scenarios, and avoid collision on curbs or
vertical departure on curve lane.(as shown in Figure 3.4), we need to take curved lanes
into account. Hence for our scenario, we need to crop images at a distance of 16 m from
the camera origin to the view in front of the car. Equation 3.1 can be used to project this

distance to image plane.

Inverse Perspective Mapping (IPM)

The third step of conducting edge segmentation is to apply Inverse Perspective Mapping
(IPM) on ROI, aiming at getting bird’s eye view for road lines. In the literature, people
use IPM to transform an image from real world plane to birds-eye-view (usually in 2D

image plane), to look over the road surface from above.

There is one thing to be mentioned here, as the reason why IPM is required for lane
marking detection. Because the core method of the detection stage (Section 3.2.1), Hough
transform, asks for a very strict shape requirement. It is always good to make sure that
the lines to be detected are parallel, straight, clear and continuous. Since birds’ eye view
images present all the lane boundaries as parallel and straight lines (as shown in Figure
2.3), this makes those strict requirement be better satisfied than just applying Hough
transform on images in normal perspective. Further more, another benefit of IPM exists
in the aspect of noise removal. By transforming an image from real world perspective into
inverse perspective, we can narrow the image so that the detection range be concentrated
and close to camera origin. Noisy points in far-sighted view and surroundings can be

somehow reduced.

With the projective model expressed in Equation 3.1, to get the IPM of our system,

we need to experimentally define camera parameter matrix C', rotation matrix R and
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Translation matrix 7' (which are also used in [34], [66] and [4]) as follows:

Note: For this case, we don’t need yaw angle because we set the camera right in the
middle of a car so that it has no lateral bias to Y,, axis. Pitch angle 6 can be set between 35.5

degrees to 90 degrees. Focal length(f,, f,) and optical center(c,, c,) are already obtained

from camera calibration. So we have

1 0 0 0
R 0 sin(f) —cos(f) 0
0 cos(f) sin(@) 0
0 0 0 1
10 0 O
T 01 0 O
00 1 O
00 —h 1
Jo 0 ¢ O
C=10 f, ¢ O
0 0 1 0

Edge Detection

After getting birds’ eye view, some classical edge segmentation methods, such as Sobel,
Prewitt, Robert or Canny operator, can be used to detect edges. It is common to know
that Canny operator outperforms other operators such as Sobel and prewitt, for the general
edge detection tasks. However, the authors in [87] have revealed that, for the purpose of
lane detection, Canny filter is very sensitive to irrelevant objects as well as lane markings,

which rapidly increases the number of false positives.

We compared Sobel and Canny as shown in Figure 3.5. It is obvious to find out from

Figure 3.5 that Sobel performs better than Canny because of having much less noise (seeing

from Figure 3.5(b) and (e)).
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(a)

(e)

Figure 3.5: (a) and (d) are the same frame from Clip 4. (b) and (e) show the binarized picture of Sobel
and Canny respectively. (c) is the final detection result of (b), while (f) is the result of (e).

Also comparing to other edge detection algorithms, the Canny operator stands out
because of its high computational expensiveness. Conversely, the Sobel operator is less
sensitive to noise and less complex than Canny, and it is able to detect the main edge points
of markings. Hence Sobel operator is comprehensively better than the other methods as
the edge detector for the proposed lane detection system. Further experimental results on

the comparison of different edge segmentation methods are detailed in Section 4.5.

Sobel Algorithm As an edge detector, Sobel was first described and credited in a foot-
note "suggested by I. Sobel” in the book [31]. Dr. Irwin Sobel presented this algorithm at
the Stanford Artificial Intelligence Project (SAIL) in 1968.

According to the presentation made by I. Sobel, the image function can be referred
as a "density” function. For a 3 x 3 neighbourhood each simple central gradient estimate
is a vector sum of a pair of orthogonal vectors. Each orthogonal vector is a directional
derivative estimate multiplied by a unit vector which specifies the derivative’s direction. A
vector sum of the 8 directional derivative vectors is amounted by the vector sum of the 4

simple gradient estimations.

Hence for one pixel point, with its neighbourhood density value (usually as pixel values)

indicated as following (Figure 3.6)
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Figure 3.6: An example of the distribution of neighbouring density of point ”e”

The magnitude of the directional derivative estimation vector V' is defined for a given

neighbour as

Aden
dis

VI=

where Aden stands for the density difference between two neighbours and dis equals

to the distance of two neighbours.

Having all the neighbours group into pairs as (a, ), (b, h), (¢, g), (f,d), The direction of
V' is given by the unit vector (referred as [1,1], [-1,1], [0,1] and [1,0]) to the relevant
neighbours. The following the vector sum for the gradient estimate can be defined as

following ( [31]):

Where we can have

(c—g—a—l—z’)+(f—d) (c—g+a—i)+(b—h)

V=] 1 9 1 2

] (3.2)

It is conventional to divide the gradient by 4 in order to get the average gradient.

However, these operations are typically done in fixed point on small integers and division
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loses low order significant bits. Hence, instead of "divide by 4”7 (double shift to right), we
"multiply by 4”7 (double shift to left). This will preserve low order bits.

So Equation 3.2 can be transformed as:
Vi=4xV=[c—g—a+i)+2x(f—d),(c—g+a—1i)+2x(b—h)] (3.3)

where V' is the average gradient of V.

Figure 3.7 expressed weighted density summations for x and y components of the sobel

operator. In this thesis, a point ”"e” can be recognized as an edge point if and only if:
V'] >T (3.4)

where T is a pre-defined threshold.

Figure 3.7: X and Y components of Sobel operators: the left graph is X component and the right graph

is Y component.

3.1.2 Segmentation for Simplified Module (MSER-based)

MSER segmentation is implemented for the preprocessing stage of simplified module, as
a substitution of projective model, Inverse Perspective Mapping (IPM) and edge detec-

tor. Different from edge segmentation, MSER is able to directly perform on the input
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images and provides refined results as ROI for the next detection stage. Maximally Stable
Extremal Region (MSER), which was proposed in [81], is an effective area-based segmenta-
tion method. Surprisingly, this algorithm has rarely been used for lane marking detection.
In [109], a method of describing MSER patches using SIFT-based descriptors has been
proposed, followed by a graphical model to localize lane markings. Different from [109],
which requires unsupervised learning algorithm and off-line training, the proposed system

directly takes advantage of MSER blobs for the feature extraction of lane markings.

MSER Algorithm

As discussed in [81], a gray image I can be described as a mapping: (X,Y) € Z? — L,
where Z? stands for a set of pixel points (with the coordinate of (x,y)), and L stands
for a set of luminance of pixel points ranges between [0,255]. The term region used
in MSER algorithm represents a contiguous subset S of the space Z? (especially for 4-

neighbourhoods) which satisfies:

\V/p,q € Sup7q # 07386Ti68{p7 ap,az, as, "'7aiflaa’i7q}

, where ay, as, as,...,a;_1,a; €S, s.t. |p-ai|=1, |a;-q|=1, Z;ZQ laj-a;_1|=i-1.

A region S can be regarded as an extremal region when an arbitrary element of the
region satisfies the mapping rule S — m < [; where m,l € L, m stands for the mapped
value in L of an arbitrary element in S, and [ is a pre-defined threshold which ranges
between [0, 255]. A stable extremal region is an extremal region S that does not alter

a lot while varies. Let:

R(Sl) = {Sl7 Sl+17 Sl+27 (S SlJrAfla SI+A}

which is a branch of tree rooted in 5; satisfied S; C S;11 C Sjio C ... C Siia—1 C Siea. In
order to measure the stability of different extremal regions, the following equation needs

to be used (as proposed in [81]):

_card(Siya — 5)
all) = card(S;)
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where card(S;) represents the cardinality of a set S (one extremal region). An extremal
region S; can be chosen as a stable extremal region only in case that ¢(I) of S; is in the
relevantly low level among the entire extremal regions. For certain A € L, Maximally
Stable Extremal Region can be obtained by choosing the stable extremal region with

the smallest ¢([) of all stable extremal regions.

Application of MSER Segmentation

As introduced in Section 2.1.1, as a part of edge detection, some smoothing methods
(Gaussian Filter, Median Filters, etc.) are usually deployed before edge detection. This is
designed to remove noise, blur the inner difference of desired regions and enhance regions
with stable luminance. However, it makes edge segmentation might have a chance to miss
some useful details, especially in the edge of prominent regions where luminance rapidly
changes. To balance between keeping useful details and removing noise, we use MSER as
the alternative of edge segmentation for preprocessing stage. Compared to segmentation
based on edge information, an outstanding advantage of MSER is that, it only recognize
stable extremal regions (e.g., lane markings, traffic signs, dark and stable parts of cars,
etc.), which effectively filters out unpredicted noisy regions (such as potholes, obstacles on

the road, etc.).

MSER blobs can be binarized for highlighting the stably extremal regions, as shown in
Figures 3.9 and 3.8. However, due to heavy time-consumption and noise-sensitivity, MSER
blobs need to be refined according to system requirements after being extracted. Appar-
ently, the implementation of MSER algorithm is not enough to provide qualified images
for detection because of containing noisy details as well as desired pixels. Besides, MSER
experimentally turns out to be more computationally expensive than edge segmentation.
This gives the necessity to the result refinement of MSER. In order to improve the time-
efficiency and accuracy of the entire system, we propose a novel scanning method to reduce
the pixel points in binarized MSER blobs, so that the number of input points for detection
stage (pixel candidates for PPHT) could be decreased dramatically. This scanning method

experimentally proves to allow the improvement of MSER and Hough transform results,
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and the increasing of the detection rate of lane markings. (As discussed in Section 3.1.2.)

Refinement of MSER Segmentation

As stated in previous section, we find that there exists considerable noisy details as well
as desired pixels in MSER-blobs (as shown in Figure 3.8). This requires some steps to
refine the results of MSER segmentation. As a matter of fact, objects outside a lane are
much more than objects (cars, pedestrians, etc.) within a lane (as shown in Figure 3.8).
Therefore it is reasonable to say that lane marking blobs mainly distribute around the
middle column (as the red dash line in Figure 3.8), comparing with other blobs which are

outside lane boundaries.

Experimental observation reveals that the gap region between left and right lane mark-
ings is mainly composed of road surface, which has very weak luminance in gray scale
images comparing with other objects. Since only stable extremal region can be extracted
by MSER, noisy points within both lane markings can be rejected from MSER-blobs. This
makes MSER different from edge detection, which extracts the information of both stable
extremal regions and noisy regions. Accordingly we propose a scanning method performed
on binarized pictures as described in Algorithm 1. The scanning process starts from the
middle pixel of each row. It is carried out in left and right directions, respectively. MSER
blobs are coloured in white, while the non-MSER areas are black. For each row in the
image, when the first white pixel is encountered in both left and right area, the scanning

process stops.

As the output of the proposed refinement step, MSER blobs can be shrunken into line
pieces, which generally depict the contours of MSER blobs (as shown as 3.8). Since the
scanning process starts from the middle column, these contours only belong to blobs that
are close to middle column in left and right areas. Most likely, this method is able to portrait
the contours of lane-marking-blobs which distribute near middle column. Moreover, the
proposed scanning method makes the selected contours be one-pixel width, which weakens
the interference from noisy blobs and makes qualified lines more prominent and easier to

be detected by Hough transform.
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Algorithm 1: Scanning Refinement of MSER
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Input:Binarized images with MSER blobs
Output:Refined contours of MSER blobs

x and y: coordinates of a pixel point (x,y) in the binarized image

width and height: the width and height of binarized image

P(x,y): pixel value of the point (z,y)

if Scanning for left area then
for y = 0 to height do
for » = %dth to 0 do
if P(z,y)! =0 then
T——;
continue;
else
Y+
break;
else
for y = 0 to height do
for © = %‘“h + 1 to width do
if P(z,y)! =0 then
T+ -+
continue;
else
Y+t
break;
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(b

Figure 3.8: The working scheme of proposed scanning method. Red dash line in the middle indicates
the "middle column” referred as above, while dash arrows indicate the scanning direction of each side (left
and right side divided by middle column). For every row of each side, the scanning process stops when
the first white pixel touched by the arrow (selected by scanning rule). Red solid lines generally depicts

the entire contour after refinement.

Figure 3.9: Two drawbacks of proposed scanning rule: red circular area: blobs between lane markings;

red ellipse area: blobs between dashes.
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However, there exists two drawbacks in the proposed method. First, for the area
between left and right lane markings on the road, real scenarios might inevitably bring
in cars or some stains which are likely to be detected as MSER-blobs (as shown as red
circular area in Figure 3.9). As a result of this, the proposed scanning method might take
the contours of noisy MSER-blobs as detection candidates, and feed those noise together
with real lane marking pixels into detection stage. To eliminate noisy blobs mentioned
above, as shown in Figure 3.8, the scanning method only selects at most two pixels in a
row (one pixel per area), which makes the output lines have only one-pixel width. This
significantly weakens the noisy contours (shorter and less straighter than lane markings)
between lane markings, and also makes the continuous contours of lane marking blobs
stands out from the background. Additionally, Noisy blobs can further be removed by
PPHT with the help of proper threshold of length and angle, which is detailed in Section
3.2.1. As the second drawback of the scanning method, blobs outside lane boundaries (as
shown as red ellipse area in Figure 3.9 may be encountered when scanning in rows between
dashes. This might bring noisy contours and false positive results for dashed lane marking
detection. Similar to the solution of first drawback, experimentally PPHT proves to be
able to handle the above issues by angle and length threshold of line candidates, which is
discussed in Section 3.2.1. By an appropriate threshold, lines located in irrelevant regions

can hardly be selected as lane marking candidates.

3.2 Lane Detection

After preprocessing stage, detection stage is initialized by Hough transform (in this thesis
we use Probabilistic hough transform, which is refered as PHT). Because of the benefit
of preprocessing stage based on MSER segmentation, the simplified module performs well
with Hough transform without refinement afterwards. While for comprehensive module,
two refinement steps need to be conducted sequentially, which are angle thresholding and
segment linking (ATSL) and trapezoidal refinement method (TRM). It is noticeable for
the comprehensive module, where edge segmentation is used for preprocessing, that PHT

is applied on bird’s eye view. Hence, there are some works to be done between PHT and
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ATSL, which is to transform the bird’s eye view into real world plane (this transformation
is very straightforward to get by applying inverse perspective mapping on bird’s eye view).
After getting real world plane image, the novel schemes of ATSL and TRM is proposed for
the sake of refining PHT results.

3.2.1 Probabilistic Hough Transform

Probabilistic Hough transform (PHT) is one of the most popular types of the classical line
detection algorithm, Hough transform (HT), which was proposed [50] by Hough in 1962
and firstly used in Research in 1972. Hough transform is usually used to detect lines and
circles, and it is used as the core method of lane marking detection in [34], [118] and [60].
Hough transform gives not only robust detection under noise but partial occlusion in many

situations. The core formula of HT is
A = xcos(0) + ysin(0) (3.6)

A is the length between the origin and the pedal of detected line and € is the angle of
its perpendicular line. A single point in xy-space corresponds a line in (A, #) space (as
a and b in Figure 3.10(a) and Figure 3.10(b)). Similarly, A line in xy-space corresponds
an intersection point which holds many lines in (A, ) space (as m,n,0,p and ¢ in Figure

3.10(a) and Figure 3.10(b)).

In the literature, HT is usually referred as standard Hough transform (SHT). SHT
works only based on Equation 3.6 and is different from other Hough transform (i.e. PHT
and RHT). The detection scheme of SHT is firmly the same as the original idea proposed in
[50], which can be generalized as following: an accumulator is constructed in hough space
with respect to A and 6. Every pixel points in the zy-plane image is selected to vote in the
accumulator. Pre-defined thresholds are used to choose line segments which correspond to
enough numbers of voting points in hough space (as in accumulator). Apparently, for pixel
points that are intersections of several lines or just belong to one single line, this voting
scheme is necessary; otherwise, for points that are noisy points (which don’t belong to any
lines or segments), being selected to vote in the accumulator is meaningless and a waste of

time.
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Figure 3.10: An example of line distribution in XY-space (a) with the corresponding results in Hough
space (b)

Analysis of PHT

To increase the time efficiency of SHT, Kiyara proposed a method in [61], which is called
Probabilistic hough transform (PHT). Probabilistic Hough transform (PHT) improves the
process of SHT by minimizing the number of voting pixels. Kiyara mathematically proved
that, it is possible to obtain line results identical to those of the standard Hough transform
if a reasonable fraction p of pixel points are chosen for the voting process, instead of

choosing all the pixel points in image (as in zy-plane).

There are some difference between Standard Hough Transform(SHT) and Probabilistic
Hough Transform(PHT).
a.)SHT is the most commonly used method for lane detection, while PHT is rarely used
by researchers(only by Hota in [49]). This is because, as the standard form of Hough
Transform, SHT provides comprehensive results and describes every lines with different A
and 6.
b.)SHT and PHT produce different results. SHT produces (\,0) as results while PHT
produces the coordinates of both ends of a line in xy-space.
c.)PHT has the kernel of SHT, which yields, PHT randomly samples the starting and
ending points based on the lines detected by SHT, while SHT only provides A and 6 of a

line.
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d.)With the starting and ending points sampled in c.), PHT then threshold the length of

line segments in order to eliminate weak line candidates.

Probabilistic hough transform is initialized by randomly selecting a subset of points,
followed by a standard Hough transform performed on the subset. In [61], the edge map
with lines to be detected is considered as a "noise-dominated” stochastic model. This is
because for the purpose of line detection, only edge points which form as lines are the
results; most of the points within image area belong to noise. Assume we have an edge
map with M points, S points belong to lines and N = M — S noisy points. Suppose we
sample m points out of M points, with selecting s points as the line results and n noisy

points.

At the peak of accumulator (a pair of (A, 6) with the most voting points in hough
space), the random variable s distributes binomially. Hence, the probability that s belongs
to a line is

my,S .., N
P(s) = — ) (=)""" 3.7
o= (") (3.7)
Also, to demonstrate the applicability of PHT, a random variable n* needs to be in-

troduced to represent the contribution of a selected noisy points to a certain location in

accumulator array.
P(n*) =Y _ P(n)P(n*|n) (3.8)
n=0

where P(n) is the probability of n selected noisy points and P(n*|n) is the conditional
probability of n*. Apparently P(n) is also binomial,

m\ N. S
P — n m—n
= (") G (39)
If m is large enough such that
S N
B 1 3.10
TSV (3:10)

the Gaussian approximation of Equation. 3.7 holds, with the expectation

m
g = —9 3.11
s =77 (3.11)
and we have the standard deviation
S N
s — I 3.].2
o mM i ( )



Similar to s, we can get the Gaussian approximation of n, where we have o4, = ¢,, and the
expectation

m
= N 3.13
=17 (3.13)

It is also pointed out in [61] that the noisy points are uniformly distributed in image,
which leads to non-uniform noise in the accumulator array. For a certain location (g, p)in

the accumulator array, the conditional probability of n* is

* n 7% n—n*
Pt = (2 )1 -p) (3.14)
where p is the probability that a selected noisy point contributes to vote in a certain
location (Ao, fy) in accumulator array. p can be treated as the fraction of the image area

which is projected onto a segment of length dAX. For dAX < 1,
_2dAN

™

P 1 —p? (3.15)

since 0, < 1, and P(n*|n) is not extremely sensitive to small variations in n, it is
appropriate to approximate P(n) in Equation. 3.9 as an impulse function at n = 7,.

Hence, we have the Poisson approximation of p(n*) according to Equation. 3.8

p(n*) ~ exp” ™ % (3.16)
n*!

Based on the comparison of Equation. 3.16 and 3.7, it can be seen that the random
variables s and n* are almost independent to each other. This means that, of the randomly
selected m points, line results (represented by s line edge points) do not change a lot because
of the contribution from n noisy points. Actually, successful experiments conducted in [61]
with p as low as 2% revealed that, the poll size (a fraction of edge points that being
randomly selected) is a parameter critically influencing the performance of probabilistic

Hough transform.

However, the experiment in [61] still has one fatal drawback. For the noise-dominant
case, only one single line is merged in the edge map, surrounded by some isolated noisy
points. It is easy to know the number of points belonging to the line. Hence for the key

step of Hough transform, thresholding in accumulator array, the author in [61] proposed
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a formula to solve the poll size (sample fraction of all edge points)in accumulator array
to identify a line, which requires a priori knowledge of the length of the line (number of
points which belong to the line). This formula can be exclusively used in the experiment
of [61]. However, it is almost impossible to know the length of all lines in real scenario,

where all image frames are collected in real time.

Progressive Probabilistic Hough Transform (PPHT)

Regardless of the drawback of the experiment that Kiryati did in [61] in attempt to validate
PHT’s performance with priorly knowing the length of lines, PHT can be considered as a
very efficient theoretical approach. Researchers hold the strong point of view that, PHT
can be optimized appropriately in real scenario to detect lines. In 1999, J. Matas proposed
progressive probabilistic Hough transform (PPHT) in [80] in order to solve the problem
of randomly sampling points without knowing line length. PPHT has been commonly
accepted as one of the best line detection methods based on PHT theory. PPHT proceeds

as follows and can be demonstrated as Figure 3.11.

1. Randomly, a new point is selected for voting in the accumulator array, with con-
tributing to all available bin (as referred in [80], bin stands for a pair of (A, 6)). Then

remove the selected pixel from input image.

2. Check if the highest peak (the pair of (\,#) with the most voting points) in the
updated accumulator is greater than a pre-defined threshold th(N). If not then go
to Step 1.

3. Find all lines with the parameter (A, ) which was specified by the peak in Step 2.
Choose the longest segment (which can be denoted by starting point Pty and ending
point Pt;) of all lines.

4. Remove all the points of the longest line from input image.

5. Remove all the points of the selected line in Step 3 (Pty— Pt;) from the accumulator,

which means those points do not attend any other voting process.
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Figure 3.11: The flowchart of progressive probabilistic Hough transform (PPHT)
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6. If the selected segment is longer than a pre-defined minimum length, then take the

segment (Pt — Pt;) as one of the output results.

7. Go to Step 1.

As we know, a full Hough transform (as standard Hough transform which transverse all
points within input image) needs a stopping rule to avoid operations for all points. Without
applying a full Hough transform, to avoid adding a stopping rule, PPHT stops when either
the points have voted or have been assigned to a feature (recognize a point as belonging to
a qualified line segment and remove this point from input image and accumulator array).
Apparently this allows only a small fraction of points to be the candidate and significantly

reduces the computation cost.

In terms of error estimation, without a stopping rule, the difference between the PPHT
and the standard Hough transform (SHT) lies mainly on the number of false positives
(some noisy points been taken as lines). As we can see from Figure 3.11, PPHT possesses
the basic voting points as SHT. Hence if a line is detectable by the SHT, it should also be
detected by the PPHT. False negatives (missing lines) are due to failed edge detection or

previous detected results.

In this thesis, PPHT is used instead of SHT. Except for the purpose of minimizing
computation cost, some reasons are explained as following: As talked above, SHT presents
(A, 0) of every detected line. However, this yields SHT is much too sensitive to all straight
lines(regardless of some unwanted lines with short length), it also consumes much more
time than PHT in order to present all lines. Plus, lane detection has its own requirement,
which is, detector should only respond to lines with specific characteristics (lane markings).
Recalling the two drawbacks in Section 3.1.2 (as shown in Figure 3.9), sometimes vehicles or
part of the contours of surroundings appear in region of interest which can be erroneously
detected by HT. Those lines with a variety of directions have short length comparing
with real lane markings, hence are not eligible to be chosen as a detected lane marking
candidate.In PPHT, constraint is given by setting a minimum line length, which only takes

lines with qualified length as output.

48



For the comprehensive module, another reason to choose PPHT is because, to perform
further refinement (ALS and TRM), starting and ending points are needed in next stages.
One of the benefits of using PPHT is that, PPHT reduces computation cost by minimizing
the number of voting points, hence common improvements that reduce the number of voting
points (e.g., binarization based on gradient information) do not conflict with the result of
PPHT. After applying PPHT on birds’ eye view, some parallel straight lines are obtained.
Of those lines, we have not only lane marking candidates, but some unwanted lines. It
is necessary to apply a refinement stage on real world plane images, to further remove
outliers and refine detection results. This is performed by Segments Linking, constructing

trapezoid and other refinement methods, which is introduced in Sections 3.2.2 and 3.2.3.

For the comprehensive module, experimentally we found PPHT performs better than
SHT and PHT on lane detection. Also for the simplified module, as the only step for
detection stage, PPHT fulfils the task of lane marking extraction. Comparative results on

both modules are introduced in Sections 4.3 and 4.4.

3.2.2 Angle Threshold and Segment Linking

As seeing from Section 3.2.1, PPHT does not take angles (6) into account when thresholding
the number of voting pixels in the accumulator, which may bring some unwanted lines
together with qualified lines in real world plane( as shown in Figure 3.12(a)). At this step,
refinement is to threshold and sift out left and right lane markers, which can be the input
of the next step, trapezoidal refinement method (TRM). ATSL consists of three steps as

following;:

Angle Threshold

At this step, we need to firstly divide the ROI into right and left areas. Next, as we can
obviously see from Figure 3.12(a)(b), experimentally we found that, suitable lane marking
candidates within left and right areas should form angles with respect to bottom line of

ROI as required as following:
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20° < a < 70°
20° < B < 70°

where o and (8 are the angle difference of lines with respect to the bottom of ROI in left
and right area respectively. lines which do not satisfy the requirements above need to be

removed( as shown in Figure 3.12(b)).

Segment Linking

In [83], Li Shunming et.al proposed a linking rule for curve lines to assemble relevant
line segments and weaken unwanted lines. This is performed by examining their angle
difference and distance to each other, then linking relevant lines into longer ones. For our
case, we modified this method so that it adapts to straight lines and PPHT. Compared
to method in [83], the proposed one is more efficient and adaptable to straight lines with
starting and ending points. We can use this linking rule to not only strengthen potential
line segments, also reduce the numbers of lane marking candidates. As shown in Figure
3.12(c), an arbitrary pair of line segments from the results of previous step is selected. We
threshold the angle difference between two lines and the distance between one’s ending
point and the other’s starting point. If the selected line pair has angle difference and point
distance within a range, we need to take these two lines as relevant line pair and link
them into a longer line (Algorithm 2). By using Algorithm 2, we make the lane marking
candidates more prominent, clearer and longer, so that real location of lane markings could

more likely be extracted and refined.

Optional Refinement

The third step can be optional and ignored if the system requires multiple lane detection.
Most of the time in real scenario, usually drivers only need to focus on the lane where they
are currently driving on, especially when a need of Lane Departure Warning is required.

Considering the proposed system with a purpose of Lane Departure Warning, detection
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Algorithm 2: Segment Linking Rules for PPHT

1

2

3

10

11

12

13

14

15

16

17

18

19

20

21

22

23

lp: the ky, line segment

Pys and Py.: the starting and ending points of the ky, line segment

6(): the angle difference of two arbitrary lines

d(): the distance of two arbitrary points

T N: Total number of line segments
AT: Angle threshold
DT: Distance threshold

Event: Decide if lines are relevant to each other and link relevant lines

fora =1 toTN do

if 1, is not labelled as linked then

for b = (a+1) to TN do

if [ is not labelled as linked then

if 0<0(l,,l,) < AT and

0 < d(Pye, Pys) < DT then
link P,, with P, into a line
Take this line as [,
label [, and I, as linked

else

Return

else

Return

else

Return
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scheme needs to focus on only one lane. Hence, only one or two lane markings are needed
to clearly mark this one lane (some lanes are formed with two lane markings, or single lane

marking on one side and curb on the other side).

Therefore, for the case shown in Figure 3.12(e), we only need to select two lane markings
(one lane marking for left area and one for right area) from lines with qualified angles and
length (which are the results after angle threshold and Segment linking). Within each area
(left and right areas divided by middle line in Figure 3.12(d)), the line with its both ends
(starting and ending points) horizontally (by saying horizontally, it means in the direction
of x-axis in image plane) closest to the middle line comparing with the others is chosen as
the output of ATSL. Since the noisy lines and outliers with unqualified angles and length
are removed after the first two steps of ATSL, experimentally we found this pair of lines
chosen in optional refinement can most likely be lane marking candidates for the next

steps.

l PKe - =
K . ) Pk+1)e
Lik+1)
ks P(K+1)s
T (C) T
B % | B

(€) (d)

Figure 3.12: Angle Threshold and Segment Linking: (a) Results of PHT; (b) After angle threshold; (c)
Apply segment linking; (d) Results after segment linking; (e)After choosing the line pair closet to middle

line.
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3.2.3 Trapezoidal Refinement Method

After ATSL, we have some qualified line pairs as lane marking candidates. For this stage,
Trapezoidal Refinement Method (TRM), we use the line pairs of previous stage as input.
Taking the possible detection failures in previous steps into account, somehow these two
lines do not fit well with real location of lane markings, which means, starting and ending

points are sometimes a few pixels away from real location (Figure 3.13).

Also in order to extract the colour information of lane markings for the sake of lane
recognition (as required in Section 3.4), more pixel information is needed. Hence trapezoid
is constructed for each line as follows. We choose the starting and ending points of one
line as the middle point of the top and bottom bases of this trapezoid, respectively. These
bases are linked together to form the lateral sides of the trapezoid (as shown in Figure
3.13). The top base of the trapezoid should be shorter than the bottom base, since a
segment line (which shapes rectangular and is perpendicular to the horizontal axis of the
optical coordinate of camera) appears as a trapezoid in images, as a result of perspective
effect. Experimentally, the length of the bottom base of the trapezoid should be two times
of the length of top-base. Both top and bottom bases of the constructed trapezoid are set
to 20 an 40 pixels long for our case, respectively. In this way, the trapezoid contains more
ground truth pixels than just covering the line segment which links starting and ending

points.

After getting the trapezoid, we compute the average pixel value of this area, for 3
channels (R, G and B). Known to be much brighter than road surface, lane markings
usually contains more yellow and white elements than background (which is, in this case,
the rest part of constructed trapezoid). Averagely, R and G components of each pixel value
are higher than the pixel values of background. Based on the fact above, for every y step,
we scan the pixels from left to right with a 3 x 3 block (Figure 3.13). We determine if a
point can be taken as lane marking pixel or not, by comparing the average value (for R
and G channel) of a 3 x 3 block centering at each point in the trapezoid with the average
value of the whole trapezoid. For one pixel, if the average value of its 3 x 3 block is greater

than average of the trapezoid area, it can be taken as lane marking pixel, otherwise not.
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Figure 3.13: Trapezoidal Refinement Method

Experimentally, we found there are four situations about the location of real lane mark-
ers and our constructed trapezoids, as shown in Figure 3.14. The idealist situations are
as Figure 3.14(b) and Figure 3.14(d) shown, trapezoid fully covering lane marking (blue
parallelogram in image) and trapezoid being covered by lane marking. Figure 3.14(a) is
the most common situation, partly covering, while Figure 3.14(c) is the worst situation,
trapezoid and lane marking totally depart from each other. For the worst situation, be-
cause a detection failure (wrong starting and ending points) is brought in by previous steps,
the proposed TRM does not work well with this situation, which actually does not often
happen in our experiment. As demonstrated in Algorithm 3 and Algorithm 4, assuming
we have both ends of a line, p0 and pl. By using TRM we can make detected points better
fit with ground truth(Figure 3.13). The result of TRM is also used to serve the Kalman

tracker with refined starting and ending points as explained in the following Section 3.3.
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Figure 3.14: Location of Trapezoid and Lane Marking(as shown by blue parallelogram): (a):Trapezoid
partly covers lane marking; (b):Trapezoid fully covers lane marking; (c¢):Trapezoid totally depart from lane

marking; (d):Trapezoid fully covered by lane marking

Algorithm 3: Average of Trapezoid

1 P0: the top point(pty) of one line

2 P1: the bottom point(pt;) of one line

3 t: the width(Z,nee — Tmin) of every y step of the trapezoid
AVG(RGB): get the average value of RGB for trapezoid
P(RGB): get pixel values of RGB for one point

'y

(S

6 count: the amount of point in the trapezoid

7 Event: Get the Average pixel value of trapezoid

8 for y = PO, to P1, do

o | t=20+21 x5

10 | forz =((y—P0,)pg==p" + PO, —t) to ((y — PO,) 5g==p1= + PO, +t) do
11 count+-+

12 Get the pixel value for 3 channels(R,G and B) of a point P(RGB)

13 SUM(RGB)= SUM(RGB)+P(RGB)

14 AVG(RGB) = SUM(RGB) / count
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3.3 Lane Tracking

For most highway and ideal urban scenarios with smooth road texture, lane markings and
background (road surface) are clearly distinguished from each other. This makes it easy
for Hough transform and TRM to do their jobs. However, some challenges might come
from situations with rough roads, or cloudy and rainy weather, detection result does not
fit well with ground truth. Experiments have shown that the addition of a lane tracking
stage after lane detection helps in coping with this issue. In order to improve the efficiency
and robustness of lane detection system, Kalman filter (KF) is implemented as a tracker

for both comprehensive and simplified modules.

3.3.1 Kalman Filter

In 1960, Kalman proposed Kalman filter (KF) in [57]. Working the way of a linear dynamic
system based on Markov Chain model, KF predicts the post state based on previous state
and current measurements, with updating the covariance matrix of state and measurement.
[teration keeps running by feeding corrected state matrix to next instance. For the case of
lane tracking, previous researches have been done by using Kalman filter (KF) or Particle
filter (PF) to track different parameters ([92], [38], [82], [97] and [106]). Also, KF has been
used for SHT and PHT in [117] and [49], respectively.

Experimental results in comprehensive module have shown that PPHT has better per-
formance than SHT for our case. Therefore in this thesis, KF is chosen to track both ends
of each line, which is referred as starting and ending points of lane markings determined by
PPHT, ATSL and TRM. As a contribution to robustly improve the fitness to ground truth,

the correction results of KF is fed back to TRM for better construction of the trapezoids.

Kalman Model

According to [57], the inner connection between the state of a model at time & and the

state of (k — 1) can be described as follow:
v = Foxp_q1 + Brug + Wy (317)
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Where Fj, is the state transition matrix which needs to be applied to the previous state
vector xp; in order for updating; By is the control matrix to update the external control

vector uy; Wy, is the process noise with a covariance of )y, which is:

Wi ~ N(0, Q)

At time k, the measurement vector zj of the state variable x can be acquired according
to
2, = Hyxp_1 + vy (318)

where Hj, is the observation matrix; vy is the measurement noise with a covariance of Ry,
which is:

Vi ~ N(O, Rk)

. The initial value of state variables and the noise are all assumed to be discreetly inde-

pendent to each other.

The mechanism of Kalman filter can be divided into two steps: prediction (also referred

as estimation) and updating.

Prediction

In the prediction step, state variables are initially estimated by Kalman filter, with also
initializing the process noise, priori estimation error. Meanwhile, the system keeps monitor-
ing measurement information and feeding measurement matrix together with measurement

noise into updating step.

The priori state estimate can be described as:

Tpp—1 = FpTp_1jp—1 + Brug (3.19)

and the priori estimation error covariance:

Pp-1 = FrLPeapp FE + Qy, (3.20)
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Updating

At updating step, results of prediction need to be updated based on the computable weight
of estimation results and measurement results (by utilizing the innovation which indicates
the certainty). Trust from the system depends on the certainty, which will recursively
influence the next instances.
Innovation:

U = 2x — HypZpp— (3.21)
Innovation covariance:

Besides, Kalman gain and posteriori estimation error covariance need to be updated as
well, contributing to compute the posteriori state variables, which evolves from the initial
state variables and becomes the priori estimation of state variables for next instance.
Optimal Kalman gain:

Ky = Pyp 1 HES}! (3.23)
Posteriori (after being updated) error estimation covariance:
Pue = (I — K Hy,) Prjie—1 (3.24)
Posteriori (after being updated) state estimation:

Tk = Tpp—1 + KTk (3.25)

It is pointed out in [57] that, the formula for the updated estimation and error covariance
above are valid only under the condition of the optimal Kalman gain (Equation 3.23).
Thanks to the inherent recursive ability, Kalman filter is able to run in real-time by taking

advantage of measurement and estimation results.

3.3.2 Lane Tracking with Kalman Filter

Two kalman trackers are utilized respectively for right and left lane markers, with respect

to the starting point Pto(Xps,, Ypr,) and ending point Pti(Xp,, Yps,) (as depicted in
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Figure 4). Notable in this case, the measurement noise (Ry) and process noise (@) which
result from lane detection can be deemed as Gaussianly distributed, which makes the lane
tracking for the comprehensive module to be based on Gaussian stochastic process. Also
because there is not input from external control in the proposed system, the control vector

ug and control matrix By in Equation 3.17 will not be taken into account.

Recalling Equation 3.17, where x is the state vector, Fj is the state transition matrix.

We define the state vector as:
/ / / / T
Tk = [XPtOYPtOXPtlYPthPtOYPtoXPtlyptl]
where X’ and Y’ are the derivative form of X and Y.

Experimentally, yielding to the best tracking performance for our case, the state tran-

sition matrix can be defined as following:

100005 0 0 0
0100 0 05 0 O
0010 0 0 05 0
F = 0001 0O 0 0 05
0000 1 0 0 O
0000 O 1 0 O
0000 0O O 1 O
0000 0 0 0 1
up =0

The coordinates of Pty and Pt; are taken as measurement z; for every instance:

Rk = [XPtO YPto XPt1 YPtl]T

3.4 Lane Recognition

Roadway users (drivers, motorist and pedestrian) can read important informations from
pavement markings, which can be divided into three categories: word-marking, pictogram-

marking and line-marking. Word-markings are usually used to deliver a text message to
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drivers, for example, the word BUS. To express messages for drivers, Pictogram-markings
are well designed ideogram and present as understandable graphics, e.g. bicycle lanes
or bus lanes. Line markings have very essential shapes which can be used to manage
the traffic. Along road edges and between lanes, line markings are used to guide traffic,
keep vehicles in line and avoid collisions. Marking colors (i.e., yellow or white) and forms
(solid or dashed) deliver important messages together. For instance, Yellow lines indicates
opposite directions of two lanes. Switching from one lane to adjacent lanes is prohibited
if a solid yellow line exists between two lanes, while a dashed yellow line allows drivers to
switch between lanes if they need to. On the other hand, white lines are usually painted
on a multi-lane roadway, which separate vehicles moving in the same direction. Solid
(sometimes in double) white line forbids switching between lanes, while lane switching is
permitted to across a dashed white line. In the comprehensive module, TRM combines the
detection and recognition of lane markings together, by making use of colour information.

The following sections will elaborate the proposed lane recognition scheme.

3.4.1 Solid and Dashed lines

The values of LM P and nLM P (Algorithm 4) are important measurement used to dis-
tinguish between solid and dashed lines. A solid line contains lane marking pixels as
the majority of y-steps (which are marked as LMP in Algorithm 4, lines 15-17), while a
dashed marking contains a moderate number of lane marking pixels and some blanks be-
tween dashes (referred as nLMP, lines 24-25 in Algorithm 4). The value of nLMP actually

reflects a number of non-lane marking pixels.

However, in some extreme situations the recognition of nature of the marking can be
challenging. For instance, solid markings on eroded surfaces can be recognized as dashed
lane markings. Also, the shadow of cars, trees or other road-objects can inevitably affect the
quality of detection, thus solid markings can be recognized as dashed markings. Moreover,
if a detected lane marking does not contain enough lane marking pixels (LMP), it will
not be selected as a lane marking. In order to overcome these problems, and to avoid

a possible erroneous recognition, massive experiments have been conducted to determine
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the threshold with respect to the values of nLMP and LMP, as described in lines 26-35 of
Algorithm 4.

Experimentally we found that if a line contains very few lane marking pixels (nLM P >
100 or LM P < 50), in this case the line is deemed as a non-lane marking, as stated as
lines 26-35 in Algorithm4. If nLM P < 10, which means a line contains a certain amount
of lane marking pixels (as described in lines 32-33 of Algorithm 4), this line is considered
as a solid marking. On the other hand, a lane marking can be recognized as dashed if

10 < nMLP <100 (as shown in lines 29-30 in Algorithm 4).

3.4.2 White and Yellow lines

A lane marking can only appear to be yellow or white, what is needed in colour recognition
is to find a way of quantitatively defining yellow and white in real scenarios. It is common
to know that, the yellow and white lines on the road do not appear to be strictly yellow
and white. Hence the problem of this part lies mainly on distinguishing between yellow
and white, with respect to RGB value. In real scenarios, yellow and white sometimes
poorly contrast to each other, because of rough texture of road surface, lightening or other

complex factors. Hence the boundary of yellow and white can be vague and ambiguous.

In fact, the RGB value of ideally yellow and white pixels are (255, 255, 0) and (255, 255, 255),
respectively. From this fact we can see, the value of B channel dominantly determines the
difference between yellow and white. The R and G value do not significantly influence the
colour appearance when the pixel is either white or yellow. Further more, if the B value
of a pixel is much less than the average of R and G value, it is most likely to be taken as
a yellow pixel, otherwise, if the B value is much more than the average of R and G value,

it can be grouped into white pixels.

Experimental results on massive video clips taken from Ottawa have shown the evidence
that, white pixels should have B values more than 4/5 of the average of R and G values (as
lines 18-20 of Algorithm 4); while yellow pixels have B values less than 4/5 of that average
(as lines 21-23 of Algorithm 4). As shown in Figure 3.15, with the proposed scheme, we

successfully distinguish solid and dashed lines, as well as yellow and white lines, by putting
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different colour and text messages on them. ”SY”, "DY”, "SW” and "DW” stand for

7solid yellow”, ”dashed yellow”, ”solid white” and ”dashed white”, respectively.

Figure 3.15: Lane Recognition on Highway and Rural Area in Ottawa

3.5 Lane Departure Warning

Known as an essential part of Intelligent Transportation System (ITS), Lane Departure
Warning (LDW) plays a vital role in the comprehensive module. The lane departure
warning scheme is built up based on previous stages (TRM results which can be updated
by lane tracking stage). Lane departure means a situation where a moving car departs
from current lane or has the tendency to go across lane markings. As a result, the driver
or monitoring system will see only one lane marking moving towards middle horizontally
in front view. Based on this fact, a lane departure can be determined by checking the
horizontal position of each lane marking, which is corresponding to the X-coordinates of
top and bottom points of lane markings in image plane. The method of detecting the

horizontal position of a lane marking can be described as Figure 3.17

Assuming we have lane markings with top point Pto(xpy,, ypt,) and bottom point

Pty(xpy,,ypy, ). In the pre-processing stage, we already get the ROI (as shown in Figure
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Algorithm 4: TRM and Lane Marking Recognition

© 0 N OO 0k W N =
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14
15
16
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21
22
23

24
25

26
27
28

29
30

31
32
33

34
35
36
37

38
39

40
41

Pty: the top point(ptg) of one line;

Pty: the bottom point(pt;) of one line

AVG(RGB): get the average value of RGB for trapezoid;
P(RGB): get pixel values of RGB for one point
Tmid: Tmid = (Tmin + Tmaz)/2 for every y step

LM P: Lane Marking Pixel;

nLM P: non-Lane Marking Pixel

W: numbers of WHITE points;

Y: numbers of YELLOW points

Event: select lane marking pixel and recognize lines
for y = ypy, to ypy, do

t =20 + 21 x 2o

YPt, —YPt,
for v = ((y — yPto)% +xpy, —t) to ((y — ypto)% + xpy, +t) do

Get the average color P(RGB) of a 3x3 block centred at point (z,y)
if (P(R) > AVG(R)) and (P(G) > AVG(G)) then

Mark this y step as LMP

LMP=LMP+1

if P(B) > 0.8 x ZEILE) then

L Mark this point WHITE

W=W+1
else
Mark this point YELLOW
Y=Y+1
efse

| Mark this y step as nLMP and nLM P = nLMP + 1

if LMP < 50 then
Mark this line Non-Lane-Marking
return

if 10 < nLMP < 100 then
L Mark this line DASH

else
if nLMP <10 then
L Mark this line SOLID

if nLMP > 100 then
| Mark this line Non-Lane-Marking
if Y > W then
| Mark this line YELLOW

else
L Mark this line WHITE

Use (Zmid, Ypt,) at first step of y which is marked as LMP to update P0(pty)
Use (Zmid, Ype, ) at last step of y which is marked as LMP to update P1(pt;)
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Figure 3.16: A process of Lane Departure Detection and Warning(in time sequence)

3.17) with its width(W), height(H) and the top-left point (m,n). Experimental results on

the case of downtown and rural area of Ottawa have revealed that, if

(é*W+m)<POI<(§*W+m) (3.26)
&k

1 4

(g*W+m)<Plz<(g*W—i—m) (3.27)

This lane marking with Pty and Pt; can be taken as "moving towards middle”. If lane
markings only satisfy one of the restraints above, as two blues lines in Figure 3.17, that is

the normal situation without lane departure.

As talked above, there is supposed be only one ”moving towards middle” lane marking in
a lane departure situation, which is either the left lane marking or the right lane marking. If
the left and right lane markings are both "moving towards middle”, that is mostly because
the lane is getting narrow, or the ROI is not set to an adaptable size for real scenario.
Hence two "moving towards middle” lane markings should be taken as a non-departure
situation. Experimentally, as shown in Figure 3.16, the car is departing from one lane to

another, starting from top left picture, then top right, then bottom left and at last driving
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on a new lane in bottom right picture. Green lines indicate normal lane markings while
purple lines indicate "moving to middle” lane markings. When a lane departure happens,

a warning message is responsively written on image.

1 i T 2 T I T
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3 | 5 B
| | I

| | | |

(m,n) I I Pty |
] | I

| [

| I

| |

| |

| | I

| |

I

| I

1

Middle line
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W

Figure 3.17: The proposed LDW method: Two blue lines within the ROI are normal lane markings
which only have Pt located between % * W and % x W for each line. The purple line in the middle is a
"moving-to-middle” lane marking with both Pty and Pt; between % * W and % * W, which leads to a lane

departure.
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Chapter 4

Experimental Results

This chapter is organized in 6 sections, which covers the experimental platform, experiment
overview and all the relevant performance evaluation. Emphasis will be laid on Section
4.3, 4.4, 4.5 and 4.6 for presenting the performance evaluation on the proposed simpli-
fied module, comprehensive module, recognition method and different edge segmentation

methods.

4.1 Experimental Platform

Both comprehensive and simplified modules are implemented with OpenCV library and
C++, under the environment of Windows, using Intel core i3 CPU and 4G RAM. The

testbed used for experiment is shown as in Figure 4.1

4.1.1 Point Gray Flea®3 Camera System

The video sensing system that we use to collect video data is The Point Gray Flea®?3
camera FL3-U3-13S52C-CS, which is equipped with 5.8mm — 58mm zoom lenses. We used
this camera system because it offers a variety of CMOS image sensors in ultra-compact
package. The camera allows some image processing features including gamma correction

and color interpolation. Also, it provides other appealing functions such as on-camera
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Figure 4.1: The Testbed used to test our system

power, temperature monitoring, in-field adaptable firmware, and a 32 megabytes frame

buffer. Camera features are detailed as in Tables 4.1 and 4.2:

Table 4.1: Camera Parameters

Camera attribute Camera parameters
Company Point Grey
Model No. FL3-U3-1352C-CS
Image Sensor Sony IMX035 CMOS
Image Sensor Size Diagonal 1/3”, 4.8mm x 3.6mm(H x V)
Unit Size 3.63 um
Maximum Resolution 1328 x 1048 at 120fps
Interface USB 3.0
Image Buffer 32 MB frame buffer
Flash Memory 1MB

Most importantly, the camera system provides a software library (FlyCapture SDK)
compatible with both Windows and Linux. Thanks to an interface to control all Point
Grey digital vision devices, a synchronization between the cameras and the computer can
be assured for the sake of real-time performance. Furthermore, we used a CS mount type
which fits the Flea3 requirements. The two varifocal cameras with bmm — 50mm focal

length range provides the ability to adjust the FOV / zoom level of the camera.
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Table 4.2: Lens Parameters

Lens Attribute Lens Parameters
Company Edmund Optics
Model No. #55-256
Focal Length (Mm) 5.0 - 50.0
Maximum Camera Sensor Format 1/3”
Aperture (F/#) F1.3 - 16C
FOV, For 1/3” Sensor 51.8 - 5.6
Working Distance (Mm) 800
Mount Cs-Mount

By using the method proposed in [128], the cameras and lenses are calibrated correctly
to work well with our system. The on-board camera is fixed at a height 1.3meters above
the ground and in the front of our experimental car. The frame rate of our videos is 25 fps.
Since the frame size has a grate impact on the total speed of the system, the image is

resized to 640 x 480 after being captured from cameras, for real time speed.

4.1.2 Real-life Video Collection

For generality, we consider both day and night situations. Four videos were taken from
highway and urban roads in Ottawa during daytime, and two videos from urban area of
Ottawa at night. These videos represent common scenarios with different weathers, road

surfaces, lightening condition, and traffic density, which people might encounter in real life.

(Tables 4.3 and 4.4).

4.2 Experiment Overview

With different segmentation approaches, the difference of comprehensive and simplified

module mainly exists in lane detection and tracking (LDT) performance. Therefore the
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Table 4.4: Night-scene Video Clips for testing

Clip #5 Clip #6
Location Urban Urban
Traffic condition Heavy Medium
Road surface Normal Smooth Normal Rough
Frame NO. 1200 1043
Frame speed 241ps 241ps
Lane markings/frame 2 2orl
Line type Dash White Dash White and Solid Yellow
Number of frames containing departure 63 D7

evaluation on LDT performance has to be divided into two parts, for simplified and com-

prehensive module respectively.

Although the proposed lane marking recognition (LMR) and departure warning (LDW)
scheme is primarily based on the lane detection results, it is still reasonable to say, correct
detection does not guarantee correct recognition, especially for the case of a simplified LDT
module without recognition (Section 4.3, as the system proposed in [78]). Thus it is better
to separately evaluate the LDT, LMR and LDW performance. When calculating the DR
(correct detection rate for lane detection), colours and shapes of lane markings as well as
lane departure are not considered. The only thing which contributes to DR is the fitness

of detected lane marking to ground truth.

By exploring the literature, the tabularly comparative evaluation is used as the conven-
tional evaluation method for LDT performance. Ground truth is either hand-annotated
on each frame or determined by visual inspection, as performed in [13], [106], [98] and [34].
Researchers usually qualitatively judge if the result fits well with ground truth for each

frame or not.

In this case, tabularly comparative evaluation is employed for LDT performance of
both modules, as well as the comparison of different edge detection methods (Section 4.5).

Also as an essential part of the comprehensive module, the LMR and LDW performances
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are also evaluated in this way (Section 4.6). Also, to comprehensively assess the goodness
of LDT performance, two novel evaluation methods have been proposed aiming at the
stability, accuracy and probability distribution of detection results. As a part of the LDT
performance evaluation for comprehensive module, these two methods will be introduced

in Section 4.4.2. The experiment stage will be organized as following:

LDT Performance of Simplified Module (Section 4.3).

LDT Performance of Comprehensive Module (Section 4.4).

Edge Detection Performance (Section 4.5).

LMR and LDW Performance (Section 4.6).

4.3 LDT Performance of Simplified Module

In this part, tabularly comparative experiments are performed to evaluate the efficiency
and accuracy of simplified module. Figure 4.3 shows some frames with correct detection of
lane markings. These pictures show that our proposed simplified module based on MSER
segmentation and refinement performs well in different real scenarios. Apparently we can
see from Figure 4.2, that the detection results of simplified module (Figure 4.2(i)) keeps
desired details (lane marking areas) and removes some noises (cars, trees, curbs), while
compared to results based on edge segmentation (Figure 4.2(c)) and MSER segmentation

without refinement (Figure 4.2(f)).

The evaluation of each method is performed using some performance metrics. As
introduced in Section 4.2, DR is one of the metrics that used for representing detection
rate. Additionally, two metrics are used: False Positive rate (FPR) and False Negative rate
(FNR). False Positive (FP) and False Negative (FN) considers the presence or absence of
lane markings. FPR refers to the probability of falsely selecting a given object or contours
such as vehicles, curbs of road, trees or electric poles, as a lane marking. On the other
hand, FNR refers to the situation when a lane marking is falsely rejected by the detection

method.
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Figure 4.2: Comparison of Edge-based, MSER-based and the proposed simplified module. Images (a), (d)
and (g) represent the same frame taken from Clip #1. (b), (e) and (h) are the results of edge segmentation,
MSER segmentation and simplified module, respectively. Images (c), (f) and (i) are the results obtained
after applying PPHT on (b), (e) and (h), respectively.

(d)

(h)

Figure 4.3: Correct detection in simplified module: (a) urban area: curvy lane marking occluded with
vehicles; (b) urban area: single lane marking; (c¢) urban area: heavy traffic with strong lightening; (d)
urban area: medium traffic; (e) urban area: medium traffic, strong sunlight, rough and shadowy road;
(f) urban area: rough road with heavy traffic, cloudy weather; (g) highway: slope and curvy lane; (h)
highway: different background brightness on road, heavy traffic.
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4.3.1 Comparative Performance Evaluation (Simplified Module)

Three methods are implemented and included in Tables 4.6 and 4.5 for comparative eval-
uation, method (a), method (b) and the proposed simplified module referred as (¢). The
method (a) uses edge-segmentation based on Sobel algorithm (for the reason explained in
Section 4.5), followed by PPHT to detect lane markings. Whereas the method (b) uses
MSER segmentation without refinement, followed by PPHT. The reason behind this choice
is to show the accuracy and efficiency of our simplified module (¢) (which refines method
(b)) against edge-based segmentation and MSER-based segmentation without refinement.
Admitting the drawbacks of the proposed simplified module (method (c)), some images
with detection failure have been presented in Figure 4.4, also serve as a demonstration

about the FP and FN results.

(d)

(h)

Figure 4.4: Examples of False Positive and False Negative results of simplified module: (b) and (e) show
the false positive results as well as correct detection; (a) and (f) show the false negative results for one
lane marking while the other one being correctly detected; (c), (d), (g) and (h) show the false negative

results for both left and right lane markings as well as some false positive results.

Different experimental results are presented in Tables 4.6 and 4.5 for day and night time,
respectively. We can see from Table 4.6 that MSER-based segmentation (b) performs
better than edge-based segmentation (a) for the most of time, especially for Clip #4,
which represents a common situation in urban area. In Clip #4, method (b) increases the

detection rate from 77% of method (a) to 95.8%, which dramatically decreases the FNR
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Table 4.5: Comparative performance evaluation for simplified module at night
Clip #5 Clip #6

DR | FPR | FNR | DR | FPR | FNR
(a) | 57.8% | 1% |42.2% | 64.1% | 0 | 35.9%
(b) | 74% | 14.8% | 26% | 80.6% | 9.7% | 19.4%
(c) | 77.6% | 71% | 224 | 83.3% | 4.5% | 16.7%

from 23% to 4.2%. Unfortunately, method (b) possesses some instability when it comes to
other clips (having a FPR of 30.4% and FNR of 5.1%). In order to eliminate the instability
of MSER segmentation, method (¢) can be used to effectively refine the results of method
(b). Method (c) increases the detection rate by nearly 10% for Clip #2 and Clip #3,
compared to method (b). Further more, method (¢) decreases FPR and FNR for all four

video clips.

It is shown in Table 4.5 that, in spite of highest FNR and lowest DR, edge-based
segmentation (method (a)) has much lower FPR than other two methods (only 1% and
0%). This is mainly because weak lightening at night makes the noisy edges less visible.
Besides FPR, MSER segmentation performs significantly better than edge segmentation
during night time, and method (c¢) refines the results of MSER segmentation. Also it is
noticeable that, as a result of poor lightening in night time and unpredictable lightening
interference of cars, lane detection system may perform worse than it does in daytime,
which is reflected experimentally in Table 4.5 and Figures 4.4(f),(g) and (h). We find out
that, during night time, the successfulness of LDT scheme in simplified module mainly

depends on the traffic density and sometimes on lightening system on the road.

4.4 LDT Performance of Comprehensive Module

In this part, it is necessary to compare between different forms of Hough transform (HT),
which is known as the most common detection algorithm of all the existing LDT sys-

tems. Standard Hough transform (SHT) is mostly used by researchers and has presented
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very good performance experimentally, as shown in [34] and [13]. Different from SHT,
Probabilistic Hough Transform (PHT) rarely draws the attention (only used by Hota in
[49]). As introduced previously, this comprehensive module uses an improvement of PHT
which is called progressive probabilistic Hough transform (PPHT) as the core detection
algorithm, followed by a tracking stage with Kalman filter (KF) and a novel refinement
scheme composed of ATSL and TRM. Hence in this part, for the performance evaluation
and comparison on LDT performance, three methods which need to be compared are or-
ganized as following:

Method (a): SHT + KF (as in [34] and [13])

Method (b): PHT + KF (different from [49], which uses PHT as well)

Method (c¢): PPHT + ATSL + TRM + KF (proposed comprehensive module)

Similar to the simplified module, two other methods are considered besides of the
comprehensive module. The first method (referred as method (a)) uses Hough transform
as the core method of lane marking detection. For instance, in [34], Cualain et al. present
a method in the Hough transform domain for lane marking modelling based on subtractive
clustering and Kalman filtering. Whereas the second method (referred as method (b)) uses
the PHT algorithm as the core detection method. Taking the method proposed in [49]
as an example, with the help of PHT, Hota et al. developed an agglomerative clustering

algorithm based on the Y-intersects of each detected lines.

Both of methods (a) and (c) use Kalman filter for the tracking stage. Therefore different
from [49] which uses a least square regression for the refinement of PHT, we implemented
Kalman filter in method (b) for the sake of consistency. The reason behind this choice, is to
show the performance of the comprehensive module against SHT and PHT. Our detection

and tracking scheme is referred as method (c).

As mentioned in Section 4.2, the experiments for the LDT performance of comprehen-
sive module are conducted in three different ways: the tabularly comparative evaluation
and two proposed evaluation scheme, namely as point clustering comparison and pdf anal-

ysis, which will be introduced in Section 4.4.2 and 4.4.2, respectively.

In Figure 4.5, we show some images of correct lane detection using the comprehensive
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Figure 4.5: Tmages of correct LDT results of the comprehensive module

module. In addition, we also consider the false positive and false negative results of the
comprehensive module, which are defined the same way as in Section 4.3. As in Figure
4.6, examples of the LDT failures of comprehensive module are shown, as well as the LMR

failure (which will be talked about in Section 4.6).

4.4.1 Comparative Performance Evaluation (Comprehensive Mod-

ule)

For this part, same matrices are used as for the simplified module (Section 4.3). Also we
have different experimental results (DR, FPR and FNR of each method) presented in Table
4.7 and Table 4.8, for day and night respectively. As seen from Table 4.7, the detection
rate of method (a) is mostly lower than those of method (b) and our proposed method
(¢). The only exception is for Clip #2, which represents scenarios with unusually ideal
conditions, i.e., smooth and flat road with ideal lighting conditions. Clip #2 only brings a
slight advantage in the favor of method (a) (only 5.3% greater than method (b)), while in
the other three scenarios, PHT (method (b) seems to have better performance than SHT
(method (a)). This can be related to the evidence on PHT works better than SHT for

Lane Detection.
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Figure 4.6: The left column shows false positive and false negative detection. The middle column shows
false negative recognition for solid lines and false positive recognition for dashed lines (erroneously recognize
solid as dashed line). The right column shows false negative detection and one erroneous recognition

(recognize dashed line as solid).

For the other three scenarios, our proposed module seems to perform better than
method (a) and method (b). Moreover, it can be seen from Table 4.7 that the use of
TRM-ATSL (method (c)) significantly improves the detection rate compared to Hough
transorm-KF without ATSL and TRM. The proposed comprehensive module with TRM-
ATSL effectively improves the detection performance and decreases the false positive rate

for all scenarios.

When it comes to night scenes, the proposed comprehensive module (c¢) reaches a
detection rate of 98% for Clip #6, 7.6% higher than method (¢) for Clip #5 (Table 4.8).
This is due to the severe lightening interference at night brought by heavy traffic. Besides,
Clip #6 contains solid lines and dashed lines, while Clip #5 contains only dashed lines.
As a result of poor lightening, dashed lines are harder to be detected than solid lines. At
night, lane detection rate is mainly affected by traffic density and the type of markings,
and is also slightly affected by the roughness of the road.
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Table 4.8: Comparative performance evaluation for comprehensive module at night
Clip #5 Clip #6

DR | FPR | FNR | DR | FPR | FNR
(a) | 84.7% | 17.8% | 15.3% | 90% | 7% | 10%
() | 86% | 10% | 14% | 96.8% | 6.2% | 3.2%
(c) | 904% | 8% | 9.6% | 98% | 2% | 2%

4.4.2 New Methods of LDT Performance Evaluation

Apart from the conventional comparative evaluation, this thesis also proposed new exper-
imental methods aiming to evaluate the LDT performance of the comprehensive module,
which consists of two parts: 1) Point Clustering Comparison (Section 4.4.2) and 2) PDF

analysis of Lane Detection (Section 4.4.2).

Point Clustering Comparison

This comparison needs be done based on the spatial distribution of end-points of both left
and right markings. Ideally, we assume the LDT results and the testing environment are
absolutely ideal (the camera is set to be stable and the road is perfectly smooth and flat).
Based on this assumption, the detected left and right lane markings should almost keep still
constantly without lane departure (which means driving without switching lanes or lateral
offset). This yields, if we collect the ending points of left and right lane markings and draw
the sparsity of these four points with MATLAB, there should be four point clusters which

are extremely converged.

Furtherly Considering that the output of TRM and tracking stage is the starting and
ending points of lane markings (Section 3.2.3 and 3.3.2), those 4 point-clusters drawn by
MATLAB (starting and ending points of every detected lane markings) are expected to
converge around 4 points. In this case, the three LDT approach introduced in Section
4.4, methods (a), (b) and (c) need to be performed on the same ideal clip. We collect the

coordinates of all starting and ending points of detected lane markings. By taking the
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abscissa as X coordinates and ordinates as Y coordinates of those points, those points are

drawn with MATLAB.

By comparing the sparsity of point clusters obtained with respect to the same video clip,
we can tell which method has better convergence, as to say better stability. Because Clip
#3 and Clip #4 represent common situations in highway and urban area respectively, for
generality, we use fractions of both clips which do not contain the cases of lane departures
and steep roads, and draw the point-cluster distribution of methods (a), (b) and (c).(as

shown in Figure 4.7 and Figure 4.8)
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Figure 4.7: Cluster Comparison for Clip #3: We take abscissa as X coordinates and ordinate as Y

coordinates of each detected point
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Figure 4.8: Cluster Comparison for Clip #4: We take abscissa as X coordinates and ordinate as Y

coordinates of each detected point

As we can see from the clusters of Figures 4.7 and 4.8, the four detected end-points do
not vary too much on ordinate. This is because we truncate every detected lane marking
in the direction of Y-axis, with the height of region of interest in order to avoid having
intersection of two lane markings. Also since the direction of y-axis in MATLAB is opposite
to the y-axis in C++ (Opencv), we use (-ordinates) of detected points to indicate the

accordant point clusters with C++ in the frames.

It is shown from Figures 4.7 and 4.8, that point clusters of method (b) converge better
than method (a); method (c¢) obviously converge better than those of methods (b) and (a),
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respectively. This proves that method (c¢) has the best stability, followed by (b) and (a),
respectively, which indicates the advantage of proposed comprehensive module against the

other two.

PDF Analysis of Lane Detection

Recalling the use of Kalman filter in Section 3.3.2, LDT system as proposed in the com-
prehensive module can be considered as a Gaussian stochastic process. Based on this fact,
we can analyse the LDT performance from the perspective of stochastic model (as men-
tioned previously in Section 3.3.2), which involves the analysis of the Probability Density
Function (PDF) of detection and tracking. The LDT system with the best similarity to

Gaussian distribution can be considered as the best of all method candidates.

Referring to the spatial distribution of points in Figures 4.7 and Figure 4.8, position of
starting and ending points do not vary too much on ordinate (in the direction of y-axis).
Hence, the analysis of probability distribution can be only focused on the x-coordinates
with respect to both ends of lane markings, which are detected by method (a), method (b)
and method (c) (same methods defined as Section 4.4).

Likewise, similar to Point Clustering Comparison (Section 4.4.2), we use video clips
without lane-departure, curve lanes, lane switching or ups and downs on road. Figure 4.9
shows the different experimental results on Clip #4, while Figure 4.10 shows the results on
Clip #6. Figure 4.9 and Figure 4.10 represent two lane markings (with both ends of Pt and
Pt as introduced in Section 3.3.2) on urban roads in daytime and one lane marking (with
also Pty and Pty in Section 3.3.2) on urban roads at night, respectively. Ideally without
any outliers, LDT systems should present smooth curves of strictly Gaussian distribution
for each of four points (starting and ending points of right and left lane markings), which
makes every curve only has four peaks (different positions of four points). However, as
shown in Figure 4.9 and Figure 4.10, outliers sometimes result in more than four peaks in

real scenarios, which can be described as Mix-Gaussian distribution.

Seeing from Figure 4.9 and Figure 4.10, high peaks always refer to the stablest positions

of detected points, while some short peaks exist as unwanted outliers which inevitably
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Figure 4.9: PDF of two-lane-marking detection results in daytime (urban roads): 1.) Method (¢) has
the best similarity to Gaussian distribution and highest peaks for all four positions (left Pt;, Pty and right
Pty, Ptp), hence it has the best accuracy and stability; 2.) Method (c¢) has the most smooth curves and
removes severe outliers (short peaks) of Method (a) and Method (b); 3.) Method (b) relatively performs
better than Method (a)
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Figure 4.10: PDF of one-lane-marking detection results at night (urban roads): 1.) Method (c) has the
best similarity to Gaussian distribution and highest peaks for both two positions (Pt; and Pty of lane
marking), hence it has the best accuracy and stability; 2.) Method (¢) has the most smooth curves and
removes severe outliers (short peaks) of Method (a) and Method (b); 3.) Method (b) relatively performs
better than Method (a))
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increases false positive detection. For the PDF curves, higher and narrower peaks means
better stability while fewer outliers means better accuracy. Accordingly, some conclusions
can be drawn from the pdf analysis of three different LDT systems (methods (a), (b) and
(¢)). As shown in Figure 4.9 and Figure 4.10, the pdf of method (¢) is the most similar
to Gaussian distribution. Hence method (¢) has the best stability and accuracy of all,
and method (b) with PHT has better performance than method (a) with SHT. This is in

accordance with the results of point clustering comparison (Section 4.4.2).

Especially seeing from Figure 4.10, blue line (method (a)) has severe outliers (short
peaks), while green line (method (b)) eliminates these outliers to some extent, but still
has some bumps and not similar to Gaussian distribution. As a result of the proposed
comprehensive module, the red line (method (c¢)) has the best convergence and remove
outliers, appearing as extremely close to Gaussian distribution. This proves the advantage
of the detection and tracking scheme in this thesis, as well as the rationality and necessity

of using Kalman filter as the tracking algorithm for LDT system.

Nevertheless, in some complex scenarios (or non-linear dynamic systems), the detection
and tracking results of lane markings may not comply with Gaussian distribution, some-
times featuring as a namely Mix-Gaussian distribution which has more than one peaks. For
instance, Extended Kalman filter (EKF) is required for tracking stage of the LDT system
in [112], which presents a non-Gaussian distribution. For that case, the PDF analysis need

to be adjusted in favour of other probability distributions.

4.5 Edge Detection Performance

Edge detection is an essential part of the proposed comprehensive module, also known as
one of the most popular segmentation method for computer vision systems. In attempt
to choose the most suitable edge detection algorithm for our case, we compared the Sobel
algorithm with other edge detectors such as Canny, Prewitt and Robert. The results
of comparative evaluation and PDF analysis are shown as in Table 4.9 and Figure 4.5,

respectively. Different edge segmentation algorithms are applied on 300 frames (part of
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a video clip taken from Ottawa). After segmentation, we only use PPHT to detect lane
markings, without tracking and any other refinement steps. There are 600 lane markings

to be detected for these 300 frames.

Table 4.9: Comparison of different edge segmentation methods

Processing time / frame | Detected lane markings | TPR | FPR

Robert 26 ms 582 66% | 31%
Canny 94.5 ms 788 8% | 44%
Prewitt 48.3 ms 812 90% | 45%
Sobel 32.3 ms 609 92% | 9.5%

Table 4.9 proves that Canny is not suitable for lane detection, with a False Positive Rate
(FPR) of 44% and consumes much more time than other methods (94.5ms). Conversely,
Sobel performs the best comprehensively of all four methods. Also by comparing the
probability density function (PDF) of four algorithms, it is obvious to see from Figure 4.5
that, Canny does not have strong confidence for a center value (a converged and relatively
higher peak than other values in the pdf curve); contrarily, Sobel presents the best stability
(thinner and higher peaks) and accuracy (fewest short peaks, which are due to outliers)
of all four methods. The results make it reasonable to use Sobel as the edge detector for
comprehensive module, as well as the representation of edge segmentation in comparison

with MSER segmentation for the experiment (as explained in Section 4.3).

4.6 LMR and LDW Performance

Similar to the comparative performance evaluation performed on LDT, we also use hand-
label method to qualitatively judge the correct recognition of nature of lane markings
(colour and shape) and the presence of lane departure, as well as false positive (FP) and
false negative (FN) results. RR, FPR and FNR stand for Recognition Rate, False Positive
Rate and False Negative Rate respectively. The definition of false positive (FP) and false

negative (FN) results in LMR system has some extensions while still considering FP and
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Figure 4.11: PDF Analysis of Different Segmentation Methods. The sobel algorithm (green line) con-
verges best of all, so that has the best detection accuracy; and because of having fewest outliers, Sobel

(green line) has the lowest false positive rate.

FN of LDT system: The first type of FP and FN is defined same way as LDT,

which are explained in Section 4.3.

o FP refers to lines falsely selected as lane markings, which may result from a given

object or contours such as vehicles, curbs of road, trees or electric poles;

e FN refers to the situation when a lane marking is falsely rejected by the system.

The second type of FP and FN is defined as follows:

e A solid line being incorrectly recognized as a dashed line gives one FP score to dash

recognition and one FN score to solid recognition;

e For the situation where a dashed line being recognized as solid line, it gives one FP

score to solid line and one FN score to dashed line.

e Similar to solid and dashed lines, white and yellow lines being erroneously recognized

as each other also give FP and FN scores the same way above
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(a) (b) (c)

(d) (e)

Figure 4.12: Correct LMR results in different scenarios: (a) strong sunlight, medium traffic and lane
markings occluded with shadows in front (highway); (b) heavy traffic and strong lightening at night (urban
area); (c) strong sunlight and smooth road surface (highway); (d) single lane marking occluded with vehicle
in cloudy weather (urban area); (e) medium traffic and strong lightening at night (urban area); (f) slope

and curvy road with rough surface (highway)

Figure 4.12 has shown the sample frames with correct recognition of lane markings.
Figure 4.12(a) shows the scene where lane markings occluded with shadows, strong sunlight
and normal traffic on highway; Figure 4.12(b)and Figure 4.12(e) shows the night-scene with
normal and very heavy traffic in urban area, with strong lightening interference; Figure
4.12(c)shows the results of strong sunlight and smooth road surface on highway; Figure
4.12(d) and Figure 4.12(f) both show the cloudy scene, where we do not have enough
lightening to distinguish the lane markings with road surface. Figure 4.12(d) has single
lane markings with a small curvature occluded with vehicle in urban area and Figure
4.12(f) shows the result we having very curvy lane markings and very rough road surface
on highway. These pictures show that our proposed LMR method performs well in real
scenario. Table 4.10 and Table 4.11 show the daytime and nighttime results of LMR and
LDW, in terms of the recognition rate (RR), false positive rate (FPR) and false negative

rate (FNR). Same video clips as described in Section 4.1.2 are used for testing.
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Table 4.11: Comparative evaluation on LMR and LDW performance (Night)

Clip #5 Clip #6
RR | FPR | FNR | RR | FPR | FNR
Solid N/A | N/A | N/A | 95.3% | 3.2% | 4.7%
Dashed 89.7% | 8% |10.3% | 9% | 4.7% 3%
Yellow N/A | N/A | N/A | 76.8% | 12.7% | 23.2%
White 84.4% | 8% | 15.6% | 90.3% | 33.7% | 9.7%
Lane Departure | 100% 0 0 100% 0 0

Also seeing from Table 4.10, the proposed Lane Recognition and Departure Warning
method presents good performance in daytime. As we can see, recognition performs best in
sunny and highway scenario (e.g. 97% and 94.7% for solid and dashed lines respectively in
Clip #3, 99.8% in Clip #2), it is because highways are usually better constructed and have
relatively less traffic density than urban roads. Especially when it comes to lane marking
shapes, with the proposed method, solid lines are easier to be detected, which leads to
relatively high recognition rate (RR) as well as false positive rate (FPR); while dashed
lines are harder to be recognized because of less lane-pixels available. Erosion of the road
surface or strong shadows may cause solid lines to be erroneously recognized as dashed; on
the other hand, there also might be problems when driving very fast on a road with rough
stains between dashes, which actually happens very often in real life. For different colours
of lane markings, it can be found that, in some situations with poor lightening, yellow
lines are easier to be recognized as white lines because of the weak contrast. This leads
to the recognition of white line overwhelms yellow line in Clip #4 (with the RR of 100%
and 95.6% respectively for white and yellow), which is of cloudy weather and rough road
surface. In this case, thanks to weak sunlight and front lights of vehicles, lane markings
(no matter yellow or white lines) can be clearly reflected on roads. Both of white and

yellow lines are clearly contrasted to road surface while not to each other.

Similar to the problems encountered in Clip #4, Clip #5 and Clip #6 have night scenes
with darkness and interference from front lights of cars, which usually leads to inaccurate

recognition. Lane departure works well with most scenarios except Clip #1, which is with
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Figure 4.13: A sequence of images showing the process of lane departure detection and warning (urban

area in Ottawa)

an uncommon situation. Lane departures can be accurately detected and warning messages
are timely delivered as a real-time performance. Surprisingly, the proposed LDW system
can also work in many challenging scenarios such as urban areas and strong sunlight, as

shown in Figure 4.13.

91



Chapter 5

Conclusion and Future Work

5.1 Conclusion

In this thesis, we presented a real-time system which is composed of a comprehensive mod-
ule and a simplified module. The comprehensive module consists of lane detection and
tracking (LDT), lane departure warning (LDW) and lane marking recognition (LMR) sys-
tems; while the simplified module only focuses on LDT system. A lightweight version of
Hough transform (PPHT) is applied for detection stage in the LDT systems of both com-
prehensive and simplified module, followed by a tracking stage implemented with Kalman
filter. Experimental results have shown the evidence of both PPHT and Kalman filter

improve the accuracy and robustness of the LDT systems.

Different from comprehensive module, instead of using segmentation methods based on
edge information, the simplified module employs MSER algorithm for the preprocessing
stage, followed by a proper refinement method. Thus the extracted ROIs after preprocess-
ing stage can be well combined with PPHT and Kalman filter, which produces very good
LDT results.

In the LDT system of comprehensive module, shape and texture information are used,
which increases the detection rate. PPHT works as the core detection algorithm, followed

by a novel refinement stage consisting of Angle Thresholding and Segment Linking (ATSL)
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and Trapezoidal Refinement Method (TRM). TRM constructs one trapezoid for each left
and right lane marking, thus improving the localization of real lane markings. TRM plays
a significant role in the comprehensive module, as it feeds tracking, recognition and lane

departure warning stages by corrected point information.

Based on TRM and on the concentration of pixels in each trapezoid, as an important
contribution of the proposed system, the recognition of the color (yellow or white) and
the shape (dashed or solid) of lane markings performs well in real scenario. Additionally,
we have added a lane departure warning scheme to warn the driver when the vehicle is
switching between lanes, by making use of both ends of each detected lane markings and

splitting ROL.

Several experiments are conducted on highway and downtown area in Ottawa to test the
real-time performance of our system. The detection rate of the simplified module averages
92.7% and exceeds 84.9% in poor conditions, while the detection rate of the comprehensive
module averages 95.9% and exceeds 89.3% in poor conditions. The recognition rate of LMR
system depends on the quality of lane paint and achieves an accuracy of 93.1%. However,
lane markings are not easily recognized in severe conditions. Our future work includes
mainly the improvement of the recognition of pavement marking in severe conditions,

which will be introduced in Section 5.2.

5.2 Future Work

Some future works can be done in order for the improvement and extension of our work.
For some challenging scenarios such as roads without lane markings, the proposed system
still needs to be improved to allow for better performance. It can be done in terms of
camera improvement. As mentioned in [42], interferometric wave radar can be used as a
alternative data collector other than cameras. Additionally, thermal videos or other night

vision cameras can be used to improve the detection rate at night.

As a part of intelligent transportation system (ITS), lane detection and tracking can

be combined with traffic sign detection and road text detection. It can also be integrated
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with wireless sensor networks ([37], [15], [19], [26], [1], [14], [86], [21], [23], [28], [18]) Also
for the better prevention of potential lane departure crash, controllers and relevant control
algorithms for a departure correction mechanism can be added to enable the LDT system

have feedback control.

As an expansion of the LDW system, spacing requirements (as mentioned in [58]) for
lane switching and Merging in Highway Systems can be computed based on the results of
LDT results. Moreover, as proposed in [79], cascaded fuzzy inference system (CFIS) can be
used to develop a car following and collision prevention scheme. Besides, tracking method
of vehicle motion trajectories in [89] can also be employed in favour of the prevention of

potential collision.
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