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Abstract

Advanced Driver Assistance System (ADAS) was widely learned nowadays. As crucial

parts of ADAS, lane markings detection, as well as other objects detection, have become

more popular than before. However, most methods implemented in such areas cannot per-

fectly balance the performance of accuracy versus efficiency, and the mainstream methods

(e.g. Machine Learning) suffer from several limitations which can hardly break the wall

between partial autonomous and fully autonomous driving.

This thesis proposed a real-time lane marking detection framework for ADAS, which in-

cluded 4-extreme points set descriptor and a rule-based cascade classifier. By analyzing

the behavior of lane markings on the road surface, a characteristic of markings was dis-

covered, i.e., standard markings can sustain their shape in the perpendicular plane of the

driving direction. By employing this feature, a 4-extreme points set descriptor was ap-

plied to describe the shape of each marking first. Specifically, after processing Maximally

Stable Extremal Region (MSER) and Hough transforms on a 2-D image, several contours

of interest are obtained. A bounding box, with borders parallel to the image coordinate,

intersected with each contour at 4 points in the edge, which was named 4-extreme points

set. Afterward, to verify consistency of each contour and standard marking, some rules

abstracted from construction manual are employed such as Area Filter, Colour Filter, Rel-

ative Location Filter, Convex Filter, etc.

To reduce the errors caused by changes in driving direction, an enhanced module was

then introduced. By tracking the vanishing point as well as other key points of the road

net, a method for 3-D reconstruction, with respect to the optical axis between vanishing

point and camera center, is possible. The principle of such algorithm was exhibited, and a

description about how to obtain the depth information from this model was also provided.

Among all of these processes, a key-point based classification method is the main contri-

bution of this paper because of its function in eliminating the deformation of the object

caused by inverse perspective mapping.
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Several experiments were conducted in highway and urban roads in Ottawa. The de-

tection rate of the markings by the proposed algorithm reached an average accuracy rate

of 96.77% while F1 Score (harmonic mean of precision and recall) also attained a rate of

90.57%. In summary, the proposed method exhibited a state-of-the-art performance and

represents a significant advancement of understanding.
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Chapter 1

Introduction

Recently, autonomous vehicles(AV) have become a favoured research field. Both the auto-

motive industry and academic interests are enthusiastic about the process of industrializing

the production of autonomous vehicles. Since these technologies were designed to reduce

the fatalities caused by accidents on the road, there have been a few tragedies caused by

the autonomous vehicles itself. However, the general trend and direction towards forward

progress that modem science and technology has applied to our daily lives is overwhelm-

ing. In this context, the only solution for autonomous vehicles with regards to the general

public is to continue studying related technologies in depth thoroughly and steadfastly.

1.1 Background and Problems

According to the SAE internationals J3016 report [1], which was adopted by ONTARIO

REGULATION 306/15 [19] in Canada, there are six levels of autonomous vehicles devel-

opment. As shown in Table 1.1 , it covers a range from no automation (Level 0) to full

automation (Level 5). So far in 2016, most of the major automobile manufacturers have

already achieved Level 1 or Level 2 (e.g. Tesla Model S), which includes technologies like

adaptive forward lighting, parking steering assistant, blind spot monitoring, lane keeping

assist, automatic emergency braking, etc. Levels 1 and 2 automation technologies perform

specific driving tasks and provide warnings in some situations, but the driver retains overall
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Table 1.1: Levels for autonomous vehicles development [1]

Level 5 Full Automation

Level 4 High Automation

Level 3 Conditional Automation

Level 2 Partial Automation

Level 1 Driver Assistance

Level 0 No Automation

responsibility for monitoring the driving environment. In Levels 3, 4, and 5, automation

crosses a critical threshold. At Level 3, Conditional Automation, the vehicle system takes

full-time control in specific modes only, such as highway driving, dedicated autonomous

vehicles lanes, or unobstructed city streets. This means from Level 3, the system should

be designed to responsible for monitoring the driving environment.

AVs are a breed of advanced robots. Technologies like the Internet of Things, Big Data,

and machine learning can be merged together under this topic. The capabilities of both the

sensors and the data processing by the control units are continually growing, and highly

advanced software is used to analyze this information in fractions of a second. In the future,

passenger cars and commercial vehicles will have a complete image of the surroundings in

real time.

Figure 1.1: ADAS by Radars [3]
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Radar sensors that are usually located in the front and rear of the vehicle can detect other

vehicles and obstacles. The rear sensor detects traffic approaching from behind and vehicles

that are overtaking. The traffic in front is monitored by long range radar. The short-range

radar surveys the vehicle’s immediate surroundings.

Figure 1.2: ADAS by Cameras [3]

Cameras are used, for instance, to recognize lane markings, traffic signs, traffic lights, and

other road users.

Figure 1.3: ADAS by Ultrasound Sensors [3]

Ultrasound sensors have been installed in vehicles from the beginning of the Nineties [20],

to help drivers maneuver into parking spaces. Since then, their range of functions has
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increased markedly. They can measure parking spaces while the vehicle is in motion, and

detect vehicles driving in an adjacent lane.

In the past, radar, cameras, and ultrasound sensors were used for separate functions, but

now all the relevant data can be linked intelligently and simultaneously by sensor fusion.

This is what makes automated driving possible in the first place.

Figure 1.4: Autonomous vehicle integrated with sensors [4]

Better sensors are crucial for the success of fully autonomous vehicles. Advanced image

sensors could reduce the dependence of autonomous vehicles on costly 3D LiDAR systems.

Better image sensors could reduce the number of lasers within the rotating LiDAR systems.

Googles current LiDAR sensors currently contain 64 lasers. However, it is unlikely that
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fully autonomous vehicles operating in urban contexts will be able to operate without any

LiDAR sensors within the next few years.

There are two types of manufactures who are entering the autonomous vehicles market.

On one hand, traditional automakers like Mercedes-Benz or General Motors choose to

add driver assistance features to their existing fleets gradually, until eventually, their cars

achieve high or full automation (Level 4 and above). Meanwhile high-tech companies, like

Google or Uber, aim to design, test and sell fully automated vehicles from the very begin-

ning.

As is shown in Table 1.2 , players in this specific market are demonstrating a commitment

to release their level 4 autonomous car around 2020. A great deal of technical progress has

been occurred as a result of the catfish effect produced by industry leaders such as Google

Auto and Tesla Motors. The establishment of a production chain stretching through the

automaker, Tier 1 supplier, on-board diagnostics (OBD) and embedded OS vendor, and

semiconductor supplier, as well as the involvement of various government departments at

all levels has produced an environment ready for the development of a new generation of au-

tonomous vehicles. Although proposed solutions are diverse for each company or alliance,

a common denominator can still be found amongst all solutions. For instance, an indepen-

dent environment awareness system including LiDAR, camera, and millimeter wave radar

is a basic necessity. A high definition three-dimensional map is a helpful supplement. Also,

Vehicle to Vehicle communication, Vehicle to Infrastructure communication, and even Ve-

hicle to Pedestrian or Vehicle to Cyclists communication have been introduced to improve

accuracy and expand for highly scalable ITS (intelligent transportation system)-inspired

applications.
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Table 1.3: Autonomous Car Developing Schedule 2

Factory Reference
Partial Automation

Release Year

Full Automation

Release Year

GM [21] [22] 2015 2020

Ford [23] [24] 2021

Daimler AG [25] [26] 2015 2025

Volkswagen Group [27] [28] [29] [30] 2017

BMW [31] 2020

VOLVO [32] [33] 2017

F.I.A.T

PSA Peugeot Citron [34] [35] [36] 2020 2021

Renault-Nissan Alliance [37] [38] [39] 2018 2020

Toyota [40] 2020

Honda [41] [42] 2020

MITSUBISHI [43] [44] 2020

MAZDA

SUBARU [45] 2020

Hyundai [46] [47] [48] 2020 2030

TESLA [49] 2015 2020

GOOGLE [50] 2020

APPLE

UBER [51] 2030

FAW Group Corporation [52]

BAIDU [53] 2018
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1.2 Motivation and Contribution

Human error when changing lanes on the road results in thousands of deaths every year

[54]. Due to the divergent directions that autonomous vehicles technology has developed,

multiple choices are provided by the market for sensors mounted on the vehicle. As is

shown in Table 1.2, LiDAR, Radar and Camera are supposed to be the core components

of ADAS by different manufactories respectively. However, camera was used by all of them

since camera image can provides the highest resolution among all [55]. The most critical

high-cost component among all is the LiDAR, a specialized remote sensor. According to

Berman’s [56] research, LiDARs have dropped in price by a factor of 10 since their 2007

introduction. Although the current price of $8,000 for a small-scale LiDAR will drop even

more as autonomous vehicles proliferate, its price is still too high to afford for working

families. As a result, if features of road lanes can be extracted based on the images cap-

tured by camera sensor independently without the use of LiDAR, the adoption rate for

autonomous vehicles can be dramatically increased. However, the existing technologies and

state-of-the-practice in this field suffer from some major drawbacks, including difficulty dif-

ferentiating colours and shapes, especially in complex situations or low-light scenarios.

Camera and LiDAR Image Radar Image [55]

Figure 1.5: Comparison of Camera, LiDAR, Radar Image

In response to such significant problems, a large amount of research regarding combined

multimedia mobile application and vehicle network has been produced like ([57], [58], [59],

8



[60], [61], [62], [63], [64], [65], [66], [67], [68]). One simulation projects that ”cooperative

adaptive cruise control (CACC)” (that uses vehicle-to-vehicle communication) deployed at

10 percent, 50 percent, and 90 percent market penetration levels will increase lanes effec-

tive capacities by around 1 percent, 21 percent, and 80 percent, respectively [69].

As a significant factor of the self-driving system, ”driver situational awareness” requires

a capability of real-time processing and reacting to the objects appearing on the road

captured by the sensor and the on-vehicle computer system. During this process, the

emerging consensus is that LiDAR is good at depth information extraction (3-D moving

objects) while cameras are much more efficient in pattern or light recognition (2-D stable

objects).

In this thesis, we discuss a new method of road marking recognition using cameras with

considerable low computation cost. Moreover, we have analyzed the feasibility of replace-

ment of LiDAR sensor, and providing a more extensible solution of the self-driving system.

Especially considering the fact that, comparing with LiDAR, the camera has competi-

tive advantages not only in cost but also relies less on traditional mechanical structures.

Specifically, my main contribution include:

• Introduction of MSER in line detection process;

• Development of a new method to scan the contours produced by MSER and collect

exactly the edge points of non-ordered points set;

• Development of a new method to judge the shape of road lines;

• Development of a new method to judge the color of road lines dynamically despite

illumination effect;

• Development of a new method to extract the feature of patterns on road surface like

arrows and diamond;

• Analysis of the feasibility of using monocular vision system to obtain depth informa-

tion without a high computation cost in the scenario of roads

9



1.3 Thesis Outline

The contents of this thesis are organized in the following chapters:

In Chapter 2, a literature review of ADAS, particularly the research method of lane marking

detection in recent decades was cited following a common process including pre-processing,

object detection, object recognition, and tracking. As the focus of proposed work is about

innovation of descriptor and classifier in image processing, these two subjects constitute a

large proportion of this chapter.

In Chapter 3, an MSER-based high-efficiency integrated solution was denoted. The main

idea of the proposed method includes a creative descriptor of the 4 extreme points set and

a rule-based cascaded classifier. Part of our previous work in line detection and recogni-

tion, has been included in the frame of the whole system. A vanishing-point-tracking based

environment sensing module has been discussed to eliminate the error caused by instability

of ego vehicle’s direction and provide a direction of the road network to calibrate the whole

process in the end. A Kalman filter was utilized for tracking key points in this stage.

Chapter 4 presents the methodology and results of experiments conducted using a platform

including a laptop and Digital Video Recorder mounted on the vehicle. Ten clips of real

life videos (including 32452 frames) have been collected around the City of Ottawa. The

program built with VC++ and QT was run on the laptop and gave feedback to the drivers

in real time. After each road test, both video records and logs were stored. Then a stan-

dard discriminant rules including True Positive Rate (TPR), Specificity (SPC), F-score,

etc. was implemented on these experiment data to compare with other researchers’ work.

In Chapter 5, a summary of the proposed algorithm as well as an analysis of advan-

tages and disadvantages of this experiment was listed. In the meantime, some possible

improvements and methods of enhancement were discussed in the future work.

10



Chapter 2

Related Work

To explore a better method for road marking detection, it is necessary to review the

research in this field since the very beginning. After a comparison and analysis of the

content among 81 research papers, it became clear that most studies followed four steps:

pre-processing, detection, recognition and tracking. As is introduced by Gonzalez [70] since

1970s, pre-processing methods, such as intensity transformations and spatial filtering as

well as frequency filtering, are widely used for the purpose of initial image enhancement.

After that, detection (also known as segmentation) is applied to the appropriate extracted

factor. Next, a region extracted in the previous stage would be representing by its exter-

nal characteristics or internal characteristics using the corresponding feature descriptor.

Object recognition techniques including quantitative descriptor matching and symbolic

information comparison are then implemented. Finally, tracking of objects is utilized to

improve the processing results in a clip of continuous video.

2.1 Preprocessing

In this stage, several powerful classic algorithms were applied by previous researchers.

Among these algorithms, Region of Interest (ROI), image smoothing, binarization, and

vanishing point extraction as well as inverse perspective transform were chosen as the

subject of this review because they are widely used by the references in this field.

11



2.1.1 Region of Interest (ROI)

The extraction of region of interest is an important task in the preprocessing stage, aimed

at reducing the computational cost due to the processing time. It is often unnecessary

to process the entire image. Computation should be focused on regions which contain

important information. Most of the traditional methods are in the frequency domain. As

a result, ROIs are often defined as a belt area in the horizontal direction in [71]. (Shown in

Fig. 2.1) Since spatial domain analysis are popular now with the advancement of computer

processing power, researchers more frequently use a rectangular or triangular area instead.

Figure 2.1: Belt Region of ROI by [5]

By utilizing the latter methods, more detail can be obtained with a holistic perspective. 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. For instance, Lu

[6] used a threshold of average gray value in rows to find the skyline. (Shown in Fig. 2.2)

Otherwise, fixed ROI close to the bottom area are also applied frequently like [7] [72].

(Shown in Fig. 2.3)

2.1.2 Image Smoothing

In signal processing, a filter is a device or process that removes some unwanted compo-

nent or feature from a signal. Filtering is a class of signal processing, the defining feature

of filters being the complete or partial suppression of some aspect of the signal. Most

12



Figure 2.2: ROI under skyline in [6]

Figure 2.3: ROI defined in [7]

13



often, this means removing some frequencies and not others in order to suppress inter-

fering signals and reduce background noise. However, filters do not exclusively act in the

frequency domain; time domain filters also exist, especially in the field of image processing.

Gaussian filter and median filter are two main methods in image processing. Both of

them are often desirable to perform some kind of noise reduction on an image or signal.

Amongst the two methods, gaussian filter is a low-band pass filter functioning in frequency

domain while median filter is replaces each entry with the median of neighboring entries

and works in time domain.

Table 2.1: Original 3×3 Image

1 1 1

1 2 1

1 1 1

Table 2.2: Weight of 3×3 Image

w(1,1) w(1,2) w(1,3)

w(2,1) w(2,2) w(2,3)

w(3,1) w(3,2) w(3,3)

Since the process of weight calculating varies between different filters , the value of middle

point x(2,2) can be calculate by the same linear function with respect of the weight of its

14



neighbour.

V (x, y) =
3∑
i=1

3∑
j=1

x(i,j)w(i,j) (2.1)

Gaussian filter

Gaussian filter, also known as Gaussian smoothing operator in the field of image process-

ing, are used to blur images and removed unwanted noise pixel. Usually these kind of

pixels are described by convolution. Although it is a kind of low pass frequency filter, the

performance is more due to frequency response from noise.

Figure 2.4: Normal Distribution

G(x, y) =
1

2πσ2
e−

x2+y2

2σ2 (2.2)

Assume that σ = 1.5, then a new weight table can be obtained as:

Median filter

In some scenarios, nonlinear digital filtering techniques like median filter are applied. Non-

Gaussian noise cannot be removed but can be reduced by Gaussian filter. These kinds of

15



Figure 2.5: 2D Normal Distribution

Table 2.3: Weight Table by Gaussian Kernal

0.095 0.118 0.095

0.118 0.148 0.118

0.095 0.118 0.095
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noises can be easily handled by median filter.

f(x, y) = med{f(1, 1), f(1, 2) . . . f(n, n)}, n ∈ [1, N ] (2.3)

med{f(1, 1), f(1, 2) . . . f(3, 3)} = 1, then a new weight table can be obtained as:

Table 2.4: Weight Table by Median Kernal

0.111 0.111 0.111

0.111 0.111 0.111

0.111 0.111 0.111

Morphological filter

Top-hat filter and eroding/dilating are also known as basic morphological filters for prepro-

cessing. Top hat filter is often used to correct uneven illumination. Eroding and dilating

is often used to eliminate missing or joining disparate elements in an image.

Let f : E 7→ R be a grayscale image, mapping points from an Euclidean space or dis-

crete grid E (such as R2 or Z2) into the real line. Let b(x) be a grayscale structuring

element.

Then, the top-hat transform of f is given by:

Tw(f) = f − f ◦ b, (2.4)

17



where ◦ denotes the opening operation.

The bottom-hat transform of f is given by:

Tb(f) = f • b− f, (2.5)

where • is the closing operation.

By applying Top-hat filter, the contrast of the original image can be obviously enhanced

and the background can also be equalized even if the illumination of the original image is

uneven.

2.1.3 Binarization

Otsu [73] presents a non-parametric and unsupervised method of automatic threshold

selection for picture segmentation. An optimal threshold is selected by the discriminant

criterion, namely, so as to maximize the separability of the resultant classes in gray levels.

The procedure is very simple, utilizing only the zeroth and the first-order cumulative

moments of the gray-level histogram. It is straightforward to extend the method to multi-

threshold problems. Several experimental results are also presented to support the validity

of the method. Said method was widely applied by Guan et al. [74] and Ding et al. [75].

2.1.4 Vanishing Point Extraction

Vanishing point detection is used to determine the region of interest in many papers,

Magee et al.[76] describes a computationally inexpensive algorithm for the determination

of vanishing points once line segments in an image have been determined. The approach

is particularly attractive since it has no computationally degenerate cases and the only

operations necessary are vector cross products and arc tangents. The need to know the

18



Algorithm1:Otsu’smethod[73]

Input:Agrayscaleimagewith256gray-levels
Output:Athresholdt
/*Weightsω0,1aretheprobabilitiesofthetwoclassesseparatedbya
thresholdt,σ20,1arevariancesofthesetwoclasses. */

1Computehistogramandprobabilitiesofeachintensitylevel
2Setupinitialωi(0)andµi(0)
3forallpossiblethresholdst=1...maximumintensitydo
4 Updateωiandµi;
5 Computeσ2b(t);

6Desiredthresholdcorrespondstothemaximumσ2b(t)

distancetothefocalplaneisalsoeliminatedthusavoidingtediouscalibrationprocedures.

Seoetal.[9]determinetheROIofarectangleareabasedonvanishingpoint’sposition.

Asshownin2.7,thegreencircle(circleinthemiddle)containingthe”x”markrepresents

thedetectedvanishingpoint. Theyellowhorizontalline(theoneabovetherectangle)is

theidentifiedhorizonlineandthewhiteverticallineindicatesthehorizontalcenterofthe

horizonline. Thegreenline(referencemiddleline)betweenthevanishingpointandthe

centeroftheimagebottomisusedtoapproximatetheinstantaneousdrivingdirectionof

roadway.ThiskindofmethodwasalsoappliedbyKheyrollahietal.[77],andSchreiber

etal.[14].

Figure2.6:GaussianSphereMapping[8]
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Figure 2.7: Vanishing Point Extraction Method by[9]

2.1.5 Inverse Perspective Transform

Inverse perspective transform (also known as IPM) is another tool used by researchers

in order to gain a top-view (birds-eye view) image since many classifiers are adaptive to

rotating, scaling, and translation but not distortion. In order to achieve this, multiple

techniques are introduced. Among all these techniques, vanishing point is a factor of sig-

nificant importance.

The width and shape of lane markings are often changed as a result of perspective ef-

fect. Baglidassarian et al. [78] presents a model with assumptions about object structures

in the 3D scene and in the 2D image. It concerns the road structure and its geometry and

contains several models: one of the road, one of the vehicle, one of the camera and a model

of the arrows. For the model of the arrows, the features of invariant moments are described

up to the 4th order. They also pointed that the inverse perspective projection is the weak

point in the processing chain. Almost all of the latest work in the field utilized IPM as the

initial processing method . For instance, Laganire [79] describes a method that allows the

composition of an overhead view mosaic of a worksite from the views available. This global

view of the site will help a teleoperator to adequately specify the actions to be performed

in the realization of a given task. In his paper, P is a point in 3D space, P = [X, Y, Z, 1]T
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in world coordinate. Then, the corresponding point of P in image, p, can be represented as

p = [x, y, 1]T in the image coordinate. There is also a relationship between these two points:

p = MP (2.6)

M = C


1 0 0 0

0 1 0 0

0 0 1 0


R T

0 1

 (2.7)

C =


fx 0 cx

0 fy cy

0 0 1

 (2.8)

Where R is a rotation matrix and T is a translation vector. C represents the intrinsic pa-

rameters of the camera, and fx and fy correspond to the focal length respectively measured

in horizontal and vertical pixel units. The position (cx. cy) is the principal point where

the optical axis pierces the image plane.

IPM technology was used in almost all notable references as the first part of the algo-

rithm including [12], [77], [80], [81], [82], [83], [10], [13], [84], [85], [86], [87], [88], [89], [90],

[14], [9].

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, contour-based methods and position-

based methods. Veit et al. [91] proposes a systematic approach to evaluate algorithms
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for extracting road marking features from images. They summarized existing road feature

extractors and classified them with respect to the kind of feature they rely on:

• Geometric selection: segments;

• Geometric and photometric selection: pair of positive and negative gradients, re-

sponse to a convolution filter at a given scale, ridges at a given scale;

• Photometric selection: light pixels, edges.

In this section, both geometric and photometric are take into consideration.

2.2.1 Feature Extraction Based on Edges

Sobel

The Sobel operator is used in image processing for edge detection since it creates an im-

age emphasizing edges. Sobel operator uses two 3×3 kernels to calculate approximations

of derivatives of the original image A, a matrix in horizontal Gx and one in vertical Gy

respectively.

Gx =


−1 0 +1

−2 0 +2

−1 0 +1

× A (2.9)

Gy =


−1 −2 −1

0 0 0

+1 +2 +1

× A (2.10)

where ∗ denotes the 2-dimensional signal processing convolution operation. Through this

method, both the ”right”-direction and the ”down”-direction are enhanced. At each point

in the image, the resulting gradient approximations can be combined to give the gradient
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magnitude following the formula G =
√
G2
x +G2

y.

Mizuno et al. [92] notes that the dynamic range of a conventional TV camera is insuffi-

cient to properly represent colour and brightness in outdoor situations: for example, lane

markings in the images are easily saturated in direct sunshine or darkened in the shade.

Their research presents an improvement in robustness of the vision system for lane marking

detection using the wide dynamic range vision sensor. Two long horizontal windows are

set up in an acquired image. From images in these windows, horizontal edges are obtained

by the Sobel operator. Candidates of the lane boundaries are obtained by thresholding the

edge images. A pair of lines which satisfy that two lines are parallel with each other and

the distance between them is suitable are extracted from the lines which classified every

candidate into two windows.

Ding et al. [75] introduces their theory of algorithm results of different image process-

ing techniques in lane marking and line recognition, which including edge detection and

lane extraction using Sobel operator.

Canny

In addition to simple operators, the Canny operator was introduced by John Canny in 1986

[93]. As one of the best edge detectors, it successfully uses a non-maximum suppression and

double threshold to modify the gradient magnitude matrix obtained by Roberts operator

or Sobel operator. For non-maximum suppression, there are two steps. Firstly, the edge

strength of the current pixel is compared with the edge strength of the pixel in the positive

and negative gradient directions. Then, if the edge strength of the current pixel is the

largest compared to the other pixels in the mask with the same direction, the value will

be preserved. Otherwise, the value will be suppressed.

For double threshold technology, a low threshold value Tl and a high threshold value Th

are set. A two threshold rule is then applied:
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Figure 2.8: Non-maximum suppression

• If the strength of a pixel is smaller than Tl, it will be suppressed;

• If the strength of a pixel is larger than Th, it will be marked as a strong edge pixel;

• If the strength of a pixel is between Th and Tl, and at least one pixel of the eight

surrounding pixels is larger than Th, then the pixel will be marked as an edge pixel.

Otherwise it will be suppressed.

Chang et al. [94] proposes a lane marking detection system which applies the Canny edge

detector to investigate boundaries. Li et al. [81] combines local adaptive threshold and

Canny edge detection for road marking extraction on urban streets , which outputs a binary

image by separating desirable foreground objects from the background.
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Houghtransform

TheHoughtransformiswidelyusedinimageprocessingfield.Takingastraightlineasan

example,theformulaofalineinx-ycoordinatesisexpressedas:

y=kx+b; (2.11)

Foreachpoint(xi,yi)ontheline,yi=kxi+b;Inthemeanwhile,inak−bcoordinate

system,thispointcanbeexpressedasalineb= −xik+yi. Similarity,forpoints

(xi,yi)=(xj,yj)=(xl,yl),

k=
xj−xi
yj−yi

=
xl−xi
yl−yi

,

b=yi−kxi=yj−kxj=yl−kxl,

(2.12)

Whichmeansallthelinesin k−bcoordinaterelatedtoapointbelongtoalineinx−y

coordinatethoughonepoint.

Figure2.9:y=x+1inX-Ycoordinate

Thismethodisthemostcommonlyusededgeextractorforlinedetection;Therearetwo
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Figure2.10:y=x+1ink-bcoordinate

nameswhichcommonlyappearinpreviousworksforthismethod:RadonTransformand

HoughTransform.Ginkeletal.[95]givesashortintroductiontotheRadonandHough

transformsandhowtheyrelatetoeachother.TheypointedoutthattheHoughtransform

isadiscretizationoftheRadontransformandthelaterformalismhasadvantagesoverthe

former.(ShowninFig.2.11)

2.2.2 FeatureExtractionBasedonContours

Segmentation

Brightnessisausefultoolforanalyzingtheobjectsintheframe.Burrowetal.[96]focus

onimagesegmentationintheirresearch.Theypresentfivealgorithmsincludingvariance

method,momentpreservingthresholding,minimumerrorthresholding,relaxationthresh-

oldingasglobalthresholding,andsub-imagethresholdingaslocalthresholdingmethod,to

segmentroadmarkingscapturedondigitalimages.Thesetechniquesseektocomputea

gray-scalethresholdvalueofpixelsthatdistinguishanyroadmarkingspresentfromtheir

background.Theassociatedcomputationalprocesseshavebeenpresented,togetherwith

theresultsofasensitivityanalysisthatwascarriedouttoidentifytheoptimumtechnique.
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Figure 2.11: Difference between Radon Transform(left) and Hough Transform(right), for-
mer has integrating the intensity values along each of the candidate curves while later only
considering individual points

It was found by them that the sub-image thresholding procedure performed satisfactorily

on all images considered.

Lu et al. [6] showed that the dividing line between the road surface and background

can be found through the brightness feature of the image. The average gray value of each

row is calculated in their algorithm, so that the horizontal projection is formed. The row of

the first minimum is the dividing line. Their research described a method designed to rec-

ognize the road boundary and lane marking. Firstly, the region of interest is dynamically

partitioned from the image. Secondly, the feature pixels of road boundary are extracted

by using the gradient vectors of pixels. Finally, the feature extraction of lane marking is

finished by self-adapted threshold segmenting.

Ishino et al. [97] proposed a method of extracting road markings using aerial images

and digital maps, and recognizing crosswalks and traffic lane lines. They also extract road

markings using brightness values in their first step.

Pollard et al. [98] proposed an approach to improve the quality of lane marking extrac-
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tion. They found the best extraction algorithms are all based on local thresholding, where

lane feature extraction is based on the assumption that lane pixels form bright regions

surrounded by darker regions. Consequently, their extractions purpose is to elaborate a

way to detect these bright regions with a gradient of intensity higher than a threshold TG

with respect to the background.

Li et al. [81] described an integrated approach for image segmentation which combined lo-

cal adaptive threshold and Canny edge detection and output a binary image by separating

desirable foreground objects from the background.

He et al. [87] mentioned that they first transformed an original image into an orthoimage

(through IPM) and binarized it with Median Local Thresholding (MLT) algorithm.

Snake

Active contour model, also known as Snake, is an algorithm for delineating an object

outline from a 2D image. For instance, an image can be seen as a set of n points vi where

i = 0 . . . n − 1. To find the edge accurately, the internal elastic energy term Einternal and

the external edge-based energy term Eexternal have been used to build an object function

which defines the goodness of fitting as the same as minimization of Einternal and Eexternal.

Such object function can be represented as:

E∗snake =

∫ 1

0

Esnake(v(s))ds =

∫ 1

0

(Einternal(v(s)) + Eimage(v(s)) + Econ(v(s)))ds (2.13)

The purpose of the internal energy term is to control the deformations made to the snake,

and the purpose of the external energy term is to control the fitting of the contour onto

the image. The external energy is usually a combination of the forces due to the image

itself Eimage and the constraint forces introduced by the user Econ. The energy function of

the snake is the sum of its external energy and internal energy.
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Given an initial guess for a snake, the energy function of the snake is iteratively mini-

mized. Gradient descent minimization is usually used to minimize snake energy. Each

iteration takes one step in the negative gradient of the point with controlled step size γ to

find local minima. This gradient-descent minimization can be implemented as:

v̄i ← v̄i + Fsnake(vi) (2.14)

Where Fsnake(vi) is defined by the negative of the gradient of the energy field.

Fsnake(v̄i) = −OEsnake(v̄i) = − (winternalOEinternal(v̄i) + wexternalOEexternal(v̄i)) (2.15)

This model was used by Kass et al. [99] in their experiments. Wu et al. [10] used the

snake algorithm to detect the positions of traffic signs on the IPM images captured by a

stereo camera system. In their case, the contour was the road marking and the contrast in

illumination between the markings and the road was sufficient for the algorithm to work

reliably.

Connected Component Analysis

Connected component analysis is an algorithmic application of graph theory, where sub-

sets of connected components are uniquely labeled based on a given heuristic. It is used in

computer vision to detect connected regions in binary digital images, although color images

and data with higher dimensionality can also be processed. Connectivity is determined by

the medium; image graphs, for example, can be 4-connected or 8-connected.

Vacek et al. [100] successfully use the rules in Germany, where road markings follow

strict regulations. A width of 12 cm is used for small markings and signals normal lane

boundaries whereas 25 cm wide markings are used to indicate turning lanes or emergency

lanes. For each lane, a region within the image is determined in the location where an
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arrow is expected. A segmentation of this region takes place in order to extract the arrow

in the second step. The bounding box of the extracted arrow is then used for template

matching with known arrows. The size of the region corresponds to the size of the biggest

arrow plus a tolerance to cope with noise from the lane detection. Connected component

analysis is applied in order to extract the largest component, which is the candidate for

arrow estimation.

Chira et al. [85] describes a LabVIEW based system for detection, measurement and

classification of painted objects. The system is able to calibrate monocular video sources,

define the features of the painted objects that they look for, and detect them in real time

using geometric pattern matching and edge detection. The segmentation is based on inten-

sity levels and connected components analysis. This method was also used by Foucheret

al. [86] in order to detect and recognize repetitive markings (such as crosswalks) as well

as single patterns (such as arrows).

MSER

Maximally stable extremal regions (MSER) are used to detect blobs in images. The ad-

vantages of MSER includes a better performance in extracting objects completely while

maintain the details like edges. Wu et al. [101] presents a system for detecting and recog-

nizing road markings from video input obtained from an in-car camera. They use MSER

features and perform the template matching in an efficient manner so that their system

can detect multiple road markings in a single image. They detect MSERs on the rectified

road scene images. Almost all regions containing road markings are detected, in addition

to some regions in other parts of the scene. They extract a set of feature points from

the regions of interest computed as explained above. To enable real-time computation

without the use of GPUs, they use the FAST corner detector proposed by Rosten et al.

Furthermore, Wu et al. [10] propose a method towards reliable visual localization using

traffic signs painted on the road such as arrows, pedestrian crossings, and speed limits by

a stereo camera system. These road markings are relatively easily detected since they are
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designed to be highly conspicuous. At runtime, inverse perspective rectification, MSER

detection, FAST corner detection, and HOG descriptor computation are performed on each

test image.

A. Mammeri, A. Boukerche and Z. Tang [102] also utilized MSER in pre-processing/detection

stage. After analyzing the advantages of MSER and the requirements of line marking de-

tection in the proposed scenario, an experiment was conducted to shown the performance

of line tracking using a simpler framework.

2.2.3 Feature Extraction Based on Position

There are two types of image based on position: stereo images, which are usually obtained

by the LIDAR/binocular camera system, and panoramic image which are usually obtained

by a panoramic camera or a multi- camera system.

Stereo Position

Sebsadji et al. [103] evaluate different lane extraction algorithms for stereo images. Their

second contribution is to propose stereo versions of extractors. The goal of stereo selection

is to reduce the number of false alarms which may be fairly high in an urban environment.

Finally, they compare the performances of the single-image and stereo algorithms. Con-

cerning the extra stereo selection, the receiver operating characteristic curve (ROC curve)

show that the stereo selection reduces the number of false alarms compared to the corre-

sponding single-image algorithm, but it also slightly reduces the number of actual objects

detected. Missed pixels by stereo selection are very likely due to variations of road plane

(road slope, pitch angle...).

Guan et al. [74] presents an automated approach to detection and extraction of road

markings (road line only) from mobile laser scanning (MLS) point clouds by taking advan-

tages of multiple data features. To improve computational efficiency, the raw MLS point

cloud data are first converted to geo-referenced images, based on elevation, intensity and
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point density, using inverse distance weighted interpolation. Afterwards, three filters are

designed to extract road markings step-by-step: (1) the elevation filter is used to generate

an elevation mask to remove high objects from the geo-referenced intensity image, (2) the

point density filter is implemented to extract road surfaces in the geo-referenced intensity

image, (3) the filtered geo-referenced intensity image is processed by thresholding and point

density to obtain road markings, followed by a Canny detector and Hough transform used

to extract straight-lines of road markings. Two RIEGL VMX-450 datasets demonstrated

that the proposed multi-feature road marking extraction method performs well in road

marking extraction from a large volume of mobile laser scanning data.

Wu et al. [10] propose a method which provides an absolute global localization if the

road markings have been surveyed beforehand, and relative positioning information other-

wise. They demonstrate using experiments and with ground truth data that their method

provides accurate lane-level visual localization under various lighting conditions and using

various types of road markings. During runtime, the positions of these corners are then

detected using the snake algorithm on the IPM images.

Cui et al. [104] propose an accurate and real-time positioning method for intelligent road

vehicles in urban environments. The proposed method uses a robust lane marking detec-

tion algorithm, as well as an efficient shape registration algorithm between the detected

lane markings and a pre-existing GPS based road shape, to improve the robustness and ac-

curacy of global localization of a road vehicle. They exploit both the technologies of visual

localization based on lane marking detection and the wide availability of Global Position-

ing System (GPS) based localization. By formulating the positioning problem in a relative

sense, they can estimate the vehicle localization in real-time and bound its absolute error in

centimeter-level by a cross validation scheme. The validation scheme integrates the vision

based lane marking detection with the shape registration, and improves the performance of

the overall localization system. The GPS localization can be refined by using lane marking

detection when the GPS suffers from frequent satellite signal masking or blockage, while

lane marking detection is validated and complemented by the pre-existing GPS based road
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shape when it does not work well in adverse weather conditions or with poor lane signature.

Hernandez et al. [105] proposes a method to detect road lane markings for safe autonomous

navigation purpose. It focuses on unconventional methods of identifying lane markings on

a road surface through Laser Measurement System (LMS).

Panoramic Position

While for the latter, Li et al. [90] propose an algorithm to detect and recognize road lane

markings from panoramic images. The dataset that they used to evaluate the performance

of their algorithm is captured by a camera mounted on the roof of a driving vehicle, and

a panoramic image is captured every 5 meters under very good weather conditions. A

panoramic image contains a road scene with a resolution of 4800 ×2400 pixels. They use

910 highway panoramic images under various lighting conditions, and manually annotated

all road markings that are completely visible on the top view images of the 910 highway

panoramic images. The road markings in their dataset are not damaged or faded, and the

images are taken during the day-time in fair weather conditions. A similar method is also

applied by Hazelhoffa et al. [106] in a conceptual system for the automated creation of

such combined databases and investigates the benefit of this combination for the specific

case of pedestrian crossings.

Besides, Seo et al. [9] utilize the driving direction of a roadway to filter out false positives

in a principled way. They mentioned longitudinal lane-markings delineate the driving di-

rection of a road and the orientations of any true, longitudinal lane-markings appearing on

input images should be aligned with this direction. To approximate the driving direction of

a road, they detect the vanishing point on a horizon line and draw a line to link the image

coordinates of the detected vanishing point to those of the center of the image bottom.

They then filter out any lane-marking blobs if their orientations are not aligned with that

of the approximated driving direction.
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2.3 Recognition Methods

For further refinement of the detection result, descriptors and classifiers are used together

to get the result of an integrated algorithm.

2.3.1 Feature Description

Li et al. [5] present a survey of recent progress and advances in visual feature detection.

They describe the relations among edges, corners and blobs from the psychological view

and classify the algorithms in detecting edges, corners and blobs into different categories

and provide detailed descriptions for representative recent algorithms in each category. In

this section, a similar framework was built to classify the research about feature extraction

method, however their ”Interest Point” in Fig. 2.12 was combining with ”Corner” into

point based descriptor. Region based descriptor in this chapter only contains the method

focus on blobs itself.

Range [107] compared 5 popular irregular shape matching techniques, including Chain

Code Histogram(CCH), Pairwise Geometric Histogram(PGH), Combination of Simple Shape

Descriptors(CFSS) and Hausdoff distance and Hu-Moment, to obtain Table 2.5, which is

a good supplement to [5].

Point based Descriptor

Kendall [108] gives a definition of ”shape” for a set of k points in m dimensions. The first

task is to identify the shape spaces in which such objects naturally live, and then to exam-

ine the probability structures induced on such a shape space by corresponding structures

in Rm. They also outline their work on ”size-and-shape”, on shapes of sets of points in

Riemannian spaces, and on shape-theoretic aspects of random Delaunay tessellations.

Maier et al. [109] creates a point list in street coordinate system (SCS), which repre-

sents the re-projected contour list of the arrow candidate. For that purpose, high precise

camera calibration is needed, enriched by a video-based ego motion estimation in order to
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Figure 2.12: Recent representative advances in visual feature detection by [5]
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compensate for short term movements of the vehicle such as pitching and rolling.

Wu et al. [10] applied FAST corner detection with markings detected by stereo cameras.

(Shown in Fig. 2.13)

Figure 2.13: The input image, the inverse perspective mapped image, and the vehicle
position shown against the surveyed map data in [10]

Edge based Descriptor

Baglidassarian et al. [78] presents a model concerning the road structure and its geome-

try. They use the algorithm of Wagner-Fisher which measures the likeness of two chains

obtained from marking detected. They also mention in their paper that the inverse per-

spective projection is the weak point in the processing chain.

Frank [71] tried to solve one of the main tasks of road network managers, repainting

used/deteriorating road markings. As introduced by him, the MRA project (which stands

for automated repainting module) was started in France in order to increase the productiv-

ity and quality and to improve the work conditions of the agents working on the repainting

37



process. It consists of the development of Marodeur’s automation. The result obtained

by them was a polygonal decomposition of the forms whose analysis identifies the kind of

road marking. Once the road markings are extracted from the image, their method consists

of analysis of a square shaped window on the road plane. This analysis starts from the

bottom of the image up to a line 30 meters ahead.

Charbonnier et al. [110] present an image analysis method based on a segmentation fol-

lowed by a polygonal shape overlapping for road marking recognition.

Ieng et al. [111] use a lane marking features extractor followed by the robust fitting algo-

rithm to estimate the lane marking shape as a single analytical curve. Their lane marking

features extractor is based on the fact that lane marking widths are in a small range of

possible values on a road. This implies a geometric constraint on the observed lane marking

widths from a camera onboard a vehicle. Their lane marking features extractor uses this

property to select pairs of edge points corresponding with a high probability to a section

of lane marking. The extracted features are then grouped to estimate the parameters of

the analytical curve model of those lane markings.

Rebut et al. [112] propose a method where rectilinear marking and arrow extraction is

carried out by mathematical morphology in order to take into account geometric charac-

teristics (size for example). They also use Fourier descriptors to describe the boundaries

of an object. In their case, approximated by polygonal curves, Fourier descriptors are used

to represent the shape in frequency domain, with general information in lower frequencies

and details in higher frequencies.

Ishino et al. [97] propose a method of extracting road markings using aerial images and

digital maps, and recognizing crosswalks and traffic lane lines. They extract crosswalks

and traffic lane lines using edge directions and shape features.

Gioi et al. [113] propose a linear-time line segment detector which requires no param-
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eter tuning. In contrast to classic edge detectors, their method defines a line segment as an

image region, the line-support region, namely a straight region whose points share roughly

the same image gradient angle. Such line segments are roughly oriented along the average

level-line direction.

Chira et al. [85] describes a LabVIEW based system for detection of painted objects.

Their system detects objects in real time using edge detection. To detect the continuous

lane markings, they use LabVIEWs Find Edge function which finds straight edges (lines)

within a region in an image. This function includes parameters like search direction, edge

polarity, kernel size, minimum edge strength, interpolation type.

Suchitra et al. [2] propose a method to robustly identify and classify arrow markings

in road images. In their method, simple and unique signatures are first derived for the

various arrow types, based on signed edge maps and decomposing the arrows into smaller

parts. The signed edge maps are processed using Hough Transform (HT), and the resulting

Hough spaces are analyzed systematically, using a set of simple rules. Edge pairs are sorted

by Hough transform in the left side and right side separately, and then classified by rules

(list in table 2.6).

Table 2.6: Classifier using Edges pair [2]

Arrow Part Right Slant Left Slant

Main Arrow Tail 1 in El 1 in Er

Forward Arrow Head 1 in El 1 in Er

Left Arrow Head 1 in El 1 in El

Right Arrow Head 1 in Er 1 in Er

Li et al. [81] describes a method for road marking extraction on urban streets acquired by

a camera mounted on a moving vehicle. An integrated approach for image segmentation is

presented by them which combines local adaptive threshold and canny edge detection, and

outputs a binary image by separating desirable foreground objects from the background.
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Chang et al. [94] propose a lane-mark detection system which applies the Canny edge

detector to investigate boundaries. In order to remove the noise edges, they divide the

boundary image into sub-images to calculate local edge-orientation of each block and re-

move the edge with abnormal orientation.

Ding et al. [75] introduce their theory of algorithmic results of different image processing

techniques in lane marking line recognition, including binarization, edge detection and lane

extraction (road line only). They compare various combinations of algorithms to detect

lane marking lines in several conditions and then propose an ideal detection algorithm

which uses the progressive threshold method to binarize, the contour extraction method,

lane edge tracing, and the curve fitting method.

Guan et al. [74] presents an automated approach to detection and extraction of road

markings from mobile laser scanning (MLS) point clouds. Three filters are designed to

extract road markings step-by-step:

• (1) The elevation filter is used to generate an elevation mask to remove high objects

from the geo-referenced intensity image,

• (2) The point density filter is implemented to extract road surfaces in the geo-

referenced intensity image,

• (3) The filtered geo-referenced intensity image is processed by thresholding and point

density to obtain road markings, followed by a Canny detector and Hough transform

used to extract straight-lines of road markings.

He et al. [87] propose a special local junction feature (L-junction) to describe each road

marking as a junction string, where each different deviation is dispersed into a different

junction. For each potential arrow road marking, they represent its boundaries as a se-

quence of L-junctions and further encode these L-junctions counter-clockwise w.r.t. their

angles and mutual position relations. L-junction is a newly defined corner feature, with
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three properties: one location and two branches. The location is the intersection point of

two LSD lines, the two branches follow along the boundaries around the location and show

the corners geometrical feature.

Contour based Descriptor

Zhang et al. [11] proposes a fast parallel algorithm for extracting the skeleton of a picture

consisting of removing all the contour points of the picture except those points that belong

to the skeleton. In order to preserve the connectivity of the skeleton, they divide each

iteration into two sub-iterations that remove the boundary and corner points respectively.

Figure 2.14: Results of thinning ”H” in [11].

Baglidassarian et al. [78] presents a model with assumptions about object structures in

the 3D scene and in the 2D image. It concerns the road structure and its geometry. For

models of the arrows, the features of invariant moments they use are described up to the

4th order. These moments are calculated from the Hu moments [114], invariant to scale,

translation and rotation. The centroid normalized moments mcni are obtained from cen-

troid moments mci.

The method used here was invented by Hu [114] in 1962, which determines the orthogonal

invariant moments using the theory of algebraic moment. For a 2D continuous function

f(x, y) the moment (sometimes called ”raw moment”) of order (p + q) is defined as
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Mp,q =

∫ ∞
−∞

∫ ∞
−∞

xpyqf(x, y)dxdy, forp, q = 0, 1, 2, ...n (2.16)

Adapting this to a scalar (grayscale) image with pixel intensities I(x, y), raw image mo-

ments Mi,j are calculated by

Mi,j =
∑
x

∑
y

xiyjI(x, y) (2.17)

Hu states that if f(x, y) is piecewise continuous and has nonzero values only in a finite part

of the x-y plane, moments of all orders exist, and the moment sequence (Mpq) is uniquely

determined by f(x, y). Conversely, (Mp,q) uniquely determines f(x, y). In practice, the

image is summarized with functions of a few lower order moments. Central moments are

defined as

µp,q =

∫ ∞
−∞

∫ ∞
−∞

(x− x̄)p(y − ȳ)qf(x, y)dxdy (2.18)

where x̄ = M10

M00
and ȳ = M01

M00
are the components of the centroid.

If f(x, y) is a digital image, then the previous equation becomes

µp,q =
∑
x

∑
y

(x− x̄)p(y − ȳ)qf(x, y) (2.19)

It can be shown that:

µp,q =

p∑
m

q∑
n

(
p

m

)(
q

n

)
(−x̄)p−m(−ȳ)q−nMmn (2.20)

The covariance matrix of the image I(x,y) is
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cov [I(x, y)] =

µ′20 µ′11

µ′11 µ′02

 (2.21)

Invariants ηij with respect to both translation and scale can be constructed from central

moments by dividing through a properly scaled zero-th central moment:

ηij =
µij

µ
(1+ i+j

2
)

00

(2.22)

where i + j ≥ 2. Note that translational invariance directly follows by only using cen-

tral moments.

As shown in the work of Hu, moment invariants with respect to translation, scale, and

rotation can be constructed:

I1 =η20 + η02;

I2 =(η20 − η02)2 + 4η2
11;

I3 =(η30 − 3η12)2 + (3η21 − η03)2;

I4 =(η30 + η12)2 + (η21 + η03)2;

I5 =(η30 − 3η12)(η30 + η12)[(η30 + η12)2 − 3(η21 + η03)2]

+ (3η21 − η03)(η21 + η03)[3(η30 + η12)2 − (η21 + η03)2];

I6 =(η20 − η02)[(η30 + η12)2 − (η21 + η03)2] + 4η11(η30 + η12)(η21 + η03);

I7 =(3η21 − η03)(η30 + η12)[(η30 + η12)2 − 3(η21 + η03)2]

− (η30 − 3η12)(η21 + η03)[3(η30 + η12)2 − (η21 + η03)2];

(2.23)

These are well-known as Hu moment invariants.

The first one, I1, is analogous to the moment of inertia around the image’s centroid,

where the pixels’ intensities are analogous to physical density. The last one, I7, is skew
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invariant, which enables it to distinguish mirror images of otherwise identical images.

Charbonnier et al. [110] presents an image analysis method for road marking recogni-

tion. A high-level process allows the grouping of isolated quadrangles into marking lines

that can be analyzed to discard non-linear markings and to determine parameters (like

standard dashes modulation or line width).

Li et al. [12] proposes a shape-based road marker detection and recognition method.

They obtain the road image in plane coordinate system through inverse perspective trans-

form and then abstract 8-neighbor chain codes of the close regions from the plane image.

Finally, they chose Bhattacharyya distance as the measure of divergence, which is defined

as

JB = −ln
∫

[p(x|ω1)p(x|ω2)]
1
2dx (2.24)

Assume a multivariate normal distribution for features of each class. Thus the Bhat-

tacharyya distance JB may be written as:

JB =
1

8
(µ2 − µ1)T [

Σ1 + Σ2

2
]−1(µ2 − µ1) +

1

2
ln

∣∣Σ1+Σ2

2

∣∣√
|Σ1| |Σ2|

(2.25)

Wang et al. [84] apply an arrow marking detection and recognition algorithm based on

improved Haar wavelet descriptors. An improved Haar wavelet feature extraction approach

is utilized by them to describe the feature of arrow markings. In order to guarantee gener-

alization performance, the F-score method is used for feature reduction in their research.

Kheyrollahi et al. [77] extract a set of connected contours by the backtracking approach

then used Douglas-Peuker to derive a closed polygon shape to represent the contour in a

simplified layer.
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Wu et al. [101] computes the histogram of oriented gradients (HOG) descriptor for each

point of interest (POI). The HOG descriptor consists of a 128 dimensional feature vector

computed using certain optimal scales and orientations of the image patch around a POI.

Considering the speed requirement, they extract the HOG feature vectors at 3 fixed scales

and 1 fixed orientation. For each scale, a 128 dimensional feature is extracted for each

POI. By concatenating the features extracted at different scales, they obtain the final 384-

dimensional feature vector for each POI. For all the template images, the ROI containing

the road signs is obtained from the labeled ground truth. After rectification, POIs are de-

tected within the labeled ROIs of all template images. Then feature vectors are extracted

for all the POIs. All of the feature vectors and the coordinates of the corresponding POIs

are stored as the template pool.

Following, Wu et al. [10] propose a method towards reliable visual localization using

traffic signs painted on the road such as arrows, pedestrian crossings, and speed limits

by a stereo camera system in 2013. MSER detection, FAST corner detection, and HOG

descriptor computation are performed on each test image. Their method automatically

recognizes road markings and uses features detected within them to compute the location

of the vehicle.

Guan et al. [115] uses Otsu’s method which suggests the gray value of 60 as the opti-

mal threshold to separate the foreground (road markings) from the background. After

that they use a horizontally linear shaped structuring element to dilate and erode the road

markings. The linear structure with length l and direction h is denoted by Klineθ(l). The

direction θ is determined by the vehicle trajectory data, that is, the direction in which the

vehicle is moving. A range of length l from 3 to 11 is used to determine Klineθ(l) for the

road markings.

Li et al. [90] extracts the distance between the center and the boundary of each con-

sidered potential road marking, at regular angular steps then segment them, into a feature

vector.
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Liu et al. [88] adopts Haar-like features to quickly eliminate non-marking candidate re-

gions. In the fine recognition step, the BW-HOG feature is designed to recognize the types

of markings.

Suhr et al. [116] proposes a method which efficiently restricts the search area based on the

lane detection results. The detector generates multiple candidates using a top-hat filter

and projection histogram, and then classifies their types using a histogram of oriented

gradient (HOG).

Hazelhoffa et al. [106] used the histogram of oriented gradients (HOG) technique and

extended the original approach with the use of color gradient information, in order to ex-

ploit the color transitions, both within the signs and between the sign and surroundings in

their research.

Chen et al. [117] used the binarized normed gradient (BING) method for road mark-

ing detection in their experiments.

Poggenhans et al. [89] presents an approach to detect, classify and approximate a great

variety of road markings using a stereoscopic camera system which is independent of ori-

entation, position or the exact shape. They use a histogram of the marking width as the

main part of the feature vector for line-shaped markings, and Optical Character Recogni-

tion (OCR) for characters.

Position based Descriptor

Hara et al. [118] presents a method to detect road markings. The road area on the top-view

image is estimated approximately using the flood-fill algorithm. In the algorithm, starting

points called ”seeds” SD(x,y) are given by GPS data, and then individual pixels around the
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seed NearSD(x,y) are selected for comparison. Pixels that are determined to have similar

characteristics to seed, are set as a new seed and compared with pixels around the new

seed. These are recursively processed, expanding the area of similar pixels and continuing

until similar pixels cannot be found. For this road area detection, the system assigns seeds

once in 50 points, firstly tracking the trajectory. These seeds from the trajectory are always

placed on the road area and the road area is delineated by searching the similar gray pixels

around the seeds.

Paula et al. [119] presents a method for detection and recognition of road lane mark-

ings using an uncalibrated onboard camera. Lane boundaries are detected based on a

linear parabolic model and then represented by a simple model related to the pavement,

which is then explored to estimate pixels related to lane markings.

Seo et al. [9] applies intensity thresholding, keeping only pixels where the intensity val-

ues are greater than a predefined threshold (e.g., 10). A connected-component group is

adopted to identify a set of lane-marking pixel blobs. For each lane-marking pixel blob,

the eigenvalues and eigenvectors of the pixel coordinates dispersion matrix are computed

to fit a line segment to the blob. The eigenvector, e1, associated with the largest eigenvalue

is used to represent the orientation of a line segment and its length.

2.3.2 Classifier

Delgado et al. [120] evaluates 179 classifiers arising from 17 families (including discriminant

analysis, Bayesian, neural networks, support vector machines, decision trees, rule-based

classifiers, boosting, bagging, stacking, random forests and other ensembles, generalized

linear models, nearest neighbors, partial least squares and principal component regression,

logistic and multinomial regression, multiple adaptive regression splines and other meth-

ods), implemented in Weka, R (with and without the caret package), C and MATLAB,

including all the relevant classifiers available today. To make the comparison clear, the
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classifier used in road markings filed so far were organized following the same criteria in

this section.

Generalized Linear Models

Generalized linear models were formulated as a way of unifying various statistical models,

including linear regression, logistic regression and Poisson regression. The least squares

method for maximum likelihood estimation remains popular and is the default method on

many statistical tools.

Baglidassarian et al. [78] compares a road marking’s chain representation (algebraic mo-

ment) with that of the prototypes to recognize an object. They use the algorithm of

Wagner-Fisher which measures the likeness of two chains.

Frank [71] used the width of the road marking shapes to distinguish their class. For

instance, shapes that are two small are ignored, shapes with varying width may be arrows;

the only shapes they are focus on are linear road markings like continuous lines and dashed

lines which have nearly constant widths.

Charbonnier et al. [110] analyzes the grouping of isolated quadrangles to discard non-

linear markings and to determine parameters (like standard dashes modulation or line

width).

Lu et al. [6] applies the least-squares fit technique to match lane model with the fea-

ture pixels. The processing course is optimized by calling the lane detecting and tracking

module circularly.

Vacek et al. [100] successfully use the rules in German. Road markings follow strict

regulations in Germany. A width of 12 cm is used for small markings and signals normal

lane boundaries whereas 25 cm wide markings which are used to indicate turning lanes or
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emergency lanes. The bounding box is scaled to the size of the templates and the sum-of-

squared-differences (SSD) between template and extracted region is used for determining

the correct type of arrow. A maximum of three lanes are visible at the same time at these

intersections. They were processed off-line and thus the processing time was not evaluated.

Chira et al. [85] uses LabVIEW functions of geometric pattern matching, edge detec-

tion and calibration information combined with custom C++ modules, and produced a

robust, real-timer interactive system. Two different types of geometric pattern matching

technique were used to detect the arrows and the lane markings as their geometry is dif-

ferent. For the arrows they used feature based geometric pattern matching and for the

lane markings they used edge based geometric pattern matching. They found that the

number of correctly detected and classified objects is highly dependent on the quality of

the road markings. If the road mark is worn out it won’t be detected at all or it will be

erroneously classified as road marking. The same happens when the object is entering or

exiting the image frame, as it is not completely visible. Furthermore, the reliability of the

results depends also on the template images used for pattern matching and on the features

selected for them.

Hara et al. [118] uses shadow detection and run-length compensation for robust recog-

nition. Direction contributively features with run-length compensation were also applied

to detect the faded road marking. Run-length compensation is a method which is stable

to extract the feature from the faded road marking. Hence, by estimating the deteriora-

tion degree in the observation domain, a run-length value which is measured in non-faded

state road markings approximately derives from the result of estimation. Rotating the

marking templates to the same angle as the obtained road direction, template matching

is performed with the crossing caution template, the 30km/h speed limit template, and

the intensity image of HSI color model. The sum of absolute differences (SAD) based

calculating method is selected for template matching.

Chang et al. [94] proposes the edge-pair scanning method to verify the edges which belong
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to lane-marks by using the relationship of adjacent edges of lane-marks and the width

between these two edges. After eliminating the noise edges, they apply Hough Transform

to fit the lane-marks as straight line models.

He et al. [87] proposes a weighted edit distance strategy and assigns different deviations

with different weights to measure the similarity between the detected junction string and

the ground truth junction string. Their framework is robust enough to detect deviations

in arrow road marking but is sensitive to non-arrow road markings’ deviations. Another

deep learning framework (Boosting+Convolutional Deep Neural Network (CDNN)) is also

implemented for comparison. In sum(Shown in Fig. 2.15), their experimental results

shows the framework of Angle Coding+Topology Coding (AT) and Refined Angle Cod-

ing+Topology Coding (RAT) can maximally keep the high detection rate, while CDNN is

superior in eroded arrow road markings’ detection.

Figure 2.15: The overall detection recall rate for four types of arrow road markings.

Hernandez et al. [105] proposes a distance clustering analysis in order to determine the
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surface course. They also implement the Random Sample Consensus (RANSAC) line fit-

ting method for removing the noise points around the road lane area. Finally, automatic

peak detection was used in their work to perform lane marking detection on road surfaces.

Rule based Method

Rule-based systems are the domain-specific expert systems which utilize rules to make de-

ductions or choices. As a set of methods widely used in artificial intelligence applications

and research, they store and manipulate knowledge to interpret information in a useful way.

Enkelmann et al. [121] present a ROMA-System (Road Markings Analysis). In which,

chosen segment s2 has to pass the following tests: it must be parallel to segment s1; and

the gray value gradient of s2 must point in the direction opposite to the gray value gradient

of segment sl. From those pairs of parallel line segments, the width and length of a rect-

angle in the scene is calculated using calibration information of the camera with respect to

the planar road surface. This rectangle will be accepted as a road marking if its length is

greater than its width. Once the list of single road markings is determined, a subsequent

grouping of single road markings is performed to extract marking lines. It is assumed that

the single road markings belonging to a marking line have similar width and length values.

Chira et al. [85] use LabVIEWs Find Edge function to detect the continuous lane. They

set line fit options, by applying Hough Edge Rake, to detect the straight edges among the

number of lines.

Li et al. [81] describes a method using geometrical analysis of the contours to compute the

summary characteristics and match them to templates. A bounding box is introduced to

summarize their characteristics, and this box can bound contours with the minimal rect-

angle. A filter approach is then performed by judging the center point, width and height of

the bounding box, which can remove the undesirable candidates. Then candidate contours

are compared with the template by means of template matching.
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Bayesian Approaches

The Bayesian approach is a method of statistical inference in which Bayes’ theorem is

used to update the probability for a hypothesis as more evidence or information becomes

available. It derives the posterior probability as a consequence of two antecedents, a prior

probability and a ”likelihood function” derived from a statistical model for the observed

data.

Kreucher et al. [122] introduces a Bayesian algorithm called LANA (lane-finding in another

domain) for detecting lane markers in images acquired from a forward-looking vehicle-

mounted camera. The method is based on a set of frequency domain features. A simple

one-dimensional edge detection is followed by a least median squares technique for deter-

mining the curvature and orientation of the road. Lanes tracking from frame-to-frame are

utilized in an existing model of the road geometry. It follows:

• A given image is broken up into 8*8 pixel blocks.

• For each block, a frequency-domain based feature vector is computed.

This feature vector reflects the amount of ”diagonally dominant edge energy” that is con-

tained in that 8*8 block. At any given node, the image’s intensity profile is used to

determine whether or not an edge is present at that node. This is accomplished by using a

multi-resolution Fourier transform (MFT). Their paper finds the frequency domain to be a

convenient vehicle to discriminate between edges that are diagonally dominant and those

that are randomly oriented.

Nearest Neighbour Methods

Nearest neighbour methods, also known as proximity search or Nearest neighbour search

(NNS), are an optimization problem for finding closest (or most similar) points. There
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are numerous variants of the NNS problem and the two most well-known are the k-nearest

neighbour search and the ε-approximate nearest neighbour search.

Rebut et al. [112] carries out arrow recognition by computing the similarity between

objects and the arrow database. To compare an object and a model characterized by their

Fourier descriptors, respectively, a Euclidian distance between the two coefficients vectors

is computed as a similarity measurement. In addition, they use a KNN classifier to improve

the performance.

Foucher et al. [86] recognizes the markings based on the comparison with a single pattern

or with repetitive rectangular patterns. The recognition of crosswalks and arrows are pro-

cessed independently. The candidate image, which corresponds to the bounding box of the

resulting connected component and the model image, is normalized to the size 120*120.

The models are learned with their rotated position within (−15◦,+15◦) related to major

axis in the image plane. The similarity criterion firstly considers the binary Hamming

distance between the model image and the candidate image. If the Euclidean distance is

lower than a threshold σh, the connected component is recognized with the type of closest

model. Otherwise, a second similarity criterion is computed between the histograms of the

closest model and the histograms of the candidate.

Liu et al. [82] used template matching, specifically the Cosine correlation coefficient for

recognition of markings. The connected domain analysis makes the method suitable for

situations even there are no lane lines.

Partial least squares and principal component regression

Partial least squares regression (PLS regression) is a statistical method that finds a linear

regression model by projecting the predicted variables and the observable variables to a

new space. Principal component regression (PCR) is a regression analysis technique that

considers regressing the outcome on a set of covariates based on a standard linear regression
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model, but uses principal component analysis (PCA) for estimating the unknown regres-

sion coefficients in the model. PLSR and PCR are both methods to model a response

variable when there are a large number of predictor variables, and those predictors are

highly correlated or even collinear.

Maier et al. [109] presents a general geometric approach using curve-based prototype

fitting. Connected components are extracted within the ROI using segmentation threshold

which gained by N-level-fitting techniques. In order to compare a candidate of extracted

contour, with the particular prototypes for classification, they use a generalization of the

Iterated Closest Point (ICP) algorithm. Their approach encodes the prototypes as a curve

which allows a fast computation of point to curve distances and which is composed of a

preferably low number of segments. The reconstructed contour point list of the extracted

connected component is passed to the prototype fitting algorithm after some plausibility

checks. As the prototype fitting minimizes the least squares error but not the Hausdorff

distance, the latter can even increase during the iterations. Nevertheless, the arrow point-

ing ahead is also the best fitting arrow according to the Hausdorff metric, which turns the

overall classification to the expected result.

Discriminant Analysis

Discriminant function analysis is a statistical analysis to predict a categorical dependent

variable by one or more continuous or binary independent variables. It is used when groups

are known a priori.

Li et al. [12] selects moment features and an improved minimal-error-rate classifier to

recognize different lane markers and other road markers. The lengths and slopes of lane

markers are also rapidly calculated using the moment features. They choose five kinds

of frequently appearing road markers as the objects of detection and recognition, namely

solid line, dash line, merge line, forward arrow, and forward-rightward arrow. Over 5000

samples of the five kinds of road marker are chosne in several image sequences taken in
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daytime, sunny or cloudy weather. Half of the sample set was used to train the classifier

and the other half was used to test it. Dozens of non-marker sample were also collected to

test the classifier. Fig. 2.16 shows the univariate probability distribution of the selected

features.

Wu et al. [101] computes their matching algorithm in two steps. First, they find putative

matching pairs of POIs based on their feature vectors, and secondly, they refine the result

through a structural matching algorithm that matches the 2D geometry of the POIs within

the road marking. For a subset of the matching edges, the POIs involved in the test im-

age and the template form two different shapes. Therefore, a matching cost between the

two shapes is calculated to decide if they have the same geometric structure. The videos

of the road scenes were recorded at 800x600 resolution. They collected 29 videos, which

contain a total of 28614 frames. Among those, 22 images are selected as the templates,

which contain ten different types of road signs including speed limit signs ”35” and ”40”,

”left turn”, ”right turn” and ”forward arrows”, and ”bike”, ”stop”, ”ped”, ”Xing” and

”rail” signs. Their true positive rate is about 90.1% and false positive rate is about 0.9%,

indicating that false positive detections occur only very rarely.

Ensemble Method

Ensemble methods use multiple algorithms to obtain better predictive performance than

could be obtained from any of the constituent algorithms.

Paula et al. [119] applied a cascade of binary classifiers to distinguish five types of mark-

ings: dashed, dashed-solid, solid-dashed, single-solid and double-solid.

He et al. [87] proposes a weighted edit distance strategy and assigns different devia-

tions with different weights to detect arrow road markings. They collected three freeway

datasets: clean/dirty arrow road marking images (300 images respectively), a video dataset

(arrow road marking and non-road marking images (670 images)). Specifically, a Weighted
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Figure 2.16: Univariate probability distribution of selected features. [12]
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Edit Distance strategy is used to measure the similarity between a coding string and six

ground truth string templates. The match which shares the shortest edit distance (also

must be within a predefined threshold) is chosen as the recognition result. An arrow

road marking’s deformation, abrasion and other negative impacts are transferred into L-

junction’s angle difference and position difference but the framework is robust enough to

tolerate them; as a L-junction within a range is encoded as the same code, the weighted

edit distance strategy can also handle this problem by assigning different impacts with

different penalty weight.

Support Vector Machine

Support vector machines (SVMs) are supervised learning models with associated learning

algorithms that analyze data used for classification and regression analysis. An SVM model

is a representation of the examples as points in space, mapped so that the examples of the

separate categories are divided by a clear gap that is as wide as possible.

Noda et al. [13] generates numerous learning images with the appearance variation in

their research in order to recognize road markings in real environments accurately. They

note that there are many factors that cause appearance changes of a road marking in an

in-vehicle camera image, such as changes of the camera position and camera posture, or

internal property of the camera. Fig. 2.17 shows examples of such appearance changes.

Therefore, they classify these factors into twelve groups and constructed a generation model

for each group.

• Shape deformation

• Resolution degradation

• Optical blur

• Motion blur

• Clipping error
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Figure 2.17: Road markings with appearance changes by [13]

Figure 2.18: Geometrical parameters used by [13]
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The generation models are used to generate road marking images for learning. As intro-

duced by them, in Japan, the shape and size of road markings are standardized, so they

prepared an image of the standard road marking image as the original image for generation.

Then parameters are utilized to configure the system. (Shown in Fig. 2.18)

Following is an overview of their generation process. First, a road-plane image which

includes the original road marking image was captured. Then, optical blur and motion

blur are added to the image. Next, the image is projected to the road-plane. Finally,

road marking images are clipped from the road-plane image with various clipping errors.

(Shown in Fig. 2.19) Their experiment achieved an overall recognition rates of 95% among

1000 frames including markings.

Figure 2.19: Generation parameters (normal distribution) in [13]

Wang et al. [84] applies an arrow markings detection and recognition algorithm based on

multi-class SVM. In the phase of training in their paper, the Euclidean distance of every

two classes from k class training samples is calculated, with small distances indicating two

classes are more similar.

Qin et al. [83] use SVM for the classification, with classifiers trained independently for
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each type of markings. Geometric features are extracted by them from each contour. The

selected features (Hu Moments, weights, Bounding Rectangle and approximate polygon)

are all rotation invariant, and generally carry enough geometric information for the con-

tour classification purposes. Their experiment result shows the classification performance

of each classifier under 5-fold cross validation.

Paula et al. [119] describes choices for the four binary classifiers C1, C2, C3 and C4,

as well as the feature vectors used for each classifier. For the classifier C1, SVM is chosen

and controlled by parameter C > 0. The experimental results indicate that the Radial-

Based-Function (RBF) kernel presents the best results, which is defined by:

Kγ(x, y) = e−γ‖x−y‖
2

(2.26)

where γ > 0 is the width parameter. They experimentally evaluated different values for

both C and with the holdout cross-validation randomly selecting a fraction g < 1 for train-

ing model, and a fraction 1− g for validation. They achieved cross validation accuracy as

100.0% and the estimated parameters were: C = 1 and γ = 4.

Schreiber et al. [14] detected symbols on roads (e.g. arrows, speed limits, bus lanes and

other pictograms) using TESSERACT, an Optical Character Recognition (OCR) System

trained by SVM. The obtained information can be used on one side to improve localiza-

tion, on the other side to provide further information for planning or generation of planning

maps. To prepare the OCR system, a font with the desired symbols was generated. The

font consists in the case of all letters, symbols and arrows allowed on German roads, which

is defined. To increase detection rate, two further fonts with the same characters slightly

slanted are generated. Fig. 2.20 shows all fonts used for training. A second set of training

data is generated with only symbols and arrows and the character ”I”. This allows a better

classification if a single symbol is detected on the road, since usually letters and numbers

occur in groups. With the character ”I”, a better differentiation between segments of

dashed lines and straight arrows is possible.
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Figure 2.20: Fonts used for training of TESSERACT in [14]

Furthermore, markers for the watershed based segmentation are computed as sets of three

markers (road/marking/road). A marker set consists of three pixel positions ul, um, ur in

one image row v, where ul is left of a road marking, um directly on the marking and ur

right of the marking. The following conditions must be fulfilled:

mmin < g(um, v) < mmax (2.27)

rmin < g(ul, v) < rmax (2.28)

rmin < g(ur, v) < rmax (2.29)

g(um, v)g(ul, v) > δgmin (2.30)

g(um, v)g(ur, v) > δgmin (2.31)

Gmed(ul, v) < G0 (2.32)

Gmed(ur, v) < G0 (2.33)

In total they tested 398 symbols painted on the 104 km road, including 364 arrows, 12

speed limits and 9 ”BUS” symbols. With both, monoscopic and stereoscopic system about

80% of the symbols are detected.

Li et al. [90] classifies each segment using SVM. After translation, scale and rotation

are normalized, the features are then extracted by calculating the distance di from the

center to the boundary of each segment at certain angles. Angles from 0o to 360o are
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Figure 2.21: Each line is checked from left to right if a position is found where all conditions
are fulfilled. By [14]

chosen with a step size of 30o. The value of this step size was chosen empirically and based

on numerous experiments. Each segment can then be described by the vector v = (d1; d2;

:::; d12). To distinguish the road markings from other regions, a non-linear SVM with a

radial basis function kernel is used then. Finally, their experiments show that the system

is capable of recognizing 93%, 95% and 91% of striped line segments, blocks and arrows

respectively, as well as 94% of the lane markings.

Neural Networks

Artificial neural networks (ANNs) are a family of models inspired by biological neural net-

works which are used to estimate or approximate functions that can depend on a large

number of inputs and are generally unknown. Artificial neural networks usually contains

sets of adaptive weights, and is capable of approximating non-linear functions of their in-

puts.

Wendling et al. [15] solved a similar problem in Line Drawings area by introducing specific

criteria. They found that an isoceles triangle has a unique angle bisector, passing by C,

which splits it into two symmetric parts. This bisector is also the median of the rectangle

in an arrow. With an assumption that the pattern is symmetric, they have shown that the

definition of angular and theoretical signatures and the aggregation of geometric criteria
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using the Choquet integral can achieve a robust detection of arrows. (Shown in Fig. 2.22)

They focus on a subpixel definition to decrease the aliasing resulting from Bresenhams

algorithm in order to increase the accuracy of method.

Figure 2.22: Discrete signature of an arrow By [15]

Kheyrollahi et al. [77] uses a trained single layer neural network classifier for individual

glyph classification prior to glyphword/pattern construction via a simple post-processing

matching methodology. After detection, objects are simplified to a contour representation

that is passed to an artificial neural network (ANN) classifier for recognition. For an overall

of 129 frames, a 85.2% recognition rate was achieved in their experiment.

He et al. [87] describes each road marking as a junction string and designed a machine

learning framework by using Boosting+CDNN (Convolutional Deep Neural Network) with

four million positive/negative training samples.

Liu et al. [88] applies prior knowledge of road makings to generate candidate road mark-

ing regions. Afterwards, a coarse-to-fine marking recognition method is presented. In the

coarse recognition, an Adaboost classifier with Haar-like feature is adopted to fast eliminate

non-marking candidates regions. In the fine recognition, an ELM classifier with BW-HOG

feature is designed to recognize the types of markings. Finally, a spatial-temporal fusion

method is introduced to further enhance the recognition accuracy and reliability of the

system. Their training dataset contains 5000 samples of road markings of ten types, about
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500 samples per type. The testing dataset contains 4000 samples of ten types, roughly 400

samples per type, and achieved a 97.84% detection rate of arrows.

Poggenhans et al. [89] achieved a classification result which is independent of orienta-

tion, position or the exact shape by using a histogram of the marking width as main part

of the feature vector for line-shaped markings and Optical Character Recognition (OCR)

for characters. Classification is done by an Artificial Neural Network (ANN). They have

also evaluated the approach over a 10.5 km drive through an urban area. And the recog-

nition rates from a realistic road scenario were at 80% overall, with arrow detection rate

at 85% in a 2013 frames database including 105 arrows.

Chen et al. [117] present their approach for road marking detection and classification

by using binarized normed gradient (BING) method and classification of PCA network

(PCANet). Their road marking dataset contains 1,443 road images. Among them, 60%

images are randomly choose for training and the remaining 40% images are used for testing.

Upon training, the system can detect 9 classes of road markings with an accuracy better

than 96.8%.

2.4 Tracking Stage

To enable the following of lane marking over time, a tracking stage is usually incorporated.

2.4.1 Kalman Filter

The most common trackers used in assistant driving systems are Kalman filters and Par-

ticle filters.

Lu [123] used Kalman filters to track the endpoint of road lines detected in front of ego

vehicle and performed a Point Clustering Comparison of related four points. To normalize

the position used for tracking, he selected an appropriate y-value and cut the detected line
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with the same vertical position. According to the results of his experiment, the process of

lane detection and tracking (LDT) system as proposed in the comprehensive module are

considered as a Gaussian stochastic process.

Kalman Model

According to [124], the inner connection between the state of a model at time k and the

state of (k − 1) can be described as follow:

xk = Fkxk−1 +Bkuk +Wk (2.34)

Where Fk is the state transition matrix which needs to be applied to the previous state

vector xk1 in order for updating; Bk is the control matrix to update the external control

vector uk; Wk is the process noise with a covariance of Qk, which is:

Wk ∼ N(0, Qk) (2.35)

At time k, the measurement vector zk of the state variable xk can be acquired according

to

zk = Hkxk−1 + vk (2.36)

where Hk is the observation matrix; vk is the measurement noise with a covariance of Rk,

which is:

vk ∼ N(0, Rk) (2.37)

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

dent to each other.
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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:

x̂k|k−1 = Fkx̂k−1|k−1 +Bkuk (2.38)

and the priori estimation error covariance:

Pk|k−1 = FkPk−1|k−1F
T
k +Qk (2.39)

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:

ỹk = zk −Hkx̂k|k−1 (2.40)

Innovation covariance:

Sk = HkPk|k−1H
T
k +Rk (2.41)
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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:

Kk = Pk|k−1H
T
k S
−1
k (2.42)

Posteriori (after being updated) error estimation covariance:

Pk|k = (I −KkHk)Pk|k−1 (2.43)

Posteriori (after being updated) state estimation:

x̂k|k = x̂k|k−1 +Kkỹk (2.44)

It is pointed out in [124] that, the formula for the updated estimation and error covariance

above are valid only under the condition of the optimal Kalman gain (Equation 2.42).

Thanks to the inherent recursive ability, Kalman filter is able to run in real-time by taking

advantage of measurement and estimation results.

Lane Tracking with Kalman Filter

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

to the starting point Pt0(XPt0 , YPt0) and ending point Pt1(XPt1 , YPt1). Notable in this

case, the measurement noise (Rk) and process noise (Qk) which result from lane detection

can be deemed as Gaussianly distributed, which makes the lane tracking for the compre-

hensive module to be based on Gaussian stochastic process. Also because there is not input

from external control in the proposed system, the control vector uk and control matrix Bk
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in Equation 2.34 will not be taken into account.

Recalling Equation 2.34, where xk is the state vector, Fk is the state transition matrix.

We define the state vector as:

xk = [XPt0YPt0XPt1YPt1X
′
Pt0
Y ′Pt0X

′
Pt1
Y ′Pt1 ]

T (2.45)

where X ′ and Y ′ are the derivative form of X and Y .

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

matrix can be defined as following:

Fk =



1 0 0 0 0.5 0 0 0

0 1 0 0 0 0.5 0 0

0 0 1 0 0 0 0.5 0

0 0 0 1 0 0 0 0.5

0 0 0 0 1 0 0 0

0 0 0 0 0 1 0 0

0 0 0 0 0 0 1 0

0 0 0 0 0 0 0 1


uk = 0

The coordinates of Pt0 and Pt1 are taken as measurement zk for every instance:

zk = [XPt0YPt0XPt1YPt1 ]
T (2.46)

2.4.2 Particle Filter

Particle filter is another reliable option for lane tracking.
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Vacek et al. [100] successfully uses a particle filter to track a single lane. In his work,

each particle represents one sample and the evaluation function determines the probability

having the measurements given this particular sample. Each particle represents a particular

parameter set of the lane model Mi, described by the four introduced parameters:

Mi =
{
xi0, ψ

i, ωi, φi
}
. (2.47)

The a-posteriori probability for each particle is calculated by evaluating different cues with

each cue representing a specific hint about the observed scene. The cues used in this work

are:

• Lane marker cue (LM), estimating the probability of having lane markings under the

projected model.

• Road edge cue (RE), estimating the probability of having edge elements at the borders

of the lane.

• Road color cue (RC), estimating the probability of having an area of road color under

the projected area.

• Non-road color cue (NRC), estimating the probability of having an area of non-road

color outside the projected area.

• Elastic lane cue (EL), evaluating the expected offset of the lane.

• Lane width cue (LW), evaluating the expected width of the lane.

Each cue gives a value between 0.0 and 1.0 and the overall rate of a particle p(M i) evaluates

to:

p(M i) = pLM(M i) · pRE(M i) · pRC(M i) · pNRC(M i) · pEL(M i) · pLW (M i) (2.48)
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The resulting estimation p(M̂) is then given by the weighted sum of all particles. This

value is compared with two thresholds in order to decide, if a lane was really tracked.
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Chapter 3

System Architecture

As explained in Chapter 1, a real-time system is proposed in this thesis aimed at lane

marking detection and recognition. Compared with previous work listed in Chapter 2,

the proposed method shares a similar but notably different framework. A discussion of

characteristics of road line and road markings according to the construction manual of

civil engineering was introduced in the beginning of this chapter. Then an MSER-based

high-efficiency integrated solution was denoted accordingly. The main idea of the pro-

posed method includes a creative descriptor of the 4 extreme points set and a rule-based

cascaded classifier, which are designed to classified detected objects, because this combi-

nation makes the best use of the characteristics of road. The whole processing method,

including preprocessing by applying a rectangular ROI in the bottom of the image and

mapping 3-colour channel image to grayscale images, detects the lines as well as arrows

and HOVs using MSER based on grayscale images, calculates and collects 4-points of each

contour of interest, then classifies the residual blobs by rules. The process of the proposed

algorithm is organized as in Fig. 3.1):

3.1 Preprocessing

Specifically, in the preprocessing step, ROI was chosen to decrease the computation cost

while maintaining most of the useful information contained in the raw data. Unlike most of
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Figure 3.1: Flowchart: Recognition part is the main contribution.
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the methods utilized by the references, the smoothing filter has not been used because the

proposed detection method is not sensitive to the noise point. Similarly, with an assumption

that a moving car will maintain a safe distance from surrounding vehicles, binarization

becomes unnecessary since segmentation between foreground and background can be done

by approximate estimation based on distance. Inverse Perspective Transform(IPT) was

widely used in references cited before. Since the classifier used here (the relationship

between 4 extreme points) will not be affected by distortion, IPT is not implemented in

this thesis. Vanishing point tracking, as a useful supplement, has been introduced in the

enhanced analysis section, the last section of this chapter.

3.1.1 Region of Interest

As introduced in the previous chapter, different strategies were implemented by researchers

according to the methods they used. For instance, a rectangular region in front of the ve-

hicle was widely used in this part because of the commonly agreed-upon assumption that

this part contains more useful information. On the other hand, trapezoid areas are often

used as ROI when IPT was the selected method. Otherwise, the car hood and windscreen

wipers are usually important areas of concern.

In our experiments, we installed the camera close to the front windshield of the vehi-

cle. As a result, the lower part of the road captured by the camera was covered by the

hood. To reduce the distraction from ego vehicle and sky, we set our ROI at (0,240) to

(640,420) (opposite corner of the rectangle, shown in Fig. 3.2), with respect to the original

resolution at 640×480.

3.1.2 MSER Extraction

Researchers have employed various methods to attempt to extract the edge information of

the ROI. Additionally, they tend to use smoothing methods (Gaussian Filter 2.1.2, Me-

dian Filters 2.1.2, etc.) before edge detection to remove unwanted information, blur the
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Figure 3.2: ROI of proposed method

difference inside the region and keep regions with stable luminance. This can result in

the omission of details, especially in the edges of regions where luminance changes rapidly.

To balance between keeping desired details and removing extraneous information, we use

Maximally Stable Extremal Region (MSER) for the preprocessing stage. MSER was pro-

posed in [125] in order to Finding reliable correspondences in two images of a Scene and

has rarely been used in lane marking detection. Compared to edge-based segmentation,

the biggest advantage of MSER is that it only recognizes the stable extremal region (e.g.,

lane markings, traffic signs or dark parts of cars), and successfully ignores unpredicted

undesirable regions (e.g., potholes and obstacles on the road).

In [126], Sun et al. proposed a method which consists of describing MSER patches us-

ing SIFT-based descriptors, followed by a graphical model to localize lane markings. Wu

et al. [10] used MSER to detect traffic signs painted on the road such as arrows, pedes-

trian crossings, and speed limits by a stereo camera system. In contrast to [126], which

involves an unsupervised learning algorithm and off-line training, our proposed system

directly takes advantage of MSER blobs to extract the features of lane markings (lines

and pictograms). In addition, our proposed method uses MSER results to set the ROI

for detection stage, allows the improvement of MSER and Hough transform results, and

increases the detection rate of lane markings.
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For a gray image, which can be described as a mapping: (x, y) ∈ Z2 → L, where Z2

represents a set of pixels with coordinates (x, y), and L represents a set of luminance of

pixels ranges that vary from 0 to 255. The term region we use here represents a contiguous

subset S of the space Z2 (specifically for 4-neighbourhoods) which satisfies:

∀p, q ∈ S, p, q 6= ∅;

∃Series { p, a1, a2, a3, . . . , ai−1, ai, q } ,

where a1, a2, a3, . . . , ai−1, ai ∈ S.

s.t.


|p− a1| = 1;

|ai − q| = 1;∑i
j=2 |aj − aj−1| = i− 1;

(3.1)

A region S is called an extremal region when an arbitrary element in the region satisfies

the mapping rule S → m ≤ l; where m, l ∈ L, m represents the mapped value in L of an

arbitrary element in S, and l is a pre-defined threshold which ranges in [0, 255]. A stable

extremal region is an extremal region S that does not change significantly while varies

levels applied.

Let: R(Sl) = Sl, Sl+1, Sl+2, . . . , Sl+∆−1, Sl+∆ be a branch of trees rooted in Sl and sat-

isfied: Sl ⊂ Sl+1 ⊂ Sl+2 ⊂ . . . ⊂ Sl+∆−1 ⊂ Sl+∆. In order to measure the stability of

different extremal region, we use the following equation (as proposed in [125]):

q(l) =
card(Sl+∆ − Sl)

card(Sl)
(3.2)

where card(Sl) represents the cardinality of a set S (one extremal region). An extremal

region Sl can be chosen as a stable extremal region only in case when q(l) of Sl is in

the lower level among the entire extremal regions. For certain ∆ ∈ L, Maximally Stable

Extremal Region can be obtained by choosing the stable extremal region with the smallest

q(l) of all stable extremal regions.
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Figure 3.3: 6×6 Gray Image

As Fig. 3.3 showed, we have a gray image which contains 6×6=36 pixels. Each pixel has

its own gray level (0-5). The smaller its value is, the darker its colour appears. This table

can also be represented using a gradient map. Fig. 3.4 and Fig. 3.5 are the side view and

top view of such a gradient map respectively.

In Fig. 3.6, the process of iterations of MSER was shown step by step. First of all,

only the darkest area (value=0) was picked up and marked into 5 connected regions (4-

neighbourhood rules applied).

A = {0, 0}, B = {0, 0}, C = {0}, D = {0}, E = {0} (3.3)

Then, taking value 1 into account, the regions have changed but the number of regions

remains the same.

A = {0, 0}, F = {1, 1, 0, 0, 0, 1, 1, 1}, G = {1}, H = {1, 1, 0}, E = {0} (3.4)
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Figure3.4:Graylevelin3-Dspace

Figure3.5:Topviewofgraylevelin3-Dspace
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Figure 3.6: Iterations of MSER
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Inthethirdstep,value2hasbeenadded,howeverthenumberofconnectedregionsremains

unchanged.

A={0,0},F={1,1,0,0,0,1,1,1},G={1},H={1,1,0},I={0,2,2} (3.5)

Then,value3wasincludedandnumberofregionschangesto3.

A={0,0},J={1,1,0,0,0,1,1,1,3,2,2,3,3,3,0,3,0,1,1,3,3},G={1} (3.6)

Instep5andstep6,thecomponentsselectedareallconnectedthereforethenumberof

regionsis1.Duringtheiterations,itwasclearlyshownthatmostoftheregionsobtained

throughtheentireprocesshavenestedrelationshipswithoneormoreregionsfoundin

previoussteps.

Figure3.7:Nestrelationbetweenregions

Bycalculatingthelocalminimumchangeofconnectedregionset’scardinalityaccording

toformula3.2,athreshold∆canbeobtained3.1,whichprovidesacriticalparameter

todetecttheregionthathasminordifferencesofinnerluminance. Taking3pixelsasa

thresholdofminimumarea,anyregionobtainedwhichissmallerorequalto3pixelshas

beenneglected.TheresidualregionsunderconsiderationareF,H,I,J,K,L.
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Table3.1:PathandRelationinMSER

Path/q(i) q(1) q(2) q(3) q(4) q(5)

A-K-L 0.00 0.00 0.00 13.50 0.24

B-F-J-K-L 3.00 0.00 1.63 0.38 0.24

C-F-J-K-L 7.00 0.00 1.63 0.38 0.24

D-H-J-K-L 2.00 0.00 6.00 0.38 0.24

E-I-J-K-L 0.00 2.00 6.00 0.38 0.24

G-K-L N/A 0.00 0.00 28.00 0.24

Figure3.8:Selectedpathafterfilteringbythreshold

Min{Sequence[F,J,K,L]}=q(K)=0.24 (3.7)

Min{Sequence[H,J,K,L]}=q(K)=0.24 (3.8)

Min{Sequence[I,J,K,L]}=q(K)=0.24 (3.9)

Asaresult,KistheMSERinthiscase.
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3.1.3 Refinement of MSER results

It must be noted that MSER is however more computationally expensive than edge-based

detectors. Moreover, sometimes, MSER-blobs contain unwanted details as well as desired

pixels. This makes it necessary to refine the results of MSER. In order to improve the

time efficiency of the entire system, and based on the scanning method proposed in [127],

a novel refinement scheme is proposed in Section 4.

Recall that the recognition system proposed in this paper does not only recognize the line

Algorithm 2: Scanning Refinement of MSER

1 Input:Binarized images with MSER blobs
2 Output:Refined contours of MSER blobs
3 x and y: coordinates of a pixel point (x, y) in the binarized image
4 width and height: the width and height of binarized image
5 P (x, y): pixel value of the point (x, y)

6 if Scanning for left area then
7 for y = 0 to height do
8 for x = width

2
to 0 do

9 if P (x, y)! = 0 then
10 x−− ;
11 continue;

12 else
13 y + +;
14 break;

15 else
16 for y = 0 to height do
17 for x = width

2
+ 1 to width do

18 if P (x, y)! = 0 then
19 x+ + ;
20 continue;

21 else
22 y + + ;
23 break;

markings but also recognizes pictogram markings (HOV and arrows painted on the road

surface). To keep the details of line and pictogram markings while eliminating extraneous
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data, three stages are used:

• Stage 1: Finding the Minimum Bounding Rectangle (MBR) of all MSER blobs within

input frames;

• Stage 2: Using the length-width ratio of each MBR to filter out non-line-marking

blobs;

• Stage 3: Using the scanning method shown in Algorithm [127] to locate line marking

edges.

Stages 1 and 2 aim at selecting blobs with similar shapes to the line marking blobs (based

on the length-width ratio). Stage 3 is used to reduce the input pixels in the next detection

stage by creating a one-pixel-width edge for line marking blobs.

Finding Minimum Bounding Rectangles

Minimum Bounding Rectangle (MBR) is the 2-dimensional form of Minimum Bounding

Box and is defined as the smallest rectangle that contains every point within a given

blob. MBR is used in our work to envelop desired regions (blobs of line and pictogram

markings) located inside lanes, as well as undesired blobs outside lanes. Undesired blobs

are then filtered out. Specifically, according to the width-length of each rectangle, we can

select appropriate blobs. As a result, rectangles of the minimum area enclosing each input

(blobs) must be produced. Fig. 3.9 and 3.10 demonstrate the process of generating an

MBR. First, for each blob generated previously (Fig. 3.9), we draw a bounding rectangle

which envelops the current blob, and shrink its boundaries until they meet the edge of the

contour of the blob (as shown in Fig. 3.9); then, we record the new rectangle (red rectangle

in Fig. 3.10). Second, we rotate the bounding rectangle by an angle of 10 degrees and

shrink again following the same procedure performed previously. We repeat this process

for each angle, increasing by 10 degrees; in this way, we cover the entire 360-degree plan.

From the 36 bounding rectangles that have been generated, we select the smallest one that

contains every point in the blob, and we eliminate rectangles that do not contain all blobs
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pixels (which might be smaller than the blob and does not contain all of its pixels). This

algorithm is performed for all blobs found in the previous step.

Figure 3.9: Bounding Rectangle

The shrinking process used to generate a Minimum Bounding Rectangle: Step 1 begins

at the top of a rectangular box and continues until it reaches an edge point of the closed

region; Step 2 and 3 start from the left and right sides, respectively, until edge points are

met; Step 4 begins at the bottom and stops when edge points are reached.

Shrunken rectangles for every rotation. The rotation increment is 10 degrees.

Length-width ratio

After MBR-stage, a series of rectangles enveloping blobs are generated. The length-width

ratio of each MBR is then calculated. It is commonly known that line markings are

usually much slimmer than other objects (as shown in Fig. 3.11). In other words, it is

easier to extract road lines from blobs, which have an exclusively large length-width ratio.

Empirically, we found that the length of a line marking rectangle is usually more than twice

the length of its width. This can be used to differentiate the potential line blobs from other

objects. During our experiments, we noticed that some other slim objects (e.g. trees and

electrical poles in Fig. 3.11) can be erroneously extracted as line marking blobs. To address
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Figure 3.10: Rotate to find Minimum Bounding Rectangle

this, a scanning method called MSER Refinement is applied afterwards to exclude those

slim outliers.

Scanning Method

Empirically, we found that MSER-blobs contain considerable extraneous details as well as

desired pixels, as shown in Fig. 3.12. This makes it necessary to refine the results of MSER

segmentation stage. Based on the fact that the number of objects located between the left

and right line markings is lower than those outside the line markings (as shown in Fig.

3.12), it is reasonable to say that line marking blobs are located near the middle column

(as the red dash line in Fig. 3.12) compared to other blobs located outside lane boundaries.

As a matter of fact, areas between line markings are mainly road surface, which has very

weak luminance compared to other objects in grayscale images. Since MSER only extracts

the stable extremal region, undesirable points within the left and the right line markings

can be eliminated from MSER-blobs. This is different from edge detection which extracts

features of both stable extremal regions and unwanted regions.
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Figure 3.11: MSER blobs detected

Figure 3.12: Scanning process starts from the middle column
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The length of a line marking rectangle should be more than twice the width in Fig. 3.11.

In Fig. 3.12, the red dash lines in (Top) and (Bottom) in the middle indicates the middle

column of the ROI, while dash arrows in (Top) indicate the scanning direction of left and

right areas divided by middle column. For every row of each area, the scanning process

stops when the first white pixel is reached by the arrow. Red solid lines depict the entire

contour after refinement.

Hence, we propose a scanning method for the binarized picture as described in Algorithm

2. Starting from the middle pixel of each row, scanning is performed in both left and right

directions. MSER blobs are drawn in white, while the non-MSER area is kept black. The

scanning of each image row stops when we find the first white pixel in left and right areas,

respectively. The output of the proposed scanning method is MSER blobs shrunken into

pieces of lines, which are actually partial contours of MSER blobs (as shown in Fig. 3.12).

More importantly, because the scanning process starts from the middle column, these con-

tours only belong to blobs that are close to the middle column in left and right areas. At

its most extreme, this method actually depicts the contours of line-marking-blobs which

are close to middle column. Moreover, the proposed scanning rule results in selected con-

tours that are one pixel in width, which minimizes extraneous blobs and makes long linear

features more easily recognizable by Hough transform. However, the proposed scanning

method has two drawbacks.

First, even though extraneous points within areas between left and right line markings

rarely form MSER-blobs, real-life scenarios occasionally have MSER-blobs located between

left and right line markings (coming from cars or an area of erosion on the road, shown as

red circular areas in Fig. 3.13). Our proposed scanning method might inevitably take the

contour of those extraneous blobs as line marking candidates, and then feed those pixels

together with the real line marking pixels to PPHT. To eliminate unwanted blobs, as shown

in Fig. 4, we proceed as follows: we know that the scanning method only selects at most

two pixels in a row (one pixel per area), which results in selected line candidates that are

only one pixel in width. This dramatically weakens the contour of annoying blobs between
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line markings and makes the continuous contours of line marking blobs more prominent.

On the other hand, PPHT can further remove the contours of MSER-blobs by thresholding

length and angle of detected line segments.

Figure 3.13: Drawbacks of the proposed scanning rule: blobs between line markings and
outside the current lane.

The second drawback of the proposed scanning method is that, for dashed lines, blobs

outside line boundaries (described as a red ellipse area in Fig. 3.13) have white pixels in

rows between dashes. This might create additional undesireable contours for those rows.

Experimentally, we found that PPHT can handle the above issues by thresholding the

length and angles of line candidates. That is, by an appropriate thresholding, lines located

in irrelevant regions will not be selected as line markings.
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3.2 Line Detection and Recognition

Line detection, as well as line recognition, was applied to help to detect lane markings since

both line and markings detection share a common process which enabled us to integrate our

previous work about line detection and other applications based on MSER in a systematic

structure.

3.2.1 Features of Road Line

Line markings are the markings painted on the road surface as the boundary of sub-lane

for vehicles travelling in the same or different directions. The most common line types in

North America are dashed lines and solid lines.

A solid line is a long rectangle painted on the road parallel to the direction of the road

itself. For instance, there usually exists one solid line in the middle of roads which divides

the road surface into two parts. Cars travelling in different directions use only their own

side, e.g. right in North America, according to the traffic rules to avoid collision.

Dashed lines, also known as broken lines, appear as discrete rectangles painted on the

road surface, which have the characteristic of collinearity on their long-sided edges. This

type indicates that lane changing through this line is allowed.

Colours, such as white and yellow, contribute a lot of information to the traffic system.

Generally, white lines, regardless of whether they are solid or dashed, represent that all the

vehicles adjacent to it are moving in the same direction. On the contrary, vehicles from

different sides of a yellow line, regardless of whether the line is solid or dashed, are moving

in opposite directions.
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3.2.2 Road Line Detection

By applying Hough Transform after MSER, lines pointed toward the vanishing point can

be extracted and clustered. The processing can be shown in Fig. 3.14.

Figure 3.14: Images from left to right in first row and second row are: Original Image,
Polarized Image, Edges detected in Image, Lines in Hough Space

After polarization, edge detection, and line detection in Hough Space, the number of

candidates has been dramatically decreased. An example was shown in Fig. 3.15.

3.2.3 Road Line Recognition

After Hough transform, a set of lines were extracted where the lines we are interested in

usually lie around us with shortest distance among all candidates. Applying this feature,

the longest and closest lines from the left side and right side were chosen as the selected

lines for further analysis.
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Figure 3.15: Candidates Lines extracted by Hough Transform

Figure 3.16: Chosen Lines after selection
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Color Recognition

The original image captured by the camera was coded in RGB space. While it required

too many cuts, when separated into white and yellow,

Figure 3.17: RGB-Color Space(LEFT) and HSV-Color Space(RIGHT)

Two dimension thresholds (Hue and Chroma) can easily separate white and yellow in HSV

space.

Figure 3.18: Color of pixels in the edge

By analysing the distributions of kinds of colors, several groups are collected from the

points produced by MSER. Among all, the main color represents the colour of lines in each

side separately.
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Shape Recognition

According to the features of the related graphs, we can see dashed lines and solid lines

display obviously different behaviours.

Figure 3.19: Original road line blobs

Figure 3.20: Edges of road line after scanning

∆h =

∣∣∣∣ρ(h− 1, h) + ρ(h, h+ 1)

2

∣∣∣∣
h is an edge of a line iff ∆h � ∆h−1.

(3.10)

Most notably, each point of the fitting line of the dashed line has more discontinuity than

others, which can be explained by the natural shape of the dashed line. What should be

pointed out is that the threshold of the numbers of gaps and other properties of the dashed

line rely on ROI and the results of our experiments.
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Figure 3.21: Gaps between dash lines

3.3 Markings Detection and Recognition

3.3.1 Features of Markings

The traditional method used for marking recognition is based on the invariant of the pattern

on a 2-D plane. For instance, Hu-moment and HOG features are invariants with respect

to translation, scale, and rotation. Such methods can perfectly match the requirement

of a road sign. The competition results of German Traffic Sign Recognition Benchmark

(GTSRB) indicates that the latest CNNs performance has already exceeded human beings,

reaching 99.64% recognition rate. However, the performance of recognition of road surface

markings is not good enough. The main reason for this phenomenon is the distortion of

the image. Due to variability of distance and depression angle, the image of the object

has unique distortion, which is hard to classify through traditional features mentioned in

references.

In order to solve this problem, IPT was used by most of the researchers, where the method

relies on the internal parameters and external parameters measured in real time. Although

the residual processing after IPT can be transformed into a traditional recognition prob-

lem which was already learned in 2.3, this serialization method also decreases the overall

performance.

It was clearly shown in the history of image processing that for a specific purpose the

optimized method has its comparative advantage. For example, SIFT is considered most
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effective in face recognition when it was published in 1999 for general object detection.

Similarly, HOG was first described in 2005, and was initially used for pedestrian detection

in static images. Since road surface markings are usually standard geometric diagrams or

combinations thereof, we believed that there existed some feature which can be used to

describe the markings with constant distortion.

In a model of the ego vehicle and its closed area, a metric based on Euclidean space

assumption can be used. According to a method of geometric-transillumination, the dis-

tortion of a pattern is caused by distance. For instance, a house looks larger when it is

close to the observer. For a line lying perpendicular to the optical axis, the width of it

may increase evenly when it moves from far away to the closing area. For lines which do

not lie perpendicular to the optical axis, sections of the line closer to the closing area will

increase in width faster than sections further away from the closing area, taking length

and perspective into account.

Figure 3.22: Relation between object in real world and its image
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Figure 3.23: Change of image in different distance

As shown in the figures above, three parallel images indicate the image captured by a cam-

era from a moving vehicle successively. While different from the original image of diamond

which has four axises of symmetry, the image with distortion has only one axis of symme-

try. In particular, the image is asymmetric if the moving direction of the car is different

from the road lane direction but can be calibrated. In this perspective, it is possible to use

the symmetry of paintings to analyse and classify. In a generalized view, such symmetry

features can be understood as the object has maintained its width relatively in the virtual

plane perpendicular to the focal plane. Through using this relation, it is easy to classify

the markings with distortion even though some markings like arrows are not symmetrical.

The following content will give the feature of HOV and arrow markings.
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Figure 3.24: Sideview of the whole system

HOV Markings

HOV lane is short for High Occupancy Vehicle lane. It was also known as an HOV, car-

pool lane, diamond lane, and transit lane or T2 or T3 lanes in Australia and New Zealand.

This restricted traffic lane is reserved at peak travel times or longer for the exclusive use of

vehicles with a driver and one or more passengers (regulations vary in different countries),

including carpools, vanpools, and transit buses.

According to a report from Transport Canada [128], Canada’s first HOV lanes were devel-

oped in Greater Vancouver and Toronto in the early 1990s. These were followed shortly

afterwards in Ottawa, Gatineau, Montreal and later in Calgary. There are now approxi-

mately 150 lane kilometres of highway HOV facilities in 11 locations in B.C., Ontario, and

Quebec. There are also over 130 lane kilometres of arterial HOV facilities in 24 locations

in Greater Vancouver, Calgary, Toronto, Ottawa, and Gatineau. Additional highway and
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arterial facilities are being studied or are planned in locations across Canada, including

large-scale extensions of existing HOV lanes and new facilities in Toronto and Vancouver.

Even with such widely usage of the HOV sign and its derivatives, there are no official

requirements or design standard in this field for the urban area. (Regulations already exist

for the symbol in air transportation and rail transportation. Guidance for transportation

practitioners like the Ontario Traffic Manual can be found in [16] but are not legally bind-

ing.) That leads to a situation where we cannot use specific measurement information to

judge if a marking is or not an HOV marking. As a result, we found that the universal

character of an HOV sign is the nest relation between two diamonds and its two axes of

symmetry.

Figure 3.25: HOV sign definition by [16]
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Arrow Markings

Similar to HOV detection, it was also hard to define what an arrow is generally. In this

thesis, we treated them as a combination of a triangle and a body. While most of the tri-

angles used in road marking were isosceles triangles, it was extremely difficult to describe

the bodies since the shape and position of each marking differs considerably. Nevertheless,

we still found through observation that as a rule, the centroid of the body was closer to

ego vehicle than the triangle when the whole arrow was in front of us.

There are numerous types of arrow markings in the world. With different sizes and shapes

in different countries, arrows can hardly be recognized simply based on the proportion of

each part. However, finding the boundary of of arrows body can help distinguish their

types. An arrow marking contains a body which is similar to a rectangle just like short

dashed lane markings (as shown in Fig. 3.19). Similar to HOV detection, we found multiple

axes of symmetry existed in the body and triangle part of the arrow separately.

3.3.2 Markings Detection

In this section, we will discuss a new method to recognize the contour of objects we are

interested in. As was shown in Chapter 2, most of the methods already implemented are

based on a template. Specifically, some of them are based on data-based training and

others rely on precise measurement (especially in German).

Boundary set by Line Detection

Methods of line detection as well as methods of line recognition were discussed in Section

3.2. Since our final purpose is to design an ADAS, a framework including multiple functions

is significantly important to us. As a result, line recognition results are used as part of

the classifier to contribute to the recognition of other road markings. Specifically, it was

used by defining new ROIs for the later filter. As an assumption of the proposed method,

road markings including HOV and arrow markings are supposedly located inside of the
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twoboundarylinesoftheroadlanewearedrivingon.Suchanaccuratetrapezoidalzone

(ortriangularzoneifthevanishingpointisintheROI)candramaticallydecreasethe

computationcostformarkingdetection.

Figure3.26:Cooperationbetweenlinedetectionandmarkingsdetection

Contourfilterbyarea

Therearefewercontoursleftbetweenlanemarkings,whilemostoftheirrelevantcontours

sofarshouldbevehiclesinfrontorroadsurfacepatches,etc.Comparingthemarkingsin

theROI,itisreasonabletoassumetheareasofmostvehiclesarebiggerthanmarkings,

whilethepatchesaresmaller.Thatledtothethresholdofthearea,whichwedefinedin

thiscaseasbigas20pixels(basedon640×480resolutionofthecamera).

Contourfilterbycolor

DifferentfromthemethodusedinSection3.2.3,thecolourofroadmarkingsshouldbe

closetopurewhiteinRGBspace. Henceinourcase,weshouldatleastcalculateeach

objectthreetimesinalllayers. Moreover,foreachcontour,thecolordistributionisuneven.

WeusedthemeanvalueofR,G,Blayerseparatelyandreservedonlythecontourswhich

satisfiedthecondition(R>200,G>200,B>200).
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Relativelocationfilter

Aftercolorfiltering,mostnon-lanemarkingcontourscanbeeliminated.However,insome

challengingsituations,multiplemarkingsmayexistwithinasinglelane.Inordertodeal

withthisissue,wehavetochoosethemarkingwhichisverticallyclosesttothedriver.To

doso,wetraverseallcontourpointsanddenotethetop,bottom,leftmost,andrightmost

pointsofall.Bycomparingthebottompointsofcontourcandidates,wecanchoosethe

contourwhichisverticallyclosesttous.(asshowninFig.3.27)

Figure3.27:Performanceof4extremepointssetDescriptorwithdifferentobjects

Convexjustification

Aftertheprevioussteps,thecontoursweobtainedshouldbeaconvexornon-convexfigure.

Forinstance,convexgraphsincludeHOV(highoccupancyvehicles)signs,wordsenclosed

withinaframe,triangles,rectangles,etc.Non-convexgraphsincludearrows(straight,left,

right,combinationsthereof),X(railwaycrossings),wordswithoutframes,bicyclepatterns,

anyotherirregularfigures,etc.Hence,itisnecessarytodistinguishconvexandnon-convex

figures.Todoso,weneedtoextractthepointsetoftheouteredgeofacontour.Then,

wecheckiftherearedefectpointsbetweentwoadjacentpointsonebyonefollowedthe

edge.Iftherearenodefectpoints,weconsiderthiscontourasaconvexfigure,otherwise

thefigureisnon-convex.(asshowninFig.3.29)
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Figure3.28:Segmentationbydifferentlanes

Figure3.29: MeasurementofConvexpattern
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3.3.3 Markings Recognition

As introduced in Section 3.3.1, the features of HOV and arrow markings are different.

To measure the differences between different classes, 4 extreme points set descriptor was

introduced first in this subsection. The following sections will describe the recognition

process of HOV signs and arrow markings separately.

4 Extreme Points Set Descriptor

Some similar work in the field was conducted using FAST corner detection [10], however

in the real world, the corner detected only by FAST was not accurate enough because of

the erosion of markings themselves. Although the combination of high definition mapping

and corner detection results can provide good performance, the computation cost is still

considerable. To solve this problem, we extracted a similar feature to ”corners” but avoided

traditional complex algorithms in our proposed method. Specifically, 4 extreme points set

was used here which includes leftmost point, rightmost point, top point and bottom point.

These four points are easier to extract from each blob detected. By scanning rows or

columns from four directions, the run time of this algorithm is only o(n). Fig. 3.30 and

Fig. 3.31 are examples of usage of 4 extreme points set descriptor.

As shown in Fig. 3.31, we can obtain top point, bottom point, leftmost point and rightmost

point separately following a similar method in Fig. 3.30. Among these 4 points, top point

provides the most important information because it usually contains the orientation of the

arrow. Although bottom points may shift/extend from the left to the right of the bottom

line, the connection lines between the bottom point and other three points can also be

analyzed to extract the information about the type of arrow.

HOV Markings Recognition

So far we know an HOV sign is made by two nested diamonds while the contents between

the two contours are filled by white colour. In traditional Euclidean space, the diagonals
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Figure3.30:4extremepointssetdescriptor

Figure3.31:Distinguishbetweendifferentarrowdirections
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ofarhombusareperpendicular(ShowninFig.3.32.c).Inordertoverifythischaracter,

weneedtofindthenodesofarhombus.

Toachievethis,weusedtwogroupsofverticallinestoapproachtothenodeofrhom-

busfromoutside.[Fig.3.32.d]Afterthis,weverifiedtherhombuswithanappropriate

tolerancevalueoftheanglebetweendiagonalsoftherhombus.

Figure3.32:4extremepointsofHOVsign

Tonarrowthedetectionrangeandfocusonthecontentsontheroadsurface,lanemarkings

shouldbeusedtoseparatecontentsonaroadsurfacewithoutliersoutsideroadsurface.
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In this case, only two lines should be selected.

In order to do so, we extended all the lines to reach the bottom of ROI. Within both

the left and right area of the middle line, the point which is closest to middle line must be

selected from all bottom points of lines (as shown in Fig. 3.33). The line with the bottom

point closest to the middle line is considered as the left lane marking.

Figure 3.33: Virtual middle line and marking

The following step is to justify if a candidate in accord with the HOV sign. HOV is a

special sign among all convex markings because its character is unique and easy to extract.

Since we already obtained the top, bottom, leftmost, and rightmost points, the line which

links top and bottom points should be perpendicular to the line connecting leftmost point

and rightmost point. Also, the orientation of the line linking top and bottom points should

point to the vanishing point. If a convex figure satisfies the requirements above, we regard

this sign as an HOV sign.
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Arrow MarkingsRecognition

Therulesusedinthispartcanbeoutlinedinthetablebelow:

Table3.2:4extremepointssetrules

Left Middle Right

TopPoint TurnLeft GoStraight TurnRight

LeftPoint TurnLeft n/a n/a

RightPoint n/a n/a TurnRight

Wherethe”Left”meansthepointisfartotheleftside(withathresholderdistanceto

leftboundary)oftheleftstraightboundary,the”Middle”meansthepointisbetweenleft

andrightstraightboundaries,whilethe”Right”meansthepointliesfartotherightside

oftherightboundary(athresholdforthedistancetorightboundaryisneededaswell).

Fig.3.34describeshowtherulesassociatewithactualarrowdirections.

Figure3.34:Relationshipbetween4extremepoints
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Figure 3.35: Standard of Arrow Painting in 1960 [17] and 2014 [18]

According to Manual of Uniform Traffic Control Devices for Canada 1st edition [17] and

5th edition [18], Standard arrows on pavement are defined as above. After calculation, we

can grab some information from the key points of each sign.

In Fig.3.36.d, we assumed that the suspected object was adjusted properly with respect to

the orientation of the road lane itself. For instance, we made a simple rule to distinguish

most common arrows in Ottawa follows the range of parameters list in the Table 3.3 below.

Table 3.3: 4 extreme points based classification rules

Left Turn Straight Right Turn

α (- π/4, - π/6) (- π/6, π/6) ( π/6, π/4)

β (- π/2, α) (α, π/2)

γ [0, π/2) |β + γ|<π/6 (- π/2, 0]
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Figure 3.36: Distortion from bird-view to horizontal view
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Meanwhile,wefoundthatthereexistcombinationsofdifferentarrowontheroad. With

thesamenumbersofsamples,itwashardtodifferentiatethemfromeachother.Tosolve

thisproblem,weintroducedthemiddlelineoftheroadaccordingtothelinedetection

section.

Figure3.37:Blobsselectedwithroadlineconstraint

Thetwolinesobtainedby3.2canbeusedtonarrowthedetectionrange.ForeachMSER

contour,wecheckedifthecontourislocatedbetweenthesetwolines.Toavoidtraversing

allpointsofMSERcontours,wecanrandomlyselectonepointfromthecontourpoints,

compareitspositionwiththelineposition(asshowninFig.3.38).Thisisquiteacompro-

misetotakeonlyonepointastherepresentativeofeachcontour,whichisactuallybased

onthetoleranceofcontourssittingacrosslanemarkings.

Figure3.38:Contoursfilterbyroadline
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Through this, we can not only compare the sample points with the pattern itself, but also

acquire the relationship between arrow and road line, which can obviously increase the

accuracy of our system.

3.4 Tracking and Enhanced Analysis

After the process of preprocessing, detection and recognition, we have already obtained

enough information about road lines and road markings. However as mentioned before,

changes of the ego vehicles moving direction may cause errors in the proposed method. To

solve this problem, an innovative tracking mechanism and enhanced analysis method are

introduced here.

3.4.1 Vanishing Point Tracking

Vanishing point is the basis of perspective relationships in the proposed model. To im-

prove the performance of the algorithm, calibration of road direction is necessary. Since

the direction of the road here is defined as the sequence of the vanishing point, tracking

vanishing point naturally becomes the main problem which urgently needs to be addressed.

As quoted in Chapter 2, Kalman Filter and Particle Filter are two main popular tools

used for tracking. An obvious inertia of the vanishing points movement can be observed

after multiple experiments. To verify our assumption, a clip Demo3 was chosen to explore

the characteristics of the vanishing point.

As is shown in Fig. 3.40 ,the sequence of the vanishing points’ position is smooth. In

other words, the series shows similarity between observations as a function of the time lag

between them. In order to prove our assumption, we have obtained a data series of Demo3

and used Autoregressive Integrated Moving Average (ARIMA) model to analyze it.

In order to use ARIMA(p,d,q) model, it is necessary to obtain three parameters p,d,q.

Among them, p is the number of autoregressive terms, d is the number of nonseasonal
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Figure3.39:TimeSeriesofvanishingpoints’positioninDemo3

Figure3.40:Comparisionoftrackingresultandrealvalue
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Figure 3.41: 2nd difference of time series for Demo3

differences needed for stationarity, and q is the number of lagged forecast errors in the

prediction equation.

First of all, the x value of the vanishing point was plotted as a time series. Since there is

an obvious trend in the graph, differential data was applied here. With 2nd derivative the

figure of time series clearly shown that most of points are stable while there are two peaks

in the left side and right side separately. So far d=2 was obtained.

Then, an autocorrelation factor (ACF) and partial autocorrelation factor (PACF) were

created and plotted to identify patterns in the above data which is stationary on both

mean and variance. The idea is to identify presence of AR and MA components in the

residuals. Through reading the ACF figure, p=1 was obtained since the value after 1 was

stable inside of the boundary. Similarly, q=11 since it was the most abnormal one in the

PACF figure. Those results together lead to an estimated model: ARIMA(1,2,11).
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Figure 3.42: ACF graph of vanishing point in Demo3

Figure 3.43: PACF graph of vanishing point in Demo3
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Figure 3.44: ARIMA-Coefficients
ar1 ma1 ma2 ma3 ma4 ma5

-0.0766 -0.3185 -1.5929 -0.2405 1.1371 0.8679
s.e. NaN NaN NaN NaN NaN NaN

ma6 ma7 ma8 ma9 ma10 ma11
-0.704 -0.5051 0.164 0.272 0.0082 -0.0883

s.e. NaN NaN NaN NaN NaN NaN

σ2 estimated as 95.9: log likelihood = -2238.92, aic = 4503.84

Figure 3.45: Forecast graph of vanishing point in Demo3
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Based on this model, future data was predicted in Fig. 3.45, which matched the real data

appropriately. Since our assumption about vanishing point has a characteristic of autocor-

relation, Kalman Filter was used since it was suitable for the moving object in an inertial

system. Beside the vanishing point, the intersection points of the bottom line of image

with two closest road lines around ego vehicle were taken into account because as the cor-

ner of a triangle, the positions of these three points are related. The algorithm of tracking

was shown below: To explain the principle of Kalman Filter, the core formula used were list:

X (k) = AX (k − 1) +BU (k) +W (k) (3.11)

Z (k) = HX (k) + V (k) (3.12)

X (k|k − 1) = AX (k − 1|k − 1) +BU (k) (3.13)

Cov (k|k − 1) = ACov (k − 1|k − 1)AT +Q (3.14)

X (k|k) = X (k|k − 1) +Kg (k) (Z (k)−HX (k|k − 1)) (3.15)

Kg = Cov (k|k − 1)HT
(
HCov (k|k − 1)HT +R (k)

)−1
(3.16)

Cov (k|k) = (E −KgH)Cov (k|k − 1) (3.17)

Considering the possible distortions, arrows need to be rotated before obtaining new top

points, bottom points, leftmost points and rightmost points, by using the method in Section

3.3.3. Specifically, we may rotate the orientation of the whole arrow in line with the optical

axis according to the angle between the middle line of road lane and the middle line of

the frame we captured. Similarly, we can easily get the new boundary by calculating the

coordinates of the old boundary vertexes.

3.4.2 Depth-based Complex Information Extraction

LIDAR and/or binocular vision system (or inferred camera) was widely used in ADAS

fields because of its capability for 3-D reconstruction of the scenario and therefore detected

objects in environments around ego vehicle.
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Algorithm 3: Triangle Endpoint Tracking using Kalman Filter

Input: Detected Triangle Endpoint Position
dynamParams: Dimensionality of the state
measureParams: Dimensionality of the measurement
controlParams: Dimensionality of the control vector
type: Type of the created matrices (CV 32F or CV 64F )
MV P : Detected Vanishing Point Position
MLBP : Detected Left Bottom Point Position
MRBP : Detected Right Bottom Point Position

Output: Estimated Triangle Endpoint Position
PV P : Predicted Vanishing Point Position
PLBP : Predicted Left Bottom Point Position
PRBP : Predicted Right Bottom Point Position
EV P : Estimated Vanishing Point Position
ELBP : Estimated Left Bottom Point Position
ERBP : Estimated Right Bottom Point Position

1 if First Time Detected VP, LBP, RBP then
2 KF V P.statePre = (320, 240, 0, 0);

/* predicted state (X
′

k) : Xk = AXk−1 +BUk */

3 KF LBP.statePre = (MLBP.x,MLBP.y, 0, 0);
4 KF RBP.statePre = (MRBP.x,MRBP.y, 0, 0);
5 for i = VP,LBP,RBP do
6 KF (i).transitionMatrix = (1, 0, 1, 0; 0, 1, 0, 0; 0, 0, 1, 0; 0, 0, 0, 1);

/* state transition matrix (A) */

7 setIdentity(KF (i).measurementMatrix);
/* measurement matrix (H) */

8 setIdentity(KF (i).processNoiseCov);
/* process noise covariance matrix (Q) */

9 setIdentity(KF (i).measurementNoiseCov);
/* measurement noise covariance matrix (R) */

10 setIdentity(KF (i).errorCovPost);
/* posteriori error estimate covariance matrix

(Pk) : Pk = (I −KkH)P
′

k */

11 else
12 predict:
13 PV P = KF V P.predict();
14 PLBP = KF LBP.predict();
15 PRBP = KF RBP.predict();
16 update:
17 EV P = KF V P.correct(MV P );
18 ELBP = KF LBP.correct(MLBP );
19 ERBP = KF RBP.correct(MRBP );
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Unfortunately, for the monocular vision system, normally it was hard to conduct such

observations. Since the single camera can only catch a 2-D snapshot of the object on

a focal plane without depth information, many methods were investigated to help grab

depth information. For instance, shade information in the image can be used to grab the

depth of normal information of the object surface. An update of Shape-of-shading method,

Photometric Stereo are used to solve the depth information by calculating images taken

in different lighting conditions. Moreover, Shape-from-texture method was applied when

an object with a smooth surface covered by replicated texture units, and the projection of

the object from 3D to 2D causes distortion and perspective.

The method applied here was based on the man-made construction, specifically the features

of the road, like width and shape. The road itself was treated as a ruler, which enables us

to build a 3-D coordinate system among the objects which interacted with the road (like

vehicles on the road or poles on the pavement).

Vanishing 
PointROI

Figure 3.46: ROI and vanishing point: the red point where all lines intersect is the vanishing
point; the rectangular region which specifies the detection range is referred as the ROI
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Asisdiscussedintheprevioustwochapters,wecangetX-Zplanebasedontheroad

surfacedetectedbyusthroughusingvanishingpointandinverseperspectivetransform.

Moreover,objectsabovetheroadsurface,likevehicles,willbedetectedandboundedby

hexahedronswithanappropriatepositionaboveX-Zplane.Anyotherobjectswhichare

farfromtheroadoneithersideorwithoutobviousfeatureswillbetreatedas2-Dpatterns

andprojectedastwoslidesoftheY-Zplanecorrespondedtotheleft-sideviewandright-

sideviewrespectively.Admittedly,suchprojectionswillleadtoadistortionoftheobjects

intwosides(e.g.Hillsinthedistanceorvehiclesnotdetected).

Figure3.47:Roadnetworkmodel

InFig.3.47,pointArepresentsthevanishingpoint.BandCrepresentthebottompoint

oftheroadlinesclosetoegovehicle.Basedonthisinformation,AD,asavirtualmiddle

lineoftheroadlanewearedrivingonandpointG,theintersectionofADandbottomof

theimagemaybeobtainedthroughthefollowingformula:
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1. Calculate the intersection G of bisector of top angle A and bottom line BC

AB =
√

(xA − xB)2 + (yA − yB)2 (3.18)

AC =
√

(xA − xC)2 + (yA − yC)2 (3.19)

λ =
AB

AB + AC
(3.20)

xG = (1− λ)xB + λxC (3.21)

yG = (1− λ)yB + λyC (3.22)

2. Calculate formula of the line bisector of top angle A

y − yG
yA − yG

=
x− xG
xA − xG

(3.23)

3. Calculate the cross point G of bisector of top angle A and bottom line BCxG = yC(xC−xA)
yA−yC

+ xC

yG = 0
(3.24)

With respect to perspective view, EG, as the distance from E to G is not equal to GF, the

distance from G to F. To get a correct road lane width, two points E and F are added to

help calculation. Points E and F are symmetric about line virtual middle line AG. The

formulas related are listed below:

4. Calculate formula of the line pass point G and perpendicular to line AG

bx− ay − bxG + ayG = 0 (3.25)
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5. List simultaneous equations and calculate the position of left Corner Point E and

right Corner Point F  bx− ay − bxG + ayG = 0;

ax+ by + c+ d
√
a2 + b2 = 0;

⇒ (x0, y0) (3.26)

 bx− ay − bxG + ayG = 0;

ax+ by + c− d
√
a2 + b2 = 0;

⇒ (x
′

0, y
′

0) (3.27)

(yA − yG)x− (xA − xG)y − (yA − yG)xG + (xA − xG)yG = 0 (3.28)


xE =

−ac− ad
√
a2 + b2 + b2xG − abyG
a2 + b2

;

yE =
−bc− bd

√
a2 + b2 − abxG + a2yG
a2 + b2

;

(3.29)


xF =

−ac+ ad
√
a2 + b2 + b2xG − abyG
a2 + b2

;

yF =
−bc+ bd

√
a2 + b2 − abxG + a2yG
a2 + b2

;

(3.30)

6. Calculate formula of the line pass point A and E, line pass point A and F
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
y−yE
yA−yE

= x−xE
xA−xE

⇒ LineAE

y−yF
yA−yF

= x−xF
xA−xF

⇒ LineAF

(3.31)

7. Draw lines as reference network for compare with key points of object of interest on the

road


xE′ = xE +

(xA−xE)×(y
E
′−yE)

yA−yE

yE′ = 479

(3.32)


xF ′ = xF +

(xA−xF )×(y
F
′−yF )

yA−yF

yF ′ = 479

(3.33)

So far we have the formula of the closest road lines and the width of the road lane in the

image. According to the standard of construction that the width of lanes is approximately

the same, it is possible to draw the rest road lines (e.g. line AG and line AK) on both sides.

8. Calculate the line in two sides of current lane


q1 = Ax+By + Au+Bv + 2C

q2 = Bx− Ay −Bu+ Av

(3.34)
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
xJ = −2AC−A2xB+B2xB−2AByB

A2+B2

yJ = −2BC+A2yB−B2yB−2ABxB
A2+B2

(3.35)


xK = −2AC−A2xC+B2xC−2AByC

A2+B2

yK = −2BC+A2yC−B2yC−2ABxC
A2+B2

(3.36)

Last but not the least, the lines drawn in the last step should be calibrated by least

square method and compared to the pixels of interest with an extended region based on

our estimation. Through this, a road network model which contains distance information

can be built. This model can also provide additional information for further research like

car detection, pedestrian detection and so on.
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Chapter 4

Experimental Results

This chapter is organized into 3 sections, which cover the experimental platform and

overview, performance evaluation methodology, as well as detection and recognition re-

sults performance, respectively. Emphasis will be paid to the last section for presenting

the performance evaluation on the proposed module.

4.1 Experimental Platform and Overview

In our experiment, we installed the camera close to the front windshield of the vehicle. As

a result, the lower part of the image captured by the camera was covered by the hood.

The original resolution of the camera was 1920*1080. With the purpose of reducing the

computational cost as well as increasing generalization of our method, we transcoded the

video file at a resolution of 640*480 and cut superfluous parts in two sides with respect to

the natural aspect ratio.

The camera, tripod and laptop together make up the test bed for our system. Through

this system, real-time feedback is available and both the original and processed images, as

well as the log file of the system were stored in the hard drive of the laptop. Details of the

camera and laptop used in our experiment are listed in tables below:
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Figure 4.1: The Testbed used to test our system

Table 4.1: Camera Parameters

Camera attribute Camera parameters

Company SONY

Model No. HDR-PJ710V

Image Sensor Back-illuminated ”Exmor R” CMOS Sensor

Image Sensor Size Diagonal 1/2.88”, 6.3mm

Maximum Resolution 1920*1080 at 60FPS

Internal Memory 32GB

Image Processor BIONZ

System TTL contrast detection

Color Filter System ClearVid array

Digital Video Format AVCHD, MPEG-2

Image Stabilizer Optical
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Table 4.2: Lens Parameters

Lens attribute Lens parameters

Company Carl Zeiss

Model No. Vario-Sonnar T*

Focal Length (mm) 3.8-38.0

Filter diameter 52 mm (2 1/8 in.)

Aperture (F/#) 1.8-3.4

Color temperature 3,200K

Optical Zoom 10x

Focus Distance (cm) 1.0-32.0

Aperture Blade 6 blades

Table 4.3: Computer Parameters

Hardware attribute Hardware parameters

Computer Model Thinkpad X201

CPU Model Intel Core i5-520M @ 2.40GHz dual core

GPU Model Intel GMA HD

Memory 4 GB

Operating System Windows10 Pro

OpenCV version v2.48

4.1.1 Camcorder System

The video capture system we used in our experiment is the Sony HDR-PJ710V. As a High

Definition Handycam Camcorder, it shoots 1920* 1080 Full HD 60p/24p video and takes

24.1 megapixel still images. It features 32GB of embedded flash memory, which provides up
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to eleven hours of seamless, continuous recording. Additionally, the camcorder is equipped

with a back-illuminated Exmor CMOS sensor which is ideal for low-light situations. Sony

has outfitted the HDR-PJ710V with a 26mm wide angle Carl Zeiss Vario-Sonnar T Lens

that supports 10x optical zoom and 17x extended zoom. It also comes with expanded

audio headphone and geotagging with an integrated GPS receiver and NAVTEQ maps.

On standard SteadyShot camcorders a single ”shift lens” moves within the optical block

to offset camera shake. Balanced Optical SteadyShot image stabilization moves the entire

optical block at once, maintaining the integrity of the optical path and improving shake

reduction by up to thirteen times. It also reduces vignetting (light fall-off towards the edge

of a scene) and lowers distortion in videos and still photos.

Figure 4.2: Sony HDR-PJ710V

4.1.2 Real-life Video Collection

Generally, we considered both day-time and night-time situations. Seven videos were col-

lected from highway and urban roads in Ottawa during day-time, and three videos from

urban areas of Ottawa at night. These videos represent common scenarios with different

weather conditions, road surfaces, lighting conditions, and traffic density, which people

might encounter in real-life situations.
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10 clips were selected as examples. As shown in Fig. 4.3 and Table 4.4, Clip #1 and

Clip #2 were collected on Highway 417. The black line in Fig. 4.3 is the only specific

HOV lane in Ottawa, according to the Ontario Ministry of Transportation. Among these

two, Clip #1 represents the westbound segment while Clip #2 represents the eastbound

segment. To ensure we had enough frames to analyze, we set the camera to 50 FPS mode

to adapt the speed limit of 100 km/h.

Figure 4.3: HOV Lane Map

Figure 4.4: Snapshot of HOV clips

Despite the presence of HOV lanes included in Clip #1 and Clip #2,several arrows in
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Table4.4:VideoClipsforHOVtesting

Clip#1 Clip#2

Weather Cloudy Cloudy

Location Highway Highway

Trafficcondition Light Light

Roadsurface FlatandSmooth FlatandSmooth

FrameNO. 13645 12229

Framespeed 50fps 50fps

Markingstype HOV HOV

Numberofframescontainingdeparture 2 2

Ottawa-GatineauAreawerechosenfortest.However,wefoundthatthesignsinGatineau

aredifferenttotheonesinOttawa,asthetrafficrulesinQuebecandOntarioarenot

identicalwitheachother. Therefore,onlytheclipscollectedinOttawawereretained.

Moreover,wehavealsoexcludedsomeclipswithnoticeablylowquality(e.g.,partmissing

orblurringofmarkings,temporarysignagewhichisnotaccordancewithrelatedrule,see

Fig.4.5).

Figure4.5:Samplesofclipsexcludedinourexperiment
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Figure 4.6: Arrows Test Map

4.2 Performance Evaluation Methodology

Sensitivity, specificity, and accuracy, as well as precision and F-Score, are introduced as

statistical measures of the performance of our proposed system, which suits the assump-

tions of a binary classification test.

Sensitivity (also called the true positive rate, or the recall in some fields) measures the

proportion of positives that are correctly identified as such (e.g., the percentage of sick

people who are correctly identified as having the condition).

Sensitivity(TPR) =
Number of True Positives

Number of True Positives+Number of False Negatives
(4.1)

=
Number of True Positives

Total Number of Signs
(4.2)

= Probability of a positive test of the sign appealed (4.3)
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Specificity (also called the true negative rate) measures the proportion of negatives that

are correctly identified as such (e.g., the percentage of healthy people who are correctly

identified as not having the condition).

Specificity(SPC) =
Number of True Negatives

Number of True Negatives+Number of False Positives
(4.4)

=
Number of True Negatives

Total Number of Frames contains No Sign
(4.5)

= Probability of a Negative test of Frames contains No Sign(4.6)

As shown in the table above, we gain the relationship between variables listed.

Table 4.5: Relationship between indexes

True False

Positive TP FP P=TP+FP

Negative TN FN N=TN+FN

T=TP+TN F=FP+FN

TPR =
TP

TP + FN
SPC =

TN

TN + FP
ACC =

TP + TN

TP + TN + FP + FN

Precision =
TP

TP + FP
Recall = TPR F Score =

2× Precision×Recall
Precision+Recall

Accuracy(ACC) =
Σ True Positive+ Σ True Negative

Σ Total Population
(4.7)
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Precision is the probability that a (randomly selected) retrieved document is relevant.

Precision(PPV ) =
Number of True Positives

Number of True Positives+Number of False Positives
(4.8)

=
Number of True Positives

Total Number of Frames retrieved
(4.9)

= Probability of a Positive test of Frames contains Sign(4.10)

A measure that combines precision and recall is the harmonic mean of precision and recall,

the traditional F-measure or balanced F-score:

Fβ =
(1 + β2)× Precision×Recall
β2 × Precision+Recall

(4.11)

=
2× Precision×Recall
Precision+Recall

(When β = 1) (4.12)

This measure is approximately the average of the two when they are close, and is more

generally the square of the geometric mean divided by the arithmetic mean. There are

several reasons that the F-score can be criticized in particular circumstances due to its

bias as an evaluation metric. Specifically in formula (4.12) Fβ = F1. This is also known as

the F1 measure, because recall and precision are evenly weighted.

4.3 Markings Detection and Recognition Results Per-

formance

Using the valuation methodology introduced in the previous section, several tables and

charts are obtained, which are listed below sequentially for vertical and horizontal compar-

ison. Overall, our proposed algorithm achieved an average accuracy rate of 96.77% while

F1 Score also achieved 90.57%.(See Fig. 4.30)
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Beforeanalysisbystatisticalmethods,certainruleswereintroducedinthedataclean-

ingprocess.Sincemissingdatahasnoinfluenceinacontinuousseriesofdetectedframes,

thismeansthefewfalsenegativeframescannotbeobservedbydriverbecausetheirpres-

encedoesnotimpactthereactionofthetruepositivesprecedingorfollowingthefalse

negatives.)Forinstance,if10framescontaininganHOVsignwereevaluatedwhileonly

framesNo.5-No.9aretruepositives,thecriteriawillbeloosenedupinNo.1-No.4andNo.10

iftheyareallfalsenegativesandthetotaldurationofwhichislessthan1s.(Compared

withthetraditionalreactiontimeofatypicaldriver,0.5s).

Figure4.9:StatisticalIndicatorsbetweenClips

TorankanumberofvariablesincludingTPR,SPC,ACC,precisionandF1Scoreof10

clips,aradarchartwascreated(SeeFig.4.9).Eachofthe10clipsformindividualaxes

whichhavebeenarrangedradiallyaroundapoint. Thevalueofeachaspectisdepicted

bythenode(anchor)onthespoke(axis).Thelinesofeachstatisticalindicatoraredrawn

connectingthedatavaluesforeachspoke. Theradarchartshowsthattheproposedal-

gorithmachievedgoodresultsinClip#1,Clip#2,Clip#3,Clip#4,Clip#5,Clip#6,

Clip#7andClip#10.However,theperformanceinClip#8andClip#9wasabnormal

comparedwithotherclips.Specifically,theprecisionrateinClip#8ishighwhileTPRis
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obviouslylow.Ontheotherhand,TPRofClip#9ishighbutSPCofitaswellasprecision

islow.Toexplorethereasonfortheseanomalies,analysisofeachclipispresentedinthe

followingsection.

Figure4.10:StatisticalResultsofHOV,Clip#1

AsshowninFig.4.10,precision,accuracyandspecificityallachievedarateabove95%,

whichmeansamongalldetectionresults,onlyafewobjects/frameswerefalsedetected.

However,TPRofClip#1wasaslowas83.70%,indicatingthatalthoughwehaverec-

ognizeddetectedobjectscorrectly,acertainnumberofframecontainingobjectswere

undetected.AfterreviewingtheexperimentaldatainFig.4.11,wereasonedthataHOV

sign(assameastheoneshownassampleofFNinFig.4.11)contributedthemosttoFN

sincethetoppointofthisHOVsymbolwaseroded.

AsshowninFig.4.12,precision,accuracyandspecificityallachievedarateabove95%

likeClip#1.However,TPRofClip#2aslowas91.13%,indicatesthatalthoughwehave

recognizeddetectedobjectscorrectly,acertainnumberofframescontainingobjectswere

missed.AfterreviewingexperimentaldatainFig.4.12,tworeasonscontributedthemost

significantlytothis.Firstly,theisolationbeltcontainedparallelograms(similartotheone

shownasasampleofFPinFig.4.11)whichwereeasilymistakenfortheHOVsymbol.
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TP TN

FP FN

Figure4.11:SamplesofClip#1

Figure4.12:StatisticalResultsofHOV,Clip#2
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TP TN

FP FN

Figure 4.13: Samples of Clip #2
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Secondly,sincetheROIisincloseproximityoftheegovehicle,somemarkingsoutofrange

infrontofvehiclewerenottakenintoconsideration.

Figure4.14:StatisticalResultsofArrows,Clip#3

Duetocloudyweather,theaverageperformanceofClip#3wasnotashighasinClip#1

andClip#2.AsshowninFig.4.14,precision,accuracyandspecificityallachievedarate

between90%and95%. TPRofClip#3aslowas86.19%,indicatingthatanumberof

framescontainingobjectsweremissed.AfterreviewingexperimentaldatainFig.4.14,two

contributingreasonswerefound.Firstly,lanemergingconditionsexistinthisclip,which

ledtodisorientationoftheproposedsystem.Secondly,similartoClip#2,somemarkings

outofrangeimmediatelyinfrontofthevehiclewerenottakenintoconsideration.

AsshowninFig.4.16,precisionandspecificitybothachievedarateof100%,whichmeans

alldetectionresultswereproperlyrecognized.However,AccuracyofClip#4as88.62%,

indicatingthatthereareacertainnumberoffalsepositivesorfalsenegatives. Consid-

eringthatboththeprecisionandspecificityresultsimpliedtheFPofthisclipis0,itis

mostlikelyFNisthemainreason.TPRofClip#4wasaslowas80.69%,thusverifying

ourhypothesis.Italsoindicatesthatsomeoftheframescontainingarrowobjectwere

missed.AfterareviewofexperimentdatainFig.4.17,tworeasonscontributedthemost
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TP TN

FP FN

Figure4.15:SamplesofClip#3

Figure4.16:StatisticalResultsofArrows,Clip#4
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TP TN

N/A
FP FN

Figure 4.17: Samples of Clip #4
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tothis. Firstandmostimportant,poorlymaintainedmarkingslosttheircontrastand

turnedblurry(similartotheoneshownasanexampleofFNinFig.4.17.Secondly,some

markingsoutofrangeinfrontoftheegovehiclewerenottakenintoconsideration.

Figure4.18:StatisticalResultsofArrows,Clip#5

AsshowninFig.4.18,precision,accuracyandspecificityallachievedarateabove95%,

meaningalmostalldetectionresultswereproperlyrecognized.Inparticular,TPRofClip

#5gotarateabove100%,whichindicatesthatallframescontainingarrowobjectswere

properlyrecognized. AfterareviewofexperimentaldatainFig.4.19,themainreason

forthisminordefectisthatpoorlymaintainedmarkingslostcontrastandturnedblurry

(similartotheonesampleofFPinFig.4.19.

AsshowninFig.4.20,precision,accuracy,specificityandTPRallachievedarateof100%,

whichmeansalldetectionresultswereproperlyrecognizedandallframescontainingarrow

objectswereproperlyrecognizedinClip#6.AfterareviewofexperimentaldatainFig.

4.21,somesamplesnapshotsofTPandTNareprovidedaccordingly.

AsshowninFig.4.22,theperformanceofClip#7issimilartoClip#6s.Specifically,

precision,accuracy,specificityandTPRofClip#7allachievedarateof100%,which
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TP TN

FP FN

Figure4.19:SamplesofClip#5

Figure4.20:StatisticalResultsofHOV,Clip#6
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TP TN

Figure4.21:SamplesofClip#6

Figure4.22:StatisticalResultsofArrows,Clip#7
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TP TN

Figure4.23:SamplesofClip#7

meansalldetectionresultswereproperlyrecognizedandalloftheframescontainingarrow

objectswereproperlyrecognized.AfterareviewofexperimentaldatainFig.4.23,some

samplesnapshotsofTPandTNareprovidedaccordingly.

Figure4.24:StatisticalResultsofArrows,Clip#8

Duetothedarknessinthescenario,theaverageperformanceofClip#8wasnotashigh

asinclipslistedbefore.AsshowninFig.4.24,precisionandspecificitybothachieveda

rateabove99.5%,whichmeansalldetectionresultswereproperlyrecognized. However,

AccuracyofClip#8was74.73%,whichindicatedthattherewereacertainnumberof
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TP TN

FP FN

Figure 4.25: Samples of Clip #8
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falsepositivesorfalsenegatives.Consideringthatbothprecisionandspecificitysuggest

theFPofthisclipis0,itismostlikelyFNisthemainreason.TPRofClip#8wasaslow

as56.67%,whichverifiedourhypothesis.Italsoindicatedthatmanyframescontaining

arrowobjectsweremissed.AfterreviewingexperimentaldatainFig.4.25,threereasons

contributemostsignificantlytothis. Firstandmostimportant,acombinationoflow

illuminationandreflectionfromstreetlampstogethercausedthelowcontrastinimages

(similartotheoneshownasanexampleofFNinFig.4.25.Secondly,poorlymaintained

markingslosttheircontrastandturnedblurry. Thirdly,somemarkingsoutofrangein

frontoftheegovehiclewerenottakenintoconsideration.

Figure4.26:StatisticalResultsofArrows,Clip#9

Basedonsimilarilluminationconditions,thesameconceptapplieswhenanalyzingthe

performanceofClip#9.AsshowninFig.4.26,precisionandspecificityachievedarate

of72.33%and68.44%respectively,whichmeansanumberofdetectionresultswerenot

properlyrecognized.However,theaccuracyofClip#9was82.65%,indicatingthatthere

wereafewfalsepositivesorfalsenegatives.Specifically,TPRofClip#9wasahighrate

of99.85%,whichindicatesthatalmostallframescontainingarrowobjectswereproperly

recognizedwhilemanynon-significantobjectswerewronglyrecognizedbythealgorithm.
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TP TN

FP FN

Figure 4.27: Samples of Clip #9
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AfterareviewofexperimentaldatainFig.4.27,weidentified4majorcontributorsto

thiserror.Firstandmostimportant,widthvariesamonglanesinthisclip.Thisfeature

causedlotsofmistakenrecognitionwhichtreatedsectionsofdashedlinesasarrows(shown

asasampleofFPinFig.4.27).Secondly,lowilluminationandreflectionofstreetlamp

togetherresultedinlowcontrastofimages.Thirdly,poorlymaintainedmarkingslosttheir

contrastandturnedblurry.Finally,somemarkingsoutofrangeinfrontoftheegovehicle

werenottakenintoconsideration.

Figure4.28:StatisticalResultsofArrows,Clip#10

Finally,asshowninFig.4.28,precisionandspecificitybothachievedarateabove98%,

whichmeansalmostalldetectionresultswereproperlyrecognized.However,theaccuracy

ofClip#10was94.79%,indicatingthattherewereafewfalsepositivesorfalsenegatives.

ConsideringthatbothPrecisionandSpecificitysuggesttheFPofthisclipisminimal,it

ismostlikelyFNisthemainreason. TheTPRofClip#10was91.22%,thusverifying

theconclusion.Italsoindicatesthatsomeframescontainingarrowobjectsweremissed.

AfterareviewofexperimentaldatainFig.4.29,tworeasonscontributethemostsignifi-

cantlytothis.Firstandmostimportant,poorlymaintainedmarkingslosttheircontrast

andturnedblurry(similartotheoneshownasanexampleofFNinFig.4.29.Secondly,

somemarkingsoutofrangeinfrontoftheegovehiclewerenottakenintoconsideration.
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TP TN

FP FN

Figure 4.29: Samples of Clip #10
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ComparedwithClip#9,theperformanceofClip#10ismuchbetterbecausethewidth

oflaneisconstantwhichalsosupportthefactthattheproposedmethodadaptsformost

ofconditionseveninnighttime.

Figure4.30:SummarizedResultofAllClips

AsshowninFig.4.30,overallaccuracyandspecificitybothachievedarateabove96%,

whichmeansalmostallirrelevantdetectionresultswereproperlyprocessed. However,

precisionachievedarateof93.27%,indicatingthatthereareafewfalsenegatives.TPR

ofallclipsas88.01%,thusverifyingtheconclusion.Italsoindicatesthatsomeframes

containingarrowobjectsweremissed. Afteralltheexperimentaldatawasreviewed,we

foundthetotalresultsaremorestronglybiasedtowardsClip#1andClip#2sincethey

containedthemostframesamongall. Thetwostrongestfactorswhichaffectedourin-

dicatorswerepoorlymaintainedroadmarkings,andexclusionofmarkingsclosetothe

egovehicle. AnotherindicatorwhichneedstobementionedisFscore. Asacomposed

parameter,itcombinesprecisionandTPRasaharmonicmean.Becauseofthefactthat

bothofprecisionandTPRareremarkablygoodinourproposedexperiment,Fscore

(andespeciallyF1score)achievedasimilarrateof88.01%accordingly,whichindicatesthe

proposedalgorithmexhibitedastate-of-the-artperformanceandrepresentsasignificant

advancementofunderstanding.

Atlast,acomparisonofprocessingtimeofallclipsislistedbelow. AccordingtoFig.
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Figure4.31:SummarizedProcessingTimeofAllClips

4.31,Clip#1andClip#2consumemoretimethananyotherclips. Duetoahighvol-

umeofframespresentinClip#1andClip#2,theiraverageprocessingtimewasmore

stable,atabout84.26ms/Frame. Otherclips,fromClip#3toClip#10,achievedan

averageprocessingtimeof55.14ms/Framehowevertheindividualperformancewasquite

disparate.Specifically,theaverageprocessingtimeofClip#4wasthesmallest,at41.49

ms/Frame.Themainreasonforthatwasthefalsenegativeratewashigherthanaver-

agelevelandthedurationofClip#4isshort.Incontrast,theaverageprocessingtime

ofClip#3wasthehighestamongallclipsforarrowdetection,reachingarateof70.12

ms/Frame.Consideringthatthesecondaryhighestaverageprocessingtimewasobtained

byClip#5,itindicatesthattheprocessingtimeismorerelatedtotheconditionsofthe

scenario.BecauseClip#5sharedthesamescenariobutundernight-timeilluminationas

inClip#3.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

In this thesis, we have introduced a real-time lane marking detection framework for ADAS,

which included 4 extreme points set descriptor and a rule-based cascade classifier. The main

features applied in the proposed method obey Newtons Laws of Motion(e.g. the movement

of vanishing point), therefore it is easy to examine and understand for all interested par-

ties including automobile manufactories and regulators. Unlike traditional views which use

statistical features with uncertainty to describe roads, we developed a series of clear and

simple rules to describe road structure. Paved roads have a very long history since the

oldest discovered road was constructed in Egypt circa 2200 BC. Some predominate rules

of the road have been agreed upon by human society and massive clauses related to road

construction and traffic control has been implemented according to the requirement of each

city and country specifically. Like any other tools created by human beings with rational

and scientific thinking, roads were designed and operated following a restricted discipline.

Therefore, a branch of research work has developed in regards to finding the nature of road

structure in this thesis.

In Chapter 1, the history of ADAS and the development of autonomous cars in academia

and industry was reviewed first. Then a route map of related parties was summarized and
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exhibited. Since autonomous cars have become a favored research field recently, solutions

for autonomous technology and a corresponding supervision system are urgently required.

Some of the research conducted in Canada and worldwide was introduced afterward. By

analyzing the requirements of the autonomous industry, some problems like the low re-

liability and lack of ability for environment sensing of existing autonomous system were

indicated accordingly. These problems are also the driving force of our research into a lane

marking detection framework for ADAS. Lastly, the main contribution of proposed method

was provided and the thesis outline was then listed.

In Chapter 2, technology used for lane marking detection was summarized according to the

sequence of standard image processing. It was believed that to explore a better method

for road marking detection, reviewing the research in this field since the very beginning

is necessary. After a comparison and analysis of the content among 81 academic articles,

it became clear that most studies followed four steps: pre-processing, detection, recogni-

tion and tracking. After comparison of previous works, a trend that seeking an appropriate

combination of descriptor and classifier were shown as the primary domain of this research.

Because the descriptor and classifier used by these papers were mostly inherited from other

fields of research and not optimized for road surfaces, it was possible to design an inno-

vated descriptor and classifier based on the nature of road surfaces and thereby these two

subjects constitute a large proportion of this chapter.

In Chapter 3, the proposed method in our experiment has been exhibited following a simi-

lar sequence as shown in Chapter 2 for comparison. After a discussion of characteristics of

road lines and road markings according to the construction manual of civil engineering, an

MSER-based high-efficiency integrated solution was denoted accordingly. The main idea

of the proposed method includes a creative descriptor of the 4 extreme points set and a

rule-based cascaded classifier, which was designed to classify detected objects, because this

combination makes the best use of the characteristics of the road. Part of our previous

work in line detection and recognition has been included in the frame of the whole system.

A vanishing-point-tracking based environment sensing module was discussed to eliminate
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the error caused by instability in the ego vehicle’s direction and provides the direction of

the road network to calibrate the whole process in the end. A Kalman filter was utilized

for tracking key points in this stage.

In Chapter 4, the experiment results were demonstrated in different aspects. This chapter

is organized in 3 sections, which covers the experimental platform and overview, perfor-

mance evaluation methodology, as well as detection and recognition results performance.

Specifically, a platform including a laptop and digital video recorder mounted on the ve-

hicle was constructed to test the proposed algorithm. 10 clips of real life videos (which

included 32452 frames) were collected around the City of Ottawa. The program built with

VC++ and QT was run on the laptop and gave feedback to the drivers in real time. After

each road test, both video records and logs were stored. Then standard discriminant rules

including True Positive Rate (TPR), Specificity (SPC), F-score, etc. were implemented on

these experiment data to compare with other researchers’ work. At the end, it was found

that overall accuracy and specificity of proposed method both achieved a rate above 96%,

indicating almost all irrelevant detection results were properly processed. Although the

precision of 93.27% and TPR of 88.01% indicate that there are a few false negative frames,

the proposed method exhibited a state-of-the-art performance and represent a significant

advancement of understanding. Besides, an average processing time of 55.14 ms/Frame

in 24FPS clips indicates that proposed method is able to run in real time (with a delay of

13 ms/Frame).

5.2 Future Work

Some future work can be considered in order for the improvement and extension of our

work.

Linear density could be applied in the marking detection, because the results of the pro-

posed system are easily impacted by lane changes, thus it was of significant importance

to judge if a series of pattern belonged to a dashed line or continuous markings like ar-
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rows. ROC analysis would be applied in the marking detection, because the regions are

extracted by MSER which relies on a proper threshold. Although Moment-based methods

have limitations when facing perspective distortion issues, it is worth trying to use clus-

tering algorithms with time series analysis to improve the accuracy of arrow recognition.

Additionally, cascade classifiers used in the proposed algorithm can be optimized through

applying parallel computing structure likes CUDA or multi-processing.

As a part of intelligent transportation systems (ITS), lane markings detection and track-

ing can be combined with other detection. It can also be integrated with wireless sensor

networks ([129], [130], [131], [132], [133], [134], [135], [136], [137], [60]). That is because

advanced sensors like LIDAR, millimeter radar as well as hyperspectral data analysis may

improve the performance of the specific task and the whole ADAS. Nevertheless, by build-

ing communication with vehicle networks like VANETs, missing information caused by

high density of traffic flow can be restored or at least improved.
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