
A Novel Lightweight Lane Departure

Warning System Based on

Computer Vision for Improving Road

Safety

by

Yue Chen

Thesis submitted to the University of Ottawa

in partial Fulfillment of the requirements for the

Master of Computer Science degree

School of Electrical Engineering and Computer Science

Faculty of Engineering

University of Ottawa

© Yue Chen, Ottawa, Canada, 2021



Abstract

With the rapid improvement of the Advanced Driver Assistant System (ADAS), au-

tonomous driving has become one of the most common hot topics in recent years. While

driving, many technologies related to autonomous driving choose to use the sensors installed

on the vehicle to collect the information of road status and the environment outside. This

aims to warn the driver to perceive the potential danger in the fastest time, which has

become the focus of autonomous driving in recent years.

Although autonomous driving brings plenty of conveniences to people, the safety of it

is still facing difficulties. During driving, even the experienced driver can not guarantee

focus on the status of the road all the time. Thus, lane departure warning system (LDWS)

becomes developed. The purpose of LDWS is to determine whether the vehicle is in the

safe driving area. If the vehicle is out of this area, LDWS will detect it and alert the driver

by the sensors, such as sound and vibration, in order to make the driver back to the safe

driving area.

This thesis proposes a novel lightweight LDWS model LEHA, which divides the entire

LDWS into three stages: image preprocessing, lane detection, and lane departure recog-

nition. Different from the deep learning methods of LDWS, our LDWS model LEHA can

achieve high accuracy and efficiency by relying only on simple hardware.

The image preprocessing stage aims to process the original road image to remove the

noise which is irrelevant to the detection result. In this stage, we apply a novel algorithm

of grayscale preprocessing to convert the road image to a grayscale image, which removes

the color of it. Then, we design a binarization method to greatly extract the lane lines

from the background. A newly-designed image smoothing is added to this stage to reduce

most of the noise, which improves the accuracy of the following lane detection stage.

After obtaining the processed image, the lane detection stage is applied to detect and

mark the lane lines. We use region of interest (ROI) to remove the irrelevant parts of the

road image to reduce the detection time. After that, we introduce the Canny edge detection

method, which aims to extract the edges of the lane lines. The last step of LDWS in the

lane detection stage is a novel Hough transform method, the purpose of it is to detect the

position of the lane and mark it.

Finally, the lane departure recognition stage is used to calculate the deviation distance

between the vehicle and the centerline of the lane to determine whether the warning needs
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to turn on. In the last part of this paper, we present the experiment results which show

the comparison results of different lane conditions. We do the statistic of the proposed

LDWS accuracy in terms of detection and departure. The detection rate of our proposed

LDWS is 98.2% and the departure rate of it is 99.1%. The average processing time of our

proposed LDWS is 20.01× 10−3s per image.
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Chapter 1

Introduction

Recently, the development of vehicles has facilitated people’s daily life [13, 14]. However,

it does not brings convenience to our travel experience only, one of the most serious dis-

advantages is that the incidence of car accidents and the fatalities caused by it are also

increasing year by year [15].

1.1 Background and Problems

According to [16], the most likely cause of the car accident is that the driver may lose

concentrates on the road status when driving. For example, the distance between the

position of the vehicle and lane lines or other vehicles around it, especially during long-

distance driving, no matter the driver is experienced or not [17]. Another situation is that

when the driver driving on the highway, the high speed may cause the driver to have no

time to realize the road status, which leads to car accidents. Losing sight of the road

is the biggest culprit in car accidents. In 2016, the total fatality of car accidents in the

world is over 1,350,000 [18], which is a reminder of the importance of driving safety. Only

a few car accidents are caused by bad weather while most by human fault, such as loss

concentrate on the road status [19]. Road status contains all the details during driving,

such as the position of the vehicles on the road [20]. While driving on the road, especially

at high speeds, even a momentary loss of concentration can lead to a deviation of the

vehicle, such as make the vehicle approach the lane line and causes a collision [21, 22, 23].

Imagine a situation, while two vehicles driving on the adjacent lanes and both of them are

approaching the same lane line, a car accident happens. Another situation is while the
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vehicle driving at the outermost lane, the outward deviation of the vehicle may hit the

objects such as rocks. Therefore, how to improve driving safety is becoming a significant

problem and autonomous driving is a potential solution [24, 25, 26].

Accordingly, to avoid such stern questions, various driving assistant systems have been

developed [27, 28, 29]. According to [30], there are six levels in general, i.e., from level 0 to

level 5, which describes the progressive relationship from no autonomous driving to fully

autonomous driving in autonomous driving. Fig. 1.1 shows the relationship between these

levels.

Figure 1.1: Levels for autonomous vehicles development.

According to Fig. 1.1, from level 0 to level 2, the driver needs to drive the vehicle

and focus on the road status to react as soon as possible. In level 3, the system detects

the environment to decide whether the driver needs to drive the vehicle, which is called

conditional automation. Level 4 and level 5 indicate high automation and full automation

respectively, which means the system will fully control the vehicle, and the driver does not

need to do any driving operations. LDWS can be used from level 1 to level 5 in the form,

which indicates that LDWS is the basic technology in autonomous driving. The purpose

of LDWS is to provide a signal for warning drivers when the vehicle he is driving is not in
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the middle area of the lane and gradually close to one of the lane lines, which is based on

the result of lane detection [31, 32, 33].

Among them, a lane departure warning system (LDWS) is considered to be the basic

and important component [34, 35, 36]. LDWS aims to alert the driver when the vehicle

derives from the centerline of the lane. In LDWS, when the derivation distance between

the vehicle and the centerline of the line exceeds the threshold, the alarm will be triggered

to attract the driver’s attention to take the vehicle back to the safe driving area, which

helps reduce the incidence of car accidents [37, 38, 39]. The survey has done by [15] shows

that LDWS performs well in safety driving, which reduces the incidence of severities by

18% and the fatalities by 86% in car accidents.

In general, LDWS [40] is the desired functionalities of LDWS is achieved by solving the

following three tasks sequentially.

• Image preprocessing: there are several processing steps in the image preprocessing

stage, such as grayscale processing, binarization, region of interest (ROI) extraction,

and inverse perspective mapping. After these steps, the system can obtain a pro-

cessed image, which will improve the accuracy of the detection result and reduce the

processing time of the subsequent steps.

• Lane detection: in the lane detection stage, the initial step is to extract the lane lines

from the background by feature extraction, which creates the new features. After

extract the image features, Hough transform is applied to detect and mark the lane

lines.

• Lane departure recognition: lane departure recognition stage is used to determine

whether the vehicle is out of the safe driving area and needs to alert the driver to

approach the middle area of the lane.

1.2 Motivation and Contribution

In our work, we proposed LEHA (Lightweight Efficient and Highly Accurate LDWS) which

only relies on simple CPU and can achieve high accuracy and efficiency. LEHA consists

of the following three modules: image pre-processing module, lane detection module, and

lane departure recognition module. More precisely, these three modules work sequentially.
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First, the image captured by the dashboard camera will be processed by the image pre-

processing module for eliminating the noise in the image. Then, relying on the processed

image, the lane detector will identify the boundaries of the lane within the road image.

Finally, based on the position of the vehicle, the lane departure recognition module will

calculate the distance between the vehicle and the centerline of the lane. After comparing

this distance with the preset threshold, the lane departure recognition module determines

whether the warning should be triggered or not. The main contributions of our work are

summarized as follows:

• In the image pre-processing module, we improve the algorithm of grayscale prepro-

cessing and design the new methods of image smoothing and binarization respectively

to eliminate the noise and keep the most details in the original road image.

• In the lane detection module, we design an improved Region of interest (ROI) method

and Hough Transform (HT) method to improve the detection accuracy and reduce

the processing time.

• In the lane departure recognition module, we use the ratio of the deviation distance

and the width of the lane to calculate the actual deviation distance in the real world

and show it to the driver. In addition, we present the deviation direction and the

deviation distance to remind the driver whether an adjustment of driving direction

needs to be applied.

1.3 Thesis Outline

The rest of this paper is organized as follows: In Chapter 2, we compare and discuss both

of the classical methods and novel methods in LDWS in recent years, i.e., image pre-

processing, lane detection, and lane departure recognition. Accordingly, we also compare

different methods in each stage and use forms to make it directly. In Chapter 3, we

introduce our proposed methods in the above three stages and briefly discuss the strengths

of them. Chapter 4 presents the experimental results and the comparison between our

novel LDWS model and other LDWS models which are proposed in these years under

different weather and luminance conditions. Finally, in Chapter 5, we conclude this paper

and give some directions for future work.
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Chapter 2

Related Work

In this chapter, we will simply introduce some basic concepts and methods about image

preprocessing, lane detection, and lane departure recognition in LDWS, and present the

relationships between these parts. All the comparisons of different methods work on the

KITTI dataset [41].

2.1 Preliminaries

In order to explore a better method for lane departure warning, the first important and

necessary thing is to review the related researches since the beginning of this area [42, 43,

44]. We conclude the following steps after comparing more than 100 research papers, i.e.,

image pre-processing, lane detection, and lane departure recognition.

2.1.1 Image preprocessing

In the image preprocessing stage, the purpose of it is to remove the useless image informa-

tion and maintain the irrelevant information about lanes [45, 46, 47]. Generally, grayscale

processing, binarization, ROI extraction, and inverse perspective mapping are considered

as the basic techniques for processing the original image [48, 49, 50].

The initial step of image preprocessing is grayscale processing [51, 52]. Grayscale pro-

cessing is the process of converting color images to grayscale images, which converts each

pixel from a coordinate representation in RGB color space to a value representation sub-

stantially [53, 54, 55]. In the grayscale image, the value of each pixel is in the range of
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[0,255]. The purpose of grayscale processing is that after obtaining the value of each pixel,

it is easy to determine the threshold of the image for binarization by a number instead of

a coordinate, which saves a lot of time and ensures accuracy as well [56, 57].

The mission of binarization is to ensure the threshold of the image and convert the

grayscale image to a black-and-white image [58, 59]. There are two types of widely used

methods to find the threshold: global and local [60, 61]. The global threshold is used

for the entire image, while the local threshold is applied to different parts of the image

depending on different situations, such as lighting. The purpose of binarization is to

separate the objects that will be detected from the background in the image, simplify the

post-processing and improve the processing speed [62, 63].

To simplify the process of finding the desired objective, the ROI extraction is adopted

to remove non-necessary information from the image in the image preprocessing stage [64,

65, 66]. In LDWS, ROI is the area in front of the driver’s perspective. According to the

method of determining the size of ROI, existing ROI extraction methods can be categorized

into two types, i.e., fixed ROI and dynamic ROI [67, 68, 69]. Fixed ROI extraction applies

the same shape and position of region to different images, which almost does not take

processing time but may reduce the accuracy [70]. Dynamic ROI extraction determines

ROI depending on different situations of different images, which improves the processing

accuracy, while spends some processing time on it [71].

Inverse perspective mapping is the process of converting the original image to a top-

view image, which is also known as bird-view [21, 72]. After obtaining the top-view image,

it is easy to know the road status in front of the vehicle visually, which helps improve the

accuracy of the following lane detection stage [73, 74, 75].

2.1.2 Lane detection

Lane detection is one of the challenges in computer vision and Intelligent Transportation

System (ITS) [76, 77, 78, 79], which is becoming the most basic and significant part of

LDWS. Actually, almost all the techniques related to lanes are based on lane detection.

The purpose of this stage is to detect lanes on the road and extract the boundaries of

the lane from the background of the given image, which provides essential information

for further determining the vehicle [80, 81, 82]. Based on the predicted moving, we can

determine if the vehicle is driving in the middle area of the lane and if a warning needed

to be triggered in lane departure recognition [83, 84, 85, 86].
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Feature extraction is the process of mapping an old set of n features to a new one

which contains n new features [87, 88, 89, 90, 91, 92]. Fig. 2.1 shows the process of it.

In this paper, we divide lane detection into three categories based on different methods:

color-based, texture-based, and edge-based.

Color-based feature extraction is the process of recognizing the color distribution in the

given image to extract the lane lines [93, 94, 95, 96]. However, color is the global feature of

the image and can not precisely describe the local information, which will lose some local

details and reduce the processing accuracy [97, 98, 99]. Different from feature extraction

based on color, texture-based feature extraction does not focus on the pixels, it needs

to perform statistical calculations in an area with pixels, which is the statistical feature.

However, both of these two methods share the same disadvantage, which can not process

the local details well. Edge-based feature extraction is the most wide-used method in lane

detection [100, 101, 102, 103, 104]. In this paper, we introduce three classical methods of

it: Sobel edge detection [105, 106], Canny edge detection [107], and Hough transform [108].

Sobel and Canny are two operators who work for edge feature detection, which provides

different ways to detect the lane lines and Hough transform works for detecting the lane

lines by using coordinate transformation [109, 110].

Figure 2.1: The process of feature extraction.

2.1.3 Lane departure recognition

In LDWS, lane departure recognition is the step to determine whether the vehicle is a

departure from the safe driving area and needs to be warned or not [111, 112, 113, 114, 115].

In general, there are two ways to determine: lane departure recognition based on vanishing

point and lane departure recognition based on the position of origin [116, 117, 118]. In

7



the vanishing point method, the horizontal displacement change of the vanishing point in

the continuous frame is used to determine whether the vehicle is a departure or not [119].

The departure distance can be calculated by the ratio of displacement and the width of

the lane [120, 121]. In the position of origin method, we set the vehicle and the vehicle’s

horizontal straight line intersects the lanes on either side of it at two points as three marked

points [122]. After setting the position of the origin, we create a coordinate and obtain

the coordinate of the above three marked points [123]. Therefore, we can get the distance

between the vehicle and the lane lines by calculation and then recognize the lane departure.

2.2 Image preprocessing stage

The image preprocessing stage is the initial stage of LDWS, which aims to simplify and

speed up the processing [124, 125, 126]. In this section, we introduce four sequential steps

in image preprocessing, i.e., grayscale processing, binarization, ROI extraction, and inverse

perspective mapping. The structure of the above methods in this stage is shown in Fig. 2.2.

2.2.1 Grayscale processing

In the RGB color model, each color in the image is obtained by superimposing three

colors, i.e., red, green, blue. In this model, each pixel p in the image can be represented

by R(xp, yp), G(xp, yp), B(xp, yp). When R(xp, yp) = G(xp, yp) = B(xp, yp), the given

image becomes a grayscale image and the process of equalizing these three values is called

grayscale processing [127, 128, 129]. However, as the objects in a color image will reflect

different colors depending on the lighting conditions, color can not provide enough reliable

information [130, 131]. Grayscale images can avoid the uncertainty caused by the changes of

colors. Thus, grayscale processing is the initial step in the image preprocessing stage [132].

In general, there are three methods for grayscale processing, i.e., global mapping, local

mapping, global and local mapping combination [133, 134, 135].

Global mapping method

Normally, the global mapping method usually applies one fixed transform function to all

the pixels that exist in the given image. This method focuses on the global structure
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Figure 2.2: Different methods in image preprocessing.

and the gray value of each pixel on the output image is irrelevant with the position of

it [136, 137, 138, 139].

In 2005, Gooch et al. [140] proposed a method for converting color image to grayscale im-

age by optimizing local difference information between pixel pairs. The algorithm obtains

the target differences between adjacent pixels according to the luminance and chrominance.

Finally, the gray image of the original image is obtained by solving the optimization equa-

tion, which is constructed through the obtained chrominance and luminance information.

In [141], Grundland and Dodgson presented a real-time color image to grayscale image
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algorithm by enhancing contrast. As the components of YPQ color space are approximately

the same, they are all equal to 1, which makes the calculation simpler and accelerate the

image processing speed. There are five steps in the proposed algorithm:

1. Convert the image from RGB color model (Ri, Gi, Bi) to the linear YPQ color space

(Yi, Pi, Gi) by using the following formula:
Yi

Pi

Qi

 =


0.2989 0.5870 0.1140

0.5000 0.5000 −1.0000

1.0000 −1.0000 0.0000



Ri

Gi

Bi

 . (2.1)

2. Use Gaussian pairing in image sampling between pixels to analyze the color contrast

distribution in the image features;

3. Use predominant component analysis to realize dimension reduction, in order to

reduce the complexity of calculation;

4. Combine luminance and chrominance information by projecting the sampled (Pi, Qi)

to obtain the main color contrast information and then introduced into the channel

Yi;

5. The dynamic range of the gray image is normalized by saturation correction.

The advantage of [141] is that it improves the speed and efficiency of calculation,

reduces the computational complexity, and shortens the processing time. However, when

differences in luminance and chrominance cancel each other out, the features of the image

may lose [142, 143].

In [144], a visual contrast model based on salience was proposed, which takes color dif-

ference and spatial relationship into consideration. This algorithm transforms the problem

of preserving contrast in the grayscale processing algorithm into the problem of minimizing

the salience between the gray-scale image and the original image. The author introduced

CIE LAB color space [144] in this method, which is used in the contrast model, and RGB

color space linear combination is used in the global mapping function by giving the pa-

rameters x = (x1, x2, x3) as follows:

gray = x1r + x2g + x3b. (2.2)
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As the global mapping method applies one fixed mapping function to the entire image,

it can greatly keep the global structure of the image [145, 146, 147]. However, based on

this reason, the processed image may be too smooth to lose some local details, and can

not keep enough image features. Table 2.1 shows the comparison of the classic algorithm

in the global mapping method.

Table 2.1: Global mapping methods of grayscale processing
Methods Color space Pros Cons

Gooch et al. [140] CIE LAB
Keep global color consistency of the image.

1. The computation complexity is O(n2),

which is not suitable for practical application.

2. May lose image details for not focusing

on the local color consistency of the image.

Grundland and

Dodgson [141]
YPQ Improve the real-time performance of

grayscale processing.

May lose some important details of the image

because of the proposed formula.

Zhou et al. [144]
CIE LAB

RGB
Keep the contrast information for the

majority of the images.

When the contrast of each part of the image

is low, the advantage of this algorithm is

not obvious.

Nafchi et al. [148] RGB
1. The computation complexity is lower

than most of the grayscale processing method.

2. The speed of processing is high.

This method will make the image smooth and

lose some details of the it.

Local mapping method

In the local mapping method, the gray-scale value is determined by the location of the

pixels. The pixel mapped from the color image to the gray image changes with space [149,

150].

Bala et al. [151] introduced a local mapping grayscale processing method. This method

maintains the difference between the adjacent colors to obtain the result of the grayscale

image. The advantage of [151] is that it can restore the lost color details in the image.

However, this method is also easy to be affected by chromaticity and luminance, which

may affect the accuracy of grayscale processing. In [152], the author improved the accu-

racy of grayscale processing performance by local operators SIFT [153] and avoided using
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color quantization and destructing the gradient information. This method improved the

reliability and efficiency of grayscale processing.

Zhu et al. [154] present a method of grayscaling processing by using Channel Salience,

which measures channel differences according to the filtering theory. The result of this

algorithm G is obtained by adding luminance channel LZHU to the constrained contrast

map αMZHU . The mapping function is as follows:

GZhu = LZhu + αMZhu. (2.3)

The advantage of the local mapping method is to precisely keep the local details of the

original image [155]. However, as the mapping function focuses on the local information and

can not be used in the entire image, the grayscaling-processed image may lose some global

information and make the global structure unclear [156]. Table 2.2 shows the comparison

of the above three classic local mapping method of grayscale processing and Fig. 2.3, 2.4,

and 2.5 show the comparison of the original image, global mapping method result [148]

and local mapping method result [154]respectively.

Table 2.2: Local mapping methods of grayscale processing
Methods Color space Pros Cons

Bala et al. [151] RGB Helps restore the color

details in the image.

This method is easy to be affected

by the change of chromaticity and

luminance, which will affect the

result of processing.

Ancuti et al. [152] RGB
Improve the real-time and

the speed performance

of grayscale processing.

When processing a non-ideal image

with various noises, the performance

of this method is much less than the

expected.

Zhu et al. [154] IHLS

1. The efficiency of this method

is higher than most of the

grayscale processing method.

2. This method greatly removes

the noise of the image and

preserve the contrast.

When the contrast of each part of the

image is low, the advantage of this

algorithm is not obvious.
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Figure 2.3: The original image with lane.

Figure 2.4: The result of global mapping method.

Figure 2.5: The result of local mapping method.
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2.2.2 Binarization

Binarization is the process of converting the gray-scale image to a black-and-white image.

In a gray-scale image, each pixel has a value from 0 to 255, where 0 and 255 stand black

and white respectively, and the value between 0 to 255 represents different brightness of

the pixel [157, 158, 159]. Binarization is a method of classifying pixels of an entire image

into 0 and 255 by setting a threshold value T . If the pixel value Pi(xi, yi) is greater than

T , set it as 255, which represent as white. Otherwise, set it as 0, which is black. The basic

idea of it is as follows:

Pi(xi, yi) =

255 if Pi(xi, yi) ≥ T

0 otherwise.
(2.4)

Finding a suitable threshold value is the main task of image binarization [123, 160, 161]. In

general, there are two methods for setting the threshold: the global thresholding method

and the local thresholding method. In order to illustrate the efficiency of the methods of

binarization, we introduce some evaluation criteria, i.e., F-Measure, Peak Signal to Noise

Ratio (PSNR), and Misclassification Penalty Metric (MPM). F-Measure is the harmonic

mean of recall and precision. For every binarization method, when the values of MPM

are higher and the value of PSNR becomes lower, the performance of this binarization

is better [162, 163, 164]. The computation formula of the above evaluation criterion are

shown as follows:

F −MeasureBinarization =
2× Precision×Recall
Precision+Recall

, (2.5)

PSNR = 10× log10

[
NxNy2552∑Nx

x=1

∑Ny

x=1(f(x, y)− f̂(x, y))2

]
, (2.6)

MPM =

∑
i d

i
FN

D
+

∑
j d

j
FP

D

2
, (2.7)

where Nx and Ny indicate the number of pixels of the length and width in the image,∑
i d

i
FP and

∑
j d

j
FP are the distances between the ith pixel to the boundary and the distance

between the jth pixel to the boundary. D presents the sum of the distance between all the

pixels in the image to the boundary.
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Global thresholding method

The global thresholding method is applying the same threshold to the whole image. Ap-

plying different threshold values to the same image will output the different binary images

with different brightness [165, 166]. In [167, 168], these image binarization algorithms set

the fixed threshold value at first. Actually, one threshold value can not be used for all

the images, focusing on different images will use a different threshold value, which is very

difficult to determine. Fig. 2.6, 2.7, 2.8, 2.9, and 2.10 show the original image and the

comparison of different threshold values as 50, 128, 210 and 240 apply to the same image.

Figure 2.6: The original image with lane.

Figure 2.7: The result of setting threshold as 50.

Kittler [169] is one of the most wide-used image binarization algorithms. The basic

idea of it is calculating the weighted average of the gradient grayscale of foreground and

background by using Gaussian distribution and use this average value as the threshold.

The threshold of the foreground is Tf , the threshold of background is Tb, and the weighted

average value TKittler calculated by combining Tf and Tb is obtained as follows:

TKittler = θTb + (1− θ)Tf , (2.8)
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Figure 2.8: The result of setting threshold as 128.

Figure 2.9: The result of setting threshold as 210.

Figure 2.10: The result of setting threshold as 240.
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Where θ and 1 − θ are the proportion of background pixels and foreground pixels in the

entire image respectively.

As image preprocessing requires higher accuracy in computational precision and shorter

computational time in computational complexity, more binarization algorithms were pro-

posed [170, 171, 172]. In 1979, Otsu [173] proposed a classic Otsu binarization algorithm.

The algorithm divides the image into two clusters: greater than the threshold value and

less than the threshold value, namely the foreground and background. We can calculate the

individual class variance of these two parts. The greater the variance between classes, the

greater the direct gray difference between the two parts. After trying all the 256 thresholds

from 0 to 255, we can find the maximum individual class variance VOtsu, which is usually

the best threshold value we are looking for [174, 175, 176, 1]. The equation is as follows:

VOtsu = wfwb(ζ0 − ζ1)2, (2.9)

where, the proportions of foreground and background in the entire image are wf and

wb.The average grayscales of wf and wb are ζ0 and ζ1 respectively [176]. Table 2.3 shows

the comparison of the above-introduced methods in the global thresholding method.

Table 2.3: Global thresholding methods of binarization
Methods F-Measure PSNR MPM Pros Cons

Fixed

threshold

method [167]

0.8126 13.9543 21.3411
The threshold of this method is

set by user, which saves the time

for calculating the threshold.

This method does not suitable for

all the image because different

thresholds will get different results.

Kittler

method [169]
0.8929 15.3774 20.3543

This method uses the weighted

average of the thresholds of

the background and foreground

to get the global threshold,

which improves the accuracy.

The computation complexity is higher.

Otsu

method[174]
0.8646 17.2342 19.5523

When the area difference between

the target and the background is

small, the image can get expected

accuracy.

When the area difference between the

target and the background is large,

the performance of this method can not

achieve the expectation.
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Local thresholding method

When an image is not suitable for the global thresholding method, such as contains much

noise or in the uneven illumination condition, we consider applying the local thresholding

method for image binarization [177, 178, 179]. The local thresholding method is that we

divide the image into several areas depending on different conditions, such as the lighting

condition, and use different thresholds in different areas in the given image [180, 181]. There

are four classic and wild-used algorithms in the local thresholding method, i.e., Niblack

method, Sauvola method, Bernson method, and the adaptive methodcite [182, 183].

Niblack method. The Niblack method [184] calculates the binarization threshold

TNiblack by the mean mNiblack and standard deviation vNiblack of the gray values of pixel

points in a certain pixel and its neighborhood, which we name it window. It is significant

to determine the size of the window. If the size of the window is too big, it will lose details

of the image. If it is too small, it will be affected by the binarization noise in the image.

The equation of Niblack algorithm is as follows:

TNiblack = mNiblack + k · vNiblack, (2.10)

vNiblack =

√ ∑
Pi

2

NPNiblack

−m2
Niblack, (2.11)

where NPNiblack is the total number of pixels in the entire image, k equals to -0.2 which is

defined by the author.

The advantage of Niblack algorithm is that it is flexible because the value of k and

vNiblack determines the threshold TNiblack, which can be adjusted according to the actual

situation. However, when traversing the entire image, if the pixels in the window are all

considered as background, Niblack algorithm will determine part of them as a target, which

will produce binarization noise. In recent years, Niblack algorithm is widely used in image

binarization, such as [185] and [186].

Sauvola’s method. The Sauvola’s method [187, 188] is similar to the Niblack al-

gorithm, where the value of threshold TSauvola is also determined by the mean mSauvola

and standard deviation vSauvola of the given pixel and its neighborhood. The calculation

method is different from the Niblack algorithm, which is as follows:

TSauvola = mSauvola · [1 + k · (vSauvola
DR

− 1)], (2.12)
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where DR is the dynamic range of the standard deviation, which is always 128 in this

method, and k is a custom correction parameter, which is in the range of [0,1].

In 2015, Najafi and Salehi [189] proposed a novel architecture for reducing the com-

puting effort of Sauvola’s algorithm by using a stochastic computing (SC) approach. The

proposed architecture introduces a 9-to-1 and an 81-to-1 stochastic mean circuit (SMC),

in order to get the average value of the input bitstream. After obtaining the average value,

this architecture generates the standard deviation bitstream and threshold bitstream to

get the threshold of the input image. The advantages of this architecture are fast and

process in the low-power mode, which saves a lot of time and energy. However, it can only

use a big window size because of the technical question, which may lose some details of

the image [190].

In [191], the author proposed a novel method that combines Sauvola’s algorithm and

Chan-Vese active contour model. In the proposed method, Sauvola’s algorithm is used to

detect the High-Probability Text Pixels and introduce this result to the Chan-Vese model.

After getting the initial result, the Chan-Vese model will detect all the targets in the image,

even some of them that are left out in Sauvola’s algorithm. The proposed model can detect

both the large target and small target by using the same size of the window and maintain

high accuracy. The disadvantage of it is that this method takes a longer time than the

classic Sauvola’s algorithm because of the Chan-Vese model and the advantage of high

precision can only be realized when the contrast between foreground and background is

high.

In order to improve the accuracy of binarization, [192] was proposed by using the WAN

method to improve Sauvola’s algorithm to obtain a more accurate threshold value. When

the contrast of the given image is low, the classic Sauvola’s algorithm gets a low threshold

value, which results in the non-ideal binarization result. WAN method is proposed to solve

this question. In the classic Sauvola’s algorithm, we find that the mean value m greatly

affects the threshold result. Based on this reason, the WAN method uses mWAN , which is

the average of the highest intensity of the entire image max(x, y) and the original value

of classic Sauvola’s algorithm m to get a better binarization result in the low-contrast

image. By increasing the value of mean mWAN , the WAN method can greatly reduce the

probability of losing details in the low-contrast image, and maintain the high accuracy of

detection of the objects in the image. However, with the value of mean increases, this

method can also produce some binarization noise. The equation of the proposed method
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is as follows:

TWAN =
max(x, y) +mWAN

2
· [1 + k · (vWAN

R
− 1)]. (2.13)

Bernson method. Bernson method [193] is based on the image segmentation tech-

nique. Given a pixel in the image (x, y), the gray value of it is GB(x, y). Consider a sliding

window, which the center is the given pixel, and the size of it is (2w + 1)2. The threshold

value of it can be calculated by the following equation:

TBernson =
maxGB(x+ a, y + b) +minGB(x+ a, y + b)

2
, (2.14)

where a and b are both in the range of [−w,w].

In [194], an improved Bernson binarization method was applied. Instead of using the

average of the maximum and the minimum gray values, the improved method uses the

weighted average of them. The size of the window is (2w + 1)2, and the equation is as

follows:

TBernson1 = λ1maxGB(x+ k, y + k) + λ2minGB(x+ k1, y + k1), (2.15)

where k1 is in the range of [−w,w], λ1 > λ2 > 0, and the sum of λ1 and λ2 is equal to 1. In

this paper, we set λ1 is 0.7 and λ2 is 0.3. This enhanced Bernson method is more effective

than the classic Bernson method, which spends less time and keeps the similar accuracy

as others.

In 2017, EYUPOGLU [2] enhanced the Bernson method by considering both of the

gray values and the contrast in the custom sliding window. This algorithm defined the

contrast limit l and the size of the neighborhood r2 by user first. The contrast C(x, y) is

calculated by the following equation:

C(x, y) = maxGB(x+ a, y + b)−minGB(x+ a, y + b). (2.16)

If C(x, y) < l, we can consider that this window contains only one foreground and back-

ground. By applying the value of contrast C(x, y), this method can divide the foreground

and background directly, which reduces the useless information and keep most of the details

in the entire image.

In [3], Yang and Feng combine the Otsu method and Bernson method to obtain the

binarization result. By combining these two methods ensures that the image binarization

process retains the advantages of both methods while avoiding their disadvantages for

improving accuracy. However, this also takes a much longer time than each of the methods.

The procedure of this combined binarization is summarized as the following five steps:
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1. Get the global threshold TGlobal by using Otsu method;

2. Set Z to 15, and T1 = TGlobal+128
2

. T2 is the average value of maxGB(x, y) and

minGB(x, y), which is the value of the classic Bernson method;

3. Calculate the average value ABernson and the mean-square error ME of the pixels in

the window by using the following equation:

ABernson =

∑
GB(x, y)

(2w + 1)2
, (2.17)

ME =
GB(x, y)− ABernson

2w + 1
, (2.18)

where (2w + 1)2 is the size of the window;

4. Set T ′ = π1TGlobal + π2T2, where π1 ≥ 0, π2 ≥ 0, and π1 + π2 = 1;

5. Compare Z and ME. When ME ≥ Z, if TGlobal ≥ T ′, set GB(x, y) to 255. Other-

wise, set GB(x, y) to 0. When Z ≥ME, if T2 ≥ T1, set GB(x, y) to 255. Otherwise,

set it to 0.

Table 2.4 shows the comparison of each method in the local thresholding method, and

Fig. 2.11, 2.12, 2.13 and 2.14 show the original road image, the results of the above two

types of binarization methods, and the result of the combination of both two methods.

Figure 2.11: The original image with lane.
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Figure 2.12: The result of global binarization method [1].

Figure 2.13: The result of local binarization method [2].

Figure 2.14: The result of the combined binarization method [3].
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Table 2.4: Local thresholding methods of binarization
Categories Pros Cons Methods F-Measure PSNR MPM

Niblack’s method
The threshold is flexible

because it depends on the

thresholding formula.

The accuracy is lower when

the detected area is

background.

Khurshid et al. [184] 0.8831 15.2341 22.4554

Sauvola’s method

This method improves the

performance of Niblack

method in the uneven

light condition of

the image.

When window size of this

method can not reach a

suitable size in binarization,

it may lose some details

of the image.

Sauvola et al. [187]

Najafi et al. [189]

Hadjadj et al. [191]

0.8902

0.9131

0.9275

16.3476

19.8324

17.2342

9.2342

10.1284

9.4574

Bernson method

This method can find

the threshold depends

on the pixel distru-

bution of the grayscale

image, which is more

flexible and accurate.

The processing time of

this method depends on

the image size. When the

size is too large, it may

take too much time to obtain

the result.

Talab et al. [194]

EYUPOGLU et al. [2]

0.9196

0.9123

16.9239

20.1259

12.3454

11.9837

2.2.3 ROI extraction

When detecting some of the significant objects in the image, it is unnecessary to detect the

whole given image [195, 196]. Based on this reason, we need to consider extracting the ROI.

ROI is the area in the image, which only contains the objects that needed to be detected.

For instance, in the lane detection area, given an image of a car driving on the road, the

significant objects are the lane lines in front of the car. Sky, buildings, trees, and other

objects have no way to help with lane detection but may cause the non-ideal detection

result. Extraction ROI can reduce the useless part in the image and keep the relevant part

for detection, which saves much time and increase the detection accuracy. There are two

ways to extract ROI area, i.e., fixed ROI extraction and dynamic ROI extraction.

Fixed ROI extraction

The fixed ROI extraction method ensures a fixed shape, such as a rectangle, and applies

it to the image. In general, the shape is selected almost based on the position of lane lines

in most of the images. As most of the images are based on the driver’s perspective, the

bottom of the ROI is also the bottom of the image.

In [5], Deng and Wu proposed a fixed ROI method. This method divides the image
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into three parts, i.e., near field, far vision field, and sky area. Among them, the sky area is

5/12 in the given image and the sum of the near field part and far vision field part accounts

for 7/12. According to the method introduced in [5], only the sky area does not contain

the lane lines, which can be ignored, and the authors define that the far vision field part

accounts for half of the near part.

Wu et al. [4] proposed another fixed ROI method. This method determines the size of

the area S1which contains the lane lines by using the proportion of width W and height

H of the input image. Then this method determines a certain area S2which is similar to

S1. For instance, in Fig. 2.15, 2.16 and 2.17, S1 equals to 0.39W × 0.29H, so the ROI is

determined to be 0.5W × 0.2H.

Figure 2.15: The original image with lane.

Figure 2.16: Determin ROI by the ratio of W and H.

This method [10] extracts the fixed ROI automatically, which approximately spends no

time on it, this is the advantage of it. However, this method will lead to an inaccurate

ROI region setting and can not be used to most of the images, which makes the subsequent
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Figure 2.17: The result of ROI [4].

detection waste more time and the accuracy is low. In order to avoid these disadvantages,

the dynamic ROI method begins to be widely used. Different from the fixed ROI method,

dynamic ROI determines the ROI area based on the different input images.

Dynamic ROI extraction

The dynamic ROI extraction method is to obtain the area based on the position of lane

lines. In general, the shape of ROI is the quadrilateral formed by the four starting and

ending points of the lane lines in front of the driver.

Huo et al. [6] proposed a dynamic vanishing point adjustment method to determine

ROI. When the lane lines are straight lines, we define the intersection of the two-lane

lines extending out according to the image as the vanishing point. When the lane lines

are curved, the vanishing point is the intersection of the two-lane lines according to the

tangents in the given figure that extends out. The bottom of the image and the vanishing

point form a triangle. ROI in [6] is defined as the area where the triangle overlaps the

given image.

In [7], Rathnayake and Ranathunga applied a trapezoid as ROI, which the bottom

of it is the bottom of the image. Depending on the angle of view, the value of the

distance between both of the lane lines in front of the car becomes smaller. The two

peak points of the lane lines and the bottom of the image form a shape of a trapezoid.

Fig. 2.18, 2.19, 2.20and 2.21 show the comparison of the original image and the results of

ROI extraction by using the methods of [5], [6] and [7] respectively, and Table 2.5 shows

the strengths and limits of the fixed ROI extraction and dynamic ROI extraction. The

advantages of the dynamic ROI method are as following:
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• It can be used to different images with different positions and angles of lane lines;

• It determines the dynamic range of ROI which works for different images;

• It reduces the useless information and keeps most of the details of the image accu-

rately;

• It saves much time for the next detection step.

Figure 2.18: The original image with lane.

Figure 2.19: The result of ROI extraction in [5].

2.2.4 Inverse perspective mapping

Inverse perspective transformation (IPM) has been widely used in computer vision and

road traffic sign detection and recognition in recent years. IPM is the mapping process

from the 2D coordinate system of the image to the 3D coordinate system of the real world.

The benefits of IPM are that it eliminates the interference and error of the influence of
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Figure 2.20: The result of ROI extraction in [6].

Figure 2.21: The result of ROI extraction in [7].

Table 2.5: Method of ROI extraction
Category Methods Pros Cons

fixed ROI

extraction

Deng and Wu [5]

Wu et al. [4]

Gamal et al. [10]

Easy to ensure

the area of detected

objects.

The accuracy is

low and the method is

not flexible.

Dynamic ROI

extraction

Huo et al. [6]

Rathnayake and

Ranathunga [7]

The position of

detected area is flex-

ible, and the accuracy

is high.

It takes some

calculation, which may

reduce the time effic-

iency.
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perspective on image detection and recognition tasks, and helps to correct the distortion of

the original image by converting the image of the driver’s view of the road to the top-view

image.

The method of applicating IPM is introduced in [197, 198, 199]. Suppose there exists a

point (Fx, Fy, Fz), the coordinates in the world;s coordinate system is (Fx, Fy, Fz)world and

the coordinates in the camera’s coordinate system is (Fx, Fy, Fz)camera. The relationship

between them can be represented by the following equation and Fig. 2.22:
Fx

Fy

Fz

1


camera

=

[
R T

0 1

]
Fx

Fy

Fz

1


world

, (2.19)

where R is a rotation matrix and T is a translation vector.

Figure 2.22: The relationship between the coordinates in the world’s coordinate system

and the coordinates in the camera’s coordinate system
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The point F (Fx, Fy, Fz), which is in 3D space, can be represented in 2D image as f by

the following equation:

f = C


1 0 0 0

0 1 0 0

0 0 1 0


[
R T

0 1

]
Fx

Fy

Fz

1

 , (2.20)

where C =


1/dx 0 x0

0 1/dy y0

0 0 1

, dx and dy are the physical dimensions of each pixel in

the X-axis and Y-axis, and (x0, y0) is the origin of a coordinate system in pixels.

2.3 Lane detection stage

Feature extraction is a significant part of the computer-vision-based lane detection tech-

nique [200, 201]. Lane detection is a process of detecting and extracting the lane lines

in the ROI by using different feature extraction methods. Feature extraction is used to

process the original image to extract the features in the given image which can improve the

accuracy of the lane detection stage. As it focuses on rough handling of large amounts of

the image which may contain a lot of jumbled information, the computational complexity

is particularly high, and the computation time is long. There are three classic methods for

extracting features in original images, i.e., color-based methods, texture-based methods,

and edge-based methods.

2.3.1 Feature extraction based on colors

The feature of color is a global feature, which describes only the surface color properties

of the objects in the image. As color-based feature extraction is easy to be affected by

lighting and it is not sensitive to the size and the change of the objects in the image, this

is a fatal weakness for lane detection [202, 203]. For instance, it may lose some important

and necessary details in the night environment or heavy traffic when the road is full of

vehicles. Based on this reason, the color-based feature extraction method is not widely

used in the lane detection stage. Fig. 2.23 and 2.24 show the original image and the color

histogram of it.
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Figure 2.23: The original image with lane.

Figure 2.24: The result of global mapping method.
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Shinde et al. [204] divided the entire image into 16 blocks with the same size of wḣ.

After that, they used the color-based feature extraction method by calculating the mean

value of R,G,B respectively for each component in the block. At last, they calculate the

average value of color components to extract the color features.

Khamisan et al. [205] used the product of masking image and the original thermal image

to obtain the color information of the RBG space model which is implemented color-based

feature extraction method. This multiplication will get the different intensity of color

information.

2.3.2 Feature extraction based on textures

The feature of texture is also a kind of global feature, which also describes the surface prop-

erties of the objects in the image as color-based feature extraction [206, 207, 208, 209, 210].

However, different from feature extraction based on color, texture-based feature extrac-

tion does not focus on the pixel’s property, it needs statistical calculations in areas that

contain multiple pixels [211, 212, 213]. In the texture-based feature extraction method,

the gray-level co-occurrence matrix approach (GLCM) is one of the most well-known ap-

proaches [214, 215]. GLCM is an approach that calculates the symbiosis matrix by cal-

culating the gray image, and then the partial eigenvalues of the matrix are obtained by

calculating the symbiosis matrix to represent the texture features of the image respec-

tively [216, 217]. There are four steps in GLCM:

• Extract gray-image;

• Grayscale quantization;

• Calculate the parameter selection of the characteristic value;

• Calculate the texture feature value and generate texture feature image.

The advantage of it is that it can not be affected by the deviation of local details,

and it can resist the noise in the image. Therefore, it is impossible to obtain high-level

image content by using the texture-based feature extraction method. However, one of the

disadvantages of texture-based feature extraction is that when the image is affected by the

lighting or the watermarks on the road after rain in the lane detection stage, the result it

reflects is different from the original image, which will reduce the accuracy in the field of

detection [218, 219].
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2.3.3 Feature extraction based on edges

Edge is a significant structural feature in the image, which often exists between the de-

tection target and the background [220]. In an image, the luminance significant changes

in background and foreground cause the edge of the image. Feature extraction based on

edges aims to detect the pixel points in the image, and the value of the pixels around

them changes sharply, which can greatly reduce the irrelevant information and maintain

the structure of the image. We believe that different objects in the image lead to this

change. Therefore, these pixel points can be taken as a set and used to mark the boundary

of different objects in the image. In general, there are three steps in edge extraction:

1. Smoothing: Based on keeping the true edges, eliminate the noise as much as possible;

2. Enhancement: Make the boundary contour more obvious, which is easy to be de-

tected;

3. Detection: Select the useful edge points for lane detection and discard the useless

edge points which are considered as noise.

In this section, we will introduce three classic methods of feature extraction based on

edges, i.e., Sobel edge detection, Canny edge detection, and Hough transform.

Sobel. In lane detection stage, Sobel operator uses two 3 x 3 matrices to calculate the

approximate derivatives of two directions, i.e. vertical and horizontal, by convoluting the

original image. We assume that the original image is IM , the approximate derivatives are

Ix and Iy. The formula is as follows [221]:

Ix =


−1 0 +1

−2 0 +2

−1 0 +1

× IM, (2.21)

Iy =


−1 −2 −1

0 0 0

+1 +2 +1

× IM, (2.22)

where × indicates the convolution operation.

For each point in the image, the result I and θ can be obtained by combining Ix and

Iy by using the following formula:

I =
√
I2x + I2y , (2.23)
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θ = arctan(
Iy
Ix

). (2.24)

In [222], the authors used the Sobel operator to remove the low-contrast part of the

image, which improves the contrast of the detected object in ROI and the background.

This operation makes the edge of the detected objects much clear, shortens the processing

time of detecting the lane lines, and improves the accuracy of the lane detection stage.

In [223], Liu et al. applied different Sobel operator thresholds to the same IPM image

and compare these images to find which threshold makes the lane lines in the detected

image more clear and less noise. In different images, the suitable Sobel operator threshold

is different. Even if the processing speed of Sobel edge detection is fast, the selection of

threshold is limited, which may miss the detection in the image and cause the low-accuracy

results [224]. Fig. 2.25, 2.26, 2.27 and 2.28 show the original image, the edge detection

results in x and y direction, and the combined edge detection result. The advantages of

Sobel edge detection are as follows:

• This method performs well in the image which has much noise;

• The processing speed is fast.

However, the accuracy of edge detection is non-ideal, because it uses only one threshold to

determine the edge, which may misjudge the noise as the edge.

Figure 2.25: The original image with lane.

Canny. In general, we use the Canny edge detection technique to obtain the gradient

of the image. In 1986, John F. Canny developed this method. There are four steps in

Canny edge detection:
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Figure 2.26: The result of Sobel edge detection in x direction.

Figure 2.27: The result of Sobel edge detection in y direction.

Figure 2.28: The result of Sobel edge detection.
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1. Apply Gaussian filter for noise reduction;

2. Calculate the gradient value and gradient direction;

3. Non-maximum suppression;

4. Use high and low thresholds to detect edges.

In Canny edge detection, high and low thresholds need to combine to obtain the ideal

edge extraction result. The high threshold is used to distinguish the object, whose edge

will be extracted from the background. This operation decides the contrast between the

object and the background. When the value of the high threshold is set too high, which

causes the edge of the objects is not smooth enough, or discontinuous, a low threshold

helps smooth the edge and cluster the discontinuous part.

In [5], the authors detected the lane lines by using Canny edge detection, in which the

ratio of high thresholds and the low threshold is 1:2, which helps reduce the noise and

improve the accuracy of the edge detection result. In [19], Bilal et al. simplified the Canny

edge detection by using only one threshold [225]. This method extracts the edges from the

grayscale image and uses the fixed threshold to remove the edges, which are shorter than

the set threshold. After that, the simplified Canny edge detection method connects the

disconnected segments into a complete lane line. This method is easy to realize, however,

the threshold is difficult to be determined, which is easy to lose the image details.

The advantage of Canny edge detection is that this method combines high threshold

and low threshold, which helps enhance the lane lines in the image. Besides that, this

method also greatly reduces the probability of mistaking noise for edges, which improves

the accuracy of lane detection. However, as Canny edge detection uses the fixed thresholds

to extract the edge, this does not apply to all the images. The future work of it is to

improve the method for setting the adaptive thresholds, which does not take too much

processing time and maintain the same or even higher accuracy. Fig. 2.29 and 2.30 shows

the result of Canny edge detection [19].

Hough transform

The aim of Hough transform [226, 5] is to detect the boundaries of the lane in the road

image in LDWS, which includes straight lines and curves.
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Figure 2.29: The original image with lane.

Figure 2.30: The result of Canny edge detection.
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Generally, for each point in the coordinate system, it corresponds to a line in the polar

coordinate system. When many points in the road image form one lane line, in the polar

coordinate, the lines they correspond to certainly will intersect at one point, which indicates

the detected lane line. Thus, the number of points of intersection equals the number of the

lane lines in the image. Based on the transformation of coordinate, Hough transform is

the problem of calculating the peak in the polar coordinate system instead of detecting the

pixels of the original road image. Fig. 2.31 shows the process of the coordinate transform.

Figure 2.31: The process of the coordinate transformation.

In [227], the author proposed an improved Hough transform. In the classical Hough

transform method, we determine the left and right lane line by the distribution of the lane

line pixels. In this paper, the novel method limits the voting space for Hough transform,

which improves the processing speed and accuracy of lane detection. In order to improve

the performance of the Hough transform, several conditional constraints are applied to the

Hough transform [228]. By setting the thresholds of left and right lanes and remove the

lines adjacent to the lane lines by the distance and angle, the proposed Hough transform

can detect the lane lines in real-time and improve the accuracy of detection.

As in most cases of the lane detection image, the lane lines are perpendicular to the

bottom of the photo or have a small angle with the vertical line at the bottom of the photo.

Based on this reason, in [8], Liu et al. constrained the angle θ in the polar coordinate as
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follows:

θ ∈ [75◦, 90◦]. (2.25)

After adding these constraint conditions, Hough transform only needs to detect the lane

line in a small range, which shortens the processing time and removes the edges which are

easily be identified as lane lines. Table 2.6 shows the comparison of feature extraction and

Fig. 2.32 and 2.33 show the original image and the result of the Hough transform.

Figure 2.32: The original image with lane.

Figure 2.33: The result of Hough transform [8].

2.4 Lane departure recognition

When driving on the road, the vehicle keeps at a distance from both lane lines. Car

accidents may occur when two vehicles driving in adjacent lanes approach the same lane

line. In order to avoid this situation happening, LDWS has been developed in recent

years. When the vehicle gets close to the boundary of the lane and the distance between
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Table 2.6: Methods of feature extraction

Category Pros/Cons Methods Accuracy(%)

Feature extraction

based on colors

Pros: Color is the surface

feature, which is easy to

recognition.

Cons: It is easy to be af-

fected by lighting and the

size of objects.

Li et al. [202]

Shinde et al. [204]

Khamisan et al. [205]

94.23

94.45

95.13

Feature extraction

based on textures

Pros: This method can not

be affected by the devia-

tion of local details, and

it can resist the noise in

the image.

Cons: The extraction results

can be affected by lighting

or other external factor.

Bagri et al. [206]

Wei et al. [207]

Vidyarthi et al. [208]

95.44

96.51

96.87

Feature extraction

based on edges

Pros: Hough Transfer can be

slightly affected by external

factor, such as curve.

Cons: The processing time is

long because it needs to tra-

verse all the pixels in the

image.

Elsawy et al. [226]

Deng et al. [5]

Wei et al. [227]

97.46

98.14

98.23
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the vehicle and the lane line is less than a set value, LDWS warns the driver back to the

middle area of the lane. In general, LDWS can be categorized into two categories based

on the position of the vanishing point and the origin point [229].

2.4.1 Land departure recognition based on vanishing point

In most of the situations in LDWS, the vanishing point is used to recognize lane departure.

We use the vanishing point V1 in the current image to compare the vanishing point V2 in

the previous frame, in order to obtain the horizontal displacement HD, which is used to

determine that if this vehicle needs to be warned by LDWS. Fig. shows the basic method of

LDWS based on a vanishing point. This method is flexible and high-accuracy as detecting

the position of vanishing points in each frame. However, it also costs too much time for

detecting, which is the drawback of this method. Therefore, how to figure out the positions

of the vanishing points is the most important part of this method.

In order to improve the efficiency of LDWS based on the vanishing point, An et al. [230]

recognized lane departure by using the improved vanishing point-based parallel Hough

transform. In order to determine the positions of the vanishing points, the improved parallel

Hough transform algorithm is applied. The proposed parallel Hough transform divides the

angle θ into several pieces, each piece runs Houth transform in parallel. After getting the

positions of the vanishing point, this paper calculates the horizontal displacement of each

adjacent frame and determines if the warning is needed. This operator helps reduce the

computation complexity of detection and only needs to detect the vanishing point once,

which saves the detected time and improves the efficiency of lane departure recognition.

In [231], a robust method of estimating the position of the vanishing point is proposed.

This method is summarized as follows:

• Extract the lines in the image from the background;

• Create the probabilistic voting function depends on the relevance of the extracted

line segments;

• Obtain the position of the vanishing points from the function.

This method can be applied to images with a particularly noisy or complex background,

which improves the efficiency and accuracy of detecting the position of the vanishing point.
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In the adjacent frames, ensuring the vanishing point precisely helps improve the accuracy

of the horizontal displacement, which improves the accuracy of LDWS. Fig. 2.34, 2.35,

and 2.36 show the vanishing points in the adjacent frames and the horizontal displacement

of these two vanishing points.

Figure 2.34: The vanishing point in the current frame.

Figure 2.35: The vanishing point in the next frame.

2.4.2 Land departure recognition based on the position of origin

In general, the image is based on the driver’s perspective, the position of the beginning of

the lane lines is at the bottom of the image. This method sets three points in the image:

left point, midpoint, and right point. The left point and right point indicate the two points

where the horizontal straight line where the vehicle at, intersects the left and right lane

lines, and the midpoint indicates the position of the vehicle, which is shown in Fig. 2.37.

The equation of calculating offset is shown below:

41



Figure 2.36: The horizontal displacement of the two vanishing points.

offset =


l

d×LW −
LW
2
, l ≥ h,

LW
2
− h

d×LW , otherwise,

(2.26)

where LW is the width of the lane in the real world.

In [9], the author set the driver’s perspective as the origin O, MidL and MidR are

the midpoints on the left lane line and right lane line respectively, L′ and R′ indicate the

distances between the O and MidL and MidR, M ′ is the distance between MidL and

MidR, which is shown in Fig. 2.38. The value of L′ and R′ can be calculated as follows:

L′ =
√
MidL2

x +MidL2
y, (2.27)

R′ =
√
MidR2

x +MidR2
y. (2.28)

After obtaining the above two parameters, we can use them to ensure the difference

D′ determines by L′ and R′ with the following equations in order to determine that if the
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Figure 2.37: The left point, midpoint, right point and the distances between each of these

points.

Figure 2.38: The coordinate in [9].

vehicle needs to be warned. Fig. 2.39 shows the identification rules, where threshold 1,

threshold 2 are usually set as -20 and 20 respectively.

D′ =
√
||L′||2 + ||R′||2 − 2× ||L′ ·R′||. (2.29)

43



Figure 2.39: The method to detemine the departure direction in [9].
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Chapter 3

The proposed work

In this section, we will introduce LEHA in detail. In our work, to improve the perfor-

mance of LDWS, we propose a novel LDWS model LEHA which consisting of the image

preprocessing module, lane detection module, and lane departure recognition module.

3.1 General procedure

The general procedure of our newly-designed LDWS model LEHA is shown in Fig. 3.1. At

first, the original road image should be preprocessed by grayscale processing, binarization,

and image smoothing sequentially. Among them, grayscale processing is the pre-step of

binarization, and binarization aims to extract ROI from the background. Image smoothing

focuses on removing the useless and irrelevant information of this image, such as noise.

Then in the lane detection stage, the function of ROI is used to extract the part of the

image which contains lane lines. After that, we apply edge detection to extract the edges of

the lanes in ROI. The final step of lane detection is Hough transform, which aims to detect

and mark the lane lines in the image. Finally, in lane departure recognition, we measure

the distances between the vehicle and the lane lines on both sides of it and calculate the

deviation distance between this vehicle and the centerline of the lane. Based on the result,

LEHA determines if the warning is needed.
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Figure 3.1: The proceduce of LEHA.

3.2 Image preprocessing

In our work, we focus on improving the speed of image preprocessing and eliminate the

noise to the greatest extent. Therefore, we improve LEHA from the following aspects:

grayscale processing, binarization, and image smoothing.

3.2.1 Grayscale processing

The objective of grayscale processing is to convert the original road image, which is in

RGB color space, to a grayscale image. For each pixel a in RGB color space, its coordinate

is Ra, Ga, and Ba, where R, G and B indicate red channel, green channel and blue channel

respectively. The grayscale processing is the processing of making Ra, Ga, and Ba equal to

a new-calculated GSa, whose gray value is in the range of [0,255]. As the gray value GSa

increases, the color of this pixel tends to be white.
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According to [222], the classical method of grayscale processing to derive the gray value

GSa is given by:

GSa = r ·Ra + g ·Ga + b ·Ba, (3.1)

where r, g, and b are assigned to 0.299, 0.587 and 0.114 and the sum of them is 1. The

reason for the weight distribution is that the human eye has the highest sensitivity to green

and the lowest sensitivity to blue. However, in practice, the road line tends to be marked

by using yellow or white color. Accordingly, in the RGB model, the red channel and green

channel provide much more information than the blue channel. Therefore, we change the

assignment of these three channels, which assign a bigger value r to 0.36, g to 0.59, and

less value b to 0.05. The proposed grayscale formula is shown as follows:

GSa = 0.36 ·Ra + 0.59 ·Ga + 0.05 ·Ba. (3.2)

Accordingly, relying on the newly assigned weights, we expect that the proposed grayscale

processing method can enhance the contrast of the image, which will further provide con-

venience to the following binarization step and improves the accuracy of the image prepro-

cessing stage. The original road image with straight lane and the result of our proposed

grayscale processing is shown in Fig. 3.2 and 3.3, while the original road image with curve

lane and the result of our proposed grayscale processing is shown in Fig. 3.6 and 3.7.

Figure 3.2: The original image with straight lane.

3.2.2 Image smoothing

Image smoothing aims to make the image more smooth by removing the noise from the

image, by which the interference of detection caused by noise can be avoided, and the

accuracy of the image preprocessing stage can be further improved. In general, image

47



Figure 3.3: The result of our proposed grayscale processing method.

Figure 3.4: The result of our proposed image smoothing method.

Figure 3.5: The result of our proposed binarization method.
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smoothing uses the filter to remove the noise which is in high-frequency. One of the most

wide-used filters in image smoothing is the median filter. The classic median filter uses

the median, which is calculated by the current pixel and its neighborhood, to instead the

current pixel value.

In this article, we design a novel median filter that aims to improve the efficiency and

accuracy of image smoothing. The detailed procedure of the proposed image smoothing

method is shown below:

1. We select a pixel from the left top corner of the image and set it as the center C.

2. Creating a square window WIS around C with a width of 2w + 1, which contains

(2w+ 1)2 pixels. If the pixel is at the corner, we ignore the pixels outside the image.

The pixels in the window are (w + 1)2. If the pixel is at the boundary, the pixels in

the window are (2w + 1)(w + 1).

3. Since the total number of pixels in this window is odd, we can obtain the median

MIS of this window by implementing heap function1 directly. In detail, we put all

the pixels in an array and divide this array into two subsets H1 and H2 with a size

difference of 1, which is shown as follows:{
H1 = (2w+1)2−1

2
,

H2 = (2w+1)2+1
2

.
(3.3)

For the pixel at the corner, the formula should be the following:
H1 = (w+1)2−1

2
,

if w is even

H2 = (w+1)2+1
2

.

(3.4)

H1 = H2 =
(w + 1)2

2
. if w is odd (3.5)

For the pixel at the boundary of the image, the formula is given by:
H1 = (2w+1)(w+1)−1

2
,

if w is even

H2 = (2w+1)(w+1)+1
2

.

(3.6)

H1 = H2 =
(2w + 1)(w + 1)2

2
. if w is odd (3.7)

1Here, the heap function is predefined in Python.
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In our algorithm, H1 is used to create a minimum heap. The factors in H2 are used

to replace the peak of this heap in sequence if this factor is greater than it. By

comparing all the items in H2, the peak of the heap is MIS of this sliding window.

The detailed process is shown in Algorithm 1.

Algorithm 1 The algorithm for searching the median of the window

1: set heapsize = (2w + 1)2/2;

2: set arraylength = (2w + 1)2;

3: for i = 0; i < heapsize; i+ + do

4: heap.add(array[i]);

5: end for

6: for i = heapsize; i < arraylength; i+ + do

7: if heap.peek() < array[i] then

8: heap.poll();

9: heap.add(array[i]);

10: end if

11: end for

12: return heap.peek();

4. For each pixel Pi ∈ WIS, we can obtain the mean value AIS of this window by using

the following formula:

AIS =

∑(2w+1)2

i=1 Pi

(2w + 1)2
. (3.8)

5. After getting the median and mean, we use their weighted sum MAIS to replace the

pixel value of C, which is given by:

MAIS = α ·MIS + β · AIS, (3.9)

where α and β are two user defined control parameters. Since the mean AIS can be

affected by the pixels that are too small or too large in the sliding window, which

may deduce the accuracy of the processing result, we assign AIS a smaller weight. In

this article, we choose the value of α to 0.76 and β to 0.24 in trial-and-error manner

based on the KITTI dataset.

Relying on the proposed smoothing method, the entire grayscale image is smoother.

Therefore, in the following binarization step, the binarization result will contain less noise,
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which ensures the lane detection result accuracy is higher. Fig. 3.4 and Fig. 3.8 show

the result of the road image with straight lane and curve lane respectively after image

smoothing.

Figure 3.6: The original image with curve lane.

3.2.3 Binarization

As the last stage of image processing, binarization is used to convert the grayscale image

generated by grayscale processing to an image consisted of two colors, i.e., white and black.

The purpose of binarization is to separate the foreground from the road image. Typically,

binarization is achieved by comparing the grayscale value of each pixel with the predefined

threshold of T . According to the range of the grayscale value [0, 255], the range of the

threshold T is also in this interval. The comparison process is shown below:

P (xa, ya) =

{
255, P (xa, ya) ≥ T,

0, otherwise.
(3.10)

Figure 3.7: The result of our proposed grayscale processing method.
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Figure 3.8: The result of our proposed image smoothing method.

Figure 3.9: The result of our proposed binarization method.
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In the traditional global thresholding method [232, 233, 234], one threshold is applied

to the entire image. While in the traditional local thresholding method, different sliding

windows have different thresholds. In our work, we aim to obtain the threshold in the way of

combining global and local thresholding methods. The proposed binarization combines the

advantages of both of the two different methods and avoids their shortages, i.e., maintains

the global structure and the local details of the entire image. The proposed method is

shown below:

1. Similar to the proposed image smoothing method, to further analyze the information

contained within the smoothed image, we adopt a sliding window WB to traverse the

entire image as well. The window size of this step is defined as (2q + 1)2. The total

number of windows Nq can be indicated as follows:

Nq =

⌈
N

(2q + 1)2

⌉
, (3.11)

where N represents the number of pixels in the entire image.

2. Calculating the average value AB of all the pixels Pi ∈ WB in each window in the

image by using the following formula:

AB =

∑(2q+1)2

i=1 Pi

(2q + 1)2
, (3.12)

3. The average value AB is considered to be the threshold. By comparing the threshold

AB to each pixel in this window, we use Eq.(3.10) to determine the grayscale value

of this pixel.

4. Repeat all the above three steps Nq times to traverse the entire image by the sliding

windows to obtain the proposed binarization result.

The results of our binarization method of the straight line and the curve lane are shown

in Fig. 3.5 and Fig. 3.9 respectively.

3.3 Lane detection

In the lane detection stage, we design a novel ROI method to extract the part of the

road image which contains the boundaries of the lane first. Then we use edge detection
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to identify all the edges in ROI. Finally, we apply a method for implementing Hough

transform to detect and mark the lane lines, which is the most significant part of our lane

detection module.

3.3.1 ROI extraction

ROI is the area that contains lane lines without the other irrelevant parts, such as the

sky, buildings, and trees. In many of the existing approaches, the ROI extraction method

can be categorized as static ROI and dynamic ROI. The static ROI extraction method [5]

presupposes a geometric shape as ROI. Accordingly, the static ROI-based method has a

fast process speed. However, since the geometric shape can not fit all the road images,

the lane detection accuracy is low. Therefore, the application of the static ROI method is

constrained. In the dynamic ROI extraction method [6], the ROI is determined based on

the position of the boundaries of the lane. The most widely-used method is the vanishing

point-based ROI method. Since the vanishing point is the point of intersection of the lane

lines, the accuracy of the dynamic ROI extraction method is higher than the static ROI

method. However, it takes much more time to find the vanishing point.

In our work, we design a novel method to ROI extraction method based on the coordi-

nate. The detailed steps of our proposed method are summarized as follows and Fig. 3.10

and Fig. 3.11 show the procedure and the result of our proposed ROI extraction method

respectively by using an example of the straight lane:

1. We take the point in the lower-left corner of the picture as the origin, extend to the

right as the X-axis and extend up as the Y-axis.

2. Finding two endpoints EL(xL, yL) and ER(xR, yR) of the lane lines which are the

closest to the vehicle and determine the coordinates of them.

3. Comparing the value of yL and yR and select the larger one. In this method, we

assume this point as ER.

4. We create a line L1 that is parallel to the X-axis and through ER.

5. We create a line L2 that through both of the smaller endpoint EL(xL, yL) and the

start point SP (xP , yP ) of this lane line.

6. Obtaining the point of intersection PS of L1 and L2.
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7. We create a trapezoid whose lower base is the bottom of the road image, and the

upper base is the segment between PS and ER. This trapezoid is the ROI in our

work.

Figure 3.10: The detailed procedure of our proposed ROI extraction method.

Figure 3.11: The result of our proposed ROI extraction method.

The strength of this method is that this ROI contains the entire lane lines that need

to be detected in the following steps. Meanwhile, this method makes the detection area

smaller. Compared with the other dynamic ROI extraction methods such as the methods

using vanishing point [6], our method is efficient as we do not need time to search the

vanishing point. Compared with the static ROI extraction [5], the accuracy of our method

is much higher than these kinds of methods because the shape of ROI changes based on

the different road images. The results of both the straight lane and the curve lane are

shown in Fig. 3.14 and Fig. 3.18.
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3.3.2 Canny edge detection

Edge is a collection of the points on the road image where the grayvalue of the surrounding

pixels changes rapidly [107, 235]. Since the color of the lane lines is very different from the

road, we can identify the lane lines by using edge detection. Edge detection is a method

that identifies the edges of lane lines and provides convenience to the following Hough

transform to detect and mark the lane lines. In edge detection, the Canny operator is the

most popular method. Thus, we adopt CED from [236] in our work, and the result of the

straight lane and curve lane are shown in Fig. 3.15 and Fig. 3.19. The specific algorithm

is shown below:

1. Using the Gaussian filter to remove the noise from the entire road image.

2. Applying the first-order differential partial derivative to calculate the gradient value

and direction.

3. Suppressing the pixels that are not the maximum, which indicates that set these

pixel values to 0. This step can greatly remove the weak edges and make the edges

thinner.

4. Setting two thresholds T1 and T2, where T1 indicates the lower threshold and T2

indicates the higher threshold. If the gradient of the pixel is bigger than T2, then it

is the edge point. If the gradient of the pixel is smaller than T1, then it is not the

edge point. Otherwise, we use Breadth-First-Search (BFS) to search the edges based

on the known edge points. If the point can be reachable by the known edge point, it

can be assumed as the edge point. Otherwise, it is not.

3.3.3 Hough transform

Hough transform is a method for detecting and marking the lane lines based on the result

of edge detection by using the coordinate transformation [237]. Coordinate transformation

is a process of mapping a line, i.e., straight line or curve, from the Cartesian coordinate

system to a point in polar coordinates in order to obtain a peak. This peak indicates the

line in the Cartesian coordinate system [238]. Therefore, we transform the line-detection

problem into the peak-searching problem.

In the classical Hough transform method, the common way is to transform every pixel

between the two coordinates, which takes much time and reduces the efficiency of the entire
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LDWS. In our work, we design a more efficient method to implement Hough transform

which is shown as follows:

1. We divide the whole ROI horizontally into ten equal parts as shown in Fig. 3.12,

each line has a point of intersection with the lane lines.

2. We use these points of intersection to transform from the Cartesian coordinate system

to polar coordinates to obtain the peak. In general, as we usually detect two lane

lines, there are two peaks in polar coordinates.

3. We map these two peaks to the first coordinate and obtain the detection result.

Figure 3.12: The method of our proposed Hough transform.

In our Hough transform method, we mainly focus on the non-ideal lane line condition.

In the non-ideal lane line condition, we only need to transform twenty-two points, which

saves much more time than the classical Hough transform method. As we divide the lane

lines equally, this considers the distribution of different pixels on the lane lines, which

ensures the accuracy of LDWS while improving the efficiency of detecting and marking the

lane lines in this stage. Fig. 3.16 and Fig. 3.20 show the result of the Hough transform

applied to the straight lane and the curve lane.

3.4 Lane departure recognition

Lane departure recognition is the final step of LDWS, which focuses on determining whether

this vehicle has a risk of deviation from the safe driving area and whether the warning needs

to turn on. In LDWS, the most common method for recognizing the departure of a vehicle
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Figure 3.13: The original image with straight lane.

Figure 3.14: The result of our proposed ROI extraction method.

Figure 3.15: The result of Canny edge detection method in our work.
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Figure 3.16: The result of our proposed Hough transform method.

Figure 3.17: The original image with curve lane.

Figure 3.18: The result of our proposed ROI extraction method.
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Figure 3.19: The result of Canny edge detection method in our work.

Figure 3.20: The result of our proposed Hough transform method.
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is to measure the distances between the vehicle and both of the lane lines on either side of it.

The advantage of our system is we calculate the deviation distance between the vehicle and

the centerline of the lane, and present the deviation direction and the deviation distance

to the driver directly. In our system, we assume the vehicle as a point in the image, which

is the midpoint on the bottom boundary, and get the distance between the boundaries of

the lane respectively. After obtaining the distances, we can calculate the actual deviation

distance of the vehicle by using the ratio of the derivation distance and the width of the lane

in the image, where deviation distance indicates the distance between the position of the

vehicle and the centerline of the lane. The proposed lane departure recognition algorithm

can be summarized as follows and Fig. 3.21 shows our lane departure recognition method:

1. We assume the left-bottom corner as the origin and create a coordinate of the image.

The bottom boundary of the image is the X-axis, and the left boundary is the Y-axis.

2. We set the vehicle as the objective point OP and its horizontal line intersects the

two-lane lines at left point OPL and right point OPR respectively.

3. The distance between OP and OPL is m and the distance between OP and OPR is

n. The width of the lane is assigned to q. The actual width of the lane is WD.

4. The deviation distance Dd can be calculated by the following formula:

Dd =


m×WD

q
− WD

2
, m ≥ n,

WD
2
− n×WD

d
, otherwise.

(3.13)

Figure 3.21: The method of our proposed lane departure recognition.
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The strength of our proposed lane departure recognition method is that it shows the

actual deviation distance Dd clearly and directly, which alerts the driver to realize the

degree of the risk of deviation from the safety driving area. Besides that, LEHA presents

the deviation distance between the vehicle and the centerline of the lane. Our proposed

lane departure recognition can greatly assist the driver back to the correct driving area in

time by the warning. Fig. 3.22, Fig. 3.23, Fig. 3.24 and Fig. 3.25 show the result of our

proposed LDWS in both the straight lane and the curve lane, which marks the boundaries

of the lane and presents the derivation distance.

Figure 3.22: The original image with straight lane.

Figure 3.23: The result of LEHA in straight lane.

62



Figure 3.24: The original image with curve lane.

Figure 3.25: The result of LEHA in curve lane.
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Chapter 4

Evaluation results

In this section, we present the comparison between LEHA and other four methods: [10], [11], [4]

and [12]. These LDWS were proposed in recent years in terms of the final detection results

under different lane conditions, the accuracy of lane detection rate and departure detection

rate, and the processing time of these methods.

4.1 Testing environment

LEHA is based on Python 3.4 and tested on Lenovo V720-14 laptop, Intel Core i5-7200U

2.5GHz Dual-Core Processor, NVIDIA GeForce 940MX 2GB Dedicated GDDR5. The test

road images are randomly selected from KITTI [239], which contains real road image data

from different scenes, such as urban, rural, and highway.

Figure 4.1: Straight lane with ideal lane line condition in [10].
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Figure 4.2: Straight lane with ideal lane line condition in [11].

Figure 4.3: Straight lane with ideal lane line condition in [4].

Figure 4.4: Straight lane with ideal lane line condition in [12].
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Figure 4.5: Straight lane with ideal lane line condition in LEHA

Figure 4.6: Curve lane with ideal lane line condition in [10]

Figure 4.7: Curve lane with ideal lane line condition in [11]
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Figure 4.8: Curve lane with ideal lane line condition in [4]

Figure 4.9: Curve lane with ideal lane line condition in [12]

Figure 4.10: Curve lane with ideal lane line condition in LEHA

67



Figure 4.11: Straight lane with non-ideal lane line condition in [10]

Figure 4.12: Straight lane with non-ideal lane line condition in [11]

Figure 4.13: Straight lane with non-ideal lane line condition in [4]
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Figure 4.14: Straight lane with non-ideal lane line condition in [12]

Figure 4.15: Straight lane with non-ideal lane line condition in LEHA

Figure 4.16: Curve lane with ideal lane line condition in [10]
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Figure 4.17: Curve lane with ideal lane line condition in [11]

Figure 4.18: Curve lane with ideal lane line condition in [4]

Figure 4.19: Curve lane with ideal lane line condition in [12]
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Figure 4.20: Curve lane with ideal lane line condition in LEHA

4.2 Evaluation results

In practice, lane line conditions can not always be ideal, which may more or less be damaged

or discolored to varying degrees. In LEHA, we focus on improving the accuracy of both

the detection rate and the departure rate in non-ideal lane line conditions. Besides that,

we are working to improve the processing speed.

In our paper, we compare our experimental result with the other four methods of

LDWS in [10], [11], [4], and [12], which are represented as Gamal-LDWS, Chen-LDWS,

Wu-LDWS, and Irshad-LDWS in the following diagrams. Figures above in Chapter 4.1

present the results of both the straight lane and the curve lane in the above methods in

ideal lane line condition and non-ideal lane line condition respectively. From Fig. 4.1 to

Fig. 4.10, we can clearly find that almost all the LDWS performs well in the ideal lane

line condition as this condition can highly provide the lane lines information and details.

Although the method in [12] can only mark the lane lines with white pixels, it marks the

position of the lane lines correctly.

However, In the non-ideal conditions, the experiment results are really different. In

lane detection, Gamal-LDWS [10], Wu-LDWS [4] and LEHA perform well in lane detection

because all of the three methods can mark the lane lines completely. In Chen-LDWS [11]

and Irshad-LDWS [12], the lane can be detected unless both of the left and right lane lines

appear. The difference is that the method in Chen-LDWS [11] can connect the detected

segments of lane lines and mark the entire lane lines completely, while the method in

Irshad-LDWS [12] can only show the detected parts of the lane lines.

All the methods do not present the specific deviation distance and the direction between

the vehicle and the centerline of the lane except LEHA, as we use the ratio of the deviation
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distance and the width of the road in the image to obtain the deviation distance in the real

world in the lane departure recognition stage., which is one the advantages of us. Showing

the deviation distance can help the driver recognize whether the deviation degree of the

vehicle is serious and the deviation direction helps the driver adjust the driving direction,

which is convenient for the vehicle to get back to the safe driving area in time.

Figure 4.21: The comparison of detection rate.

Fig. 4.21 presents the detection rate of the five methods. As the information on lane

lines does not fall completely into non-ideal conditions, all the detection rates are lower

than the ideal one. Our proposed LDWS achieves the highest rate in both lane line condi-

tions, which is 98.2% under ideal lane line conditions and 93.1% under non-ideal lane line

conditions. The reason that LEHA can get high accuracy is that we focus on removing

noise in the image preprocessing stage by combining two kinds of binarization methods, im-

proving the grayscale processing formula, and adding image smoothing. Without the noise

disturbing our experimental results, we can obtain a higher accuracy image. The second

higher accuracy was obtained in Gamal-LDWS [10], at 98.1% and 92.3%, respectively; the

experimental results under ideal lane line conditions are similar to ours. However, in the

non-ideal conditions, their accuracy is 0.8% lower than ours because in their image prepro-

cessing stage, they use only image smoothing, while we apply the newly-designed grayscale
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processing and binarization to improve the accuracy. As the methods in Chen-LDWS [11]

and Irshad-LDWS [12] can only detect the lane lines with the marked parts, their detection

rates are obviously lower than others in both of the conditions, whose accuracy is less than

95% under the ideal conditions and no more than 89% under non-ideal conditions.

The comparison of the departure rate of these methods is shown in Fig. 4.22. The

departure rate of all the methods under the ideal lane line conditions is over 95%, which

indicates that they perform well in detecting the vehicle deviation. Among them, LEHA

obtains the highest departure rate at 99.1%, which means that LEHA can detect almost all

the departure situations. The method in Gamal-LDWS [10] achieved second place, with a

departure rate is 98.7% in the ideal conditions and 94.3% under non-ideal conditions, 0.4%

and 0.9% lower than ours respectively. In the non-ideal lane line conditions, the reason that

LEHA can get the first place at 95.2% is that we consider the vehicle as a point, and the

deviation distance is the distance between the vehicle and the centerline of the lane, which

requiring LEHA to be sensitive with the departure of the vehicle. The methods in Wu-

LDWS [4] and Irshad-LDWS [12] obtained the third and fourth place in this comparison

with the departure rate at 93.5% and 92.1%. There is not a great difference in accuracy

between the four methods. However, in Fig. 4.22, we find that only the departure rate of

Irshad-LDWS [12] is less than 90%, which is 89.6%. As the accuracy of the lane detection

stage is low, this method cannot mark the correct position of the lane lines, especially under

the non-ideal lane line conditions. The deviation distance cannot be measured precisely,

which causes a low departure rate of this method.

Fig. 4.23 shows the comparison of the total processing time of each method in ideal and

non-ideal conditions. In order to test the precise processing time, we traverse the KITTI

dataset. From Fig. 4.23, we find that for all the methods, the minimum processing time

for each image is 16.08 ms and the maximum processing time for each image is 25 ms. In

LEHA, it takes 14.4 ms per image on average, and 23.4 ms per image on average. This is

the optimal processing time all over these methods. As we design a newly-designed ROI

extraction method, which removes the irrelevant part of the image to the greatest extent

and proposed a novel Hough transform, which only needs to detect twenty-two lane line

pixels in the image, we can see that both of these two parts help save much processing

time. The method in Gamal-LDWS [10] takes 15.8 ms and 24.8 ms per road image under

ideal and non-ideal images respectively. In Chen-LDWS [11], the average processing time

under ideal conditions is 1.9 ms and 1.7 ms higher than ours. In Wu-LDWS [4], the average

processing time in ideal conditions is 17.1 ms, which is the highest in comparison to the
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Table 4.1: Comparison of recent deep learning LDWS methods
Methods Dataset Hardware Accuracy (%) Time (ms)

s-FNC-loc [240] KITTI

Intel(R)CPU Xeon(R)E5-2697 v2 @ 2.70GHz

128GB RAM

four NVIDIA Tesla K80 GPUs

98.1 400

DQLL [241]
NWPU Intel Core i7-6800K @ 3.4 GHz CPU

one NVIDIA GTX 1080Ti GPU

86.05 realtime

TuSimple 93.36 realtime

CNN-LSTM [242] / NVIDIA Jetson Nano 94.4 89.3

Method in [243]

Road Vehicle Dataset (RVD)

NVIDIA TX2

97.067 realtime

Caltech 98.067 realtime

Tusimple 90 realtime

ideal conditions. Besides that, in Irshad-LDWS [12], the unideal processing time is 26.1

ms, which is the highest among all the methods.

Based on the above comparison of LEHA and other LDWS, we can conclude that LEHA

performs better than them in terms of accuracy and efficiency. In addition, we present the

deviation direction and the specific value of the deviation distance between the vehicle’s

position and the centerline of the lane, which can alert the driver back to the safe driving

area more directly.

Figure 4.22: The comparison of departure rate.

Table 4.1 presents the deep learning methods which are proposed in recent years [240,
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Figure 4.23: The comparison of processing time.

241, 242, 243]. From this table, we can find that all the deep learning methods use high-end

hardware, such as NVIDIA GPU, which can not be widely used in vehicles. Besides that,

based on the evaluation results above, we can achieve the same accuracy and efficiency as

listed deep learning methods by using simple CPU hardware. Therefore, we can conclude

that our LEHA is more suitable for practical use.
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Chapter 5

Conclusion and future work

In this section, we will introduce some open challenges for improving the performance of

LDWS, and then give a conclusion of the entire survey.

5.1 Emerging techniques

In this part, we introduce the following three open challenges in the above four stages for

improving the efficiency and accuracy of LDWS.

5.1.1 Can LDWS be protected from noise to the greatest extent?

Image noise can be generated for various reasons, such as weather, camera, and the process

of transfer. Image noise refers to the unnecessary and unimportant information details that

the image may contain, which will affect the detected result to some extent. The existence

of noise seriously affects the quality of the traffic image. Based on this reason, in order

to get a clearer image and improve the efficiency and accuracy of the subsequent steps of

lane detection, the original image needs to be denoised to make the details and edges in

the image clearer, so as to facilitate improve the performance of LDWS.

5.1.2 Can LDWS achieve real-time performance?

Real-time is also one of the most important properties of LDWS. When the vehicle driving

on the road, real-time ensures that the position of the vehicle is in the proper area of
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the lane. Besides that, when LDWS detects that the vehicle is too close to the lane

line, it warns the driver to go back to the original driving trajectory in a timely manner.

In [10, 244, 245], real-time is used to make the detection results more reliable and warn

the potential danger, such as collision as fast as possible.

5.1.3 Are the calculated distance and direction messages pre-

sented to the driver easy to understand?

The messages shown on the system, which are presented to the driver need to be easy to

understand. For instance, the driver needs to know clearly that if the system is engaged, if

the distance between the position of the car and the lane line, the direction of the driving

route, or if he is driving inside a proper area of the road lane. In [246, 247, 11, 248, 249],

they used lane departure recognition to present the virtual messages in front of the driver

clearly.

5.2 Conclusion

In this thesis, we introduce a novel proposed LDWS LEHA based on the improved methods

of grayscale processing, binarization, image smoothing in the image preprocessing stage,

the newly-designed ROI extraction, and Hough transform in the lane detection stage, and a

precise calculation of the derivation distance and direction in the lane departure recognition

stage, which focuses on improving accuracy and efficiency.

In the image stage, we remove most of the irrelevant noise from the image by using

the above-proposed methods, which improve the accuracy of our LDWS. The novel ROI

extraction and Hough transform are used to maintain the significant part of the image

which contains the lane line information and reduces the detection time. Both of them

work for reducing the processing time and improve efficiency. In the last part of LEHA,

we present the deviation direction and distance between the vehicle and the centerline of

the lane to alert the driver if he is out of the safe driving area and whether needs to drive

approach the middle area of the lane.

The experimental results of LEHA are also presented in this paper. Under the ideal and

non-ideal lane line conditions, the detection rates are 98.2% and 93.1%, and the departure

rates are 99.1% and 95.2% respectively. For the processing time, in the ideal condition, the
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average processing time is 15.8 ms and in the non-ideal condition, the average processing

time is 24.8 ms.
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lane detection filter based on adaptive neuro-fuzzy inference system. IET Image

Processing, 13(7):1181–1190, 2019.

[246] Pratik Bhope and Pinakini Samant. Use of image processing in lane departure warn-

ing system. In International Conference for Convergence in Technology, pages 1–4,

2018.

[247] Xing Ma, Chunyang Mu, Xiaolong Wang, and Jianyu Chen. Projective geometry

model for lane departure warning system in webots. In International Conference on

Control, Automation and Robotics, pages 689–695. IEEE, 2019.

[248] Ankita Kamble and Sandhya Potadar. Lane departure warning system for advanced

drivers assistance. In International Conference on Intelligent Computing and Control

Systems, pages 1775–1778, 2018.

[249] Wenshuo Wang, Ding Zhao, Wei Han, and Junqiang Xi. A learning-based approach

for lane departure warning systems with a personalized driver model. IEEE Trans-

actions on Vehicular Technology, 67(10):9145–9157, 2018.

105


	List of Tables
	List of Figures
	Nomenclature
	Introduction
	Background and Problems
	Motivation and Contribution
	Thesis Outline

	Related Work
	Preliminaries
	Image preprocessing
	Lane detection
	Lane departure recognition

	Image preprocessing stage
	Grayscale processing
	Binarization
	ROI extraction
	Inverse perspective mapping

	Lane detection stage
	Feature extraction based on colors
	Feature extraction based on textures
	Feature extraction based on edges

	Lane departure recognition
	Land departure recognition based on vanishing point
	Land departure recognition based on the position of origin


	The proposed work
	General procedure
	Image preprocessing
	Grayscale processing
	Image smoothing
	Binarization

	Lane detection
	ROI extraction
	Canny edge detection
	Hough transform

	Lane departure recognition

	Evaluation results
	Testing environment
	Evaluation results

	Conclusion and future work
	Emerging techniques
	Can LDWS be protected from noise to the greatest extent?
	Can LDWS achieve real-time performance? 
	Are the calculated distance and direction messages presented to the driver easy to understand?

	Conclusion

	References

