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A Study on Vision-Based Computer Assisted Driving by

Omni-directional Images

Student : Shi-Yi Wu Advisor: Dr. Wen-Hsiang Tsai

Department of Computer and Information Science
National Chiao Tung University

ABSTRACT

A vision-based computer assisted-driving system with the capabilities of analyzing
vehicle movements and tracking neighboring:vehicles using an omni-directional
camera is proposed. A vehicle:with computation and image grabbing capabilities is
used as a test bed. An automatiC:learning process is designed for extraction of the
features in grabbed images without manual instructions. Through this learning process,
useful features for analyzing the vehicle movement and tracking neighboring vehicles
are obtained. A vehicle movement analysis method is used to detect and analyze the
current vehicle movement. Also, a vehicle tracking method is proposed to detect and
track neighboring vehicles surround our vehicle. Furthermore, a risk condition
detection method using a finite state-transition model is proposed to detect risk
conditions in car driving. Finally, experimental results showing the flexibility of the
proposed methods for computer-assisted driving in outdoor environment are also

included.
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Chapter 1
Introduction

1.1 Motivation

More and more traffic accidents occur on roads and highways in recently years.
These accidents mostly occurred due to two reasons: the limited front views of cars
and the bad physical conditions of drivers. For the first reason, although three
rear-view mirrors are usually equipped on a car, the driver can not monitor the entire
surrounding of the car simultaneously. The driver’s attention mainly falls on the front
view of the car during driving. Our motivation-of this study is to design a vision-based
system to give assistance to drivers, We want to use computer vision techniques to
monitor the surrounding of the car for the driver. It is desired the system can keep
monitoring the surrounding and give warnings to the driver when dangerous
conditions are detected. For the second reason, a driver with bad physical conditions,
such as being drunk or feeling sleepy, will have narrower front views of the car than
ordinary drivers. In this condition, the driver’s ability of detecting dangerous
conditions and taking appropriate actions is also down. Accidents may occur under
such conditions. When an accident is going to occur, there will usually be some
abnormal car movements. Thus not only the surrounding of the car should be
monitored, but also the movement of the car should be tracked. If abnormal car
movements are detected, the system will also give warnings to the drivers. Detection

of the two conditions described above is the main goals that we want to achieve in this
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study.

Nowadays, omni-directional cameras which take 360-degree panoramic views of
surroundings are used in many applications, such as robotics, vehicle navigation and
environment surveillance. An omni-directional camera has a wider range of field of
view than a traditional camera. It can provide a full view of a vehicle’s surrounding.
Thus we will use an omni-directional camera to grab panoramic images of the
surroundings of vehicles in this study. And then we can analyze these images to

achieve the goal of computer-assisted driving.

1.2 Survey of Related Studies

Recently, omni-directional ‘cameras have been used in more and more
applications because of the advantages. of ‘panoramic images grabbed by the camera.
Images grabbed by an omni-directional camera have wider ranges of field of view, as
mentioned previously. But panoramic images are hard to analyze because there are
more deformations in the images. In Gaspar, Winters, and Santos-Victor [1], a method
was proposed to transform panoramic images grabbed from omni-directional cameras
to bird’s eye views by radial correction to eliminate the distortion in omni-directional
images. Then they used the transformed images to conduct the application of indoor
navigation. In Gandhi and Trivedi [2], a method called flat plane transformation was
proposed to recover the deformations in omni-directional images. Flat plane images
are easier to process. Then they used the processed flat plane images for the
application of vehicle surround analysis.

In the researches of vehicle driving analysis, detection of lanes and neighboring



vehicles are major topics. There are many researches on them. In Smith et al. [4], a
method for detection of traffic objects of interests was proposed. The method finds the
difference between the background image and the input one. This technique is called
static frame difference and is suitable for the application where merely the
background changes. A vehicle tracking method was also proposed. Yim and Oh [5]
proposed a method for lane detection which is based upon a measure of match
similarity in a three-dimensional (3-D) space spanned by the three features of a lane
boundary, namely, starting position, direction (or orientation), and gray-level intensity.
Takagi, Nishi, and Yasuda [6] proposed a computer-assisted driving support method.
They used an intention reasoning technique to learn dangerous conditions and the
actions which should be taken to avoid the conditions. When dangerous conditions are

recognized, corresponding actions.are taken immediately to avoid dangers.

1.3 Overview of'Proposed System

In this study, we try to design a vision-based computer-assisted driving system
for use in outdoor environment. To achieve this goal, firstly an autonomous learning
process that extracts parameters automatically by image processing techniques is
proposed. Secondly, a vehicle movement analysis method which finds lane lines and
analyzes them to know the current vehicle movement condition is also proposed.
Finally, a method of detection and tracking of neighboring objects is proposed to
conduct risk condition recognition.

More specifically, in the system designed in this study using these proposed

techniques, the following tasks are conducted.



(1).Designing a car roof rack with adjustable width that can fit various sizes of
vehicles to fix an omni-directional camera on the top, as shown in Figure 1.1.

(2).Analyzing the images grabbed by the omni-directional camera to obtain
parameters that we need.

(3).Locating and finding lane lines in input images.

(4).Analyzing the lane lines to find the vehicle’s moving direction.

(5). Detecting and classifying the objects of the vehicle’s surrounding.

(6).Conducting the task of risk condition recognition.

The vision-based computer-assisted driving system proposed in this study consists
roughly of four stages in its performance. The first stage iS outdoor environment
learning. In order to perform the task of computer-assisted driving, the system
analyzes the images of outdoor environment-and extracts pertinent features for the
subsequent stages. The second stagetis lane-line processing. First, the system locates
lane lines in each image grabbed by the camera."Then it finds the vehicle movement
by analyzing the lane lines. In order to locate lane lines, pixels within the lane line
regions found in the learning process are classified into two groups, namely, lane line
pixels, and non-lane ones. Then a line fitting method is employed to find lines that
can fit the lane line pixels. Movement of the vehicle then can be found from analyzing
the features of the lane lines.

The third stage is neighboring object detection. In this stage, the tasks are to detect
neighboring objects and classify them. The task of detecting neighboring objects can
be accomplished by computing the image difference between two consecutive images.
Then a merging method is employed to merge the pixels in the results of frame
differencing into objects. So far what the obtained objects are is unknown yet. We

classify these objects into three groups, namely, neighboring vehicles, obstacles on the
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ground, and non-objects, by some properties of objects, such as width, height, and
centroid. Then we track these objects in the consecutively grabbed images for the
detection of risk condition which is main task of the fourth stage. Risk conditions can
be categorized into two main types: conditions caused by dangerous driving behaviors
and those by neighboring objects. The conditions of the first type are detected by a
finite-state transition automaton in this study. The conditions of the second type are
detected by the result of tracking the neighboring objects. When a risk condition is
detected, a corresponding warning sound will be played to inform the driver what
kind of risk condition has been detected. A flowchart of the proposed system is shown

in Figure 1.2.

Figure 1.1 Car roof rack used in this study.

Learning of Outdoor q Processing of q Detection of

Environment Lane Lines Neighboring Objects

Detection of Risk

Conditions

Figure 1.2 Flowchart of four stages of proposed system..



1.4 Contributions

(1)

()

(3)

(4)

(5)

(6)

The main contributions of this study are summarized in the following:

A computer-assisted driving system using an omni-directional camera in outdoor
environment is proposed.

An automatic learning process to extract features of outdoor environment is
proposed.

A method of finding and analyzing lane lines by computer vision and image
processing techniques is proposed.

A method of detecting and classifying neighboring objects by image sequence
processing is proposed.

A method for risk condition‘checkingfor'driving by a state-transition automaton
model is proposed.

Error tolerance techniques . to .reduce-the -influence of changing lighting

conditions of outdoor environment are proposed.

1.5 Thesis Organization

The remainder of this thesis is organized as follows. The configuration of the

system used in this study and introductions to outdoor environment properties are

described in Chapter 2. The proposed autonomous learning process is described in

Chapter 3. In Chapter 4, the proposed methods for vehicle movement analysis are

described. In Chapter 5, the proposed methods for detection and tracking of

neighboring objects are described. Risk condition definitions and the proposed



detection method are described in Chapter 6. Satisfactory experimental results are
shown in Chapter 7. Finally, some conclusions and suggestions for future works are

given in Chapter 8.



Chapter 2
System Configuration and Outdoor
Driving Environment

2.1 Introduction

In this study, an omni-directional camera is used to grab the images of the
surroundings of a vehicle. The main advantage of using an omni-directional camera is
described in Section 2.2. And the configuration of the proposed system is introduced
in Section 2.3.

The images of outdoor environment have some properties that cause them
difficult to analyze by computer vision and timage processing techniques. Section
2.4.1 discusses the properties of outdoor environment. Some of the properties may
cause effects to degrade the accuracy of the result of image processing. The main
effects are lighting and shadow, which are described in Section 2.4.2. Some
techniques are developed in this study to eliminate these effects and enhance the

correctness of image processing. They are described in Section 2.4.3.

2.2 Advantages of Using
Omni-Directional Cameras



An omni-directional camera has a wide range of field of view, as shown in
Figure 2.1. It has a 360-degree field of view horizontally and 115-degree field of view
vertically. Because a traditional camera has a narrower angle of view, we need to
mount multiple traditional cameras to obtain a wider angle of views. The main
advantage of using an omni-directional camera is that it has a 360-degree horizontal
field of view without dead space. In order to analyze the surroundings of a vehicle,
the images of the front side, back side, left side, and right side of the vehicle should be
grabbed. Thus we have to mount multiple traditional cameras to grab images of the
four sides of the vehicle. These four traditional cameras can be replaced by a single
omni-directional camera. Thus in this study, we choose to use the omni-directional
camera. Figure 2.2 shows a panoramic image of a driving car in outdoor environment

grabbed by an omni-directional camera on the top‘of the car.

/cfj C: ’d P 115tl$::ical

825" Fiald of Vi
Full 260" Horizontal Field of View e

Figure 2.1 Field of view of an omni-directional camera.

2.3 System Configuration

As shown in Figure 2.3, an omni-directional camera is fixed on the top of a
vehicle by a car roof rack, as described in Chapter 1. The car roof rack used in this
study is removable with its width adjustable from 70 cm to 95 cm, as shown in Figure

2.4, and thus the omni-camera can be used for vehicles of various sizes. We only need

9



to unlock the controllers at the two ends of the car roof rack; then the width can be

extended or shortened manually.

=

i:.il"': _,.:'_':;'.7‘:':':'-'" .--_":.. L .. .
Figure 2.2 A panoramic image of su'_r'ft_)gm_jlngh.&;:_of a driving car in outdoor

2
3 el=1 -
o 1856

environment.

Figure 2.3 The omni-camera used in this study.
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Figure 2.4 Adjustable width of t ( ‘used in this study. (a) The minimum

2.3.1 Hardware Configuration

The hardware configuration of the system used in this study contains two main
parts: a vision system and a computation system. The first is a vision system which
consists of an omni-directional camera as mentioned previously. The input images
grabbed by the camera are of the resolution of 880x880 pixels. However, in this study
we reduce the resolution of the input images to 440x440 for the reason of raising
image processing speed. The frame rate of the camera is 20 frames per second. The
second part is a computation system which is simply a notebook PC with a Dothan
2.0G CPU, a512MB DDR RAM, and a 5400 rpm 80G HDD. The kernel program can
be executed in this system to analyze input images and give warnings to drivers.

11



Images grabbed from the camera are transmitted to the computation system through a
USB 2.0 port. The transmission rate of the port can be up to 50Mbps, and so the input
images can be transmitted with no delay. The power supply for the camera is directly

provided by the notebook PC through the USB port.

2.3.2 Software Configuration

In order to send commands to the camera and retrieve panoramic images, we use
ARTCAM 130MI SDK which is developed by ARTRAY Company. This API
provides a complete command interface. We can grab input images and modify image
qualities such as their resolutions, RGB Gain, white balance, and other image
properties by sending corresponding: commands to the camera through the API.
Developers can use this API as an interface to grab specific kinds of images of his/her

need. We use Visual C++ as the:development tool'in this study.

2.4 Outdoor Driving Environment

In this section, we will discuss relevant issues about outdoor environment for car
driving, including properties of outdoor environment and problems caused by them in

image processing. We will discuss these problems and their corresponding solutions.

2.4.1 Properties of Outdoor Environment

Unlike indoor environment, outdoor environment contains some features that are

changing constantly. For example, the lighting condition of outdoor environment

12



changes as time goes on. Similarly, the scenes also change while the vehicle is
moving. These features are normal to outdoor environment, but they cause serious
problems to the results of image processing. In order to analyze the images of outdoor
environment taken during driving, some features such as lane line region, lighting
condition, and the center of the vehicle in images need to be found first. Figure 2.5
shows an illustration of the above-mentioned important features of an image of
outdoor environment taken during driving. The main problems caused by outdoor

conditions are lighting and shadow effects, as described in the following section.
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Figure 2.5 An illustration of important features of an image of outdoor environment.

2.4.2 Lighting and Shadow Effects

The lighting and shadow effects of outdoor environment cause a great influence

on the results of image processing. Lighting causes the magnitudes of the RGB values
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of the pixels in an image to increase abruptly, and shadow causes them to decrease.
These two kinds of changes make it difficult to use a global threshold for image
thresholding. Besides, lighting also causes the colors of pixels to change
unpredictably. The color of a pixel means the proportions of its RGB components. If
the proportions of the RGB values change, the color of a pixel will also changes.
Figure 2.6(a) shows the original color of a lane line and Figure 2.6(b) shows the color
of the lane line affected by lighting. In this example, the R, G, and B values of the lane
line shown in Figure 2.6(a) are nearly the same. But in Figure 2.6(b), the color of the
lane line is affected by lighting and the R value is higher than the G and B values.
This phenomenon will cause serious problems in the lane line processing stage. Thus
some techniques are developed to reduce the effects of lighting and shadow in this

study, as described next.

RGB= (253,248,247) RGB= (254,206,202)
(a) (b)
Figure 2.6 An example of lighting effect. (a) The original color of a lane line. (b)

The color of the lane line affected by lighting.

2.4.3 Elimination of Lighting and Shadow Effects

In order to eliminate lighting and shadow effects, two problems described in the
previous section need to be solved. The two problems and their corresponding

solutions are discussed as follows:

Problem (1). The intensity of RGB values of each pixel in the input image varies

14



because of lighting and shadow effects. This will cause erroneous

results in lane line processing.

We can not use a global threshold for image thresholding because each region in
the input image has a different lighting condition. For example, the left and right lane
line regions may have totally different lighting conditions. We need to compute local
thresholds for left and right lane line regions in each input image to eliminate this
problem. For each input image, we thus compute respectively the thresholds of the
left and right lane line regions. These local thresholds can be used in lane line

processing to avoid erroneous image thresholding results.

Problem (2). The proportions of RGB values change as mentioned before.

The idea of white-balancing is used here as-a.solution. Before we start analyzing
input images, we need to find what changes.have been applied to the proportions of
the RGB values of the pixels because-of-the lighting effect. Then we use the
predefined white color with identical R;.G, and B values as a reference to restore the
changed white color to be the original one. In this way, errors in lane line processing

can be reduced.
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Chapter 3
Proposed Learning Principle and
Process

3.1 Introduction

In order to perform the task of computer assisted driving in outdoor environment,
some features of input images must be extracted first for the following two processes:
vehicle movement analysis and detection.and.tracking of neighboring vehicles. These
features can be categorized inte three types: The first type includes the features for
vehicle location. More specifically, we want to find the center of the vehicle and the
region of the vehicle in each input ‘image. These methods are described in Section
3.3.1. The second type includes the features for vehicle movement analysis. We define
the lane line regions for lane line detection and find the color of lane lines. These
works are described in Section 3.3.2. The third type of features includes the features
for detection and tracking of neighboring objects. We define the warning region
around a car and check the left and right regions for detection and tracking of
neighboring objects. These works are described in Section 3.3.3.

The results of the two processes: vehicle movement analysis and detection and
tracking of neighboring vehicles are easily affected by the changes of lighting
conditions. We need to extract the features for the processes, as well as the features

for elimination of lighting effect. In Section 3.3.4, the problem caused by lighting
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conditions in outdoor environment is discussed. The detailed learning process and the

feature extraction algorithm are described in the following sections.

3.2 Proposed Learning Principle
and process

In order to extract features as parameters for image processing, a learning
strategy is proposed, whose principle is described here. The input image for learning
should contain two properties. First, the quality of the input image should be clear
enough. Second, the scene of the image should:not be too complicated. Input images
with complicated scenes may cause the learning:process to yield erroneous results. In
this study, we assume that the_first input image is-suitable for learning which we
denote as /... Three main processes are included-in the learning stage, as described
above. The first process includes two main steps: the first is to find the vehicle center
Cyenicle 1N Liearn, the second is to define the vehicle region Rpicie iN Liearn. The second
process includes two main steps: the first is to define lane line regions Ry, and R june,
and the second is to find the lane line colors of the two regions. The third process
includes two major steps: the first is to find the warning region R, in g, for
detection and tracking of the neighboring objects and the second is to check whether
the side of the vehicle is a lane or not. Figure 3.1 shows a flowchart of the learning
process. The detailed processes and algorithms of each step are described in the

following sections.
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Figure 3.1 Flowchart of learning process.

3.2.1 Learning of Features for Vehicle Location

In this section, we use image processing techniques to find the features of the
vehicle in I, To find the region of the vehicle R,.ic, the center of the vehicle

Cyenicie Need to be found first. The algorithm of finding the center of the vehicle is
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described as follows.

The main idea of this algorithm is to locate the vehicle center by the black circle
as shown in Figure 3.2(a). Because the omni-directional camera is installed at the
center of the vehicle, we can find the center of the vehicle by finding the center of the
black circle. The center of the black circle can be found by locating the pixels within
the black circle and computing the mean positions of the pixels. Then we can find the

center of the vehicle C,.picie. The algorithm is described as follows.

Algorithm 3.1. Computation of the vehicle center in the input image by image

processing techniques.

Input: (1) an input image l..»; (2) a square region R, with 80 pixels in width, 80
pixels in height, and centéred at the position (220,220) which is the center of
the input image as shown in Figure 3.2(b).

Output: the center of the vehicle'Cy./iere

Steps:

Step1l  For all the pixels in 7., compute the intensity which is the mean of the R,
G, and B values of each pixel.

Step2  Compute the mean of the intensity of all the pixels in 7., to get the mean
intensity 7.

Step 3 Use T,as a threshold to perform thresholding in region R,. If the intensity of
the current pixel is smaller than T7,, then classify this pixel to be a circle
pixel, else ignore this pixel.

Step4  Compute the mean positions of the circle pixels found in Step 3 to get the

center of the vehicle Cyepicie @S Shown in Figure 3.2(c)

In Step 3, we use white color to mark the circle pixels and use black color to
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mark the ignored pixels, as shown in Figure 3.2(c).

(©) (d)
Figure 3.2 An example of learning features for vehicle location. (a) Original image /eq,. (D)
Predefined region R,. (c) Result of finding the center of the vehicle Ciepice. (d)

Result of finding the region of the vehicle R,cpice.

With Cyenicie found in the above algorithm, the subsequent task is to find the
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region of the vehicle R,..ce In the input image. We use a rectangle region Rypicie
centered at Cyenicle to fit the vehicle, and the size of the rectangle region varies with the
size of the vehicle. In this study, the rectangle is taken to be 220 pixels in width and
266 pixels in height. Figure 3.2(d) shows an example of finding the region of the

vehicle in the input image.

3.2.2 Learning of Features for Vehicle Movement

Analysis

In this section, we describe how to find the features for vehicle movement
analysis, including the left lane line region. R;... obtained by left lane line detection
and the right lane line region R,;.,c Obtained by right.lane line detection. These regions
can be defined from Cyepicie aNd Ryenicie- The lane line regions are 27 pixels in width
and 27 pixels in height. They are symmetric-with C,.;;.... The left lane line region is
15 pixels to the left from C,...c and the right lane region is 15 pixels to the right from
Cyenicie- Figure 3.3 shows an example of finding R, and R, in the input image.

After finding the regions R;...and R.i..., the subsequent task is to detect the lane
line colors of the two lane lines. Normally a lane line may be of one of three colors:
white, yellow, and red, as shown in Figure 3.3. However, the red lane line is seldom
used; we only discuss the white and yellow lane line colors in this study. If we can
find out the colors of the two types of lane lines, we may detect these lane lines by
their corresponding colors. A lane line color detection algorithm is proposed as

follows.
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(a) (b)
Figure 3.3 An example of finding Ry and R,... (@) Original Image Ij.... (b) Result of

finding Rjjane and R, jane.

1

The main idea of this algorithm Is.10 find the numbers of pixels of white and
yellow lane line colors for each lane line region by-using the color of each pixel. Then
we can compare the numbers of pixelé of the two colors in each lane line region to

determine the color of the lane line region.

Algorithm 3.2. Detection of left and right lane line colors.

Input: (1) an input image Zq»; (2) lane line regions Ry, and R, ane.

Output: the color of the two lane line regions.

Steps:

Step 1. For each pixel in Ry and R, transform the R, G, and B values of the
pixel into the HSI (hue, saturation, and intensity) color model.

Step 2. For each pixel in Ry, and R, classify the pixel by its HSI components

into three groups, namely, white lane line pixel group, yellow lane line pixel
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group and non-lane line pixel group.

Step 3. For Ryuueand R,q.., cOmpare the numbers of pixels of the three groups. If the
number of pixels of the white lane line pixel group is larger than the yellow
group, determine the color of this lane region to be white, else determine it

to be yellow.

In Step 1, we transform the RGB color model into the HSI color model by the

following formula:

360-46 ifB>G
;[(R—G)+(R—B)]
|(R2G) (R~ B)(G-B) [

S= {1—m[min(& G,B)]}xlSO.

I:%(R+G+B).

_{9 ifB<G

6 =cos™

Hue is a color attribute that describes a pure color (pure yellow, orange, or red),
whereas saturation gives a measure of a degree to which a pure color is diluted by
white light. Intensity is a subjective descriptor [12]. The hue component contains the
color information of the R, G, and B components. Thus in Step 2 we only need to
compare the hue component of a pixel with that of the predefined white and yellow
lane line colors. We can do this by the use of a measure the similarity between them.
If a pixel has its color similar to the white lane line color, this pixel will be classified
to white lane line pixels group. Otherwise, if its color is similar to the yellow lane line
color, it will be classified to be in the yellow lane line pixels group. Finally we can
determine the colors of the lane lines by comparing the numbers of pixels in the three

groups.
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3.2.3 Learning of Features for Detection and

Tracking of Neighboring Objects

In this section, we describe how to extract the features for detection and tracking
of neighboring objects. These features include: warning region R, the region for
detection and tracking of the neighboring vehicles and the information of whether the
side of the vehicle is a lane or not. The extraction procedure is described as follows.

The feature of the warning region R, is set to be the strip between two ellipses,
as shown in Figure 3.4(a). The red ellipse E;,,.. is defined to be that fits the vehicle in
the input image, which is 118 pixels in width and 140 pixels in height. The blue
ellipse E,..r is defined to be the maxima_region for detection and tracking of
neighboring objects, which is 140 pixelstin“width and 165 pixels in height. The

equations of the two ellipses are asfollows:

b 2><(x—m)2+aoz><(y—n)2 <a/xb;

outer * 70

b’ x(x—m)2 +a’ x(y—n)2 >a’xb’.
In these two equations, m and » are the x coordinate and the y coordinate of the
vehicle center Cyenicie. The value of a, is 140 pixels and b, is 165 pixels. The value of

a; 1s 118 pixels and b; is 140 pixels.

We divide R, into six regions, namely, the front region Ry, back region R;, left
region R;, right region R,, blind region of left R,, and blind region of right R, as
shown in Figure 3.4(b). Normally, people only watch the four regions: Ry R, R; and
R, during driving. R, and R, are dead spaces of a driver’s eyesight. Many traffic
accidents resulted from paying no attention to these two regions. Figure 3.5 shows an
explanation of dead spaces of a driver’s eyesight. The regions of gray color are dead

space of driver’s eyesight. In the four regions of Ry to R4, R3 and R4 are the regions
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that the driver’s eyesight can not reach. R; and R, are just two small regions in front
of the vehicle, so we do not take them into consideration. We add these two regions

into our warning regions. These six regions will be monitored in detection and

tracking of neighboring objects.
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Figure 3.4 An example of defining'Wﬁmi_nggrﬁggioﬁ Ryar- (2) Result of finding R by
TEERAN®
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using two ellipses. (b) Result of dividing R,,.., into six regions.
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Figure 3.5 An explanation of dead space of driver’s eyesight.
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Another feature to find is the information of whether the side of the vehicle is
lane or not. An algorithm for obtaining such information of decision is proposed here.
Normally, most pixels in the front region R, are ground pixels as shown in Figure
3.4(b). We can find the representative color of the front region R, as a reference color
of the ground. The main idea of this algorithm is to compare the representative color
of the regions R, and R; with the representative color of R. If R, and R; are similar
enough, the left side of the vehicle is decided to be a lane. Else, it is regarded not to be
so. The process of checking the right lane is the same as that of the left lane. The

algorithm is described as follows.

Algorithm 3.3. Determination of whether the two sides of the vehicle are lanes or not.

Input: (1) a input image /iq; (2).the warning.regions Ry, R; and R,.

Output: determination results of the two sides of the vehicle.

Steps:

Step 1. For all the pixels in R count'the mean of R, G, and B values of each pixel.
Denote the mean of the R values as Rjeqn, that of the G values as Gjyean, and
that of the B values as Bjinean.

Step 2. For the all pixels in R; and R,, repeat Step 1 and compute the parameters for
each region. In R, compute the parameters Rimeans Gimeans @Nd Bpyeq. IN R,
compute the parameters of R,ean, Grmean, @A Bymean-

Step 3. Transform the means of the R, G, and B values of the three regions into the
HSI color model. In Ry, denote the HSI components as H,, Se, and I,. In R,
denote the HSI components as H;,, S, and 7. In R,, denote the HSI
components as H,, S,, and I,.

Step 4. Compute the similarity between the parameters of R, and the parameters of
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R; and R, to determine whether the side of the vehicle is a lane or not. The

formula for decision is as follows:
if (|H, —H|)+(|S, = S,[)+ (|7, ~ 1,]) < 7, = left side of the vehive is a lane.
i (1, - 1))+ (.- 5) (|1, -1,

In the above algorithm, we determine whether the left side of the vehicle is a

)< T, = right side of the vehivle is a lane.

lane or not by computing the sum of the differences of the hue component, the
saturation component, and the intensity component between R, and R;. The sum
represents the color dissimilarity between the two regions. If the sum is smaller than a
threshold 75, it means that the color of the left region of the vehicle is similar enough
to the one of the front region. Then we determine the left side of the vehicle as a lane.
Else we will not determine it to bem The 1 rﬁethod for doing so for the right side of

."r' e

the vehicle is similar. Figure 3. sthqwsi r ue;xajﬂple\-of determining whether a side of

- e

the vehicle is a lane or not. ::

(a) (b)
Figure 3.6 An example of determining whether a side of the vehicle is a lane or not. (a)
Original Image. (b) Find parameters of R, R; and R,. Parameters of R;: H,=350,
Sg=20, [,=138; parameters of R;: H;=347, S=22, [=151; parameters of R,:
H,=339, §,=20, 1,=122.
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3.2.4 Problem Caused by Lighting in Learning

Process

All the processes of learning have been described in the previous sections. But
some of the processes will yield erroneous results because of the lighting conditions,
especially the process of determining whether a side of the vehicle is a lane or not.
The pixels within R; R;, and R, will be affected by lighting condition. The R, G, and B
values of a pixel change and so do the hue, saturation, and intensity components of
the pixel. Then the process will produce erroneous results. To overcome this problem,
we need to find the variations of the HSI components of a pixel affected by lighting.
From our observance, we find that lighting.makes the hue and saturation components
of a pixel to increase slightly and.the, intensity-component to increase greatly. Thus the

previously-described determination formulais modified as follows:

L, 1) s, 5])+ (o) <

(‘Hg —H,‘) = left side of the vehivle is a lane.

2.f : ~(Is, -s|)<r,

1'#:(‘Hg _HV‘)JF(‘Sg _Sr‘)+(‘1g —I,D<TS

(|, -H, = right side of the vehivle is a lane.

T)—(\Sg—sr\) <T,

2.f

Each formula includes two conditions. Condition 1 is used for normal input
images. Condition 2 is used for input images that are affected by lighting. In condition
2, we ignore the intensity component because this component changes abruptly if the
pixel is affected by lighting. We use only the hue and saturation components in the
formula. In this way we can reduce the erroneous results caused by lighting. Figure

3.7 shows an example of determining whether the two sides of the vehicle are lanes or
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not with the input image affected by lighting. The result of this example is that the

two sides of the vehicle are both lanes.

[
T
-]
=]

vehic eafe lanes or not with the input image

AN
R

R B Y
affected by lighting. (a) Ima@e;=~@ﬁgqt§%yy'1ighting. (b) Find parameters of R R; and

o
A

R,. Parameters of R: H,=346, S,=21, 1,=107; parameters of R;: H=341, =20, 1,62,

parameters of R,: H,=358, §,=27, 1,=99.
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Chapter 4
Vehicle Movement Analysis

4.1 Introduction

In order to detect the vehicle movement for the current input image, we have to
find the lane lines first. Then we can detect the vehicle movement by analyzing the
obtained lane lines. In this chapter, a lane detection process described in Section 4.2 is
proposed to find the left and right lane lines within the lane line regions defined in the
learning process. In Section 4.3, a vehicle movement.detection process is proposed to
find the directions of the two lane lines and combine them into a vehicle movement
direction. Then we can find the vehicle movement for the current input image by
analyzing the vehicle movement direction. A vehicle movement analysis process is
proposed, as described in Section 4.4.

The results of the lane detection process and the vehicle movement detection
process are easily affected by the noise in input images. Such noise may come from
the vibration of the camera while the vehicle is moving, or may be produced by the
objects on the ground with colors similar to those of the lane lines. Such noise in input
images will cause erroneous results of the two proposed processes. Some error
tolerance techniques are developed in this study, as described in Section 4.3.3. These
techniques can not only detect and ignore the erroneous results, but also reduce the

error rate of the two processes.
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4.2 Image Processing for lane line
detection

In this section, a lane detection process is proposed. After the learning process
described in the previous chapter, the two lane line regions Rj... and R,.,. were found.
In this section, we use a thresholding method to find the pixels of the lane lines within
regions Ry, and R,;.,.. But we can not use a global threshold to find the left and right
lane lines because the two lane line regions may have different lighting conditions and
the lighting conditions of each input image is also different. Thus we use two
thresholds respectively for the two lane line regions and the thresholds are designed to

!

vary with the lighting conditions of gggﬁﬁﬁﬁéﬁt-_@@agge. Figure 4.1 shows a flowchart of
-:E':?"y 5, . - ‘
the lane detection process. 'f“ = ]" 3

Lane line regions : Rjane and Ryjane

The colors of lane lines

Pixels of
lane lines

Figure 4.1 Flowchart of lane detection process.
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4.2.1 Preprocessing

Before we use the thresholding method to find the lane lines in the lane line
regions R and R, the threshold for each region should be found first. For each
lane line region, two thresholds need to be found which are the threshold 7, for
finding the white lane line and the threshold T7;, for finding the yellow lane line. In
more detail, 7}, and T}, are the thresholds for the left lane line region, 7., and 7, are
the thresholds for the right lane line region. These thresholds are found by the
following steps.

Step 1. Compute the intensity of each pixel within the two lane line regions Rj,,. and
Ryiane, denoted as 7,

Step 2. For each lane line region,"’compute the'mean intensity of the pixels within the
region, denoted as Mj;ue-and M, jupe.

Step 3. Use My and M, to compute the-thresholds for the two lane line regions by

the following equation:

T;w = Mllane + ]:vhite - -
the thresholds for the left lane line region.
Tl'y = M llane + 7jvellow
Trw = Mrlane + thite - - -
the thresholds for the right lane line region.
T;’y = M rlane + 7-;’ellow

We use the mean intensities of each lane line region as a threshold. Because most
of the pixels within the lane line regions are ground pixels, the M., and M,,,,. found
In Step 2 represent the mean intensities of the ground pixels within the lane line
regions. We can take them as thresholds to classify ground pixels and lane line pixels.
The intensities of the colors of white and yellow lane lines are higher than the

intensity of the ground color. And the intensities of the white and yellow colors of

32



lane lines are also different. For the threshold of the white lane line color, we add an
offset T\sire t0 Mjjane and M,,,,.. And for the threshold of the yellow lane line color, we
add another offset Tyeiiow 10 Mijgne and M,ane. Then all the four thresholds can be

computed from the above equation.

4.2.2 Dynamic Image Thresholding for Lane Line

Detection

In this section, we describe how we find the lane lines in each input image. After
find the two thresholds for the two lane line regions, we use a thresholding method to
find the lane lines in the lane line regions. A method for this purpose is proposed in
this section. The main idea of this-method is to measure the similarity between the
color of each pixel within the lane. line regions and the color of the lane lines. If the
similarity of a pixel is large enough,ithe-pixel-is classified to be a pixel of lane lines.
Otherwise, this pixel is classified to'be a pixelof-non-lane lines. A detailed algorithm

of the proposed method is described as follows.

Algorithm 4.1. Detection of Lane lines.
Input: (1) an input image, iy, (2) lane line regions, Ryue and Ryne; (3) the
thresholds for the left and right lane line regions, Ty, iy, T, and T,

Output: (1) two sets of lane line pixels for left and right lane line regions, respectively;
(2) the positions of the two lane lines, P, and Pjane.

Steps:

Step 1. Choose a proper threshold for each lane line region by the colors of the lane
lines found in the learning process. For example, if the color of the left lane

line is white, T}, is chosen to be the threshold of left lane line region Tje.
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Otherwise, Ty, is chosen.

Step 2. For each pixel within Ry, and R,...., compute the hue component, H,,,
saturation component, Sy,, and intensity component, /,,, from the R, G, and B
values using the formula described in Section 3.2.2.

Step 3. Classify the pixels within Ry, and R4, into two groups, namely, the lane
line pixel group, and the non-lane line pixel group by the similarity between
the color of each pixel and the color of the lane line.

Step 4. For each lane line pixel group in Rj;... and R,.,., cOMpute the mean positions
of the lane line pixels to get the mean positions of the left and right lane

|ineS, denOted as Pllane( )(llanen Yllane) and Prlane( )(rlanea leane)-

In the above algorithm, we classify each pixel in R, and R,,,. by two conditions.
One condition is whether the intensity component Z; is larger than the threshold of the
lane line region or not. The-other condition is whether the hue and saturation
components are similar to the ones of.thelane line. If the above two conditions are
satisfied, the pixel is classified to be"a‘lane'line pixel. For example, if the H,, of a
pixel in Ry falls between Hj,,;, and Hj,q and the Sy, falls between S, and Sy, the
pixel is classified to be a lane line pixel. The values of Hiuiny, Himaxy Siminy @A Spax
depend on the color of the left lane line. If the color of the left lane line is white, the
values of Hiin, Himax, Siminy @NA Simac are the minimum and maximum values of the
hue and saturation components of the predefined white color. The classification

formulas are as follows.

2 llane

For each pixel in R H, i < H,... = Thepixelis aleftlane line pixel.

llane *

Imln Imax

rlaru

For each pixel in R H_ , < H,maX = The pixel is a right lane line pixel.

rlane *

I,
-,
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Figure 4.2 shows an example of finding the pixels of the lane lines. In Figure
4.2(b), the pixels of white color in Ry, and R,..,. are the lane line pixels and the
pixels of black color are non-lane line pixels. We can use these lane line pixels to
perform the vehicle movement detection in the following process. Py, and P4, are
the mean positions of the lane line pixels and they will be used by the proposed error

tolerance techniques.

(a) (b)

Figure 4.2 An example of finding the pixels of the lane lines. (a) Original image. (b) Results of

finding the pixels of the lane lines.

4.3 Computation of Vehicle
Movement Parameters

In this section, a vehicle movement detection process is proposed. After
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classifying the pixels in Ry and R, into the lane line pixels group and the
non-lane line pixels group, we can use the left and right lane line pixels to find the
lane line directions. After finding the left and right lane line directions, we can
combine them into the vehicle movement direction. In addition, some error tolerance
techniques are included to prevent noise from causing erroneous results. Figure 4.3

shows a flowchart of the vehicle movement detection process.

Error tolerance

Pixels of lane lines

g -

=
Directions of lane lines Vjjane and v,.angé‘

movement
direction
Vvehicle

Figure 4.3 Flowchart of vehicle movement detection process.

4.3.1 Computation of Lane Line Direction by Line

Fitting

In this section, we want to compute the lane line directions for the left and right
lane line pixels. For each lane line region, we want to find a line to fit the pixels found

in the lane detection process. A line fitting method is used in this section. Let the
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equation of the line to fit the lane line pixels be: y = mx +b. Then the slope of the line

m and the constant » can be computed by the following equations:

nzxiyi _zxizyi
_ il =

i=1 i=1

=>m >
n n
i3 —(le)
=1 i=1
n 2 n n n
in Zyi _inyizxi
N = =1 = i1

In the above equations, n denotes the number of the lane line pixels; x; and y;
denote the x coordinate and the y coordinate of the current pixel. Then we can find the
lines to fit the left and right lane line pixels. Figure (a) and (b) show an illustration of
the line fitting method. The slope.of the line represents the direction of the lane line.
Figure (c) shows an example of-finding the left and right lane line directions. Then we
can combine the two lane line directions-into. the “vehicle movement direction, as

described in the following section.

(a) (b)
Figure 4.4 lllustration of line fitting and results of finding lane line directions. (a)
Input pixels for line fitting. (b) Results of line fitting. (c) An example of

finding left and right lane line directions.
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Left Lane Line
Direction

Right Lane
Line Direction

(c)
Figure 4.4 lllustration of line fitting and results of finding lane line directions. (a)

Input pixels for line fitting. (b) Results of line fitting. (c) An example of

ab LR o

finding left and right Iqqﬁl‘ﬁﬁe “_&i"r'é‘c'ﬁit?)ﬁsaﬂ(continued).

i
sty |

1=

4.3.2 Computation of \Vehicle'Movement Direction
In this section, we describe how we combine the left and right lane line
directions into the vehicle movement direction. The combination process is described

by the following steps.

Step 1. Denote the slopes of the left and right lane line directions as Vjjue and V,jane.
Also denote the x and y coordinate weights of V.. and Ve @S (Xie, i) @and

(xw, Viw). Let yy, and y,, to be the same value as y,. Compute the x

Yw

llane

coordinate weight of V. by the formula: x, = . And computer the

one of Ve by the formula: x,, = AT Figure 4.5(a) shows an example.

rlane
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Step 2. Compute the combination of the left and right lane line directions and get the
vehicle movement direction as shown in Figure 4.5(b). The x coordinate

weight is: x,,-|x,.,] and the y coordinate weight is 2y,,. Then the vehicle

— X

xlw

zylw

w

movement direction is computed as: V., ... =

Left Lane Right Lane

Direction V,jgne

Direction Vigne

Xy

ylw: yrw= Yw

Yvehicle=YimtVm=2V

Vehicle Movement

Direction Vyenicie

Xvehicle:xlw‘lxrw|

(b)

Figure 4.5 An example of combining the two lane line directions. (a) Step 1. (b) Step

2.

4.3.3 Error Tolerance Technique for Vehicle

Movement Detection

During the process of the lane detection process and the vehicle movement
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detection process, there are three main conditions that cause erroneous results. Three
error tolerance techniques are developed in this section to eliminate the effects of the
three error conditions. These error conditions and their corresponding solutions are

discussed in the following.

Condition 1 ~ In the vehicle movement detection process, only one of the two
lane lines is found in the input image, and the other lane line is
missed because the lane line is not continuous.

Figure (a) shows an example of this condition. The difference between two
consecutive images grabbed by the camera is small because the time interval between
two images is small. The lane line directions will not have great changes within such a
short time interval. Thus for each input image, our solution to handle this condition is
to keep the left and right lane line directions.cemputed from the previous image in
advance. Let the left and right lane line directions camputed from the previous image
are Vyiane and Vyuane. I 0ne of the two lane line directions is unavailable, we use the

lane line direction of the previous frame to replace the lost lane line direction.

Condition 2 ~ In lane detection process, the lane line in the input image is out of
the predefined lane line region because of the movement of the
vehicle.

Figure (b) shows an example of this condition. In order to keep tracking of the
lane lines, we need to use two offsets, 6/, and o,14,., 10 Modify the positions of the
left and right lane line regions as the lane lines move. The two offsets can be
computed from the changes of the positions of the lane lines between two consecutive
images. Pjan. and P,.,., Which are the mean positions of the left and right lane lines

computed in the lane detection process, are used for computation of oy, and ,ane.
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Besides, the mean positions of the left and right lane lines computed in the previous
input image are also kept as Ppuane (Xpiane: Ypiiane) 8Nd Ppriane (Xprianes Yoriane). Then the

two offsets, oiau. and ,14,¢, CaN be computed from the following equation.

O-llane = ‘xllane - xpllane’

O,

rlane

=X

rlane xprlane .

Thus the positions of the lane line regions can be modified automatically by the
changes of the positions of the lane lines. Normally, the offset 6., and 6,4, Will not
have great changes because the changes of the positions of the lane lines in the input
image are slight. If one of the offsets oj.,. and o,/... 1S lager than a threshold, this
offset will be determined to be noise. The lane line region will not be modified by the
offset. Figure (c) shows an example of modifying the lane line regions by the use of

the lane line offsets. = E ,f;ﬁ! NS

o e

'_""‘--. Left lane ling is out of left lane

. line region. §
K
X

(@) (b)
Figure 4.6 Examples of error tolerance techniques. (a) An example of Condition 1.
(b) An example of Condition 2. (c) An example of modifying lane line regions by

lane line offsets.
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Figure 4.6 Examples of error tolerance techniques. (a) An example of Condition 1.
(b) An example of Condition 2. (c) An example of modifying lane line regions by

lane line offsets (continued).

Condition 3 ~ The vehicle movement detection process gets an erroneous lane
line direction of the left-or-right-lane line region because of the
noise in the input image?

There are many kinds of noises that cause erroneous results to the lane detection
process. For example, a pixel with color similar to the lane line color has a chance to
be classified to be a lane line pixel. This pixel will cause erroneous results to the
process of line fitting. Figure 4.7 shows an example of this condition. The same as the
concept involved in Condition 1, the difference between two consecutive images is
slight. Thus the changes of the lane line directions between the lane line directions of
the current input image and the ones of the previous input images are also small. Thus
if the change between Vi and Vyuwe is lager than a threshold, then Vi is
determined to be a noise result and will be dismissed. For Ve and Vyiane, the same

operation is applied. Furthermore, if one of the lane line directions is unavailable, the
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vehicle movement direction of the current input image will also be unavailable.

. |
Normal Lane

Line Direction

Abnormal Lane Line Di

Figure 4.7 An exan;pfl'e' of arll anormé'l Jane line direction.
v

Although we can use the eF‘rc:)‘r thIeIFé\imhnliﬁue described above to detect the
error lane line directions caused by t"He"noise- ir':i'{he lane line regions, this technique
can only ignore the erroneous results. It can not reduce the rate of getting erroneous
results. If the unnecessary regions of the lane line regions can be eliminated, the error
rate caused by the noise can be decreased. The original lane line regions are
rectangles which are 28 pixels in width and 28 pixels in height. To avoid erroneous
results caused by noise, the sizes and shapes of the lane line regions need to be
modified by referring to the positions and directions of the lane lines. A lane line
region modification algorithm is developed here. The main idea of this algorithm is to
eliminate the regions that are far away from the lane lines in the input image by using
the positions and directions of the lane lines. The detailed algorithm is described as

follows.
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Algorithm 4.2. Lane line regions modification.
Input: (1) the left and right lane line positions, P and Puqe; (2) the slopes of the
left and right lane line directions, Ve and Vijane.

Output: the modified left and right lane line regions.

Steps:

Step 1. For the left lane line region, find the pixel P,;... which is 6 pixels higher
than Pj,,. horizontally and 8 pixels lower than Py,,. vertically. And find the
pixel Pjqq. Which is 6 pixels lower than Py, and 8 pixels higher than Pj;u..

Step 2. For the right lane line region, find the pixel P,,..,. which is 6 pixels higher
than Py, horizontally and 8 pixels higher than Py, vertically. And find the
pixel Pjqqe Which is 6 pixels lower.than Py, and 8 pixels lower than Pyg..
Figure 4.8(a) shows an example:

Step 3. For the left lane line region, create a line L,;.,. with the slope V.. which
passes through P,j... ‘and create-a-Hine L., with the same slope which
passes through Py.... For the right'lane line region, create the lines L;,,. and
L,1ane DY the same process. Figure 4.8(b) shows an example.

Step 4. Take the desired modified left lane line region as the region between Lju.
and L, ... And take the desired modified right lane line region as the region
between Liune and L,iane. Figure 4.8(c) shows an example.

Figure 4.8(d) shows an example of the modification result. Thus unnecessary
regions will be eliminated and the noise in these regions will also be discarded. The
rate of getting erroneous results will thus be reduced. This algorithm is applied to

each input image. And the lane line regions will vary with each input image.
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Figure 4.8 Illustration:ef modifying lane line regions.

4.4 Vehicle Movement Analysis

In this section, a vehicle movement analysis process is proposed. After combining
the lane line directions into the vehicle movement direction, we want to analyze the
vehicle movement direction and determine what the vehicle movement condition is
now. First, we have to define the vehicle movement conditions. Then a method is
developed to recognize these vehicle movement conditions. Figure 4.9 shows a

flowchart of the vehicle movement analysis process.
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4.4.1 Vehicle Movement Conditions

During driving in outdoor environment, there are many kinds of vehicle

movement conditions. The main conditions are: the vehicle moves straightly, the

vehicle turns left or right, and the vehicle moves to the left or right lane. The three

conditions are discussed in this section. Although these conditions are normal

behaviors during driving, it is not easy to classify these conditions using image

processing techniques. In the following section, a method is developed to classify

these conditions. Figure 4.10 shows some examples of the vehicle movement
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conditions.

Figure 4.10 Examples of vehicle movement conditions. (a) An example of straight driving.

(b) An example of left turning. (c) An example of right lane changing.

4.4.2 Analysis and Recognition of Vehicle Movement
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Conditions

For the conditions described in the previous section, we want to classify them by
using image processing techniques. The main method used is to check the lane line
directions and the vehicle movement direction. But it is not enough for classifying the
lane changing condition. Thus the lane line positions found in the lane detection
process is included into the process of classifying the three conditions. The

classification methods are described in the following section.

4.4.2.1 Straight Driving Condition

In the straight driving condition, theifleft.and.right lane line directions have x
coordinate weights X, and X..q,. Which are opposite' in direction and equal in length.
Thus the combination of X, and X Will-nearly-cancel out; only the y coordinate
weights Y. and Y., are left. The x‘coordinate weight of the vehicle movement

direction X,.uice 1S nearly zero. And so is the vehicle movement direction, Riepicie

X ohic
— " vehicle . We use a threShOId Tstraight to

vehicle

which is computed from the equation: R

vehicle

determine whether the vehicle movement condition is straight driving or not. The

classification formula is defined as follows:

#

Figure 4.11(a) shows the range of R,...... t0 be classified as the straight driving

>T

straight

<T

straight

R, icte = non-straight driving condition;

R it = straight driving condition.

condition. Figure 4.11(b) shows an illustration of the straight driving condition.
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(a) (b)
Figure 4.11 Illustration of straight driving condition. (a) The range of Rience to be
classified as the straight dri‘wing condition. (b) An example of the straight

driving condition.

4.4.2.2 Turning Condition

In the left or right turning condition, the combination of Xj;,,. and X, will not
cancel out. For the condition of turning left, the length of X;,. will be larger than
Xuane- And for the condition of turning right, the length of Xy, will be larger than
X,ane- We use another threshold, 7y, for the determination of the turning condition.

We modify the classification formula used for the straight driving condition to be:

| R S R = staright driving condition;
elseif: 7., 2 R e 2 Tpuire = Tight turning condition;
else if: 7., > —(R i) 2 T,yyaire = €t tUrning condition.
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Classification of the left and right turning conditions depends on the direction of
Ryenicie- 1T Ryenicie 1S positive and its value is between Ty qign: and Ty, the direction of
Ryenicie 1S from left to right. Then this is the right turning condition. If R,epicre 1S
negative and its absolute value is between Ti,qigne and Ty, then this is the right
turning condition. Figure 4.12(a) shows the range of R,.... t0 be classified as the

turning condition. Figure 4.12(b) shows an example of the left turning condition.

Left Lane Right Lane

Direction Direction

Yri
y llane riane

)(llane

'Rvehicle: Tstraigh‘

_______

Xvehicle

(@) (b)
Figure 4.12 Illustration of the turning condition. (a) The range of R,z t0 be classified as

the turning condition. (b) An example of the left turning condition.

4.4.2.3 Lane Changing Condition

The process of the classification of the lane changing condition is just like the

process of the turning condition. But it is difficult to classify such conditions by the
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vehicle movement direction only. The main difference between the turning condition
and the lane changing condition is that the lane line positions will change rapidly
within a short time in the lane changing condition. However, this phenomenon does
not exist in the turning condition. Thus we can classify these two conditions by
tracking of the lane line positions. To measure the movement of the lane line positions
in the current image, the default positions of the lane lines need to be found first. The
lane line positions of the first input image are defined to be the default lane line
pOSItions, Peiiane and Pgepiiane. 1 the distance between the current lane line position
and the default lane line position is larger than a predefined threshold, Tsangeiine, this
condition is classified as the lane changing condition. We expand the classification

formulas as follows.

R icre| < Toanaigin => straight driving condition;
else if: (7., = R icte = Tiraign ) & (Btane = Fiigtane| > Terengine) = 1ight lane changing condition;
else if: (7., = Rouicte = Toiraign) & Btine = Fidriaie| < Linangine) = right turning condition;

else if: (7, = —(Ryupicte) 2 Toraion) Sl Bugne =Ligtane| > Tonaneiine) = 16Tt lane changing condition;
else if: (7;,,, > (R i) 2 Topaign) & (Prre = Prone| < Tpangine) = l€ft turning condition.

Thus three main vehicle movement conditions can be classified by the
previously-mentioned formulas. Figure 4.12 shows an example of the lane changing
condition. Figure 4.12(a) shows the default lane line positions and Figure 4.12(b)
shows an example of the right lane changing condition. In this example, we can find
that the distance between P,z and Paesiane 15 50 pixels and the vehicle movement

direction is 0.2537. This condition is classified as the right lane changing condition.

51



Prl(m(:(l78784)

h ]
P(I«'ﬁ‘/mw:(z ¥
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Figure 4.13 An example of lane changing condition. (a) The default lane line positions Pueiane
and Pyepiane. (D) Classificationof the'lane changing condition.
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Chapter 5
A Method for Detection and

Tracking of Neighboring Objects

5.1 Introduction

In order to keep the safety of vehicles, vehicle neighboring objects should be
tracked and monitored continuously. When risk conditions are detected, we have to
inform drivers immediately. In this chapter; a method for detection and tracking of
neighboring objects is proposed’ In Section 5.2, a neighboring object detection
process is proposed. Secondly, we have to determine what the obtained objects are by
classifying these objects into three groups, namely, neighboring vehicles, obstacles on
the ground and non-objects. An object classification process is proposed in Section
5.3. Finally, we have to keep tracking and monitoring the neighboring vehicles after
classification of the objects. This method is used for detection of risk conditions such
as the case that a neighboring vehicle is approaching and the distance is short or the
case that an obstacle is approaching. A neighboring vehicle tracking algorithm is

described in Section 5.4.
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5.2 Detection of Neighboring
Objects

In this section, we want to find neighboring objects in each input image by image
processing techniques. The main idea is to use image differencing techniques to find
the difference image between two consecutive images. Then we can analyze the
difference image and find the objects from it. We can then compute the parameters of
each object. Each parameter of an object represents a property of the object. Thus we
can classify these objects by their properties. Figure 5.1 shows a flowchart of the

neighboring object detection process.

Icwrent and/, previous

Image difference Ijgrence

Detected objects
Detected
objects
and their
parameters

Figure 5.1 Flowchart of neighboring object detection process.
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5.2.1 Estimation of Changes between Two

Consecutive Images

In this section, we want to find the difference image between two consecutive
images. We assume that the two neighboring images are the current input image,
Lewrren, and the previous input image, Lyevious: We sSimply subtract L evious from Zeyren:
and the difference image, Zyperence, Can be acquired. However, it costs much time to
apply the subtraction operation to the entire image. We want to apply the subtraction
operation only on regions of interest. The warning region R,,.,, defined in the learning
process is the region around the vehicle that we want to monitor. The warning region
is divided into six regions: front rergi,on,‘ Ry pack region, R,, left region, R, right

region, R,, blind left region, Ry, laﬁd'blincﬂhright region, Ry, These regions are used for

detection and tracking of neighboring objects. The image difference process is applied
= | | a

only to these regions. After obtaining the-image difference, the changes of these

regions between Iy evious aNA Leyrrent withinia short time interval can be found. Figure

5.2 shows an example of finding the image difference of the six warning regions.

N\

(a) (b)
Figure 5.2 An example of finding the image difference of the six warning regions.
(@) Current input image L.en. (D) Previous input image Zevious- (C)

Results of finding image difference of the six regions.
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(©)

Figure 5.2 An example of finding the image difference of the six warning regions.

(2) Current input image Yeen (D). Previous input image Levious. (C)
Results of finding iﬁgge diffév!enééfo‘,f ‘tﬁg six regions (continued).

. % T BSG
L

5.2.2 Detection of Neighboring Objects

After finding the difference image, in this section we describe how to analyze the
obtained difference image and find objects from it. The idea is to collect neighboring
pixels in Zygerence. Figure 5.2(c) shows an example of objects; the neighboring pixels of
green or red color within each blue ellipse are classified as an object. A region
growing algorithm is used to collect neighboring pixels in the difference image. A
region growing algorithm is applied to the six warning regions in the difference image.
Then we can find all objects within the regions.

So far we have found all the objects in Zggerence, Ut Some of the objects actually

belong to the same object in input image. In other words, they are parts of the object.
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We have to merge them into an object. They were classified as individual ones due to
the discontinuity of pixels or noise in g ence. Thus we have to detect and merge the
neighboring objects. To merge the neighboring objects, an object merging algorithm
is developed in this study. The main idea of this algorithm is to merge the objects by
comparing the distance between them. Two objects with a small distance between

them are merged into an object. The detailed algorithm is described as follows.

Algorithm 5.1. Object merging.

Input: (1) all the objects found in Zyigerence; (2) a threshold 7.

Output: objects after applying object merging.
Steps:

Step 1. For each object, compute the mean positions of the pixels within it. Assume
that the mean position:of the ith-object is M.

Step 2. For each object, find all'the distances between its mean position and all the
other objects’ mean position.

Step 3. For each object, if one of the distances is smaller than the threshold Ty,
merge the two objects and re-compute the mean of the merged object. And
then return to Step 2.

Step 4. If no objects were merged in Step 3, the process has come to its end and the

objects after applying object merging are obtained.

In the above algorithm, we simply use the distance between the mean positions of
objects to determine whether two objects should be merged. If two objects are merged,
the pixels of one object will be taken as part of the other. And the mean position of

M, +M

the new object will be re-computed by the equation: M,'= b where M, and
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M, are the mean positions of the two objects for merging. Figure 5.3 shows an

example of applying this algorithm.

Difference Image Difference Image
K Object 2 f \ Object 2
Object 1 Object 1 \
\ O
o)
\’@\ 2,
\

D12 < Tdmin

D13 > Tdmin

Object 3 D23 > Tymin Object 3

(a) (b)

Difference Image . 3 Difference Image
Object 1 Ot £ TE
2 Object 1
D13 > Tymi

13 dmin Object 3 Object 3

(c) (d)

Figure 5.3 An example of applying object merging. (a) Objects for merging. (b)
Finding all the distances between them. (c) Merge of Object 1 and Object

2. (d) The result of object merging.

5.2.3 Computation of Neighboring Object
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Parameters

After merging the objects, we can get the output objects. Before classifying these
objects, we have to find the parameters of each object. The parameters of an object
represent the properties of it. These parameters include object region R, object
center M., and object density p,s. The methods for computing these three parameters

are described as follows.

(1). Object region R,

This parameter is a rectangle region that completely encloses the object. To find
the parameter, we have to find the four positions of the rectangle region. Firstly, we
compare the positions of the pixels within:this.object and find the maxima and the
minima positions in the x- and.y-coordinates. The maxima and minima positions in
the x-coordinates are denoted by "X, and X, and'those in the y-coordinates by Y.,
and Y,.... The object region can be defined from the four positions, X, Xuax Ymins
and Y,.... Figure 5.4(a) shows an illustration of defining the region of an object. The

width and height of the object region are W, and H,; which can be computed from

the equation: W,,, = X, .. — Xins H = Yo — Yiin -

(2). Object center M, (Mx, My)

This parameter is a position which is found by computing the mean position of the
pixels within the object. The object center of each object has been computed and used
in the object merging algorithm described above. It represents the mass center of this

object. In other words, if most of the pixels within the object fall on the right side of
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the object region, the object center of this object also falls on the right side of the

object region. Figure 5.4(b) shows an example.

(3). Object density pos

This parameter is the ratio of the area of the object region, A, to the number of
the pixels within the object, N,. The area can be computed from the width and height

of the object region. Then the object density of this object can be computed from the

equation: p,,, =—2

. Figure 5.4(c) shows an example.
obj

The three parameters of an object represent the properties of the object. They are

used in the object classification process as,described in Section 5.3. We classify these

objects by analyzing the parameters of them:

Difference Image Difference Image
(X'min,Y min) Object 1 (Xmax: Y min) Object 1
Iﬁ @ Q
T
(Xmianmax) ] (XmaxVYmax) [I
¥
Object region Object center
of Object 1 of Object 1
(a) (b)

Figure 5.4 Illustration of the object’s parameters. (a) Object region of an object. (b)

Object center of an object. (c) Object density of an object.
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W,
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\
Ny ¥
The pixels within
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(©)
Figure 5.4 Illustration of the object’s parameters. (a) Object region of an object. (b)

Object center of an object. (c) Object density of an object (continued).

5.3 Classification of Neighboring
Objects

So far what the obtained objects are is unknown. In this section, we want to
classify these objects into three groups, namely, neighboring vehicles, obstacles on
the ground, and non-objects. Objects of each group have their own properties; we can
classify the objects by analyzing the three parameters of each object found in the
previous section. The detailed classification methods are described as follows. Figure

5.5 shows a flowchart of the objects classification process.
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Yes

The neighboring vehicle group includes the obtained objects which are vehicles
surrounding the vehicle. Neighboring vehicles are the major objects that need to be
tracked for the safety of the vehicle. Neighboring vehicles in the six warning regions
need to be classified. However, the properties of the neighboring vehicles of the front
and back regions are similar. And the properties of the neighboring vehicles of the left,
right, blind left, and blind right regions are also similar. Thus the classification
method only has to deal with two cases: neighboring vehicles of the front and back
regions, and neighboring vehicles of the left, right, blind left, and blind right regions.
To determine whether the obtained object is a neighboring vehicle or not, we have to
analyze its parameters. Figure 5.6 shows some examples of neighboring vehicles in

input images. Figure 5.6(a) shows an example of detected neighboring vehicles of the

'FH'i- h«I{':J -'F‘r.l.'ﬂ-:-i ‘,l"'."
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front and back regions. Figure 5.6(b) shows examples of neighboring vehicles of the

left region. The classification method of the two cases is described as follows.

Rear sidedfl o
the vghiole

Front side of

9
a‘l‘\ “the velcle
D .

(b)-a
Figure 5.6 Examples of neighboring vehicles. (a) Neighboring vehicles of the front

and back regions. (b)Neighboring vehicles of the front and left regions.
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(b)-b

Figure 5.6 Examples of neighboring vehicles. (a) Neighboring vehicles of the front
and back regions. (b) Neighboring vehicles of the front and left regions
(continued).

| = |

Case 1 Neighboring vehicles -oiffro;ntnand ”l;ack reg;ons.

Normally, only the rear g"rde ‘of"'év-ﬁr@bjonrl’pg vehicle will be detected in the
front region Rrand only the front siaé ofa néi‘ghbéring vehicle will be detected in the
back region R, as shown in Figure 5.6(a). Thus we can use the properties of the
detected part of neighboring vehicles as a template to classify the obtained objects.
For an object to be classified as a neighboring vehicle, three conditions have to be
satisfied. The first is that the object center M,,; of the object is located near the center
of the object region R,. Denote the center of the object region R,y as Cos (Cx, Cy).
Then the distance between M,,; and C,,; should be smaller than a threshold 7. This is
because the front or the rear side of a vehicle has symmetric property as shown in
Figure 5.7. The second condition is that the width of the object region W,; is between

two thresholds, W,,;, and W, which are the minima and maxima widths of the

neighboring vehicles of the front and back regions. And the height of the object
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region H,; is lager than a threshold Hj,,,. The third condition is that the object density
pon; OF the object is larger than a threshold pgenicie. The classification method can be

formalized as follows.

if |Mx—Cx|+|My—Cy|ST
lf mein B W)bj < Wf‘max &Hfmin < Hobj

if‘ pobj 2 pﬁ/ehicle
= a neighboring vehicle of front/back region is detected.

Symmetry Symmetry

Figure 5.7 Symmetric property of a vehicle.

Case 2 Neighboring vehicles-of left, right, blind left, and blind right regions.

There are two conditions which need to be discussed in this case. One condition is
that only the front or rear side of the neighboring vehicle is detected in the input
image, as shown in Figure 5.6(b)-a. The other condition is that the entire neighboring
vehicle is detected in the input image, as shown in Figure 5.6(b)-b. This condition
only appears in the left and right regions.

For the first condition, we classify an object by the width and height of the R, of
the object and its object density. The object center of the object is not used because
the symmetric property dose not exists in the side view of a vehicle. For an object to
be classified as a neighboring vehicle, two conditions have to be satisfied. One is that
the width of the object 17, is larger than a threshold ,,,, and the height of the object
H,y; is between two thresholds, Hyi, and H,.... The other one is that the object density

is larger than a threshold pjenicie. The classification formula is described as follows:
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if Hynio < H oy < Hp & Wpin <

Imin — Imax

lJ( pobj 2 plvehicle

Imin —

obj }

= A neighboring vehicle of left or right regions is detected.

For the second condition, as shown in Figure 5.6(b)-b, although there is only one

neighboring vehicle in the left region in the input image, two objects are detected.

One is the front side of the vehicle and the other is the rear side of the vehicle.

However, the two objects belong to the same vehicle actually. Thus the two objects

should be determined to one neighboring vehicle of the left region. To achieve this,

firstly we have to determine whether the two objects are neighboring objects of the

left region by the classification formula described in the previous case. If the two

objects are determined to be neighboring vehicles, we can use the distance between

object centers of the two objects for.analysis. If the distance is between two thresholds,

Duin @and D,,.., the two objects will be determined to.one neighboring vehicle. Figure

5.8 shows an example.

For the blind left and blind right regions, the classification method is just like the

one of the first condition of the left and right regions described above.

Difference Image

Difference Image

N eighboring |
vehicle
object 1 T
,’;U D max>D 12>D min
N eighboring ,
vehicle d
object 2

N eighboring N
vehicle ®
object 1 ‘

N eighboring
vehicle L.
object 1

Figure 5.8 An example of determining two neighboring vehicle objects as the same

vehicle.
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5.3.2 Speed Bumps on the Ground

In order to inform drivers to decrease his speed in some dangerous sections of
highways, speed bumps are installed on the ground. Thus we want to detect speed
bumps on the ground in advance and inform drivers to decrease his speed. Only the
speed bumps in the front region of the vehicle need to be detected. We determine
whether the obtained objects are speed bumps or not by the properties of speed bumps
in the input image. If an object is a speed bump, three conditions are satisfied. The
first one is that the distance between M, and C,; is smaller than a threshold 7. The
second condition is that the value of W, is larger than a threshold W,a., and the
value of H, is smaller than a threshold Hyyasmp- The third condition is that the value
of posy; is larger than a threshold pgzaem,. Therclassification formula is as follows.

if |Mx—Cx|+|My—Cy|ST
l:f I/Vspdbmp < W &Hobj <H

obj spdbmp

if‘ p obj 2 p spdbmp
= A speed bump in front regions is detected.

5.3.3 Non-Objects

There are also various kinds of objects that are detected in our system. These
objects include two types. One type is meaningless objects such as trash on the
ground, which are not objects of our interests. The other is noise object which is
produced from the result of image difference. These two types of objects are
non-objects. If an object is not a neighboring vehicle and not a speed bump on the
ground, either, it will be determined to be a non-object. Then the object will be

eliminated from the obtained objects.
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5.4 Tracking of Neighboring
Vehicles for Risk Detection

So far we have classified the obtained objects into the three groups as described in
the previous sections. However, unlike speed bumps and non-objects, objects of
neighboring vehicles may cause dangerous conditions. If a neighboring vehicle is
moving too close, risk conditions will arise. We have to track the neighboring vehicles
for risk condition detection. In this section, a neighboring vehicle tracking algorithm

is developed.

5.4.1 Neighboring Vehicle Tracking

The main idea of the neighboring vehicle tracking algorithm is to keep a tracking
list of neighboring vehicle objects. When the first input image is grabbed, we analyze
the image and detect objects of neighboring vehicles from it by the classification
method mentioned above. We put the detected neighboring vehicle objects into the
tracking list. Then for each neighboring vehicle object in the tracking list, we try to
find its corresponding neighboring vehicle object in the subsequntly grabbed images.
If the corresponding neighboring vehicle object is found, the object in the tracking list
will be replaced by its corresponding object. Otherwise, the object in the tracking list

should be removed. A detailed algorithm is described as follows.
Algorithm 5.1. Tracking of detected neighboring vehicle objects.

Input: (1) detected neighboring vehicle objects in current input image, Oyenicie; (2)

neighboring vehicle objects in the tracking list, O, ..; (3) a threshold T
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Output: updated neighboring vehicle objects in the tracking list.
Steps:
Step 1. For each object in the tracking list O,.., compute all the distances between
the object center of the object and the object centers of all the objects in
Ovehicle-
Step 2. For each object in the tracking list, compare all the distances found in Step 1
and mark the object by Steps 2.1 and 2.2.
2.1 If one of the distances is smaller than the threshold 7, mark the object in
the tracking list with the serial number of the corresponding object in
Ovehicie-
2.2 If none of the distances is smaller than the threshold 7., mark the object
in the tracking list with.a lost label.
Step 3. For each object in the tracking list, check the label marked on it by Steps 3.1
and 3.2.

3.1 If the label is the serial-.number.of the object in O,cnice, take the

corresponding object to replace the object in Oy

3.2 If the label is “lost”, eliminate the object in Ok
Step 4. The neighboring vehicle objects in the tracking list are then updated in the

current input image.

In the above algorithm, we use the distances between the object center of the
object and the object centers of all the objects in O,i;. fOr tracking the neighboring
vehicle objects. Because the image difference between two neighboring images is
small, the centers of the neighboring vehicle objects will not have great changes. If
the distance is smaller than the threshold, the object corresponding to the one in the
tracking list, O, is found. If none of the distances are smaller than the threshold, it

means that the object may have left the warning region. We will remove it from the
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tracking list.

5.4.2 Erroneous Conditions

Although we can track objects by the algorithm described in the previous section,
there are still one condition that will cause erroneous results. For example, assume
that a neighboring vehicle keeps the same speed as our vehicle after it entered the
warning region. At first, we can detect it using image differencing when it entered.
Unfortunately, we will detect nothing and remove the neighboring vehicle object from
the tracking list if it keeps the same speed as our vehicle. To solve this kind of
problem, we have to detect the movement of the object. We can detect whether the
neighboring vehicle object is approaching or leaving by the movement of the object
centers. Take objects in the front.region as.an example, if the y-coordinate of the
center of the object in the tracking list1s-smaller than the y-coordinate of the center of
the corresponding one, the object Is‘approaching our vehicle. Otherwise, the object is
leaving. Assume that the object center of an object in the tracking list iS M, ucx(Xiack,
Yuack) @nd the object center of the corresponding one is M., (Xeur, Yeur). Figure 5.9
shows an illustration of detection of neighboring vehicles’ movement.

After finding the movement of each neighboring vehicle object, if an object is
detected to be approaching, it will not be removed from the tracking list although no
corresponding object was found. Only the objects that are leaving will be removed
from the tracking list when no corresponding objects were found. Thus this erroneous

condition can be reduced.
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Figure 5.9 Illustration of detection of neighboring vehicles’ movement.
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Chapter 6
Risk Condition Detection for Driving
Assistance

6.1 Introduction

In this chapter, we describe how we detect risk conditions and inform drivers to
take proper actions. The causes of risk conditions can be categorized into two main
types. One type is caused by dangerous driving behaviors made by drivers with bad
physical conditions. We want todetect this type of condition and inform drivers to
stop driving. For this purpose, a finite-state transition-analysis method is developed in
this study, which is described in“Section 6.2:The other type of risk condition is caused
by neighboring vehicles. For example, ‘a neighboring vehicle might move too close
and not keep a safety distance. An even worse case is that the driver can not monitor
the entire surrounding of the car simultaneously. Then a traffic accident will occur
easily. Thus a risk condition detection method by tracking neighboring vehicles is
developed in this study, which is described in Section 6.3. When a risk condition is
detected, the system will inform the driver to take care of the condition. Finally, an

overall risk detection algorithm is described in Section 6.4.

6.2 Risk Detection by Vehicle
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Movement Analysis and Finite-State
Transition Analysis

In this section, we describe how we detect risk conditions by the results of the
proposed vehicle movement analysis method described in Chapter 4. The result of the
method is a description of the vehicle movement condition of the current input image.
For each input image, we can find the vehicle movement condition of it. A finite-state
transition analysis method is proposed here. Vehicle movement conditions are
identified in this study to be of three different types, namely, straight driving, turning,
and lane changing. Each condition represents a state in our finite-state transition
model. Figure 6.1 shows a state transition diagram of the finite-state transition model
used in this study. This model consists of 5 states, namely, the straight driving state,
the turning state, the lane changing state, the risk condition state, and the abnormal
terminating state. The states of straight driving, turning, and lane changing represent
the current movement of the vehicle. The risk condition state means that the vehicle
encounters a risk condition. The abnormal terminating state means that an error
occurs.

When a driver starts to move his vehicle, the vehicle movement state transits into
the straight driving state. Normally, the vehicle movement state stays at the straight
driving state as the vehicle is moving forward. When the driver changes the driving
path from a lane to the left one or the right one, the vehicle movement state transits
from the straight driving state to the lane changing state. After finishing lane changing,
the vehicle movement state will return to the straight driving state. The state transition
of the turning condition during driving is just like the lane changing condition, as

shown in Figure 6.1. These are normal driving behaviors during driving.
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Figure 6.1 State transition diagram of proposed finite-state transition model.

Risk conditions can be detected from the, specific kinds of state transitions.
Normally, after a vehicle finishes turning; the vehicle movement should return to the
straight driving state. If a turning condition is followed by a lane changing condition,
this is an illegal transition and the.state will transit into the risk condition state. It is
dangerous to change lane during turning conditions. Besides, there are still two
conditions that will be determined to be risk conditions. One condition is that the
vehicle stays at the lane changing state for a long time. This condition means that the
vehicle keeps driving across a lane line which is a kind of dangerous driving behavior.
Another condition is that the vehicle movement state transits between the straight
driving and lane changing states frequently within a short time. This condition means
that the driver is conducting a snake driving which is also a kind of dangerous driving
behavior. If one of the risk conditions described above is detected, the vehicle
movement state will transit to the risk condition state and a sound is played to inform
the driver to take actions. If the detected risk condition is removed later, the vehicle

movement state will return to the straight driving state. If the detected risk condition
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lasts for a long time, the vehicle movement state will transit to the abnormally

terminating state. The system will play a warning sound contiguously.

6.3 Risk Detection by Detection and
Tracking of Neighboring
Vehicles

In this section, we describe how we detect the risk conditions caused by
neighboring objects. By using the proposed method of detection and tracking of
neighboring vehicles described in‘chapter 5, we'can track the detected neighboring
vehicles. When a vehicle moves-too.close to our vehicle, it means that a risk condition
occurs. To determine whether a-neighboring-vehicle-is moving too close, we have to
define distance thresholds for certain warning regions. Our attention mainly falls on
the front and back warning regions because most of accidents occurred in these two
regions. Figure 6.2 shows the distance thresholds of the front and back warning
regions we adopt in this study. When the region of a neighboring vehicle in the front
region reaches the distance threshold of the front warning region, a risk condition
warning should be issued. And when the region of a neighboring vehicle in the back
region reaches the distance threshold of the back warning region, a risk condition
warning should be issued, too. If a risk condition is detected, the proposed system will

play a specific sound as a warning signal for the driver to take appropriate actions.
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6.4 Risk Detectio

The risk detection algorithm can be categorized into two types, namely, risk
detection by vehicle movement analysis and finite-state transition analysis, and risk
detection by detection and tracking of neighboring vehicles, as described in Section
6.2 and Section 6.3, respectively. The algorithm of each type is described in the

following.

Algorithm 6.1. Risk detection by vehicle movement analysis and finite-state transition

analysis.

Input. (1) the detected vehicle movement condition in each grabbed image; (2) a

finite-state transition model.
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Output. whether the current vehicle movement condition is a risk condition or not.

Steps:

Step 1.

Step 2.

Step 3.

Step 4.

For each detected vehicle movement condition, transit the vehicle movement
state by the state-transition model as shown in Figure 6.1.

Check and apply the detected transitions. If an illegal transition or one of the
two risk conditions described in Section 6.2 is detected, transit the state into
the risk condition state and go to Step 3. Otherwise, stay at Step 2.

Keep checking the vehicle movement state, and if the state stays at the risk
condition state for a long time, then go to Step 4. Otherwise, return to Step 2.
Transit the vehicle movement state to the abnormal terminating state and

play a warning sound contiguously.

The main idea of this algorithm is described in Section 6.2.

Algorithm 6.2. Risk detection byrdetection-and tracking of neighboring vehicles.

Input: (1) the detected neighboring vehicles in each input image; (2) the neighboring

vehicles in the tracking list as described in Section 5.4.

Output: whether there is a neighboring vehicle moving too close or not.

Steps:

Step 1.

Step 2.

For the neighboring vehicles in the tracking list, find their corresponding
objects by the Algorithm 5.1 described in Section 5.4.1.

For each corresponding object in the front and back warning regions
obtained in Step 1, check the region of the object. If the region of an object
reaches one of the thresholds described in Section 6.3, go to Step 3.

Otherwise, stay at Step 2.
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Step 3. Determine that a risk condition is detected and play a warning sound of the
front or back region. Eliminate the risk condition and return to Step 2 if the
detected neighboring vehicle keeps a safety distance with the vehicle

The main idea of this algorithm is described in Section 6.3.
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Chapter 7
Experimental Results and
Discussions

7.1 Experimental Results

In this section, we will show results of certain driving experiments in outdoor
environment. All experiments of this study were conducted in the roads surrounding
National Chiao Tung University. 4n Section.7.1.1,a vehicle movement analysis result

is shown, and in Section 7.1.2, some neighboring vehicle detection results are shown.

7.1.1 Vehicle MovementAnalysis

In this experiment, we want to show the detection result of the turning condition
in this study. In a learning stage, we drove our vehicle to a starting location. Image (1)
in Figure 7.1 shows the GUI interface of the system and a grabbed image for learning.
Then the learning process started to analyze the first grabbed image and the learning
result was shown in Image (2) in Figure 7.1. Then we started to drive our vehicle
along a road. Firstly, a straight driving condition was detected in Image (4) in Figure
7.1. Then the vehicle movement changed into the straight driving condition. Later, the
road started to curve, and a turning condition was detected, as shown in Images (5)

through (6) in Figure 7.1. The vehicle movement condition changed to the left turning
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condition later. Finally, the road became straight. Thus a straight driving condition
was detected again, as shown in Images (7) through (8) in Figure 7.1, and the vehicle
movement returned to straight driving.

In this experiment, the average speed of the vehicle was about 35 km/hour.

7.1.2 Neighboring Vehicle Detection

In this experiment, we want to show the result of neighboring vehicles in the front
warning region. In the learning stage, the process was just like the one in the previous
experiment. Image (1) in Figure 7.2 shows the learning result. Because the left side of
the vehicle was determined to be not a lane, the warning region of the left side was
disabled. Then we started to drive.our vehicle to approach the front vehicle. Later, the
neighboring vehicle in the front region entered the warning region and was detected
by the system, as shown in Image (3)-in_Figure 7.2. And the detected neighboring
vehicle was found to be approaching our.vehiele: Then the system started to track the
detected vehicle as shown in Image (4) in Figure 7.2. Later, we kept the same speed as
the neighboring vehicle. Then the system detected nothing, as shown in Images (5)
through (8) in Figure 7.2. But the neighboring vehicle was not removed from the
tracking list because it was detected approaching our vehicle; instead, the system kept
on tracking it till the end of the experiment. Although some noise appeared in the
grabbed image during driving, they were not classified as objects of interests and were

ignored.

80



Fla [esis Tork Opewe Copme [y
O v & s s ¢

-Frocios Slalsg——————— [ Lisitwrg Bladui
Fiaharms = Led Regien Fighi Beian
[Finkiai Wean I_ s Gt |
Lol Laves Maziai I_ Car Figs I
Faghl Las Vacter | Whein bhaar [~
Vehcle Myemarl | Lol Larw —
L L Ciew | Fighi L |_
Fight Larm Calr | PP |
LLare, LLansCriest | Wiss B rivarion |_
FLnaw, FLamaCob | Weiat M VB £ 4 |_
T Cir Condilian [
Fighi Larws P an |—

CLOSE |

oy XD HEL 0 dL 0

(%)

Figure 7.1 Experimental results of vehicle movement analysis.
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Figure 7.2 Experimental results of neighboring vehicle detection.
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Figure 7.2 Experimental results of neighboring vehicle detection (continued).

7.2 Discussions

We discover certain problems by anal;‘yzi‘hg the éxperimental results. And these
problems are described as followé. (e |

(1) The lane lines on the road in outdeor environment have to be as clear as possible.
If the lane lines are blurred or discontinued, the proposed lane detection module
may get erroneous results. But our system can only dispose the erroneous results;
it can not avoid this kind of error.

(2) The time interval between two grabbed images has to be as small as possible. If
the time interval is large, the image difference between two grabbed images is
large. This may cause problem to the classification of neighboring objects. Thus
we need to make the time interval as short as possible.

(3) The size of the vehicle used in this study has to have a fixed size. If we use a
vehicle with its size larger or smaller than a normal car, the vehicle region

defined in the learning process need to be re-defined.
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Chapter 8
Conclusions and Suggestions for
Future Works

8.1 Conclusions

In this study, several vision-based techniques and methods have been proposed
and integrated into a system with autonomous learning capabilities to achieve the goal
of computer assisted driving.

At first, an autonomous learning, process has been proposed. Only an input image
is acquired for the process and all the needed features or parameters are extracted
automatically.

Next, a vehicle movement analysis: method has been proposed to detect and
analyze the lane lines in grabbed images. A dynamic thresholding technique is
employed for use in the lane detection process to enhance the correctness of the
analysis result. Three kinds of vehicle movement conditions, namely, straight driving,
turning, and lane changing, are identified by the proposed analysis method. Some
error tolerance techniques are also used to reduce failure rates.

Then a detection and tracking of neighboring objects method has also been
proposed. Three kinds of neighboring objects, namely, neighboring vehicle, obstacle
on the ground, and non-object, can be classified by the proposed object classification
method. Furthermore, a neighboring vehicle tracking algorithm is proposed to track

detected neighboring vehicles.
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Finally, a risk condition detection method has been proposed. A state-transition
analysis method has been proposed to detect the risk conditions caused by dangerous

driving behaviors.

8.2 Suggestions for Future Works

The proposed techniques and methods, as mentioned previously, have been
implemented on a system. Several related interesting issues are worth further
investigation in the future. They are described as follows:

(1) designing an omni-directional .camera with a capability of adjusting its

height automatically for'differentiscenes of.outdoor environment;

(2) simplifying the methods used .in this study to reach real-time image

processing;

(3) adding the -capability of “measuring the vehicle movement speed

simultaneously;

(4) adding the capability of recognizing pedestrians on the road;

(5) adding the capability of classifying moving and non-moving objects on the

road;

(6) expanding the state-transition model to detect more risk conditions.
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