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Abstract

We propose a systematic method for improving the response time of forward collision
warning (FCW) on vehicles. First, a performance indicator of FCW, called the warning
lag time, is introduced to use instead of the pre-warning time. The warning lag time is a
time period between an actual brake of the driver and a warning signal and this period is
calculated based on the cross-correlation method. We use the warning lag time because
its measurement is practical in real driving situations. Next, we discuss two ideas, which
are a systematic method to improve this warning lag time of FCW system, vertical
approach and horizontal approach. The vertical approach is developed in an individual
vehicle by providing an additional warning, derived from the cause of a car crash, to a
typical FCW system. For the experiment, we selected the location-based warning (LW)
system to combine with the FCW system. The result shows that it can improve the
warning lag time by an average of 0.31 sec. compared with a traditional FCW system.
The horizontal approach uses distributed sensing among vehicles to expand the range of
sensing. We used the Supported Vector Machine (SVM)to create unbiased warning
rules with the aim to compare two FCW setups: FCW of a single host vehicle (FCWny)
and FCW of the host vehicle with data from the preceding (FCWgv+py). The results
show that the horizontal approach can also improve the warning lag time by an average
of 1.08 sec. compared with a single host vehicle FCW.

Keywords : Active Safety in Vehicles / Cooperative Vehicles / Forward Collision
Warning / Intelligent Vehicle
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CHAPTER 1 INTRODUCTION

For the past century, vehicles have made an important impact on people's life. Since
modern life needs high mobility, vehicles can make our life easier and more
comfortable. This led to a significant growth of vehicle usage. The high growth of
vehicle usage has made automobile accidents be the number one cause of death in the
world. In many accidents, the damage to lives and properties is so severe that it cannot
be estimated. This problem brings about the development of safety systems in order to
reduce both accidentso and injuries. The research will first aim at an intelligent vehicle,

with a future aim for being used in normal cars as standard equipment. In vehicle safety
research, many researchers focus on integrating computer technology with automobiles
to construct efficient intelligent safety system for these vehicles.

A common form of active safety of intelligent vehicle is system that detects common
causes of vehicle accidents and warns the driver. One common cause of vehicle
accidents is driver’s inattentiveness to the driving task because of interrupting calls or
readiness of his driving conditions such as fatigue or sleepiness. Since the major cause
of accidents comes from human errors, active safety and intelligent driving assistance
system is a necessary solution for future transportation. We emphasize our research on
forward collision warning (FCW) systems, a device that warns drivers when there is a
high potential for vehicle collision. Typical FCW systems consist of a range sensor,
which measure the relative distance and the relative velocity to the front cars. The
system warns the drivers when they drive too close to the front according to the current
speed. However, current FCW systems have an average pre-warning of 2-3 seconds
before the real collision. This is quite short and sometimes inadequate for the drivers to
react on time.

1.1 Background of the Problem

Forward collision warning (FCW) is a vehicle technology that helps drivers be aware of
what will happen ahead of the vehicle and avoid collisions by giving them warning
signals when imminent dangers are detected. Most forward collision warning systems
implement a variety of sensors to measure the distance from the car in front, the
velocity, and the acceleration of the equipped car. These quantities are used to construct
a kinematic model of collisions to alert the driver to a potential crash when the distance
from the car in front is shorter than the distance required for safe braking according to
the current velocity.

There are several models proposed by different researchers. All these models use
threshold methods on a custom-defined indicator of danger in order to divide severity of
danger into several levels. The drivers are then notified with the appropriate warning
level. Figure 1.1 shows a typical scheme of FCW systems.



Host Vehicle Preceding Vehicle

Following distance

Safe

Caution Critical

Figure 1.1 A Typical Scheme of FCW

Different researchers proposed different methods to estimate warning or risk level. All
of these methods are based on the kinematic model of car crash. The model involves
using position, velocity, acceleration, and time in equations of motion to estimate the
probability of car accident. The results were that these FCW systems can warn drivers
about few seconds before the real crash. Nonetheless, this short period of time is
considered as useful. In many car accidents, just a portion of a second can make a
difference between life and death. It can allow a driver to perform quick maneuver such
as brake and sharp turn to avoid accident.

1.2 Motivation: Timing Improvement of FCW system

The FCW system has been developed extensively and many of research focus on the
accuracy of warning. Nevertheless, there is another FCW performance that has to be
concerned, the timing performance. We believe that the sooner the dangers are detected,
the more likely safety can be achieved. Therefore, we want to increase the time period
between the moment when the warning signal is issued and the crash moment. This time
period is called the pre-warning time.

Pre-warning time depends on several factors such as the relative distance, the velocity,
and the deceleration of both vehicles. It also involves some uncontrolled factors such as
the readiness and the response time of the driver. The main problem in studying the
timing performance of FCWs is the measurement of pre-warning time. Although some
previous works use the pre-warning time as an indicator of timing characteristic, the
measurement of pre-warning time requires an occurrence of a real crash. We found that
the measurement of pre-warning time is quite difficult. Some previous work measured
the pre-warning time by performing crashes in driving simulator, which is of
questionable realism to the driving model. Taking a different approach, we want our
work to measure the pre-warning time of FCWs in real driving situations.

Since the average pre-warning time of typical FCW systems is quite short, there are
efforts to increase this pre-warning time. This is included in our work. All of the
previous works tried to improve the pre-warning time by tweaking the kinematic model
of crash or adding more parameters. This method is quite limited in term of a new idea



and the achieved result. In our work, we lay a systematic method for timing
improvement of FCW system. We propose that the improvement of FCW can be
achieved in two ways with the aim to increase the performance in term of warning lag
time. The first way is implemented in the individual vehicle called the vertical
approach. The second way is done by using a communication channel to promote
cooperative driving among several vehicles called the horizontal approach.

1.3 Objectives
We propose a systematic method for improving the response time of forward collision
warning system on vehicles. This thesis provides three main contributions as follows.

- Atiming performance metric, which can be measured in real driving situation, is
introduced, called “the warning lag time”.

- Propose two methods to improve the warning lag time of FCW system; vertical
approach and horizontal approach.

- Construct the enhanced FCW system following two proposed methods and test
the systems on city roads to demonstrate that the proposed methods can help
improve the warning lag time.

1.4 Overview of Proposed Timing Improvement of FCW

In our work, we develop a systematic method for the improvement of timing in FCW.
As shown in Figure 1.2, we propose that the improvement of FCW can be achieved
using two approaches, with the aim of increasing the performance in term of warning
lag time.

1. The vertical approach: This method is developed an individual vehicle. We
combine a warning system with FCW system. We analyze the pre-crash of driving
situation and divide it as the characteristics of crash prevention which consists of five
levels from a normal driving situation to a crash: normal, open condition, critical
moment, crash unavoidable and after crash. The FCW system typically operates in the
critical moment level. To prevent the driver getting into the critical moment of driving
situation, our idea is combining a warning system with FCW system by adding a
warning system which operates in the level before the critical moment, open condition
level.

2. The horizontal approach: This approach is based on distributed sensing. We use a
communication channel to promote cooperative driving among several vehicles.
Traditionally, FCW systems use data acquired from sensors inside their own vehicles.
This limits the view of a single FCW by the range of sensors. The use of distributed
sensors among other nearby vehicles helps expand sensor range of the host vehicle. This
means that the distributed FCW can estimate the collision risk in the further future and
with higher accuracy. Therefore, by utilizing data from other vehicles, we can
implement an FCW system that has better performance and can detect more dangers.
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Figure 1.2 Overview of our Timing Improvement of FCW Systems.

1.5 Thesis Organization
The details of the research work are organized as the list below:

- In Chapter 2, the literature reviews and related work of the FCW system are
provided including performance indicator of FCW system and FCW in an
individual vehicle and cooperative vehicles.

- In Chapter 3, FCW system is introduced and we also briefly provide our
previous work details about enhancement of FCW systems.

- In Chapter 4, this chapter describes the overall of our proposed work. The
measurement of timing performance, called the warning lag time, is introduced.
The warning lag time is used as the performance indicator for this work because
it can be used in real driving without performing a crash situation.

- In Chapter 5, the vertical approach uses the multifunctional warning to improve
the warning lag time. The characteristics of a vehicle collision were analyzed
and divided into five levels according to the collision risk. We implemented a
warning system that operates on these multiple safety levels. In the real driving
test, the location-based warning system was selected to combine with the
traditional FCW system. The result shows that this approach achieves increasing
the warning lag time.

- In Chapter 6, the horizontal approach is described. This approach improves the
FCW system based on the distributed sensing. The Principal Component
Analysis (PCA) was used to reduce the data dimensions and Supported Vector
Machine (SVM) was applied to construct the warning rules without any bias.
Two FCW setups, FCW of a single host vehicle (FCWgy) and FCW of the host
vehicle with data from the preceding (FCWgv+pyv), Were performed in real
driving test. The horizontal approach’s result shows it can also improve the
warning lag time.



- In Chapter 7, this chapter presents conclusions and criticism of the research
work.



CHAPTER 2 LITERATURE REVIEW AND RELATED WORK

This chapter provides a review of the literature work. Our work presents ideas to
improve the performance of FCW system which focuses on improving the timing
characteristic. The literatures of performance indicator of FCW system are firstly
presented. Then, the literature work of forward collision warning system in an
individual vehicle and cooperative vehicles are described.

2.1 Performance of Forward Collision Warning System

The important performance metrics of FCW system can be divided into two main types:
accuracy and timing. The FCW accuracy is the warning correctness of comparison
between actual brakes or hazardous situations and system warnings. The timing is the
time period between the moment when the warning signal is issued and the crash
moment. This time period is called the pre-warning time. For the importance of FCW
system, the warnings have to be activated before crashes and the period have to be long
enough for avoiding accidents. This is the point that motivates researchers make efforts
to enhance FCW system to predict accurate warnings and increase the pre-warning time.
However, literature work did not present neither the pre-warning time nor proving that
their warnings were raise before or after crashes. Most previous work on FCW focused
only on the accuracy of warning. Since hazardous situations are hard to perform on real
city road, Hui and Jinfeng [1] performed their experiments on the road test. The driving
scenarios consisted of both hazardous and normal cases. The warning accuracy was
calculated by counting the correctness of estimated warnings for each driving case. Lai
and Huang [2] evaluated a warning accuracy of their system with crash situations.
However, the crash situations are difficult and harmful to perform in real driving. The
different collision scenarios were performed in the computer simulation. Their warning
accuracy was a ratio computed by dividing the system warnings by the number of
collision cases.

Moreover, some previous work [3-7] performed the tests to demonstrate operating
performance of their systems without warning accuracy or timing performance. For
example, Dagan et al. [5] tested their FCW system with real driving in a test area. They
performed crash situation without bump by driving to the stopped car on a different
lane. The predicted distance-based warnings were compared with actual distance to
collisions. The result showed that this system was accurate below two seconds to crash.
With this performance evaluation, it indicates only a capability of obtaining driving
information from sensors. The FCW accuracy is not pointed out. Nedevschi et al. [6]
proposed FCW using 3D information from a Stereo Vision System. This system was
tested in real driving to show that the system was able to operate machine vision to
extract information and trig the warnings in real time but they did not show the warning
accuracy. Takatori and Yashima [7] evaluated the system performance in a term of
traffic safety. They assessed performance of their vehicle cooperative driving assistance
by using traffic simulator, and the result showed that the system can help decrease
traffic accidents.

For the timing performance of FCW system, we believe that the sooner the dangers are
detected, the more likely safety can be achieved. Therefore, we want to increase this
time period. This thesis focuses on improving the timing characteristic. The main
problem in studying the timing performance of FCWs is the measurement of pre-



warning time, which requires an occurrence of a real crash. However, real crashes are
costly and happen only by accident. Therefore, existing works [7-9] use driving
simulators, which is of questionable realism to the driving model. There is a work [10]
that compared the system warning signals and the signals of driver’s brake in order to
show that they can increase the pre-warning time. They developed a FCW system based
on THASV-II platform. The result demonstrated the examples that the system warnings
correspond to driver’s brake behavior without measurement of the pre-waning time.

With the aim to mitigate traffic accidents, FCW systems have been developed
extensively to increase their performances. The performances of FCW system can be
illustrated in the term of warning accuracy and the pre-warning time but most
researchers made their effort to increase accuracy of FCW. For our work, we are
making an effort to enhance FCW system by increasing the pre-warning time. We use
the warning lag time as a performance indicator, which is proposed in chapter 4,
because FCW requires a responsive vehicle maneuver in a short period of time to avoid
accidents. The increase of pre-warning time in just a fraction of a second can mean life
or death. Therefore, pre-warning time is a crucial property, in which we chose to be our
performance indicator. Furthermore, we perform our experiments in real driving on the
city road in order to evaluate our system performance in real traffic environments.

2.2 The Literature Work of Forward Collision Warning System

Forward collision warning (FCW) system is a system that warns a driver of a potential
crash when the distance to the front car is closer than the distance required for safe
brake according to the current velocity in order to avoid accidents. In general, FCW is
estimated based on a kinematic model of collision. Thus, most of the FCW systems
usually implement variety of sensors in order to measure the distance to the front cars,
the velocity, and the acceleration of the equipped car. The systems utilize various
equipment together, such as GPS, lasers or radars, cameras and on-board vehicle sensor
for obtaining vehicles’ status and surrounding environment. Vehicles’ statuses are the
information about vehicle such as position, speed, steering angle, acceleration etc.
Surrounding environments, especially a front view, are other vehicles, traffic signs,
traffic lights, brake lights of the front car, etc. These are generally observed by using
image processing.

After reviewed the previous work about an intelligent vehicle safety system which
involves FCW, we found that most previous studies on the intelligent vehicle safety
have developed systems that function in an individual vehicle. There have been some
works on a group of several intelligent vehicles, cooperative vehicle safety. Individual
vehicle safety is a safety system that uses self-information from on-board sensors or/and
other sensors to evaluate critical situations and warning. For cooperative vehicle safety,
it has same objective as individual vehicle safety but cooperative vehicle safety uses
both individual and shared data among vehicles via communication module.

2.2.1 Literature Work of FCW System in an Individual Vehicle

In general, FCW signals can be issued within the last few seconds before crash, called
the critical moment. This may not be enough for sluggish drivers to avoid a crash in
tight situations. Therefore, there are many researchers who made efforts to predict car
crashes and increase time period between a warning and a crash called pre-warning
time.



Broad surveys of FCW system in an individual vehicle have been developed based on
kinematic model [3,5,8,9] by using causes of frontal collision, such as following
distance, speed, acceleration, road environment, etc. The following distance or time to
collision (TTC) is considered the collision risk that is used to issue warnings. There are
some researchers who have enhanced the FCW by adding more driving parameters.
Dagan et al. [5] proposed the FCW based on vehicle kinematic model in the term of
time-to-contact. This work tried to fix the pre-warning time by keeping the relative
distance within two seconds from the front car. Nakaoka et al. [3] proposed the FCW
based on road friction coefficient and driver characteristics. They tried to increase the
pre-warning time by adding the braking reaction time of the driver and a relative safety
distance margin to the vehicle’s motion model as shown in Figure 2.1. This work was
tested by using driving simulator experiments and real driving in urban area. They
calculated the critical warning distance based on TTC as following equation:

2 4 Ryrop 2.1)
P

where 7, is the braking reaction time of driver depending on driver characteristics and
behavior, V is the following vehicle speed, V, is the preceding vehicle speed, a is the
host vehicle longitudinal deceleration, a, is the preceding vehicle longitudinal
deceleration, and Rop is the relative distance margin in case both vehicles stop. This
work set Rsiop = 2 m.
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Figure 2.1 Description of Warning Distance Index [3].

There is a research of FCW system that measured a minimum deceleration of the host
vehicle, which is required to avoid a collision with the front vehicle, to estimate
warnings. Hiraoka et al. [9, 10] used deceleration for collision avoidance (DCA) as a
significant parameter of a collision model to indicate forward collision risk. The
warnings were estimated based on vehicle kinematic models and rule-based which were
performed for certain driving situations. This work was tested with a driving simulator
which performed four types of dangerous deceleration patterns of the front vehicle.
They tried to construct the accurate vehicle motions but limitations of the accurate
vehicle motions are that they can be used in only their certain driving situations
performed with virtual driving.

Some interesting works combined road environment detection together with FCW to
improve accuracy [11-15]. Previous work has combined multiple detected features into a



single indicator to quantify collision risk and initiate a warning. Road environment
detection, such as lane departure, and frontal obstacles, is utilized to improve the
performance of FCW systems. One example is a combination of frontal collision and
lane departure detection. Tokoro et al. [11] integrated following distance, lane detection,
and obstacles detection together for implementing an adaptive cruise control (ACC).
Chih-Li Hou et al. [13] combined a rear-end collision warning system and a lane
departure warning system together. This work added more warning functions that
combined longitudinal warning and lateral warning.

ACC Collision warning, Collision mitigation,

Collision avoidance, Precrash countermeasures Post Crash

Precrash countermeasures

Post crash activities

Figure 2.2 Driving states of a vehicle approaching a stationary obstacle. [4]

There are some work [4, 14] presented that the driving situation of a vehicle consists of
several states and suggested the safety systems that should execute in each driving state.
Jansson and Gustafsson [4] divided driving situation into five states: Normal driving,
Collision avoidable, Collision unavoidable, Collision, and Post collision state as shown
in Figure 2.2. However, they implemented their work to estimate collision risk only
when the vehicle is at the border between the collision avoidable state and collision
unavoidable state. The collision risk was calculated by using the probabilistic methods
based on vehicle kinematic information and distance from an obstacle in front, obtained
by a laser and a radar sensor. Their work was used to support collision mitigation by
braking (CMBB) system. The CMBB will let a vehicle autonomously apply brakes
when the collision risk is high. The full brake actions should be applied when the
collision unavoidable state is coming. The system was tested with several different
scenarios that could become the collision unavoidable state.
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CAPS: Multiphase Safety Concept

Risk phase Examples of CAPS functions
Latent Risk: Prevention
Brake prefill, adaption of brake assistant parameters... <v7

High Risk: Driver Warning / Accident Mitigation

Driver warning: acoustic or haptic, ESP stabilization .....

Crash Inevitable: Accident Preparation

Belt slack reduction, seat retraction, window/sunroof closing,
emergency braking*

In Crash: Passenger Protection
Airbag activation, In-Crash-Braking

After-Crash: Information

under evaluation

Figure 2.3 CAPS: Mutiphase Safety Concept. [14]

Another related work [14] introduced a new concept of assistance system, the
Combined Active and Passive Safety (CAPS) system as shown in Figure 2.3. This
safety concept aims to safe a driver for all driving situations that consists of five risk
phases. A CAP identifies the functions that should be autonomously applied in each risk
phase in order to avoid/ mitigate collision.

For the development of FCW in the individual vehicle, the collision is predicted in near
future. The warnings are issued in only one stage of accidents, the high collision risk
stage. According to the categorization of driving situation as mentioned above, we
believe that combination of several subsystems for each driving stage can improve the
pre-warning time and prevent the driving situation getting into the high collision risk
stage.

2.2.2 Literature Work of FCW System in Cooperative Vehicles

Another way to develop the FCW system is the cooperative vehicles (CV). The
cooperative vehicles are a group of several intelligent vehicles that are equipped
wireless communication systems for sharing vehicle information to other surrounding
vehicles. The motivation of the cooperative vehicles is that the communication benefits
extending the field of view of the driving environment through the vehicle in front.

We divide the literature work of FCW in the cooperative vehicles into two groups
according to the method for estimating the collision risk. The first group is positioning-
based method. It uses vehicle position from GPS and status data from on board vehicle
sensors such as speed, acceleration etc. The second one is perception-based method. It
uses vehicle information and surrounding environment obtained by using external
Sensors.
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2.2.2.1 The Positioning-based Method

The position-based method uses vehicle position as a main quantity together with
vehicle status data such as speed, acceleration, steering angle etc. These data are used to
create world model of the road and estimate collision based on vehicle kinematic model.
Most positioning-based cooperative collision warning systems rely on GPS to obtain
vehicle speed and position. Although GPS has uncertain radius about 5 to 20 meters
which results error of estimating collision increases, it is acceptable to use to develop
the cooperative vehicle system because of its low cost.

There have been some works that studied on the cooperative vehicles for two vehicles.
Miller and Huang [16] proposed a cooperative intersection collision warning system by
using factors in vehicle kinematics: location, speed and heading from GPS. The system
alerts are based on an assumption that if two vehicles are expected to get into each
other’s path at the same time, their Time-to-Collision (TTC) will be equal (Figure 2.4).
The time-to-avoidance (TTA) was calculated by using the response time of a driver and
the braking time from speed and constant deceleration. This work appropriates with
only at an intersection. It is not flexible for various road situations.
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Figure 2.4 Two-vehicle Route Contention. [16]

Lytrivis et al. [17] presented path prediction algorithm for cooperative collision
warning. They used the sharing data of two vehicles consisting of position, velocity and
yaw rate. The cooperative path was predicted based on Kalman filter and Mamdani
fuzzy model. Then, the future path was used to estimate collision warning by comparing
distance between vehicle’s trajectory points with thresholds. This work modeled the
road based on clothoid model and used constant acceleration that is not suitable with
real road situation.
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Figure 2.5 A: Predicted mutual distances within a forecast horizon of ~t
are above a critical level ¢ (threshold). B: Distances too small and
time too short = danger. C: Enough time ahead for the drivers to
manage the situation safely. [18]

Batz et al. [18] proposed the detection of upcoming dangerous situations within a
cooperative group of vehicles by using vehicles’ status; GPS position, speed, heading,
acceleration and yaw rate. The system predicted distance between pairs of cars and the
dangerous situation was assessed by threshold method as shown in Figure 2.5. This
model was used to predict the near future situation t € [to, to+At], where to is the current
time and At the short time prediction horizon.

Furthermore, some previous works [19-21] used the positions of both the host vehicle
and the surrounding vehicles to construct a world model. However, this method is not
flexible, and the accuracy depends on the resolution of the GPS. The world model for
the positioning-based cooperative collision warning systems uses positions of both a
host vehicle and surrounding vehicles and collects vehicles’ status to construct the
model. Papp et al. [19] proposed a real-time world model by using Local Dynamic Map
(LDM). The LDM was created based on high resolution digital maps and the relevant
relationships between vehicles. The weakness of this work is that it is not flexible
because it needs high resolution and updated digital maps. Moreover, it relies on
accurate vehicle positions to construct accurate model. There is another work about
world model without digital maps. Actions between vehicles and their information were
presented as graphs. Sebastian et al. [20] introduced the algorithm to model the
interactions between multiple vehicles at a specific region and time as a graph model by
using vehicles’ status; GPS position, heading, speed and acceleration. This work did not
use digital maps. The aim of the work is to improve the cooperative collision warning
system. This algorithm considered 3 cases of traffic scenarios as shown in Figure 2.6;
following, opposite and intersections, to construct the graph. As shown in Figure 2.7,
the interaction between possible pairs of cars was determined based on a vehicle
kinematic model and the graph was generated by using a rule-based method.
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Figure 2.6 Left to right: two vehicles are following each other; two vehicles are
heading toward each other and two vehicles with intersecting paths. [20]

(a) Example of a road scenario

O—O

(b) Possible interaction graph of the above scenario

Figure 2.7 Modeling of Multiple Vehicle Interaction [20]

Yan et al. [21] proposed a collision prediction in the same direction based on mobility
parameters and conditional collision probability. The vehicle information they used
consisted of headway distance, relative acceleration, relative velocity and warning time
(Dynamic mobility).The numerical results from MATLAB (Figure 2.8) shows the
probability of a collision when provided a certain value of distance, speed and
acceleration.
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(b)

Figure 2.8 (a) The Probability of Collision vs. v;and a;
(b) The Probability of Collision vs. log D, and a; [21].

There is a literature work that utilized cooperative collision warning safety applications
together and demonstrated it in various real driving scenarios [22]. The system utilized
existing assistant systems: forward collision warning assistant, intersection assistant,
and blind-spot and lane change assistant (Figure 2.9). The data they used consisted of
GPS position, speed and heading, steering angle, wheel speed, and yaw rate. They
performed the test in real driving situations with nine scenarios in order to show how
the systems work.
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Figure 2.9 The example of warning safety applications [22].

This system provided the overview of the vehicle-to-vehicle cooperative collision
warning system that integrated existing driving assistance systems together. The system
has a display for interfacing with driver. From the test, it showed that the systems can
work together in various scenarios as mentioned above.

The accuracy of most literature work depends on the resolution of the GPS. The
accuracy of a mainstream-market GPS is approximately five meters, which is not
suitable for same-lane detection. There exists a differential GPS (DGPS) with a
resolution of approximately one meter that can achieve high-accuracy positioning to
predict a collision. Tan and Huang [23] used DGPS in order to obtain high resolution
position to estimate collision. As shown in Figure 2.10, they predicted future trajectory
for cooperative collision warning system (CCWS) by using current position from
differential GPS (DGPS) and vehicle information from in-vehicle sensors together with
information from surrounding vehicle. The future trajectory was predicted based on the
vehicle model by using vehicle future states predicted through model based propagation.
Moreover, they also detected future trajectories of surrounding vehicles in order to
predict the potential collisions. The potential collisions were detected based on time-to-
position conflict (TTPC).
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Figure 2.10 Block Diagram of the Proposed Future-trajectory-based Example. [23]

This work shows that the high resolution of DGPS can help to predict future trajectory
which results to very few miss detections. However, this work is not reliable because
the tests were not performed under real-time constrains and in real scenarios.
Furthermore, DGPS is an expensive instrument and needs ground-based reference
stations. The literature work mentioned above is the systems that can estimate collision/
vehicle position/ future trajectory/ world model for each driving situation case. These
system is not flexible, when road environment changes.

2.2.2.2 Perception-based Method

The perception-based method is the multi- intelligent vehicles which are equipped
perceptive sensors such as laser scanner, camera, etc. Thus, both of vehicle status and
their perceptions can be shared between vehicles that resemble seeing through other
vehicles. There is a work that operates for supporting the cooperative vehicle safety
system. Ahlers et al. [24] fused environment perception data obtained from a laser
scanner with motion data of host vehicle, information of other vehicles and a digital
map (LDM). This information exists in previous work that is part of research project
SAFESPOT. The fusion data was used as object description.

Another interesting work [25] is about augmented reality for driver assistance. They
used a laser scanner and a camera as a perceptive sensor to obtain the visual perception
of the front vehicle. Computer vision was applied to this work to transform the images
from the front vehicle to the visual perception of the host vehicle based on 3D
perspective. Then, the driver of the host vehicle can see through the front vehicle as
shown in Figure 2.11. The procedure of this work consisted of two main steps. First step
is to estimating relative position of two vehicle references. Rough positions were
estimated by a GPS receiver, and then refined by a laser scanner. Second step is
performing the 3D perspective transform between the visual perceptions of the two
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vehicles. This work helps drivers by displaying the occluded environment as the
augmented reality on the visual perception to the driver of the host vehicle.

The positioning-based method mostly relies on GPS as well that provides uncertain data
with less radius accuracy about five meters. Although there is a DGPS that has high
accuracy, it has high cost need ground-based reference stations.

Figure 2.11 Augmented Reality: ‘See’ through the Front Vehicle. [25]

Most of the previous studies focused on measuring the accuracy of forward collision
warning (FCW), while few studies tried to use reaction time as a performance indicator.
This may be because their concepts could be verified only by driving simulations. We
believe that timing is an important component in forward collision warning. If we can
achieve 100% accuracy of warning but with only a short period of time for the driver to
react, the warnings will not be useful at all. This is the main reason why we focus our
study on the improvement of timing in general FCW systems. As mentioned above, the
literature work attempted to predict frontal collisions and demonstrated their system’s
performance in the form of accuracy. Our proposed idea to enhance FCW system is that
the improvement of FCW system can be done in both the individual vehicle and
cooperative vehicles. With the advantages of categorization of driving situations, the
classification of driving situation and corresponding safety systems can help prevent the
driving situation getting into the high collision risk stage. For the cooperative vehicles,
we focus on the perception-based method. This method extends the range of sensors by
using external sensors (e.g. camera, laser range finder) and sharing data from
surrounding vehicles. This means that the system can predict collision warnings in
further future.



CHAPTER 3 FORWARD COLLISION WARNING

Currently, vehicle accidents are the major cause of injuries and death. Forward collision
in vehicles are mostly caused by simple mistakes such as driver’s inattentiveness to
driving task, fatigue or sleepiness, improper distance kept between him/her car and the
front car. With the aim of reducing these problems, forward collision warning systems
have been developed intensively for a decade.

Forward collision warning (FCW) is an emerging technology that has been developed to
help drivers avoid this incident. Typically, FCW detects impending crash situation and
provide a crash warning to the driver in order to help a driver to be aware of keeping
safe distance and safe speed. Forward collisions can be avoided if the following vehicle
keeps a safe distance by ensuring that it is at least two seconds behind the vehicle in
front. This scenario is shown in Figure 3.1, which is known as the two-second rule [27].

2 seconds

Figure 3.1 Keeping a safe distance by using the two-second rule.

Most of FCW systems generally use variety of sensors to obtain the following distance
to the vehicle in front, the vehicle’s speed, and the acceleration of the equipped car.
Typical FCW systems use these quantities to construct a model of collision based on a
condition that the systems provides potential crash warning to the drivers when the
distance to the front car is closer than the distance required for safe brake according to
the current speed. There are several models proposed by different researchers. All these
models use threshold methods on a custom defined indicator of danger in order to
divide severity of danger into several levels. The drivers are then notified with the
appropriate warning level. Forward collision warnings simply warn the driver when a
collision probably happens, but do not automatically apply the brakes.

For ourresearch work, we have continuously developed FCW systems. In following
sections, we briefly present the examples of FCW systems which are our previous work
on enhancement of FCW. At first, we used a vehicle kinematic model to construct a
FCW system based on 2-second rule. Then, we extracted driving environment data
using machine vision algorithm and included these data to the collision risk estimation.
Our previous FCW have been developed by using the driving environment data which
involve the forward collision to achieve more precise warnings. For this work, we
concern the pre-warning time of FCW which is important for FCW improvement. We
propose a systematic method to improve the FCW systems and a measurement method
for timing performance evaluation.
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3.1 Forward Collision Warning Using Kinematic Model

The kinematic modeling of the FCW system in most work considers velocity and
following distance as inputs. Since frontal collision can be avoided if a driver keeps his
car at least 2 seconds behind the car in the front. This safety rule is known as the 2-
second rule, which is a common practice in defensive driving. A driver is alerted when
the current following distance is shorter than the distance thresholds, based on the 2-
second rule. The level of brake warning is calculated based on the 2-second rule. With
this rule, the driver has to keep his car at least 2 seconds behind the front car. Therefore,
when a driver increases the velocity, the distance between the host car and the car in
front must also be proportionally increased. If a driver cannot keep enough distance,
following the car in front too close, it may lead to an accident. As demonstrated in
Figure 3.2, it is the brake warning conditions which is used to classify the brake
warning level. In our system, the brake warning level 1 to 4 correspond to the time that
the driver keeps his car behind of 2, 1.5, 1, 0.5 seconds respectively.

Normal | Caution
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?|
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Figure 3.2 Brake warning conditions of FCW system.

3.2 Adaptive Brake Warning for FCW System

From previous work presented above, we found that the number of cars on the road
ahead of the host car or the traffic density affects a forward collision risk. The idea is
that when there are many cars on a road, the probability of future brakes will be higher
than that when the car density is low. Therefore, if the car’s density on the road is high,
our car should keep more distance. With machine vision, the free driving space will be
taken into consideration. For the traffic density, “Free driving space” method [35] was
used as an indicator to the density of other cars on the road. As shown in Figure 3.3,
small free driving space reflects high concentration of cars. On the other hand, large
free driving space means that there are few cars on the road.
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Figure 3.3 Free driving space in the case of (a) High traffic density and
(b) Low traffic density.

We implemented this idea by increasing the warning level up one level when the free
driving space is low (high car's density) [34]. This makes our threshold (Th;) adaptable
with the free driving space value (FDS). The thresholds (Th;) are adjusted as (Thgew)i) by
the adaptive value (A) for more safe distance as following equations.

Thnewyi =T + A 1i=1,2,3,4 (31)
A=t x| FPSmax—FDS (3.2)
FDSmax

where ATh = Thy — Thy or Thy — Thz. FDSpax = 60% which is the maximum value of
free driving space (no other cars/obstacles around) which can be determined from the
ratio of ground/sky pixels according to the camera’s azimuth.

The procedure and the result of free driving space estimation are illustrated in Figure
3.4. We calculated free driving space based on an assumption that cars and surrounding
objects are texture—rich. Roads, on the other hand, have low texture. The procedures to
calculate free driving space are as follows. First, we perform canny edge detection on
the captured image. Then, the image is scanned from bottom-up column-by-column in
order to count the total number of pixels until the number of edge pixels reaches a
specified threshold. Each pixel counted is treated as a part of a road, a free driving space
pixel. We also limit the count on only the ground portion of the image, because the sky
also has low texture. We assumed a fixed height of the ground portion due to a fixed
angle of the camera. The total number of free driving space pixels is normalized with
the size of the whole image to be the free driving space value (FDS).
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Figure 3.4 Free driving space estimation: (a) Original image, (b) Result of canny edge
detection, (c) Count free driving space pixels and (d) Free driving space.

3.3 Improvement of FCW with Real Driving Environment Data Using

Machine Vision

The Adaptive threshold using FDS as described above, it suggested the way to improve
FCW by using features of the surrounding environment. For this work, we introduced
the FCW system using a kinematic model coupled with driving environment data
extracted from machine vision algorithms to achieve higher accuracy of predicting
brake actions [36]. We employed a rule-based method, which is adaptable to the
environment data, to identify the level of the appropriate collision warning.

3.3.1 Driving Environment Data

We used easy and robust features of the surrounding environment that can be extracted
from a camera. These features are free driving space, red light (brake light of preceding
vehicle), and turn rate of vehicle turn’s movement. They can help improve the
performance of the warning to be suited to different driving situation, instead of relying
on just speed/distance modeling. These features were used with active sensors that
measure the following distance and the host vehicle’s speed to construct a warning
model.

1. Vehicle Turn’s Movement
The vehicle’s turn movement was detected in order to alleviate the limitation of the
laser rangefinder which points its beam straight toward to the preceding vehicle. In the
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case of a curve road, it point to roadside instead. Therefore turn movements has to be
detected and differentiate from the straight path movements in order to apply different
rules.

The vehicle’s movement was observed by estimating the camera motion which was
determined from the optical flow of images. The KLT algorithm [37] was employed to
recognize turn movement. Figure 3.5 demonstrates the result of detected vehicle’s
movement by using the KLT algorithm. The red vectors in the images represent the
displacement of good features in the current frame and the previous frame. In the case
of the car moving forward (Figure 3.5(a), the vectors in the left part of the image will
move away from the center toward the left and the vectors in the right part of the image
will move toward the right. In the case of turn movements (Figure 3.5 (b)), all vectors in
the image will point toward the same direction. These behaviors can be used to
differentiate turn movements from the straight—path movements.

Figure 3.5 Detection of vehicle turn’s movement using KLT algorithm:
(a) Moving forward, and (b) Turning.

2. Brake Lights of the Preceding Vehicles

Red lights in traffic from vehicles and infrastructure implies stop or danger. It can
effectively predict the slow-down in short future. The brake light detection was
activated only in nighttime, because the intensity of brake lights was too low for using
in daytime. In daytime, red lights cannot be easily distinguished from other red objects.
We identified brake lights by detecting red color, which is based on the RGB color
model. We classified the stage of brake lights based on an assumption that the taillights
have two degrees of red color, which indicate that the brake is active or inactive [38].
When the driver brakes the car, the taillights have red color brighter than that when the
brake is inactive. Furthermore, in an image frame, when the brake lights glow, they can
be seen as red rings with white color in the centers as illustrated in Figure 3.6. We
classified the brake lights by color thresholding for the bright red color of the rings. The
example of brake light’s color thresholding is shown in Figure 3.7. The area of red
lights, the size of the largest brake lights, and the vehicle’s speed can be used as an
indicator to danger that potentially leads to frontal collision.
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Figure 3.7 Example of the detected brake lights. (a) The white pixels from color
thresholding for the bright red color of the rings. (b) The detected brake
lights are indicated by the bounding boxes.

3.3.2 Inference Mechanism of the FCW System

In order to identify the brake warning level that is appropriate with different situations,
the inference system was divided into two modes: daytime mode and nighttime mode.
For daytime mode, when the car moves forward, the velocity, following distance, and
density of cars on the road are considered. The car should keep a proper distance away
from the front car according to its velocity based on the 2- second rule. In addition,
when the density of cars on the road is high, the safe following distance should increase
along with it. Brake warning levels were designed to have a range from 0 to 4, where
level 0 means safe. Level 1 is the situation that needs caution. Level 2, 3, and 4 means
light brake, normal brake, and harsh brake respectively. From warning level 1 to 4, the
driver will be alerted by a beeping sound at different frequencies according to the
warning level detected. Each case is detailed as follows. In the case when the car turns
left or right in daytime, the inference system used the velocity and turn rate as inputs.
The idea is that the car should slow down at curves. The maximum velocity while
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turning should be proportional to the curvature of the road. In the case of the car’s
forward movement of the nighttime, the velocity, following distance and the points of
brake lights are used in the inference system. At night, we used the same idea as that in
daytime except the use of free driving space. The free driving space cannot be measured
at night because the camera only sees a small portion of the road. Instead, the brake
lights from other cars are used as an indicator of closed dangers. Our vehicle had to
keep a safe distance from the front cars, and this distance should increase if large areas
of brake lights are seen. Therefore, in the case of the car’s forward movement at
nighttime, the velocity, the following distance, and the area of brake lights are used in
the inference system. For turn movement at night time, we excluded the use of
measuring the distance from the laser range finder and used only the turn rate, the host
vehicle’s speed, and the brake lights. When turn, the vehicle could have a maximum
velocity proportional to the turn rate. However, if brake lights are presented, the
maximum velocity should be lower to provide more caution to the surrounding
environment.



CHAPTER 4 TIMING IMPROVEMENT OF
FORWARD COLLISION WARNING SYSTEMS

This chapter presents the overall of our proposed work. Firstly, the importance of timing
performance of FCW systems is described in order to understand the point that we focus
on, and then the measurement for FCW performance evaluation is proposed. In final
section, we introduce the overview of our systematic methods for timing improvement
of FCW systems. The detail of each method is described in the next chapter.

4.1 Importance of Timing Performance of FCW System
Timing is a critical property in FCW systems. Although drivers can take action quickly,

a slight delay in an emergency situation can mean the difference between life and death.
Our work will focus on the improvement of timing in FCW, i.e., issue a warning signal
as fast as possible while preserving the accuracy. For the previous work, they focused
on enhancing the FCW system to increase accuracy of detection and warnings. We
believe that the timing characteristics of FCW systems should also be taken into
account. Pre-warning time is defined as the time period from the initial warning to the
crash impact, and it depends on several factors such as the relative distance, the
velocity, and the deceleration of both vehicles. It also involves some uncontrolled
factors such as the readiness and the response time of the driver. Some researchers [3, 9,
10, 26, 28] determined the pre-warning time by adding a constant value, such as the
driver’s reaction time or the braking distance to the vehicle kinematic model and did not
show the results that the warnings of the systems happened before/after actual brakes,
after tuning the sensitiveness of FCW. If an average pre-warning time is measured, we
could tell how much the performance of the enhanced FCW system is increased in the
term of timing.

Although some previous works used the pre-warning time as an indicator of the timing
characteristic, we feel that the measurement of the pre-warning time is not practical. As
the pre-warning time is defined as the time period from the warning to the crash, a real
crash has to occur. Therefore, the measurement can only be performed in driving
simulator or in a mock-up crash, but not in real driving situation. Taking different
approach, our work wants to assess the timing performance of FCW systems in real
driving situations. Therefore, we propose using another time metric called “warning lag
time”, which can be measured in real driving situations without a crash.

4.2 Warning Lag Time for Performance Evaluation

The warning lag time is defined as the time between the moment when a sensible driver
performs the braking, and the time when the warning signal is issued. This parameter
can be measured when a driver drives his car normally in real driving situations, and
identifies whether the warnings precede the actual brakes. As demonstrated in Figure
4.1, there are three events happening from left to right in the timeline of the driving
during a pre-crash situation; the preceding car brakes, the driver of the host car applies a
brake, and the FCW system provides a warning. The name “warning lag time” does not
imply that the actual brake of drivers always occurs before FCW. In fact, FCW can
occur either before or after the actual brakes.



26

Preceding car Apply FCW comes after Apply brake
brakes brake FCW
\ 4 A 4
Timeline
\ J\ J
Y Y
Warning Lag time Pre-warning time
(a) FCW comes after apply brake
Preceding car Apply FCW comes before Apply brake
brakes FCW  brake
A4
Timeline \ )
Warning Lag time
\ J
1
Pre-warning time

(b) FCW coms before apply brake

Figure 4.1 The pre-warning time and the warning lag time in a timeline of driving
situation.

4.3 Warning Lag Time Calculation

To use the warning lag time, we have to make an assumption that the driver is well alert
and has fair driving skills. These reasonable drivers perceive the leading car brake and
should apply their brake accordingly. However, the weakness of using the warning lag
time is the human factor, which generates inconsistency in the response time when the
driver applies his brake. However, if the measurement of the warning lag time can be
averaged on several brake situations over a long period of time, this problem can be
alleviated, and the average warning lag time can be a good indicator of the timing
performance of FCW systems. The warning lag time is used as an indirect indicator of
the pre-warning time. The warning lag time will increase or decrease by the same
amount as the change of the pre-warning time. The strong benefit of using the warning
lag time is that it can be evaluated during normal driving for a long period of time.
Thus, it will reflect the average value of timing performance. More importantly, the
measurement can be performed in a regular driving environment without a car crash.
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Figure 4.2 Example of the actual brake of the host vehicle
and the warning signal of the FCW system.

To calculate the warning lag time, we recorded the warning signal from the FCW
system and the brake signal during a test drive with equal sampling times. The actual
brakes, as earlier, are harsh brakes that use more force on the brake pedal than normal
brakes. In our work, we filtered out soft brakes using a thresholding method, so that
only the harsh brakes are selected and used to calculate the warning lag time. The actual
brakes in the tests represent the brakes for potentially dangerous situations, which
should correspond to the warnings from the FCW system. We evaluated the warning lag
time of our system based on the assumption that the pattern of the system warning
signal is similar to the pattern of the actual brake signal. However, the system warning
has a short time-shift from the actual brake. Thus, this short time-shift is the warning lag
time of the system warning. As shown in Figure 4.2, it is an example of the actual
brake from a driver and the warning signal of the FCW system which will be used to
calculate the warning lag time. The actual brake and the warning signal consist of two
states: active and inactive. The active state of the actual brake means the driver pushes a
brake and the inactive state is no brake. For the warning signal of FCW system, the
active state is the system give a warning and the inactive state is no warning from the
system.

After obtaining both data, we can evaluate the warning lag time by following these

steps. First, we calculate the cross-correlation between the actual brake and the warning
signal of the FCW system as demonstrated in (4.1).

K
B, *Wi (0= 2 By Wy (k+i) (4.1)

where B, is the actual brake of the hot vehicle, Ws is the warning signal from the FCW
system, and k is number of W; data points.
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Figure 4.3 Example of the cross-correlation result between the actual brake and the
warning signal of the FCW system.

The second step is searching for the local maximum around the center of the correlation
output. This is because the shift between the two signals is small compared to the total
driving time (lag time = 1 sec). Therefore, the local maximum will not deviate much
from the center. Finally, we obtain the warning lag time by measuring the distance
between the center of the cross-correlation output and the local maximum. Figure 4.3
shows the example of the cross-correlation result and the dashed rectangle presents the
region of the local maximum which is the same region as illustrated in the Figure 4.4.
The measurement of the warning lag time by the cross-correlation of the actual brake
and the system warning from our FCW system is demonstrated in Figure 4.4. The
vertical line indicates the center of the cross-correlation output (no shift). The
rectangular box is the enlarged local maximum to show the distance from the center
which is the warning lag time. If the local maximum is on the right of the center, it
means that the system warning happened before the actual brake, while if the local
maximum is on the left, it indicates that the system warning was delayed from the actual
brake.
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Figure 4.4 Measurement of warning lag time from cross-correlation between
the actual brake and the warning signal of the FCW system.



CHAPTER 5 VERTICAL APPROACH:
MULTIFUNCTIONAL WARNING

This chapter describes the first approach to improving the warning lag time. The idea is
to add warning signals from several clues other than an approaching car, especially
those that precede a crash by a significant period of time. To do this, we looked back
into the causes of car accidents. In section 5.1, we analyzed the characteristics of a
vehicle collision and divided them into five levels according to [14] and [16]. We then
implemented a system that operates on multiple layers of these safety levels as
described in section 5.3. Then, we demonstrate adding a static warning system to
improve the warning lag time in section 5.4. Finally, the experiments are presented.

5.1 Multilevel of Crash Prevention

Level 1: Normal

Level 2: Open condition

- Red running Added
- Traffic sign violation Warning system

- Hotspots: Zebra cross, intersection, dangerous curve

FCW

<Crash Moment

Figure 5.1 Five levels for crash prevention.

In the vertical approach, we seek to generate warning signals from multiple clues, which
are the causes of accidents. We studied a typical car crash and divided it into five levels
according to the collision risk, as illustrated in Figure 5.1. The minimal collision risk is
classified as the first level. In this level, the driver is very alert and strictly follows
traffic laws. The probability of accidents is therefore very low. From the first level, if
the driver places himself in an open condition to collide, he will be in the second level.
The open condition to collide is usually caused by violations of traffic regulations. In
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the second level, if the driver does not take a suitable maneuver to recover the driving
situation back to the first level, the driving situation will turn into the third level, which
is a critical moment of crash avoidance. In the third level, the driver can avoid collision
if he has good skills of maneuvering the vehicle, such as harsh braking or crisp turning.
When the crash becomes unavoidable, the moment before the crash is classified as the
fourth level, in which damage mitigation devices, such as airbags, should be activated.
The fifth level is the time period after the crash.

5.2 Adding Warning Systems to Second Level of Crash Prevention

From the five levels of crash prevention, typical FCW systems operate on level 3, the
critical moment. For level 3, the main purpose is to notify the driver as fast as the
system detects the future danger, in order for the driver to perform special car maneuver
to avoid crash. This is the moment approximately 2-3 seconds before the impact when
the approaching vehicle is detected. To increase the pre-warning time, we added the
warning systems for the open condition combining with an FCW system. The added
warning will help prevent the driver from entering level 3, the critical moment and
promptly recover himself back to the normal driving condition (level 1) before it is too
late. It also helps improve the warning lag time because it detects the cause of accidents
that occurs before the critical moment (level 3).

We initialed our work on vertical approach by designing multifunctional warnings as
described in section 5.3. A traffic light warning and a traffic sign warning were added to
work together with FCW. The warnings from the traffic light warning and a traffic sign
warning are generated from dynamic environment. Therefore, the warning systems have
a limitation operating under complex road environments. We, then, implemented
another warning system which generates warnings from static environments to achieve
the improvement of the warning lag time using the vertical approach as presented in
section 5.4.

5.3 Multifunctional Warnings

The warning signals we added are from several clues which are the causes of accidents.
Thus, we implemented a traffic light warning and a traffic sign warning operating
together with the FCW system. Detecting the status of traffic lights was chosen because
running on a red traffic light is the main cause of accidents at intersections. Another
cause of an accident is avoidance of traffic sign violations. Traffic signs are indicators
to traffic laws imposed in that area, which aim to prevent accidents by warning drivers
to follow the meaning of the sign. Detecting the traffic sign and giving the warning to
the driver will help the driver to be aware of the accidents. The systems will display the
detected result on a screen and give a warning sound to the driver.

The components of this combination system consist of three sensors as shown in Figure
5.2. The first sensor is a laser rangefinder mounted at the front of the car and pointed
forward in order to help the driver keeps safe/proper following distance. The second
sensor is a GPS receiver used to obtain the speed of the host vehicle. A camera is used
capture a driving scene which is the same viewing angle as the driver to observe the
traffic signs and the traffic lights. All data are sent to the main computer via USB
connection for the warning systems which are operated on the computer. The data from
the laser rangefinder and the GPS receiver will be used to estimate the FCW and the
data from the camera will be the input of the traffic light warning and the traffic sign
warning. Each warning system is detailed as follows.
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Figure 5.2 Block diagram of the combination systems.

5.3.1 Traffic Light Warning

In our work, we focus on detecting red lights based on their location on both vertical
and horizontal stacks and the aspect ratio of the traffic light stack as shown in Figure
5.3. The machine vision algorithms were applied to extract the traffic lights in the image
frame with a resolution of 320x240 pixels. The procedure of the traffic light detection
consists of two main steps. First, the hypothesis generation is to accomplish the traffic
light stack candidates. Then, the candidates will be verified in the hypothesis

verification step.

Horizontal stack

Figure 5.3 Example of the traffic light characteristic: horizontal and vertical stacks.
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1. Hypothesis Generation

For detecting red traffic light, we performed color thresholding based on the HSV color
model to extract red lights in the original image. The color thresholding is only applied
with the Hue and Saturate channel image of the original image from the camera
according to (5.1). The result is a binary image which white pixels (‘1”) indicate the red
light candidates and ‘0’ means other colors. Figure 5.4 demonstrates the example of
extracting the red lights. Figure 5.5 shows a binary image which contains the red light
candidates.

1 ;(Hgy>150)N(S,,>100)

0 ; otherwise

Redlight(l.J) = { (5.1)

where Redlight is a binary image which white pixels (‘1’) indicate the red light
candidates and ‘0’ means other colors.
H is Hue channel image of the original image.
S is Saturate channel image of the original image.
(i,)) indicates the pixel position.

(b) | ©

Figure 5.4 The example of red light thresholding: (a) Original image,
(b) Saturate channel and (c) Hue channel after applying the red color thresholding.
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Figure 5.5 Binary image of extracted red color.

After obtaining the binary image of Redlight, we removed noise by using median filter.
Then, we applied the morphological operators (dilation and erosion) to fill the holes of
the group of white pixels (candidates) in the binary image. Next step is the hypothesis
verification. The candidates of traffic light will be verified in this step.

2. Hypothesis Verification

The hypothesis verification, the second step, performed template matching to further
reject false positives and identify the types of traffic lights in the case of true positives.
First, we applied the size extraction and elimination with the candidates of red and
green lights from the hypothesis generation to reject the candidates that have undesired
size. Then, we scoped the region of interest (ROI) around the each of candidates based
on the aspect ratio of the traffic light stack. The aspect ratio was approximated to be 1:3
as shown in Figure 5.6. Finally, we applied the template matching to identify the types
of traffic lights. The result of detecting the traffic light is shown in the bottom left with a
red circle as in Figure 5.7.

Aspect ratio of
- traffic light stack
1:3

Figure 5.6 The aspect ratio of the traffic light stack.
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Figure 5.7 Display of detecting the traffic light. The rectangles show the candidates of
traffic lights and the red circle is the result of detection.

5.3.2 Traffic Sign Warning

The purpose of the traffic sign detection system is to make sure that the driver is aware
of the presented traffic signs. It operates for level 2, in which the driver is warned to
confirm that the driver obeys the signs. Generally, traffic signs are divided into two
types: enforcement sign and warning sign. Moreover, each type of traffic signs can be
differentiated from one another by noticing their color and shape. In Thailand,
enforcement signs have red color and circle shape, and warning signs have yellow color
and rectangular shape. Therefore, we observed traffic signs based on their visual
characteristics. We initially constructed our traffic sign warning system with existing
methods based on the image processing algorithm. The method of our traffic sign
warning consists of two main stages: detection and recognition. Since the recognition
stage need the prototype images for recognition, we designed our traffic sign warning to
observe the 10 traffic signs as shown in Figure 5.8.

OPIRIPPOTI

Figure 5.8 The traffic sign prototypes.

1. The Traffic Sign Detection

The traffic sign detection observes traffic sign candidates based on their color (red and
yellow) and shape (circle and rectangle), locates them, and sends to the recognition
stage. For the traffic sign detection, we firstly applied the color detection, and then the
shape detection. We observed red and yellow colors of traffic signs by the color
thresholding method with RGB color model, HSV color model, and red, green, yel from
New Color Map [33]. The following equations are the conditions of color thresholding
for red and yellow traffic sign, respectively.

1 ;(30>H;;,>330)N(S(;>0.5)N(red ;> (0.1%255))

(5.2)
0 ; otherwise

Red(lJ) = {
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1 ;(25<Hy<65)N(Rij+Gijy>0.-11;))
Yellow(; = N (green iy <(0.1 x255)) N(vel, ,>(0.15%255) (5.3)

0 ; otherwise

where Red is a binary image result of the red color traffic signs detection and Yelllow is
from yellow color traffic signs detection.
H and S are Hue and Saturate channel image of the original image.
R and G are Red and Green channel image of the original image.
I is the intensity channel image of the original image.
red, green and yel are the New Color Map channel images of the original
image.
(i,J) indicates the pixel position.

After applied the color thresholding, the result is two binary images (Red and Yellow)
which white pixels (‘1”) indicate the detected color and ‘0’ means other colors. The
examples of color thresholding of red and yellow traffic lights are illustrated in Figure
5.9 and 5.10. Then, the size extraction is applied to reject the undesired size of the white
pixel groups in the Red and Yellow images before sending to shape detection step.

Figure 5.9 Red traffic sign detection by color thresholding method.
(a) The original image, (b) The binary image of color thresholding
result (Red).
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(b)

Figure 5.10 Yellow traffic sign detection by color thresholding method.
(a) The original image, (b) The binary image of color thresholding
result (Yellow).

For the shape detection, we will observe the circular shape in the Red image and the
rectangular shape in the Yellow image because the enforcement signs have red color and
circular shape, and the warning signs have yellow color and rectangular shape. For the
circular shape, we found that the circular shape of traffic sign in the image frame is not
perfectly round and it is another mathematical curve which is ellipse. Therefore, we
extracted the circular shape from the groups of white pixels in the Red image by
considering their size with the ratio of the major to minor axes between 0.8 and 1.2.
After that, the extracted groups of white pixels are filled the holes and applied by
template matching method to verify their shapes, and we also apply the template
matching method to the groups of white pixels to find the rectangular shape in the
Yellow image. The detected the groups of white pixels in the binary images are located
to the original image and used as the candidates in traffic sign recognition. Figure 5.11
is the templates we used to match the circular and rectangular shape in the template
matching method.

Figure 5.11 The circular and rectangular shape of the traffic signs
for template matching.

2. The Traffic Sign Recognition

In the recognition stage, the candidates with their features, color, shape, location and
size, are applied with Speeded-Up Robust Feature (SURF) [31, 32] and template
matching method to recognize the type of traffic sign. We used OpenCV library for our
image processing algorithms. First, we extracted the key points in traffic sign’s
prototype image, as shown in Figure 5.12, and used them as the database for SURF. The
steps of traffic sign recognition are as follows. First, we extract the SURF key points of
candidate image. Then, the SURF key points of candidate image are matched with the
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key points in the database. The large number of matching pairs indicates the best
matching traffic sign. Although an advantage of SURF is invariant to rotation, there are
some the traffic signs that have the same sign when they rotate such as yellow signs in
Figure 5.12. We applied the template matching to the candidates to fix this. For
template matching, we used gray scale images of traffic signs as the templates as shown
in Figure 5.13. Finally, the result of SURF matching is compared to the result of
template matching. If their results are the same traffic sign, the system will give a
warning.

Figure 5.12 The key points of the of traffic sign’s prototype image.

Wl lGIOICIDONA A R

Figure 5.13 Traffic sign templates for template matching method.

5.3.3 Forward Collision Warning

For this combination system, we used our previous forward collision warning [34]. The
purpose is to handle the critical moment in level 3 and help a driver keep a safe/proper
distance from the cars in the front. The system will alert the driver when the system
detects that the vehicle has high risk of collision based on the two-second rule. The
system obtains data from three sensors to evaluate the risk of accident and identify the
level of brake warning that is appropriate with different situations. The first sensor is a
laser range finder used to measure distance between the host vehicle and the preceding
vehicle in order to help a driver keep a safe following distance. A GPS receiver, the
second sensor, was used to measure the vehicle’s speed. The last one is a camera used to
observe and extract driving environments by using the machine vision algorithm. The
image sequence was used to extract four driving environments, day-night time, the car’s
turn movement, the density of cars on the road, and the brake lights of the car in the
front. These measured quantities were combined using fuzzy logic in order to compute
the level of warning. The output of the system is a brake warning level which has four
levels ranging from O to 4, where level 0 means safe. Level 1 is the situation that is mild
risky. Level 2, 3 and 4 means risky, quite dangerous and dangerous respectively.

5.3.4 The Warning System Assessment

This combination of the traffic light warning, the traffic sign warning and the FCW
were implemented on a single vehicle and designed to operate concurrently. For testing
purpose, each warning system was independently tested in real driving to avoid warning
conflict with each other.

The collision warning system was tested in real driving situation in a city road, for two
hours: one hour in daytime and one hour in nighttime. The purpose of the experiments
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is to evaluate the system performance by comparing the warning output with the
subsequent brakes by the driver. From the experimental results, we achieved the
accuracy of 75.39% in daytime and 71.92% in nighttime.

For the traffic light warning, we tested this subsystem with 50 image frames recorded
from real driving situation to evaluate the detection accuracy of hypothesis generation
and hypothesis verification. The 50 input images consist of 23 positive events and 27
negative events. The images of positive event have red traffic lights from different
distances and negative events are images without red traffic lights. The result extract red
lights in the hypothesis generation were then used as the candidates in hypothesis
verification.

Table 5.1 Result of traffic light warning: Hypothesis generation

Number Fault
Event . Correct — -
of input Positive | Negative
Positive 23 15 1 7
Negative 27 25 2 -
Total 50 40 3 7
Percent % 100.00 80.00 6.00 14.00
Table 5.2 Result of traffic light warning: Hypothesis verification
Number Fault
Event . Correct — -
of input Positive | Negative
Positive 15 12 - 3
Negative 3 1 2 -
Total 18 13 2 3
Percent % 100.00 72.22 11.11 16.67

For the traffic sign warning, it was tested 50 image frames recorded from real driving
situation which consist of 20 images with traffic signs (positive events) and 29 images
without traffic signs (negative events). The accuracy of traffic sign detection and
recognition are shown in Table 5.3 and 5.4.

Table 5.3 Result of traffic sign warning: Traffic sign detection

Number Fault
Event . Correct — -
of input Positive | Negative
Positive 20 7 - 13
Negative 29 26 3 -
Total 49 33 3 13
Percent % 100 67.35 6.12 26.53




Table 5.4 Result of traffic sign warning: Traffic sign recognition

Number Fault
Event . Correct — -
of input Positive | Negative
Positive 7 5 - 2
Negative 3 3 0 -
Total 10 8 0 2
Percent % 100.00 80.00 0 20.00
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From the results, we found that the traffic light warning achieves the accuracy of
detecting red traffic lights by 76% which is 80 % for hypothesis generation and 72 % for
hypothesis verification as shown in Table 5.1 and 5.2. Most errors were negative faults
because traffic lights are quite small in image and distance between camera and traffic
light also results to the size of the traffic lights in image. For the traffic sign warning,
the subsystem gives accurate warnings by approximately 59% which is the accuracy of
traffic sign detection 67.35% and the accuracy of traffic sign recognition 80%. We
found that most errors were negative faults because traffic signs were occluded by trees
or other object and some traffic signs were pale. For the FCW, we used our previous
FCW system which was completed and tested in real driving situation [34]. The system
achieved the accuracy of 75.39% calculated by comparing the warning output with the
subsequent brakes by the driver.

The combination system of FCW, the traffic light warning and the traffic sign warning
was initially implemented to provide warnings covering level 2 and 3 of the multilevel
of crash prevention. The performances of subsystems show that they archived operating
in real driving situation. However, the traffic environment is always complex which
results the performance of traffic light and traffic sign detection decrease. Therefore, we
then tried adding a location-based warning (LW) which generates warnings from static
environment. The warnings from LW system cover traffic light and traffic sign
warnings because the traffic lights and traffic signs are located near intersections and
accident-prone locations.

5.4 Improvement of Warning Lag Time by Combination of FCW and

Location-based Warning

To demonstrate the improvement of the warning lag time using the vertical approach,
we added more functionality to the traditional FCW system according to the five levels
of crash prevention described previously. Level 2 is the target because it is the precursor
to a crash. The warning can be obtained from clues such as speeding and the presence of
traffic signs or traffic lights. To verify our hypothesis on the vertical approach, we chose
a simple location-based warning system (LW) for this purpose. The LW is a warning
system that operates at level 2 and its warnings are generated from static environments.
It warns the driver when the driver drives toward a dangerous spot (see Figure 4.14)
such as an intersection or a sharp curve at high speed. The vehicle may go past the
intersection without a problem if there is no car around. However, this move has a high
risk. If there is another car approaching from the side, the situation will turn from level
2 into level 3, and the driver may have to suddenly apply the brakes. Therefore, warning
when approaching an intersection is considered warning on level 2 because the driver
has placed himself into an open condition by driving too fast.
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Figure 5.14 Increased warning lag time by adding Location-based Warning.

5.4.1 Added Functionality: Location-based Warning

In the LW system, all accident hotspots were gathered together as points in a database.
Each data point consists of latitude, longitude, speed limit and heading. The car’s
geolocation from a GPS will be compared to every data point nearby. If the location is
close enough, the current velocity (v) exceeds the speed limit (vi,), and the heading (h)
of the vehicle points toward a dangerous place, then a system warning will be issued
(LW is active). The warning conditions for the LW system we used is as follows.

Active(l) , (d< dth YAV > Vth)/\(lh - hD| < hth)
Inactivg0) , otherwise

(5.4)

The speed limit (viy), and the range of warning distance from hotspots (d) is 8.33 m/s
(30km/h) and 30 m., respectively. hp is the angle from the vehicle position, used as an
origin point, to the nearest hotspot in the database. If the absolute difference of h and hp
IS not over hy, it means that the car is moving toward the hotspot. As illustrated in
Figure 5.15, we differentiate a vehicle direction that is going into or going out of a
hotspot by considering a vehicle heading (h) and an angle from the vehicle position to
the nearest hotspot in the database (hp). When a vehicle is going into a hotspot, h and hp
are in the same direction (see Figure 5.15 (a)). In contrast, h and hp are in the opposite
direction when a vehicle is going out of a hotspot as shown in Figure 5.15 (b).
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(a) The vehicle is moving toward the hotspot.
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(b) The vehicle is going out of the hotspot.

Figure 5.15 Warning Condition of Location-based Warning System

5.4.2 Combination System of FCW and LW Systems

To demonstrate that the multifunctional warning can help increase the warning lag time,
we performed an experiment by combining FCW with LW. The standard FCW system
that we intended to improve is based on a simple formula of a vehicle kinematic model,
as shown in (5.5). More complex models were not our preference, because they involve
more quantities that are hard to measure in a real driving environment. We calculate the
estimated time to collision (Ts) from the current position of the host car to a front car by
using the current velocity of the host vehicle (v) and the current following distance (ds).
The vehicle’s acceleration and the velocity of obstacle/car in front are assumed to be
zero in order to make the model as simple as possible.

TS = T (55)



43

The warnings are determined based on the two-second rule [27], which is a concept
from defensive driving techniques. The rule suggests that a driver has to keep at least 2
seconds of following distance from the car in the front. The warning is active when Tsis
less than this 2-second threshold. However, we found that 2 seconds was not suitable for
roads in Bangkok, Thailand, whose drivers have quite aggressive driving habits.
Therefore, we reduced the threshold down to 1.6 seconds. This number came from trial
and error in real driving experiments, in which we found that this value is the most
suitable. The system repeatedly computes the T value according to the formula below,
and gives a warning if the value is less than the threshold.

Latitude, Longitude
Speed, v
Following distance, d; heading, h
Sensors
Computer
Data Pre-Processing
di, v lat, lon, v, h
| Estimate . .
; ) . i | Calculate distance to Hotspot [ | |
‘ Time to Collision | | | ] !
| T | | the nearest hotspot Database | | |
| S } } }
| | N
! b 1 g
1 - Check E
| Warning Decision speed limit T
.| Compare T, withthe | | | |3
1 safety time threshold | | | - 2
| | | Calculate vehicle s
| L direction |
Warning | | Warning Decision
3 o N %
| ! ; Warning }
(FCWsystem | L | ] LW system |
Warning Signal: Active/
Inactive

Figure 5.16 The combination of FCW and LW Systems.



44

The block diagram of the combination of FCW and LW systems is illustrated in Figure
5.16. The two systems run separately and concurrently. All data needed in the FCW
and LW systems are acquired from the sensors and processed by computer to estimate
the warnings. In the main computer, all data from sensors are firstly pre-processed to
extract the data from the data packet before used to estimate warnings. Then, the data
are sent to each FCW and LW system to estimate warnings. The final output is the
result of the OR logic operation of both FCW and LW systems.

5.4.3 System Components

Our system utilized a laser rangefinder and a GPS receiver together, as shown in Figure
5.17 and 5.18. These two sensors were used to obtain driving information for the FCW
and LW. The system was designed to operate on both FCW and LW systems.
Moreover, we used a force sensing resistor or FSR (Figure 5.19) to measure the force
applied to the brake pedal which represents the actual brake of the driver. This sensor
was used only for performance evaluation purpose. The laser rangefinder was used to
measure the distance between the test car and the preceding car. The GPS receiver was
used to obtain the vehicle status, i.e., speed, vehicle position (latitude and longitude) and
heading.

Figure 5.17 Laser rangefinder module.

G-STAR Iv

-

Figure 5.18 GPS receiver.



45

Figure 5.19 Force Sensing Resister (FSR).

The block diagram of system components is shown in Figure 5.20. Data from all
sensors are sent to the main computer via USB connections to process and record the
data. Since the tests we performed were blind tests. The warning signals were not sent
out to the driver but the warning signals were recorded to evaluate the system
performance, while running the tests.

Computer |

Laser
range finder |
| Warning i

GPS : Data Estimation |
receiver | |Pre-processing FCW & LW | |
| systems |

FSR § §

| .

Data

| Recording

Figure 5.20 Block diagram of the system components.
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5.4.4 Experiments and Results

5.4.4.1 Real Driving Test Setup

We setup a test car in order to perform our systems in real driving. We equipped three
sensors on the test car. The first sensor is a laser rangefinder mounted at the car’s
windshield with a holder and pointed forward. The second sensor is a GPS receiver. We
placed the GPS receiver on the vehicle’s console. The last one is a force sensing resistor
(FSR). We equipped the FSR on the brake pedal to obtain the actual brake actions of the
driver. The force sensor is used only for performance evaluation and is not needed for
normal operation of the warning system. The installation of three sensors on the test car
is demonstrated in Figure 5.21.

)
[
Laser |
g rangefinder |

7

(b) (©)

Figure 5.21 The installation of the sensors on the test car.
(a) Laser Rangefinder on the vehicle’s windshield,
(b) GPS receiver on the vehicle’s console,
(c) Force Sensing Resistor on the brake pedal.
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Figure 5.23 Map of the test route.

The purpose of this experiment is to demonstrate that the warning lag time can be
increased by enhancing the functionality of an FCW system by incorporating an LW
system. To assess the performance of the combination of the FCW and LW systems, we

performed two tests on the same route with real driving situations: the LW system test
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and the combination system test. The route was city roads with mild traffic and hotspots
based on yellow traffic warning signs. The accident hotspots consisted of 28 dangerous
locations including intersections and dangerous curve roads. Before performing the
tests, the locations of hotspots on the test route were collected to create the database for
LW system. As shown in Figure 5.23, it is the route that we performed our experiments.
The equipped vehicle was driven along the blue route in the map passing through
intersections, dangerous curve roads and important places which are marked by circles,
curve lines and map pins, respectively. For the important places, we selected from the
number of vehicles entering/ leaving such as markets, residence areas, university and
school. All tests we performed were blind tests. The driver drove an FCW equipped
vehicle, butthe warning sound was disabled. Therefore, the driver applied brakes
without any bias from the warning systems.

5.4.4.2 Location-based Warning System Test and Result

The first test is for evaluating the performance of LW system alone. An LW equipped
vehicle was driven on the route for 2 rounds. During these tests, no false alarm was
observed. There were 23 hotspots at which the LW system generated warnings because
the equipped car approached the hotspots under the warning conditions of LW system.

6 !

Frequency
(S

Time (sec.)

Figure 5.24 Histogram with normal distribution of the time difference between
the warning signals of LW system and the actual brakes.

The results shows that the 23 warnings from LW took place before the actual brakes
with an average time of 0.53 sec. and o= 1.29 sec. The histogram in Figure 5.24
demonstrates the distribution of the time difference between the issues of LW signals
and the actual brakes from the driver. We constructed a 10-bin histogram with a bin
width of 0.5sec. Most of the results indicated that the LW signals were issued earlier
than the actual brakes. However, there were some cases where the equipped car ran
toward intersections and curves at high speed and the driver was aware of the traffic
lights and other cars near the hotspots, so the actual brakes occurred quite early when
compared to the LW signals.
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5.4.4.3 Combination System Test and Result

The second test is to evaluate the performance of FCW system enhanced by adding a
warning system. We tested the FCW system with LW and the FCW system without LW
in real driving situations on the same route. The results from the test show a comparison
of the warning output from the FCW system without LW system (FCW), the warning
output from the combination system of FCW and LW (FCW+LW), and the actual
brakes from the driver. For performance evaluation, we determined two performance
parameters, which are the warning lag time and the accuracy of the system warning. The
accuracy of the system warning is the comparison result between the system warnings
and the actual brakes, as shown in Figure 5.25. After determining the warning lag time,
the time-scale of the system warnings was shifted by the warning lag time before
calculating the accuracy to measure the system warnings corresponding to the actual
brakes.

Table 5.5 The Results of Performance Evaluation of The FCW system without and
with Location-based Warning System

Warning Warning lag time Accuracy of system (%)
System () Correct | False positive | False negative
FCW +1.69 75.43 11.95 12.62
FCW + LW +1.38 75.39 12.48 12.13

(-) and (+) means the warning lag time happens before and after the actual brake
respectively.

From Table 5.5, the output from FCW system has an average warning lag time of 1.69
sec. from the actual brake, whereas the warning lag time of the combination system of
FCW and LW is 1.38 sec. These results indicate that enhancing the FCW system with
an LW system can help improve the warning lag time by 0.31 sec. We also calculated
the timing performance of LW system alone comparing with FCW near the hotspots.
The result shows that LW system provided warning signals before the actual brake at
the hotspots with an average warning lag time of 0.15 sec. This result demonstrates that
the FCW system with an LW system is improved because of adding the LW system.
The example of signals recorded while testing is shown in Figure 5.25 to explain that
adding the LW to the FCW results improving the warning signals. Considering the
signals between time 2000 to time 2500 recorded near a hotspot, the actual brake
(Figure 5.25 (a)) and the signals from FCW without LW (Figure 5.25 (b)) happened
around the same time whereas the waning signals from LW of the combination system
of FCW and LW (Figure 5.25 (c)) came before the actual brake and the warning signals
from FCW without LW.
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CHAPTER 6 HORIZONTAL APPROACH:
DISTRIBUTED SENSING

This chapter describes the second approach to improving the warning lag time, by using
distributed sensing. We call it the horizontal approach because it expands the warning
functionality by using data from the surrounding vehicles. In this chapter, we first
examine the type of data that should be shared from other vehicles to enhance the
performance. Next, we present the system design and the machine learning technique
we used. Lastly, the experiments are described. We performed our systems on two
vehicles which were driven following each other in a real driving environment.

6.1 Sharing Data among Vehicles

Distributed sensing requires a communication channel among vehicles. Therefore, the
work in cooperative vehicle safety system can be divided into two fields:
communication and intelligent safety. Our work focuses on the intelligent safety part.
We make an assumption that the communication channel is nearly perfect with
minimum delay because we transmit only a small amount of data compared to the
bandwidth of current communication technology. However, we leave an exploration of
the communication issue to a future work for researches in inter-vehicle communication
field in the case of transmitting large data.

6.1.1 Relative Positions around The Host Vehicle

Distributed sensing relies on data transmitted from surrounding cars to the host car. We
used standard Wi-Fi in ad-hoc mode. Each vehicle is supposed to broadcast its state and
sensor information periodically. Data from vehicles at various positions have different
impacts on our car. For example, a brake signal from the car in the front is more
significant than a brake signal from the car in the rear because the first action causes a
danger to approach the host car. Therefore, we divided the data from the surroundings
according to their relative position into eight zones, as shown in Figure 6.1. The three
columns represent the left lane, middle lane, and right lane, and the three rows are the
front, middle, and back positions. This will cover the surrounding area of the host
vehicle. The data that are shared among vehicles will be tagged along with the GPS data
of each vehicle. The host vehicle can determine the location that the data comes from by
comparing with its position and heading. When data can come from all around, the
amount of data can be tremendous. We have to limit and focus our study for the
situation that two vehicles follow each other on the same lane, i.e., the FF case only.
This is because the direct front vehicles have the most impact on an accident. The
significance of data from other zones is left for further investigation.
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Figure 6.1 Eight zones of the relative positions around the host vehicle.

6.1.2 Significant Sharing Data between Vehicles

In driving situation, there are a lot of data that can be obtained and used to evaluate
safety warnings. We analyze and categorize the data to discard unnecessary data types.
We divided the data into two main groups according to types of warnings which are
static object warning and dynamic object warning.

1. The static object warning

The static object warning is about traffic environments which certainly exist on roads
such as traffic signs and dangerous places. These data is unnecessary to be shared to
other vehicles.

2. The dynamic object warning

The dynamic object warning is about road, traffic and vehicle data that always change.
These data can be divided into three groups; vehicle data, environment data and
processed data.

- Vehicle data is the information of vehicle status such as actual brakes, speed,
position and heading.

- Environment data is the data obtained from traffic and road around the host
vehicle such as pedestrians, other vehicles, following distances, traffic lights and
brake lights.

- Processed data is the output of safety warnings such as forward collision
warning, location-based warning, lane departure warning, etc. This data can be
processed in each vehicle.

From data categorization above, we found that the vehicle and environment data of the
dynamic object warning are important for estimating a collision risk. However, these
data are various and we do not know which types of data significantly impact on the
functionality of FCW. Therefore, Principal component analysis (PCA) is used to
identify the most significant dimension in order to reduce data dimensions.
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6.2 Machine Learning Technique for FCW Prediction

We propose the horizontal approach aiming to demonstrate that the proposed method
helps increase the timing performance. In order to verify this claim, we use a supervise
learning approach on the data to compare two FCW setups; FCW of a single host
vehicle (FCWhy) using only its own data and FCW of the host vehicle with data from
the preceding vehicle (FCWny.pv) as shown in Figure 6.2.

FCWusingthe host vehicle data only - . .
£ L *"Machine Learning

{
|
I
|
|

FCW Warning: Active

The host vehicle data - .
Prediction | Inactive

FCWusing distributed sensing

The host \fhlcle data FCW o .
Prediction #, Warning: Active

I

/7

The surrounding vehicles data | Inactive

Figure 6.2 Construct FCW systems with the Machine Learning.

The data from the surrounding vehicles broadcasted to the host vehicle come from
several types, and it may be a large amount of vehicle data. In addition, the use of other
vehicles’ data for FCW is still new and has no standard practice. This creates a problem
of how to appropriately set a warning rule from these data such as the vertical
expansion. To create unbiased rules, we employed standard machine learning techniques
to automatically create a model for the warning signal. Moreover, we perform a
dimension reduction to help process the increased amount of data from the surrounding
vehicles.

6.2.1 FCW Prediction Using PCA and SVM

We constructed the FCW systems that predict warnings based on the same algorithm,
machine learning as shown in Figure 6.3. The learning approach is divided into two
main stages; reduce dimensions stage and classification stage. In the reduce dimensions
stage, the principal component analysis (PCA) [29, 41] was first used in order to
reduce the data dimensions before applying machine learning. . PCA quantifies the
importance of each dimension before used in data classification. Then, the data were
passed into the classification stage. Initially, we assume that the input data of our system
is linearly separable. Therefore, the support vector machine (SVM) [30, 39, 40] is
employed to perform linear classification. The SVM is a supervise learning that predicts
which of two possible classes forms the output for each given input data set. In this
stage, we implement SVM to train and classify the driving data set. For our system, the
input data set will be classified as active or inactive warning.
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Figure 6.3 Block diagram of the overall process of horizontal approach.

6.2.2 Principal Component Analysis

The principal component analysis (PCA) [29, 41]is a reliable and simple statistical
technique for handling high dimensional, noisy, and correlated measurement data by
projecting the dataonto a lower dimensional data. The PCA converts correlated
variables into uncorrelated components by identifying directions in the data where the
variation is at a maximum or the most spread out, called components. Below are several
steps to compute the scores of principal components.

1.) Calculate covariance matrix of the normalized data set. This data set is the input data
set which is formed in matrix X and scaled to [0,1].

S =cov(X)=(——) X'x (6.1)

1
m -
Then, we calculate eigenvalues (1) and eigenvectors (Z) of covariance matrix S. The

eigenvalues is computed by (6.2), where | is identity matrix. Then, each eigenvalue is
used to calculate the corresponding eigenvector of covariance matrix S (6.3).

det(S-21) =0 (6.2)
($-21)Z =0 (6.3)

2.) Equation (6.4) is used to calculate the scores (p) on each principal component (PC).
p=X-Z (6.4)

where [p]mxn is @ matrix of principal components scores, [X] mxn is matrix of input data
set (scaled original data matrix) and [Z]mxm IS @ square matrix of eigenvectors.
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Each eigenvalue indicates the variance of each principal component. The first principal
component contains the most percentage of total variance of the data. Then, the scores
on chosen principal components are used as input of SVM system.

6.2.3 Support Vector Machine

Support Vector Machine (SVM) [30, 39, 40] is a supervise learning and one of the most
popular classification methods. The goal of SVM is to build a model based on the
training data and use the model to predict the class of the test data. The SVM procedure
has two main steps which are training model and test model. The training model step is
to obtain a set of support vectors and the minimization of the weight vector for the
model. The training data set contains one target value (the class labels) and features or
observed variables. Then, the model is used to predict the class of the test data set which
is given only features or observed variables.

In our work, we used SVM to produce a forward collision warning rules for a binary
classification (two-class), inactive (-1) warning and active warning (1), because SVM
can autonomously build the model without any bias. We construct the FCW model
based on the assumption that the input data of our system is linearly separable. Thus,
linear kernel was chosen as a classifier. The general form of a hyperplane for separating
the data into two classes is usually represented by (6.5) and the decision function of the
hyperplane is a shown in (6.6) which is used as a classification rule. A data point is
identified to the positive class (1) if f(p) > 0, and to the negative class (-1) for otherwise.

<w,p>+b=0 (6.5)
f(p) =<w,p>+b (6.6)

where w is weights b is a bias of SVM which are used to classify each data point of
vector p. <, > indicates the inner product of two vectors.

6.3 System Design Based on Horizontal Approach

We implemented the FCW system on the host vehicle (HV) that uses data from its own
sensors together with data from sensors of the preceding vehicle (PV) via wireless
communication. Our system is designed according to its functionality as shown in
Figure 6.4.

e Sensors:
We used the same sensors as using in the vertical approach to obtain raw data of
the vehicles. A GPS receiver used to obtain the vehicle’s status. A laser
rangefinder is used to measure distance from the preceding vehicle. We obtained
the actual brake actions of the driver by using the FSR equipped on a brake
pedal for performance evaluation purpose. All data from the sensors are sent to
the computer through USB connections to process and record.

e Data Pre- processing:
Data pre- processing operates in the main computer. The data pre- processing
will extract the usage data from the sensors and the external data from another
vehicle before sending to the FCW estimation. For the PV, all needed data from
sensors are extracted and transmitted to the HV via wireless connection.
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e Wireless communication:
The HV and the PV directly communicate with each other over peer-to-peer
wireless network. The PV needs to send the distance from the vehicle in front,
PV’s position (latitude and longitude), heading, speed and actual brake of driver
in a format understood by both vehicles.

e FCW estimation:
The FCW estimation is implemented on the HV only. All required data from the
data pre-processing are sent to the FCW estimation to assess the collision risks
and provide warnings. In the test, all data were recorded for performance

evaluation.
The Host Vehicle The Preceding Vehicle
Sensors Sensors
Las_er GP_S FSR Lasgr GP_S FSR
rangefinder | |receiver rangefinder| |receiver
[ ] [ ] [ ] [ ] [ ] [ ]
5 5 5 3 3 5
-] -] =) D D =)
Computer Computer
Data Data
Pre-processing Pre-processing
Vehicle Data @ @
Sharing
Wireless Wireless Data
Communication Communication| | Recording

FCW Estimation

Warning

; ; Signal

Data Recording

Figure 6.4 The design of FCW System based on horizontal approach.

6.4 Experiments and Results

To demonstrate the horizontal expansion of FCW, we design two sets of FCW systems
using off-the-shelf equipment, FCWyy system and FCWyy.py System. Our experiment
used two vehicles that loosely formed a platoon, the HV and the PV. Three sensors were
equipped on each vehicle as explained above to obtain the speed (v), the following
distance (d), and the actual brake (b). We implemented the FCW system on the HV that
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uses data from its own sensors together with data from sensors of another vehicle in the
front via wireless communication.

The FCWyy case used two quantities, HV’s speed (vy) and HV’s following distance
(dp). This is the same data type as that used in the two-second rule described in the
vertical approach, but the warning rule is automatically learned instead of fixed. The
FCWhv+pv case adds three more variables: PV’s speed (Vp), PV’s following distance (dy)
and PV’s actual brake (bp). The input data is formed in matrix X with size of n rows and
m columns indicating numbers of input samples and types of input variables,
respectively. Therefore, the data tuples of the two cases are as follows and the data sets
are normalized to be on the same scale of [0, 1].

For the FCW system without using shared data: X = [V, dn]nxm
For the FCW system using shared data: X = [vn dn Vp dp bp] nxm

Figure 6.5 Map of driving route in the test.

In the driving experiment, we used two well-trained drivers. The first driver drove the
PV, leading the way onto a regular local city road. Another driver was asked to drive the
HV following the PV most of the time. The driving data from the PV are transmitted
over wireless communication to be processed and recorded with the data at the HV. We
performed two driving sessions continuously on the same route as shown in Figure 6.5.
The first session was used to train the warning model, while the second session was
used to test the model. In order to demonstrate that using PCA help improve the SVM
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model performance, we performed two classifier methods based on SVM without PCA
and SVM with PCA.

6.4.1 Training FCW Systems with Real Driving Data

For training FCW system purpose, we collected driving data from both car, HV and PV,
removed missing value, and use these data to train FCW system model. After collected
driving data, we obtained 4802 data points which were then used as a training data set.
The training data set consists of speed, following distance and actual brake from both
HV and PV. The actual brake of HV (by, ) has two classes; active brake (1) and inactive
brake (-1) for SVM training stage. Each element of by, specifies the group of the
corresponding row of training data set.

For training FCW systems without shared data (FCWhyy), training data set (X) is the
data obtained from HV only [vi, dy]. In PCA stage, we got two PCs, 1% PC contains
93.97 percent of total variance and the 2" PC contains 6.03 percent of total variance. In
order to contain the variance of data more than 90 percent, both 1% PC and 2™ PC are
chosen and the eigenvectors of PCA stage of FCWyy are as follows.

0.9871 -0.1599
Zyy= [

0.1599  0.9871

The scores on both PCs and the actual brake data set (by) are used in SVM training
stage. After training, the SVM classification system of FCWyy is constructed with
trained value of weight and bias. The result of training SVM is shown in Figure 6.6.

0.8 \ ‘ T :

+ TInactive brake

0.7F N 1
Active brake

067 o Support vectors ’ 1
0.5F . i
0.4 -
2md pC
6.03%

'O'—%.S -0.6 -0.4 -0.2 0 0.2 0.4 0.6
ISt PC
93.97%

Figure 6.6 Result of SVM training on principal components for FCWyy system.
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For training FCW system using distributed sensing (FCWpuv-pv), the procedure is same
as training FCWhyy system but the training data set (X) is [vi dn vy dp bp]. After applied
the PCA, we found that the FCWgv+py case needs three components (Figure 6.7)
containing 92.67 percent of total variance. The training result of SVM model of

FCWqv:py is shown in Figure 6.8.

This is first three eigenvectors chosen to use in PCA stage of FCWyy.py for
transforming the data to the principal component coordinate. The training results of
PCA and SVM are used to construct both FCW systems and tested in real driving.

[ 0.7318 -0.2085 -0.0262 1
| 0.1453 0.0306 -0.0062 |
Zyyipy = | 0.6324 -0.0846 -0.0026 |
0.2082 0.9689 0.0953
|- 0.0019 -0.0983 0.995] J
+ Active brake
- Inactive brake
08T -
TR S S R R .. o

31 pC
8.56%

0.6

0.4
20d pC
19.42%

-0.2

Figure 6.7 Transformation of The training data set FCWyy+pv
on 1% PC, 2" PC and 3" PC.
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Figure 6.8 A decision surface of SVM training model on principal components
for FCWhy+py System.

After training stage, we constructed FCWgy system and FCWyy4py System by using
trained parameters. Then, we evaluated the accuracy of the trained FCW systems by
using the training data set as input data set of the systems. The accuracy of FCW
prediction is 62.79 percent for FCWyy system and 94.58 percent for FCWyy+py System.

6.4.2 Testing FCW Systems in Real Driving

For the second session of the test, we used trained parameters to construct the FCWyy
system and FCWyy.py System. We tested both systems, in real driving situation on city
roads as shown in Figure 6.5 with sampling rate 30ms. For testing purpose, the driver of
HV does not know the output of the systems, so that his driving behavior is independent
to the output from the systems. While driving, the FCW system output and raw data
from HV and PV were recorded for system performance evaluation.

6.4.3 Results

For the FCWyy case, we fed the data [vy dy] into the PCA. For the FCWyy.py Case, we
fed the data [v, dn vp dp by] into the PCA. The additional data vy, dp, by were expected to
improve the performance of the warning system. We chose the number of principal
components to have a total variance of more than 90%. The FCWyy case needed two
components, while the FCWpy.py case needed three components. Then, the data were
sent to perform supervised learning with SVM using the brake data of the host vehicle
(bn) as the target. We also built the FCW model using the SVM without PCA to
compare the performance with the method of SVM with PCA (PCA+SVM). After the
training was finished, we performed a performance evaluation on another dataset to find
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the accuracy and the warning lag time. The results are demonstrated in Table 6.1. The
performance evaluation results shows that the PCA help improve the warning prediction
of SVM model in both warning accuracy and warning lag time when comparing with
the method of using SVM model alone. Although, FCWyy system using SVM without
PCA gives the warning lag time better than another method, it resulted from the false
positive.

Table 6.1 Performance evaluation of the FCWyy and FCWy+py System

0,
Warning Warning lag time Accuracy of system (%)
Method False False
System (s) Correct
positive | negative
SVM +0.15 67.81 16.70 15.50
FCWhyy

PCA+SVM +0.33 80.76 2.26 16.98
SVM -0.69 81.29 2.09 16.75

FCWhy-pv
PCA+SVM -0.75 86.86 5.24 7.90

(-) and (+) means the warning lag time happens before and after the actual brake
respectively.

From Table 6.1, we found that the warning output from the FCWyy system has an
average lag time of 0.33 sec. from the actual brake of HV, whereas the warning output
from the FCWv+pv System has an average time lead of 0.75 sec. from the actual brake
of HV. This result indicates that the sensor data from the leading car can pinpoint a
potential danger faster than a human driver, who can only see with limited range. These
results indicate that enhancing the FCW system by using distributed sensing can help
improve the pre-warning time by 1.08 sec. Moreover, using shared data from the car in
front also improves the warning accuracy of FCW system by approximately 6%.
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Figure 6.9 The comparison between the actual brakes, the output from the FCWyy

systems and the output from the FCWyy.pyv System.



CHAPTER 7 CONCLUSIONS AND FUTURE WORK

7.1 Conclusions

In this paper, the systematic methods to improve the timing performance of the FCW
system are introduced and evaluated. A timing performance indicator is also proposed,
called the warning lag time. The warning lag time can be measured in real driving
without performing car crashes because the warning lag time is a time gap between an
actual brake of the driver and a warning signal. Thus, it is used instead of the pre-
warning time. We measured the warning lag time by calculating the cross-correlation
between the actual brake and the warning signal of the FCW system. In the cross-
correlation result, the distance between the local maximum match and the center of data
is the warning lag time.

The proposed ways to improve the warning lag time of FCW system are the vertical
approach and the horizontal approach. First, the improvement of FCW system based on
multifunctional warning is proposed, namely the vertical approach. We presented the
five levels of crash prevention, which is analyzed from a pre-crash driving situation and
divided according to the collision risk from normal driving to crash. The typical FCW
system operates on the third level of the five levels of crash prevention. Thus, we
combined the typical FCW system with a warning system, which operates on the second
level, to prevent the driver getting into the third level and also help improve the warning
lag time. The LW was chosen to enhance the FCW system in our experiment because it
is the most reliable system that works on level 2. The main reason is that the warnings
are generated from the static environment. The LW system informs a driver about
potentially dangerous places before reaching them in order to help a driver become
aware of the danger and prepare to slow down before reaching the hotspot.

Second, we proposed an approach to enhance the FCW system based on the distributed
sensing technique, called the horizontal approach. We used the shared data from the
direct front vehicle in order to increase the sensor range. For testing purpose, the
horizontal approach was performed with two vehicles following each other on the same
lane. We constructed two FCW systems, FCWyy and FCWgy+py. The FCW systems
were implemented on the host vehicle. We firstly reduced the data dimensions. The
principal component analysis (PCA) was applied to find the significant components for
each FCW system before estimating the collision warnings. For FCW estimation, the
SVM was then used to create a model for the warning signal. The warning models of
both FCWyy and FCWyy+py were trained by using vehicle’s data recorded from real
driving.

In the experiment, the tests on both approaches were performed in real driving situation.
We determined two performance indicators, timing and accuracy. The warning lag time
was used to evaluate the timing performance of the FCW systems. The accuracy of the
system warning is the result of comparison between the system warnings and the actual
brakes from the driver. The results show that the proposed approaches can achieve
improvements of timing performance and increase the accuracy to stay within 7% of the
standard case. For the vertical approach, the typical FCW system was added a
dimension of warning with the LW system and it can help improve the warning lag time
by 0.31 sec. For the horizontal approach, it also helps improve the warning lag time by
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1.08 sec. This approach achieves more effective than the vertical approach because it
can significantly expand the range of sensing.

These results suggest that the proposed vertical approach and horizontal approach for
timing improvement of FCW systems warrant the further development. The both
approaches’ concepts were tested under real driving environments. In the experiment of
the vertical approach, the database of accident hotspots on the test route was created
before performing the tests. This is the limitation of the LW system that the
combination system can only be used on the specific route.

7.2 Future Work

The future development of the vertical approach may further integrate more intelligent
warning systems which operate in the second level (open condition level) to further
cover the clues of vehicle accidents. The further work of horizontal approach may
include a method to communicate with any preceding vehicle. Since the experiments as
we presented were performed with two vehicles following each other on the city road.
The distributed sensing requires a vehicle-to-vehicle communication infrastructure,
which is still an ongoing research.
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