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ABSTRACT

A Driver-Vehicle Model for Impaired Motorists

and Strategies for Planning Autonomous Vehicles

Thanh Phuc Le

Concordia University, 2013

Vehicle drivers play a vital role in transportation safety and they impose
meaningful constraints during the design of the vehicle. Understanding the drivers’
behavior, especially the impaired drivers’ behavior, is crucial to improve the vehicle
safety. The distinctive features of the impaired driver are quantified by using the control
theories. The proposed impaired driver model is based on the optimal preview control
and the linear quadratic regulator (LQR). Two important parameters that could be
counted for in a mathematical model of the driver are the reaction time and the preview
time. For the impaired driver model the reaction time is increased while the preview time
is decreased. This modifications are consistent with an impaired driver who needs the
longer time to react to an incident while observes a shorter preview on the road. The
simulation results for the model of the impaired driver and the vehicle yield a larger
lateral deviation than the one of a normal driver, as revealed in the experiments
conducted by the previous studies. The weaving vehicle is also recognized as a

characteristic for the vehicle driven by the impaired drivers. The other parameters such as
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the control priority and lateral perception are formulated to introduce the random errors
that bring the model closer to the human driver. The investigation on vehicle parameters
reveals that the changes of parameters may improve the overall performance of the
impaired driver-vehicle system. The results suggest a method to improve the vehicle
safety by adapting vehicle parameters to the impaired driver.

The controller for autonomous vehicles is developed from the studies of the driver
model representing the human driver. The preview capability of driver is introduced to
the design of the controller by using the preview control theory. The preview information
of the path in terms of the lateral position and the velocity profile enhances the
performance of the autonomous vehicle. The controller uses the coupled linear
longitudinal and lateral models to compute the steering angle and the wheel torque that
are provided to the model of a nonlinear vehicle. The actual response of the vehicle is
approximated by using the Kalman filter. The neural network is presented as a feasible
alternative approach to implement the future path in design of autonomous vehicle
controller. The neural network weights the path data and provides the adjustment as the

preparation to the vehicle.
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Chapter 1

INTRODUCTION AND LITERATURE REVIEW

1.1 GENERAL

Traffic accidents represent one of the largest public safety problems that lead to
significant costs to society and individuals [1]. Even though vehicles and road condition
have been dramatically improving, deaths and serious injuries from traffic collisions
continue to be the key problem of transportation safety partly due to the increase of the
traffic and the driver inability. The vehicle driver, an active component of a moving
vehicle plays the vital role in road safety. Statistics of road accidents show that major
fatal cases come from drivers’ lack of ability in controlling a vehicle [2].

Road accidents due to alcohol intoxicated drivers are the increasing problem [1].
During 2005 in Canada, there were 3,226 persons who died in vehicle crashes. Of these
cases, 1,100 persons died in alcohol related crashes. Comparing to the data in 2008, 2694
persons died in vehicle crashes and 1,056 of these fatalities are related to driving under
the influence of alcohol. Although, total numbers of fatalities are decreased, the
percentage of alcohol related fatalities are increased. Figure 1.1 shows the trend of fatal
vehicle crashes and alcohol related factor in four years.

An impaired driver is a person who is unable to optimally drive a motor vehicle due
to the consumption of alcohol, drugs, excessive fatigue or old age related inabilities
(limited visual and listening capability, limited capability to perform the necessary
driving maneuvers). This work focuses on the alcohol-affected drivers as impaired

1



drivers. Usually, the reflection of impaired driving is foreseen when the driver is driving
a vehicle too fast or too slow, the vehicle does not follow the direction of the road or the
driver is unable to perform a simple task. For drivers under the influence, blood alcohol
concentration (BAC) is commonly used to measure impairment. Although, the BAC
considered to be illegally driving varies by countries but the BAC of 0.08% is a typical
limit to operate a vehicle. The driving regulations have contributed to gradual decrease in
road accidents during past years; however they are not either effective or practical as they
are not always respected. For examples, a driver who is not over BAC of 0.08 may be
seriously impaired because the effect of alcohol varies from person to person depending

on age, weight, gender or metabolism.
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Figure 1.1: Fatalities in vehicle crashes due to alcohol in Canada [1]

Recently, autonomous vehicle became an attractive topic that has intensively been
investigated. The autonomous vehicle on road may reduce accidents that occur due to
human mistakes and improves the traffic flow on highway [3]. An active control system
can react faster than a human driver when a sudden incident happens [4]. The automatic

driving also reduces workload of the driver therefore eliminating the effect of impaired

2



drivers and inexperienced drivers [5]. Under the assumption that all vehicles would be
autonomously driven, all “drivers” would experience identical skills that would make the
traffic more fluid and safer. Environment benefits are obtained when autonomous
vehicles consume less fuel and emit less pollutant [6].

The impact of drivers on transportation safety is significant. This research aims to
investigate a driver model that can perform as of the impaired driver. The goal is to
establish the threshold for safe driving and adapt vehicle to impaired drivers with various
levels of impairment. The research also attempts to develop a controller that may regulate
the vehicle speed and steer actively for autonomous vehicles. The design of the controller
is based on the studies of driver behavior. The autonomous vehicle with the proposed

controller may properly perform various maneuvers.

1.2 LITERATURE REVIEW
1.2.1 Vehicle models used in modeling and simulation

An accurate and realistic vehicle mathematical model is essential to simulate the driver-
vehicle system. Many different models ranging from simple to complex have been
developed for use in various control applications. More complex models might provide
more details on the vehicle response but this comes with the cost of large computational
time. Thus, the assumptions to reduce the complexity of vehicle dynamics system and
represent the vehicle in form of simplified equations are usually performed.

A vehicle with its coordinate systems is shown in the Figure 1.2 [7]. The global
coordinate system XYZ is fixed to the ground. The vehicle coordinate system xyz is fixed

to the moving vehicle with the origin at the center of gravity (CG). The vehicle can freely



move in the xy plane and perform roll, yaw and pitch motions while maintaining the road
path. From various performance evaluations, different models may be investigated. For

vehicle directional analysis, an in-plane model could be used.

Roll velocity

Pitch velocity

P Yaw velocity

| Z

Figure 1.2: Vehicle coordinate systems [7]

The simplest vehicle model is built by assuming that the vehicle is rigid. The
vehicle operates under negligible roll and small differences in longitudinal forces. Then
the left and right tires are lumped into an equivalent axle. The pair of tires on the axle is
represented by a single tire with double cornering stiffness. The vehicle has longitudinal
and lateral translation and yaw as shown in the Figure 1.3 [8]. The advantage of the
bicycle model is the linearity that is easily combined with the linear control. The
traditional methods such as root locus and frequency response analysis may be used to

evaluate the performance of the system.



When the vehicle is negotiating a turn at a constant forward speed (u), the
centrifugal force acting at the center of gravity will develop appropriate slip angles on
tires. The handling characteristics of the vehicle depend on the relationship between the
slip angles of the front and rear tires, oy and a, respectively. The steady-state handling
performance of the vehicle is investigated to determine the yaw velocity, lateral
acceleration and curvature responses to a steering input. For the steer angle as a function
of time J(¢), the handling quality of a vehicle depends on its transient behaviors which are
the transient values of yaw velocity and lateral acceleration. The bicycle model is able to
perform a quick assessment of the vehicle dynamics with fewer parameters. The
disadvantage of the bicycle model is on neglecting roll effect. The linear model may not

accurately represent the vehicle if the maneuver involves high lateral acceleration.

Figure 1.3: The bicycle model [8]



A vehicle is not a unique rigid body but a configuration of coupled masses. It is
reasonable to consider for simplification purpose that a vehicle is made of two lumped
masses: sprung and un-sprung which are connected by a suspension system. During a
cornering maneuver, the sprung mass tends to tilt that significantly affects the directional
stability of the vehicle. Besides longitudinal, lateral and yaw motion of bicycle model,
roll motion is added as shown in the Figure 1.4 [9]. The magnitude of roll angle depends
on roll stiffness and damping coefficient of the suspension system as well as the type of
maneuver. The roll effect is perceived as the load transfer from one side to another side

of the vehicle. In turn, lateral and longitudinal forces vary due to vertical load transfer.
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Figure 1.4: The roll-able vehicle model [9]

The comprehensive 14-DOF vehicle model, as shown in Figure 1.5, was introduced
to study the vehicle behavior in longitudinal, lateral and vertical directions. The model
consists of a sprung mass of the body and four un-sprung masses of the wheels [10]. The

sprung mass has six DOF including longitudinal, lateral, vertical, yaw, roll and pitch



motion. Each of the wheels has two DOF which are vertical displacement and wheel spin.
Lumped mass model is used to represent the sprung and un-sprung masses. The vehicle
body is being modeled as rigid. The model is appropriate to study the ride quality relating
vertical oscillation of vehicle body and occupants.

A vehicle is a multi-body system consisting of subsystems like front and rear
suspension, steering system, tires and body. Several multi-body simulation programs are
capable of creating and analyzing full vehicle models. The most well-known one is being
MSC.ADAMS [11]. The program requires full description of the geometric model
assembling the model’s components to a system; therefore equations are no longer
formulated by hand. The program can numerically analyze two or three dimensional
mechanical systems including nonlinear geometry, forces and motion. Few template
subsystems and full vehicles are available in MSC.ADAMS library. The full vehicle
model may be simulated by applying various types of input events. The graphic aid of
ADAMS is a very effective interface between the output simulation and the perception

and comprehension of a human analyst.
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Figure 1.5: The 14-DOF vehicle model [10]

One of the most important components of the vehicle model is the tire model that
represents the interface between the vehicle and the road. The dynamic perturbations are
introduced at the tire level. The important forces and moments affecting the motion of the
vehicle are applied through the tire-ground contact. Therefore, the property of tire-ground
contact is essential to characterize the vehicle performance such as ride quality and
handling behavior of the vehicle. When a vehicle is negotiating a turn, the treads on tires
deform and a side force is generated in the tires. This is the cornering force that will be
developed on the contact path and the tire will move along a path drifted by the slip angle
a. The relationship between cornering force and slip angle is complex and depends on the
normal load, tire properties and road condition. For a small angle and constant normal

load, this relationship is considered linear as the following expression:

F_=Ca (1.1)



where C, represents the cornering stiffness of the tire.

In general, the cornering properties of tires are known to be nonlinearly related to
the normal load and slip angle as illustrated in Figure 1.6 [12]. For the region the slip
angle larger than 5 degrees, the rate of force change decreases when the slip angle
increases. The lateral force is saturated when the slip angle is larger than 10 degrees for
all four levels of normal forces. For the normal operating conditions, the slip angle is in
the low region. The lateral force is assumed linear relationship with the slip angle. The

cornering stiffness is approximated as the slope of the side force curve at zero slip.
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Figure 1.6: Lateral force as the function of slip angle in the nonlinear tire [12]

Table 1.1 summarizes few vehicle models with the order of increasing complexity.
The advantages and disadvantages of these models in the aspect of modeling are also
indicated. The advantage of the linear model is the simple approximation of the real

vehicle. The model works properly with the regular operating conditions such as small



steering angles and low lateral acceleration. The main disadvantage of nonlinear model

is the difficulty to couple it with a linear driver models represented as transfer functions.

Depending on the problem, the right model may save the cost associated with

computation and design of the efficient controllers.

Table 1.1: List of vehicle models

No. | Vehicle model Descriptions Advantages Disadvantages
| Linear bicycle | - Linear tire and bicycle vehicle Simplicity Does not account for
[8] model nonlinear characteristic
- Output: lateral acceleration and of tires and vehicle roll.
yaw velocity
2 Nonlinear 2- - Nonlinear tire and bicycle Tire behavior - Nonlinear equations
DOF [12] model - Does not account for
- Output: lateral acceleration and vehicle roll and load
yaw velocity transfer.
3 8-DOF [9] - Nonlinear tires with Magic Introducing roll Nonlinear equations of
Formula effect motion
- Output: longitudinal and lateral
acceleration, yaw and roll
velocity
4 14-DOF - Magic Formula tires and 14 To introduce the - Nonlinear equations of
(Full vehicle) DOF vehicle model vertical and pitch | motion
[10] -Output: longitudinal, lateral, DOF - Longer computational
vertical, yaw, roll and pitch time
motion
5 Adams/Car - Multi-body vehicle model To validate Difficulty of model
[11] - Output: full state of the vehicle | driver-vehicle modification
and its components model.
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Two important states of the vehicle affecting the path following control are the
lateral position and head angle of the vehicle. A linear bicycle model provides sufficient
feedback for the driver to maintain the vehicle following a path. An 8§-DOF model that
introduces roll effect is also a suitable model. The increased complexity arising from the
nonlinearity of the vehicle model raises difficulties in the modeling and enlarges the
computational time. Moreover, most of passenger cars have the rollover thresholds
significantly greater than 1.0g, while light trucks, vans and SUVs threshold range from
0.8 to 1.2g and for that of a heavy load truck lies well below 0.5g [13]. The objective of
the research leads to the impaired driver-vehicle model where the alcohol affected drivers
are mainly considered. Passenger cars involving most of alcohol related road accident
represent a reasonable choice as a vehicle model. The model assumes that there is a
minor roll effect on driving a passenger car so that it can be neglected at the benefit of a
much simplified directional model.

The bicycle model is a linear system that couples easily to the driver model which is
also linear. The linear control theory is used to evaluate the driver-vehicle system. For the
nonlinear 14-DOF model and the multi-body models, the complexity is significantly
increased. As foreseen, the benefits of a more complex dynamic model for the vehicle
would bring limited advantages that represent a less of interest issue in the passenger
vehicles. These models can be used to validate the driver model with parameters obtained

by the linear driver-vehicle model.
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1.2.2 Driver models for lateral control of a vehicle

Many driver models of varying complexities have been proposed to study the dynamics
of driver-vehicle systems. Most of these models were developed to control the lateral
vehicle dynamics. The driver models can be classified into two broad groups based on
their tracking objectives: the compensatory tracking models and the preview tracking
models.

The structure of a compensatory tracking driver model is illustrated in Figure 1.7,
where H(s) is the describing function of the driver, which operates on the perceived

instantaneous path error of the vehicle and G(s) is the vehicle transfer function.

Path i t+ ésw y
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v

v

Figure 1.7: Compensatory tracking driver model [14, 15]

In order to achieve the driver transfer function H(s), the driver is modeled as a
controller. Firstly, the driver needs time to perform the judgment and take the action. This
represents the time delay represented by e, where 7is the effective time delay. The easy
control action is defined as the proportional action that gives the output proportional to
the stimulus. The driver is able to predict a change in the input, in other words to perform
the derivative control. The driver is also capable of performing integral action where the

output signal is proportional to the integrated input signal. The vehicle driver, therefore,
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is well defined as a PID controller. However, the system gains of the PID driver function
were not related to the driver’s physical behavior.

McRuer et al [16-20] proposed the quasi-linear compensatory model adequate for a
variety of drivers, inputs, vehicle dynamics, and steering system characteristics. The
experiments were carried out to learn the properties of human operator and controlled
machine. To cause the system meet desired values, the operator must continuously exert
control activities. The operator changes the control strategy with different controlled
element dynamics. Although the human’s transfer function is different for each controlled
element, the product of human’s transfer function and controlled element transfer
function is essentially the same form. A generic transfer function of the human operator

may be applied to most of control tasks. The proposed transfer function is of the form:

Ts+1 _ 71
H(s)=K,t——e ™™ 1.2
B)=Ki (12)
. . Ts+1 . e . . o
where K, is the control gain, P is a simplified equalization characteristic, 7 is time
7S +

delay, and Ty is the neuromuscular system time constant. The equalizing characteristic
and the gain, K, are adaptive elements of the human driver which enable the model to be
implemented on various vehicles. The parameters of the function are evaluated by using
an approximate “crossover model”. The crossover model of a human operator implies
that operators adopt a sufficient lead or lag equalization, such that the slope of the
magnitude of the open loop transfer function of the driver-vehicle system is close to
20dB/decade in the region of crossover frequency.

The crossover model is not accurate at frequencies much less or greater than the

crossover frequency. Hess and Modjtahedzadeh [21] developed the driver steering

13



behavior consisting of low and high frequency compensation elements called “structure
model”. It gives the more realistic representation of signal processing structure in the
driver. The central nervous system consists of a gain and time delay and is a low
frequency system. The high frequency representing the neuromuscular system of the
driver is a second order system describing the motion of human limbs and the muscular
tissue. The structure model is valid for a wider frequency range than the crossover model.
Its disadvantage resides in the limitations to tracking task.

The preview tracking model that introduces the future path input performs better
than the compensatory tracking model [22]. A typical preview tracking model is
illustrated in Figure 1.8. The preview effect of the closed loop system is represented by

the function P(s)=e""*, where T}, is the preview time of the driver which might be in a

wide range of values depending on test methods, road conditions, vehicle speeds and the

adopted maneuvers.
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Figure 1.8: The typical preview tracking driver model [23, 24]

The prediction function is B(s). When the vehicle is traveling away from the desired
path, the steering strategy of the driver is to diminish the lateral deviation that is the

distance between the predicted and the desired position as shown in Figure 1.9. If the
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vehicle keeps moving with the unchanged heading angle y; the lateral position of the

vehicle after a time 7, becomes y(¢+7p) which can be seen as:
Ae+T,)= He)+ Ly (e)= (e) + T, 3c) (1.3)

Hence, the first order prediction function is B(s)=1+T}s.

Desired path X
¢
Y@ 7
~ Q
T y(t+Tp)
Y - D
~
Y1)
D) —
~

Figure 1.9: The prediction strategy [25]

The optimal preview control model introduces the driver-vehicle tracking problem
using a local optimal preview. The driver is always looking at a finite segment of the
future path and drives the vehicle to minimize the tracking error. McAdam [26-29]
described the vehicle system as a linear state space. In the case of single point preview,
the linear vehicle system can described as:

(1.4)

x=Fx+gdg,
y=m'x
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where x denotes the state vector of the vehicle system, F the system matrix, g the control
matrix, ds is the steering input, and y is the lateral position. Then, the optimal steering

input becomes:

35, (0)=0, )+ S0 T (19

where g(t+T P) is the error between the path preview input and the lateral position

preview output, 4(7p) the unit step input response of the vehicle system. The result of the
experiments shows that the driver steering control strategy during path following can be
accurately represented as a time lagged optimal preview control [27].

All the above mentioned models are based on the single loop preview strategy.
However, the vehicle performance is influenced by not only the lateral position but also
the yaw orientation. Gou and Guan [30] established the position and orientation preview
acceleration model based on the optimal preview theory. The model utilizes the
information of orientation and predicted trajectory. Simulation studies show that an
improvement of tracking performance of the closed loop system is achieved. Yang et al
[31] proposed the multi loop structure of driver-vehicle system formulated on the basis of
tracking information from the lateral displacement and orientation error. In addition, the
roll angle, yaw rate and lateral acceleration are observed. The model requires driver
equalization as each loop is characterized by its own gain and time delay. The structure of

the multi loop model may be described in Figure 1.10.
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Figure 1.10: The multi loop driver-vehicle model [31]
The functions H;(s) and Hy(s) represent the low and high frequency of the driver’s
compensatory characteristics. The functions F(s), F,(s), and F4(s) represent the driver’s
prediction function for lateral acceleration, yaw rate, and roll angle respectively.

Sharp et al (2001) [32-36] developed the optimal preview control model as a
discrete state. The roadway described by its lateral profile y(k) is the discrete function of
longitudinal displacement x as shown in Figure 1.11. The driver observes the road path in
the finite lateral values ahead of the vehicle equally spaced in x.

The discrete system representation, then, is the road path preview incorporated with
the vehicle state space equation. For the linear-quadratic regulator method, the optimal

steering wheel angle is given by:
5, (k) =K, [x(k) y, ()] (1.6)

where K, is the full state control gain, x(k) the vehicle state, and y,(k) the road state. The
road model and the controlled vehicle model were assembled in the path following
simulation. The vehicle with its steering input derived from the linear-quadratic regulator

(LQR) method exhibited a good path following.
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Figure 1.11: Vehicle and previewed road path [35].

The studies of Pick and Cole [36-40] extended the LQR model by adding the
neuromuscular module. The path LQR controller acts as the driver’s brain and generates
a steering wheel angle. Then, through the neuromuscular system, this optimal angle
applies to the steering wheel of the vehicle. The neuromuscular system provides control
by activating appropriate muscles. A model of driver-vehicle system including
neuromuscular dynamics, the LQR control and the vehicle dynamics is illustrated in
Figure 1.12.

The driver’s arms could be represented by a simple inertia connected to ground via
a parallel spring and damper which are passive stiffness and damping of the arms. The
arm and steering dynamics are coupled while the driver holding the steering wheel. The

equation of motion for the coupling is:

(Jdr + Jst )gsw + (Bdr + Bst )5sw + (Kdr + Kst )6svv = Tm - % (1 7)
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where Jy,, By, and Ky are the inertia, damping and stiffness of the arm. The steering

system includes inertia Jy,, damping By, and stiffness K. The applied muscle torque, 7,

is generated by the contractile element. The torque feedback, M7, arises from the lateral

forces and self-aligning moment.

Neuromuscular system

Road path
preview
Yp
> LOR
controller
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Reflex controller

» KH
»
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Gi(s) o

sw

Arm and steering
dynamics
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Figure 1.12: Structure of driver-vehicle model with neuromuscular property [40]

The flex control loop maintains the optimal steering angle through muscle control

stretch of the arm as an internal feedback. An additional control is possible by varying the

parameters of the reflex controller. The transfer function of reflex control can be

described as:

H (s)=2 (sB, +K,)e*"

s+,

(1.8)

where w, is the cut off frequency. Parameters B, and K, represent the reflex stiffness and

damping. The time delay 7 is the transport lag. The active stiffness increases the intrinsic

stiffness of the muscle because of the increased muscle activation or co-contraction by

applying offset torques to the steering wheel. The simplified active stiffening block
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produces a force proportional to the difference between steer angle and required steer
angle.

Peng et al [41-45] developed an adaptive lateral preview human driver model based
on the adaptive predictive control framework. The optimal control is used to compute the
steering angles that minimize the cost function including yaw error and lateral position
error. It is assumed that an experienced driver may establish an internal model of lateral
vehicle dynamics. The driver model uses the linear internal vehicle model to predict the
future states. The outputs of the nonlinear vehicle are approximated and continuously
update the internal model. The linear model is updated recursively to present the driver’s
capability in learning to a new car and adapting to the environment.

McAdam and Johnson [46] used the basic neuron network (NN) concepts to present
the driver behavior. A sensor was assumed capable of detecting the lateral displacement
of the path relative to the moving vehicle. The on-board sensor mounted in the vehicle
provides the continuous information of the lateral offset between the longitudinal axis
and road edge markers. The N measured points are presented to the NN which consists of
two layers. The N neurons in the first layer process the N inputs. The only neuron in the
second layer receives the outputs from the first layer. The output of the second layer is
compared with the target road. The training process is performed to identify the NN
weights in the first and second layers. The closed-loop system of driver and vehicle is
considered as a NN with a specific set of NN weights. For a different vehicle, the values
of weights may change. The model operates in the specific conditions as indicated by the

authors.
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Gou et al [47] proposed a preview optimal driver model based on the artificial
neuron network. The simplest one consists of one single neuron with four inputs: preview
path, lateral acceleration, lateral velocity and lateral position. The unknown weights must
to be trained. The steering angle is the summation of the inputs after weighting. In order
to present the neuromuscular property of a driver, the steering angle passes through the
lag-delay block before providing to the vehicle model. In general, the structure of the
model is similar to the preview model discussed in the previous work [31]. However the
feedback gains are undetermined. They are tuned during the iterations with various
maneuvers.

Lin et al [48] developed a NN model for a driver-vehicle-environment system. Two
stages of the research were carried out. In the first stage, they constructed the
mathematical model which includes three modules: environment input, vehicle dynamics
and driver controller. The vehicle was required to follow a pre-defined route. The
sequence of steering angles producing least lateral errors was computed. Three NN
models were employed for the driver-vehicle-environment system. The NN learned to
generate the similar steering angles profile with the same input. The NN with updated
weights presents the driver model in lateral control. The experiments validated the model
in the second stage. A good agreement was found between the simulations and
experiments in terms of lateral position and steering angles. The study is restricted in

lateral position control assuming constant forward speed.
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Table 1.2: A summary of driver models

Authors Model Descriptions Advantages Disadvantages
Weir and Quasi-linear Driver’s compensatory: Simplicity No preview
McRuer (1970) | compensatory lag, lead and time delay
Hess and Structure model Driver’s response: the Realistic No preview
Modjtahedzadeh central nervous and representation
(1990) neuromuscular system
Sherian T. B. Preview tracking Lateral position preview | Preview effect Only prediction of
(1966) lateral position
McAdam Optimal preview To provide optimum Linear state space | No neuromuscular
(1981) steering input representation
Gou and Guan Optimal acceleration | Tracking of lateral Lateral position Complexity in

(1993)] preview position and orientation and acceleration | evaluating driver
preview parameters
Yang et al Multi loops Observing of lateral Multi loops Complexity in
(1999) position, orientation, prediction evaluating driver
lateral acceleration, yaw parameters
rate and roll angle
Sharp and Linear-quadratic Lateral and head angle Calculation of No neuromuscular
Valtetsiotis regulator feedback control gain representation
(2001)
Pick and Cole Linear-quadratic Built-in LQR and delays | Included Difficulty in
(2003) regulator neuromuscular identification of
parameters
Peng et al Adaptive predictive Recursively update the Applying the No neuromuscular
(2005) control linear internal model nonlinear vehicle | representation
McAdam and Neural network Trained NN presents Without Limit in several
Johnson (1996), driver behavior knowledge of maneuvers
Gou et al vehicle dynamics

(2004), Lin et al
(2005)
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The studies of driver models may be summarized in the Table 1.2 where their
advantages and disadvantages are also indicated. The chosen model depends on the
control problem. The parameters in the compensatory model are easily identified.
However it introduces a lag due to the lack of preview information. For the driving case,
the preview path significantly improves the tracking problem. For the purpose of
modeling of an impaired driver and designing a controller, the optimal preview control is
used. This method represents an actual driver who can predict the future information of
the vehicle and the environment. The control strategy also improves the performance of
the controller when the vehicle follows a path with a suitable velocity. NN is also a
potential application. Understanding the NN driver model may improve the design of

autonomous vehicle controller.

1.2.3 Effects of alcohol on driving

The relation between alcohol and driving performance was reviewed by Moskowitz et al
in 1988 and 2000 [49, 50]. The latter investigation covered 112 articles about the
influence of various levels of blood alcohol concentration (BAC) on driving skills. There
are the strong evidences to prove that alcohol impairs one or more driving skills even at
very low BAC as of 0.01%. All drivers can be expected to experience impairment by
BAC of 0.08% or less in terms of reaction time, tracking, concentrated attention, divided
attention, information processing, visual function, perception, and psychomotor skill.
Fillmore et al [51] tested the cognitive performance of a group of social drinkers.
The subjects were requested to press a key as rapidly as possible whenever they saw a

triad of three consecutive even or odd digits on a screen. A correct response increases the
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presentation rate of the digits; otherwise a failure slows the presentation rate. The
presentation rate measures the rate of information processing. The evidence proved that
alcohol impaired cognitive function by slowing the rate of information processing.

The cognitive performance of the alcohol affected-drivers with varying level of
alcohol was also examined by Liu and Fu [52]. The effects of alcohol on performance of
tasks involving information processing and short-term memory significantly deteriorated
with the increase in alcohol level. The greater alcohol ingestion reduced the short-term
memory and increased the duration of information processing thus prolonged reaction
times for completion of tasks. They concluded that the cognitive faculty is the first to be
impaired by drinking. The investigation by Linoila et al [53] revealed that both age and
alcohol influenced the speed of the central processing of information by the brain and that
the combination of two variables has an additive adverse effect on the rate of information
processing.

Visual sensory is vitally important for driving. The effects of alcohol on contrast
sensitivity, visual field and eye movement have been intensively studied. Andre et al [54]
measured the contrast sensitivity of young males and females before and after ingestion
of alcohol. The objects observed stationary gratings and gratings that traveled through a
circle path. The alcohol consumption significantly reduces the contrast sensitivity for the
moving gratings. This study led to the conclusion that alcohol impairs the ability to make
pursuit eye movement. Hill and Toffolon [55] found that the subjects had a significant
loss of visual field related to alcohol and the loss was more apparent for higher BAC
levels. They explained that alcohol affects the central processing of visual information.

The spatial vision pathway that processes the sensory and sensorimotor visual function is
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impaired. Therefore, the visual field, accommodation and convergence of the objects are
deteriorated.

The effect of alcohol intoxication on visual sustained attention was studied by
Rohrbaugh et al [56]. It was established that alcohol consumption impairs the driving
task that required continuous performance. The analysis of eye movements and blinks
indicated that the impairment of peripheral visual function is negligible. The performance
data were interpreted that alcohol disrupts central processes. The effect is found in the

overall performance for the continuous task and the rate of increment increases over time.

1.2.4 Autonomous vehicles

Autonomous vehicles represent a type of automated machines that may operate in an
arbitrary terrain by automatically finding feasible paths and choosing appropriate
velocities. Such type of vehicles were implemented to fly (Unmanned Automated
Vehicles) as the numbers of constrains for following a path in air are much less then ones
on the ground. Planning the path of the ground autonomous vehicle is very complex
problem, especially in the presence of obstacles. Frazzoli et al [57] proposed an algorithm
that enables a robot to move from an original position to a desired position while
avoiding stationary and moving obstacles. The randomized-planning method was
presented to handle a broad variety of dynamic system. The research addressed the path-
planning problem to find paths connecting the initial and final positions on the roadmap
then to select an optimal sequence of paths.

A method for planning autonomous vehicles moving on general terrains was

presented by Shiller and Gwo [58]. The research produced the optimal vehicle speeds and
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the geometry path between given end points, considering vehicle dynamics, terrain
topography, and surface mobility. The terrain and the optimal path were modeled by a
continuous path and a spline curve respectively. A single velocity curve was formulated,
representing the upper bound of vehicle speed along a given path.

The Intelligent Vehicle Highway Systems (IVHS) were extensively studied,
especially in California PATH (Partners for Advanced Transit and Highways). Many
research focused on the control of vehicle-follower in platoons [59-61]. The control law
was derived to control the velocity of each vehicle following the lead vehicle. The
velocity and acceleration of each vehicle is measured and transmitted to other vehicles.
The onboard radar system produces the accurate distance between vehicles. The main
objective of the research was to control the longitudinal velocity of the vehicles. The
lateral control was based on special elements installed in the roadway instead of a vision
system detecting the existing lane. Peng et al [62] developed the lateral control of a full-
scaled vehicle. The experiments were conducted with two control algorithms: PID and
optimal preview controllers. The lateral control system is based on the on-board sensors
and the road reference system. The test results showed that the small lateral tracking
errors can be achieved with the changes of load, speed and tire pressure. Pham et al [63]
attempted to combine the longitudinal and lateral control for the IVHS. The surface
control law was developed to integrate cornering and traction.

The Adaptive Cruise Control system (ACC) presented a partial automated vehicle
that is able to automatically accelerate and decelerate its longitudinal speed [64, 65]. The
goal is to relieve the driver workload in the highway routine. If a slower preceding

vehicle is detected, the control system decelerates the vehicle to keep the safe distance.
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The technique of lateral supervision integrated on the ACC was discussed by Holzmann
et al [66]. The system checks the signals of important sensors to warn the driver if certain
limits of safe and comfortable driving are reached.

The design of the controller for autonomous vehicles based on the driver model was
introduced by Guo et al [67]. The controller combines the pure lateral and longitudinal
driver models. The preview-follower theory was applied to both models. It was assumed
that there are no interactions between the longitudinal and lateral dynamics of the vehicle.
Therefore they are treated as independent processes. The model of autonomous vehicle
performed good path-following and speed controlling. They recommended that the model
may be implemented in an actual autonomous vehicle that faces uncertainties covering
the environment in the full scale.

The attempts of designing a human-like controller for autonomous vehicles lead to
the implementation of Artificial Neuron Networks (ANNs) [68]. The weights of neurons
take initial values that have to be trained. At the training stage, the ANNs learn driving
skills through the data recorded from the real driver. A video image provides an input to
the network and the output is compared to the steering angle [69]. The back-propagation
adjusts the weights to produce an appropriate steering response. An improved road-
following system based on ANNs was developed by Rosenblum et al [70]. The
optimization was used to train the networks. The experiments on a driving simulator and
on an actual vehicle showed that the system may perform well with the changes of road
conditions, road quality, light conditions and the presence of noise.

Work using Neural Networks (NNs) aims to process data from visual detectors and

to produce a truly autonomous vehicle capable of navigating and speeding within realistic
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environment [71]. NNs have shown promise in solving the nonlinear problem, especially
coupling longitudinal and lateral vehicle dynamics. The performance of the autonomous
vehicle with considering coupling effects is significantly improved when the maneuvers
involve high acceleration and low road friction. Kumarawadu et al [72] proposed a NN
adaptive control for a nonlinear model of an autonomous vehicle. The NN system quickly
adapt to the desired road path without offline training. The robustness is guaranteed with
parametric uncertainties and instantaneous road curvature changes. The model properly

performs path-following while accelerating and decelerating.

1.3 SCOPE OF THE RESEARCH AND ORGANIZATION OF THE THESIS

The investigation focuses on developing a driver model that may present characteristics
of an impaired driver and proposes an algorithm to control an autonomous vehicle. The
research aims at neither proposing a novel vehicle model nor developing a control theory.
Instead, it involves the careful studies in the current vehicle models and control theories
in order to present the behavior of an impaired driver. The research also proposes a
feasible control strategy for autonomous vehicle that is believed to improve its
performance.
The specific objectives are summarized below:

a. Investigate a linear vehicle model and a non-linear vehicle model as controlled

elements for driver models.

b. Develop an optimal preview model and a linear quadratic regulator control to

represent a vehicle driver.
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c. Propose methods to represent an impaired driver and determine the threshold for
safe driving.

d. Propose an algorithm to integrate longitudinal and lateral control of an
autonomous vehicle.

e. Develop a NN controller for an autonomous vehicle based on the driver model.

In Chapter 2, a linear vehicle model as the bicycle model with three DOF is
investigated. Two important outputs of the model are lateral position and head angle. The
driver model is developed from the optimal preview model introduced by MacAdam
[27]. The driving performance is considered as the optimal process requires minimization
of the cost function consisting of steering input and vehicle states. The root locus method
is used to evaluate the closed-loop system of driver and vehicle models. To couple the
linear driver model with a nonlinear vehicle model, the control gains are identified by
initial tests. The impaired driver is presented by altering the optimal parameters.

In Chapter 3, the discrete LQR driver-vehicle model is derived. The delays in
perception and action display the neuromuscular characteristic of the driver. The control
law computes the steering angle based on the delayed states and input. The preview path
is included into the system to improve the path-following task. The update mechanism is
introduced to detect the discrete observed path. The impaired driver is modeled by
increasing the reaction time, decreasing preview time and varying the control gains.
Comparing the simulation results to the experiments yields a BAC level for the impaired
driver model. The lateral performance of the impaired driver-vehicle model is

investigated while changing the vehicle parameters.
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In Chapter 4, the integration of the longitudinal and the lateral control for autonomous
vehicles is performed. The derivation of a linear model for longitudinal vehicle motion is
presented. The preview control theory is applied to design the controllers. The velocity
profile for a desired path is computed with the reference of the experiments. The lateral
position and the velocity profile of the preview path enhance the tracking problem. The
linear longitudinal and lateral models of the vehicle are the approximation of the 8-DOF
nonlinear model. The Kalman Filter eliminates the noises due to the environment and
estimates the vehicle states for the linear model based on the nonlinear model.

In Chapter 5, NNs used to control an autonomous vehicle is discussed. The network
weights the preview path before providing an additional steering angle and torque to the
vehicle. The block diagram consisting of the longitudinal and lateral control is illustrated.
The NN gains are updated by using the gradient descent algorithm. The gains are initiated
in the similar manner that the driver model previews the path. A simulation with the
Montreal F1 circuit is carried out to evaluate the capability of path-following and speed
regulating.

In Chapter 6, the main contributions are highlighted. The future works on the

experiments of impaired drivers and autonomous vehicles are discussed.
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Chapter 2

AN OPTIMAL PREVIEW CONTROL REPRESENTING THE
SYSTEM OF AN IMPAIRED DRIVER AND A NON-LINEAR
VEHICLE

2.1 INTRODUCTION

Lateral handling of a vehicle is one of the most important tasks of a driver along with
regulating the longitudinal speed. Understanding the mechanism of driver lateral
handling improves not only the vehicle design towards minimizing traffic accidents due
to direction tracking but also the driving assistance such as steer-by-wire and autonomous
car. Control theory may quantify the driver behavior as a closed-loop system where the
driver model is required to follow the path by continuously control the steering wheel.
Back in 1962, McRuer et al [16-20] performed experiments on human operators
with various controlled elements. They concluded that the open-loop transfer function of
the system including a human operator and a controlled element has the same pattern
despite of the changing in transfer functions of the human and the controlled element.
They proposed the “crossover model” which is also known as the compensation model, to
identify the driver’s parameters. For the driving task, compensation is not the only
driver’s duty. The future path provides essential information contributing to the decision
upon the steering angle so that the driver manipulates the vehicle smoothly. MacAdam

(1981) [26-29] applied the optimal preview control to a driver-vehicle system following a
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path. The optimal steering angle is derived by minimizing the performance index which
the lateral deviation is accounted for. Also considering the driving task as the optimal
control, Cole et al (2006) [73] investigated the linear quadratic control where the future
road path is incorporated with the vehicle state. The driver is assumed to observe the road
path in finite lateral values at ahead of the vehicle equally spaced in the longitudinal
direction.

The goal of modeling vehicle driver is to obtain the steering angle corresponding to
an arbitrary path. Furthermore, the model’s parameters must reflect a physical meaning of
the driver’s behavior which represents a considerable challenge given the human
complexity. This chapter presents a driver model developed from modifying the model of
MacAdam and attempts to relate its parameters to the reality circumstances. The steering
cost is augmented to the cost function to compute the control input. The model is further
implemented to various road inputs to find out the dependence of the parameters on the
road configurations and their relationship.

The chapter also proposes a method to couple a linear driver model with a non-
linear vehicle model. Feedback gains represent driver’s abilities to predict the vehicle
response. The gains are identified by applying initial condition tests that are similar to
what a driver learns at an initial stage. A driver model with reduced parameters is
introduced as an impaired driver model. It is widely accepted that an impaired driver
needs longer time to react to an incident and may not accurately observe the road far from
the vehicle. Therefore, longer reaction time and shorter preview time are used to model

such conditions.

32



2.2 LINEAR VEHICLE MODEL

The driver acquainted with the vehicle responses is assumed to be skilful enough to
handle driving tasks. He perceives the vehicle dynamics while performing driving. The
experience acquired while driving the vehicle helps him to choose the appropriate action.
In the control model, vehicle dynamics which is similar to that the driver acquired is
described by the equations of motion. The driver, in fact, might not know the equations
but he perceives with some approximation of the expected output (e.g. lateral
displacement) to a known input (e.g. steering angle). A vehicle model that incorporates
the non-linear components may adversely affect an attempt to apply the linear control
theory in coupling the driver and the vehicle. This vehicle model may be used as a tool to
quantify the driver’s parameters indicated by the linear model. Thus a linear vehicle
model which provides sufficient states but which reduces the complexity of the problem
1s used.

The linear bicycle model is considered by assuming that the vehicle is rigid and
experiences negligible roll. The vehicle is travelling on a good road of equal coefficient
of friction on the left and right sides and facing small differences in longitudinal forces
[7-9]. Hence the left and right tires are lumped into an equivalent axle. The pair of tires
on the axle is represented by a single tire with double the cornering stiffness. The lateral
forces acting on the tires are also assumed to be equal in the left and right sides. The
vehicle has longitudinal and lateral translation and yaw as shown in Figure 2.1. The linear
vehicle model is derived in this section based on the references [22, 73].

Denote R as the position vector of the CG, then the transition velocity of vehicle is

the time derivative of vector R described as:
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vy =R=ui+vj (2.1)

where u and v are the longitudinal and lateral velocity respectively, i and j are unit

vectors. The acceleration of the vehicle is derived by differentiating its velocity:
ay, =v, =R=(—vr)i+(+ur)j (2.2)

where 7 is the yaw velocity. The equations of motion for the rigid vehicle are:

F.=m(i—vr)
F, = m(1>+ur) (2.3)
M_ =7l

where F, is the total longitudinal force acting on the vehicle, F), the lateral force, M. the
yaw moment, and /. the inertial about z axis. Assuming the steering angle Jis small, the

equations of motion may be written as:

m(u — vr) = Fxf +F,

m(y+ur)=F, +F, (2.4)
A =IF,~IF,

When the vehicle is negotiating a curve, the centrifugal force acting at the center of
gravity will develop appropriate slip angles on tires. Refer to Figure 2.1, the slip angle of

front and rear tire are:

a,=0,— /" and o, =+ (2.5)

5 =—36, (2.6)
n
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The relationship between cornering force and slip angle is a complex one depending on
normal load, tire properties and road condition. For a small angle and constant normal

load, this relationship is considered linear as the following expressions:

Fy =2Cya, 2.7)
F:vr = 2 Carar

where C,, and C,, are the cornering stiffness of the front and rear tire.

0 3
X
R O o
Iy
Yv | Fis
y  Fy
Ir CG r
(X’f
Fr y
Fyr

Figure 2.1: The 3 DOF linear vehicle model

If the vehicle is not accelerated or decelerated, the equation of motion in

longitudinal direction will be neglected. Hence, the motion of the vehicle is described as:
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2C . +2C 2[.C, -21C 2C
my + (u}/ + (mu y L e jl’ =—25,(t)
u u n

SW (2.8)
. (2,C,-21C, 203C,, +212C, 21,C,
I7+|— V4| — r=—"1"25_(t)

sw
u u n

sw

where m denotes the total mass of the vehicle, /. the yaw moment of inertia. v is the
lateral vehicle velocity, u the longitudinal vehicle velocity, r the yaw rate. /r and /. stand
for the distances from the center of gravity to the front and rear axle, C,rand C,, the front
and rear tire cornering coefficients. oy, is the steering wheel angle, s, the steering ratio.

In the path following control, the lateral and yaw deviation of the vehicle from the road
path may be incorporated into a cost function. To obtain the optimal steering angle for the
driver model, the cost function is minimized. The yaw displacement is the angle between

the global and vehicle system and its rate of change is the yaw velocity:
y(t)=rt) 2.9)

The vehicle’s position in the global system is X(z) and Y(z) and its velocity is X (t) and

Y (t) The relationship of velocities between global and vehicle system is represented by:

X(e)] _[cosyle) —sinp () {x(f)}
) [ | si : (2.10)
Y(¢) siny(t) cosy(r) y(t)

where )'c(t)and j/(t)are vehicle coordinate system’s velocities. Without loss of generality,

the global coordinate system is set as the X-axis aligned with the direction of the road

path so that the vehicle has a small yaw displacementl//(t). The reasonable assumption is
x(t) >> j/(t) when the vehicle is cornering with a small steering angle. The equation

(2.10), then, is rewritten as:

36



2.11)

where u denotes the constant forward speed of the vehicle and u = 5c(t)= X (t) if the
small angles are assumed, and v(¢) = j(¢) the lateral velocity.

In the path following control, the lateral deviation of the vehicle from the road path
represents a clue for the driver. A linear relationship between the lateral position and the
vehicle states is obtained by assuming that the longitudinal velocity is much larger than
the lateral velocity and the vehicle is cornering with a small steering angle [22, 73]. Then,

the vehicle motion is represented as:

- (2c, +2C, 2,C, -21,C, 2’
. - — -+t —— o
W(t) mu mu v() m
V(t) = 2lf Caf B 2lr Car 211% Caf + 2112 Car I"(t) 21/ Caf 5sw (t) (2 12)
Y(t) Izu Izu Y(t) ]z nsw
40 0 20 0
I 0 0 0] 0

where Y(t) denotes the vehicle position in the global system, and y(?) stands for the head

angle of the vehicle. In the compact form, equation (2.12) may be written as:

#(0) = () + 82=0)

n

sw

(2.13)

w(1)=Cx(r)

where y(¢) is the scalar output related to the state vector x(#) by the matrix
C=[0 0 1 0]. Equation (2.13) represents a linear bicycle model of the vehicle. It

provides a lateral displacement output corresponding to a steering input. The vehicle
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modeling using equation (2.13) is carried out with the parameter values indicated in

reference [34].

Table 2.1: Vehicle parameters [34]

Parameter Symbol Value
Vehicle total mass (kg) m 1200
Vehicle moment of inertia about z axis (kg.m?) I 1500
Distance from vehicle CG to front axle (m) ly 0.92
Distance from vehicle CG to rear axle (m) L 1.38
Wheel base (m) / 2.3
Cornering stiffness for front tires (N/rad) Cy 60000
Cornering stiffness for rear tires (N/rad) Cu 40000
Steering ratio Mgy 16
Forward velocity (m/s) u 259

2.3 OPTIMAL PREVIEW MODEL OF DRIVER

The lateral controlling of a vehicle involves the driver observing the path and processing
the preview information in the context of current motion to yield the appropriate steering
input [35]. For the frequent driving circumstances, the driver achieves sufficient future
path information before initiating the maneuver. For instance, before taking the double-
lane-change, the geometry of the requiring path is anticipated and previewed. The next
double-lane-change is far and may not account for generating the current steering angle.
The vehicle performs single tasks subsequently such as double-lane-change, maintaining
straight line, lane-change and so on.

Figure 2.2 illustrates a single task as the curve defined by its coordinates of the path

that the driver must overcome. The strategy of driving is the single-point preview. The
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driver captures the road path by several peak points in the view of the moving-vehicle
framework [34]. The nearest point within the preview distance is processed for the
steering input. In Figure 2.2, G represents that point. The driver may not observe every
point forming the continuous curve but approximately generates the path based on the
points F' and G, where F' is the beginning of the curve. Therefore, the path consisting of
line segments (which is used in the simulations in Figure 2.6 and Figure 2.7) is the input
to driver. Another consideration is that the lateral distance of the path seen by the driver
is relative to the longitudinal axis x of the vehicle instead of the absolute axis X. For

instance, they are yr, yg, and yy.

Vehicle -
-\ Y et
g B 173 V
y(t) .

x(n)

Figure 2.2: The preview path

The current lateral position and head angle of the vehicle are y() and w(?)
respectively. Let #n=t+T, be the anticipated future time where 7, is the preview time
derived from the preview distance depending on the driver’s capability. The preview time
is the ratio of preview distance to vehicle speed assumed constant. By assuming the head
angle small, absolute lateral path at the time # ahead the vehicle f{77) may be represented
as:
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S )= 1)+ x(m)y 1)+ y,(n) (2.14)

where y,(n7) is the relative lateral path at the time #. x() stands for the longitudinal
distance as shown in Figure 2.2. If the head angle at the time ¢ is small and neglected and

the vehicle center coincides with the path center, the absolute lateral path will

be f (77)= Y, (77), the relative path observed by the driver. This investigation uses the

absolute lateral path f(3) as the input to the driver with the assumption discussed above.
The lateral position of the vehicle is required to follow the desired path with
minimizing lateral deviation. Then, the driver-vehicle system is represented by the
optimal tracking problem where the performance index or the cost function is associated
with the mean square of the error and the input [74]. For the driving case, the experienced
driver follows the best path defined by the least energy consumed. The cost function is

introduced to the driving task as:

/= %I/ {[f(n)y(n)FRl +{§Y”(U)TR2}CIU (2.15)

n

sw

where 1 (77) is the previewed path at the time 7, y(n)represents the previewed output of

the vehicle and R;, R, are the weighting factors of the lateral deviation and the steering
input. The values of R; and R, are chosen so that the lateral error and steering angle

equally contribute to the total cost. For various performances, they are selected as

2
R = % andR, =| —= |  where 4y=0.5m and A8,,= 0.15rad [75, 76].
(Ay) AS

sw

The previewed output, y(?]) , 1s derived from the state equation (2.13) as:
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y(17)=Ce™x(t)+ J-U CeA(M)Bdi—(Cf)df (2.16)
1 n

sw

. . . 0 ntn
where the matrix exponential is defined as e = Z
n=0

. The preview output is the

prediction of the driver including the estimation of the current initial condition and the
response of the system to the steering input after the (#-¢#) time. Assuming that the

steering input §sw(t) is constant during the preview interval, then, the preview output is

rewritten as:

slr)= €54 2 ' ot (217)
nSW !

Substitution of y(ﬂ) to the cost function yields:

g1 [’ {f (77)—CeA<’7*’)x(t)——5“"(t) rCeA("‘f)Bdf} RI{M} Rz}dn (2.18)
T ng, n

sSw

In equation (2.18), f(n) represents the function of the future path and is previewed. x(z) is
the state of the vehicle at the current time ¢ that the driver is aware of. Therefore, the
function J is depending only on the steering input o;,,(?). To investigate the variation of J,

its first derivative with respect to steering input o, (t) is derived as:

aJ _E iy A1) _M 1~ A(g-¢) _L "\ Al-e) 5sw(t) 219
dé;”’(t) ) TJ.t {|:f(77) ce X(t) N, '[ ce Bd§:||: n '[ Ce Bd§:|Rl " (nsw)z R2 dr] ( )

sw

The necessary condition to satisfy the minimum value of the cost function is

dJ

The optimal steering function is:
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5,(0)=[1(n)- cex(e)] &, (2.20)

KR,

where K, = andK, = 1 J;UCeA(”"’t)Bdg.

KR Y "

(I/ZS\'V)2
For the single-point preview control, the preview time # represents the instants at which

the driver perceives the lateral deviation of the path. The optimal preview interval, then,
isT" =n—t. Computation of the constants K; by applying the exponential expansion
yields:

K=" CLi e Z )l JBdf - LC(iMJB 2.21)

n p_— 0 (n + 1)!

sSw

sw

In fact, there is a delay for processing data due to the human operator. The steering

input to the vehicle is the non-optimal J,,(¢) instead of the optimal 5_,(¢). The pure delay

e " is inserted between the optimal and non-optimal steering input. The block diagram of
the driver-vehicle system based on equations (2.17) and (2.21) and the delay property of
human operator is illustrated in Figure 2. 3. This is a closed-loop system where the input

is the desired path f{#) and the output is the prediction of vehicle lateral position y(7).

A\ 4

fin) + + 5t) — Ssul?) x(t)
— K, > e G(s) >

K1 Kl

A

Figure 2.3: The block diagram of the driver-vehicle system
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To evaluate the suitability of the driver model in conjunction with that of the vehicle, the
system performance is assessed while maintaining a straight line and performing lane-

change and double lane-change maneuvers.

2.4 DRIVER-VEHICLE RESPONSE

Maintaining the straight line path represents the most frequent driving task. The driver
often adjusts the steering wheel to eliminate the lateral deviation due to road fluctuation
and wind disturbance. The system is stable if it recovers its states after a disturbance. The
stability of the system is assessed by the root locus of the closed-loop system. The open-
loop transfer function of the system is obtained from Figure 2.3 as:

H(s)=

- K AT 2.22
S l—Klee“( ,+Ce G(S)) ( )

Two un-determined parameters are the preview time 7" and the delay time z Various
experiments were performed to identify the values of these parameters [77, 78].
Depending on the method and experiment set-up, the results may considerably differ.

To implement the values to the model, initial tests were conducted. Each value of 7
is accompanied by an optimal value of 7" where a minimum value of the cost function is
obtained. When the driver model has a larger delay time, the preview time must be larger
in order to minimize the cost function. The relation of the preview time, delay time and
cost function is illustrated in Figure 2.4.

Five values of delay time varying from 0.3s to 0.7s are implemented to the driver

model. The optimal preview time achieved at 7=0.7s is 2.22s that is larger than 1.46s at
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7=0.3s. The value of cost function at =0.7s (C=0.86) is also higher than that at 7=0.3s
(C=0.67). The smaller delay time introduces the lower value of the cost function resulting
in better performance. However, the delay time of the driver model represents the ability
of the driver to cope with the information processing, decision and reaction. The driver
needs a sufficient delay time to perform a proper response. For the purpose of modeling
the driver, the delay time is taken at 0.4s and higher [71]. Assume that the driver is in a
good condition for driving, then, T "=1.6s and 7=0.4s have been chosen as the moderate

values.

2.5 A

Cost function 109
w20 // S
£ P 108 §
3 %
o T=1.6s 3
S P / | O

o ] _— 0.7

Q1.5 — T |
10.6
1 0.5
0.3 0.4 0.5 0.6 0.7
Delay time [s]

Figure 2.4: The relation of the preview time, delay time and cost function

The root locus of the closed-loop system with varying 7, and 7 are shown in Figure
2.5 where the conjugated parts are removed. 7, denotes the preview time of the driver
model including the optimal preview time 7. Figure 2.5(a) illustrates the roots of the
system when the preview time changes from 1.2s to 0.45s for the constant delay time
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7=0.4s. The arrow indicates the trend of roots when the preview time is decreased. The
dominant complex root passes through the imaginary axis and locates in the right plane

when the preview time approaches 0.85s.

: A
Imaginary Axis T,=0.4s

DecreasingT,(1.2-0.4s) 4
7=04s

2
Real Axis
— , ‘ —»
-8 -6 -4 2 0 2 4
(a)
Imaginary Axis 2‘
7=0.5s
Increasing 7(0.5-1.5s) ™
To=1.6s X
7=1.5s
1
Real Axis
—p > »
-6 -4 -2 0 1

Figure 2.5: The root locus of the closed-loop system with a) varying 7, and b) varying ¢

Figure 2.5(b) presents the roots of the driver-vehicle system with the delay time 7
varies in range 0.5-1.5s while 7,,=1.6s. When 7 is increased, the dominant roots translate
to the right plane at 7=0.8s. The system is unstable whenever there is a root in the right
plane. These parameters physically relate to the human driver. The driver is capable of

driving if he has sufficiently a large preview time and a short reaction time.

45



Figure 2.6 illustrates the time history of the dynamic response of the driver-vehicle
system to a double lane-change maneuver. The model performs a tracking to the path
defined by the previewed path depicted as in Figure 2.6(a). The modified model is
compared with the model of MacAdam [27]. The peak value of the lateral acceleration,
yaw rate and steering angle for the modified model slightly reduce. The peak lateral
acceleration of the modified driver-vehicle model is 0.21g which means a reduction by
12%. The peak yaw rate of the modified driver-vehicle model is 0.086 rad/s, which is
11% lower than that of the MacAdam model. The peak steering angle is also reduced
12.5%, 0.12 rad for the modified model comparing to 0.16rad for the model of
MacAdam. The performance index is computed for both models from the below

formulation;

sSwUsw

J= % [ [[f (t)A_yy (t )Jz +(Ai§w(;) ﬂdt (2.23)

The result is J,=0.628 for the modified model while that of MacAdam model is J;,=0.663
which are the minimum values of the cost function at the preview time 7,=1.65s and
reaction time 7=0.4s. By including the steering angle to the cost function, the vehicle
needs less effort while ensuring the good path following. The smaller effort of the
modified driver-vehicle model is expressed as the smaller required steering control and

thus, the lower lateral acceleration and yaw rate.
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: The dynamic response of the modified driver-vehicle model comparing to

that of MacAdam model

The vehicle model with the parameters in Table 2.1 exhibits neutral steer properties.

The following simulations identify the influence of the understeer coefficient (K,;) on the

performance of the driver model. Depending on the values of the front and rear cornering

stiffness and the normal load distribution on front and rear tires, K,; may take three

possible values. In Figure 2.6, the vehicle exhibits neutral steer (K,,~0) when C,=60000
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N/rad and C,=40000 N/rad. The comparison of neutral steer (K,,=0), understeer (K,>0
when C,~50000 N/rad and C,~=40000 N/rad) and oversteer (K,;<0 when C,=70000

N/rad and C,=40000 N/rad) vehicle models is illustrated in Figure 2.7.

5 4 C T C T
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% _2 r r r r [
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Figure 2.7: The effect of understeer coefficient (K,) on the performance of the

driver model
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Although the vehicle parameters are changed, the differences in the lateral
displacement, lateral acceleration and yaw rate for three vehicle models are negligible.
The driver model adapts to the vehicle by generating appropriate steering angles. For the
understeer vehicle, the maximum steering angle is 0.17 rad which is higher than that of
neutral steer vehicle (J,,=0.14 rad). For the oversteer vehicle, the maximum steering
angle is 0.11 rad, which is reduced by 21% comparing to that of neutral steer vehicle. The
driver model may adjust the control input to minimize the effect of changes from the
vehicle handling characteristic.

The modified model performs three lane-changes with different curvature as
depicted in Figure 2.8(a). The lane-change 1 corresponds to the largest curvature where
the lane-change angle is 20°. The lane-change angle for lane-change 2 and 3 are 5.2° and
2.3° respectively. The cost associated with each lane-change is shown in Figure 2.8(b)
where the reaction time fixed at 0.4s and the preview time varying from 1.1s to 2.1s.
With the restricted lane-change (denoted by lane-change 1), the system hardly follows the
path resulting the large cost function value of C;=0.678. Comparing to the easy lane-
change (denoted by the lane-change 3), the cost C3=0.033 proves that the system needs
little effort to pass the task while achieving least lateral deviation. Figure 2.8(b) also
shows that the system meets the optimal performance at different 7, corresponding to
different lane-changes, 7,,=1.61s, 7,,=1.59s and T,3=1.54s for lane-change 1, 2, 3
respectively. Relating to the driving reality, the larger curvature of road, the larger
preview time the driver has. The driver needs to obtain more future path to deal with such

challenges.
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Figure 2.8: Three levels of lane-change and their cost

The driver-vehicle responses show that the incorporated steering input to the cost
function introduces better performance of the driver-vehicle system. The values of
parameters found via simulations reflect the behavior of the driver. The good driver is
capable of reacting quickly to the unexpected disturbance and observing far ahead of the
vehicle. The driver is suitable for driving if he has sufficiently small delay in reaction and

large preview time. The driver model also frequently adapts its parameters to the road.
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2.5 THE COUPLING OF DRIVER MODEL AND NON-LINEAR VEHICLE AND

THE PRESENTATION OF DETERIORATED DRIVING SKILLS

Investigating the driver-vehicle system as in Figure 2.3 reveals that the system comprises
the delay function ¢ ”, the vehicle transfer function G(s) and the gains. The delay

function and gains characterize the driver’s performance by the factors that are the effect

delay time 7in ¢ * and the optimal preview time T “in K 1, K> and Ce?’ " The gain K; and

K> only depend on T " and are computed as in equations (2.20) and (2.21). The terms K;

and Ce”” are mentioned in equation (2.17) as the preview gains. K; represents the

preview gain in steering input with zero states. The matrix (/%x4) of gains

Ce'” expresses the driver’s preview in the current vehicle states with zero steering input.
It means that the lateral position of vehicle after a duration 7" is the summation of
previewed components: steering input o,(¢), lateral velocity v(z), yaw rate r(?), lateral
position y(z) and yaw angle w(2).

There is the only transfer function G(s) in Figure 2.3 representing vehicle states that
lead to the attempt of modeling the system of driver and non-linear vehicle. It is expected
that the driver uses the same scheme as the one in Figure 2.3 to manipulate the non-linear

vehicle as illustrated in Figure 2.9.
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Figure 2.9: The system of driver and non-linear vehicle
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Hence, the linear vehicle is replaced by the non-linear model. The equations of

motion are derived in section 4.3. This non-linear vehicle model was investigated in

references [79-81] including the longitudinal, lateral, yaw, roll motion and the rotation of

the four wheels. The chosen outputs are lateral velocity v(z), yaw rate r(t), lateral position

y(t) and yaw angle w(?). The occurring issue is the identification of gains K;, K, and M

corresponding to the non-linear vehicle. As discussed above, K; and M are preview gains

for steering input and vehicle states respectively. K, is computed from K; by applying

equation (2.20). For the non-linear vehicle, K; is the ratio of lateral position output to

steering input while states are set to zero. M, of M=[M, M, M, M, ] is the ratio of lateral

position output to current lateral velocity while steering input and other states are zero.

M, M, and M, are identified by the similar method. The gains of non-linear and linear

vehicle are illustrated in Figure 2.10. These values are calculated at 7,=1.6s and 7=0.4s.
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Figure 2.10: Preview gains of linear vehicle and non-linear vehicle

The preview gains of a vehicle are unique and different from those of other vehicles.
For instance, the yaw gain M, of the linear vehicle is 5.12 (m-sec) while that of non-linear
vehicle is 5.8 (m-sec). The preview gains for outputs of the non-linear vehicle are also
significantly different. For instance, the lateral velocity gain M, of the non-linear vehicle
is 0.7 (sec) while the head angle gain M,, is 30 (m). These preview gains are dependent on
the characteristics of the vehicle such as the center of gravity, wheel base and tires. The
driver is considered to be capable of predicting the future states of the vehicle based on
the feedback of lateral velocity, yaw velocity, lateral position and heading angle. The
feedback gains are assumed to be equal to the preview gains above calculated.

Parameter sensitivity analyses are performed to identify the effect of driver model
parameters and vehicle parameters on the driver-vehicle system. The normalized mean
square value of the lateral deviation is defined as:

J,(B)= ljr[%i(t’ﬂ)jzdz (2.24)
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where 7T is the length of simulation time and f# denotes the parameter vector with a
nominal value f. A variation in 8 of # results in a variation in J,. However with various

B, the variations in J,, are different. The sensitivity coefficient is defined as:

AT (2.25)

Jy .k
: OB B=

Figure 2.11 illustrates the sensitivity of the lateral performance to the variations in
lateral position gain M,, head angle gain M, roll stiftness k,, and height of C.G, denoted
by 4. For the driver model’s parameters, the results show that variations in both A/, and
M, primarily affect the lateral performance. Since the signs of the value S,y indicate an
increase (+) or decrease (-) in lateral response, Figure 2.11(a) shows that variations in M,
yield an increase and decrease in lateral performance for M,>1 and M,<1 respectively. It
means that when M,<1, an increase in M, yields a decrease in J,. When M,>1, an increase
in M, yields an increase in J,. M,=1 is considered the optimal lateral position gain. The
lateral performance will become worse if the gain is smaller or greater than 1. The effect
of M, on J, is similar as in Figure 2.11(b). M,=31 is considered the optimal head angle
gain. A comparison of response sensitivity to variations in M, and M, reveals that the
lateral response of vehicle is relatively more sensitive to variations in M,,.

For the vehicle’s parameters, the results show that variations in 4 and k, also affect
the lateral performance as in Figure 2.11(c) and 2.11(d). An increase in /4 results in an
increase in J,, while an increase in k, yields a decrease in J,. It means that a larger C.G.
height introduces a worse lateral performance while a larger roll-stiffness introduces a
better lateral performance. The further investigation as illustrated in Figure 2.11 reveals a

method to reduce the lateral position error. If the driver model parameters are not at the
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optimal values (M,#1 and M,#31) the lateral performance may be improved by

decreasing the C.G. height and increasing the roll-stiffness.
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Figure 2.11: Sensitivity of lateral performance to variations in M,, M,, h and k,

The coupling of driver and non-linear vehicle model, then, performs a lane-change
test as in Figure 2.12. The parameters of the driver model for a specific vehicle model are
identified by applying the initial tests. They are the gains used to predict the future state
of the vehicle in order to minimize the lateral error. The lateral displacement is computed
while applying three values of the preview time. The shorter preview time introduces the

larger over-shoot.
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Figure 2.12: Lateral position of the non-linear vehicle with three values of preview time

The advantage of non-linear vehicle model is to achieve more details on vehicle
response such as the roll angle, roll rate, load transfer, and force distributed on the
wheels. The roll angle of the non-linear vehicle as shown in Figure 2.13 is not available
for the linear vehicle. The roll angle was measured when the driver and non-linear
vehicle performed a lane-change as in Figure 2.12. Three values of the preview time are
implemented, 7,=1.5s, 1.6s and 1.7s while the constant delay time is =0.4s. The vehicle
roll depends not only on the path required but also on the driver’s performance identified
by the parameters. For this case, the driver-vehicle system with the preview time 7,=1.7s
introduces lower roll comparing to the system with 7,=1.5s. The driver model with larger
preview time increased the stability of the vehicle against a roll-over situation. Therefore,
the non-linear vehicle coupling to the driver model provides the specific information

aiding the vehicle design.
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Figure 2.13: Roll angle of the non-linear vehicle with three values of preview time

The further discussion is on an arbitrary-selected non-linear vehicle model which is
described by the system of equations of motion. The method presented above provides a
driver model to vehicle models. The unknown gains are easy to be evaluated by applying
few initial tests. The tests determine the future lateral position of the vehicle with
separate initial conditions. The steering angle gain K; is obtained by applying as a step
steering angle while states are zero. The lateral velocity gain M, is obtained by applying
an initial lateral velocity while steering angle and other states are zero. The other gains
M, M,, and M, may be identified by the same scheme. The resulting coefficients are
considered as the driver’s preview gains with the assumption that the driver may perceive
the future states of the vehicle.

The preview gain which is the ratio of the lateral position to the initial state depends

on the preview time. Therefore, the preview time defines the performance of the model of
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the driver and non-linear vehicle. Corresponding to a delay time, there is a preview time
where the performance index is obtained at a minimum value. The optimal preview time
is identified by implementing varying preview times to the model. The optimal preview
time is achieved at the point that the performance index increases when the preview time
either increases or decreases. For instance, the above non-linear vehicle achieves the best
performance at the preview time 7,=1.55s while the delay time 7=0.4s. The optimal path
following is illustrated in Figure 2.14 as the bold curve. The lateral position of the vehicle
is represented by the position of its C.G.

The parameters of the driver model are obtained under the assumption that the
driver was trained and he is in good condition for driving. The driver’s performance,
however, depends on other factors such as the environment, mood, condition of vehicle
and the influence of alcohol and drugs. The driver-vehicle system may be at the severe
condition if the driving skill deteriorates. Three levels of deterioration of 25%, 50%, and
70% are represented in Figure 2.14. The deterioration of 50% means the preview time is
shorter by 50% and the delay time longer by 50% than the optimal ones. Then, the
deteriorated preview time and delay time are 7,=0.78s and 7=0.6s. The preview gains
also change due to change of the preview time. If the lane exceeding 4y=0.5m is used as
the critical lateral deviation, the maneuvers of the 50% and 70% deterioration may not
satisfy this requirement. For this case, the maximum allowed reduction of driving skills is
of 46% corresponding to 7,=0.84s and 7=0.58s. It is considered the vehicle remains
within the lane as long as the deviation of the C.G. from the axis of the path would not
exceed 0.5m. A deviation larger than 0.5m is associated with an interference of the

vehicle with the adjacent lane and thus, a significant higher risk of a collision.
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Figure 2.14: The performance of the non-linear vehicle model with levels of

deterioration

The driver model with deteriorated parameters exhibits the higher lateral deviation
and lateral oscillation. After performing a curved path, the vehicle is unable to return the
straight path without an oscillation. As seen in Figure 2.14, the optimal driver model
takes about 50m to return to a straight path while the 25% deterioration model takes
about 100m. The longer distance is required for the model with 50% and 70%
deterioration. This characteristic relates to the performance of an alcohol-affected driver
where the weaving car is characterized for this type of impairment. The driver may not
maintain the lane due to the road excitation or wind disturbance. By changing the

parameters, the driver model may represent an impaired driver.
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2.6 CONCLUSION

The proposed model provides another useful tool for quantifying the human performance
in driving a specific vehicle. The model consists of the coupling of the linear vehicle
model and the optimal preview driver model through the predicted lateral error and
steering angle that introduces the good performance with various path inputs. The
parameters express a good physical correlation to the driver’s behavior. The driver model
is out of control of the vehicle if the preview time smaller than 0.85s and the reaction
time larger than 0.8s. The driver model also adapts its parameters to the changing path
curvature.

The modified driver model has a potential application to a non-linear vehicle where
the preview gains are determined by initial tests. The feedback gains of lateral velocity,
yaw velocity, lateral position and head angle vary significantly. The driver-nonlinear
vehicle system performs successfully a lane-change maneuver as the linear system does.
The non-linear vehicle provides various outputs that depend on the driver’s parameters.
For an arbitrary non-linear vehicle, the proposed model may be applied as a virtual driver
for vehicle design.

The parameters of the driver model may change to represent the driver with
deteriorated skills. The performance of the driver model exhibits a larger lateral
deviation. The level of impairment when the driver model is considered still suitable for
driving the vehicle model is obtained by applying the safe driving criteria. The impaired
driver model may contribute to road safety research. The further application of the

impaired driver model is on the adapting the vehicle to a driver. The response of the
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vehicle with the impaired driver becomes better if changing the vehicle parameters. A tire
pressure control system is capable of adjusting the air pressure in the pneumatic tire in
order to change the cornering stiffness of the tire. An active suspension control may
regulate the hydraulic pressure in dampers that may change not only the damping ratio
but also the suspension stiffness and the height of center of gravity. The parameters are
adjusted to reduce the impact of the amplification of the driver impairment by the vehicle

and improve the driver-vehicle safety.
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Chapter 3

AN IMPAIRED DRIVER MODEL AND THE CONTROL OF
VEHICLE PARAMETERS

3.1 INTRODUCTION

An impaired driver is a person who is unable to optimally drive a motor vehicle due to
the effect induced by the consumption of alcohol or drugs, excessive fatigue or old age
related inabilities. This chapter focuses on the alcohol-affected driver as drunk driving
represents one of the most significant causes of automobile accidents [1]. It is widely
accepted that alcohol has negative effects on driving performance. In 1988, a review of
Moskowitz and Robinson [49] covered studies on the effects of low level of alcohol
consumption on driving behaviour including reaction time, tracking, concentrated
attention, divided attention, information processing, visual function, perception, and
psychomotor skill. They used more than 500 studies from sampling of the open literature.
158 studies reported impairment of one or more driving skills at the blood alcohol
concentration (BAC) ranging from 0.01% to 0.1%. The specific actions due to
impairment should be considered in conjunction with the vehicle design in order to
improve the vehicle safety. This chapter investigates the deterioration of driving
performance of the impaired driver based on the linear control theory.

The control theory contributed to quantify the driver behaviour into simple
transfer functions. The variety of driver models was reviewed by Plochl and Edelmann
(2007) [25]. Focusing on the vehicle applications, the driver model is considered as a
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controller where the controlled element is the vehicle model. The simple transfer
functions may represent the driving strategy for diminishing the lateral deviation and
previewing the desired path. The cross-over model [16-20] was used to identify the
driver’s parameters such as the reaction time representing the neuromuscular properties
and gains, time lead and lag associating with the controlled vehicle. Another approach to
the closed-loop driver-vehicle system was the application of the optimal preview control
[26-29]. The steering angle is obtained by the steering control strategy that can be viewed
as a time-lagged optimal control process. The multi-point preview was introduced to
incorporate the future path information as the system states [32, 35]. Two components of
gains, the vehicle prediction and path preview, are determined by the linear quadratic
regulator method.

These models are successful in simulation the driver based on the assumption that
he/she was trained and he/she is in good condition for driving. The driver performance,
however, depends on other factors such as the environment, mood, the influence of
alcohol and drugs. This chapter utilizes the linear control method to present the variation
of driving skill under the influence of alcohol. The linear vehicle model is coupled to the

linear quadratic regulator (LQR) driver model.

3.2 LINEAR QUADRATIC REGULATOR (LQR) CONTROL MODEL OF

DRIVER AND VEHICLE

In this section, the driver-vehicle model is derived from the LQR control theory where

the linear vehicle model is the controlled element. The 3-DOF vehicle model providing
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necessary feedback for the path following was discussed in Chapter 2. In the matrix

notation, equation (2.13) may be written as:

x(t)= A,x(t)+ B,5,,(¢) (3.1)

csw

This is a continuous equation representing the vehicle dynamics. Solving the equation
yields the vehicle states such as lateral velocity, yaw rate, lateral position and head angle
depending on time.

The input to the vehicle system as in equation (3.1) is the steering angle that
represents the output of the coupled driver model. The input to the driver is the path
information which is arbitrary. It is preferred to present the lateral position of the path by
discrete data as such formulation is more realistic than a pre-determined function. In the
next section, the lateral path is included to the vehicle system to improve its path
following. It is necessary thus to discretize the continuous vehicle system in form of

lateral path. The discrete version using a sampling period of 7'is:

x(k+1)= 4,x(k)+B,5,,(k) (3.2)

T
where 4, =e?",and B, = J:) e”’"Bdr . The discretization process assumes that the

steering angle input o (t) to the continuous vehicle is adjusted only at times 7, and that

it is held constant (zero-order hold) between switchings.

The lateral controlling of a vehicle involves the driver observing the path and
processing the preview information and the current vehicle states to yield the appropriate
steering input [30]. The driver captures the road path by several peak points in the view

of the moving-vehicle framework. The path is represented as in Figure 3.1(a). Two points
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defining the curved path are F and G. The driver may not precisely know every lateral
distance of the path but may interpret it as line segments based on the selected points.
Figure 3.1(b) illustrates the lateral position of the peak points F and G and the

intermediate points providing the path input to the driver.

Desired path

Vehicle
e
y(t) >
F X
(a)
Previewed path
G
Vehicle
- F kuT X
(b)

Figure 3.1: (a) The absolute path and (b) the path planned by the driver

The convenient way to describe the arbitrary path is to discrete it into (N+1)
lateral values equally spaced in the longitudinal direction, y, = [V Vvi W2 ... yvN]T with

the interval uT, where T is the simulation step. The vehicle is at the current instant k. If
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the vehicle proceeds to the next instant, k+/, the driver will achieve the same set of y,
where y,; shifts to y,9, y,> shifts to y,; and so on. The new value of path information y,y+;

enters the set at y,y. Then, the lateral profile of the road path is described as:
»(k+1)=D,y,(k)+ E,y, (k) (3.3)

where y,; 1s considered as the single scalar external input. D), represents the matrix of size

(N+1)x (N+1) while E, stands for the vector (N+1)x I as follows:

01 0 ... 0] 0
01 .. 0 0

Dy: . Ey:
0 0 0
0 0 .. 0 1

It i1s assumed that the driver is aware through position of his location in the
absolute system and of the head angle of the vehicle. Further, he is capable of deriving
the absolute position based on the relative one. The driver uses the absolute lateral
position as path input instead of the lateral path observed relatively to the longitudinal
axis of the vehicle. Assuming the small head angle, the lateral path of the previewed

point £ in the absolute system may be calculated in the vehicle system as:

Vi =y+hkulTy +y, (3.4)

The vehicle motion on the road forms a closed-loop system with the driver, where
the primary input to the vehicle is determined by the driver. The driver controls the lateral
position of the vehicle based on previewed path information that is available. The

performance of the driver-vehicle system in the path following problem is greatly
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improved by introducing the future path information as system states. This approach
corresponds to the actions of an experimented driver. Combining the discrete time

equation (3.2) for the vehicle and the equation (3.3) for the road path yields:

M S e

In the compact form, equation (3.5) may be written as:

z(k +1)= Az(k)+ B3, (k)+Ey, (k) (3.6)

k
where z(k) denotes the vector (N+5)x 1, z(k)= {X( ) } . A, the matrix (N+5) x (N+5),

y, (k)

A, 0 B, 0
A= . B, the vector (N+5)x 1, B = . E, the vector (N+5)x 1, E = .
0 D, 0 E,

The steering angle O (k) in equation (3.6) is provided by the driver who is
considered as a controller. One of the characteristics of human operators is the transport
delay derived from the perceptual and neuromuscular mechanisms [27]. It is required a
sufficient time to process information from the plant and transport a command to the
plant. For driving a vehicle, the driver perceives the vehicle states and the path to decide
the appropriate action and then manipulates the steering wheel. It is assumed that there
are equal delays in perception and action. The linear system with equal delays in state and

input is presented as:

2(k+1)= Az(k—n_)+B5, (k—n_ )+Ey,(k—n_) (3.7)
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T o
where n, = o7 with 7 denotes the effective time delay.

The associated performance index is defined as the quadratic function [82]:

2" (N)S(N %Nz{ (k)Qzlk)+ 57, (k )RS, (k)} (3.8)

k=k0O

9y

where @=C"Q,C. Qv:[o

}, with ¢, and ¢, represent the weighting factors of
"4

lateral path and head angle, respectively. C denotes the matrix 2x(N+5),

0010 -1 0 00 .. 0
C=lo o001 L -1 g0 .0

ul ul

By changing the weighting factors ¢, and g,, the priorities in the cost function are
defined. The control law for the delay system is derived in this section based on the
reference [83-87].

The optimal problem is described by the performance index as equation (3.8) and
the constraint as equation (3.7). Solving the problem is to determine the optimal control

s

sequence 8, o> Oy ios1s ---» Ogyy-y 10 Minimize Jig. Using the Lagrange-multiplier theory

by adding the constraint to the performance index converts the optimization with

constraint to without constraint. The augmented performance index, then, is:

t2 (3.9)

N { 7 (k)orlk )+5T()Ré‘sw(k)}+kT(k+nr+1){Az(k—n)+B5W(k—n,)—z(k+1)}}

2

The Hamiltonian function is defined as:
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H(k)= { "()Qak)+ 57 (RS, (k)f+ 27 (k +n, +1)Az(k—n, )+ BS,,(k=n,)} (3.10)

Substituting the Hamiltonian function (3.10) into the performance index (3.9) and

rearranging yields:

N-1

~ 2" (VS(N)2(N)= 2T (N + 0 )e(N)+ H()+ 3 [H(E) =27 (k + . Je(k)] (3.11)

=2

=

where H(I) denotes the Hamiltonian function at the initial state. The minimum of the
performance index is achieved when its increment dJ, is equal to zero. The increment of

J, 1s obtained as:

_ )’ an(n) |’
7. = (VYN (V5 )" e { 1 } dz(1)+{65w (1)} 45 (1) -
2 Ha;g i | ) (01 . ]éﬁﬁkfnﬂ) 0 e )}
The conditions for a minimum of J, are given by:
__OH(k) o _
z(k+1)—al(k+nr+l)—Az(k n )+BS(k—n,) (3.13a)
Mk +n,) oH(k) _ Qz(k)+ M, (k)A" Mk +n_ +1) (3.13b)
oz(k)
oH(k) . ~
5.0 RS, (k)+M, (k)B ALk +n, +1)=0 (3.13¢)
where M, (k)= M nd M, (k)= 29, (k~n.) The initial condition z(1) is fixed
oz(k) oo, (k)

and the final state z(N)is free. This is required that:
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MN+n_)=S(N)z(N) (3.13d)

When the simulation step & is sufficient large, the delay step 7, is considered very small

comparing to k. It is assumed that:
Mk)=S(k )z(k) (3.14)

From the equation (3.13c¢), the steering angle is derived as:

5., (k)=—R"'M,(k—n_ B Mk +n_+1) (3.15)

sw

Substituting the control 5sw(k) achieved in equation (3.15) to equation (3.13a) gives:
2(k+1)= Az(k—n, )+ B RM, (k—n, B Mk +1)} (3.16)

Applying the relation in equation (3.14) to equation (3.16) and then rearranging yields:

2(k+1)={1+BR'M, (k—n, )B"S(k +1)]" Az(k—n,) (3.17)

Substituting equation (3.17) to equation (3.13b) yields:

S(k)=Q+A™M, (k)S(k+1){l + BR'M, (k —n, JB'S(k +1)] ' A (3.18)

or, using the matrix inversion lemma

S(k)= AT [Ml(k)S(k+1)—M1(k)S(k+1)B{BTS(k+ DB+ R} M, (k —nT)BTS(k+1)] A+Q (3.19)

For the value of M, (k)= %{k)”f), if kelky.k,+n,.), M,(k)=0.1f k>k, +n_, then,
Z
Ml(k): 1[78]. The value of Mz(k) = %(_k)nf)is always equal to I when k >k, .

Therefore, ifk > k, +n_, the quasi-Riccati equation becomes as:
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S(k)= AT[s(k+1)—s(k+1)B{BTs(k+1)B+R}“st(kﬂ)] A+Q (3.20)

The optimal control at the time £ is:

8, (k)= —K(k)elk —n.) (3.21)

where K(k)={B"S(k+1)B+ R} 'B"S(k+1)A

The system state then is:
z(k+1)={A-BK(k)}z(k —n_ )+ Ey,(k—n_) (3.22)

The driver model as LQR optimal control derives the steering angle from the
vehicle states, the characteristic of vehicle and the path. It is assumed that the driver
perceived all information of the path before performing the manoeuver. The steering
angle, therefore, is obtained as the subsequent angles must be taken in order to drive
through the path. The path which is out of the preview will not affect to the driver’s
judgment. The driver performs a single task such as lane-change depicted as the
previewed path in Figure 3.2(a). The driver turns the vehicle to the left lane and then

maintains the straight path.
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Figure 3.2: (a) Lateral displacement and (b) driver steering angle of the driver-vehicle

system with a lane-change

Figure 3.2 illustrates the lateral position and the steering angle when the transport
delay is ignored (n,=0). The shape of lateral displacement and the magnitude of driver
steering angle depend on the weighting factors ¢,, g, and R. The priority is on lateral
displacement if the set of ¢,=10, g,~land R=1 is chosen. The vehicle follows the path
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tightly as the dash line in Figure 3.2(a). The driver needs more effort required by fast
accelerating the steering wheel and producing thus larger steering angle in a short time. If
the control priority is on the steering angle such that ¢,=1, g,=land R=10, the driver
would spend less effort represented by small steering angle as the dash-dot line in Figure
3.2(b). As a result, the vehicle follows the path with a lager deviation. Change in the
weighting factors could yield a very accurate path following that requires a significant
demand on the steering angle of the driver model.

The effect of delay time on path following is illustrated in Figure 3.3. It is obvious
that the vehicle follows the path with a larger deviation. After performing a lane-change,
the vehicle weaves along the straight path. It is required a longer time to set the straight
moving comparing to the case without delay time. The trajectory of the vehicle is
presented in Figure 3.3(a) while the delay time is set as 0.5s and the preview time is
varied. The shorter preview time results in the larger over-shoot and longer oscillation. In
Figure 3.3(b), when the preview time is set as 5s and the delay time is 0.4s, 0.5s and 0.6s,
the larger delay time introduces the larger weaving and deviation.

The driving strategy for a lane-change discussed above is only applied to the
single task. The driver model is imposed to perform a task in order to test its
compatibility and reliability with various vehicle models and road paths. However, the
driver usually takes series of tasks while driving such as lane-change, turning, straight
line and double lane-change. The information of the path is not available if it is out of the
preview distance. The driver may not know every detail of the path before driving. Even

while performing a single task, he may not entirely know the lateral position of the path
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due to the conditions of the environment. The driver must continuously preview the path

to acquire sufficient clues.
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Figure 3.3: Path following with (a) varying preview time and (b) varying delay time

While the vehicle proceeds, the covered section of the path is revealed as

illustrated in Figure 3.4. The driver frequently updates this information and re-calculates
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the steering angle based on the latest clues. With this preparation, the vehicle will move
smoothly without any abrupt adjustment. Figure 3.4 illustrates the path seen by the driver
where the shadowed region indicates the unknown section. When the vehicle is moving
forward, the driver retrieves new information from the path. For instance, the path within
the bold line rectangle represents to the next update. The update mechanism allows the
driver model work online with an arbitrary path of unlimited length.

The updating procedure is applied to the LQR driver model. The computation for
every update is required since the lateral path is considered within the states. Therefore,
the states of the diver-vehicle system update whenever the new information of path is
available. As a result, the control gain K also changes inciting the deviation in steering
angle. In the case that the driver model knows the path, the steering angle varies
smoothly as seen in Figure 3.2(b). With the update of the new path, the steering angle
fluctuates slightly since the driver model must adjust the lateral position after performing

the correction.

N
= L

50 100 150 200 250 300 350 400 450 500
Longitudinal distance [m]

Lateral displacement [m]
o

o

Figure 3.4: The road path and the segment seen by the driver

Figure 3.5 illustrates the time history of the simulation of driver-vehicle model
with the update procedure. The path position is provided as in Figure 3.4. The driver-

vehicle model followed the path defined by the arbitrary series of tasks with the forward
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velocity of u=20m/s. Two values of preview time are considered for the model, 7,=2s
and 7,=5s. The delay time is ignored, =0. The model successfully maintained along with
the previewed path. The lateral displacement for 7,=2s mostly coincides with the one for
T,=5s as seen in Figure 3.5(a). The steering angle for 7,=5s exhibits little fluctuation. The
steering angle for 7,=2s introduces the abrupt changes while the path is updated. The
control priority is chosen as ¢,=1, g,=land R=10. The update interval is the random value
in the range of 0.5s to 1s.

Instead of abrupt changes in the steering angle when the preview time is reduced,
steering oscillations are observed when the delay time is increased as in Figure 3.6(b). In
this simulation, the performance of the driver-vehicle model with update mechanism and
delay is compared to the model with update mechanism and without delay. There is a
small difference between two trajectories as seen in Figure 3.6(a) where the preview is
5s. The variation of the steering angle for the delay system is higher than that the one for
the system without delay.

The steering angle abruptly changes and highly oscillates when the preview time
is decreased and the delay time is increased. In Figure 3.7(b), when 7,=2s and =0.7s,
the driver model generates an unusual steering as the one performed by a good human
driver. There are sudden changes and high oscillations. For the human driver, it may be
interpreted as when the driver achieves insufficient preview path and the reaction time is
significantly deteriorated. The worst case is encountered when the vehicle is out of

control.

76



Lateral displacement [m]

_4 r r r r
0 100 200 300 400 500
Longitudinal distance [m]
(a)
02 13 1 L T
=0 Tp=2s
0.15
B o1
Qo
@ 0.05
©
2 o
3
» -0.05
]
£ -01
a
-0.15
_0.2 r r r r
0 5 10 15 20 25
Time [s]

Figure 3.5: Time history of (a) lateral displacement and (b) driver steering angle for the

simulation of driver-vehicle model with the path update mechanism

When the preview time increases and the delay time is neglected (1=0), the
fluctuation of steering angle decreases. The best steering input is achieved as whole
information of the path corresponding to the maximum preview time 7)., 1S available for
preview. If the lateral response for this case is set as the best lateral performance, then

there is a difference between the best lateral performance and the performance at the
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decreased preview time. The lateral deviation of the vehicle from the desired path is

measured and presented in Figure 3.8.
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Figure 3.6: The performance of the delay system comparing to the system without delay
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Figure 3.7: The performance of the driver-vehicle system with the decreased preview

time and increased delay time

When the preview time varies from 2s to 6s, the deviation denoted as the standard
lateral deviation decreases. Comparing to the small preview time, 7,=2s, the lateral
deviation is quickly reduced when the preview time increases. The rate of change at that
point is 6.9cm s™'. If the preview time is higher than 5s, the rate of change is smaller than

0.35cm s which presents about 5.1% of that found at 7, »=2s. The lateral performance is
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imposed as identical to the best performance. Therefore, 7,=5s is chosen as the good

vision for the driver model.

22
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1

Standard lateral deviation [cm]
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Figure 3.8: The relation of standard lateral deviation and preview time

Figure 3.9 illustrates the lateral deviation when 7,=5s, and 7 increases from 0.35s
to 0.8s. The system with delay time introduces larger lateral error. For instance, the
deviation at 0.35s is 14.1cm which is larger than 12.95c¢cm by about 9% for the system
without delay. When the reaction time increases, the lateral deviation rapidly increases.

The reaction time of 0.5s is chosen for modelling a normal driver [88].
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Figure 3.9: The standard lateral deviation with changing reaction time

The LQR driver model coupled with the linear vehicle model is capable of
presenting a human driver in lateral position control. The model provides a good path
following when the preview time 7,=5, the reaction time r=0.5s, and the control priority
q,=1, g,=land R=10 are assigned. The driver model frequently updates the information
from the road so that it can work with the unknown path out of the preview. The update
mechanism and delay time also introduces the fluctuation in steering input that is similar

to the adjustment performance by the human driving.

3.3 THE IMPAIRED DRIVER MODEL AND THE CONTROL OF VEHICLE

PARAMETERS

The driving performance of a driver easily deteriorates after alcohol consumption [89].
Alcohol i1s well-known to affect driver state that it is related to driver impairment and
performance decrement. Depending on the health state and alcohol consumption in the

recent history of the driver, the driving performance may be affected at very low BAC as
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0.01%. Studies on divided attention and recognition reaction time proved that complex
tasks are more vulnerable to error than simple tasks. The measurement of performance
parameters of a driver under the influence of alcohol is still a challenge since driving is a
complex process that involves many functions. The record of a separate parameter may
be different under diverse circumstances. Two parameters that have been intensively
studied are visual function and tracking ability that are believed to be sensitive to the
matter of alcohol [90].

The effect of alcohol on drivers’ vision is most significant. Alcohol causes
abnormal eye movements, difficulty in accurate eye tracking of moving objects, and even
temporary blindness [91]. Alcohol slows processing of visual information requiring
longer time to observe and perceive an object. Consequently, fewer potential incidents
can be noticed and predicted by the impaired driver. Drivers perceive fewer details or
they are under the trend to overlook certain clues as the visual estimation takes longer
when under the influence. Alcohol-affected drivers are unable to recognize the path or
traffic signs until they are close to them. As a controller, the parameters of preview
distance and preview time are therefore decreased to model such condition.

Tracking ability of the alcohol-affected driver was one of the earliest performance
measures studied [92] since vehicle weaving is the most recognizable hint of an alcohol
impaired driver. Path tracking involves observing the difference between the desired path
and the vehicle position and action performed with the intention to reduce the error. The
impaired driver produces the large errors that may be out of the safety margin. The
capability of path following is interpreted as the precision of lateral perception and the

consistency of control priority. The impaired driver may not accurately predict the lateral
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position. He also may alter the control priority while updating the new information on the
path.

Reaction time of the driver is another parameter affected by alcohol. Reaction
time measured during experiments of real driving involving complex tasks tends to
amplify when complex tasks are performed rather than when simple tasks are carried out.
Thus the reaction time required to perform more complex tasks is higher than the one for
simple tasks [90]. Hindmarch [88] performed the alcohol test on nine male and nine
female subjects and found that complex tasks are more vulnerable than simple tasks. The
data showed that the recognition reaction time (RRT) is affected much more than the
motor reaction time (MRT). The RRT of subjects before and after consuming a dose of
alcohol at 0.5g per kg of bodyweight are 379ms and 401ms respectively.

The impaired driver is modelled in this work by assuming that the preview time,
reaction time, lateral perception and control priority equally deteriorate. The preview
time of the impaired driver is shorter than that of a normal driver while the reaction time
is larger. The lateral perception and the control priorities vary within a range depending
on the level of impairment. The lateral position error value increases with the level of
impairment. The previewed lateral path varies about the actual path. The impaired driver
may apply the random value of control priority for each update. The larger deviation in
priority reflects the worse impairment. The deterioration is then applied to the LQR
driver model derived in the previous section. The measurement of the model i1s compared
to that of experiments and the results were analysed.

The standard deviation of lateral position (SDLP) is a primary parameter to

measure the influence of alcohol on driving. O’Hanlon et al (1982) [92] proved that the
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ability of the driver to control weaving of the vehicle sensitively deteriorates with a dose
of drug ingestion. Using the driving simulator, Mets et al (2011) [93] measured the SDLP
for three levels of BAC, 0.05%, 0.08%, and 0.11%. They concluded that the driving
impairment depends on the BAC where the SDLP was significantly increased with the
increasing of alcohol dose. The mean SDLPs are recorded as 29.7 cm, 33.8 cm and 36.3
cm for BAC 0.05%, 0.08% and 0.11% respectively.

To identify the impairment in driving skill of the driver model, the varying values
of parameters are applied. The simulation is performed with the same percentage of
decrement in preview time, reaction time, lateral perception and control priority for each
calculation. Let the percentage increase from that represent the normal driver. The SDLP,
then, was calculated as the error between the current lateral displacement and the desired
path where 7,=5, =0.5s, ¢,=1, g,~land R=10. The SDLP was increased while the
parameters deteriorated. The percentages when the SDLP met 29.7cm, 33.8cm and
36.3cm were recorded.

Figure 3.10 illustrates the time history of the lateral performance for 16 tests that
generates the SDLP around 29.7cm. The driver model used the path input as in Figure
3.4. For each test, the preview time was taken at 3.95s that is 21% below the optimal
preview time at 5s. The reaction time was taken at 0.4s that is 21% higher the reaction
time at 0.5s. The lateral path and control priority were taken at the variation within £21%
of the optimal values. For the SDLP 33.8cm and 36.3cm, the percentages of deterioration

were £26% and £30% respectively.
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Figure 3.10: (a) Lateral position and (b) lateral deviation of the vehicle model with the

driver model impairment of 21%

Figure 3.11 summarized the simulation results for three levels of impairment. The
mean of standard lateral deviation and its standard error (SE) in each condition were
29.6x1.5 (impaired 21%), 33.9+1.7 (impaired 26%) and 36.5+2.3 (impaired 30%). The
result are correlated to the experiment conducted by Mets et al [84] that leads to

implement BAC level to the driver model. The performance of the impaired driver model
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with BAC of 0.05%, 0.08% and 0.11% correspond to the deterioration of 21%, 26% and
30% in driving skill respectively. The model with high BAC produces large lateral

deviation.
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Figure 3.11: Mean (SE) standard deviation of lateral position for three levels of

impairment.

The performance of the driver model under the influence of other BAC levels is
approximated by assuming that there is a linear relationship between the BAC and the
impairment within the identified range. For instance, BAC of 0.06% is between BAC
0.05% and 0.08%. The deterioration should be ranging from 21% to 26%. By linear
interpolation, the deterioration is obtained at 22.7%.

The further investigation is carried out to evaluate the influence of vehicle
parameters on the performance of the vehicle model coupled with the impaired driver

model. With the same steering input, the response of the vehicle is different if its
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parameters change. When the vehicle is driven by an impaired driver, the adjustment of
vehicle parameters may improve the dynamic response for an input expected from an

impaired driver. Figure 3.12 illustrates the SDLPs with varying values of the cornering

stiffhess.
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Figure 3.12: The SDLPs when (a) C,rchanges and (b) C,. changes
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The lateral performance of the vehicle is represented in Figure 3.12(a) when the
cornering stiffness of the front tires (C,) increases from 52kN/rad to 80kN/rad. The
cornering stiffness of the rear tires remains constant, C,=40kN/rad. The results show that
the SDLPs for three levels of impairment decrease first after which increase. With a level
of impairment, there is a circumstance where the minimum value of SDLP is achieved.
For instance, at the impairment of 21%, SDLP=28.9cm when C,=64kN/rad. The
minimum values of SDLP are 31.2cm (C,=66kN/rad) and 33.8cm (C,=70kN/rad) for the
impairments of 26% and 30% respectively. The SDLPs are smaller than that summarized
in Figure 3.11.

Figure 3.12(b) illustrates the variations in SDLP when the cornering stiffness of
rear tires increase from 39kN/rad to 53kN/rad. The cornering stiffness of the front tires
remain constant, C,~60kN/rad. The minimum values of SDLP are 28.7cm
(Cy=44kN/rad), 31.9cm (C,=45kN/rad) and 34.1cm (C,=47kN/rad) for the impairments
of 21%, 26% and 30% respectively. By modifying C,., the smaller SDLPs are also
obtained. The simulation results prove that the lateral deviation of the vehicle model
driven by an impaired driver model is reduced by increasing the cornering stiffness of the
front tires and the rear tires. The amount of increase is identified as optimum based on the

level of impairment.

3.4 CONCLUSION

The impaired driver model was derived from the LQR with the update mechanism and
delay. The model simulates properly the alcohol-affected driver for various BAC levels.

Under the influence of alcohol, the driving is impaired since vision, reaction time, lateral
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perception, and tracking ability deteriorate. The model represented the driver by reducing
the preview time, increasing the reaction time and introducing the error in lateral preview
and control gains. The standard deviation of lateral position is the criterion used to
evaluate the level of impairment for both model and real driver. The performance of the
driver with BAC of 0.05%, 0.08% and 0.11% corresponds to that of the model with 21%,
26%, and 30% deterioration.

In most countries, the BAC of 0.08% is a typical threshold over which is
forbidden to operate a vehicle. The model with deterioration of 26% is considered the
threshold for safe driving. Road accidents likely occur while the vehicle is weaving. The
driver model may not follow the path within the safe lateral deviation. These
characteristics reflect the behaviour of the alcohol-affected driver. The impaired model,
then, may be utilized in vehicle design as a virtual driver to improve vehicle safety.

The proposed model may be used to fine-tune the gains to adaptively control the
vehicle. The vehicle may change its parameters to reduce the negative impact of the
impaired driver. The cornering stiffness of the tires is one of these parameters. A tire
pressure control system is capable of adjusting the air pressure in the pneumatic tire in
order to change its cornering stiffness. The driving of such a vehicle by an impaired

driver may be made safer on the roads than the vehicle-driver running at the present time.

89



Chapter 4

LATERAL AND LONGITUDINAL PLANNING FOR
AUTONOMOUS VEHICLES

4.1 INTRODUCTION

Autonomous ground vehicles have recently been revealed to the public. They represent
an attractive subject that is intensively investigated and tested. The autonomous vehicles
running on road reduce accidents caused by human errors and improve the traffic flow on
highway [3]. The design of an autonomous vehicle involves many challenges. In the
control aspect, strategies to regulate vehicle speed and to follow a path are critical
important.

Falcone et al (2007) [95, 96] proposed a model predictive controller (MPC) for an
active steering system. Two different MPC were presented and compared. The first one
used a nonlinear vehicle model to compute the future states of the system. The second
one was the linear time-varying (LTV) MPC based on the online linearization of the
nonlinear vehicle. The LTV MPC of low order overcame the difficulty in computational
time and yielded good performance.

Another approach to path following control was carried out by Cole et al [36]. The
predictive and linear quadratic controllers were used to model the driver steering control.
Road path was previewed relative to the vehicle longitudinal axis and it contributed to
generating the steering input. The controllers are based on the previewed control theory

that incorporating the future information to improve the vehicle performance.
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A vehicle longitudinal control algorithm was developed by Han et al [97]. First, the
experiments were conducted to obtain the time gap and range clearance during vehicle
following for human drivers. Further, the desired acceleration was calculated from the
time to collision, the speed of the preceding vehicle and the controlled vehicle. The focus
to maintain a safe distance while following the preceding vehicle speed was attained.

The combination of longitudinal and lateral control represents a challenge due to the
nonlinear dynamics of the vehicle. Rajamani et al [3, 94] developed a longitudinal and
lateral strategy to control vehicles in platoons. The longitudinal control system
determined the desired acceleration for each car and the commands required to accelerate
or decelerate. The lateral control system ensured the lane-keeping or automatically
steered the vehicle to an adjacent lane. The lateral and longitudinal controls were treated
as decoupled processes. The integrated longitudinal and lateral control has been very
little reported in the literature.

In this chapter, a novel strategy to integrate the lateral and longitudinal control for
an autonomous vehicle is presented. The design of linear lateral and longitudinal
controllers is based on the preview control theory. The future information of the path is
included to enhance the performance of the system. The nonlinear vehicle model that
represents the real vehicle is treated as a black-box exposed to noise. Kalman filter
estimates the vehicle states and provides feedback to the linear controllers. The
simulations are performed under the assumption that the necessary path information is
already obtained. The research attempts to develop a comprehensive controller that may

be implemented to automated vehicles.
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4.2 DESIGN OF LONGITUDINAL AND LATERAL CONTROLLERS
4.2.1 Velocity profile of the path

Road is designed to ensure the continuity of its curvature [98]. The maximum curvature
is determined by the centrifugal force that is related to the recommended speed. Figure
4.1 illustrates a method to create the curvature for an observed path that includes line

segments.

Figure 4.1: The observed path and the curvature

The curvature of a straight line is zero (x;=0) while the curvature of a circle is

1 . . .
constant (., =R— ). To create a smooth transition between the line and the circle, a
p

clothoid is used. The clothoid curvature increases from zero to x. for the entrance of the

curve or decreases from «,. to zero for the exit of the curve. The lengths (/. and [,) of the
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path with varying curvatures and constant curvatures are chosen with the consideration of
the speed limitation.

The speed of the vehicle is determined by the path curvature. The experiments
conducted by Lee et al [100] reveal that usually, the speed of the vehicle is not taken as
the maximum speed corresponding to the limit of the centrifugal force. The drivers tend
to choose the most comfortable speeds for their own that may be lower than the
limitation. In general, the lower the curvature, the higher speed is taken. For instance, the
vehicle generic speed profile for the observed path is constructed as in Figure 4.2. For the
longitudinal control, the acceleration is used as the preview information. The acceleration

profile is computed from the speed profile.
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Figure 4.2: The velocity profile of the path
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When new information of the path is available, the acceleration profile is updated

as:
a(k+1)= M a(k)+ N ,a,(k) (4.1)

where a;(k) is considered as the single scalar input. M, represents the matrix

(N+1)x (N+1) while N, stands for the vector (N+1)x [ as follows:

0 0 0
0 0 1 0 0
M,=|. . . A, Na=|- (4.2)
0 1 0
00 0 .. 0] 1]

4.2.2 Linear model of the vehicle and the preview control for longitudinal direction

The linear model of a vehicle for the longitudinal motion is illustrated in Figure 4.3.
The three degrees of freedom are the motion in the forward direction and the rotations of
two wheels. The forces, Fs and F, that drive the vehicle with a velocity V are applied at
the contact patch of the tires and the road surface. These forces are generated due to the
slips between the wheels and the ground. For the simplicity, the longitudinal forces are
approximated as the linear relationship to the difference of the vehicle velocity and wheel

velocity as follows:

F,=C,(Ra,-V)
Fxr = Clr (Ra)r - V (4'3)
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Figure 4.3: The longitudinal vehicle model

Assuming the front-drive vehicle configuration, the tracking torque is only applied
on the front wheels while the braking torque is applied on both front and rear wheels.
When the vehicle is accelerating, the wheel velocity is higher than the wvehicle

velocity, Rw, >V, that results in £, > 0. If the vehicle is braking, both braking force on
front and rear wheels are negative, F, <0 and F, <0.
The vehicle velocity is dominated by the Newton second law as:

mV =F,+F, (4.4)
The motions of two wheels are represented by the equations:

1,6, =-F,R+T,

, (4.5)
I, 0 =—F R+T,

Combining equations (4.4) and (4.5) and rearranging yields:
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o, t=|ay ay, 0 Qo t+| 0 by, 0HT, (4.6)
@, a0 a0 0 0 bylT,
where:
c,+c,) C,R C,R
a; =— " > Ay = > Qi3 = m
leR C'/VR2
21 s Uy ==
wf wa'
CﬂrR CﬂrRz

1
byy =—
22 wa

In the matrix notation, equation (4.6) may be written as:
&)= F.é()+G.T,,(¢) (4.7)
The discrete version of equation (4.7) using a sampling period of 7T is:
E(k+1)=F,&(k)+G,T,, (k) (4.8)

To apply the preview control in the longitudinal direction, the acceleration profile is

incorporated to the vehicle states. The system can be represented as:

é(k“Ll) | F, 0 é‘(k) G, 0
|:a(k + 1)} B { 0 M, }L(k) + 0 Twh(k)+ N, a, (k) (4.9)
In the compact form, equation (4.9) may be written as:

Sen =Fs, +GT,, , + Na, (4.10)
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&(k)

where s; denotes the vector (N+4)x 1, s, = { (k)} . F, the matrix (N+4)x (N+4),
a

F, 0 . G, 0
F = . G, the matrix (N+4)x (N+4), G = . N, the vector (N+4)x 1,
0 M, 0 0

v

The associated performance index is defined as the quadratic function [101, 102]:

1 1 &
Ty =5 ShPusy +52(skT Q.. +T% R, Ty, ) 4.11)
=i
) ) o, 0
where 0y 1s the matrix (N+4)x(N+4), O, = 0 ol
a121 aja;, a,a; 0 —a
a;a, ‘1122 ana; 0 —ap,
0,.=|a,a; a,a; a123 0 —a;|.
0 0 0 0 0
L —an —a, —ay; 0 1]

The torque applying to the front wheels is:
T, =—Ks, (4.12)

where K is the optimal gain for the longitudinal control.

4.2.3 Lateral controller design

The path following problem was discussed in Chapter 3 based on the LQR with delay and
update mechanism. The driver model observes the path and computes the appropriate

steering angle to minimize the lateral errors. The similar technique is used to design the
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lateral controller where the delay is neglected. The computational time is assumed much
smaller than the transport delay characterizing a human operator and thus it is ignored.

The system without delay is represented by equation (3.6) as:
2k +1)= Az(k)+ B3, (k)+Ey, (k)

The cost function used to evaluate the lateral performance is:
1 r 1 N-1 .
in :EZNPNZN +52(zk Qyzk +5.skasw5.swk) (413)
k=i

Using the optimal criteria, the steering angle is obtained as:

0

swk

=K,z (4.14)

where K ; (B P ,B+R, ) B" P, A. The Riccati difference equation is computed

k+1

backward as:

P A [ k+1 k+IB(B Pk+IB+R k+I] A+Q (415)

4.3 THE NONLINEAR VEHICLE MODEL

In this section, a nonlinear model representing the real vehicle is derived. The derivation
of equations is based on the reference [9-10, 80-81, 105]. The model is capable of
providing necessary states of the vehicle for integrating longitudinal and lateral control.
The nonlinear model is more accurate than the linear one when both steering and
accelerating are applied at the same time. The steering affects not only on the lateral
position but also on the vehicle speed. Accelerating and decelerating the vehicle also

requires a re-calculation of the steering angle when the vehicle follows a curve.
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Figure 4.4: Vehicle coordinate systems

Coordinate systems of the vehicle are shown as the Figure 4.4 where the absolute
coordinate XYZ is fixed to the ground. A coordinate system xyz is fixed to the sprung
mass of vehicle, and the x’yz” for the un-sprung mass. P is the origin of xyz and x’y’z’. §
is the center of gravity of the sprung mass while U is that of the un-sprung mass. CG is
the mass center of the whole vehicle and lies on the z axis. The longitudinal direction of
the vehicle is the x axis, the lateral direction is y axis and z axis is in the vertical direction.
The same rule is applied for x'y’z’ coordinate system. The sprung mass rolls around the x
axis while roll angle of un-sprung mass is neglected. The sprung mass has the yaw
motion about the z axis while the un-sprung mass rotates about the z axis. Assuming the

height of the point U is small that can be neglected therefore the x axis goes through point
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P and U. i, j, k are the unit vectors of x, y, z direction and i, j, k are unit vectors of x’, y’,
z’ direction.
A simplified vehicle coordinate system is shown in the Figure 4.5. Position vectors

of the point P, S, and U in the XYZ coordinate system are R, rs and ry respectively.

o~

| S

Figure 4.5: The simplified vehicle coordinate system.

If the point S and U are described by position vectors ps and py in the xyz coordinate

system, then

re =R+ pg (4.16)

r,=R+p, (4.17)
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The xyz and x’y z” have a translation velocity R relative to the XYZ coordinate system

and also a rotation with a angular velocity of @ . Thus
s =R+wmxp (4.18)
i, =R+wxp, (4.19)

If u and v are the longitudinal and lateral velocity of the point P, then

R =ui+vj (4.20)
The xyz coordinate system fixed to the sprung mass has a yaw motion (r) about z axis and
roll motion (p) about x axis, hence
o, = pi+rk 4.21)
The x’y ’z” coordinate system fixed to un-sprung mass has only the yaw motion about z

axis, hence
o, =1k (4.22)
The projections of ps and py on their coordinate axis are
ps =ci—hgk (4.23)
p, =—ei (4.24)
Substituting equations (4.20) to (4.24) into equations (4.18) and (4.19) gives
v, =Ty :ui+(v+hsp+cr)j (4.25)
v, =7F, =ui +(v—er)j' (4.26)
Acceleration vectors of point S and P are derived by differentiating equations (4.25) and

(4.26) as following:

ag =7y :(L't—vr—hspr—crz)i+(\>+ur+hSp+cf)j+<vp+hSp2 +cpr)k (4.27)
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a, =iy, :(L't—vr+er2)i' +(\>+ur—ei>)j' (4.28)
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Figure 4.6: Forces acting on the planar vehicle.

Assuming that yaw angle of the vehicle in the xy plane is small, the total force in the

4
longitudinal direction is Zin , the vehicle on this direction is described:

i=1

4
mgQg, + m;dy, = ZF;; (4.29)

i=1

where ag_and a,_ are derived from equations (4.27) and (4.28) as
a,, =u—vr—hgpr—cr’ (4.30)

a, =t—vr+er’ (4.31)
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Substituting equations (4.30) and (4.31) to equation (4.29) gives

4
m(u - vr)— mghgrp = ZF)“.

i=1
where, mgs + my = m, and mg. = mye.

Lateral equation of motion is

4
mgas, +myay, = ZFyi
i=1

where ag, and a;, are derived from equations (4.27) and (4.28) as
ag, =v+ur+hgp+cr
Ay, =V+ur—er

Substituting equations (4.34) and (4.35) to equation (4.33) yields:

4
m(V + ur)+ mghg p = ZFyl

i=1

(4.32)

(4.33)

(4.34)

(4.35)

(4.36)

Considering a vehicle with two rigid bodies connected by the suspension system, the

moment of momentum of the sprung mass is

H,=1I,xw,

(4.37)

Assuming that xz plane is the symmetrical plane of the sprung mass, hence I,.s= 0 and

I,.s= 0. The inertia tensor matrix, I, is

I xxS 0 1 xz8
I;=| 0 I, 0
I xzS 0 ] zz§

Combining equations (4.21), (4.37) and equation (4.38) gives

H,=(I

xS

p + Ixzr)i + (ItzSp + Izer)k
Differentiating equation (4.31) with respect to time gives
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HS = (IxxSp+Ixzr)i+(_ Izle?2 +(IxxS _IzzS)pr+Iszrz)j+(1szp+IzzS’;)k

Similarity, the un-sprung mass has
HU = IzzUkI

H v =1,k |
The equation of yaw motion is expressed as:
YM, =1 _p+I g +mgagc—myaye=1_i+1_p
Hence,
Li+I1.p=3 M,

The external moment acting on the vehicle about z axis is:

4

d d
ZMZ = lf(F;l +Fy2)_lr(Fy3 +Fy4)+7f(E‘cl _F;r2)+?r(Fx3 _F;f4)+ZMZi

i=1
Substituting equation (4.44) to equation (4.45) gives:
: : d, d,
Lr+l p= Zf(Fy] +Fyz)_lr(Fy3 + F;/4)+7(F;cl _F;c2)+7(F;63 _Ec4)
The equation of roll motion is:

M, =1 p+1 g +msagh =1 p+I_i+mghs(v+ur)
Hence,

L.p+I17+mghg(v+ur)=> M,

As shown in Figure 4.7, the total moment acting on the sprung mass about x axis is

D> M, =mgghy _(kqf +k¢r)¢_(cqf +c¢r)p
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(4.41)

(4.42)

(4.43)

(4.44)

(4.45)

(4.46)

(4.47)

(4.48)

(4.49)



A

Figure 4.7: Vehicle roll in plane model

Substituting equation (4.49) to equation (4.48) gives
I p+1_7=-mghg (\'/ + ur)+ myghep — (k# +k, )¢ — (cﬂ +¢, )p (4.50)
When the vehicle is moving and maneuvering, the normal force on each tire is

different and varies to time. The resultant force is the combination of static part and the

load transfer in longitudinal, lateral and roll motion. They are expressed as:

_ mg]r ma ﬁ_ maylrh + qu/- Fo= mglr —ma ﬁ—i— mayl,,h B M@/'
T 21 ld, d, = 20 d, d,
1, I.h M, ! Ith M

Fo=8 g Lo M M8 B AN My s
21 20, d, 21 20 i, d,

The Figure 4.6 shows the angles on each tire, considering the relationship among the
lateral velocity v, the longitudinal velocity u and the yaw velocity r, the tire slip angle can

be calculated as:
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s o v+lfr B o v+lfr
Q, =0, —tan p a, =06, —tan 7

u+—Lr u——"Lr

2 2

ol vl vl

o, = tan o, =tan (4.52)

u——-r u+-—-r
2

The contact surface between the vehicle and the road is not perfect and there is always a
slip. In the case of braking, the forward vehicle velocity is larger than the velocity of the

wheel. The wheel slip ratio is defined:

L =WV (4.53)

Four wheels of the vehicle rotate independently, the rotation of wheels are represented by
the equation of motion:

Where /,, is the moment of inertia of the wheel about its axis of rotation, R; is the wheel
effective rolling radius, F; is the braking force acting on the tire in x direction, and 7, is

the braking torque applied to the wheel as shown in Figure 4.8.

Figure 4.8: Forces acting on the wheel
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Table 4.1: Vehicle parameters [80]

Parameter Symbol Value
Vehicle total mass (kg) m 1070
Sprung mass (kg) My 900
Height of vehicle Center of Gravity (CG) (m) h 0.6
Distance from roll axis to sprung mass (m) hy 0.55
Vehicle moment of inertia about z axis (kg.m?) I 2100
Vehicle moment of inertia about x axis (kg.m?) 1, 500
Vehicle moment of inertia about x and z axis (kg.m?) I, 47.5
Distance from vehicle CG to front axle (m) ly 1.1
Distance from vehicle CG to rear axle (m) L, 1.3
Wheel base (m) l 2.4
Front track width (m) dy 1.4
Rear track width (m) d. 1.41
Roll stiffness (Nm/rad) ky kg 32250
Roll damping (Nms/rad) Co Cor 1050
Wheel moment of inertia (kg.m?) I, 0.9
Effective rolling radius of wheels (m) R 0.28

The Magic Formula [13, 106] is used in the vehicle model for the tires. In general form,

the formula is

¥(x) = Dsin{Ctan '[Bx — E(Bx —tan"' Bx)]}

x=X+S§,

(4.55)

where Y(X) is either the braking force F, with X the wheel slip ratio 4 or cornering force,

F, with X the tire slip angle « or self-aligning moment M. with X is slip angle. S, and Sp.

allow a shift in the horizontal and vertical directions. Four coefficients B, C, D and E
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specify the characteristics of the tire. D is the peak factor, B is stiffness factor, C is the
shape factor and E is the curvature factor. Figure 4.9 illustrates the influence of each

factor on the appearance of Magic Formula graph.
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Figure 4.9: The impact of changing coefficients D and C on the outputs of Magic

Formula.
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Figure 4.10: The impact of changing coefficients B and E on the outputs of Magic

Formula.

Changing D factor in Figure 4.9(a) results the changing magnitude of the graph.
The C factor defines the shape of the curve that looks like a lateral force (C = 1.30), a
braking force (C = 1.65) or a self-aligning moment (C = 2.40) as shown in Figure 4.9(b).
If the peak value D and the shape factor C are defined and remain constant, only the B
value controls the stiffness as in Figure 4.10(a). The curvature factor £ that adjusts the
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extra stretch or compression of the curve, does not affect the peak value and the stiffness

as in Figure 4.10(b).

4.4 THE OVERALL MODEL AND SIMULATION

The lateral and longitudinal controller provides the steering angle and the necessary
wheel torque to the vehicle. In this section, a nonlinear vehicle model including the
longitudinal, lateral, yaw and roll motion is used to represent the real vehicle. The overall

model of the longitudinal and lateral control is illustrated in Figure 4.11.
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Figure 4.11: The overall model of vehicle control

From the investigation of the equations in the nonlinear vehicle model, the speed of
the vehicle is affected not only by the wheel torque but also by the steering angle. Both
the steering angle and the wheel torque affect to the lateral position of the vehicle. Errors

are encountered between the output of the linear models and the same type of physical
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quantity of the nonlinear model. For instances, the lateral position calculated in the lateral
controller is different from the lateral position measured in the nonlinear model when
both the steering angle and the wheel torque are applied.

The Kalman filter is used to estimate the states for the linear model and to eliminate
additive noise due to the inputs and the measurements. The vehicle dynamics is subjected
to disturbances. One type of disturbances is the errors of equipment such as sensors,
cameras and speedometers. To count for that, noise is added to the observer. The other
disturbances are the external forces such as wind and fluctuating road surface. This type
of disturbances directly affects to the vehicle states and it is modeled as noise added to
the inputs.

The lateral vehicle model can be represented as [103]:

x,, =A,x,+B,0

i T AW (4.56)
where wy is a white Gaussian noise with the zero-mean and the intensity of W,. The
lateral position observer is established as:

v =H x,+n, (4.57)
where H, denotes the observer matrix, H,=[0 0 1 0] and #; is a white Gaussian noise with
the zero-mean and the intensity of N,. The estimated state at the instant before performing
the measurement is:

-i‘k )= Ad’%k—l (+)+ Bd5sw,k—1 (4.58)
The covariance before and after the measurement are:
P.()=A,P,_ (DA + AW A" (4.59)
1

P, =[P +H'N,/H,] (4.60)
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The estimation of the state as the feedback to the lateral controller is [104]:
2P =% O +K [y, —H, %) (4.61)
where K is the Kalman gain as:
K, =P.(OH'|H P,-H +N,|’ (4.62)
For the longitudinal estimation, the vehicle with disturbances is modeled as:
$a=F, 6 +G, T, +Aw, (4.63)
and the velocity is measured as:
V.=HJ(, +n, (4.64)
where H~=[1 0 0], w; and #; are white Gaussian noises with the zero-means and the

intensities of W, and N; respectively. The means and covariances using the Kalman filter

are:
& =Fé ,(D+G,T,,, (4.65)

P.(-)=F,P_,(F] + AW A" (4.66)

P =[P +HIN'H,]' (4.67)

Ky =POH![HP,OHT N[’ (4.68)

E(=¢()+K, [Vk —Hsék(—)] (4.69)

The simulation is performed to evaluate the controllers and the estimators. First, no
disturbance is added to the inputs and the measurements. From the observed path, many
velocity profiles may be generated. The chosen profile is in the consideration of the
vehicle and road conditions. In the simulation, three velocity profiles are tested. The

velocity profile 1 corresponds to the high level of acceleration and deceleration while the
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velocity profile 3 is for the low level of acceleration and deceleration. The total torque
applied to the wheels is illustrated in Figure 4.12(a). The higher torque is required to
follow the velocity profile 1. In Figure 4.12(b), three histories of the vehicle speed are

recorded. The vehicle gradually accelerates and decelerates when it enters and exits the

curve.
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Figure 4.12: Longitudinal performance

The path position provides the future information to the preview controller for the
path following task. The vehicle performs a left turn and its position is detected as in
Figure 4.13(a). Although there is only one observed path input, the steering varies due to
the different wheel torques. In Figure 4.13(b), the steering corresponding to the velocity
profile 1 is higher than the one for the velocity profile 3. A close look of the lateral
displacement at the corner as in Figure 4.13(c) shows that the vehicle follows the
observed path with the small lateral deviation. The difference of three trajectories is not
significant.

A Kalman filter is capable of reducing the effect of noise on the vehicle state

estimation. In reality, the filter is required due to the existence of disturbances affecting
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the position and speed measurement. On the other hand, the vehicle is a complex
dynamic system and the filter is considered as an estimator that provides the
approximation for vehicle states based on the measured parameter. The states are
necessary for the linear controller that needs feedback to calculate the next steering and
torque inputs.

In the following simulation, the white Gaussian noises are added to the input from
the measurements. The true position and the estimated position of the vehicle are
illustrated in Figure 4.14(a). Although the measurement fluctuates due to the additive
noise (£0.3m) as in Figure 4.14(b), the estimation is very close to the true state. The
steering angle input as in Figure 4.14(c) is highly affected by disturbances. The large
fluctuation of the steering angle comes from the corrupted noise and the noise that is
partly filled by the Kalman filter.

The measurement of the vehicle speed is assumed to also be corrupted by noise
(£0.4m/s) as illustrated in Figure 4.15(b). The Kalman filter performs estimation from the
noise speed measurement. It provides the estimated vehicle speed and wheel angular
velocities to the linear controller. The difference between the true vehicle speed and the
estimated speed is not significant as in Figure 4.15(a). The wheel torque is computed

from the estimated states with the presence of noise as in Figure 4.15(c).
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Figure 4.13: Lateral performance
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Figure 4.14: Lateral performance with disturbances
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Figure 4.15: Longitudinal performance with disturbances
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4.5 CONCLUSION

The investigation proposes a new method for the longitudinal and lateral planning that
may be implemented on autonomous vehicles. The linear models of steering control and
speed control are derived. The preview control is applied to enhance the performance of
the vehicle when the future path is available. The Kalman filter is used to estimate the
vehicle states based on the nonlinear model with disturbances. The simulation shows that
the controllers perform a good path following and speed regulating.

The most important part of the controller and the filters are the computation of
control gains and filter gains. These tasks deal with an enormous amount of calculation
and matrixes of large dimension. These gains can be pre-calculated and stored in the
hardware of controller. The computational time is shortened which allows the vehicle to
operate real time while the road information is frequently updated. The proposed

controller introduces a feasible application for autonomous vehicles.
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Chapter 5

NEURAL NETWORK
USED TO CONTROL AUTONOMOUS VEHICLES

5.1 INTRODUCTION

Artificial Neural Networks (ANNs) have displayed the potential applications for control
of nonlinear systems with high degrees of noise and variability [108]. In particular,
Neural Networks (NNs) may be represented as human drivers to manipulate vehicles
since the NNs are capable of emulating the drivers’ behavior. The flexibility of adjusting
the network weights provides the possibility of a wide range of autonomous vehicles’
tasks including navigation and speeding.

The techniques which enable the NNs to learn the driver’s performance were
developed by Pomerleau et al (1992) [109]. By watching a human driver, the NN system
was trained to autonomously control a vehicle in a variety of circumstances. The NN is a
single hidden layer receiving camera input from a road scene [110]. The network uses the
back-propagation to activate the NN output to adjust the current steering. The proposed
technique is based on the image processing that allows the vehicle to follow the pre-
defined path without the knowledge of the vehicle and disturbances. The network weights
are pre-determined that does not support the online retraining.

Kehtarnavaz et al (1998) [111] proposed a NN module for autonomous vehicle
which may change its steering and speed depending on the lead vehicle. Range and head

angle were collected from the experiment with a human driver. The NN was capable of
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leaning the nonlinear characterization of vehicle and reproducing the human driving. The
control mechanism is transportable regardless of vehicle dynamics.

In this chapter, a new approach is introduced to use NN in autonomous vehicles.
This method is a result of LQR used to design the controller for autonomous vehicle in
the steady state. The NN structure is designed in the reference of the driver model. Two
single neurons perform as the path filter where the previewed path is weighted. The
vehicle model with nonlinear dynamics represents a real vehicle. The NN weights adapt
to various road shapes. Finally, the trained NNs are tested through the F1 Montreal circuit

in order to evaluate the vehicle performance in navigation and speed control.

5.2 NETWORK ARCHITECTURE

The investigation on the steering angle obtained in equation (4.14) reveals that the control
gains K, consists of two components, the state gains and the path gains. If the stability of
the system is satisfied, the gains will converge to the constants that may be pre-calculated
and stored in the hardware. The state gains include lateral velocity, yaw rate, lateral
position and head angle gains. The path gains represent the ability of observing the path

to improve path following. The steering angle then is written as:

5., (k)=K x(k)+ Vy (k) (5.1

sw

where the state gains K.=[k, k. k, k,] and the path gains V=[v; v, ... v,]. The steering
angle is computed from the contribution of the state feedback and the path preview.
For the lane-change test as in Figure 3.2, the contribution of each part is

illustrated in Figure 5.1(a). The steering angle from the observed path provides a positive
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feedback while the angle generated from vehicle states provides a negative feedback.
Combining the two components yields the steering angle as in Figure 5.1(b) that drives
the vehicle with the least lateral deviation. When the vehicle follows a straight path, the

balance of the positive and negative parts results the zero steering angle.
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Figure 5.1: The contribution of vehicle states and path preview in generating the steering

angle
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The contribution of the path may be illustrated as a network with » inputs and
one output. In Figure 5.2, n lateral positions of the path provide as the inputs to the NN.
The network gain corresponding to each lateral position is the path gain. The activation

function o(*) is taken as linear so that:

yout = Vlyvl +v2yv2 +"'+Vnyvn = Zviyvi (52)

i=1

Figure 5.2: The NN presenting the path preview

Processing the previewed path through a series of delays provides a sequence of
lateral positions ahead of the vehicle. The value y,(k+n) is the latest information observed
from the path while the value y,(k) indicates the current desired position. Figure 5.3
illustrates the structure for lateral and longitudinal control. This schematic diagram yields
the steering angle as in equation (5.1) for vehicle navigation. The previewed path is
weighted by going through a single neuron.

The lateral velocity, yaw rate, lateral position and head angle are measured and
then provided as the negative feedback. The technique to identify the state gains K, is

discussed in section 2.5. The gains are considered as the ratio of the future vehicle
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position to the initial condition for a specific preview time. The state gains are unique and

they are obtained through the initial tests.

Yi(k+n) Velocity profile
generator
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Figure 5.3: The structure of autonomous vehicle controller

It is expected that the similar scheme may be used to compute the required torque.
The velocity profile generator provides the desired speed based on the previewed path. A
single neuron collects the delayed speed to calculate the additional torque. The desired
speed ug(k+n) after n delays is the current desired speed uy(k) that the vehicle must
achieve at the next instant. The negative feedback is proportional to the measured vehicle
speed. Therefore, the proportional control diagram is used if the NN is ignored.

The technique to create the curvature and velocity profile is described in section
4.2. Since the data collected from the path is discrete, three parts of the continuous
curvature are constructed. The velocity profile generator computes the curvature and then

builds the velocity profile by referring to the experiment results. The desired speed

123



depends on not only the curvature but also the road conditions and the characteristics of
the vehicle.

The nonlinear vehicle model is derived in section 4.3. The 8 DOF model includes
the longitudinal and lateral dynamics. The vehicle speed is interfered by changing the
wheel torque 7. The position is achieved by applying a steering angle. The nonlinear
dynamics of the tires is also included so that the vehicle may work when there is the high
demand of the road. The vehicle model may be represented as a real vehicle for training

and testing the NNs.

5.3 TRAINING ARTIFICIAL NEURAL NETWORK

In this section, the NN is trained by using the gradient descent tuning [112]. Let v;(k) be

the weight at the iteration &, the NN output then is:
Voulle)= 2 v () (5.3)
i=1

where y,; is the lateral position that stays constant during the iterating step. The
relationship in equation (5.3) only mentions a pair of (y,, Vou). The vector y, consists of
lateral positions y,; while y,,, is a scalar output. In the practical situation, y, are multiple
input vectors. At the current instant, y,(k) takes the set of [y,; 32 ... ywu]. For the next
instant, y,(k+1) takes the different set. The output values y,,, corresponding to y, are
Vout(k)y Yourtk+1), ... You(k+n). The batch NN weight update is used to perform the
iteration. Defining the inputs as a matrix yields:

Y=(®) yukt1) ... puktn)] (5:4)

The output vector is defined as:
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Your[You(k) Your(k+1) ... your(k+n)] (5.5)

At the initial stage, the NN with the predefined weights produces large errors. The
training process is performed to achieve the accepted errors. The recursive update

equation of weights is given as:

vl.(k+l):vi(k)—a

(5.6)

The algorithm insures that the cost function decreases after each update. The learning rate
a is a value in the range of (0, 1). If the chosen a is too small, the number of iterations is
large. If a is close to 1, the value of gain v;(k) may diverge that increases the value of the
cost function.

Defining the cost function as the least-square error yields:

E(0)= 372 (6)= 5 3 [, ()3, (] 6)

243

The first derivative of the cost function with respect to the weights is given as:

=—¢,(k)y, (k) (5.8)

Therefore the weight update algorithm for the least-square error becomes as:
v,(k+1)=v,(k)+ e, (k) (k) (5.9)
The training process begins while the previewed path is not provided. The vehicle
follows the path only based on the current measured lateral position. The closed-loop
system consists of a proportional controller which minimizes the deviation. The vehicle
trajectory is illustrated as in Figure 5.4. The vehicle is lagged behind the desired path.

The lateral errors between the vehicle trajectory and the desired path are recorded.
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Figure 5.4: Vehicle trajectory with a proportional controller

In next step, the steering angles are computed from the lateral errors. They are the
additional steering that is expected to draw the vehicle closer to the path. Then the
additional steering is added to the proportion controller. The process is repeated until
achieving the small lateral errors. The additional steering angles are considered as the
desired outputs of the NN.

Theoretically, the NN gains (V and W) may be initially chosen as arbitrary sets of
random numbers between -1 and 1. The training process tunes these gains so that the
least-square errors are minimized. An example of NN weights after training is illustrated
in Figure 5.5. The single neuron with 60 inputs and one output is used. Th