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Abstract: Dynamic collaborative drivingnvolvesthe motion coordination of
multiple vehicles using shared information from vehicles instrumented to
perceive their surroundings order to improveoad usage and safety. A basic
requirementof any vehicle participating in dynamic collaborative driving is

longitudinal control. Without this capability, highlevel coordination isot

possible. Each vehicleinvolved is a composite ndimear system powered by
an internal combustion engine, egpéd with automatic transmission, rolling

on rubber tires witha hydraulic braking system This paperfocuses orthe

problem of longitudinal motion control. A longitudinal vehicle model is

introduced which serves as the control system design platforfongitudinal

adaptive control system which uses Monte Carlo Reinforcement Learning is
introduced. The results of the reinforcement learning phase and the
performance of the adaptive control system for a single automobile as well as

the performance in a rfiirvehicle platoon is presented.
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1. Introduction

In major cities throughout the world, urban expansion is leading to an increase of vehicle
traffic flow. The adverse effects of increased vehicle traffiov include traffic
congestion, driving stress, increased vehicle collisions, pollution, and logistical delays.
Once traffic flow surpasses the capacity of the road system, it ceases to become a viable
transportation option. One solution is to build rmgoads; another is to build better
vehicle§ vehi cl es t hat can negotiate traffic, coordi
vehicles to optimize their speeds so as to arrive at their destination safely and efficiently.
This is the concept behind Dynamicollaborative Driving, an automated driving
approach where multiple vehicles dynamically form groups and networks, sharing
information in order to build a dynamic representation of the road to coordinate travel.

Ultimately our research goal is to creatalecentralized control system capable of
performing dynamic collaborative driving which is scalable to a large number of
vehicles, can be implemented on any vehicle and in any environment. However, before
we can deal with the issue of coordination, basintrol of the vehicle must be achieved.
Therefore, the focus of this paper is the basic problem of longitudinal motion control,
sometimes referred to as adaptive cruise control.

Research in automated driving in the United States during the 1990soméiscted
under the PATH project (Partners for Advanced Transit and HighwayBATH
introduced the concept of platooning (Varaiya 1993; Shladover et al 1993; Hedrick et al
1994), where vehicles groups of 125 cars traveln tight vehiclestring formatons.

The most basic level of control in platooning is longitudinal conaisioreferred to as

autonomous intelligent cruise control (AICC). loannou and Chien (1993) describe an

AICC system for automatic vehicle following, which is a statahe longitainal control

system using a linear vehicle followimgodel. Raza and loannot997) implemented

the AICC system on a real vehicle and evaluate
performance obtained under simulation.

Studies in the mid 1990s at UC Reley (Maciuca and Hedrick 199%waroop &
Hedrick 1994) focused on using sliding mode control to address the nonlinearities of
longitudinal vehicle dynamics. The studies addressed both vehicle dynamics simulation,
string stabiliy of linear formations anchorinear control. Rajamani et al (2000)
implemented sliding surface control to longitudinal control during Demo A7Demo
2000, Kato et al (2002) demonstrated an adaptive proportional control law for
longitudinal control. Recently,Zhang and loanno(R005) proposé an adaptive control
approach to vehicle following with variable time headways, using a simplified first order
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linear vehicle model. The control system guarantees cllosgdsystem stability, and
regulates the speed and separation enmns@rds zero when the lead vehicle is at a
constant speed. Khatir and Davision (2006Yisited linear control approaches by
proposing a linear PID controller for longitudinal and lateral control assuming a
simplified 6" order linear model, where the vele is modelled as a bicycle to further
simplify vehicle dynamics.

Due to the high costs associated with procuring large numbers of vehicles and the
safety issues involved, fuficale vehicle studies can only be condudtadugh large
scaleresearch projects in association with governments and automobile manufacturers
such as Demo 697 (Thorpe et al 1997; Tan et al 1
during Demo 2000 (Tsugawa et al 2000; Kato et al 2002). In Casaddler projects
have used mobile robots to model cars (Michaud et al 2006), however the cost and
complexity associated with these mobile robot studies can also be quite high. In addition
the vehicle dynamics of a mobile robot platform are significantly different from those of
full-sized automobiles thereby limiting the applicability of those results.

Alternatively, simulation studies can be developed faster, they are more flexible, cost
effective, have better repeatability and explore situations not easily achieved i realit
In 1989, the National Highway Traffic Safety Administration (NHTSA) began
researching the use and construction of a new-efdtee-art driving simulator, the
National Advanced Driving Simulator (NADS) (Haug 1990). Since then, NADS has
beenusedaa substitute for actual vehicle testing.
Test Center (VRTC) provides vehicle data fmveral vehicles such as the97 Jeep
Cherokee (Salaani and Heyding2®00) which can be used to validate simulations.
With the adogbn of high fidelity simulation on modern computers, simulation has
become the dominant method for study in this field.

Therefore, ar methodology involves first creatiran accurate vehicle moded be
used both in the process of design and validadibthe control system. The use of a
computer model can be considered a Computer Aided Engine&iig) (approach to
control design allowing the designerdesess the performance of the control systach
predict itslimits. We proceedvith a description othe vehicle dynamics model followed
by an explanation of the lorigdinal control system's desigrhen, the resultsof the
learningprocessaandt he eval uat i @erformdncerepresentegt st e md s

2. Vehicle Dynamics Modelling

The basis ofour simul ati on has its roots in the | ate 198
significant amount of research was conducted at the Vehicle Dynamics Laboratory at the
University of California at Berkeley by Hedrick under the PATH project. His group
developed a complex merical automobile model used to design and evaluate the
performance of various controllers under certain conditions (McMahon and Hedrick
1989; Peng and Tomizuka 1991; Pham et al 1994). Later work by Pham and Hedrick
(Pham et al 1997) used this model t@leate the performaecof an optimal controller
for combined lateral and longitudinabratrol.
The vehicle model adopts many of the model s wu
subsystems such as the engine, transmission, suspension and tires. Howevertin orde
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have a simulation which can be subjected to reinforcement learning, these separate
models havéveenintegrated and modified to provide system performance througheut
entire operating range. For example, an automatic transmission system is aaltted to

gear shifting so that the entire speed engn be experienced. Figuréllustrates how

each subsystem model is interconnected into a coherent model of an autoiftobile.
following is a partial description of each of th&jorsubsystem models dishows where

the nonlinearities of the overall vehicle model originate

2.1. Engine Model

McMahon andHedrick (1989)describe in detail a mathematical model of & 34rd V6
internal combustion enginelhe control input to the engine is the throttle ara, svhich

is supplied by the throttle actuator model. The throttle actuator model is simply a first
order system with a time constant of 0.06@ The output of the engine model is the
engi ne daft speeda mladdition, a feedback term from tla@smission model is
requiredin the form of the torque of the transmission pump which is connected to the
enginebs crankshaft.

The engine model is made up of several differential equations for eacbfghe
combustion process The differential equation for the gas mixture in the intake manifold
is given by
)

m

-0.08873 )I\! >m+/ ) G, + i, KPals (1)
) \Vn )
whereP,, andT,, are the manifold pressure and temperature. The manifold voliise
considered fixed at 3l4or 0.0034m®. The mass rate of air entering the intake manifold
is given by the relationship
M, = IAX-TC. PRI kals (2)

whereMAX = 0.335kg/sis the engine specific maximum flow rat&€C is the normalized
throttle characteristic and is a function of throttle are, and PRI is the normalized
pressure influence ratio andassth order polynomidlnction of the pressure ratid®R=
Prf/Patme

The differential equation for the gas mixtumethe exhaust manifold is expressed as

o=t iy, el Th Bl ke (@)

\RT, J\T, P,
Where the exhaust gas recirculation out of the exhaust manifold is described by the
second order differential equation
W, = )5x 00 n 0 f..) kals  (5)

ergo ergl ergo
and volumetric efficiency terrn,, of the engine isxpressed as a surface (Fig@ewith
a dependence on the mass of air flow rate into the intake manifold and the rotational
speed of the enginw.. The mass flow rate of the exhaust gas into the exhmaasifold
i, = ZGRI(R,/P,) kg/sis provided by a lookupvhich is dependent on the ratio of

manifold to exhaust pressuRg/P.. Thepressure of the air in the exhaust manifold can
be determined by the relationship

P.= 02+P, - €7x 0 -0 t—\,)- 112 KPa  (6)
where theengine speed is a function of tirwe(t) wheret =t - A, thedelayed timeof the
intake to brque production delay resultifgom the cycli@l nature of the engine The
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time delay isA; = 5.48w, sec The indicated engine torque producedriodelled in the
continuous time domain for simplicity as
T _ (=3 ) AFI(E— 1 )-SI(SAt- 1)) Nm  (7)
' o t—1)

The constant, = 1175584N-m-gkg is the maximum torque capability of the engitte
function AFI(t), is the air/fuel influence function The functionSI(SA = 1.0-3.8x10
4(SAt))? is the normalized spark influence functiaich is alsoa function of spark
advanceSAt) from MBT or minimum spark advance for best torque

The engine speed can be determined using the following torque balance or differential
equaton

Jed#t =7- -, N-m (8
whereJ, = 0.2630kg-n? is the effective inertia of the engine and torque convefids,

the indicated torque produced by the engime= " (#,,» is the engine friction

torque function and T, is the torque converter pump torque which is modelled in the
transmission subsystem model.

2.2. Transmission Model

McMahon and Hedrick (1989) describthe model of an automatic transmission
subsystem(Figure 3). The transmission system connects the endgothe driveshaft
where the motion from the engine is transmitted through atgmarto the driveshaft.
The engine is connected directly to the pump of the torque converter. The rotational
motion of the fluid transmits the torque from the pump totther bi ne . The turbine
output shaft is connected to the géain which is connected to the driveshaft. Since the
geartrain is only connected to the engine through the transmission fluid, it is possible to
change gears without disrupting the motiontleé engine. The control of the gear
selection of the gear trais managed by the valve body whisbnses hydraulic pressure
and actuates servo pistons to select the proper gear ratios to optimize engine performance.
The behaviour of thealve body can & modelled as discrete loggzhedule which is
dependent on both vehictpeed and throttle position
There are two phases of operation for the torque exdery the high torque phase (10

and11) experienced when changing geansl the fluid coupling phag&3). The torque
equations depend on the speed ratio of the turbine and o/ w,, the high torque phase
satisfies the relationshia/w, < 0.9. The torque of the punip and the turbin€l; are
expressed using the following equations

T,=34325 0 o + '21x 0 @ » 4 9

T, = 5.7656x 0 @ ,+)3107x 0 0 40 - 14323 0 o  (10)
wherea, erand ax esatisfy the first order lag expressions

O 4T, + ) = 0 O G T+ 4=0 rad/'s (11)

The fluid coupling phase exswhen e/, > 0.9, therefore the torques for the turbine
and pump are expressed as
T.= ,=-.7644x 0 @ +320084x O » » — '52441x 0 @ (12)
Since the engine is connected directly to the pLe. ¥ o, thus, the angular speed of the
turbine @, can be determinedith the first order differentiaiorque balance equation,
‘]lgc#. = -t_ zgRiTs N-m (13)
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where J,g= 0.07kg-n? is the rotational inertiaRy is the gear ratio depending on which
gear is used (i.e. 0.4167, 0.6817, 1, 1.4993)Rywd 1 is the drive gear ratio. The shaft
torqueTs can be determined from the following first order differential equation

= <(RRo - ) Nmis  (14)

whereKs = 6742N-m/rad is the shaft stiffness army; is the angular speed of the front
wheel.

2.3. Braking System Model

McMahon and Hedrick (19893lescribea simplified model to determine the braking
forces to apply to each wheel. Although the brake torques are largely dependent on the
hydraulic system that makes up the braking system of the véMeleiuca and Hedrick

1995) a first order lag exession provides a sufficient simplified approximation to the
system. A normalized brake commaenhd, . in the interval [0, 1] is assumed to be
provided by the control system and is passed through the brake actuator model. This is
simply a first ordesystem with a time constant of 0.0if&s The first order lag function,
lagnake Which approximates the braking system is modelled with a time constit #¢ of
0.072s. The equation for the braking torques for the fiiyaand reafT,, are

To = 2Gpaie €CtUALAN, (Syake) : 4 Ff max Ty = Gy €CtUALAL, o (Syrake) : L] (15)
whereh; = 0.310m andh, = 0.315m are the heights to the from the ground to the front
and rear axles respectively. The maximum brake &gy and F, nax Occurs during
wheel lock (slipd = 1) and cae determined using the following equations

Ff max — H ng- (f + lf (,u - :roII ), l:rmax =pu Nng- ( + (,u - :roII ), (16)
wherey is the coefficient of friction between the road and the tire as specified in the tire
subsystem modein = 1573kg is the mass of the automobilg= 9.807m/s’ is gravity,
lf=1.034 mand I, = 1.491mis the longitudinal distance from the center of gravity to
the front and rear axles respectively dngl = 0.004908 is the coefficient of rolling
resistance for the left and right tires comigine

2.4. Drive -train Model

Pham et al (1997) describe the model of the drigim subsystem for a front wheel drive
automobile. A torque balance about each wheel yields the first order differential
equations for the front and the rear wheeks

‘]vqc#.., :%Ts_l%Tb_ MFX, i=1,2 ‘]w‘(#,,‘ =126Tb_ N\FK i=3,4 (17)
whereTs is the shaft torque calculated previously in the transmission subsystem model
andT, is the total braking torque available aRgis the longitudinal force of each tire
which is calculated by the tire model. An even distribution of the shaft torque is
assumed by splitting half of the shaft torque to each of the front wheels. The total
available brake torque is assumed to be ibdisted 60% to the front and 40% to the rear
wheels.

2.5. Suspension Model

Pham et al (1997) descrildesimple onalimensional quarter car model of an automotive
suspension system with shock absorber and hardening spring (Peng 1992). Neglecting
the smallcoupling terms, the suspension forces can be completely determined by the
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local motion of each wheel (Tseng 1991). kebe the deflection at thé' suspension
joint.

gf qf
e="7,— '+ 0+ 0+ 2—¢ e="7,— '+ 0+ 0- 2—¢
e="7,— '+ L0- ‘.9—_}(1} € =7,— '+ 0- .6’+':;j¢ (18)

wherez, is the nominal height is the current height of the vehic&is the pitch angleg
is the roll anglehs = 0.1 mis the longitudinal distance from the center of gravity to pitch
center; = 1.034mandl, = 1.491mis the longitudinal distance from the center of gravity
to the front and rear axles respectively, and 1.450m ands = 1.450m are the front
and rear axles respectively.

The spring forceFs and damping forcd-4 on each wheel is calculated using the
following equations

Fo= e+ 3e) N Fo=2¢ N (19
whereC; = 40000N/m andC, = 40000m* are coefficients of the third order polynomial

fit for the suspension spring anb; = 10000N-¢/m is the damping constant. A vertical
force balance is used to determine the normal fBfoexerted on each wheel,

Fo=img— ot -5, N (20
! I+

wherem = 1573kgis the mass of the automobile ame 9.807m/s’ is gravity.

2.6. Tire Model

Pham et al (1997) describe a simplified tire model referred to as the Bahkkejka
model adopted from the work of Peng (1992). This model calculates the traction force
resulting from the roatire interaction based on empirical cuifiing with experimental
data for ayokohama P205/60R148%He (Peng 1992fsee Figurel). In this model, tire
pressure, tire camber angle, and the road and tire physical parameters are fixed, but the
forces generated at the tire are the functions of slip A diad thetire normal forcey.

The calculation of the slip ratiA which is computed either for traction or braking
using the following equations

> ) Braking: 4 - W —Vy _ (21)

X
where o, is the rotational speed of each wheel determined in the-ttdire subsystem
model and the radius of the tirerjs= 0.304m.

According to Bakker et al (1987ipadtire interaction under neiteal conditions can
be extrapolated from the ideal curwe faultiplying the ideal tire forces by the coefficient
of friction x. Typically for average freeway operaticu = 0.8, for wet road conditions
4= 0.6, and for icy road conditiotx = 0.2.

r,o —V,
r‘Wa),,

Traction: j -

2.7. Vehicle Model Response

To demonstrate the performeze and the validity of the vehicle dynamics simulation, the
model is subjected to input signals for either the throttle or brake command and the
velocity response is charted. Although the simulation is a composite of various
subsystems that does not adate to a standard vehicle (i.e. Ford V6 3.0L engine,



L. Ng, C.M. Clark, J. P. Huissoon

Yokohama 15" radial tires, Toyota Camry chassis dimensions), comparison with vehicle
response data supplied by the NHTSAO®6s Vehicle Re
1997 Jeep Cherokee (Salaani ahelydinger 2000) is presented to illustrate analogous
behaviour between an actual vehicle and simulation. It is not precision that is being
compared rather accuracy in terms of behaviour.

Figure5 shows the actual vehicle's velocity response to a thaiifeinput in Tgear
and the brake step responge the throttle step, there ésmooth increase in acceleration
which saturates at the top speed for the specific geathe brake steprédm 06 s the
throttle is released, this is known as powérand results in a linear decrease in speed
due to engine braking, at $the brake is pressed and a linear decrease with a much
steeper slope is seen.

A commercial mechanical simulation called Adams Car (MSC Software Gsrp.)
used as an intermediate tion tool by providinglata for throttle and brake inputst
providedby Salaani and Heydinger (2000) The vehicle modelled in Adams Car is a
high performance sports car, therefore a comparison wittfSomulation will show the
same behaviour but thesponses will be slower. Both simulations are subject to the
same input signals and the results piresented in Figures 6 & Figures6 shows the
simulation velocity responde a throttle stegnput Notice that the vehicle speed range
is muchlarger since the simulation incorporates an automatic transmission system. The
effects of the automatic transmission shifting can be seen as slight discontinuities in the
response. Despite the differences, the step responses of both the (Fbicle 5 and
the simulation follow he same behaviour. Figurésand8 show the simulation velocity
responses to brake step and throttle pesfeinputs. The simulation responses match
the vehicle respons€Bigureb) in terms of behaviour.

3. Controller Design

The ouputs of the longitudinal control problem are i) the throttle angle, which
controls the fuel/air mixture for the combustion process within the engine and ii) the
brake pedal position, which applies a braking torque to each wheekigure 9, the
vehicl e model 6s l@0&throtieistepyinpuared $@Pwthraitle step input
are charted. The respons=m be characterized as a second order-dasmped with a
slight delay. By comparing the 50% response multiplied by a factor ofvtthathe 100%
response we see that the vehicle model ds respon
nortlinear. In Figure10 the vehicle modéls vel oci ty r esstepinpste to 100% b
and 50% brake step input are shown. The responsestBhbduring braking, Coulomb
friction dominates the systemit is clear that thevehicle response to a 50% brake step
input is not half of the 100% signal indicating that the modeled braking system-is non
linear. Figure 8 shows the vehicle models/elocity response when the throttle is
disengagedand can be considered a step input from 1 to 0. The throttle power off
resembles the brake system's response although more gradual. It demonstrates Coulomb
friction as well and can be considered a nonlinear respon
To address each of these nonlinear responses, different control systems are required
depending on the operating conditiongur approach is to divide the control space into
regions within which the behaviour of the plant approximates linearitpatéhwork of
linear controllers would then be able to address the entire operating envelope. These

«
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linear controllers would all have the same form, but their gains would differ depending
on the operating conditions. This common linear controller alaitiy its collection of
gains is considered a form aflaptive controteferred to again schedulingdAstrom and
Wittenmark 1994). The difference in our implementation of gain scheduling, is that the
tedious task of determining each gain is accomplisbheithg a machine learning
algorithm calledVonte Carlo ESeinforcement learning.

3.1 Reinforcement Learning

Reinforcement learning (RL) is a machine learning approach where a software agent
senses thenvironmenthrough itsstatess and responds to ihtough itsactionsa under

the control of apolicy, a = n@). This policy is improved iteratively through its
experiences with the environment througheaforcement learning algorithravhich in

this paper is calledlonte Carlo ES(Figure 1I). The envionment provides the agent

with numerical feedback calledrawardfor the current state,= R(s). The environment

also supplies the next state based on the current state and the actions taken using the
transition functiono, s Ho(s, @). In this studythe transition function is provided by the
vehicle model. The control problem is formulated into mathematical framework known
as a finite Markov Decision Process (MDP) (Bellman 1957) by defingh@.{r, R(S),

o(s,@)}. The key feature of an MDP is th&i be considered Markov, its current state
must be independent of previous states. This is so that for each visit to a state, the
software agent isigen a path independent rewar8ubsequent actions will result in new
states giving rise to different rewds.

The challenge of reinforcement learning is to determine the actions which result in
the maximum reward for every possible state, this state to action mapping is called the
optimal policy n* or the controller. For the current state, actions thatilten more
favorable future states lead to higher rewards. The favorability of a certain action given
the current state is known as t@eValue. As an agent experiences its environment, it
updates theQ-Value for each stataction €, a) pair it visits according to its
reinforcement learning algorithm. As it repeatedly visits everya), it updates the
policy so that the highest valued @) will dominate. The optimal policy is reached
when every stataction pair results in the highest reward fplass that is when th&-

Value function has been maximized. The convergence of this maximization process
requires that all states and actions be visited infinitely in order for estimat&svidlee
to reach their actual values. To ensure this conveegeriterion, policies leading tn*
are g-soft, meaning that there ise probability that a random actioor explorationis
selected. Therefore, all actions and states will be reacht—o. This process of policy
improvement is referred to as a reirdement learning algorithm. Specifically, Monte
Carlo reinforcement learning algorithms improve the policy using the averaged sample
returns experienced by the agent at the end of each episode (Sutton and Barto 1998).
The key to the process of improverhés the reward function which expresses the
desirability of being in a current state. It is the method of communicating to the agent the
task to be performed. The challenge of the designer is to be able to come up with a
reward function that capturesetiessence of the task so that learning can be achieved.
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3.2 Longitudinal Control

Simply stated, longitudinal control of a vehicle is to be able to follow another vehicle in
traffic without colliding into it. That is, the controller must maintain atredaspeed of

zero with the vehicle ahead while maintaining a fixed distance behind the forward
vehicle; this fixed distance will be referred toAx;. During the process of control, the
vehicle's relative speeds , = 7x_ — x and rangex , = ¢, — ¢, to the vehicle ahead

will provide feedback to the control system. FigliBsshows how multiple vehicle's are
linked to provide longitudiriacontrol for multiple vehicles.

Figure B shows the design of the control systemo tparalel control systems are
used, one for throttle control, and one for brake control. These two throttle and brake
controllers are a combination of a digital ProportieDativative (PD) controller fo¥,e,
and a digital Proportiondhtegral (PI) controllefor X.,.. The difference equation which
provides the throttle/brake commamgis shown below

n

1
<
m,=n_ + :pv(vn - 'n—l) + Aﬂ(vn _2Vn—1 + 'n—z) + {px(xn - (n—l) + [ixA Xn (22)

wheren is the current iteration of the control cyclds Ve, X iS X, @ndAT is the period
of the control cycle. Moreovek,,, kd,, ki, andki are gains that are functions of MDP
state variables,, s,, ands; as described in Tabte This allows simultaneous regulation
of the relative speed as well as the range while reducing the steady state range error
through the integal control of the range. The results of both the throttle and brake
controllers are fed into a logic element controlled by the d@is which decides
whether throttle control or brake control is to be used. InpghpEer Keastis set to 0.25;
that is throttle valuegessthan 0.25 utilize the braking system rather than coasting. The
logic for this element is shown below
if (throttle> )J)
cmd,e = throttleemd, . = ) 23
elseif (throttle< -K,,)
CMbye = )CMU,zye = )
else
CMbyoie = )CMA,zye = )

For a given operating point, there are eight parameters or gains which must be
provided in a lookup table or schedule. By formulating the control problem into a MDP,
the gain schedule can be learned using reinforcement learning. The episode is defined a
starting at the onset of a changeMr.; and ending whelVx = Vx_; or whenVx_; has
been changed. This follows the logic that when a new velocity is required, a set of gains
should be selected from the gain schedule and applied for the durathat cbmmand.

The goodness of a set of gains can therefore only be assessed once the command is
complete, thus the MDP is episodic in nature and the Monte Carlo ES reinforcement
learning agjorithm described in Figurellis used to learn the gain schedule.

The choice in the selection of states lies in the nonlinear nature of the throttle plant. At
different initial speeds the throttle responds differently. Therefore, the controller gains
will differ from a given initial speed to a final speed. In addititve distance required to
achieve this acceleration/deceleration which is reflected in the change in vehicle spacing
is also an independent variable for the gain schedule. These three parameters are used as
states (Tabld). The actions are the eighdlues which represent the gains used in the
digital control system (Tabl2).
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Table 1 States of the longitudinal MDP

State  Description Digitization Sets
S Vxo: initial vehicle speed {5, 10, 15, 20, 25, 30, 35, 40} m/s
S Vx_4: target vehicle speed {5, 10, 15, 20, 25, 30, 35, 40} m/s
S AX —Ax;: change in vehicle spacing  {-100,-90,-8 0, ¢é, 80, 9

Table 2 Actions of the longitudinal MDP

Action  Description Digitization Sets

Ar Kp: Throttle Proportional Gain (x) {0.1, 0. 2psx010B, ¢é
A Ki: Throttle Integral Gain (x) {0.01, O0.02nps=0100 3,
As Kg: Throttle Proportional Gain (V) {0.1, 0. 2nps010@, &
Ay Kip: Throttle Derivative GairfV) {0.01, 0. 02n_s=01000 3,
As K,: Brake ProportionaBain (x) {0.1, 0. 2np_s010@B, €
As Ki: Brake Integral Gain (x) {0. 01, 0. 02np_s=01000 3,
A, Kg: Brake Proportional Gain (V) {0.1, 0. 2npsx010B, ¢é
Ag Ki»: Brake Derivative Gain (V) {0. 01, 0. 02np_s=01000 3,

The reward functionwhich reflects the specification of the control problem is a
discrete function of the feedback variables, the current normalized relative speed and
normalized relative velocity of the vehicle and is expressed below.

RTotaI = {/ (Vrel ) + QX (Xrel ) (24)

<01 :
. el I:</(\/rell) = - If |Vrel I < )1
-1 if X, <0

rel

f1 if X
Rx(xrell) = L

For a given episode, the solution which maximizes the reward, or minimiz&g,thad
Vel Without colliding with the vehicle ahea&{ < 0) will be favoured. These favoured
solutions will be explored to determine the optimal solution.

4. Reinforcement Learning Experiments

The RL experimentobtain an optimal policyt* for the longitudinal control of the
vehicle. An experiment consists 00 episodes where = 0.25 of the e-soft greedy
policy for aparticular combination of the threstates. For each episqdbhe agent must
follow another vehicle placed ahead bfahich is travding at a constant speed. Once
the leadingvehicle has rezhed the end of the test track, the episode is complEte.
distance of the test track is dependent on the speed of the lead vehicle using the following
equation.

X = 1+ ).2V,g)x 000 m (25)

During eaclstep of arepisodea reward iggenerated24), this reward is accumulated
during the course of an episode to measuretmroller's tracking performanassing a
particular set of actionsSince it is possible to collide with the vehicle ahead duaimg
episode it would be beneficial if the rewdrwere averaged to reflect how far the vehicle
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made it during the course of the episode. Therefore, the average reward for the course of
the entire episode is provided by the following equation

>
r - B (26

Xinax ~ ‘final

Figure 14 shows the averageeward as the agent progresses through the learning
cycle for a particular state combination. The learning performance is similar for all
combinations. One can observe the steady increase in the average reward which
eventually reaches a plateau.

The leamed optimal policy is a collection of eight fowlimensional discrete
hyperspaces, one for each gain of the longitudinal controller; that is four for the throttle
controller and four for the brake controller.

[ Throttle Brake
|kpv(vf,v0,Axf = %) Ky (Vi Vo, A% = 1%,)

_ Ikdv(vf Vo Ay — o) Ky, (Vi Vo, AXy = 1Xg)
Ikpx(vf Vo Ay — o) K (Ve , Vg, AXy = 1Xg)
(K (Vi1 Vo, A%y = 3%) Ky, (Vi Vg, A%y = %)

(27)

v

5. Controller Performance Experiments

These experiments demonstrate the tracking performance of the optimal policy at
various operating points. Three control situations are shown which form the basis of
platoon maneuvers which allow vehicles to enter or exit formatidriee first of these,
shown inFigure 15 is speed control. e vehicle must reach a final speed of 2@
while maintaining a separation distance to the vehicle aheadraf 2& an initial speed
of 10 m/s, the vehicle immediately decelerates to creatan to accelerate to the higher
speed. At an initial speed of 30@'s the vehicle shows a negative range which means the
vehicle cannot maintain its separation distance as it slows down.

The second control situation is shownHFigures16 is referred to & negative range
control. The vehicle must move from an intehicle space of 1%n to 5 m while
maintaining a speed of 10, 20, and 8. The closing of the gap is accomplished
within 500m, with minimal velocity fluctuation and no overshooEigure17 shows the
third control situation, positive range control. The vehicle must move from an inter
vehicle space of 5m to 15m while maintaining a speed of 10, 20, amds30 In
opening the gap, the vehicle's velocity fluctuatkging the manoeuwe with some
overshoot in rangelhese experiments represent the basis for platoon maneuvers which
allow vehicles to enter into the new open space or to close the formation when a vehicle
has left.

6. Multi -Vehicle Performance Experiments

These experimentshow the operation of the control system within ae fivar
formation or platoon.Five control situations have been chosen to demonstrate the range
tracking performance of the optimal policy for each of the four follgwiehicles.

Figure 18 shows the esults of a five car formation moving at a constant speed of 20
m/s. In the first experimenthe intervehicle spacing is set torh between each car. At
time t = Os, Car 2is instructedo open the space in front to 1% The results shoar
2 overshooting the 1%n to roughly 22m, in 35 s the car has reached a steatiyte
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separation of 15n, the following cars reach the steashate by 70s. In the secondthe
inter-vehicle spacing is set to 15 m between each car. Attimeg €& 2is instructed
to close the space in front to 5 m. The results sB8aw?2 reaching 5min 10 s without
overshootthe following cars reach ®in 50s.

Figure19 shows the results of a five car formation trying to maintain constant spacing
while acceleratingr decelerating from 2fvs. Inthe first experimentthe intervehicle
spacing is set to 2 between each car. At time t =sQCar 1is to accelerate to 3/s.
The results show a close tracking of the velocity with the presence of oscillafibes.
second experimerghows the deceleration of the vehicle to s with an intervehicle
spacing of 15m. The tracking of the velocity is excellent.  Figu28 shows an
emergency stop situation with a firbinter-vehicle spacing. The tracking of the velocity
and is excellent with a very steep deceleration. All vehicles stop withdidireg into
the vehicle ahead.

7. Conclusions

In this paper the nonlinear nature of the vehicle dynamics is shown. Dime to t
nonlinearities present in the engine model, the transmission model, and the tire model a
complex nonlinear model results. From this, we conclude that linearization of the
longitudinal model may not be suitable for the entire operating range of ttedevelihe
linear controllers resulting from using a simplified linear model of the vehicle dynamics
in the design process may only be adequate for a particular operating point.

The use of a more accurate nonlinear vehicle dynamics model in the design process
should result in better nonlinear control systems for longitudinal control. In this paper, an
adaptive control system using gain scheduling is introduced whereby the gains a
learned using reinforcement learning. Even with a simple reward function, it is possible
for Monte Carlo reinforcement learning to converge upon an optimal policy within 300
episodes for a particular operating regime; therefore, the MDP properlytaesstire task
to be learned.

When the learned optimal policies are combined to provide an adaptive control surface
or a gain schedule, nonlinear control is achieved throughout the operating range. The
performance of the controller at specific operatingngsoshows accurate tracking of both
velocity and position in most cases. When the adaptive controller is deployed in-a multi
vehicle convoy or platoon, the tracking performance is less smooth. As the second car
attempts to track the leadesijght oscilations result This oscillation is passed to the
following cars, but as we move farther in the formation, the oscillations decrease,
implying stability. The performance of the adaptive controller in a rrehicle convoy
or platoon shows promise and fitg the basis of higher level platoon maneuvers.
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Figure 1 Schematic of the vehicle model
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Engine Efficiency Map (Ford 3.0L V&)

Volumetric
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Engine Speed (rads/s) 100 o5 mass airflow (kg/s)

Figure 2 Engine volumetric efficiencgurface

Transmission

Torque Converter Planetary Gear

Engine Pump | Turbine Train Drivetrain
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Figure 3 Schematic of transmissi@ystem (McMahon and Hedrick 1989)

Bakker-Pacejka Tire Model
‘Yokohama P205/60R1487H Steel-Belted Radials (ideal)

Longitudinal
Force (N)

= -
.u.ug\\ g
0.1 4000 Normal Force (N)
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Figure 4 Longitudinal forceslip for Yokohama P205/60R1487qtdeal x= 1.0)
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Figure 51997 Jeep Cherokee throttle step and brake step response (Salaani and Heydinger 2000)

Figure 6 AdamsCar andSimulationthrottle stepresponse

Figure 7 Adams Car an&imulationbrake step response

Figure 8 Adams Car an&imulationpoweroff response



