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Abstract
An intelligent controller is described for an automated vehicle planning its trgectory based on
sensor and communication data received. The intelligent controller is designed using a stochastic
learning automaton. Using the data received from on-board sensors, two automata (for lateral
and longitudinal actions) are capable of learning the best possible actions to avoid collisions. The
system has the advantage of being able to work in unmodeled stochastic environments. Computer
simulation is a way to test the effectiveness of the learning automata method because the system
becomes highly complex because of the presence of a large number of vehicles. Simulations for
simultaneous lateral and longitudinal control of a vehicle using this method provide encouraging
results. Multiple vehicle smulations are also given, and the resulting complexity is discussed. The
anaysis of the gdtuations is made possible by the study of the interacting reward-penalty
mechanisms in individua vehicles. Simple scenarios consisting of multiple vehicles are defined as
collections of discrete states, and each state is treated as a game of automata. The definition of
the physical environment as a series of discrete state transitions associated with a “ stationary
automata environment” is the key to this analysis and to the design of the intelligent controller.

The am isto obtain the necessary and sufficient rules for state transitions to reach the goal state.

1. Introduction

Growing traffic congestion and the number of traffic casualties are two of the most significant
surface transportation problems today. Furthermore, building additiona highways is becoming
increasingly difficult for both monetary and environmental reasons. One of the possible solutions
to the problem is the Automated Highway System (AHS). AHS will evolve from today’s roads,

and provide a fully automated “hands-off” operation at better levels of performance than today’s



roadways in terms of safety, efficiency, and operator comfort. The 1997 AHS demonstration
requested by the Congress will include lateral and longitudinal control, maintenance of position in
the roadway traffic flow, and lane changing, al in a collision-free automated driving environment.

Vehicle control is one of the most vital parts of the AHS research. Considering the
complexity of an AHS system, it is becoming apparent that the classical control methods are not
sufficient to provide a fully automated, collision-free environment. Precursor System Analyses of
the AHS indicated that artificial intelligence, especialy knowledge-based and learning systems,
could make a strong contribution to AHS?. Intelligent control is one of the important issues for
AHS research, although it is obvious that we might not solve the “whole problem” using asingle
method. An automated vehicle must be able to deal effectively with a large number of possible
traffic Situations. What is needed is a system that can handle situations unforeseen by the
designers. For this type of capability, severa artificia intelligence (Al) paradigms are emerging as
candidate solutions. While expert systems and knowledge-based planning® are effective, learning
methods are capable of discovering new situations and optimal responses using smulated
environments”.

Automatic vehicle control (AVC), as defined in AHS, will remove the driver as the source
of contral in the vehicle. This step will be an evolving consequence of the previous technological
progress. Therefore, in the early stages of AHS, not al vehicles will be equipped with this
technology. “Intelligent” and “non-intelligent” vehicles might have to coexist for some time. The
“intelligent” ones will have to plan their actions with respect to the other vehicles in the highway.
In this paper, we suggest an intelligent controller for an automated vehicle that plans its trgjectory

based on sensor and possibly communication data received from other vehicles.



The learning controller can be visualized as a part of the five-layer hierarchica control
architecture described by Varaiya®. The layers of this architecture, starting at the top, are network,
link, planning & coordination, regulation and physical layers. In this architecture, the planning
layer creates a plan that approximates the desired path. The regulation layer controls the vehicle
trgectory so that it conforms to this plan. Below the regulation layer, the physical layer provides
sensor data and responds to actuator signals.

Our intelligent controller is part of the planning layer, and it is based on an artificial
intelligence technique called learning stochastic automata. The aim is to design a system that can
learn the best possible action(s) based on the data received from on-board sensors and/or
roadside-to-vehicle communications. We visualize the intelligent controller of a vehicle as two
stochastic automata (one for lateral, the other for longitudina control) in a nonstationary
environment. The system will control the path of the vehicle in the automated highway in the case
of communication loss with the higher layer in the hierarchy and/or during the transition from
automatic to manual control. It may aso be used as the sole system for path planning. A learning
automaton system for vehicle control has the advantage of being able to work in unmodeled
dynamic environments, unlike adaptive control methods or expert systems that need “detailed”
information about the system. It is also possible to model driver and vehicle characteristics as a
part of the system.

The first attempt to solve the problem of real-time decison making in an automated
highway environment was made by Mourou and Fade®’. They described a “planning method
applicable to agents with perception and decison-making capabilities and the ability to
communicate with each other.” This work emphasizes the possibility of achieving a more flexible,

fast, and reliable reactive system by multi-agent planning methods and execution monitoring.



Recent research on intelligent vehicles includes an adaptive vehicle module for tactical driving
agorthims®. The system described by Sukthankar et al uses a number of modules whose outputs
are combined using a voting scheme. The population-based incremental learning (PBIL) method is
used to adjust the large number of parameters defining the behavior of the modules. The learning
algorithm for the parameters is a combination of evolutionary optimization and hill climbing, and
it is very smilar to learning automata reinforcement schemes except for the use of a mutation
factor for the action probabilities. The controller we describe here can be visudized as a
combination of intelligent modules at the tactical level. However, instead of learning the
parameters affecting the firing of an action in repeated runs, learning automata learn which action
to fire based on the local sensor information. In other words, the learning is not at the design
phase, but at the run phase. Another approach to intelligent vehicle navigation uses a decision-
theoretic architecture with probabilistic networks®. This work considers the combination of
dynamic decision networks with a decision treg, i.e., if-then rules where each predicate is actually
a complex set of probability thresholds on specific variables. It is similar to the previous work
mentioned above in the sense of firing actions. Similarly, Niehaus and Stengel defined a rule-based
navigation system that uses worst-case decision making (WCDM) approach. Again, a stochastic
model of the traffic situation based on sensor measurements is assumed’.

Here, instead of learning the parameter/behaviors/firing rules for the best actions for
achieving a safe path, the controller learns the action in rea-time. In that sense, the decision to
fire an action is never taken at exactly the same time for similar conditions. Furthermore, there are
no “prescribed conditions’ for actions. The parameters that define the learning process of the
stochastic automaton, as well as the sensor parameters defining decision ranges (see Section 3.2),

can be learned too using methods similar to ones described above. The idea of defining a “fixed’



structure to be utilized to find the optimal action has its own appeal, since the performance of the
system is deterministic in the sense that the best action to be taken for a specific situation is
known. However, even a good driver does not follow rules deterministically. In this sense, the
learning automata approach is able to capture the dynamics of the driver behavior. A rule-based
system, athough known to perform well in many situations, has the disadvantage of requiring
extensive modifications, even for a minor adjustment. Furthermore, such systems cannot handle
unanticipated situations®.

Simulation is a way to test the effectiveness of the learning automata method because the
system becomes highly complex because of the presence of a large number of vehicles. The
overal system is hybrid because the vehicle dynamics are continuous, and the control/decision
mechanism is usualy a discrete system. The design and analysis of such systems are very difficult,
and a rapidly growing research area®'®"*. In this paper, however, we have smplified the vehicle
dynamics to smple Newtonian differential equations, and assumed discrete speed changes. Our
primary aim isto study the feasibility of the learning techniques for intelligent control.

When the single vehicle smulations are extended to multiple vehicles interacting on a
highway, complications arise. We will discuss the interaction of multiple automata and the need
for more complex behavior rules for the vehicles. Furthermore, we attempt to model simple
highway scenarios with discrete state transitions, and with games of learning automata at every
discrete state. The learning schemes and the reinforcement rules for the automata guarantee that
a every given dtate, lateral and longitudinal automata will converge to the optimal action(s).
Therefore, we may anayze the behavior of the vehicles by studying the state transitions, and may
find rulesto ‘force’ the vehicles/automata to perform the necessary state transitions to reach their

goal state.



In the next section, we will introduce the learning automata and related definitions.
Section 3 describes our application of learning automata to intelligent vehicle control. Simulation
results for a single automated vehicle are given in Section 4. The treatment of multiple intelligent
vehicles as games of interacting automata and the resulting ssimulations follow in Section 5. A

discussion of results, improvements and further research concludes the paper.

2. Learning Automata

Classical control theory requires a fair amount of knowledge of the system to be controlled. The
mathematical model is often assumed to be exact, and the inputs are deterministic functions of
time. Stochastic control theory, on the other hand, explicitly considers the uncertainties present in
the system, but assumes that the statistical characteristics of the uncertainties are known.
However, all those assumptions on uncertainties and/or input functions may not be valid or
accurate. It is therefore necessary to obtain further knowledge of the system by observing it
during operation, since a priori assumptions may not be sufficient.

It is possible to view the problem as a problem in learning. Learning is defined as a change
in behavior as a result of past experience. A learning system should therefore have the ability to
improve its behavior with time. As defined by Narendra and Thathachar, “in a purely
mathematical context, the goal of alearning system is the optimization of a functional not known
explicitly™.” The idea behind designing a learning system is to guarantee robust behavior without
the complete knowledge, if any, of the system/environment to be controlled. A crucial advantage
of reinforcement learning compared to other learning approaches is that it requires no information
about the environment except for the reinforcement signal™**. A reinforcement learning system is

dower than other approaches for most applications because every action needs to be tested a



number of times. For a satisfactory performance, either the learning process must be much faster
than the environment changes, or the reinforcement learning must be combined with adaptive
forward model that anticipates the changes in the environment.

The stochastic automaton attempts a solution of the problem without any a priori
information on the optima action. One action is selected at random, the response from the
environment is observed, action probabilities are updated based on that response, and the
procedure is repeated. A stochastic automaton acting as described to improve its performance is
caled alearning automaton.

This learning process can be examined from two different points of view™. It can be
thought of smply as an attempt to find the best solution. In case of failure, the attempt is not
rewarded (or is penalized). Thisview of learning is not very attractive. On the other hand, the trial
and error method is important in gathering information necessary to achieve optimal action.
Choosing non-optimal actions to gain information improves the long-term performance while
resulting in temporary penalty responses from the environment. Learning automata is one of the
successful examples of such methods.

The first learning automata models were developed in mathematical psychology. Early
research in this area is surveyed by Bush and Mosteller™® and Atkinson et al.'’. Tsetlin®®
introduced deterministic automata operating in random environments as a model of learning. Fu
and colleagues were the first researchers to introduce stochastic automata into the control
literature™.  Recent applications of learning automata to real life problems include control of
absorption columns® and bioreactors”™. Recent theoretical results on learning agorithms and

techniques can be found in recent |EEE Transactions™ % and in Najim-Poznyak®. Here, we will



describe the use of learning automata as an intelligent controller for vehicle path planning in
unmodeled traffic.

2.1. Learning Paradigm

The automaton can perform a finite number of actions in a random environment. When a specific
action a is performed, the environment responds by producing an environment output b that is
stochastically related to the action (Figure 1). This response may be favorable or unfavorable (or
may define the degree of “acceptability” for the action). The aim is to design an automaton that
can determine the best action guided by past actions and responses. An important point is that the
knowledge of the nature of the environment is minimal. The environment may be time varying, the
automaton may be a part of a hierarchical decision structure but unaware of its role, or the
stochastic characteristics of the output of the environment may be caused by the actions of other
agents unknown to the automaton.

The input action a(n) is applied to the environment at time n. The output b(n) of the
environment is an element of the set b = {0,1} in our application. There are several models
defined by the output set of the environment. Models in which the output can take only one of
two values, 0 or 1, are referred to as P-models. The output value of 1 corresponds to an
“unfavorable” (failure, penalty) response, while output of O means the action is “favorable.”

The environment where the automaton “lives’ is defined by atriple {a, c, b} wherea is
the action set, b represents a (binary) output set, and c is a set of pendty probabilities (or
probabilities of recelving a penaty from the environment for an action). Each element c¢;
corresponds to one action a; of the action set a. The response of the environment is considered to
be a random variable. If the probability of receiving a penalty for a given action is constant, the

environment is caled a stationary environment; otherwise, it is nonstationary. The need for



learning and adaptation in systems is mainly due to the fact that the environment changes with
time. Performance improvement can only be a result of a learning scheme that has sufficient
flexibility to track the better actions. The aim in these cases is not to evolve to a single action that
is optimal, but to choose the actions to minimize the expected penalty. For our application to
intelligent vehicle control, the (automata) environment is nonstationary since the physical
environment around the vehicle changes.

The main concept behind the learning automaton mode! is the concept of a probability
vector defined (for P-model environment) as p(n):{pi (1 {01} pi(n) =Prla(n :ai]}

where a; is one of the possible actions. We consider a stochastic system in which the action
probabilities are updated at every stage n using a reinforcement scheme. The updating of the
probability vector with this reinforcement scheme provides the learning behavior of the automata
2.2. Reinforcement Schemes

A learning automaton generates a sequence of actions on the basis of its interaction with the
environment. If the automaton is“learning” in the process, its performance must be superior to an
automaton for which the action probabilities are equal. “ The quantitative basis for assessing the
learning behavior is quite complex, even in the smplest P-model and stationary random
environments™." Based on the average penalty to the automaton, several definitions of behavior,
such as expediency, optimality, and absolute expediency, are given in the literature.
Reinforcement schemes are categorized based on the behavior type they provide, and the linearity

of the reinforcement algorithm. In genera terms, a reinforcement scheme can be represented as:

p(n+1) =T[p(n),a(n),b(n)]

where T isa mapping, a is the action, and b is the input from the environment. If p(n+1) is a

linear function of p(n), the reinforcement scheme is said to be linear; otherwise it is termed



nonlinear. Early studies of reinforcement schemes were centered mostly on linear schemes for
reasons of anaytical simplicity. In spite of efforts of many researchers, the general algorithm that
ensures optimality has not been found®. Optimality implies that action a,, associated with the
minimum penalty probability ¢, is chosen asymptotically with probability one. Since it is not
possible to achieve optimality in every given situation, a suboptimal behavior is defined, where the
asymptotic behavior of the automata is sufficiently close to optimal case.

A few attempts were made to study nonlinear schemes™®?’. Generdization of such
schemes to the multi-action case was not straightforward. Later, researchers started looking for
the conditions on the updating functions that ensure a desired behavior. This approach led to the
concept of absolute expediency. An automaton is said to be absolutely expedient if the expected
value of the average penalty at one iteration step is less than the previous step for all steps.
Absolutely expedient learning schemes are presently the only class of schemes for which necessary

and sufficient conditions of design are available® ?’. The agorithms we generaly use in our
simulations are (a) linear reward-penaty scheme with unequal learning parameters LlR_ p and (b)

a nonlinear absolutely expedient reinforcement scheme NLy. Detailed descriptions of these
schemes will be given in Section 3.
2.3. Automata and Environment

The learning automaton may also send its action to multiple environments at the same time. In
that case, the actions of an automaton result in a vector of feedback values from the environment.
Then, the automaton has to “find” an optimal action that “satisfies’” all the environments (in other
words, al the “teachers’). In a multi-teacher environment, the automaton is connected to N
separate teachers. The action set of the automaton is of course the same for all

teacher/environments. Baba discussed the problem of a variable-structure automaton operating in
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multi-teacher (stationary and nonstationary) environments>’. Conditions for absolute expediency
are given in his work. (Our initial nonlinear reinforcement scheme was an adapted version of the
agorithms described by Baba’".)

Some difficulties arise while formulating a mathematical model of the learning automaton
in a multi-teacher environment. Since there are multiple responses from the environment, the
guestion of how to interpret the output vector b(n) is important: Are the outputs of different
teachers to be summed after normalization? Can we introduce weight factors associated with
specific teachers? If so, how? The elements of the output vector must be combined in some
fashion to form the input to the automaton. A straightforward method is to define the input to the
automaton as a weighted sum of all outputs where weight factors attached to each teacher output
must be chosen in order to guarantee that the combined response is in the defined range (for the

S-model where the environment response b(n) T [0,1] ). In this application, since the environment

is P-model, teacher responses are combined using an OR gate, which forces the system to satisfy
al the teachers smultaneously. However, due to safety and other reasons described later, the
finalized function for the combined response includes conditions in which one teacher response

inhibits the other as we discuss later in Section 3.2.

3. Learning Automata as an Intelligent Controller

Our approach to the problem of vehicle control makes use of learning automata techniques
described in the previous section. We model the path controller of an intelligent car as a pair of
automata in a nonstationary environment. The aim is to design an automata system that can learn
the best possible action(s) based on the data received from on-board sensors. Vehicle-to-vehicle

and roads de-to-vehicle communications will be future extensions. The significance of this system
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is that the learning automata method we define will be useful as a backup system (or the only
system in a homogeneous traffic network in the near future) in controlling the path of a vehiclein
the case of communication loss with the higher layer in the hierarchy, as well as during the
transition from automated control to manual vehicle operation.

3.1. The model

Our basic model of the planning/coordination layer for lane changing and speed control of a
vehicle is shown in Figure 2. The automata that constitute the decision structure have three
actions each: stay-in-lane (the “idle” action/state), shift-to-right (lane), shift-to-left for latera
control (SIL, SR and SL), and accelerate, decelerate and same-speed for longitudinal control
(ACC, DEC, SM). Initially, we assume that there are four types of sensors (front sensor, right
sensor, left sensor and speed sensor) that provide data. Each sensor block-decision module pair is
actualy a “teacher” in a nonstationary environment (vehicle-to-vehicle and roadside-to-vehicle
communications, as well as afeedback connection from the regulation layer, are possible additions
as additional “teachers.” In Section 5, we will give examples of such information sources). The
response of the environment is then a combination of the outputs of all four teachers, as discussed
in section 3.2. The mapping F from sensor block outputs to the input b of the automaton can be a
binary function (for a P-model environment), a linear combination of five teacher outputs, or a
more complex function % as is the case in this application. An “idea” automaton model would
use a linear combination of teacher outputs with adjustable weight factors (e.g., S-model
environment). The function F is explained in detail in the next section where we discuss the simple
Sensor models.

Using the method and the reinforcement scheme described in Section 2.1 and 2.2, the

learning process is given as follows:
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Step 1. Choose an action, a (n) =a, based on the action probability vector p(n).

Step 2. Read environment responses b, (n) from the sensor modules.

Step 3. Compute the combined environment responses f,,. and f ., using the

mapping function F.

Step 4. Update action probabilities p(n+1) = r(p(n))where r(.) is the predefined

reinforcement scheme.

Step 5. Go to step 1.

It is important to differentiate between the “automaton environment” and the “physica
environment.” The action a of the automaton is a signal to the regulation layer that defines the
current choice of action. It is the regulation layer’s responsibility to interpret this signal. When an
action is carried out, it affects the physical environment. The teachers/sensors in turn sense the
changes in the environment, and the feedback loop is closed with the signal b.

The discussion of nonstationary environments is based on the changing penalty
probabilities of actions. In this application, the action probabilities in the learning automaton
environment are functions of the status of the physical environment (e.g., a vehicle in front will
result in a penalty response from front sensor/teacher if the chosen action is stay in lane or
accelerate). The redlization of a deterministic mathematical model of this physica environment
would be extremely difficult.

3.2 Sensors and Teacher Blocks

The four teacher blocks listed above are actually simple decison modules that calculate the
penalty response associated with the corresponding sensor, based on the chosen action. Tables 1
and 2 describe the output of the decision blocks for front and side sensors. Asseenin Table 1, a

side sensor block returns a penalty response (‘1') to the lateral automaton if there is a vehicle in
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the right/left lane (the range of this side sensor is defined by two parameters sr; and sr;; see
Figure 3) and the current action is “shifting to the right/left lane”. A reward is returned for other
lateral and al longitudinal actions.

We assume that the front sensor is capable of providing the headway distance, and that we
can calculate the rate of change of the headway distance to the vehicle in front by comparing two
consecutive sampling values. If the sensor ‘sees a vehicle at a very close distance (< d;), or the
vehicle in front is close and approaching, a penalty response is sent to actions stay-in-lane (SiL),
accelerate (ACC), and same-speed (SM). All other actions (shifting lane or decelerating) may
serve to avoid a collision, and therefore, would be “encouraged.” If the vehicle in front is not too
close (i.e., the distance to the vehicle in front is greater than d;, but less than d,) and is not
approaching, the response from the front sensor is favorable, except for the action ACC. The
same response is vaid for headway distances greater than d,. All the sensor limits as well as the
sensor range fsr are predefined.

For example, consider the situation shown in Figure 3 where the controlled vehicle's left
and front sensors detect vehicles, and the vehicle in front is slower than the controlled vehicle. If
the current automata actions are shift-to-left (SL) and accelerate (ACC), the lateral action SL will
receive a pendty from left sensor (see Table 1), and the longitudinal action ACC will receive a
penalty from the front sensor because of the approaching vehicle (See 2™ column of Table 2).

Table 3 gives the penalty definitions for the speed decison module. The value dev is
defined as the difference between current speed and the desired speed. A penaty response is
received only by longitudinal actions if the absolute difference between the actual and desired
speeds is larger than a predefined value ds. Lateral actions are not affected by the speed sensor

block.
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The values of the limits d;, d, and ds define the capability of the sensors as well as the
“behavior” of the vehicle, i.e., the senstivity to the headway distance and to the speed
fluctuations. The fifth block in Figure 2 that represents the evaluation of vehicle-to-vehicle and/or
roadside-to-vehicle data, is not fully defined. The importance of this block is that the global
characteristic of the data received from the roadside and other vehicles should be used to solve
some of the problems in the lane changing maneuvers in order to obtain a more optimal path. For
example, in the case shown in Figure 3, the action SL will receive a penalty response, athough it
is one of the two actions to avoid a collision (the other one is Decelerate). Using the present
algorithm, the vehicle decelerates in a situation like this, and the speed of the vehicle may drop
below the desired lower speed limit. The mapping F forces it to avoid collision. As seen in Figure
4, areward for action DEC inhibits penalty for action SIL (indicated by ‘*’ in Table 3) .The data
received from a higher level in the control structure can be used to suppress the penalty response
of the left sensor block (provided that the result is not dangerous). We expect our designed
automata and multi-teacher environment to guide the vehicle without collision using the learning
algorithm described in the next section.

The mapping F shown in Figure 2 is described in detail in Figure 4. The outputs of this
mapping function are the feedback signals to the lateral and longitudinal automata (f_at, and fing).
There are two conditional rules added to the OR-ed feedback signals for lateral and longitudinal
automata. The first rule checks if the output from the headway module conflicts with the sensor
module for the longitudinal action decelerate. When the headway is relatively small and
decreasing, the action DEC is the optimal action no matter what the speed module returns.
Therefore, a reward response from the headway module must inhibit a penalty response from the

speed module for deceleration. The second rule is designed to discourage unnecessary lane
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changes. Even if the front sensor indicates an approaching vehicle, the penalty response is
inhibited by a reward response for longitudina actions. For example, if the vehicle is decreasing
its speed to avoid a collision with the vehicle in front, lateral action stay-in-lane does not receive
a penaty from the headway module provided that the headway distance is not less than d; (See
Table 2).
3.3. Learning algorithms and the Environment Feedback
Besides the standard linear reinforcement schemes™, we have used two new reinforcement
schemes for this application. The first oneis alinear reward-penaty scheme with unequal learning
parameters®®. The second scheme is a nonlinear learning algorithm and is similar to the one given
by Baba®’ except an additional term that is needed for fast convergence as we explain below®.
Here, we will introduce these schemes, and describe their behaviors under certain conditions.
Suppose the action of the automaton chooses the i action a(n) at time step n with
probability pi(n), and the environment response is b(n) = fing(n) or b(n) = fiar(n). Then, the
following genera linear updating scheme is used to calculate the new values of the action
probabilities:

ip(n+D = p(n)+a1l- p,(n)] if b(n) = 0

ip,(n+1) = (1-a)xp,(n) foralj?i

(1)
"tpi(n+1) = (1I)b) xp; (n) if b(n) =1
-'T-p,.(n+1) = —7+(-D)xpy(n) foraljti

where a and b are red-vaued learning parameters associated with reward and penalty

respectively. These parameters are defined as positive to keep their reward/penalty characteristics,

and less than 1 to guarantee the condition é p;(n) =1 for &l n.
i=1
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The agorithm we use is called the linear reward-penalty scheme with unequal parameters,
L., Where a and b are different. In the case where a > b and there is only one action with zero
probability of penalty c.,: = O, this algorithm is guaranteed to reach the pure optimal strategy, i.e.,
the probability of the “optimal” action reaches 1. An automaton using such a learning scheme is
said to be expedient and optimal*®,

For an automaton with action a(n) at time n, the nonlinear learning scheme is may be

defined as:

1P (n+1) = p(n) - b(n) X >q>H(n)>{1- p,(n)]+[1- b(n)]>q{1- p,(n)]

i (2
fp;(n+1) = p;(n) +b(n) >k >qxH(n) xp; (n) - [1- b(n)]>qxp;(n) foralj*i
where learning parameters k and g are real vaues and satisfy:
0<qg<l1 O0<kg<l1 3

the feedback b(n) is the output of the function defined in Fig. 4, and the function H is defined as:

o iba € p(n) Wl
H(n) mln}:\l maxgkq(l-—pl(n)) e, O% (4)

Parameter e is an arbitrarily small positive real number. Also note that the function H includes p;
which is the action probability corresponding to the current action. This reinforcement scheme is
shown to satisfy all necessary and sufficient conditions for absolute expediency® for a stationary
environment. An automaton using this scheme is guaranteed to “do better” at every time step than
at the previous step. The choice of the function H is due to the convergence issue as well asto the
conditions on absolute expediency. This nonlinear algorithm defined here is found to converge to
the “optimal” action faster than previously defined nonlinear schemes, especially when the actions

receiving penalty from the environment have high probability values®.
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The physical environment in this application (the highway) is of course changing with
time. However, since the update rate for action probabilities is high (25 Hz or more), the
automata environment can be considered as stationary. For a physical environment that does not
change quickly, the automata would be capable of finding the necessary action by a learning
process that does better at each time step. Here, the reinforcement scheme updates the probability
values so that the expected value of the total penalty received from the environment decrease at
each iteration.

To smooth the system output, the regulation layer carries out an action if it is
recommended m times in the last k iterations where k corresponds to the total number of iterations
in one second. Whenever m locations of this vector/buffer are filled with the same action, the
action is fired. When an action is carried out (e.g., shifting lane), the action probabilities in the
controlling automaton are re-initialized (if linear scheme is used) to 1/r wherer is the total number
of actions for an automaton. The value m corresponds to processing speed. Therefore, the
regulation layer executes and action if it is sent consecutively over aperiod of 1sec.

More continuous regulation layer modeling is of course possible, but not considered here.
A more redlistic model would include delays, because the regulation layer cannot perform actions
requested by the planning layer instantaneoudly. Our am here is to introduce an intelligent vehicle
control model based on learning. For lateral actions, we have assumed a lane transition interva
which guarantees a lateral acceleration less than 0.5g. For longitudinal actions, the fact that the
controlled variable is the headway distance, but not the speed enables us to employ this smple
regulation layer model.

A minimum processing speed of 25, and a maximum of 200 iterations per second are

assumed. Thisisrelated only to computation; the sensor data feeds have a different (and constant)
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rate. This value is much slower than the limit of 200 Hz that is considered in current AHS

research™.

4. Simulation Results

The simulations were written and run on Matlab® (Figure 5). The program can be run in Matlab
version 4.2 or higher. Graphic user interfaces are designed on a Sun® workstation running Solaris
2.4® and OpenWindows®, but they can be displayed on any platform running Matlab with minor
cosmetic changes in the GUI subroutines.

During a simulation run, sensor outputs are evaluated and action decisions are made at
each iteration step. Then, those actions are carried out for each automated vehicle on the
highway. Sensor modules and flag structures are implemented as subroutines that take the vehicle
index and return the corresponding output. If the vehicle is not automated, no output is generated;
the vehicle position is updated according to predefined speed and lane parameters. Learning,
decision (planning), and regulation subroutines work similarly. When evauations are complete,
the highway environment is updated. The main program repeats the loop until the final time step is
reached or the program is interrupted by the user.

The learning parameters, learning algorithm, processing speed and memory vector sizes
cannot be changed during the simulation run. Other parameters such as current vehicle speed,
desired speed, current vehicle lane, desired lane, permitted speed variations, as well as other
display parameters, can be changed during the simulation run. The command line interface can
also be used to change parameters before starting the run; it aso displays severa parameters

and/or actions during the simulation (Figure 5). The control structure we introduce here is
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incorporated in the Dynamic Visua Micro/Macroscopic Traffic Simulation (DYNAVIMTYS)
package as part of the planning layer simulator®.

In the following sections, we will first give results of sample runs for the model described
in the previous section. Severa additions to the control model based on the results of our initia
simulation runs are then described. The vehicles travel left to right on a 500m straight highway
segment with annular topology: a vehicle leaving the segment from the right enters it from the
left. The number of lanes and the length of the highway is adjustable. The results are given by
plotting the relative positions of all vehicles: all vehicles except one are plotted in their relative
positions with respect to the vehicle that is assumed to be “followed by the observer’'s eye’
(Figures 6, 9 and 10). In some cases, snapshots of the smulations are given. In these plots, the
traffic moves left-to-right, and the vehicles in question are indicated with different gray tones
(Figures 11, 13, 15 and 17).

4.1 Single Autonomous Vehicle in Mixed Traffic

Our first smulation shows the behavior of the single automated vehicle in mixed traffic. As seen
in Figure 6, the vehicle (third vehicle from left) travels with 28 other vehicles cruising a a
constant speed of 80 kmh. The desired speed for this automated vehicle is 86kmh. Sensor limits

dy, dy, fsr, sry, sr, are 10, 20, 30, 10, and 10 meters respectively. The linear learning schemelL,,

with a = 0.15 and b = 0.10 is used. The length of the memory vector is set to 1lsec for
longitudinal, and 0.5sec for latera actions. All other vehicles are traveling at constant speed, and
cannot change lanes.

The vehicleis initially in lane 3 (third from the bottom), traveling at 86kmh. It eventually
decreases its speed and shifts to lane 2 (left) due to the presence of a low-moving vehicle (t =

14sec). It then increases its speed to 86kmh until it *senses’ another slow-moving vehicle in front
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(the fluctuations in speed are due to the fact that al longitudinal actions receive reward when the
vehicle speed is in the desired range). Due to the penalty response from the headway module,
vehicle speed decreases again, athough not fast enough. Thus, the lateral action SIL receives a
penalty from the front sensor and the vehicle shifts lanes again at approximately t = 72sec (Figure
7). At this point, both SL and SR are possible lateral actions, since the vehicle uses only loca
data from its sensors. The probabilities of both actions reach 0.5. The regulation layer chooses the
single action that occupies the most locations in the memory vector. As seen in Figure 6, the
choice is wrong because the vehicle eventually gets stuck in the pocket in lane 1. The vehicle is
able to low down in order to keep a headway distance between d, and fsr. However, the penalty
response from the speed module for action decelerate makes it impossible for the vehicle to sow
down and “escape’ from the pocket.

Since all other vehicles are traveling a constant speeds, and the inter-vehicle
communications are not established, the only solution to this problem is to slow down and shift
left twice to lane 3. For this, it is necessary to devise a system to force the vehicle to sow down
and shift to the desired lane. A new module for lane sensing is defined (Figure 8). Assuming that
the vehicle is capable of sensing its current lane and receiving/computing the desired lane, the lane
module keeps track of the time to reach the desired lateral position. If the time interval in the
undesirable lane is more than a predefined value, aflag is set. Thisflag is used by the speed sensor
to adjust the desired speed value. Currently, we smply decrease the desired speed by a predefined
amount (which can be a function of the speed of the vehicle in front and/or the automated
vehicle). This smple addition shows the difficulty of obtaining “optimal behaviors’ for vehicles
using only local information. Higher level hierarchy intervention is necessary for optima path

decisions.
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4.2 Multiple Autonomous Vehicles

Our second example uses the new lane sensing module defined above as well as another module
we cal the “pinch module.” Just like a driver who checks his rearview mirrors and looks to his
side before shifting lanes, it isimperative for an automated vehicle to make sure that the next lane
isnot “claimed” by another vehicle. This problem occurs when two vehicles one lane gpart shift to
the same spot in the lane between them. Besides the side sensors returning local data, vehicles
“ggnaling” to shift lanes must be checked in order to make sure that a pinch condition does not
occur. In the simulations we use the memory vector to check for other vehicles intention to shift
lanes. If the number of memory locations containing SR or SL is more than half the size of the
vector for that vehicle, it is assumed that the vehicle is likely to shift lanes. This corresponds to a
signaing vehicle, vehicle-to-vehicle communications indicating intended actions, or a roadside-to-
vehicle communication relaying the positions of the vehicles (Figure 8).

Figure 9 shows the relative trgjectories of 24 vehicles in a 4-lane highway (the first vehicle
on the left is taken as the reference, and all other vehicle positions are plotted relative to that in
time). Initialy, al vehicles are in the third or fourth lane (gray color). The desired lane for all
vehicles is the second lane. In the first 6 seconds, al vehicles move to the second lane. However,
although the desired speed for all vehiclesis the same, the speeds are initidly distributed randomly
around the desired value, and they change during the smulation (as seen in Figures 9 and 10).
After t = 6sec, some of the vehicles (numbers 15 and 18; see Figures 10 and 11) change lanes to
avoid a callision. As seen in Figure 10, once they shift lanes, they are unable to return to the
desired lane since the gap between vehicles decreases. Four seconds later, the lane modules set
the flags for the speed modules to adjust the desired speed values. Both vehicles decrease their

speeds (Figure 12), and then are able to find a gap in the second lane and shift to that lane.
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Immediately after the shift, their speeds increase (Figure 12). Snapshots of this smulation are
givenin Figure 11. Vehicles 15 and 18 are indicated with darker gray tones.

Once dl the vehicles are in the desired lane, they adjust their speeds to maintain the
headway between the desired values (d, and fsr). Figure 13 shows the snapshots of such a
scenario. Fifteen vehicles with random headway and speed values are able to form a “platoon”
with desired speed and spacing. As seen in Figure 14, the speeds and the headway distances reach
the desired values after approximately 1min. The convergence to the desired values depends on
the update rates and the learning speed of the automata as well as the physical constraints. The
desired speed is 83kmh, predefined headway sensor limits are d; = 11m, d, = 15m, and fsr =
20m (shown in Figure 14).

Note that only current lane detection is needed for the lane changing behavior described in
this section. Simply adjusting the speed may be sufficient for a vehicle to shift to the desired lane
without any higher level hierarchy intervention. More examples of multiple autonomous vehicles
situations can be found in arecent work by the first author™®.

There are many parameters affecting the behavior of an automated vehicle. It is obvious
that the learning would be faster for larger learning parameters and faster processing speeds. Also,
a short memory vector results in faster action firing, thus creating a more agile vehicle. The length
of the memory vector can be taken down to 1 for longitudinal actions provided that the speed
changes are continuous. For lateral actions, there is a minimum for the length of the memory
vector since continuous lane changes are not desired. Vehicle separations in a platoon are found
to be more uniform for larger memory vectors. However, there is a tradeoff between uniform
inter-platoon distances and the stability of the responses. More uniform vehicle separation is the

result of quickly changing vehicle speeds.

23



Sensor ranges are also important factors in vehicle behavior. By increasing the region
around the front sensor range d,, it is possible to obtain steady-state speeds in a very short
amount of time. Sensor ranges, especially those related to headway measurement, must be
carefully adjusted to avoid collisons and oscillatory responses. Detalled smulation results
showing effects of the learning parameters, sensor ranges, and memory vectors can be found in
the above mentioned work®. Adjusting sensor parameters can be thought of as another level of

learning where the methods described by Sukthankar et al can also be used”.

5. Multi-Vehicle Path Coordination using Automata Games

In previous sections, we introduced an intelligent control method for autonomous vehicle
navigation and path planning. The decision system uses mostly local information, and as a resullt,
the actions learned by the controller are not globally optimal; the vehicles can survive, but may
not be able to reach some of their goals. To overcome this problem, we visualize the interaction
between vehicles as sequences of games played between pairs of automata. Every game
corresponds to a “state” of the physica environment as described below. By evaluating these
games, it is possible to design new decision rules, and analyze the interactions by predicting the
behavior and position of each vehicle. The additional modules given in Figure 8 are actually the
results of the approach describe here.

In order to find the necessary modules and decision factors for autonomous vehicles, we
define a “game’ of automata. We know that for a given physical situation, the longitudina and
lateral automata will converge to the optimal action provided that the update rate is fast enough.
Consider the situations shown in Figure 15. Defining a game matrix for this “2-person non-zero

sum” game, we can guarantee that both automata in both vehicles will converge to an optimal
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action pair. It has been shown that for two automata using the linear reward-penalty scheme with
a > b, the system will asymptotically reach a unique equilibrium for a zero-sum game®.
Furthermore, it is possible to extend the same result to N-person non-zero sum games'.

Using the modules described in previous sections, it is possible to define a 2-person non-
zero sum game matrix for all situations in Figure 15. For example, for Situation A2, the game
matrix is given in Table 4. All payoffs are binary, and this constitutes a non-zero sum, unidentical
payoff game. It is assumed that the vehicles are aready cruising at the desired speed (steady-
state). Each sguare in the matrix is separated into lower and upper triangles, to show the
environment responses for vehicle 2 and 1 respectively. A dark triangle indicates a penalty
response while a white triangle corresponds to reward. From this game matrix, we can deduce
that only idle actions (SM and SiL) for both vehicles, and SR for vehicle 2 are permitted, i.e.,
white rectangles indicate equilibrium points in the game matrix. (Note that it is possible to
combine the four squares in the middle of the matrix into a single idle action.) From this matrix,
we find that vehicle 2 may shift right or keep its present lane while both vehicles keep their
speeds. These actions correspond to transition A2® A1 and no transition respectively.

Consider a scenario where vehicle 1 isin the leftmost lane (lane 3), and vehicle 2 isin the
rightmost lane (lane 1). Then assume that the first vehicle needs to shift to lane 3 while the other
attempts to shift the lane 1. If they are cruising at the same speed and have the same latera
position, the “game” is at state A1. Thisand al other possible states are given in Figure 15 as well
as the state transition diagram. Depending on the first few actions chosen by the vehicles, they
may stay at their initial lanes (due to a penalty from the pinch module; no transition), or one of

them may shift to the middle lane (A1® A2 or A1® A3). Without alane sensing module described
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in the previous section, the game ends there. Otherwise, the vehicles will slow down or speed up
in order to shift lanes.

Two example runs are shown in Figures 16 and 18. These are two of the many possible
state transitions to reach the desired state (or states; Al, B1, or C1). Also note that al the states
shown in Figure 15(a) have two substates: the positions of the vehicle are switched to obtain the
second possible substate. Figures 17 and 19 show the speed and latera positions of the vehicles
during the simulation. States are also indicated in the figures. The transitions during these two
example runs are also marked in Figure 15(b).

Highway scenarios for three or more vehicles can also be defined as state transitions;
however in this case, the number of states and therefore possible transitions is much larger than a
smple two-vehicle scenario. However, multiple vehicle scenarios can be considered as a
superposition of multiple simultaneous two-vehicle interactions®. Consider the situation in Figure
20. The speed and lateral positions of the vehicle are the same, and their desired lane parameters
create a conflict. Similar to the first scenario, the solution to the problem lies in changing the
relative speeds of the vehicles. Again, the lane flag is used to decrease the speeds of vehicles 1
and 2 to a smaller value than that of vehicle 3. Figure 21 shows some states of this three-vehicle
scenario, and possible transition from initial state to a solution state. The relative positions of the
vehicles are shown in a smplified matrix form where each row corresponds to a lane, and each
square illustrates a road section that falls into the side sensor range of an automated vehicle. Not
all possibilities are considered; only the situations that are of interest for this specific scenario are
listed. Dark sgquares indicate the presence of avehicle.

The key transition leading to a solution of the conflict is the first one (Figure 21) where

vehicles 1 and 2 dow down and move away from the side sensor range of vehicle 3. All other
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trangsitions are automatic under current circumstances. For the first transition, the lane flag needs
to be set for at least one vehicle (if it is vehicle 3) breaking the symmetry. The problem and the
solution for this case is smilar to the two-vehicle situation. This is not a coincidence; it is due to
the superposition of two two-vehicle situations. In terms of two-vehicle states, the state
trangitions of the three-vehicle case can be written as separate transition diagrams as shown in
Figure 21.

It is therefore possible to analyze more complex highway situations by decomposing then
into simpler cases. Transitions that need to be forced by the lane flag are shown in gray, and they
are (and must be) between corresponding states in both three-vehicle and two-vehicle transition
diagrams. The two-vehicle scenario including vehicles 1 and 2 is automatic, i.e., there are no
conflicts. The other two scenarios both have a synchronous ‘forced’ transition. A detailed anaysis
of more complex scenarios indicates that for an N-vehicle situation, the forced transition(s) must

be ‘synchronous’ with key transition(s) of at least one of the 2-vehicle forced transitions™.

6. Concluding Remarks

The intelligent controller for vehicle path planning here consists of two stochastic learning
automata. Using the data received from on-board sensors, each automaton can learn the best
possible lateral/longitudinal action to be sent to the lower layer in the control hierarchy in order to
avoid collisions. This non-model based method would be especially useful in situations wherein
the complete knowledge about the flowing traffic is not provided by the higher levels of the
control hierarchy (if such levels exist). Smulations for simultaneous latera and longitudina
control provided encouraging results. This method is also capable of capturing the overal

dynamics of the system that includes the vehicle, the driver and the roadway. Definitions of
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learning parameters and update rates determine the behavior of the each vehicle as well as the
sensor modules designed for path decisions.

Using this method, we also defined simple scenarios as games of multiple learning
automata. The games are “played” between vehicles, and the result is a transition from one state
to another state that defines the physical condition of the highway. Once the convergence to the
optimal action for any given state is guaranteed, the problem is then to find necessary and
sufficient rules to ‘force’ the vehicles to switch from state to state in order to reach the goal. The
technological requirements for the models used in the simulations are no different from those
defined in the current AHS research. Communication requirements, on the other hand, may be
less. The more complex the scenarios, the more the need for a higher level intervention or more
global information. Many maneuvers easily carried out manually prove to be extremely difficult

even for a capable computing/communication system.
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Table 1. Output of the Left and Right Sensor blocks.

Sensor Status (L/R)
Current Vehicle in sensor No vehicle in sensor
Action range range
SiL 0/0 0/0
SL 1/0 0/0
SR 0/1 0/0
ACC, DEC, SM #1# #1#

Table 2. Output of the Front Sensor block (Regions defined in Figure 3).

Sensor Status
Vehiclein Vehiclein region B Vehiclein No vehicle
Region A (d; <dist. <d,) region C in range
Current (dist. < d) Vehicleis VehicleisNOT  (d, <dist. <fsr)  (dist. > fsr)
Action approaching approaching
SiL 1 1* 0 0 0
SL 0 0 0 0 0
SR 0 0 0 0 0
ACC 1 1 1 1 0
DEC 0 o* 0 0 0
SM 1 1 0 0 0
Table 3. Output of the Speed Sensor block.
Sensor Status
Current Action dev < -ds |dev| < ds dev > ds
ACC 0 0 1
DEC 1 0 0
SM 1 0 1
SL,SRor SIL # # #

Table 4. Game matrix for situation A2 in Figure 14(a).
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Figure 6. Trgectory of the controlled vehicle in 107 seconds.
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Figure 14. Speed and headway distance changes for vehicles 6,7,8,9 and 10
(Vehicle 6 and 10 are shown in darker color in Figure 13).
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Figure 15. (a) Possible states and (b) state transitions for 2-vehicle 3-lane game.
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Figure 16. Positions of two vehiclesin a 3-lane highway.
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Figure 17. Speed and lateral position of two vehiclesin a 3-lane highway (See Figure 16).
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Figure 18. Positions of two vehiclesin a 3-lane highway.

39



Vehicle speeds (kmh) Vehicle lane

82

sol ] Mo J

! :
- I
T LA
| = —
. g 7

B1*

. A3->B3->A3->C3 N\
' sy B3

66 . 1 PN 1
0 10 20 30 0 10 20 30
time (sec) time (sec)

Figure 19. Speeds and lateral positions of two vehiclesin a 3-lane highway (See Figure 18).
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Figure 20. Three vehicles with conflicting desired paths.
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Figure 21. Three-vehicle transition diagram can be represented as three separate
2-vehicle trangition diagrams using the definitions in Figure 15.
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