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Abstract

This article investigates how to model a behavior based
control system for mobile robots as a hybrid automa-
ton. We show that an automaton, with the nodes corre-
sponding to distinct behaviors, may exhibit an infinite
number of discrete transitions in finite time (a so called
Zeno hybrid automaton). This can be dealt with by a
regularization procedure, involving adding extra nodes
to the automaton which gives a system with similar
performance as a fused behavior based system. The
performance aspect is also verified experimentally.

1 Introduction

For mobile autonomous robots, the ability to function
in, and interact with a dynamic, changing environment
is of key importance. A successful way of structuring
the control system in order to deal with this problem
is within a behavior based control architecture [3]. The
. major idea is that different behaviors are identified as
action responses to sensory inputs. A behavior could,
for instance, be obstacle avoidance in which sonar in-
formation about a close obstacle results in a movement

away from that obstacle. This modular approach has.

the nice structural property that it allows for decen-
tralized controllers to be used, dedicated to performing
different tasks such as door traversal or obstacle avoid-
ance. New behaviors could then easily be added to the
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system at the same time as the control problem can be
divided into subparts, which significantly simplifies the
design process.

However, no matter if the behaviors of the system are
products of experimental or theoretical considerations,
questions concerning action coordination needs to be
addressed [9]. How should the behaviors be coordi-
nated so that the overall robotic system behaves in a
satisfactory way? There are two obvious answers to this
question. One way of addressing this is to use an ar-
bitration mechanism, where behaviors with higher pri-
orities simply overrule other behaviors. For instance,
when moving a robot toward a given goal point, not
bumping into things is probably considered to be more
important than actually reaching the goal point at any
cost. These hard switches have the major disadvan-
tages that they both affect the performance in a nega-
tive way, and that they increase the risk of introducing
chattering into the system. The other approach is to
do action fusion where different behaviors can be ac-
tive simultaneously. From a performance perspective
this seems preferable {3, 4, 5].

What will be investigated in this article is how a behav-
ior based system can be modeled as a hybrid automaton
with each of the discrete nodes corresponding to a dis-
tinct behavior. If the system where to be described by
such a hybrid automaton, questions concerning safety
and performance verification could be addressed in sys-
tematic way (8, 12]. Hopefully this approach would
also make it possible to explain, at least some of the
so called emergent behaviors that the complex robot
system gives rise to.

On the other hand, if one chooses to work with fused
behaviors, different controllers affect the system simul-



taneously, resulting in a possibly better performance,
but the system would then neither correspond to an au-
tomaton where a node would represent many behaviors,
nor a model where the discrete nodes would uniquely
identify in what state the system is in. This would
make the automata approach meaningless since all of
the different, active nodes would affect the system si-
multaneously. One proposed [8] way of addressing this
is to group all of the currently active behaviors into one
node and thus represent them with discrete state in the
automaton. This is not a road that we will follow in
this article, since from our point of view, it would only
hide the problems we are interested in, such as action
coordination or performance verification, in the differ-
ent nodes. Our idea is instead to impose hard switches
on the behavior based system in such a way that we
can model each behavior as a node in the automaton,
at the same time as we want to avoid the negative, chat-
tering effects that such an approach could potentially
give rise to. This will be done by adding nodes to the
automaton as a way of regularizing it. This means that
we want to remove the so called Zeno' properties of the
system. What this corresponds to is a hybrid system
that exhibits an infinite number of discrete transitions
in finite time,

This last point will constitute the major contribution
of this article, that is organized as follows: In Section
2, the definition of a hybrid automaton will be given
together with a discussion about Zeno hybrid automata
and their regularizations. In Section 3, we describe a
behavior based robotic system and show how this can
be modeled as a regularized hybrid automaton. We
conclude, in Section 4, with some experimental results
from implementing our ideas on a Nomad 200, showing
that our approach works in practice as well as in theory.

2 Hybrid Automata

Even though the main focus in this article is not going
to be on hybrid automata theory, we need to include
some initial definitions. This is necessary in order to
be able to state what we mean by a Zeno hybrid au-
tomaton as well as to capture the hybrid aspects of a
behavior based robotic system.

2.1 Hybrid Automata and Executions
The following definitions are based on [10, 7].

Definition 2.1 (Hybrid Automaton) A hybrid au-
tomaton is considered to be a collection (Q, X, I, f, E)

!The name Zeno refers to the philosopher Zeno of Elea (500—
400 B.C.), whose major work consisted of a number of famous
paradoxes. They were designed to explain his view that the ideas
of motion and evolving time lead to contradictions. An example
is Zeno’s Second Paradox of Motion, in which Achilles is racing
against a tortoise.
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where Q and X are sets of discrete and continuous vari-
ables respectively. I is a set of initial states, while f
describes the continuous and E the discrete evolution
of the states.

A discrete state combined with the continuous dynam-
ics connected to that state will be referred to as a node
in the automaton. The general idea behind this con-
struction can be seen in Figure 1.
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Figure 1: The basic structure of a hybrid automaton.

Definition 2.2 (Hybrid Time Trajectory) A hy-
brid time trajectory T is a finite or infinite sequence
of intervals of the real line, T = {;}, i € N, satisfying
the following conditions:

o I; is closed, unless T is a finite sequence and I;
is the last interval in which case it can be right
open.

o Let I; = [r,7]]. Then for all i, ; < 7/ and for
’i > 0, Ti = T{_I.

This should be interpreted as the times at which we
arrive (7;) and leave (7/) a specific node in the automa-
ton.

Note that hybrid time trajectories can extend to infin-
ity if 7 is an infinite sequence or if it is a finite sequence
ending with an interval of the form {7y, 00).

Definition 2.3 (Execution) An ezecution x of a hy-
brid automaton H is a collection x = (7, ¢, ), satisfy-
ing

o Initial Condition: (q(7),z(m0)) € I.

o Discrete Evolution: (z(7{_),q(7{_y),q9(n)) € E,
for all 3.
o Continuous Evolution: for all i with ~; < 7/, z

and q are continuous over [r;, 7{] and for allt €
[r:,7!), we have £z(t) = f(q(t),2(2)).

Furthermore, an execution x = (7,¢,z) is called infi-
nite, if 7 is an infinite sequence, or }_;(7{ — ;) = oo.
We use H(g,z) to denote the set of all infinite exe-
cutions of H with initial condition (go,20) € /. An



execution is admissible if 3,(1/ — 1) = oo, and it is
Zeno if it is infinite but not admissible. For a Zeno
execution x = (7,¢,z) we define the Zeno time as
Too = D ;{7 — ) < oo. What this means is that
the hybrid system makes an infinite number of discrete
transitions in finite time, [0, 7o), and we finally state
the following definition.

Definition 2.4 (Zeno Hybrid Automaton) A hy-
brid automaton H is called Zeno, if there exists
(g0,%0) € I such that H(y, ) contains a Zeno eze-
cution.

2.2 Regularization

It is clear that a Zeno hybrid automaton has the unde-
sirable property that it blocks time. For some types of
these automata, the infinite number of discrete transi-
tions, made in finite time, is caused by the fact that the
underlying system, that the automaton tries to model,
is a switched system that exhibits sliding in the sense
of Filippov [6]. They thus form a special class of Zeno
hybrid automata since they, in theory, make an infinite
number of transitions in zero time. The underlying,
switched systems have continuous flows that point to-
ward the switching surface, resulting in a new, induced
flow on that surface. In these cases, the automaton can
be regularized by the introduction of a new node with
the continuous flow given by the Filippov solution [11].
The general idea behind this construction can be seen
in Figure 2.
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(b) The original and the regu-
larized automaton.

Figure 2: Regularization of a Filippov type Zeno hybrid
automata.
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The other class of Zeno automata has a slightly more
complex dynamics. Here the automaton changes nodes
faster and faster, with the jump times converging to the
Zeno time, To,. One of the most illustrative examples
of this phenomenon is the bouncing ball automaton. It
models an elastic ball that is bouncing off the ground,
loosing a fraction, 1/¢, of its energy with each bounce.

Proposition 2.1 The bouncing ball automaton is
Zeno.

Proof: Let z; denote the altitude of the ball and z,
its vertical speed. The first bounce occurs at time
% =1 = (~22(0) + /22(0)% + 2g21(0)}/g9. The N*»
bounce occurs at time Ty = 71+ ZkN=1 224(0)/(gc*~1).
Since ¢ > 1 the series on the right hand side converges.
Thus the Zeno time of the execution with initial state

(2,2(0)) is

S —22(0) + v/22(0)2 + 2g21(0) = 2¢z2(0)
i g gle—1)’

a
1)

It should be noted that the bouncing ball automaton
could be regularized by modeling the ground as a spring
(7] and letting the spring constant be 1/¢, with € { 0,
as seen in Figure 3. This gives (not too surprisingly)
that after 7o, the ball just remains on the ground.

However, this last type of Zeno automata will not be
of importance to the behavior based control system,
where we only will have to employ Filippov solutions
as our regularizations. Therefore we will not go further
into detail about how to formally regularize this type
of Zeno automata [7].

Spring constant = 1/0.01

10] v ¥ T

Time

Figure 3: Regularization of the bouncing ball. The solid
line corresponds to the position of the ball while
the dash-dotted line corresponds to its velocity.



3 Behavior Based Robotics

For autonomous robots operating in an unknown, dy-
namic environment, a successful way of structuring the
controllers is within a behavior based framework [3].
Different robot behaviors are identified, e.g. avoid-
obstacle or move-to-goal, and their functionality is de-
fined by a mapping from sensory data to a desired base
action. These desired actions are normally fused to-
gether by an arbitration mechanism, as seen in Figure
4, where the standard way is to represent the goals,
targets and obstacles by weighted attractive or repul-
sive potential fields. For instance, while approaching a
target, an obstacle avoidance behavior has to be active
for safety reasons while the performance is improved if
the robot tries to approach the goal at the same time
as it is avoiding obstacles [3, 2].

o>~ Sfirton|

Figure 4: Block diagram of the behavior based control
architecture.

3.1 The Obstacle Negotiation Problem

The specific problem that will be investigated in this
article is how to move a robot between two points. This
point-to-point motion should be done so that the detec-
tion of an obstacle results in a repulsive potential field
when the robot is closer to the obstacle than a desired
safety distance, dp4, where the subscript OA stands
for obstacle avoidance.

We assume that the robot’s longitudinal velocity, v, will
be kept constant and that the heading of the robot, ¢,
can be controlled directly.

The behavior that we will focus on initially is a so called
reactive obstacle avoidance behavior. The word reac-
tive, a commonly used one in the robotics community,
is used here since it is a behavior that can be thought
of as a reflex. When the robot moves too close to an
obstacle, it is forced to change the motion in order to
avoid hitting the obstacle. This is a reasonable safety
strategy, since the robot may move around in an un-
structured world, where the occurrence of unpredicted,
or unmodeled obstacles is very likely.

If the sonars on the robot, with center of gravity
at (z,y) and heading ¢, detect a point-obstacle at
(Zob, Yob), closer to the robot than dpa, the reactive
control response will be given by a vector field act-
ing on the robot as z = foa(z), where z = (z,9)T. A
standard kinematic model of the mobile robot [1] would
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then give us that

= ()= () st

¢ =+ atan2(yob — Y, Tob — ).

2

This is obviously a simplification but it still gives a
model that is rich enough to capture the, from our point
of view, relevant phenomena. That is, when there is
chattering on the real platform, it should reveal itself
here as a Zeno execution of the hybrid automaton.

Since a real, extended obstacle cannot be considered to
be a point, in the actual implementation of the avoid-
ance behavior, the desired heading needs to be calcu-
lated as the orientation of the sum of the weighted vec-
tors that each individual sonar reading contribute with.
For a Nomad 200, that is going to be our experimental
platform, this corresponds to taking the sum over 16 el-
ements since the Nomad is equipped with 16 ultrasonic
Sensors.

When adding a goal attraction behavior, defined in the
same way as the obstacle avoidance behavior except
that we now have an attractive instead of a repulsive
field, we get two different possible hybrid automata,
depending on whether the behaviors are active simul-
taneously or not. (See Figure 5.) A system with hard
switches is to prefer from both a design and analysis
perspective, as already mentioned, since it allows us
to view each behavior as a distinct node in the au-
tomaton. This will be the case for the remainder of
the article, and in what follows we will show that even
though we introduce hard switches, the performance is
not affected much when using a regularized automaton
instead of fused behaviors.

d<doa
d>do,

(a) Fused behaviors

d< doa

d>dp,

(b) Hard switches

Figure 5: The two possible goal attraction and obstacle
avoidance automata. Here, doa is the fixed
distance from the obstacle where the obstacle
avoidance behavior becomes active.



Proposition 3.1 The hybrid automaton in Figure
5(b) can admit Zeno executions.

This obvious fact is best illustrated by Figure 6, where
the extra node that needs to be added in order to reg-
ularize the automaton can easily be identified as well.
The extra node is just a node containing the sliding
dynamics that is defined on the boundary between the
two behaviors. In the following section we will investi-
gate how well this approach works in practice.

—,I’_:.._-—__>°
ot ‘\\\\f  Goal
w7 o_.t :

0"" :Cv)bstfzcle‘f

Figure 6: Goal attraction together with obstacle avoid-
ance results in a Filippov type Zeno automa-
ton. The grey region around the obstacle corre-
sponds to the region where obstacle avoidance
is active.

4 Experimental Results

The regularized point-to-point automaton was imple-
mented and tested on a Nomad 200 mobile robot. In
Figure 7, the results from running the system on the
Nserver, the Nomad simulation package, can be seen.
The reason for choosing to display simulated results
comes from the fact that we then can start with exactly
the same initial conditions in all three cases. This is
necessary for the evaluation of our proposed method,
but the same code that is running on the Nserver is
also running on the real Nomad in a satisfactory way.

In (7b) fused behaviors are displayed, resulting in a
smooth movement around the obstacle, while the chat-
tering solution in (7c¢) corresponds to hard switches.
The reason why we do not have sliding in this case is
due to the dynamics of the robot that was ignored in
the analysis. It is still clear that from a performance

" perspective, (7c) is an unsuccessful design. In (7d) the
results from using a regularized automaton can be seen,
and even though we only have one behavior active at a
time, the performance is satisfactory.

Some comments need to be made about the automatic
generation of the Filippov solution in the regularized
automaton. In the point-to-point motion scenario, the
two behaviors send their suggested directions for the
robot to follow to the arbitration mechanism. When an
obstacle is closer to the robot than dpa, the obstacle
avoidance behavior becomes active. Since the repul-
sive potential field from that behavior is orthogonal to
the surface on which the behavior becomes active, the
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(a) Nomad 200 (b) Fused behaviors

(c) Hard switches

(d) Regularized hybrid
automaton

Figure 7: Simulation of b) fused behaviors, c) hard
switches, and d) a regularized automaton on
the Nomad simulator, the Nserver.

sliding solution is just fs = afoa + (1 — a)fca, where
a € [0,1] is chosen so that fs L foa. (See the Fig-
ures 5 and 6.) Adding this type of information about
the different behaviors makes it possible to generate
the extra node in the automaton automatically. It also
suggests that our method would scale nicely when more
that two behaviors affect the motion of the robot.

5 Conclusions

In this article, we investigated how to model a behavior
based control system for mobile robots as a hybrid au-
tomaton. Based on the observation that a robotic sys-
tem, where the behaviors are fused smoothly, gives a
better overall performance than a system where behav-
iors with high priority over-rule those with low priority
(hard switches), we wanted our automata approach to
result in a hybrid automaton with similar performance
as the fused behavior based system. The reason for in-
troducing this automata approach in the first place is
that we believe that there is much to gain from both an



analysis and a design perspective if the system could
be modeled in a systematic way as a hybrid dynamic
system.

Hard switches seem more appropriate as a basis for a
hybrid automaton, where each node should correspond
to a distinct behavior. However, this approach results
in automata that exhibit an infinite number of discrete
transitions in finite time, that can be dealt with by a
regularization procedure, involving adding extra nodes
to the automaton. This gives a system with similar
performance as a fused behavior based system. The
performance aspect of this approach was also verified
experimentally.
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