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Abstract

Our experi_ence over the years \_/vith different architectures To function effectively, an architectural framework for
and planning systems for mobile robots has led us t0 & ese sensing and reasoning processes must be imposed to
distributed approach where an arbiter receives votes for provide a structure with which the system may be
and against commands from each subsystem and dedde%eveloped, tested, debugged, and understood. However,

upon the course of action which best satisfies the current i, architecture should serve as an aid, not a burden, in the
goals and constraints of the system. Centralized arbitration integration of modules that have been developed

of votes from distributed, independent decision-making jnqependently, so it must not be overly restrictive. It must
processes prowdes poherent,_ rational, _goal-dwecte_d allow for purposeful goal-oriented behavior yet retain the
behavior while preserving real-time responsiveness 1o its gpjity to respond to potentially dangerous situations in
immediate physical environment. _ o real-time while maintaining enough speed to be useful.
The Distributed Architecture for Mobile Navigation Deliberative planning and reactive control are equally
(DAMN) has been successfully used to integrate various important for mobile robot navigation: when used
independently developed subsystems, providing SyStem%ppropriately, each complements the other and
that perform road following, cross-country navigation, of - comnensates for the other's deficiencies. Reactive
teleoperation while avoiding obstacles and meeting components provide the basic capabilities which enable the
mission objectives. Examples of implemented systems arg o to achieve low-level tasks without injury to itself or
given. Further research will seek to more rigorously define ;¢ environment, while deliberative components provide

the behavior of the system. the ability to achieve higher level goals and avoid mistakes
) ] ) which could lead to inefficiencies or even mission failure.

Keywords: mobile robots, architecture, behaviors, Hierarchical approaches allow slower abstract

distributed, voting, arbitration reasoning at the higher levels and faster numerical
computations at the lower levels, thus allowing varying

1 Introduction trade-offs between responsiveness and optimality as

appropriate at each level [11] [1]. While such an approach

In order to function in unstructured, unknown, or Provides aspects of both deliberative planning and reactive
dynamic environments, a mobile robot must be able to control, the tOp-dOWﬂ nature of hierarchical structures
perceive its Surroundings and generate actions that aretendS to overly restrict the lower levels [13] In hierarchical
appropria‘[e for that environment and for the goa|5 of the architectures, each Iayer controls the Iayer beneath it and
robotic system. Mobile robots need to combine informat on assumes that its commands will be executed as expected;
from several different sources. For example, the CIAU this introduces a need to monitor the progress of desired
Navlab vehicles are equipped with sensors such as videoactions and to report failures as they occur [20], thus
cameras, laser range finders, sonars, and inertial navigatiorincreasing complexity.
systems, which are variously used by subsystems that  Rather than imposing a top-down structure to achieve
follow roads, track paths, avoid obstacles and rough this desired symbiosis of deliberative and reactive
terrain, seek goals, and perform teleoperation. Because ofelements, the Distributed Architecture for Mobile
the disparate nature of the raw sensor data and internalNavigation takes an approach where multiple modules
representations used by these subsystems, combining thengoncurrently share control of the robot by sending votes to
into one coherent system which combines all treir be combined rather than commands to be selected [16]

capabilities has proven to be very difficult.



2 The Distributed Architecture for Mobile 2.1 Command Arbitration

Navigation

In a distributed architecture, it is necessary to decide
which behaviors should be controlling the vehicle at any
given time. In some architectures, this is achieved by

individual behaviors such as road-following or obstacle- Naving priorities assigned to each behavior; of all the
avoidance send votes to the command arbitration module; P€haviors issuing commands, the one with the highest
these inputs are combined and the resulting command isPTiOrity is in control and the rest are ignored [3] [18]. In
sent to the vehicle controller. Each action-producing ord_er to allow multiple cons_|derat|ons to affect vehicle
module, orbehavior is responsible for a particular aspect 2ctions concurrently, DAMN instead uses a scheme where
of vehicle control or for achieving some particular task; it ©ach behavior votes for or against each of a set of possible
operates asynchronously and in parallel with other Vehicle actions [17]. An arbiter then performsmmand
behaviors, sending its outputs to the arbiter at whatever ratefusion to select the most appropriate action. While the
is appropriate for that particular function. Each behavior is Motor Schema framework [2] also offers a means of fusing
assigned a weight reflecting its relative priority in commands from multiple behaviors, it suffers from the well

controlling the vehicle. A mode manager may also be used K"OWn problem of local minima in potential fields.
to vary these weights during the course of a mission baseg”nother, perhaps more serious problem, is that arbitration

on knowledge of which behaviors would be most relevant via vector addition can result in a command which is not
and reliable in a given situation. satisfactory to any of the contributing behaviors. DAMN

Like other distributed architectures, DAMN enjoy's arbiters do not average commands, but rather select the
several advantages over a centralized one, including command whlch_ has the most votes from the behaviors.
greater reactivity, flexibility, and robustness. While all Each behavior generates a vote between -1 and +1 for
votes must pass through the command arbiter befor: an®aCh possible action; in the case of the turn arbiter, the
action is taken, the function provided by the arbiter is farly POSSible actions are a discrete set of steering commands. At
simple and does not represent the centralized bottleneck of€ach iteration, the arbiter collects any new votes that the
more traditional systems. However, unlike reactive Pehaviors may have sent since the last cycle, computes a

systems such as the Subsumption Architecture [3], the nor_malized weighted sum of_ the votes, and determines
perception and planning components of a behavior are notWhich command has the maximum vote value. In order to
prohibited from  maintaining complex internal avoid problems with discretization such as biasing and
representations of the world. It has been argued that “the Pang-bang” control (i.e., alternating between discrete
world is its own best model” [4], but this assumes that the values in order to achieve an intermediate value), the

vehicle’s sensors and the algorithms which process them arbiter performs s_ub-pixel int(_arpolation._This is done by
are essentially free of harmful noise and that they can not Performing Gaussian smoothing, selecting the command

benefit from evidence combination between consecutive OPtion with the highest value, and then fitting a parabola to
scenes. In addition, disallowing the use of internal that value and the ones on either side; the peak of that

representations requires that all environmental features of Parabola is used as the command to be issued to the
immediate interest be visible to the vehicle sensors a: all controller. This process, which is repeated at a rate of 10

times, unnecessarily constraining and reducing the Hz, is illustrated in Figure 2, where the votes from two
flexibility of the overall system. behaviors (a & b) are linearly combined (c), and then

smoothed and interpolated to produce the resulting
command (d). This is similar to defuzzification in Fuzzy

Figure 1 shows the organization of the Distributed
Architecture for Mobile Navigation (DAMN), in which
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Figure 1: Behaviors sending votes to arbiter



Logic systems [9]; indeed an architecture has bz2en
implemented which recasts DAMN into a Fuzzy Locic
framework [24].

a) Behavior 1, weight = 0.8, desired curvature = 0.04

-0.125 0 +0.125
b) Behavior 2, weight = 0.2, desired curvature = 0.0

-0.125 0 +0.125
¢) Weighted Sum, max vote curvature = 0.035

-0.125 0 +0.125
d) Smoothed & Interpolated, peak curvature=0.033

-0.125 0 +0.125

Figure 2: Command fusion process

A field of regard arbiter and its associated behaviors
have also been recently implemented and used for the
control of a pair of stereo cameras on a panftilt platform.
Behaviors vote for different possible field of regard
polygons (the camera field of view mapped on to the
ground plane); the arbiter maintains a local map of these

2.2 Behaviors

Within the framework of DAMN, behaviors must be
defined to provide the task-specific knowledge for
controlling the vehicle. Since behaviors may be arbitrarily
deliberative or reflexive, DAMN is designed so that
behaviors can issue votes at any rate; for example, a
reflexive behavior may operate at 10 Hz, another behavior
may maintain local state and operate at 1 Hz, while a global
planner may issue votes at a rate of 0.1 Hz. The use of
distributed shared control allows multiple levels of
planning to be used in decision-making without the need
for an hierarchical structure. However, higher-level
reasoning modules may still exert meta-level control
within DAMN by modifying the voting weights assigned to
behaviors.

Safety Behaviors A basic need for any mobile robot sys-
tem is the ability to avoid situations hazardous to itself or
to other objects in its environment. Therefore, an important
part of DAMN is its “first level of competence”[3], which
consists of behaviors designed to provide vehicle safety. In
contrast to priority-based architectures which only allow
one behavior to be effective at any given moment, the
structure of DAMN and its arbitration scheme allow the
function of these safety behaviors to be preserved as addi-
tional levels of competence are added.

The Obstacle Avoidancdehavior receives a list of
current obstacles in vehicle-centered coordinates and
evaluates each of the possible command options, as
illustrated in Figure 4. The source of these obstacles may
be intraversable regions of terrain determined by range

votes and transforms them as the vehicle moves. At eachimage processing or stereo vision, by sonar detection of
iteration, these votes are mapped into a pan-tilt space, andobjects above the ground plane, or any other means of

then smoothed and interpolated as described above.
Figure 3 shows the votes for field of regard polygons

generated by an behavior which votes against looking in
the direction of known obstacles since travelling in that

direction is impossible. Behaviors also vote based on

considerations such as looking toward the goal and looking
at a region contiguous to already mapped areas. The
darkest polygon in the figure corresponds to the pan and tilt
angles selected by the arbiter.

Figure 3: Field of regard voting and arbitration

obstacle detection as appropriate to the current task and
environment [5][8].

Figure 4: Arc evaluation in the  Obstacle

Avoidance behavior

Another vital aspect of vehicle safety is insuring that
the commanded speed and turn stay within the dynamic
constraints of the vehicle as it travels over varying terrain
conditions. TheLimit Turn behavior sends votes to the
arbiter that reflect these constraints, voting against
commands that violate them.



Road Following.Once vehicle safety has been assured by control of the vehicle based on its current state.

the obstacle avoidance and dynamic constraint behaviors, it For example, the D* planner [21] creates a grid with
is desirable to integrate task-level modules such as theinformation on how best to reach the goal from any
ALVINN road following system [15]. In the case of location in the map. The global plan is integrated into
ALVINN, creating a behavior that independently evaluated DAMN as a behavior by determining, for each possible
each arc was relatively straightforward. The output units of turn command, the distance to the goal from a point along
a neural network represent evaluations of particular iurn that arc a fixed distance ahead (as shown in Figure 6).
commands; these units are simply resampled to the DAMN

turn vote space, using a Gaussian of the appropriate width. @

This process is illustrated in Figure 5.

DAMN TURN COMMANDS
0000000000000000000000000

U

5000006600000 Figure 6: Using D* to evaluate distance from goal
WTPUT LAYE
o/m%DlgN Uni 2.3 Evolutionary Development and Integration
00000000000000
INPUT LAYER . . . .
ALVINN DAMN is designed so that various behaviors can be
Figure 5: Resampling of ALVINN output layer easily added or removed from the system, depending on the

current task at hand. Although the modules described
Teleoperation. The STRIPE teleoperation system [6] above all use very different paradigms and representations,
allows an operator to designate waypoints for the vehicle; it has been relatively straightforward to integrate each and
STRIPE determines an appropriate steering commands andevery one of them into the framework of DAMN. Sensor
sends a set of votes representing a Gaussian centered on thigision is not necessary since the command fusion process
desired command. This allows the dynamic constraints and in DAMN preserves the information that is critical to
obstacle avoidance behaviors to be used in conjunction decision-making, yielding the capability to concurrently
with STRIPE so that the safety of the vehicle is still satisfy multiple objectives without the need for centralized

assured. bottlenecks. A detailed description of an implemented
system and the experimental results achieved can be found
Goal-Directed Behaviors.While the lower-level behav- in [8].

iors operate at a high rate to ensure safety and provide ifunc-  The voting strengths, or weights, of each behavior are
tions such as road following and obstacle avoidar ce, specified by the user or by a mission planning module.
higher-level behaviors are free to process information at a DAMN is fairly insensitive to the values of these weights
slower rate and periodically issue votes to the arbiter :hat and the system performs well without a need to tweak these
guide the robot towards the current goal. parameters. For example, fBbstacle Avoidanceehavior

The Goal Seekindpehavior is one way to provide this  and theSeek Goabehavior have been used with weights of
capability. This simple behavior directs the vehicle towird 0.75 and 0.25 and of 0.9 and 0.1, respectively, and in both
a series of goal points specified in global coordinates either cases the robot successfully reached its goal while avoiding
by the user [8] or by a map-based planner [7]. The desired obstacles. The voting weights of each behavior can also be
turn radius is transformed into a series of votes by applying modified by a mode manager module such as the
a Gaussian whose peak is at the desired turn radius andAnnotated Maps system, which was integrated with
which tapers off as the difference between this turn radius DAMN to provide this capability [23].
and a prospective turn command increases. All of the behaviors described in Section 2.2 have been

Some more sophisticated map-based planning used in conjunction with each other in various
techniques based on the A* search algorithm [10] have also configurations, yielding systems that were more capable
been integrated and used within the DAMN framework. than they would have been otherwise. Conceptually, three
These planners use dynamic programming techniques tolevels of competence have been implemented in DAMN
determine an optimal global path; however, an important thus far, as shown in Figure 7. These levels of competence
point is that they do not hand a plan down to a lower level are convenient for describing the incremental manner in
planner for execution, but rather maintain an internal which the system’s capabilities evolve; however, it is
representation that allows them to participate directly in the important to note that all behaviors co-exist at the same



level of planning. The importance of a behavior’s decisions Ua) = ZU(C) P(c|a €
is reflected by the weighting factor for its votes, and is in no c
way affected by the level of competence in which it is

described. where P(cla,e) is the probability distribution of the

. ' consequence configuratian conditioned upon selecting
The safety behaviors are used as a first level of . ‘ . .
actiona and observing evidenae[14]. Thus, if we can

competence upon which other levels can be added'define these utilities and probabilities, we can then appl
Movement is the second level of competence that has been P ’ bply

. ) . S the Maximum Expected UtilityMEU) criterion to select
implemented; road following, cross-country navigation, . : ) .
. . .. the optimal action based on our current information.
and teleoperation behaviors have all been run together with i . X
. ) . . If utility theory is to be applied to the problem of
the obstacle avoidance behavior to provide various forms _ . S ) . .
: . L evidence combination and action selection for mobile
of generating purposeful movement while maintaining o - . :
, . : navigation tasks, a means for defining the utility functions
safety [23]. The third level of competence is comprised of ; . ) : .
. . . must be provided. Behaviors are defined in order to achieve
the various map-based goal-seeking behaviors. Cross- N
) ) ; . some task, so it is fair to assume that there must be at least
country behaviors have been combined with goal-oriented

; : L2 an implicit measure of “goodness” or utility with respect to
behaviors to produce directed off-road navigation [7] [13] that tgsk. For exampleg an obstacle avo?/dance b:havior’s

[21]. task is to maximize distance to obstacles, so that the
_G_Q'f\'_—§ _____ distance from the vehicle to the nearest obstacle could be
| Subgoals | used as a measure of goodness. Likewise, proximity to the
| Gradient Fields | current goal could be used for the goal-based behaviors, as
| [ proximity to the center of a road (or lane) could be used by

MOVEMENT D~ : road following modules.

| Road Following | We will also be investigating command fusion using a

[ [ local map for turn and speed arbitration, as was done for the

| Cross-Country | field of regard arbiter. This will allow the arbiter to ensure
SAFETY L '[ele_ogg@tlo_n _______ ; consistency in the voting process by transforming votes as
| ; ; [ the vehicle moves. This will also allow behaviors to vote

| Vehicle Dyn§m|cs | on where to travel rather than how to steer; however,

| Obstacle Avoidance | complications due to the non-holonomic constraints of the

[ Aucxiliary [ vehicle will need to be addressed.

fmm T TT oo T T - Another issue that needs to be addressed is the

Figure 7: Evolutionary development in DAMN coupling between turn and speed commands. Currently, the
turn and speed arbiters operate independently. Turn

2.4 Future Work behaviors can use vehicle speed as one of their inputs and

vice versa; however, there is currently no mechanism

DAMN has proven to be very effective as an which allows behaviors to vote for a combination of turn
architecture which greatly facilitates the integration of a and speed. Research is ongoing to determine a command
wide variety of different vehicle navigation subsystems; representation which allows both coupled and independent
however, as DAMN is used for increasingly complex ta:sks voting, and is still efficient enough for real-time purposes.
where many behaviors may be issuing votes concurre 1tly,
there will be a greater need to have the semantics o' the3 Conclusion
voting process defined more carefully. By explicitly
representing and reasoning about uncertainty within the
decision-making processes, a system can be created whos?|as
effects are well-defined and well-behaved.

We have decided to pursue utility theory as a means of
defining the semantics of the voting and arbitration
processes. Because we are attempting to decide which
among a set of possible actions to take, it is natural to niake
judgments on the usefulness of each action based an its
consequences. If we assign a utility measi(@ for each
possible consequence of an action, therespected utility
for an actiora is:

The Distributed Architecture for Mobile Navigation
been successfully used to create systems which safely
follow roads or traverse cross-country terrain while
avoiding obstacles and pursuing mission goals. DAMN
imposes no constraints on the nature of the information or
the processing within a behavior, only on the interface
between the behavior and the command arbiter.
Furthermore, the behaviors are not subject to timing
constraints; each behavior operates asynchronously and in
parallel. In addition to its use on the CMU Navlab vehicles,
DAMN has also been used at Martin Marietta, Hughes



Research Labs, and Georgia Institute of Technology.

Like centralized or hierarchical architectures, DAMN
is able to assimilate and use high-level information. Non-
reactive behaviors may use plans to achieve goals an
coordinate with other agents. However, like other

behavior-based architectures, it also avoids sensory and
decision-making bottlenecks and is therefore able to
respond in real-time to external and internal events. Finally,

unlike architectures with strictly prioritized modules,
DAMN'’s vote arbitration scheme allows multiple goals
and constraints to be fulfiled simultaneously, thus
providing goal-oriented behavior without sacrificing real-
time reactiveness.
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