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Abstract

DMAPS (Distributed Multi-Agent Planning
System) is a planning system developed for
distributed multi-roba teams based on MAPS
(Multi-Agent Planning System). MAPS assumes
that ead agent has the same global view of the
environment in order to determine the most
suitable adions. This assumption fails when
perception is locd to the gents. each agent has
only apartial and unique view of the environment.
DMAPS addresses this problem by creding a
probabili stic global view on ead agent by fusing
the perceptual information from ead roba. The
experimental results on consuming tasks show
that while the probabilistic global view is not
identicd on each roba, the shared view is dill
effedive in increasing performance of the team.

1 Introduction

Achieving cooperationinamulti-roba systemisadifficult
task. Cooperation iseven more challenging in adistributed
system where robas perceptions are usually unique.
Conventional approades to solve team cooperation in a
distributed team have been done ssimply in a distributed
manner [Ozaki et al, 1997 [Parker, 1998]. A roba can
plan for itself and tries to solve awy conflict when it
encounters another roba [Rude, 1997. When
communicdion is not available, it is pasdble for aroba to
use a dedicaed hand-coded set of behaviors to achieve
readive implicit cooperation [Arkin, 1997 [Yamada and
Saito, 199].

This paper presents an approach of adive team
planning by adapting a centralized planner in a distributed
system. The main advantage of a centralized planner isthe
planning mechanism performsthe dedsion making process
for arobot from a team perspedive. In doing so, a robot
can redize amore suitable dedsion before adions take
place

MAPS is a method developed for centralized
multi-roba control [Tews and Wyeth, 199. MAPS
performs high level team planning by generating an
abstrad representation of the ewvironment. The astradion
is implemented using a numericd grid covering the
working environment and acourts for the paositions of all
entities and environment features contained within. The
grid representation makes this s/stem more pradicd in a
spatial constrained environment. By combining the world
model, the strategic command and ead roba’ s perspedive,

MAPS can determine an appropriate adion for ead robot
to exeaute. The resulting MAPS command is @nt to the
navigation module to carry out the desired adion.

MAPS was developed in the RoboCup Small Size
League [Kitano et al, 1998] where aglobal view of the
environment is avalable from an overhead camera
DMAPS extends MAPS to remove the reliance on gobal
perception. DMAPS permits the use of distributed
perception, with development focusing on two major
components:

Construction of a probabili stic shared world model that,
while not necessarily being identicd for all team
members, is sufficient to crede dfective coperation.
Re-configuration of MAPS to use the probabili stic
world view.

To obtan a suitable input space for DMAPS, a
communicaion strategy that uses explicit communication
to share perception has been developed. The sensing
information perceived by each roba is abstraded with a
grid representation and broadcasted to all tean members.
The perceptual information from ead roba represents a
partial world model and a common shared world model is
obtained by fusion. Although such a shared world model is
till relatively partial, its collaborative dharaderistic gives
al robas a similar view of the world and thus achieves
team planning.

This paper overviews the DMAPS system and focuses
on the rresponding communication strategy. The
experiments were performed with common representative
tasks for preliminary performance measure of the system.
The experiment aims to show the dfed of communication
to the performance of the coperative teamwork.

The following sedion presents the issues in
developing a @mmunicaion strategy to supplement
perception. Sedion 3 describes the concept of applying
MAPS to a distributed multi-roba team. Sedion 4
presents the system overview and experimental setup. The
results are discussed and analyzed in sedion 5. Sedion 6
concludes the paper.

2 Communication Strategy

Communication is a aucial component towards effedive
teamwork. Despite the high cost asociated with using a
suitable communication strategy in a multi-roba system, it
isgenerally considered beneficial ontheteam level. There
are two major types of communication, explicit and
implicit. They are differentiated by whether the



information exchanged is performed by the intention of the
message sender. Both types of communication supplement
ead other and are used conjointly by many animal spedes.
Taking the example of a human soccea game, the players
interad by either talking to each other verbally (explicit) or
visually observing the adions being caried out by other
players to dedde a appropriate adion (implicit).
Implementing both on a robaic system is ided for
enhancing interacion and provides redundancy. They can
be implemented using dedicated communication devices
and common sensorsrespedively. Nevertheless, a cgable
sensing system providing accurate perceptual information
for implicit communicaion (communicaion via
obhservation) requires expensive resolution and recognition
[Cao et al, 1997].

Negotiation is a form of explicit communicaion that
usually requires a set dedicated and application specific
“language” [Ozé&ki et a, 1997 [Rude & a, 1997].
Negotiation usually provides the best interadion and
planning prior to adions. The time taken to resolve
conflicts can however be long and un-predictable, thisis
generally undesirable for time aiticd tasks. In addition,
the implementation for negotiation between cooperating
agents is also more gplication dependent. The other way
to communicae eplicitly is to share information that a
roba has for the benefit of other team members. The
sharing information can include the sensing data, on-board
States, dedsion generated and the communicdion dita
previously recaved, and this information forms the
knowledge of a roba. The Plan-Merging Paradigm
presented in [Alami et a, 1995] uses communicaion to
share the aurrent state and intended adion of the robdsto
achieve moperative planning.

2.1 Communication to Supplement Perception

This paper focuses on using communication to supplement
perception for the purpose of developing effective team
strategies. The block diagram of the system is down in
Figure 1. Note that there ae two distinct perceptual paths:
perception that isused locdly to drivetheroba'slow level
behaviours, and  perception  supplemented by
communicdion that is used to seled the gpropriate
behaviour to achieve team cooperation.

Perception ‘

!

‘ Communication Team Robot

b

‘ World Model Fusion ‘

I

‘ Behaviour Selection ‘

,, !

Behaviours

Figure 1: The block diagram of the system that uses
communicaion to supplement perception.

The robots interadions leading to team cooperation
rely on the robas ability to interpret the perceived
information from the @mmon working environment.
When al team members operate based on a common,
shared world model, the highest level of team cooperation
is expeded. Every roba will arrive & the same team plan

by using the same dedsion engine on the same input. This
dleviates the need for the difficult resolution and
recognition required for implicit communication, or the
need for long and un-predictable negotiation of corflict.

By sharing individual's ensing data using explicit
communicaion devices, it is possblefor every roba inthe
team to have the perceptual coverage up to the sum of the
sensing coverage of al team members. However, the
effediveness of such shared perception depends on the
method d data abstradion and fusion wsed, along with the
uncertainties invol ved.

A roba's perception is dared with the team by
broadcasting a 4-tuple (C, X, Yq P for ead objed
perceived, where C is the dassificaion of the objed type,
(X9, Yg) are the estimated global coordinates of the objea,
and P; is the mnfidence in the observation. The next two
sedions explain how this 4-tuple is derived and how it is
used when receved from another robat.

2.2 Generating Perception Tuples

The vision system expresses an objed egocentricdly as
distance and beaing, which is transformed to a global
Cartesian coordinate based on alocdizaion estimate. The
global estimate of position is quantized to suit the channel
bandwidth to get the grid coordinates (xq, Yg)- Anobjed is
represented as a normal distribution, N( I, kP.), where iis
the mordinates of the observation and k is a normalizing
constant. Objeds with high P, are represented as a sharp
spike in the map, whil e objeds with alow P, are shown as
aflatter hill .

The observation covariance P. is calculated from
estimates of uncertainty from the vision process P,, and
from the locdi zation process P, by

P.=Pv- P (1)

The uncertainty in the vision recgnition process Pv, is
extraded from alook-up table that relates the distance and
beaing to an objed with the eror in the distance ad
beaing measurement. The look-up table was fill ed based
on experimental data. The locdizaion module gives an
uncertainty, PI, which is determined based on a model of
the eror in the uncertainty in the odametry process Pl is
cdculated by

Pt)=Pi(t-1- %(sin(qu) +cos@Pe) (2

Thedand q inthe @ove euation represent thetraversing
and the rotational components in incremental navigation
steps respedively. P, is the rotational certainty obtained
from the daraderistic modeling of the adual roba.
Uncertainties introduced by the traversing component are
significantly small er than the rotational error, therefore not
acounted for inthe system. The cdculated P, deaeases as
theroba travels, and isreset to the vision reaognition error,
P,, asociated with the sighting of a known landmark.

2.3 Bayesian Fusion of World Models

After the perception tuples are broadcast to ead robd,
eadt roba now has the task of combining this information
into a whesive world model. Conventional techniques for
sensor fusion rely on complex mathematicd cdculation of
the sensed data [Dietl et al, 2003. In contrast, grid
operation is smple ad effedive through out the
incremental operations.

Moravec dtempted to use certainty grid as a base



representation for fusing sensing data from various ources
[Moravec, 1988]. In this paper, a similar approad is taken
to fuse partial world models shared by each team member.
The shared world model is obtained by performing
Bayesian fusion on individual cdls. The equation for cdl
fusion is derived from the Bayesian Theorem. Let P(X;|R)
represents the probability of the existence of X in cdl i,j
reported by roba R. Substituting appropriate variablesinto
the Bayesian Theorem gives

P(Xi,R) = P(X |R)P(R) 3

P(R) in the &ove euation represents the weight of the
datafrom ead roba. For ateam consisting of nrobas, the
value of ead cell in the final world model is cdculated by
summing the arresponding cellson all contributing partial
world models.

HND=%HXM|R=0HR=0 4

where

8 P(R=r)=1 )
r=1

3 DMAPS-Distributed Multi-Agent
Planning System

DMAPS is developed based on MAPS, an efficient and
robust centralized planning system. MAPS is simple and
highly configurable, therefore, it can be used by on a
distributed system simply by re-configuring the grid
operation agorithm [Tews and Wyeth, 199]. MAPS
assumes that a ommon world model is available to al
agents: an artifad from its origins in the RoboCup small
size leggue where agents have accessto information from
an overheal camera. The previous ction described how a
weaker form of a @mmon world model can be adieved
for agents with distributed perception.

This sdion presents the concept of MAPS and the
issues on applying MAPS to a distributed system.

3.1 MAPS

Multi-Agent Planning System (MAPS) is a centralized
planning system originally developed for the RobdRoos
soccea robot tean [Tews and Wyeth, 1999. The system
can be mnsidered as a single robaic system with multiple
adors performing the tasks. To achieve efficient and
effedive amoperation, MAPS expeds a fairly reliable and
acairate source of global world model asitsinput space

MAPS constructs a virtual map of the physicd
environment using potential fields. The map is built based
on numericd operations of different components such as
the physical feaures within the environment, the agent's
adion and the team strategy in order to find the best
locdion for a robot to perform the desired adion. These
components are represented by regions of attradion or
repulsion. Figure 2 shows an example of MAPS kick field
during a roba socce game. Roba 1 is about to kick the
ball and the best location to kick the ball to for goal is
needed. By superimposing the required components into
the field, the resulting potential field shows the fitness
level of each cdl to kick the ball to. Cells with higher
fitnesslevel (attradion) are shownin darker color, and vice
versa.

Figure 2: Example of MAPS potentia field to determine the kick
to locaion in arobot socce game.

Centralized planning is smpler in the sense that
individual roba's adions are planned simultaneously by a
single entity. Centralized planning requires a shared world
model that contains a cmmon set of information abou the
environment and all robas. Sincethe planning of all team
members are based on an identicd set of world model, the
result is expeded to show the highest level of team
cooperation. In comparison to a truly centralized system
such as the RoboRoos that relies on one spedfic agent in
the team to perform perception and planning, a distributed
system provides redundancy path on perception and
planning and is potentially more robust.

3.2 Dealingwith an Uncertain and Partial
World Modd

The original implementation of MAPS aimed for a system
that has the knowledge of a pradicdly complete world
model, nevertheless, avail ability of information about the
environment is usually very limited on distributed systems.
One important feature of MAPS isthat MAPS will use ay
known information about the environment (either complete
or partial) as input and generates an appropriate dedsion
for ead team member based on the known information.

When comparing with a complete world model that is
readily available on a centralized perception system, the
partial world model presents a potential deficiency in
planning performance However, the objedive of the
system focuses on adhieving good cooperation based on
the limited sensing rather than to achieve optimal
teamwork under the condition of complete perception. The
foll owing experiments are implemented with thisin mind.

The fused world map can have arors when one or
more of the team members exhibit difficultiesin aoquiring
acairate perception or locdi zation. In worst case condition,
when the fused map daes not correlate with the red world,
P(R=r) in Equation 4 can be adjusted to have the resulting
map self-biased. This alows the roba to fal bad to
single-roba planning when there is inconsistency in data.
In essence theroba can dono worsethan if it did not have
the information from the other robas. The following
experiments are designed to illustrate the extent to which
the information from other robds can improve
performance

4 System Overview

This ®dion describes the system setup for the experiments.
The following subsedions present the experimental setup
for the task, experiment platform, and software on board



the robas.

4.1 Experimental Tasks

Consuming is a variation of foraging task that has been
studied extensively for cooperative robatics (for example,
[Arkin, 1997). Foraging and consuming tasks are both
biologicdly inspired. In a consuming task, the agents
wander around the environment, searching for objeds of
interest (attractors). Once an attractor isfound, one or more
agents will approach the atractor and perform operations
on the attrador in order to consume it. The agents continue
to find ather attradors upon completion of the operations.
The foraging task is common to hiologicd systems, for
example an ant colony colleding food Consuming is also
common where spedes aich as birds sach for food and
consume on the spat instead of bringing the food home.
The eonsumingtask using multiple robasisclassfied asa
dynamic environment. The environment contains multiple
robas moving simultaneously at any time instance
Therefore, the task requires the roba to interad with the
team members to achieve the task efficiently.

By varying the consuming requirement of the target,
two tasks can be derived as followed:

Consuming - adions on targets can be performed by a
singleroba.

Surrounding - adions on targets need to be caried out
simultaneously by multiple robas.

The @nsuming task in this paper involves two robds
seaching within the environment for threetargets. Since
ead target only requires one roba to perform adions on,
the planner pairs up the available robas and targets
acording to the shortest distance method. The roba
assgned with a target performs approaching and
consuming, while the free roba remains in the seach
phase. The surrounding task for this experiment involves
two robas saching for one target and converging to the
target location.

Clealy, cooperation in both tasks attempts to produce
performance improvement from cooperative seaching.
The sooner thetarget locaion can beidentified, the quicker
the target can be mnsumed. In addition, the mnsuming
task focuses on the performance of team cooperation with
target all ocation (task decompasition) using DMAPS. On
the other hand, the surroundng task aims for better
navigation efficiency on the convergence of the team
through communication.

4.2 Experimental Platform

The robot platform used for the experiment is the Viper
roba (see Figure 3) that was designed for RoboCup
Competition at the University of Queensland [Chang et al,
2003]. The Viper robas are small size fully autonomous
mobil e robots with vision asits primary sensor. Each robat
utilizes two dedicaded processing boards for
vision/planning and navigation, in addition a half-duplex
communicdion devicefor inter-roba communication.

The eperimental environment is the standard socce
field used for RobaCup small-sizeleague. Thewalls, goals,
robas and targets are distinctly colored coded for easy
vision recognition. The canerarangeislimited to 1 meter,
thus increasing the eff eds of distributed perception.

Figure3: The Viper robots

4.3 System Setup

To provide abetter understanding of the software system
on the roba, this subsedion briefly explains the system
setup for modeling the world, communication strategy, and
DMAPS in a mnsuming task.

World Model

The experimental environment (small-size league socce
field) isrepresented as agrid where the cdl size of 200mm
by 200mmrouchly coversaroba. The spatial locaionsare
expressd as Cartesian coordinates with origin at one
corner of thefield. Thefieldisbounded by white wall sthat
alow the robas to bound locdization error when awall is
within view. The resolution of this grid is used by the
system for world modeling and DMAPS operations. The
socce field covers about 180 cdls and the perception of
ead roba is limited to 16 cdls in the diredion of the
roba's heading.

Communication strategy

The tean members share their perception over the
communicaion system, limited to robots and targets seen
in the environment. The communication padet isbased on
the tuple described in sedion 2. The communication padket
includes svera objed lists of different types. By using the
coarse grid units, the locaions (Xg, Yg) can be encoded as
one byte. The arresponding confidence measure for each
position is also one byte. For consuming task, a ammplete
communicaion padket is around 12 bytes and contains the
locaion tuple of the transmitting roba and targets and
obstades perceived.

DMAPS

The dgorithm used for DMAPS foll ows the two behaviors
previously described. Behavior seledion is based on
whether a roba has an assigned target or not. DMAPS
buil ds the potential field based on the shared world model
and provides a suitable location for the robat to search for
more targets or approaching the assgned target.

Figure 4 shows the DMAPS potential field on robat 1
during a consuming task. The larger circles represent the
robas and the smaller circles are the targets. The pie dice
represents a rough guide to the vision coverage of each
roba. The white square indicaes the goto locaion
generated by DMAPS with conneding lines sowing the
assgned target that representstheroba's current goal . The
darker colored cdls in the potential field represent
attraction. The desired goto grid locaion is determined by
finding the darkest cdl in the map.

In Figure 4, target 2 is the only target that the team
knows and is assigned to the closest robat, robot 1. Robat 2
is heading towards an adjacent cdl to seach for more
targets. Obvioudly, thisis not the optimal team plan from a



global perspedive. Nevertheless the resulting dedsions
areided at the team level based on the limited knowledge
the team has.

Figure 4: Example of DMAPS potential field representation
during consuming task.

Figure 5 shows the virtual map several hundred
milli-seconds after Figure 4. Roba 1 has turned around
during its approaching path to target 2 and sighted target 1.
At this instance the target alocaion clealy shows
effedive cooperative tean strategy based communicaion
and DMAPS. The deviation d the target 2 locaion
indicaes that roba 1 could be suffering from uncertainties
in vision. This is posshly caused by the target being
smaller and further away in the image. DMAPS aims to
provide eat roba aroughdiredion of the dl ocated target
from an uncertain shared world model. Once the robat is
nea the target, it relies mainly on the on-board perception
system to carry out the task.

Figure 5. Example of DMAPS patential field representation
during consuming task

4.4 Experimental Method

Eadch experiment consists of multiple games. A game
begins by pladng the robas and targets randomly on the
field and ends with a valid gaal condition or on timeout.
The preliminary experiments presented in this paper were
performed on the SimViper smulator. The simulator was
designed for roba soccer competition and it models the
Viper roba and physics accurately. The uncertainties in
the physicd environment are also modeled based on the
roba's experimental data. SimViper represents an
excdlent tod for developingand configuringtherobds. In
addition, it reduces the time and effort needed for long
experiments which is not pradicd on the red robots. In
this experiment, ead experimental spaceinvolves no less
than 2000games.

45 PerformanceMeasure

Performance measure is primarily based on the duration
taken to acaomplish the task. To avoid the experimental
time being extended indefinitely due to target conflicts or
navigation difficulti es encountered, ead gameislimited to
200 semnds. If the goal is acaomplished within the time
limit, asuccessful gameisrecorded, otherwise, the gameis
considered failed and aborted. Within those successful
games, the time taken for the team to locée the target and
consume eab target is recorded for analysis. At the same
time, the robd'straveli ng distancethroughout the duration
of the task is colleded for analysis on navigation
efficiency.

The following summarizes the performance measures
used to evaluate the experimental results:

Succesdul Goals Achieved - the percentage of games
with the goal achieved within the timelimit in the eah
experiment.

Task Duration - the average time taken to achieve the
incremental sub-goals and the goal.

Distance Traveled - the length of the path traveled by
ead roba during the game.

5 Resaults

This sedion describes the results for the two multi-roba
coordination problems: consuming and surrounding.

51 Consuming Task

Using communication to suppement perception in a
consuming task aimsto provide wider vision coverage and
better target allocaion to the team. By using
communicaion, we mainly aim for improvement on task
duration from the introduction of a target allocaion
mechanism using DMAPS.

Figure 6 shows the percentage of the successful games
with communicdion throughput as the variable. As
percentage of the communication throughput increases, the
number of games that went over time reduces. The
performance gain is dlight as the dlowable time per game
of 200 semnds was normally adequate for the task.

Figure 6: Percentage of successful games in consuming tasks

By limiting the sample space to those games with
successful goals, time-related performance measures can
be analyzed. The plotted lines TL and TT1 in Figure 7
show the time taken for the multi-roba team to seethefirst
target and consume one target respedively. The
performance gains are barely noticeale but expeded. The
time taken for the team to consume the first target depends
on the time it was first seen. The eperimenta
environment is relatively small, therefore the benefits of
seaching the targets cooperatively are minimal. By
incressing the size of the environment, significant



improvement of these time measures can be adieved.

Figure 7: Time taken to locate and consume targetsin consuming
tasks

In contrast to the &ove, the time taken for the team to
consume the second (TT2) and the third target (TT3) have
shown significant improvements. The TT2 and TT3 lines
in Figure 8 indicate time reductions of around 6.5 and 12
semnds respedively by utilizing communication to share
perception. Since the time taken for aroba to consume a
target is 10 seoonds, these improvements have
demonstrated the benefit of target alocation strategy.
When there is no communicaion, two robds can
redundantly approach and consume the same target. The
results have dealy shown that independent sub-tasks are
caried out in parallel with a cooperation strategy.

5.2 Surrounding Task

For a surrounding task with multiple robats, cooperation
aims to reduce the target searching time for ead team
member. The avail ability of a cmmon world model allows
the robas to converge to the target location quicker. By
performing the eperiment with communicaion
throughput asthe variable, we car examinethe effed of the
presence of a shared world model and the benefits of the
cooperative strategy. Figure 8 shows the percentage of
successful games for ead experiment. The surrounding
task focuses on perception sharing rather than target
allocaion which relies on the mntinuous avail ability of
communicaion and team planning. The diagram has
demonstrated that intermittent communicdion is adequate
for robasto locate static targets quicker.

Figure 8: Succesful games in surrounding tasks

Figure 9 shows the average time taken for the team to
locaethetarget (TL) and to achieve the goa (TG), and the
average distance aroba traveled to achieve the goal (DG)

at different level of communication throughput. On
average, it takes only about 5 seconds for one robat to see
thetarget. Asacomparison, the averagetime for aroba to
seach through the whole field is around 25semnds. The
TG line in Figure 9 shows the time taken for the team to
achieve the goal condition. The TG line shows that the
robas only require very limited communication packet to
redizethe common target.

Figure 9: Time ad dstance performance measures in
surrounding tasks

The DG line in the same diagram is the average
distance traveled by the robads during the game, and it
provides a performance measure on navigation efficiency.
Both DG and TG lines have shown similar performance
gain in the diagram. This demonstrates that the
performancegainin distancetraveled isrelative to thetime
taken in a surrounding task. Also, the roba's navigationis
efficient as the roba did not have to retrieve from a stuck
situation. However, if more obstades are introduced into
the environment, the time taken should increase & faster
rate than the distancetraveled.

6 Conclusion

A team of roba can produce better cooperative strategies
by performing adion seledion on a mwmmon view of the
environment. By modeling the perceptual information
contributed by team members using certainty grid, such a
common world model can be obtained through explicit
communicaion. Unlike a multi-roba system with
centralized perception, the resulting shared world model
can only provide limited information about the
environment, and usually with high level of uncertainties.
DMAPS relies on this world model and hence reliable
communicdion to share perception for its input. DMAPS
is effedive and robust. The experimental results presented
in this paper not only have shown that reliable
communicdion contributes to better teamwork, but in
many cases, the availability of limited communicaion
packets is afficient to dramaticdly enhance the
cooperative strategy of the team.
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