A World Model for Multi-Robot Teams with
Communication

Maayan Roth, Douglas Vail, and Manuela Veloso
School of Computer Science
Carnegie Mellon University
Pittsburgh PA, 15213-3891
{mroth, dvail2, mmy@cs.cmu.edu

Abstract—In principle, a robot member of a multi-robot team  presented by [1] in their description of the 1999 RoboCup Agilo
with teammates that can communicate their own sensing can build RoboCuppers mid-sized robot team. In the Sony legged-robot
a more accurate world model by incorporating shared information league, the hardware for communication was not available on
from its teammates than by relying only on its own sensing. How- h b’ il 2002 I f d | irel
ever, in practice, building a consistent world model that combines a the robots un'tl '_SO a _teams were forced to re y,ent're y
robot’s own sensing with information communicated by teammate 0N local sensing to build their world models. [10] describes the
robots is a challenging task. In this paper, we present in detail pre-communication implementation of the CM-Pack’01 legged
our approach to constructing such a world model in a multi-robot  rgbot team.
team. We introduce two separate world models, namely amdi- -~ The advantages of utilizing communication when it becomes

vidual world modethat stores one robot’s state, and ahared world : : :
modelthat stores the state of the team. We present procedures to available are obvious. The Agilo RoboCuppers added commu-

effectively merge information in these two world models. We over- nif;ation to their system for the_RoboCu_p 2000 Competition_. By
come the problem of high communication latency by using shared using a Kalman filter to fuse information about the locations

information on an as-needed basis. The success of our world modelof objects in the environment, they enabled each robot on their
approach is validated by experimentation in the robot soccer do- tegm to use a global world model as if it were its own local

main. The results show that a team using a world model that in- . C
corporates shared information is more successful and robust at model [4]. Another highly successful mid-sized robot team, CS

tracking a dynamic object in its environment than a team that Freiburg, designed a system Wh_ere each robot maintains a lo-
does not use shared information. The paper includes a compre- cal world model, but contributes information to a global world

hensive description of the data structures and algorithms, as im- model on a single off-board server. This server then sends
plemented for our CM-Pack'02 team, which because the RoboCup g|opal world model information back to the individual team-
2002 world champion in the Sony legged-robot league. mates, allowing them to update their state of the world [3], [2].
The focus of this paper is to present our solution to the prob-
lem of building a world model for a multi-robot team within the
context of the RoboCup competition. We assume for the pur-
The need to operate under partial observability and interagises of this implementation that the robots are able to sense
with objects in the environment makes the creation of a wortdsk-relevant objects such as the soccer ball, teammate robots,
model a necessity for most robotic systems. In a multi-robahd opponent robots, but the techniques that we describe are
system, where several agents interact simultaneously with eagplicable to any domain where a robot interacts with a com-
other and shared portions of the environment, the need fobiaation passive objects that can be sensed and manipulated,
consistent view of the world is even greater. For systems likgtelligent agents that can be detected but with whom the robot
the ones described in [6] and [7], where the primary goal of theinnot communicate, and intelligent agents that can communi-
system is to cooperatively map an area using several robots, dhee with the robot for the purpose of sharing information.
challenge is to merge information from several agents coher-
ently. However, these observations do not need to be merged inll. SOURCES OFKNOWLEDGE FORBUILDING STATE
real-time, as the environment tends to be static. The 2002 AIBO robots have two sources of information that
In adversarial domains, such as robotic soccer, the envir@re used to build state: vision and communication. Each robot
ment is dynamic. In addition to knowing the positions of itss equipped with a CCD camera located at the front of its head.
teammates to facilitate cooperation, the robot must be ableAt relevant objects in the world are color-coded, allowing the
quickly locate the ball and avoid adversarial agents. When usiique recognition of an object by its color. The camera in-
ing local vision as the primary sensor, soccer-playing agents éemation is processed as described in [10], to produce output
usually unable to observe their entire environment. Unless com-the form of §, y, 6), in the robot’s local coordinate system,
munication between teammates is available, each robot mfgstall of the objects in the current field of view. The objects
model its environment without input from other agents. Untthat the vision system is able to recognize are six color-coded
recently, it was common for teams competing in RoboCup toarkers at known locations around the field, two goals at either
build their world models without using shared information. Arnd of the field, the orange ball, and the other robots, which are
example of world model design without communication for igither blue or red.

I. INTRODUCTION



I11. I NDIVIDUAL WORLD MODEL

Each robot maintains for itself an individual world model that
contains its perception of the state of the world. The individual
world model is a data structure comprised of:

« wm.position the robot’s position

« wmheading the robot’s heading

« wmball, the location of the ball

« wmteammatea vector ofn teammate positions

o Wwm.opponenta vector ofmopponent positions
Each element of the individual world model is stored in global
coordinates as a 2-dimensional Gaussian structured to contain
the same format of information as the Gaussian parametric dis-
tributions described in Section II. We do this to ensure that data
Fig. 1. This is one the Sony AIBO robots for which this world model wa§épresentation remains uniform across all the modules of the
implemented. The round aperture at the tip of the robot's nose is the C@ystem. Each object also has associated with it a timestamp,
camera that is used to capture visual sensor data. Each element of the individual world model is updated by
information either from the vision module, the communication
module, or a combination of the two. The robot’s own position,
wm.positionandwm.headingcomes directly from the localiza-
tion module, which in turn receives its input solely from vision.
The opponent position vectavm.opponentis also determined
entirely from vision information. The teammate position vec-
tor, wmteammatehowever, is determined entirely from shared
information communicated by the teammate robots. Although
the vision module returns positions for robots of both colors,
making it possible to extract some teammate information from
the vision, this information is so noisy that it is discarded en-
tirely in favor of the more accurate shared information. The
position of the ballwm.ball, is calculated by combining its po-
sition as returned by the vision module with information that is
shared between teammates.

Fig. 2. This image shows two AIBO robots on a regulation-sized field. The 1Ne individual world model is updated by calling routine de-

vertical cylinders in the corners of the field are the color-coded markers that gseribed in Table I.
used by the robots for localization.

The known locations of the markers observed by the visidhocedure UPDATEWORLDM ODEL(robot position robot angle
module are used by each robot to compute its own location on ball_pos 0p-pos Teurrent)
the field, using the method detailed in [5] and [9]. The output UPDATELO%.AL'EATL?':(mb.?.tpos” robotang
of thg localization module is two 2_-_dimensiona| Gaussian dis- amﬁgzld'i?]g; :gbgtgg;éon
tributions, one for the robot's position and one for the robot's yppateVision(ball_pos 0p_pos Teurrent)
heading. Each Gaussian distribution is comprised of: UPDATESHAREDINFORMATION(Teurrent)

« 1, the mean, a 2-d vector of (x, y) position UPDATETIME (Tcurrent)

« o, the standard deviation, a 2-d vector of (o)

This year, wireless communication, in the form of 802.11
ethernet, was added by Sony as a standard feature of the AIBO

robotg. This communication, alth'ough it has 'Iow baqdwidth The procedure that updates the world model to account for
and high latency, allows the sharing of state information bgg,y |ocalization information simply copies the localization in-
tween teammates. This paper presents our solution to utilizigmation into wmposition and wm.heading This requires
communicated information effectively, despite being unable i, 1 ocessing, as the input data from the localization module,
synchronize data streams from different robots due to high Iyt positionandrobot angleis already in the format used by
tency, and without relying on an external server for centralizgfe worid model. Additionally, because the objects in the indi-
information processing. vidual world model are stored in global coordinates, they do not

Using the information acquired by each robot through itgeeq g pe shifted to account for the change in robot position.
own vision system and the information communicated be-

tween teammates, we introduce an approach for representing ]

the world with two separate world models: an individual world- Update from Vision

model that describes the state of one robot, and a shared worl&oth the ball positionwmball, and the opponent position
model that describes the state of the team. vector, wm.opponent are updated from the information re-

TABLE |
INDIVIDUAL WORLD MODEL UPDATE PROCEDURE



turned by the vision module, as described in Table Il. The vi-
sion module returns the observed ball positioall_pos and a Proﬁ%‘é‘;ilfﬁ:g;ﬁ\xs'%g(nbal'*pos OP-POS Teurrent)
vector of observed opponent positiolog pos The update is '

if ball_pos# NiL
comprised of two major steps: updating the ball position, and [global = fwm.position + ROTATE(Lball_pos; Hwm_heading )
updating the position of opponents. Because the vision module Oglobal = SMALL_ERROR
returns the locations of objects in coordinates local to the robot, MERGE(wMball, {1ig10bat, Oglobat })
whereas the positions are stored in global coordinates in the Twm-ball = Teurrent

Update the opponent vector.

world model, it is necessary to convert all object positions into for i = 1 to SIZE(Op_pog

global coordinates. If the vision module reports that the ball Lglobal = fwm.position + ROTATE(Llop_pos; » fhwm_heading)
has been seen, it is merged with the old ball position, using the J = argming || bwm opponent, — Hglobal |

method detailed in [8]. The merge method takes advantage of dist = || fwm_opponent; — figioball

if (dist < OP_-THRESHOLD)
Oglobai = SMALL_ERROR
MERGE({ itgiobal, Tgiobal }, wM_opponent;)

the property of Gaussian distributions that states that the prod-
uct of two Gaussians is also a Gaussian. By multiplying the
two position estimates, with their appropriate standard devia-

. . i X X Twm,opponentj = Tcurrent

tions, we end up with an estimate that is a weighted average else

of the old position and the new observation. Because we grow J = argmax (Teurrent — Twm_opponenty,)

uncertainty with time, old information is given less weight than fié‘&”éla(:{ SMALL*ERROF}Q 0

. . . (o} , wm-opponent;

new information that starts with the default small standard de- Hotobal, Tglobal PP !
.. . Twm_opponent; = Tcurrent

viation, SMALL _ERROR allowing us to converge to the correct

ball position with relatively few observations. However, by not TABLE Il

discarding the old ball position out of hand, we are able to main- PROCEDURE TOUPDATE FROMVISION

tain a smoother estimate of ball position that does not fluctuate

drastically as a result of spurious sensor readings. When mebpg-an individual robot. If the ball has not been observed by the
ing the ball positions, it is important to limit the standard deviarobot for a period of time greater thag),csno14, the best avail-
tion, owm_sail, 10 NO less than the default minimum confidencable ball location is requested from the shared world model,
value,SMALL _ERROR to prevent it from becoming vanishingly using theGETBALL LOCATION function described in Section
small. IV.

It should be pointed out that in earlier implementations of Because the vision information that is returned for observa-
the individual world model, we experimented with updating thi#gons of robots, both teammates and opponents, is extremely
ball position without merging with old information. Instead, thenoisy, it is always preferable to use the position provided by
position reported by vision was trusted immediately. Althougbach teammate, rather than attempting to integrate the two
this method allowed for faster response time when locating teeurces of information. In the update, the position of each team-
ball, it was subject to noise due to sensor error, and was disate is requested from the shared world model and stored in
carded after experimentation. wm.teammate

The vision module returns a vector of the positions of all
_oppo_nent robots that were observed. I—_|0\_/vever, as the ro.botslg:lrrececmreUPDATESHAREDI NFORMATION(r )
identical, there are no visual characteristics that distinguish onéJIf the ball has not been seen in a long tiﬁé:errétquest its
opponent robot from another. Instead, we developed a method|gcation from the shared world model.
that attempts to match a new observation of an opponent robot  if 7.urrent — Twm ball > Tthreshold
to a previously observed opponent and then updates its location. sharedball = GETBALL LOCATION(7current, robotid)
If no matching robot is found to be withioP_-THRESHOLD, the if sharedball 7 NIL
maximum allowable distance, of the new observation, the oldest wm.ball = MERGE(wm.ball, sharedball

. . . . Twm_ball = Tcurren
position in the opponent vector is merged with the new value.  Get teammate foﬁfation from tthe shared world model
fori=1ton
B. Update from Shared Information wm.teammate = GETTEAMMATE L OCATION(i)
The ball position and the teammate position vector are up- TABLE Il

dated, as in Table Il from information stored in the shared
world model. The format of the shared world model is de-
scribed in Section IV. )
As explained in Section II, the communication latency bés- Update from Time
tween robots is extremely high. Each robot receives informa-Because the robot soccer environment is dynamic, we expect
tion from its teammates, on average, every .5 seconds, but tingects to move over time from where the robot last observed
latency was observed to be as high as 5 seconds. Additionalhem. However, we present here a position-only world model
because timestamps associated with the data are local to ¢helh does not attempt to track velocities, although we intend
robot and cannot be matched between robots, it is impossiblddanvestigate velocity-tracking in the future. To account for
integrate shared information via a Kalman filter, as was doneunobserved motion of objects without knowing their velocities,
[4]. Because of these restrictions, we use the shared ball infare grow our uncertainty for any object in the individual world
mation sparsely, and only when the ball cannot be easily locataddel that was not observed in the last time step.

PROCEDURE TOUPDATE FROM SHARED INFORMATION



Procedure UPDATETIME (Teurrent)

If any object has not been updated this time period, add

some error to its standard deviation.
if Twm_ball ?é Tcurrent
Twm_ball = O’w'm,bull"' SMALL_ERROR
fori=1tom

Owm.opponent; = Twm_opponent; T SMALL_ERROR

TABLE IV
PROCEDURE TOUPDATE FORTIME

D. Accounting for Localization Changes

from this robot. Each element swmpositionandswmball is
made up of a 2-dimensional Gaussian and a timestangs in
the individual world model.

Updates to the shared world model occur asynchronously,
with each robot updating its model whenever it receives a
broadcast from a teammate. This means that communication
latency or dropped messages may cause the shared world model
contents to differ among robots. By not requiring synchroniza-
tion between teammates, we avoid the communication overhead
required to synchronize. Each robot broadcasts its own shared
information at a rate of 2 HZ. Although this seems slow, itis due

The localization module and the individual world model arin part to bandwidth limitations. Additionally, because the high
updated at different times during the system execution, makiagd variable latency prevents us from using the shared informa-
it necessary to correct the world model to account for changtisn for fine-grained control, there is no reason to broadcast at
in localization information. When the robot executes a localiza-higher rate.

tion update due to seeing a marker, its estimate of its own posi-
tion changes, even though its physical position has not changed.
To ensure consistency between the individual and the shafit
world models, objects in both world models are stored in glob |
coordinates. However, this means that changes in the robd
knowledge of its position caused by seeing a marker also m
it appear to the robot as if the other objects in its environme
have suddenly changed position with respect to itself. Becausl
we need to know the position of the ball with high accuracy &
all times, it is necessary to correct the position of the ball to ai
count for this shift immediately. The procedure in Table V wa¥

implemented to correct for this source of error.

Procedure SHIFTBALL ()

Getrobot positionandrobot angle the current robot
position and heading.

Shift the ball position into local coordinates:
Utolocal = ROTATE( Lurobot position, — [robotangle)
MHwm_ball = Hwm_ball — Hto_local

Do the localization update from the sensor reading.

Get the updated robot position and heading.

Shift the ball back into global coordinates:

Hto_global = ROTATE(MmemLL, Mrobotangle)
Hwm _ball = [Hrobotposition — [to_local

TABLE V
CORRECTION FORLOCALIZATION SHIFT

IV. SHARED WORLD MODEL

The shared world model is a fully distributed data structure

TThe shared world model also contains two methods (Table VI
éd Table VII) that are relevant to this paper. These methods
e used by the individual world model to access information
gred in the shared world model. TieETTEAMMATELO-

e requested teammate as it stored in the shared world model.
eGETBALL LOCATION procedure determines which, among
Fthe ball positions estimates reported by the team members,
IS the 'best’ estimate of the true ball position. In the future,

e may find it worthwhile to attempt to merge ball estimates
as they are reported by different teammates. However, in the
current implementation, we attempt to select the ball estimate
that has the lowest uncertainty, and which has been observed
within a reasonable period of timey,,.cshoiq- We do not allow

a robot to retrieve its own reported estimate from the shared
world model, as this would only reinforce the robot’s belief
without adding new information. Additionally, we require the
uncertainty to be below;,,-csho1d, @ Maximum uncertainty.

q;leON function is straightforward; it returns the position of

Procedure GETBALL LOCATION(T¢yrrent, robotid)
ball = NIL
bestconfidences oinreshold
fori=1...n
if < # robot.id
if ISVALID (i, Teurrent)
if oswmobatr; < bestconfidence
bestconfidences oswm_baii;
ball = swm_ball;
' return ball

with each robot maintaining its own on-board copy. The con-

tents of each robot’s shared world model are:
« swmposition a vector ofn teammate positions

« swmball, a vector containing each teammate’s estimate of

the ball position

Procedure ISVALID (i, Tewrrent)
ifi<Oori>n
return FALSE
if Teurrent — Tswm_ball; > Tthreshold
return FALSE

« swmgoalie, a vector containing a flag for each teammate, if osym pai; > Othreshold

indicating whether or not that robot is the goal keeper

return FALSE

. swmsawball a vector containing a flag for each team- if swm_sawball; # false

mate, indicating whether or not that robot saw the ball in

the last time step

return FALSE
return TRUE

The last flag,swmsawball is important because it prevents TABLE VI

other robots from incorporating old or second-hand information

PROCEDURE TOGET THE BESTBALL LOCATION

into their individual world models when they receive an update



time # SEARCHSPIN
Procedure GETTEAMMATE LOCATION(i) (min) | SEARCHSPIN per minute
return swme_position; SHARED 87.35 192 2.198
NO_SHARED | 88.84 418 4.705
TABLE VII
PROCEDURE TOGET THE LOCATION OF A TEAMMATE TABLE VI
COMPARING HOW OFTEN THE BALL IS LOST BY COUNTING TRANSITIONS
V. EXPERIMENTAL RESULTS INTO THE SEARCH.SPINBEHAVIOR, WITH AND WITHOUT SHARED
The shared and individual world models presented in this INFORMATION

paper were used by the CM-Pack’'02 legged-robot team in the

2002 RoboCup competition that took place in Fukuoka, Jap R_their starting positions. After each 10 minute trial, the robot
The team performed extremely well, winning the comr;etitio atteries were changed, and the robots were restarted from their

to become the world champion. In order to experimentally ve'rQitial configurations. Each attacker robot wrote to an on-board
ify the efficacy of the world model separately from the overa P9 file the time for which it was active and each instance when

performance of the team in competition, we compared the tﬁet_ransnmn_ed into the SE,ARCJr$PIN behavior. We were only
havior of a robot team using this world model, constructed Wimterested n 'the attacker's logs because the goal kgeper robots
both sensor and shared information, to a robot team using ofih hot pgrmﬂted to execute the'SEA IN behawor. we
sensor information for determining ball location. We had ori@" "0 trials each of fully functional teams, using both sen-

inally intended to use an overhead camera to record the podiS and shared information to construct its world model, and

tion of the ball on the soccer field and compare it to the robot§aMs from which all instances of ball information-sharing was
emoved. Table VIII shows a summary of the data collected.

estimate of the ball position. However, while running that ex- ARED refers to the teams that use shared information and
eriment, we discovered that the robots themselves physic ) .
b phy _SHARED refers to the teams that did not share ball infor-

lude the ball with their bodies, ting it f bei é}ln X
oceiide the batt Wi eir 10cles, preventing 1 from being se tion. The “# SEARCHSPIN” column gives the raw counts

by the overhead camera for as many as 36% of the time st . . .
recorded. Our current system for tracking the ball from over- ow many times the SEARCISPIN behavior was triggered.

head does not account for ball occlusion, thereby reducing Qés(;eﬂects ton:jy the ?ulmber of t|mtetithat the t;er}atymr ?ﬁgtatr;]’
efficiency for data tracking. We will be enhancing our glob nb toes nct) a qua etz respéispfggmﬁ gmhoun OA;{Ee ﬁ €
vision system in the future to account for this problem. robots spent executing the ehavior. oug

The robot behaviors for this system are comprised of ma do not currently have data to support this obrservation, itis
behavior states, some of which can execute simultaneous) r belief, formed through long periods of observing the teams,

Each robot transitions between states due to the contentst it the robots utilizing shared information not only transition
its individual world model, the output of its localization mod-'n_ttcr)] thf ShEAZQHfSPIthehal\J/lotr I;ess freqt:jently t_zan r;lbolts
ule, and the output of several potential functions, described {fi1out shared information, but also spend considerably 1ess
[11]. During the execution of most behaviors, such as po§|me gxecutmg the behavior once it has begun. _'I_'he f|_nal col-
tioning itself on the field or walking towards the ball, the robo mn in Table VIl represents the number of transitions into the

opportunistically observes the world, updating its world mod ET'?]RCFESIEIN beftlrz]iwor p?(; minute. d i ¢ | tored
and localization as it sees markers or objects. If its uncertaint € robols use the contidence and imestamp values store

about its position or the position of the ball grows above a Céﬁlthe individual world model to determine when to transition

tain threshold, the robot executes an active localization beh \}—O the SEARCHSPIN behavior. 'Therefore, we consilder the
ARCHSPIN behavior to provide an accurate estimate of

ior, where it turns its head in the expected direction of marke o .
P lﬂé)w frequently the individual world model considers the ball

or the ball, in the hope of observing relevant features. Th be lost. Without shared inf tion f their t ¢
behavior executes concurrently with other robot behaviors and € lost. Without shared information from their ttammates,
robots lost the ball 2.14 times more frequently than robots

does not cause interruption. However, if the ball has not be

observed for a long time, and no other information has aIIowé t did mcqrporate .shared information. - This causes them to
Jyerrupt their behaviors to search for the ball more frequently,

is considered “lost”, and the robot transitions into a behavig?ducmg their effectiveness at accomplishing the task of play-
called SEARCHSPI'N The threshold of time without know- Mg SOCCer. By effectively integrating information that is shared
ing the position of the ball that triggers a transition into thBetween cooperative agents, as demonstrated by these results

SEARCHSPIN behavior was chosen to be approximately %md the results shown in [11], we are able to minimize the in-

seconds. In this behavior, which interrupts the robot’s previoﬁgance?’ in which the robots are unable to locate the ball, thus
behavior, the robot spins in place, attempting to locate the b proving the performance of our rqbots over what they would
on the field. Because this behavior interrupts other behavio s able to achieve without cooperation.
we seek to minimize its occurrence.

In the experiment that we conducted, we ran two teams, each VI. CONCLUSION
comprised of three robots, in several soccer games against eacrhe results of our experiment clearly show that sharing infor-
other. The teams used identical software, and each had twora&tion about the state of the world with teammates helps robots
tacker robots and a goal keeper. Each game lasted aroundd6vercome the problem of partial observability when locating
minutes, during which the ball was replaced in the center of thelevant objects in their environment. By using both the in-
field if a goal was scored, but the robots were not moved badlkidual and the shared world models, the robots were more



aware of the position of the ball, and needed to interrupt theg)
behaviors to search for the ball with lower frequency. Although
the communication available for our use had high and variahig,
latency, making it impossible to synchronize with sensor data
that arrived predictably at 25 HZ, we were able to utilize shared
information effectively by using it only on an as-needed basiss )

As the AIBO hardware continues to evolve, we hope that
lower latency communication will become available for our use.
This will enable us to conduct future investigations such as the
benefit of simultaneously observing an object from multiple lo-
cations and merging observations. These observations can be
especially important for tracking of a moving object like the
ball. Even without hardware improvements, the accuracy of
opponent detection in our current model remains to be deter-
mined. We hope also to improve our ability to observe the en-
vironment using an overhead camera, both to enable us to com-
pare our robots’ perceptions of the world to the ground truth
of the world state, and to investigate the integration of global
information with local sensing and communication.
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