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Abstract. This paper presents some of the work developed in the CAMBADA
team at the sensor and information fusion level, as well asldpments at the
behaviours level. Specifically, the ball sensor and infaiomefusion techniques,

to improve the position and velocity reliability, are deébed, as well as intercep-
tion behaviours based on that reliable velocities, allgWor different approach-
ing behaviours to the ball, are depicted. The described wopkoved the team
performance, allowing it to distinctively achieve the 1kqe in the Portuguese
robotics open Robotica2008 and in the world championsloipd®up2008.

1 Introduction

Robotic soccer is nowadays a popular research domain inrfaecd multi robot sys-
tems. RoboCubis an international joint project to promote artificial iiigence, robotics
and related fields that includes several leagues, each dma different approach, some
only at software level, others at hardware, with single oltiple agents, cooperative
or competitive [1]. The CAMBADA team was created to partatpin the middle size
league of robotic soccer, which requires the integratioseseral technologies in or-
der for the robots to play soccer, such as autonomous agehigeatures, multi-agent
cooperation, strategy acquisition, real-time reasorgngtrol and sensor fusion.

In the context of RoboCup, the “middle size league” (MSL) reecf the most
challenging. In this league, each team is composed of 4 tb@savith maximum size
of 50x50cm base, 80cm height and a maximum weight of 40Kg;ipdgin a field of
18x12m. The rules [2] of the game are similar to the officidiA-tules, with required
changes to adapt for the playing robots. Each robot is antons and has its own
sensorial means. They can communicate among them througielass network and
with an external computer acting as a coach. This coach ctanpas no sensor of any
kind, it only knows what is reported by the playing robotseTdgents should be able
to evaluate the state of the world and make decisions saitadulfil the cooperative
team objective.

CAMBADA, Cooperative Autonomous Mobile roBots with Advanced Distributed
Architecture, is the Middle Size League Robotic Soccer team from Aveiravensity.

! http://www.robocup.org/



The project started in 2003, coordinated by the IEEAARI® group. It involves people
working on several areas for building the mechanical stmeadf the robot, its hardware
architecture and controllers and the software developinareas such as image anal-
ysis and processing, sensor and information fusion, réag@md control.
Since its creation, the team has participated in severapetitions, both national and
international. Each year, new challenges are presentddem objectives are defined,
always with a better team performance in sight. The teamesedithe 1st place in
the national competitions Robo6tica2007 and Rob6tic82€te 5th place in the world
championship RoboCup2007 and the 1st place in the world ptoarship RoboCup2008.
This paper includes a brief description of the CAMBADA sddt@ agent in Sec-
tion 2 to contextualize the described work. Having the dfjecof developing new
behaviours to intercept the ball based on a prediction dfiitsre position rather than
moving to its current position, one felt the necessity td firgprove the reliability of the
estimation of the ball position and velocity. For that, impements on the integration of
ball information and sensor fusion of ball data were neagssaiich are described in
Section 3. The developed behaviours are presented in 8ectod some conclusions
and comments on the developed work are presented in Section 5

2 CAMBADA

The CAMBADA team is currently composed of 6 robots (Fig. dth a general ar-
chitecture described in [3,4,5] and also a description efhysical structure is present
in [6].

The software system in each robot s distributed among uaiomputational units.
High level functions are executed on a PC, while low levettions are executed on mi-
crocontrollers. A cooperative sensing approach based @ab Rme Database (RTDB)
[3,7,8] has been adopted. The RTDB is a data structure ustitelypbots to share their
world models. It is updated and replicated in all playersdalitime. The high-level
processing loop starts by integrating perception infoiromagathered locally by the
robot, namely, information coming from the vision systend aalometry information
coming from the low-level layer. This information is afteamds stored in the RTDB.
The next step is to integrate the robot local informatiorhwite information shared
by team-mates, disseminated through the RTDB. The datadsinithe RTDB is then
used by another set of processes that define the specificlyebaviour, by generating
commands that are sent down to the lowlevel control layer [6]

The tasks performed by the high-level loop are describedign Eb. As shown
in the diagram, the integrator module is responsible fotirggthe sensorial data and
building the representation of the state of the world. Tkisresentation is then used
by the behaviours to define their set points and by the higived layer. The roles and
decision modules use the behaviours and act according tmtiditions of the state of
the world. The behaviours are the ones responsible for defitlie commands to be
sent down to the actuators of the robot.
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Fig. 1. Left, a): Picture of the team robots; Rigltt): High-level tasks diagram.

The work described was done at the three lower levels of tigrdim, the integrator,
the worldstate and the behaviours.

3 Integration

The integrator module is responsible for updating the wetéde representation. For
that task it may use the values stored in the previous reptatsen, the current sensor
measures (eventually after pre-processing) that has justd, the current actuator
commands and also information that is available from otbépts sensors or world
state. This is essentially an information fusion probleitme Tost common methods to
tackle information fusion are based on probabilistic apphes, including Bayes rule,
Kalman filter and Monte Carlo methods [9]. Within RoboCupeyelteams have used
Kalman filters for the ball position estimation [10,11,13,1in [13] and [12] several
information fusion methods are compared for the integradibthe ball position using
several observers. In [13] the authors conclude that thenHalreset filter shows the
best performance.

In our case, a Kalman filter was chosen to refine the estimafitime ball position.
The integrator module is the first task to be executed by thwame agent, and starts
by getting the RTDB vision information. It then updates théormation provided by
the low-level micro controllers. This update includes igetthe odometry values and
calculating the displacements since last cycle for x, y amgur components and
getting the current battery and ball engaged sensor statuatification of the coach
computer is made, by reading the coach information on theBRTiDe coach computer
defines the team colour and the goal colour. Also, the starstp commands are given
by the coach computer. The team mates information is read fhe RTDB and the
obstacle vector in the worldstate is updated by the currisigrvobstacle information.



The localisation algorithm (based on the Tribots team algar [14])then uses the
vision information of the field lines and the odometry digglments to estimate the
agent position on the field. After getting the position, aeén regression is used to
estimate the agent velocity. Since the line based localisaan be ambiguous due to
symmetry of the field, a verification is needed. This verifmatis made by getting
the robot orientation from an electronic compass and esgirttee orientation error.
Afterwards, the integration of the ball position and velpds done, the state of the
game is updated and a free path for the opponent goal is ¢stima

All the information available from the sensors in the cut®ycle is kept in specific
data structures (Fig. 2), for posterior fusion and intégratbased on both the current
information and the previous state of the world.
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Fig. 2. Integrator functionality diagram.

3.1 Ball position estimation

The information of the ball state (position and velocity)ierhaps, the most important,
as it is the main object of the game and is the base over which decisions are taken.
Thus, its integration has to be as reliable as possible. €oraplish this, a Kalman
filter implementation was created to filter the ball positgstimates given by the visual
information.

It is assumed that the ball velocity is constant betweenesy@lthough that is not
true, due to the short time variations between cycles, atd@milliseconds, and given
the noisy environment and measurement errors, it is a rattwptable model for the
ball movement. Thus, no friction is considered to affectlib#, and the model doesn’t
include any kind of control over the ball. Therefore, giviea Kalman filter formulation
(described in [15]), the assumed state transition modeVvendoy

1 AT
Xp = {O 1 :|Xk—1

whereX}, is the state vector containing the position and velocitheftall. Technically,
there are two vectors of this kind, one for each cartesiaredsion &,y). This velocity
is only internally estimated by the filter, as the robot sess@an only take measure-
ments on the ball position. After defining the state traasitnodel based on the ball



movement assumptions described above and the observatidel nthe description of
the measurements and process noises are important issatésnd.

The measurements noise can be statistically estimatedkimgtameasurements of a
static ball position at known distances. The standard tieviaf those measurements
is used to calculate the variance and thus define the measatemoise parameter.
In practice, the measurements of the static ball were taltele whe robot was rotating
over itself, to simulate movement and the trepidation isesiso that the measurements
were as close to real game conditions as possible. Some odghis are illustrated in
Fig. 3.
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Fig. 3. Noisy position of a static ball taken from rotating robots.

A relation between the distance of the ball to the robot aedtleasurements stan-
dard deviation is modeled by the 2nd degree polynomial bitistgfithe data set in a
least-squares sense (Fig. 4). A 1st degree polynomial dud# the data properly, and
assumes negative values for positive distance, which isomptable. Given the few
known points, a 3rd degree polynomial would perfectly fidadif them. However, these
known points are also estimated and thus cannot be takeraat &or that reason, a
curve that would exactly fit them is not desirable.

As for the process noise, this is not trivial to estimatecsithere is no way to
take independent measurements of the process to estimatarnidard deviation. The
process noise is represented by a matrix containing therieovgs correspondent to
the state variable vector.

Empirically, one could verify that forcing a near null prgsenoise causes the filter
to practically ignore the read measures, leading the fitemiphasise the model pre-
diction. This makes it too smooth and therefore inappraeri@n the other hand, if it
is too high, the read measures are taken into too much acaadrihe filter returns the
measures themselves.

To face this situation, one had to find a compromise betweshilisy and reaction.
Given the nature of the two components of the filter stateitipasand speed, one may
consider that their errors do not correlate.
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Fig. 4. Representation of the standard deviation value for vagididtance to the robot. Data set
points as blue dots. 1st degree polynomial as dashed lidej@yree polynomial as solid line.

Because we assume a uniform movement model that we know iketrue nature
of the system, we know that the speed calculation of the miededt very accurate. A
process noise covariance matrix was empirically estimdtaged on several tests, so
that a good smoothness/reactivity relationship was keapt 3.
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Fig. 5. Kalman filter over theoretical noisy positions of the baheTunfiltered ball positions are
the blue hexagrams, filtered positions are the red dots.

In practice, this approach proved to improve the estimaifdhe ball position. Fig-
ure 6 represents a capture of a ball movement, where the ttdslare the ball positions
estimated by the robot visual sensors and thus are unfiltRestistars represent the po-
sition estimations after applying the Kalman filter. Thd bes thrown against the robot
and deviated accordingly and the robot position is repitesey the black star in its
centre and its respective radius. It is easily perceptlidé the unfiltered positions are
affected by much noise and the path of the ball after thestotiiis deviated from the
real path. The filtered positions however, seem to give a rbetier approximation to
the real path taken by the ball.
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Fig. 6. Plot of a ball movement situation. See text for details.

Using the filtera-priori estimation, a system to detect great differences between
the expected and read positions was possible to implemimtjirg to detect hard
deviations on the ball path.

3.2 Velocity estimation

The calculation of the ball velocity is a feature becomingeend more important over
the time. It allows that better decisions can be implemebgekd on the ball speed
value and direction. Assuming the same ball movement moslaribed in the previ-
ous section, constant ball velocity between cycles andiatidn considered, one could
theoretically calculate the ball velocity by simple ingtameous velocity of the ball with
the first order derivative of each compon%@, being AD the displacement on con-
secutive measures atil’ the time interval between consecutive measures. However,
given the noisy environment it is also predictable that #pproach would be greatly
affected by that noise and thus its results would not befaat®y (as it is easily visible
in Fig. 7.a).

To keep a calculation of the object velocity consistent itgldisplacement, an im-
plementation of a linear regression algorithm was choskis.dpproach based on linear
regression ([16]) is similar to the Tribots team [17] vetga@stimation. By keeping a
buffer of the lastm measures of the object position and sampling instant (s1¢ase
buffers of 9 samples were used), one can calculate a regnds® to fit the positions of
the object. Since the object position is composed by twodinategx,y), we actually
have two linear regression calculations, one for each deémanalthough it is made in
a transparent way, so the description in this section issptesl generally, as if only one
dimension was considered.

When applied over the positions estimated by the Kalmaum,filie linear regression
velocity estimations are much more accurate than the ingtdacities calculated by

AD iaihla in i
AT as visible in Fig. 7.b.



Velocity representation using instant velocities Velocity representation using Linear Regression over Kalman filtered positions

ball was moving in this direction | ball was moving in this direction
when capture started ! s capture started

~ | ~

~—

XX field coordinate (m)
XX field coordinate (m)

| 2nd deviation

T deiaiod /] /)
V) / /
l ./ A 1

3

1 1 0
YY field coordinate (m) YY field coordinate (m)

a) b)

Fig. 7. Velocity representation using: Lefs): consecutive measures displacement; Right,
linear regression over Kalman filtered positions.

In order to try to make the regression converge more quicklgeviations of the
ball path, a reset feature was implemented, which allowstidel of the older values,
keeping only then most recent ones. This reset results from the interactiohn thie
Kalman filter described above, which triggers the velooityat when it detects a hard
deviation on the ball path.

Although in this case the Kalman filter internal functioniegtimates a velocity,
the obtained values were tested to confirm if the linear s=joa of the ball positions
was still needed. Tests showed that the velocity estimayeth® Kalman filter has
a slower response than the linear regression estimation wéeations occur. Given
this, the linear regression was used to estimate the vglbeitause quickness of con-
vergence was preferred over the slightly smoother appratxamn of the Kalman filter
in the steady state. That is because in the game environtherall is very dynamic,
it constantly changes its direction and thus a convergeniess than half the cycles is
much preferred.

The results achieved by the presented work served as a lyake fievelopment of
the new behaviours presented in the next section.

4 Behaviours

The behaviours define the velocity to apply on the wheelguitin 3 attributesel X,
velY and velA, for velocity's x, y and angular components, respectively. Given the
specificity of each different behaviour, they inherit thepensability of calculating
the values of the velocity by its own means. Also, the cordfdloth the kicker and the
grabber is kept by the behaviours.

For the presented behaviours, the velocities are calacutaeed on the need to get
to the defined target position.

The need for a way to approach the ball other than moving tliréowards its
instantaneous position became evident since it was vettii@dthe robot describes a



completely unnecessary arc to get to the ball and in mossaasald have to chase it
back, loosing much time and strategic advantage.

Avoiding this kind of situations was a need, and thus theragption algorithms
described below were created.

4.1 Passiveinterception

One approach to intercept the ball is to passively “wait”ifolhis approach can be
advantageousin situations where the robot should not ghédyall, but rather intercept
its path and then, if the ball reaches it, move forward witfifite used approach is based
on the ball velocity direction. The ball speed vector is aged as a line segment with
origin in the ball. That line represents the ball path anddlosest point of the path
line to the robot position is calculated; geometricallg gerpendicular point is always
the nearest. The calculated point is the one where the rdimtic go to in order to
intercept the ball path (Fig. 8).

v
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inercepton poit
ferat
/ ball path jne

Fig. 8. lllustration of the passive interception behaviour. Thé Baocity vectorV is extended
as a line defining its path. The robot calculates the closast pver the line, relatively to itself,
and defines it as the interception point.

In the practical experiment represented in Fig. 9, the balles from right to left in
a practically straight line. The ball positions are repréed by blue hexagrams and the
robot positions by red dots. The calculated interceptiantge represented by a small
black circle, in this case, near (0.2, -1.7). It is visuallrifiable that the interception
point is, as expected, the perpendicular interception efidll velocity direction line
and the robot velocity direction line.

The results obtained by this approach were effective, aihahis behaviour does
not guarantee the robot gets to the interception point bdfar ball in minimum time,
as it only evaluates its direction and goes to the path. Fady #nother behaviour was
defined, the active interception.

4.2 Activeinterception

The active interception appears naturally from the passne as in certain situations
one is interested in getting in front of the ball in minimurmé, and necessarily has
to evaluate, besides the velocity direction, the speedevialicalculate an interception
point where the robot can get to before the ball. The algeritised to calculate the in-
terception point assumes a constant robot speed. Congidkdt unknown coefficients
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Fig.9. Plot of a capture of a passive interception (the presentsiipas are estimated by the
robot). See text for details.

of friction, slidings on the wheels, and other externaldastaffect the robot speed, the
constant usually assumed is a bit conservative, currerlynls.

The idea is to evaluate the ball line path and estimate a po#itthat line where
the robot can get before the ball does (Fig. 10).

Fig. 10. lllustration of the active interception behaviour. At agivpoint over the ball path line,
it is estimated that the robot can get there before the balljttbecomes the interception point.

In the practical experiment represented in Fig. 11, therbalNes from top centre
to bottom centre with a sightly curved path. The calculatédrception point is repre-
sented by the small black circle near (0.2, -0.1). Given #gations in speed evalua-
tion and the conservative assumed robot speed, the roliospaivs that the robot goes
ahead of the ball and then goes back to catch it. For plotpregaition, one must keep
in mind that the hexagrams and dots represent the centralofimball and the robot;
each of these objects have a radius, and thus, when the rabthé ball engaged, the
dots are necessarily separated by around 25cm.
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Fig. 11. Plot of a capture of an active interception (the presentesitipas are estimated by the
robot). See text for details.

This interception behaviour takes advantage of a well rdflved| velocity estima-
tion, and proved to be quite effective.

5 Conclusion

Reliable estimations of the ball position and velocity arémaportant aspect to develop,
since high level decisions can and should be based on thehgdall is moving.

The chosen techniques for information and sensor fusiomeprdo be effective
in accomplishing their objectives. The Kalman filter allotesfilter the noise on the
ball position and provides an important prediction featnhéch allows fast detection
of deviations of the ball path. The linear regression usedstimate the velocity is
also effective, and combined with the deviation detectiasddl on the Kalman filter
prediction error, provides a faster way to recalculate #leaity in the new trajectory.

At the behaviours level, the implementation of the intetimeys and the approach
point calculation are the first step for “predictive” feataron the CAMBADA robots,
as they allow for movement ahead of the ball, instead of gdiregtly to it. However,
it was only possible to make them effective due to the impnuset of the ball velocity
accuracy.

The new passive interception behaviour brought a new dyméorthe game, as it
was used in real game situations during the Robbtica2068&gand RoboCup2008
games.

The active interception behaviour was not tested in realggsitnations yet, but can
provide a good solution for future needs of the team strategy

The described work improved the team performance, allowting distinctively
achieve the 1st place in the Portuguese robotics open RaB608 and the 1st place in
the RoboCup2008.
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