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1 Vision

The vision module is responsible for converting raw YUV camera imagesinto
information about objects that the robot sees.This is donein two major stages.
The low level vision processesthe whole frame and identi�es regionsof the same
symbolic color. We useCMVision [2, 1] for our low level vision processing.The
high level vision usestheseregionsto �nd objects of interest in the image. The
robot usesthe 176 by 144 image sizeexclusively.

1.1 Low Level Vision

The low level vision is unchangedfrom last year. The low level vision converts
raw YUV cameraimagesinto 4-connectedregionsof the samesymbolic color. It
doesthis in several stages.The imageis �rst segmented accordingto a threshold
table. This converts each pixel from a YUV value to a symbolic color likeorange.
The color segmented image is then run length encoded to reducethe amount of
memory consumedby the image and speed further processing.The run length
encoded (RLE) image is then analyzed to �nd 4-connectedregionsof the same
color. Somenoiseis then removed by merging nearby regionsof the samecolor.

1.1.1 Color Segmentation

The robot usesa 3D lookup table for color segmenting the image. The lookup
table is indexed by the high bits of the raw Y, U, and V values of the pixel.
The number of bits usedfrom each component is con�gurable. We used4 bits
of Y and 6 bits each of U and V at the competition for a total of 16 bits. This
yields a lookup table of size65536bytes. Each entry of the lookup table stores
the index number for the symbolic color to assignto the pixel or 0 if the pixel
is background. The thresholds are learned from example imagesas described
in section 1.3. The color segmentation processusesthe threshold table on each
pixel of the image to produce a color map (cmap) for the image (seeFigure 1
for the e�ect of this process). This cmap image is available to the high level
vision to check the symbolic color of individual pixels. We treat the �eld green
and the marker greenas the samecolor when segmenting.

1.1.2 Run Length Enco ding

The cmap image is then run length encoded. This consists of replacing hori-
zontal runs of the samecolor with a run. A run stores the color it is associated
with, the x,y location at which it starts, and the number of pixels included in
the run. Run length encoding reducesthe size of the image in memory. This
reducesthe amount of time neededby the processorto scanover the entire im-
agewhile performing somefunction. Only non-background pixels are encoded
into runs, which is why the x,y location is needed.We found that this increases
the speedat which the robot can processdata. An exception to this is the last
background run on each scan line is stored. This allows for more regular code
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Figure 1: The result of classifying imagesfrom the robot. Sourceimageson the
left, classi�ed imageson the right.

3



Figure 2: Region forming processon RLE image

since each line has at least one run on it. The output of this stage is a run
length encoded (RLE) image.

1.1.3 Finding Connected Comp onents

The merging method employs a tree-basedunion �nd with path compression.
This o�ers performance that is not only good in practice but also provides a
hard algorithmic bound that is for all practical purposeslinear [8]. The merging
is performed in place on the classi�ed RLE image. This is becauseeach run
contains a �eld with all the necessaryinformation; an identi�er indicating a
run's parent element (the upper leftmost member of the region). Initially , each
run labels itself as its parent, resulting in a completely disjoint forest. The
merging procedurescansadjacent rows and mergesruns which are of the same
color classand overlap under four-connectedness.This results in a disjoint forest
where the each run's parent pointer points upward toward the region's global
parent. Thus a secondpassis neededto compressall of the paths so that each
run is labeled with its the actual parent. Now each set of runs pointing to a
single parent uniquely identi�es a connectedregion. The processis illustrated
in Figure 2). The regions are then extracted by �nding all of the runs that
have the sameparent. The runs for each region are linked together into a linked
list to facilitate further processing. Summary statistics are gathered for all of
the regions including: bounding box, centroid, and area. The regionsare then
separatedbasedon color into linked lists and sorted in order of decreasingarea.
The linked lists of regionsform the output of this last stageand the main input
to the high level vision.
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1.1.4 Region Merging

The purposeof region merging is to combine several nearby smaller regionsinto
a single larger region in order to remove noise. This is done by considering
merging all pairs of regions of the same color. The criterion for deciding to
merge the regions is basedo� of the resulting density of the combined region.
Each color hasa density threshold associated with it. Two regionsare combined
if the combined pixel area of the regions divided by the pixel area covered by
the new bounding box is above the density threshold.

1.2 High Level Vision

The job of high level vision is to �nd objects of interest in the camera image
and estimate the position of theseobjects relative to the robot. The high level
vision has accessto the original image, the colorized (cmap) image, the run
length encoded (RLE) image, and the region data structures from the low level
vision in order to make its decisions. The region data structures form the
primary input to the high level vision. The high level vision also gets input
from the motion module in order to calculate the pose of the camera. The
parameters sent from the motion object (via shared memory) are the body
height, body angle, head tilt, head pan, and head roll. The high level vision
looks for the ball, the goals, the markers, and the robots. For each object, the
vision calculates the location of the object, the leftmost and rightmost angles
subtendedby the object, a con�dence in the object, and a con�dence that the
IR sensoris pointing at the object. The location of the object is a 3D location
relative to a point on the ground directly beneath the baseof the robot's neck.
Theseposition calculations are basedupon a kinematic model of the headwhich
calculatesthe position and poseof the camerarelative to this designatedpoint.
The con�dence in the object is a number between0 and 1 which indicates how
well the object �ts the expectations of the vision system,0 indicating de�nitely
not the object and 1 indicating no basis for saying it is not the object. The
IR sensorcon�dence is similar. The following sectionsexplain how the various
objects in the image are located.

1.2.1 Ball Detection

Ball detection is mostly the sameas last year. The ball is found by scanning
through the 10 largest orange regions and returning the one with the highest
con�dence of being the ball.

Con�dence Calculation The con�dence is basedon a bunch of components
multiplied together plus an additiv e bonus for having a large number of orange
pixels. The following �lters are used:

� A binary �lter which checks that the ball is tall enough (3 pixels), wide
enough(3 pixels), and large enough(7 pixels).
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� A real-valued �lter which checks that the bounding box of the region is
roughly squarewith Gaussianfallo� asthe regiongetslesssquare. Regions
on the edgeof the image are given more lenience.

� A real-valued �lter which checks that the area of the region comparedto
the areaof the bounding box matchesthat expected from a circle. Again,
Gaussianfallo� is used. Regionson the edgeof the image are given more
lenience.

� Two �lters basedon a histogram of the pixel colors of all pixels which are
exactly 3 pixels away from the bounding box of the region. The �rst �lter
is designedto �lter out orangefringe on the edgeof the red uniforms for
robots in the yellow goal. It is not clear if it is e�ectiv e. The second�lter
is designedto make sure that the ball is mostly surrounded by the �eld,
the wall, or other robots and not the yellow goal.

� New A real-valued �lter basedupon the divergencein angle betweenthe
two di�eren t location calculation methods (seebelow).

These �lters are multiplied together to get the con�dence of the ball. The
con�dence is then increasedby the number of pixels divided by 1000to ensure
that we never reject really closeballs. The ball is then checked to make sure
it is close enough to the ground. The robot rejects all balls that are located
more than 5� above the robot's head. The highest con�dence ball in the image
is passedon to the behaviors.

Lo cation Calculation The location of the ball relative to the robot is cal-
culated by two di�eren t means. Both methods rely on the kinematic model of
the head to determine the position of the camera. The �rst method usesthe
sizeof the ball in the image to calculate distance. Geometry is usedto solve for
the distance to the ball using the position of the camera relative to the plane
containing the ball and the estimated distance of the ball. The disadvantage of
this method is that it assumesthat the ball is always fully visible which obvi-
ously isn't always true. The advantage is that is lesssensitive to errors in the
position of the camera. The secondmethod usesa ray projected through the
center of the ball. This ray is intersectedwith a plane parallel to the ground at
the height of the ball to calculate the position of the ball. The advantage of this
method is that its accuracy falls o� more gracefully with occlusionsor balls o�
the edgeof the frame. The disadvantage is that it can be numerically unstable
if the assumption that the ball and robot are on the ground is violated. The
distance estimate is also slightly noisier than the image sizebasedmethod but
only mostly at large distances. The robot usesthe secondmethod whenever
possibleand the divergencebetweenthem is factored into the con�dence.

1.2.2 Mark er Detection

Marker detection is unchanged from last year. Markers are detected by con-
sidering all pairs of pink and yellow/green/cy an regions out of the largest 10
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regionsof each color. The most con�dent marker readingsare passedalong to
the behaviors/lo calization.

Con�dence Calculation The con�dence in a marker reading is basedupon
the following real-valued �lters:

� The cosineof the angular spreadbetweenthe projection of the ray through
the center of the two coloredregionsprojectedonto the ground plane. This
�lter is setup to fall to 0 at an angular separation of 15� .

� The relative size of the two colored regions (we expect them to be the
samesize).

� The averagesize of the two colored regions relative to the square of the
distance betweenthem (we expect thesevalues to be equal).

Lo cation Calculation Two rays are projected through the centers of the
colored regions. These rays are made coplanar by projecting both rays onto a
vertical plane containing a ray formed by averaging the two rays. The location
of the center of the top of the marker is constrained to be 10cm above the
center of the bottom of the marker. The location of the top of the marker is
also constrained to be directly vertically above the bottom of the marker. The
resulting system of equations is solved for the location of the marker.

1.2.3 Goal Detection

The goal detection system was completely revamped this year. The goal de-
tection is based o� of �nding the corners of the goal and using these corners
to estimate the position of the goal. The goal is represented as three separate
objects: a left edge,a right edge,and a central object. The central object is
intended as a rough estimate of the location of the goal for behaviors that re-
quire only a rough idea of the goal location. The left and right goal edgesare
intended as high quality estimatessuitable for �ne aiming and localization use.

Corner Finding The cornersof the goal are found through a multi-step pro-
cessof successive approximations (seeFigure 3). The largest region of the goal
color is found and evaluated to determine if it is the goal or not. The centroid
of this region is used as a starting point for �nding the corners of the goal.
Starting from the centroid (big black dot), a line is drawn in imagespacecorre-
sponding to � z in robot coordinates (the thick dashedline in Figure 3). Robot
coordinates are those where z is up in the world, x is perpendicular to Z and
aimed in the direction the robot's body is facing, and y is perpendicular to z
and x. This line is found in image spaceusing projective geometry. The line
is traced starting from the centroid looking for the last pixel of goal color in
each direction (point a and b). The search is stopped when goal colored pixels
haven't beenfound in a while. Starting from a point midway betweenthe cen-
troid of the goal and point a (small black dot), a line is drawn in the y direction
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Figure 3: Line searchesfor goal corners.
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Figure 4: Gradient ascent for goal corners.
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in robot coordinates (thin dashedline). The line is slightly elevated from the
center of the goal to help avoid someocclusions. Search is conducted along this
line to �nd the last goal coloredpixel in both directions (points c and d). These
two searchesresult in a distance from the centroid to the top, bottom, left, and
right of the goal. Completing the rectangle (blue rectangle in �gure) on the
image results in 4 approximate cornersof the goal (blue dots).

The approximate cornersare improved by ensuring that each corner is goal
colored. A line is drawn from each approximate corner at a 45� angleto the two
coordinate axis usedearlier (magenta arrowson �gure). A search is started from
each approximate corner to �nd the last goal coloredpixel along this line. If the
approximate corner is goal colored, the search proceedsoutwards to �nd the last
goal colored pixel (top two points in the casein the �gure). If the approximate
corner is not goal colored, the search proceedsinwards to �nd the �rst goal
colored pixel (bottom two points in the casein the �gure). This results in 4
new approximate corners which are guaranteed to correspond to goal colored
pixels (magenta dots).

Next, gradient ascent is applied to each of these approximate corners to
improve the corners. This generatesthe �nal cornersused(red dots in �gure).
Each cornerundergoesgradient ascent to maximize the dot product of the corner
with the 45� vector pointed away from the centroid that corresponds to that
corner. The corner is restricted to goal colored pixels at all times during this
process. The corner is stepped by one pixel increments that increasethe dot
product until no further progressis possible. Each step is either a horizontal,
vertical, or diagonal move. Pixels are tried in order of increasing angle from
the 45� vector. Figure 4 shows the �ne detail of the search process.The arrow
in the �gure corresponds to the 45� line for the corner. Each box represents a
pixel with the central box being the current corner estimate. The center of the
pixels are labelled with large black dots. The small black dots represent decision
boundariesbetweenthe secondpixel to try being counter-clockwiseor clockwise
from the �rst (this is an approximation of the dot product criterion). The order
that pixel are tested for being goal colored is shown by the large numbers in the
�gure. As soon as a goal colored pixel is found, the corner is moved and the
processis restarted. The pixels without numbers in the �gure are not tested
since they move the corner in the wrong direction. The corners found by this
processform the basis for the left and right goal edgeobject and improve the
estimatesfor the central goal object.

Cen tral Goal Ob ject The central goal object relieson the ratio of the width
and height of the goal and the amount of green beneath the goal to estimate
the con�dence that the object is actually the goal. The angle to the goal is
calculated from the centroid of the goal region. The distance to the goal is
estimated using the height of the goal. The angular span of the goal on the
ground is also computed using either the horizontal scan done or the edgesof
the goal found as appropriate.
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Goal Edge Ob jects The con�dence of the goal edgesis computed based
upon the following features:

� a real-valued �lter based on the cosine of the angle between the vector
from bottom to top of the goal and the up vector in the image

� a binary �lter basedupon the width and height of the goal

� a binary �lter basedupon the ratio of the width of the goal to the height

� a binary �lter basedupon the pixel size of the green region beneath the
goal edge

� a binary �lter basedupon the pixel sizeof the white region to the outside
of the goal edge(the point used to �nd the region is chosensuch that it
is approximately 2=3 of the way up the white wall

The distance to the goal edgeis computed by projecting rays through the
corners for the edgeand �nding the distance at which the rays are separated
vertically by the height of the actual goal. This producesa high quality estimate
of distance. When the goal edgeis viewed almost edgeon, the distance may be
reported to the back of the goal sometimes,however. If the top corner could
not be found reliably becauseit might have been o� the screen,triangulation
is performed to the bottom corner. This producesa fairly noisy estimate of the
position of the goal edge.

1.2.4 Rob ot Detection

Robot detection wasunchangedfor this year. By the time robot detection starts,
the low level vision has already created regionscorresponding to oneor more of
the coloredpatcheson the robot. The �rst thing the robot detection tries to do
is complete this processmerging together patchesfrom the samerobot together
while keeping regions of di�eren t robots (even if of the same color) separate.
This is done by looking at pairs of regions of the samecolor and considering
whether to mergethem or not. All region pairs which shareat leastonecommon
scanlineare considered. The basic idea is to keepregions separatewhen there
is a lot of greenbetweenthem or when they are far apart.

Every scanline that the regions overlap on is processedto generate some
summary statistics for the way the two regions are related. The simpler of
the statistics simply keepstrack of the averageamount of horizontal distance
betweenthe edgesof the two regions. This is eventually comparedto the width
of the bounding boxes of the regions to decide whether to merge the regions.
The other statistic keepstrack of the amount of separationcausedby colorsnot
likely to be seenon robots (primarily green). We want to be insensitive to a
few pixels of noise but still responsive to a thin band of green from the �eld
between two robots. For each scan line we keeptrack of the sizeof the largest
greenregion separating the two candidate regions. If the averageof this size is
too large, we reject merging the regions.
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Distance to the robot is guessedbasedon the number of pixels in the image.
Location is calculated basedo� of this distance.

1.3 Threshold Learning

Threshold learning was unchangedfor this year. The goal of threshold learning
is to take a set of hand labelled images and produce a threshold map. The
threshold map should generalizefrom the data as much as possiblewhile cor-
rectly classifyingasmany pixels aspossible. The threshold map is a 3D table of
color indicesindexedby the high bits of YUV pixels. The basic idea is to spread
each pixel of data out acrossthe entire table giving it more weight closer to its
actual value and much lessweight further away. In order to do this e�cien tly ,
we usea mathematically simple form of fallo� for each pixel. The weight of each
pixel falls o� exponentially with Manhattan distancefrom the actual data point.
Weights are calculated for each color separately. The �nal step is to determine
the color to make each cell of the threshold map. This is simply doneby looking
for the color with the most weight in each cell. This color is assignedto the cell
if its proportion of the weight is higher than a user set con�dence threshold for
the color. Any cell not meeting this criterion or with a preponderanceof back-
ground color is labelled background. This representation and learning method
allows us to handle colors with arbitrary distributions including concave and
disjoint distributions.

1.4 Visual Sonar

A new module called visual sonar was intro duced this year. Visual sonar builds
a radial map of the distancesto objects in the vicinit y of the robot. The name
visual sonarcomesfrom the similarit y of the resulting model to the information
provided by sonar. There are two parts to building the radial map: 1) detecting
nearby objects from camera images and 2) propagating belief about nearby
objects as the robot movesand senses.

1.4.1 Visual Pro cessing of Pro ximate Ob jects

Visual sonar is basedupon tracing scanlines through the cameraimage to look
for colors associated with particular objects. Scan lines from the baseof the
robot's neck are created at regular intervals (we used 5� ). The objects found
along these scan lines will form a radial map of the objects around the robot
with more resolution devoted to nearby objects by the polar nature of the map.
A drawing of the scan lines used for a spacing of 15cir c is shown in Figure 5.
These scan lines are projected into image coordinates (scan lines not on the
imageare thrown out) resulting in scanlines on the image(seeFigure 6, purple
lines are the scan lines used). Each scan line is traced over and converted into
a run length encoded form. This run length encoded form simpli�es further
processingand allows convenient accessto the entire ray of the scanline.
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Figure 5: Radial scan lines on ground used in visual sonar. These scan lines
correspond to a spacingof 15� .

Figure 6: Radial scan lines on image used in visual sonar. The purple lines are
the radial scan lines. This image was generatedusing scanlines every 5� .
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Each run in the run length encoded form has the following structure:

Field
Start Point
End Point

Color
Length in Pixels Traversed

Once the runs have been found, each scan line is processedseparately to
�nd the objects that lie along it. The following objects are recognizedby the
scan line processing: visible start (the �rst location that is visible along this
scan line), visible end (the last location that is visible along this scan line),
clear start (the �rst location that is clear �eld), clear end (the end of the �rst
section of clear �eld), wall, strip e, robot (any obstaclethat can't be identi�ed),
red robot, blue robot, ball, cyan goal, and yellow goal. Most of these objects
are simply recognizedby their color. Unidenti�able obstaclesare recognized
as areas which are not green. Stripes are distinguished from walls using the
width of the white section and the amount of green behind the white section.
The distance to each object is calculated using triangulation and the known
position of the camera assumingthat the object is on the ground plane. This
generatescorrect distance estimatesfor everything except robot bodies. Robot
feet still generate the correct distance. Becausethe position of the camera is
not known with much certainty, the distance estimatesobtained are somewhat
noisy, especially at long distances. The accuracy at short distances is easily
su�cien t for obstacleavoidance,however.

1.4.2 Belief Propagation of Pro ximate Ob jects

The radial model contains the best estimate the robot has of its immediate
vicinit y. The radial model using the visual sonarinformation from vision and the
motion commandsexecutesto create a radial map of the robots surroundings.
The map is stored asa two-dimensionalarray indexed by object type and angle
relative to the robot. The radial model usesthe samenumber of anglesas the
vision does. Each entry in the map array stores the distance to the object, the
time last seen,and the location of the object in egocentric Cartesiancoordinates.
It is important that the Cartesian location is stored becauseotherwisethe exact
angle that the object was observed at will be lost due to discretization e�ects.
The model is updated for new vision input by erasing all objects that should
have beenseen(basedupon the visible start/end information from vision) and
replacing that part of the map with the objects that wereactually seen.Objects
are update for motion by applying the inverseof the motion command to every
object in the map (the stored points are updated). Each object is then inserted
into a new map basedupon its new angle relative to the robot. Objects of the
sametype that wereadjacent in the old map are assumedto be connectedparts
of the sameobject. In the casethat these neighboring object readings are no
longeradjacent in the newmap, additional points arecreatedin the newmap for
each anglemissingby drawing a straight line betweenthe original two readings.
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Figure 7: A radial model generatedby a robot walking betweentwo white walls.

The intersection of this line with the missing angle is usedto �ll in the missing
data. If this is not done, the model quickly develops holes in objects such as
walls that should be continuous. An example of the radial model obtained is
shown in Figure 7. This model was generatedby a robot walking between two
white walls. The red box represents the robot which is moving to the right.
The white lines are the walls seenby the robot. The black circles are spaced
1m apart and the dark grey circles are spaced.5m from the black circles. The
greenlines show the �eld that the robot can see.
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2 Lo calization

For CM-P ack '02 , we developed a new, simple probabilit y-basedmethod for
localization: Probabilistic Constraint-Based Landmark Localization (PCBL).
The theory is similar to previous Bayesian localization techniques used by our
CMU legged robot team from 2001 and that used by the CMU middle-size
leaguein 2001 [9, 7]. We keepa Gaussianprobabilit y distribution over possible
current locations, Ploc , and another Gaussianprobabilit y distribution over pos-
sible current headings,P� . The distribution over position is a two-dimensional
non-circular Gaussian.

Updates are performed as in other Bayesian techniques. When the robot
seesa marker, it updates Ploc using Bayes' rule: Ploc jsensor / Ploc � Psensor j loc .
Heading is updated similarly. When the robot moves,it translates Ploc , rotates
P� and then it smooths it to account for the noise in the odometry.

Approximation of the non-Gaussiandistribution with Gaussiandistributions
is typically acceptable. Results converge to the correct location, even when
robots are transported to di�eren t �eld locations. The approximation to pose
uncertainty is accurate enough to determine when the robot is well localized
and when it is becoming lost.

2.1 Pose up dates

Two types of landmarks were used for the sensorupdates: �eld markers (6)
and goal edges(4). When the robot seesa landmark the vision returns a range
estimate for that marker and a bearing to the landmark relative to the robot's
current heading. To perform the Bayesianupdate, the probabilit y distribution
of this sensorreading being generatedfrom each location on the �eld must be
known. The true distribution relating X , Y , and � to range and bearing is
highly non-Gaussian,which would lead to highly complex updates.

To simplify the update, several assumptionsand approximations are made.
First, the distribution over rangeand bearingareapproximated asone-dimensional
Gaussiansthat are independent. The parametersof thesedistributions werede-
termined experimentally . The updates for range and bearing are also treated
independently . When multiple markers are simultaneously seen, independent
updatesare performed for each marker sequentially . This simpli�cation is made
possibleby using Gaussiandistributions, which can be combined through sym-
metric operations.

The range measurement places the robot on a circle around the marker,
whoseradius is probabilistic. This circle is a constraint on position. The areaof
high likelihood on the circle is the area closestto the robot's previous location.
A Gaussiandistribution can be aligned tangent to the circle in the part of the
arc closest to the previous position estimate. This two-dimensional Gaussian
can then be easily incorporated using a Bayesianupdate.

Similarly, the bearing measurement placesthe robot along a line that passes
through the marker. This line is an additional constraint on position. The
thicknessof the line grows with distancefrom the marker due to the uncertainty
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Figure 8: In the upper left corner, the robot acquiresonerangeand onebearing
estimate from two separatelandmarks. Next, in the upper right panel, it calcu-
lates a circular constraint from the range measurement and a linear constrain
from the bearing constraint. In the lower left corner, it �ts Gaussiandistribu-
tions to the closestconstraint points. In the lower right panel, it combines its
previous poseestimate with the new estimatesfrom the sensorupdate.

in the bearing measurement. A two-dimensionalGaussiancan be oriented along
the line with uncertainty perpendicular to the line related to the uncertainty
derived from angular uncertainty at that distance.

The separateangle Gaussianis updated similarly. Given our most probable
location and bearing toward a marker, the implied angle the robot is facing can
be derived using trigonometry. The uncertainty on this new heading is directly
related to the uncertainty on the bearing measurement. Heading is maintained
in the range (� � ; � ].

Once this approximation is made, Bayes' rule can be applied: Ploc jsensor /
Ploc � Psensor j loc . The actual implementation for the position Gaussianfollows
closelythe math in [6] which usessimple matrix operations to update meanand
covariance. For the angle Gaussian,we use a simple unidimensional version of
this sameupdate.

For quick recovery from teleportation, sanity checks wereperformedbetween
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previous poseestimatesand sensor-basedposeestimatesprior to updating. In
the caseof disagreement, the update is made and uncertainties are set high to
allow quick convergenceto the new pose.

For processupdates, a probabilit y distribution is neededto represent the
resulting posegiven prior poseand motion command. The parameters of this
model were approximated as two-dimensional Gaussian for position and one-
dimensionalGaussianfor heading. The meansare updated by adding the mean
of the model distributions and covariancesare updated additiv ely to grow the
uncertainty as the robot moves.

2.2 Performance

PCBL performs well in the soccerenvironment. Localization updates wereper-
formed quickly enoughto negligibly a�ect cycle time. When placed at di�eren t
locations on the �eld, the robots were able to localize to the correct location in
lessthan 5 seconds.Recovery from teleportation occurred quickly aswell. Cor-
rections to overcomecollisions and lack of progressagainst obstaclesoccurred
within a couple updates incorporating evidencefrom multiple landmarks once
robots could observe landmarks. The abilit y of this simpli�ed approach to con-
verge to the correct answer is due to the large number of landmarks available
on the �eld.
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3 The World Mo del

The world model wasusedto track relevant objects on the �eld, even when they
are out of the robot's view. The world model storesthe position of the ball and
the teammate and opponent robots, all in global coordinates. The world model
also usesthe known position of the robot to return the position of the goals in
local coordinates.

3.1 Ball trac king

The position of the ball was stored as a single Gaussian,in global coordinates.
The position of the ball was updated primarily from vision. If the ball was not
seenin a given update step, its standard deviation was increased. However, if
the ball had not beenobserved for long enoughto considerit \lost" (about 5 sec-
onds), the position of the ball was requestedfrom the SharedWorld Model [5].
If one of the robot's teammates had observed the ball, this ball position was
available from the shared world model. By sharing information with its team-
mates, each robot was able to know the position of the ball, even if it had not
itself observed the ball recently .

3.2 Rob ot trac king

Opponent robot and teammate robots are tracked independently . Becausewe
use communication to share information between teammates, each robot has
a shared world model that contains the position of each of its teammates, as
reported by that teammate. These positions are trusted by the world model,
and visual observations of the teammatesare discarded.

Opponent robots are observed by attempting to match an observed robot
position to a previously observed opponent position. This is done by �nding
the closestopponent position to the new observation. If the closestposition is
closerthan a threshold distance (0.5 meters), the two observations are merged.
If no previous opponent position is within the threshold distance to the new
observation, the oldest position is replacedby the new observation.

3.3 Goal position

The goalsexist in known locations on the soccer�eld. The world model contains
a method that converts this known global location into a local position given
the robot's estimate of its position. The goal positions can be returned either
as one location, in the center of the goal, or as two locations, one for each goal
edge.
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4 Behaviors

The addition of a fourth robot to each team and the increasein �eld sizecreated
a need for explicit coordination betweenagents. Fortunately, wirelesscommu-
nication provided a medium through which to collaborate. Our focus this year
when designing behaviors for CM-P ack '02 was on how to take advantage of
communication to assign roles and coordinate the movement of the di�eren t
robots [10].

Figure 9: The primary attacker holds the ball slightly to the left of the other
team's goal. The o�ensivesupporter waits by the right edgeof the goal to recover
the ball if the primary attacker misses.The defensive supporter positions itself
down �eld of the ball to recover it if the ball movesbehind the primary attacker.
The cylinder standing at the left corner of the �eld is one of the markers used
for localization.

Theseroles are a primary attacker, which approachesthe ball and attempts
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to move it up�eld; an o�ensive supporter, which moves up the �eld from the
primary attacker and positions itself to recover the ball if the primary attacker
missesits shot on goal; and a defensivesupporter, which positions itself down
the �eld from the primary attacker to recover the ball if the other team captures
it. Figure 9 shows the robots positioning themselves in theseroles.

The three agents negotiate among themselvesusing a prede�ned protocol so
that a singlerobot �lls each role. In addition, they coordinate with the goalieto
avoid approaching the ball while the goalie is clearing it from the defensezone
and they avoid collisions with their teammates.

Before providing the details of how the di�eren t roles are assignedand how
the robots �ll thoseroles,we brie
y describe information sharing betweenteam-
mates.

4.1 Shared information

In our framework, the robots must communicate in order to coordinate e�ec-
tiv ely. Coordination methods that rely on local information alone are not fea-
sible in this domain since there are many caseswhere a robot cannot observe
the ball or its teammates. Since a known, small number of robots are collab-
orating, we choseto use a system of broadcast messagesto share information.
This approach does not scaleto large numbers of robots, but it is very simple
to implement and understand.

Twice a second,each robot broadcasts a messageto its teammates. This
messagecontains the current position of the robot, according to its localization
system,as well as an estimate of the uncertainty in that position. The message
also contains the robot's estimation of the ball's position and the uncertainty
associated with that measurement. The �nal piecesof information included are

ags indicating whether or not the robot is the goalieand if the robot currently
seesthe ball. The goalie 
ag is neededfor role assignment since the goalie can
never play a di�eren t position and is the only robot allowed to clear the ball
from the defensezone. The 
ag indicating whether or not the robot currently
seesthe ball is usedwhen building a sharedworld model to avoid incorporating
evidenceabout ball location from robots that do not seeit.

A detailed explanation of the shared information and how this information
is combined may be found in [5]. Next we describe how this sharedinformation
is usedto assignroles to di�eren t agents and how the agents �ll those roles.

4.2 Role assignment

The three robots playing o�ense need to be assignedto the roles of primary
attacker, o�ensive supporter, and defensive supporter. Role assignment is done
in a �xed, total order. The primary attacker is chosen �rst, followed by the
defensive supporter, and �nally the o�ensive supporter is picked. This order is
designedto make the system more robust; if one or two of the robots fails, the
remaining member(s) of the team can carry on playing.
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All of the robots usea commonset of functions to calculate real valued bids
for each task. Thesefunctions encode heuristic information about the world to
return an estimate of how suitable the robot is for a particular task. For ex-
ample, the bid function for the primary attacker activation takesball proximit y
and the relative orientation of the opponents' goal into account. Robots �rst
calculate their own suitabilit y using local information from their world models
and then they use the samefunction to calculate the bids of their teammates
using only the shared information provided by each teammate.

It is important to note that only the reported information is used for cal-
culating teammates' bids; in e�ect the agent doing the calculation is putting
itself into the shoes of the agent whose bid is being calculated. If the agent
performing the calculation usedits own information, it could erroneouslyassign
another agent a di�eren t potential than it calculated for itself.

A concreteexample of this would be when the agent performing the calcu-
lation seesthe ball next to the other robot, but the agent whosebid is being
calculated doesnot seethe ball (perhapsthe ball is behind it or occludedby an
opponent). Since the robot that cannot detect the ball is not con�dent about
the ball location, it will assignitself a low bid for the primary attacker role. The
agent that seesthe ball should not assignits teammate a higher bid than the
teammate would pick for itself. And the teammate should not use the shared
information from the robot that seesthe ball to assignitself a higher value. In
the casewhere an opponent is occluding the ball, the robot does not have a
clear path to the ball; although it would be reasonablefor it to use the shared
information to turn to the ball.

Once each robot calculates the bids for itself and each of its teammates, it
comparesthem. If it has the highest bid for the role being assigned,it assumes
that role. If it was not the winner, it assumesthat the winning robot will take
up the role and performscalculations for the next role in the list. The winners of
previous auctions are not consideredin subsequent auctions for di�eren t roles;
they have already been assigneda task. In principle, all of the robots are
performing the samecalculation on the sameshareddata, so they should arrive
at the sameresult. In practice, no synchronization is provided, so it is possible
for teammates to calculate di�eren t bids for each other due to factors such as
network delays and transmission errors.

To addressthis, hysteresis is added to the system. Once a robot takes a
particular role, it doesnot relinquish that role for a short time - on the order of
seconds.Sincethe bid functions are self-reinforcing, that is to say oncea robot
takesup a role its actions increaseits suitabilit y to �ll that role, this hysteresis
is enoughto overcomethe lack of synchronization in practice.

Another question is: why broadcast so much information? Why not have
agents sendonly their own bid values? It seemswasteful to broadcast position
estimates instead of a real valued bid. However, robots must broadcast their
position and their estimate of the ball position anyway. The utilit y of sharing
ball information is obvious; robots frequently �nd themselvesin situations where
they cannot seethe ball due to distanceor occlusion. In thesecases,teammates
can help each other �nd the ball. The robot position information shared by
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teammatescan be usedfor obstacleavoidance. The robots have a limited �eld
of view so vision alone is not su�cien t to detect neighboring robots.

We present a bidding function to calculate the robots' activation for the
primary attacker role as a concreteexample. Bid functions for other roles may
be designedin a similar manner and there are many other possible functions
that could be used for the primary attacker auction. For example, it might be
desirableto take localization uncertainty into account in a principled way. This
particular function is designedto produce high bids when robots are close to
the ball and also to take into account how well lined up the robot is to kick the
ball into the opponent's goal.

B id =
� goal

�| {z }
ang ular component

+ (1 � min (1; dball ))
| {z }
distance component

(1)

In this equation, � goal is the angle formed betweenthe line running from the
robot to the ball and the line from the ball to the goal. When � goal equals� , the
robot is perfectly lined up to kick the ball into the opponents' goal. The dball

parameter is the distance from the robot to the ball in meters. This distance is
capped at 1 meter.

4.3 Coordination

The robots use the samemechanism for both coordination and obstacleavoid-
ance. They overlay a potential �eld over the environment and sample local
points in the �eld to approximate its slope at their current location. They fol-
low the gradient of the potential �eld until they reach a local minimum. The
components of the �eld are designedsuch that local minimums ariseat positions
from which the robots can support the primary attacker. In the caseof the of-
fensive supporter, the �eld guidesthe robot to a good position to receive passes
or recover the ball if the shot on goal goes wide. In the caseof the defensive
supporter, the gradient guides the robot to a position where it blocks its own
goal and can recover the ball if it is intercepted by the opposing team. The
primary attacker does not make use of the potential �eld; it always seeksout
the ball and counts on its teammatesto move out of its way instead of avoiding
them.

The potential �eld is the sum of several linear components. Each of these
components either represents heuristic information about the world, such as the
o�ensive supporter should not block the primary attacker's shot on goal, or
obstacle information, such as repulsion terms from the walls and other robots.
Typically the components of the potential functions are bounded at zero. This
makes the e�ect of the terms local and helps prevent undesirable interactions
betweenterms.

Currently only teammates are included in the list of robots to avoid due
to the di�cult y of perceiving other robots. Teammatesreport their own po-
sitions via the wireless network; since opponents do not do this, high �delit y
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Figure 10: A contour plot of the potential function used by the o�ensive sup-
porter to position itself on the �eld. Darker shading corresponds to lower areas
of the surface; the robot follows the gradient down to these minimum values.
The opponent's goal lies on the left edgeof the �eld and the goal being defended
is on the right side.

information about their locations is not available. However, this is a perceptual
problem - the composite nature of the functions makesit trivial to add terms for
opponents assoon as the perceptual systemis able to provide that information.

Depending on their supporting role, the robots may usedi�eren t subsetsof
the components. For example, the o�ensive supporter doesnot usethe compo-
nent that guidesthe robot to positions betweenthe ball and its own goal - that
heuristic information is not applicable when �lling an o�ensive role.

Next wereview the individual components of both the o�ensiveand defensive
supporters' potential �elds. In the following equations cn indicates a positive
constant and kn indicates a positive slope.

Pwall = max(0; c1 � k1 � dwall ) (2)
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Defensive supporter potential field
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Figure 11: A contour plot of the potential function usedby the defensive sup-
porter to position itself. Darker areascorrespond to lower valuesand the agent
navigates down the gradient. The opponents goal is on the left edgeof the plot
and the goal being defendedis on the right edge.

The wall potential term encodes a linear repulsion from the walls and the
team's own defensezone; only the goalie on each team is allowed to be in the
defensezone. c1 is a positive basepotential for when the robot is at the wall.
The potential falls o� linearly with the distanceof the robot from the wall with a
slope of k1. This term is sharedby both the o�ensive and defensive supporters.

Pball = kc2 � dball k � k2 (3)

The ball potential term guides the o�ensive supporter to a position that is
an equilibrium distance,c2, away from the ball. The potential increaseslinearly
with a slope of k2 as the robot movesaway from the equilibrium distance.

Pteammate = max(0; c3 � k3 � dteammate ) (4)
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The teammate repulsion potential is a positive value that falls o� linearly
with distance. As with wall repulsion, this term is shared by both types of
supporter.

Pf or war d bias = max(0; k4 � dbehind ball ) (5)

The forward bias potential guidesthe o�ensive supporter to a position par-
allel to or in front of the ball. The dbehind ball parameter encodes how far the
o�ensive supporter is down �eld from the ball.

Pdef ensiv e bias = k5 � df r om goalline (6)

The defensive bias potential is analogousto the forward bias only it acts on
the defensive supporter. It forcesthe robot to remain in a position closeto its
own goal; it increasesin value linearly as the robot moves up the �eld away
from the goal line.

Pball cor r idor = kc6 � dshot path k � k6 (7)

The ball corridor potential encodesthe heuristic information that the o�en-
sive supporter should not block shots on the goal, but it should also position
itself closeto the path taken by the ball in order to recover the ball if it stops
before reaching the goal. c6 represents the equilibrium distance of the agent
from the ball path. dshot path is the actual distance of the agent from the path.
The shot path is de�ned as the line segment from the ball to the center of the
opponent's goal line. The o�ensive supporter is the only robot that usesthis
potential.

Pblock goal = dblock path � k7 (8)

The block goal potential guidesthe defensive supporter to a position on the
line between the ball and its own goal. dblock path is the distance between the
robot and the line segment running from the ball to the center of the robot's
goal line.

Pside bias = max(0; k8 � of f setr obot �
of f setball

1
2 � width f ield

) (9)

The sidebias term appliesonly to the o�ensivesupporter. It encodesthe fact
that the robot should position itself acrossthe �eld from the primary attacker.
The of f set terms represent the o�set of either the ball or the robot from the line
drawn betweenthe centers of the two goals. Notice that this is not a distance -
the o�set has a negative value for one half of the �eld.
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4.4 The Primary A ttac ker

While the o�ensive and defensive supporters simply move into desirable posi-
tions on the �eld, the primary attacker performs more complicated actions as
a part of its role. The focus of theseactions is to move the ball up�eld toward
the opponents' goal. If the primary attacker is close to the ball, it traps the
ball between its front legs, turns to face the goal, and kicks the ball. The only
exceptions are when the robot is facing a wall, in which case it attempts to
move the ball o� the wall using its head or if turning all the way to face the
opponents' goal would causea holding penalty, the primary attacker dribbles
the ball brie
y before capturing it again. If the robot is not next to the ball,
it alternates betweenwalking to its last known position (or the sharedposition
that is broadcast by a teammate) and the center of the �eld.
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5 Motion

The motion system for CM-P ack '02 has to balance requests made by the
action selectionmechanism with the constraints of the robot's capabilities and
requirement for fast, stable motions. The desirable qualities of such a system
are to provide stable and fast locomotion, which requires smooth body and
leg tra jectories, and to allow smooth, unrestricted transitions betweendi�eren t
types of locomotion and other motions (such as object manipulation). The
motion system is given requestsby the behavior system for high level motions
to perform, such as walking in a particular direction, looking for the ball with
the head, or kicking using a particular type of kick. We decided to implement
our own motions for the robots sothat we would have full parameterization and
control, which is not available using the default motions provided with the robot.
The system we used for CM-P ack '02 was basedon the design we developed
in the previous year [4].

The walking system implemented a generic walk engine that can encode
crawl, trot, or pace gaits, with optional bouncing or swaying during the walk
cycle to increasestabilit y of a dynamic walk. The walk parameters were en-
coded as a 51 parameter structure. Each leg had 11 parameters; the neutral
kinematic position (3D point), lifting and set down velocities (3D vectors), and
a lift time and set down time during the walk cycle. The global parameterswere
the z-height of the body during the walk, the angleof the body (pitch), hop and
sway amplitudes, the z-lift bound for front and back legs,and the walk period in
milliseconds. In order to avoid compilation overheadduring gait development,
the walk parameterscould be loaded from permanent storageon boot up. This
system also allowed us to usedi�eren t setsof parametersfor di�eren t motions.
Speci�cally , one set of parameters was used for motions with a large rotation
component, and a di�eren t setwasusedfor straight-line motions. Using two sets
of parametersallowed us to optimize each for its particular function resulting in
faster, more stable movement. In order to switch between motion parameters
on the 
y while maintaining stabilit y, parameters were selectedto be as simi-
lar as possiblewithout compromising their individual e�ectiv eness.Using this
interface, we developed a semi-dynamic trotting gait with a maximum walking
speedof 200mm/sec forward or backward, 170mm/sec sideways, or 2.1 rad/sec
turning.

Additional motions could berequestedfrom a library of motion scripts stored
in �les. This is how we implemented get-up routines and kicks, and the �le in-
terface allowed easydevelopment since recompilation was not neededfor mod-
i�cations to an existing motion. Adding a motion still requires recompilation,
but this is not seenas much of a limitation sincecode needsto be added to the
behaviors to request that that motion be used.

The overall system was put together using a state machine that included
states for walking, standing, and one for each type of kick and get-up motion.
Requestsfrom the behaviors would executecode basedon the current state that
would try to achievethe desiredstate, maintaining smoothnesswhile attempting
to transition quickly.
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Figure 12: A timing diagram of various walking gaits. the function is zero when the foot is
on the ground and nonzero when it is in the air.

5.1 Approac h

The technique we usedin implementing the walk was to approach the problem
from the point of view of the body rather than the legs. Each leg is represented
by a state machine; it is either down or in the air. When it is down, it moves
relative to the body to satisfy the kinematic constraint of body motion without
slippageon the ground plane. When the leg is in the air, it movesto a calculated
positional target. The remaining variables left to be de�ned are the path of the
body, the timing of the leg state transitions, and the air path and target of the
legswhen in the air. Using this approach smooth parametric transitions can be
made in path arcs and walk parameterswithout very restrictiv e limitations on
those transitions.

5.2 In verse kinematics

The lowest level in the system is the inversekinematics engine,which converts
foot location targets in world spacecoordinates to joint anglesfor the legs. The
typical and general solution involves inverting a Jacobian matrix to iterativ ely
�nd a solution. This can prove numerically expensive however, and is not nec-
essaryfor a robot with 3 d.o.f. legs. Here we provide a closed form solution
that allows arbitrary translations at each limb, and our solution only requires
that the rotator and shoulder joint axescross. Those familiar with closed-form
inversekinematics may wish to skip to the next section.

The �rst part of our solution is to solve a simple problem and then express
the joint angle calculations in terms of that problem. This primitiv e problem is
�nding a roots of the following function with respect to � :

F (a; b;d) = Root� (a � sin(� ) + b� cos(� ) � d)

Note that since the equation can be normalized, there exists exactly two
solutions to the problem for � 2 [0; 2� ]. The problem above can be represented
graphically:

We can then solve for � with trigonometry:
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Figure 14: Mo del and coordinate frame for leg kinematics.

Let p be the target from the shoulder origin, u be the translation of the
upper limb (from the shoulder to the knee), and l be the translation of the
lower limb (from the knee to the foot). De�ne Rk (� ) to be the right handed
rotation matrix for dimension k 2 f x; y; zg [3]. We can now solve for the knee,
shoulder,and rotator angles(� k ; � s; � r ) for the coordinate systemand leg model
shown in Figure 14.

We can�rst notice that the distancefrom the shoulderto the foot determines
the knee angle, using the relationship of the distance and the rotation of the
lower limb relative to the upper limb (kpk2 = ku + Ry (� k ) � lk2). The rotation
equation can be expandedand simpli�ed into the form of F , with the resulting
transformation as:
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a = 2 � (ux � lz � uz � lx )

b = 2 � (ux � lx � uz � lz )

d = kpk2 � kuk2 � klk2 � 2 � uy � ly
� k = � F (a; b;d)

After the knee angle is �xed, the leg is essentially a single rigid body, and
position including the knee angle can be calculated as q. We can then rotate
q into the plane of py using the shoulder joint, or again using the form of F ,
simplify the problem as:

q = u + Ry (� k ) � l

a = � qz

b = qy

d = py

� s = F (a; b;d)

Now we can calculate a new leg position r that di�ers from p only in rotator
angle. Using a similar approach as before we can determine the required angle
to rotate r into the plane of px :

r = Rx (� s) � q

a = � r z

b = r x

d = pz

� r = � F (a; b;d)

We now have the joint angles (� k ; � s; � r ). The multiple problem solutions
can be pruned by the reachable anglesat each joint, and its proximit y to the
current joint angle. The result is a simple high precision non-iterativ e method
for calculating joint angles. This simple method allows high performance on
relatively modest machines. A straightforward implementation of the above
calculations can calculate 32400 sets of leg angles per second on a 200MHz
machine.

5.3 Air path and target selection

The air path is one of the most unspeci�ed parts of the walk, in that the path
needsonly to allow the foot to clear the ground while moving forward for it to
work in our system. The air path and foot placement target are very important
however for keeping the robot stable and maintaining the foot position within
its reachabilit y spaceduring the entire walk cycle. The air target was chosen
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so that after the foot is set down it will pass near the neutral position at a
speci�c time in the walk cycle. This can be achieved by evaluating the expected
future position of the robot using the current body tra jectory, plotted using the
current robot's speedand the constant accelerationbound.

Once the target location for the foot is known, all that is neededis a path
for the foot in the air. We choseto represent this using a piecewisepolynomial,
speci�cally a Hermite cubic spline [3]. A Hermite spline is speci�ed by two
points (p0; p1), and two derivative vectors, (� p0; � p1), and can be calculated as
shown below. Thus we can specify the initial and target point, along with the
velocity with which to pick up or place down that foot, and the spline will
generatea smooth path betweenthe two.

H (t) = [x(t) y(t) z(t)]
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