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Abstract

Planning for real rob ots to act in dynamic and un-

certain environmen ts is a c hallenging problem. A

complete mo del of the world is not viable and an

integration of delib eration and b eha vior-based reac-

tiv e planning is most appropriate for goal achievemen t

and uncertain t y handling. This pap er rep orts on our

successful developmen t of the in tegration of p ercep-

tion, planning, and action for the Sony quadrup ed

legged rob ots. W e address the particular rob otic so c-

cer task, as Son y pro vided the rob ots to us sp ecif-

ically for the Rob oCup rob otic so ccer comp etitions.

The quadrup ed legged rob ots are fully autonomous, so

m ust ha v e on b oard vision, lo calizati on and agent b e-

ha vior. W e brie
y presen t our p erception algorithm

that do es automated color classi�cation and tracks

colored blobs in real time. W e then brie
y intro-

duce our Sensor Resetting Lo calization (SRL) algo-

rithm whic h is an extension of Mon te Carlo Lo caliza-

tion. SRL is robust to mo v emen t mo delling errors and

to limited computational p o wer. Vision and lo caliza-

tion pro vide the state input for action selection. The

planning c hallenge we addressed resulted in a robust

and sensible b eha vior sc heme for the rob ot that e�ec-

tiv ely handles dynamic c hanges in the accuracy of the

p erceived information. W e develop ed a t wo-constrain t

system for utilit y-based thresholded lo calization . One

constrain t sp eci�es ho w m uch time the rob ot m ust

sp end acting, and the other constrain t sp eci�es ho w

go o d its lo calization information m ust b e b efore the

rob ot uses it. Finally , we ha v e devised sev eral sp ecial

built-in plans to deal with times when urgent action

is needed and the rob ot cannot a�ord collecting accu-

rate p erception information. W e present results using

the real rob ots demonstrating the success of the algo-

rithms. Our team of Son y quadrup ed legged rob ots,

CMT rio-99, won all but one of its games in Rob oCup-

99, and was a warded third place in the comp etition.

In tro duction

The rob ots used in this research w ere generously pro-

vided by Son y (F ujita et al. 1999) to b e applied to

the sp eci�c domain of rob otic so ccer. The rob ots are

the same as the commercial AIBO rob ots, but they are

made a v ailable to us with sligh tly di�eren t hardware

and programmable. The rob ot consists of a quadrap ed

designed to lo ok like a small dog. The rob ot is appro x-

imately 30cm long and 30cm tall including the head.

The nec k and four legs eac h ha v e 3 degrees of freedom.

The nec k can pan almost 90

�

to eac h side, allowing the

rob ot to scan around the �eld for mark ers. Figure 1

sho ws a picture of the dog pushing a ball.

Figure 1: The Son y quadrup ed rob ot dog with a ball.

All teams in the Rob oCup-99 legged rob ot league

used this same hardware platform. The rob ots are au-

tonomous, and ha v e on b oard cameras. The on b oard

pro cessor pro vides image pro cessing, lo calization and

con trol. The rob ots are not remotely con trolled in an y

w ay , and as of no w, no communicati on is p ossible in

this multi-rob ot system. The only state information

av ailable for decision making comes from the rob ot's

on b oard colored vision camera and from sensors which

rep ort on the state of the rob ot's b o dy .

The so ccer game consists of tw o ten-min ute halves,

eac h b egun with a kic k o�. In the kic k o�, the ball b e-

gins in the cen ter of the �eld, and eac h team ma y p o-

sition its rob ots on its own side of the �eld. After eac h

goal, play resumes with another kic k o�.

Eac h team consists of three rob ots. Lik e our team

last y ear, CMT rio-98 (V eloso & Uther 1999), and most

of the other eigh t Rob oCup-99 teams, w e address the

multi-rob ot asp ect of this domain by assigning di�eren t



b eha viors to the rob ots, namely t w o attac k ers and one

goaltender. No comm unication is av ailable and the

rob ots can only see eac h other through the color of

their uniforms. No rob ot iden tit y can b e extracted. As

of no w, our rob ot b eha viors capture the team asp ect

of the domain through the di�eren t roles.

The acting w orld for these rob ots is a playing �eld

of 280cm in length and 180cm in width. The goals are

cen tered on either end of the �eld, and are eac h 60cm

wide and 30cm tall. Six unique colored landmarks are

placed around the edges of the �eld (one at eac h corner,

and one on eac h side of the halfw ay line) to help the

rob ots lo calize themselv es on the �eld. Figure 2 sho ws

a sketc h of the pla ying �eld.
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Robot B team : Red

Ball         : Orange
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Figure 2: The pla ying �eld for the Rob oCup-99 Sony

legged rob ot league.

In this w ork, w e address the challenges of build-

ing complete autonomous rob ots that can p erform ac-

tiv e p erception and sensor-based planning. The rob ots

p erceiv e the w orld through vision, mak e decisions to

ac hiev e goals, and act by mo ving in the w orld.

W e rep ort on this pap er on the three main com-

p onen ts of our research on the in tegration of sensing,

p erception pro cessing, and action selection, namely lo-

calization, vision, and b eha vior-based planning. W e

pro vide results within the particular Rob oCup-99 do-

main and application.

1

The vision algorithm is of crucial imp ortance as it

pro vides the p erception information as the observ able

state. Our vision system robustly sets the YUV hard-

w are color segmen tation thresholds, reliably detects re-

gions of the same color for ob ject recognition, com-

putes the distance of the rob ot to the ob jects, and

assigns con�dence v alues to its state identi�cations.

The preconditions of sev eral b eha viors require the

knowledge of the p osition of the rob ot on the �eld. The

lo calization algorithm is resp onsible for pro cessing the

visual information of the �xed colored landmarks of

the �eld and output an ( x; y ) lo cation of the rob ot.

1

Our extensiv e videos pro vide additional inv aluable il-

lustrativ e supp ort to the con tributions of this pap er.

Through Ba y esian probabilistic sampling, our lo cal-

ization algorithm handles the limited computational

p ow er av ailable on b oard of the rob ot, the inevitably

highly inaccurate mo delling of the rob ot's mo v emen ts,

and the numerous systematic errors inherent to the

rob otic so ccer multi-agen t application.

Finally , our b eha vior-based planning approach in-

terestingly pro vides the rob ot the ability to con trol

its knowledge of the w orld. Behaviors range from b e-

ing based almost solely on the visual information to

dep ending on accurate lo calization information. Our

strategy in summary includes: (i) a tw o-constraint sys-

tem for utility-based thresholded lo calization, (ii) a

mo de-based b eha vior arc hitecture that allows for the

rob ot to upgrade and degrade its p erformance e�ec-

tiv ely; (iii) reasonable only fully vision-serv o ed b eha v-

iors; and (iv) several sp ecial lo calization-dep enden t

b eha viors that signi�can tly increase the rob ot's goal

ac hiev emen t results.

Vision

The vision system pro cesses images captured by the

rob ot's camera to rep ort the lo cations of v arious ob-

jects of in terest relativ e to the rob ot's curren t lo cation.

These include the ball, 6 unique lo cation mark ers, tw o

goals, teammates, and opp onen ts. The features of the

approach, as presen ted b elow, are:

1. Image capture/classi�cati on: images are cap-

tured in YUV color space, and eac h pixel is classi-

�ed in hardware by predetermined color thresholds

for up to 8 colors.

2. Region segmen tin g: pixels of eac h color are

group ed together in to connected regions.

3. Region merging: colored regions are merged to-

gether based on satisfaction of a minim um density

for the merged region set for eac h color.

4. Ob ject �ltering: false p ositiv es are �ltered out via

sp eci�c geometric �lters, and a con�dence v alue is

calculated for eac h ob ject.

5. Distance and transformation: the angle and dis-

tance to detected ob jects are calculated relativ e to

the image plane, and then mapp ed in to ego-centric

co ordinates relativ e to the rob ot.

The on b oard camera pro vides 88x60 images in the

YUV space at ab out 15Hz. These are passed through a

hardware color classi�er to p erform color classi�cation

in real-time based on learned thresholds.

When captured by the camera, eac h pixel's color is

describ ed as a 3-tuple in YUV space, where eac h com-

p onen t's v alue can v ary from 0 to 255. The color clas-

si�er then determines which color classes the pixel is a



Figure 3: An example of our image classi�cation on the

righ t. The image on the left is a comp osite of ob jects:

a p osition mark er (top), a goal area (middle) and three

so ccer balls (b ottom).

mem b er of, based on a rectangular threshold for eac h

class in the t w o chrominance dimensions (U,V). These

thresholds can b e set indep enden tly for ev ery 8 v al-

ues of in tensit y (Y). An example of the results of this

classi�cation is pro vided in Figure 3.

The �nal result of the color classi�cation is a new

image indicating color class mem b ership rather than

the ra w captured camera colors. The 88x60 image has

bits set for which classes, if an y , a particular pixel is a

mem b er of. This is the input for the next step in the

system, in which the connected regions of a particular

color are determined.

Multiple color region merging can b e an exp en-

siv e op eration which sev erely impacts real-time p erfor-

mance if k ey optimizations are not made. W e address

these in t w o separate stages.

The �rst stage is to compute a run length enco ded

(RLE) v ersion for the classi�ed image. In mac hine vi-

sion applications, signi�can t changes in adjacen t image

pixels are relativ ely infrequent, th us grouping similar

v alues of the color classi�ed pixels results in a substan-

tial decrease in storage and pro cessing requiremen ts for

subsequen t steps. This is b ecause the pro cessing rou-

tines can op erate on en tire runs at a time, rather than

individual pixels.

The region merging metho d emplo ys a tree-based

union �nd with path compression. This o�ers p er-

formance that is not only go o d in practice but also

pro vides a hard algorithmic b ound that is for all prac-

tical purp oses linear. The merging is run in place on

the classi�ed RLE image, thanks to a �eld included

in eac h run indicating its parent in a union tree. Ini-

tially , eac h run lab els itself as its parent, resulting in a

completely disjoin t forest. The merging pro cedure pro-

duces a disjoin t forest and a �nal pass compresses all

of the paths in the forest so that eac h run's parent �eld

is p ointing directly to the global parent. No w eac h set

of runs p ointing to a single parent uniquely identi�es a

connected region, so the parent �eld can b e though t of

as a lab el which is unique to eac h region (Bruce, Balc h,

& V eloso ).

W e next extract region information from the merged

RLE map. The b ounding b ox, cen troid, and size of

eac h region is calculated incremen tally in a single pass

ov er the forest data structure. During the pass, the

region lab els are ren um b ered so that they immediately

follo w eac h other in a region table, which facilitates fast

lo okup for the calculation of the region statistics. This

pro cess could easily b e extended to extract additional

statistics, suc h as a con v ex hull or edge p oints list.

The information curren tly extracted pro vided enough

information for the higher lev el manipulations.

After the statistics ha v e b een calculated, the regions

are separated by color in to separate threaded link ed

lists in the region table. Finally , they are sorted by

size so that later pro cessing steps can deal with the

larger (and presumably more imp ortan t) blobs, and

ignore relativ ely smaller ones which are most often the

result of noise.

The next step attempts to deal with one of the short-

comings of ob ject detection via connected color re-

gions. Due to partial o cclusion, sp ecular highligh ts,

or shado ws, it is often the case that a single ob ject

is brok en in to a few separate but nearby regions. A

single ro w of pixels not in the same color class as the

rest of the ob ject is enough to break connectivit y , ev en

though the ob ject ma y o ccup y man y ro ws. In order to

correct for cases when nearby regions are not connected

but should b e considered so, a density based merging

sc heme w as emplo y ed. Densit y is represented here as

the ratio of the num b er of pixels of the color class in

the connected region to the ov erall area of its b ound-

ing b ox. By this measuremen t heuristic, tw o regions

that ha v e a small separation relativ e to their sizes will

likely b e merged, since they w ould tend to ha v e rela-

tiv ely high density .

The next step is to �nally calculate the lo cation of

the v arious ob jects giv en the colored regions. V arious

top do wn and geometric ob ject �lters are applied in

eac h case to limit the o ccurrence of false p ositiv es, as

w ell as serving the basis for con�dence v alues.



F or the ball, it is determined as the largest orange

blob b elow the horizon. The con�dence v alue is calcu-

lated as the error ratio of the density of the detected

region and the actual density of a p erfect circle. The

distance is estimated as the distance required for a cir-

cular ob ject to o ccup y the same area as the observed

region. The �eld mark ers are detected as pink regions

with green, cy an, or y ellow regions nearby . The con�-

dence is set as the error ratio of the di�erence b et w een

the squared distance b et w een the cen ters of the regions

and the area of eac h region (since they are ideally ad-

jacent square patches, these t w o should b e equal).

The t w o color pair narro ws the mark er detection to

t w o am biguous cases, since a righ t and left mark er b oth

share the same color pair. The additional determinant

is the relativ e observ ed elev ation of the tw o regions.

This mak es use of the fact that the mark ers ha v e pink

on top while on the other side the pink patch is on the

b ottom. Thus com bined with color, and the assump-

tion that the rob ot's 3 d.o.f. head is not upside-down,

the t w o can uniquely determine the mark er represented

by a pair of regions. In case of m ultiple pairs which are

determined to b e the same mark er, the one of maxi-

mal con�dence is chosen. The distance to the mark er

is estimated from the distance b et w een the cen ters of

the t w o regions, since they are of known size.

The goals are detected similarly . They are the

largest y ellow or cy an regions with cen ters b elow the

horizon. The distance measure is a v ery coarse ap-

pro ximation based on the angular heigh t of the goal

in the camera image, and the merging density is set

to a v ery low v alue since man y o cclusions are p ossi-

ble for this large, low lying ob ject. The con�dence is

estimated based on the di�erence in comparing the rel-

ative width and heigh t in the image to the known ratio

of the actual dimensions.

The �nal ob jects detected are opp onen ts and team-

mates. Due to the m ultiple complicated mark ers

presen t on eac h rob ot, no distance or con�dence w as

estimated, but regions w ere presen ted in ra w form as

a list of patches. These simply indicate the p ossible

presence of an opp onen t or teammate.

The �nal step in the vision system that need b e

men tioned is the transformation from image co ordi-

nates to an ego-centric co ordinates. The vision sys-

tem w as found to p erform w ell in practice, with a

go o d detection rate and reasonably robust tolerance

of the unmo deled noise exp erienced in a comp etition

due to comp etitors and cro wds. The distance metrics

and con�dence v alues also pro v ed to b e an adv an tage

for lo calization and rational b eha vior in a highly noisy

environmen t.

Lo calization

Our lo calization algorithm is based up on a classical

Ba y esian approach which up dates the lo cation of the

rob ot in tw o stages, one for incorp orating rob ot mo v e-

men ts and one for incorp orating sensor readings. This

approach represents the lo cation of the rob ot as a prob-

ability density ov er p ossible p ositions of the rob ot. In

the CMT rio-98 lo calization algorithm, the probabilit y

density is represented using a grid based division of the

p ose space (V eloso & Uther 1999). Our lo calization al-

gorithm, called Sensor Resetting Lo calization (SRL),

is based up on a p opular approach called Mon te Carlo

Lo calization (MCL) which represents the probabilit y

density using a sampling approach.

Mon te Carlo Lo calization(MCL) (F ox et al. 1999;

Dellaert et al. 1999) represents the probabilit y den-

sit y for the lo cation of the rob ot as a set of discrete

samples. The density of samples within an area is pro-

p ortional to the probabilit y that the rob ot is in that

area. Since the p oints are not distributed ev enly across

the entire lo cale space, MCL fo cusses computational

resources where they are most needed to increase the

resolution near the b eliev ed lo cation of the rob ot. The

p osition of the rob ot is calculated from these samples

by taking their mean or some v ariant of mo de. The

uncertain ty can b e estimated by calculating the stan-

dard deviation of the samples. W e encountered some

problems implementing MCL for the rob ot dogs.

MCL to ok to o man y samples to do global lo caliza-

tion. This resulted in p o or lo calization results when

the rob ot did not know its initial lo cation. With the

num b er of samples w e could actually run on the hard-

w are, the samples w ere to o spread out to lo calize the

rob ot correctly . SRL gets around this by resampling

from the sensor readings to fo cus the samples w ere they

are needed during global lo calization.

MCL could not handle the large systematic errors in

mo v emen t w e exp erienced. Ev ery sensor reading giv es

MCL a chance to correct a small amoun t of systematic

error. The ability to handle systematic error decreases

with smaller num b ers of samples like w e used. If the

systematic error in mo v emen t gets to o large, MCL will

slo wly accumulate more and more error. W e need to

handle systematic errors in mo v emen t b ecause measur-

ing the mo v emen t parameters for a rob ot is time con-

suming and di�cult. Systematic errors in mo v emen t

also o ccur when the environment changes in unmo d-

elled w ays. F or example, if the rob ot mo v es from car-

p eting to a plastic surface suc h as the goal, the mo v e-

men t of the rob ot for the same motion commands is

likely to change.

MCL do es not handle unexp ected/unmo delled rob ot

mo v emen ts v ery w ell. The time MCL tak es to recov er



is prop ortional to the magnitude of the unexp ected

mo v emen t. During this time, MCL rep orts incorrect

lo cations. Unexp ected mo v emen ts happ en frequently

in the rob otic so ccer domain w e are w orking in due to

collisions with the w alls and other rob ots. Collisions

are di�cult to detect on our rob ots and th us cannot

b e mo delled. W e also incur telep ortation due to appli-

cation of the rules by the referee. MCL tak es a long

time to recov er from this, but SRL recov ers quic kly .

SRL is motiv ated by the desire to use fewer samples,

handle larger errors in mo delling, and handle unmo d-

elled mo v emen ts (Lenser & V eloso ). SRL adds a new

step to the sensor up date phase of the algorithm. If the

probabilit y of the lo cale designated by the samples w e

ha v e is low giv en the sensor readings P ( L j s ), w e replace

some samples with samples dra wn from the probabilit y

density giv en by the sensors P ( l j s ). W e call this sensor

based resampling. The logic b ehind this step is that

the a v erage probabilit y of a lo cale sample is appro xi-

mately prop ortional to the probabilit y that the lo cale

sample set co v ers the actual lo cation of the rob ot, i.e.

the probabilit y that w e are where w e think w e are.

Mo v emen t up date.

P ( l

j +1

j m; l

j

) = P ( l

j

) con v olv ed P ( l

0

j m; l )

[This stage is the same as Monte Carlo L o c alization]

1. foreac h sample s in P ( l

j

)

(a) dra w sample s

0

from P ( l

0

j m; s )

(b) replace s with s

0

Sensor up date.

P ( l

j +1

j s; l

j

) = P ( l

j

) � P ( l j s ) =� where � is a constant.

[Steps 1-5 of this stage ar e the same as MCL]

1. [optional step] replace some samples from P ( l

j

) with

random samples

2. foreac h sample s in P ( l

j

)

(a) set w eigh t of sample equal to probabilit y of sensor

reading, w = P ( l j s )

3. foreac h sample s in P ( l

j

)

(a) calculate and store the cum ulative w eigh t of all

samples b elo w the curren t sample (cw (s))

4. calculate total w eigh t of all samples (t w)

5. foreac h sample s

0

desired in P ( l

j +1

)

(a) generate a random num b er( r )

b et w een 0 and t w

(b) using a binary searc h, �nd the sample with maxi-

mum cw (s) < r

(c) add the sample found to P ( l

j +1

)

6. calculate num b er of new samples, ns = (1 �

a vg sample prob = prob threshold ) � num samples

7. if(ns > 0) rep eat ns times

(a) dra w sample( s

0

) from P ( l j s )

(b) replace sample from P ( l

j +1

) with s

0

Sensor Resetting Lo calization is applicable in do-

mains where it is p ossible to sample from the sensor

readings P ( l j s ). This is not a problem if landmarks are

b eing used as the sensor readings as the sensor distribu-

tions are easy to sample from. If all p ossible lo cations

of the rob ot are known, this sensor based sampling

can b e done by rejection sampling. Ho w ev er, rejection

sampling increases the run time for resampling in pro-

p ortion to the probabilit y of ha ving to reject a sample.

One of the adv an tages of SRL is that fewer samples

can b e used without sacri�cing much accuracy . This

is p ossible in part b ecause it is more e�cien t when

globally lo calizing. When the �rst mark er is seen dur-

ing global lo calization, the probabilit y of almost all of

the samples is v ery low. Thus the av erage probabil-

ity of a sample is ridiculously small and SRL replaces

almost all the lo cale samples with samples from the

sensors. This results in all of the samples b eing dis-

tributed ev enly around the circle determined by the

mark er. So, if w e are using 400 samples, w e ha v e 400

samples instead of the 1-2 of MCL to represent the cir-

cle around the mark er. Naturally , this reduces mislead-

ing errors during global lo calization. This also reduces

the time required to con v erge to the correct lo caliza-

tion since the correct answ er has not b een thrown out

prematurely . After seeing another mark er the circle

collapses to a small area where the circles in tersect.

The av erage probabilit y of the lo cale samples no w is

much higher than after seeing the �rst mark er since

more samples ha v e b een concentrated in the righ t place

by the �rst sensor reading. Thus, if the threshold for

sensor based resampling is set correctly , no new sam-

ples will b e dra wn due to the second sensor readings.

As long as tracking is w orking, no new samples are

generated from the sensors and the algorithm b eha v es

exactly like MCL.

SRL can handle larger systematic errors in mo v e-

men t b ecause once enough error has accumulated, SRL

will replace the curren t estimate of the rob ot's lo cation

with one based on the sensor readings, e�ectively re-

setting the lo calization. Adaptive sample set sizing

helps MCL, but MCL is still more sensitiv e to system-

atic errors in mo v emen t and unexp ected/unmo delled

rob ot mo v emen ts. SRL is also easier to apply to real

time domains since the running time p er step is nearly

constant and easy to b ound.

SRL can handle larger unmo delled mo v emen ts than

MCL. The lo calization algorithm needs to handle ex-

tended collisions with other rob ots and the w all grace-

fully . SRL do es this by resetting itself if its estimate

of curren t rob ot p osition gets to o far o� from the sen-

sor readings. SRL is able to handle large unmo delled

mo v emen ts suc h as mo v emen t by the referee easily .



SRL do es this by resetting itself the �rst time it gets

a sensor reading that con
icts with its estimated p osi-

tion. MCL w ould tak e a long time to correct for long

distance telep ortation suc h as this since enough error

in mo v emen t has to o ccur to mo v e the mean of the

samples to the new lo cation.

Lo caliza ti on Capabilities

W e tested Sensor Resetting Lo calization on the rob ots

pro vided by Son y . W e also did extensiv e tests in sim-

ulation to compare Sensor Resetting Lo calization with

Mon te Carlo Lo calization with and without random

noise samples added (Lenser & V eloso ).

W e tested SRL on the real rob ots using the param-

eters w e used at Rob oCup '99. W e used 400 samples

for all tests. In order to execute in real time, w e w ere

forced to ignore ab out 50% of the sensor readings. Due

to inevitable changes in conditions b et w een measuring

mo del parameters and using them, the parameter for

distance mo v ed w as o� � 25%, for angle of mo v emen t

� 10

�

, and for amoun t of rotation � : 6

�

= step . The

deviations rep orted to the lo calization w ere 10% for

mo v emen t and 15% for vision. W e had the test rob ot

run through a set tra jectory of 156 steps while slo wly

turning it nec k from side to side. W e ran 5 times after

7 di�eren t num b ers of steps had b een executed. The

�nal p osition of the rob ot w as measured by hand for

eac h run. W e calculated the error in the mean p osition

o v er time and the deviation the lo calization rep orted

o v er time. W e also calculated an in terv al in eac h di-

mension by taking the mean rep orted by the lo caliza-

tion and adding/subtracting 2 standard deviations as

rep orted by the lo calization. W e then calculated the

distance from this in terv al in eac h dimension which w e

refer to as in terv al error. W e rep ort b oth av erage in-

terv al error and ro ot mean squared in terv al error. W e

feel that ro ot mean squared in terv al is a more appro-

priate measure since it w eigh ts larger, more misleading

errors more hea vily . W e also calculated the p ercentage

of time that the actual lo cation of the rob ot fell within

the 3D b o x de�ned by the x , y , and � in terv als.

The table b elo w sho ws the lo calization is accurate

within ab out 10cm in x and y and 15

�

in � despite the

erroneous parameter v alues. The actual lo cation of the

rob ot is within the b o x most of the time and when it

is outside the b o x, it is close to the b ox. The fact that

the lo calization seldom giv es misleading information is

v ery imp ortan t for making e�ective b eha viors. The

error in p osition and the deviation rep orted quic kly

con v erges to a steady lev el. The deviation tends to

go up at the same time the error go es up which k eeps

the in terv al error low and a v oids misleading output.

In comp etition, w e observ ed that the lo calization algo-

rithm quic kly resets itself when unmo delled errors suc h

as b eing pick ed up o ccur. The actual p erformance of

the lo calization during play tends to b e w orse since the

rob ot sp ends much less time lo oking at the mark ers.

x (mm) y (mm) theta (

�

)

av erage error 99.94 95.14 14.29

avg. in terv al error 15.18 4.91 2.07

rms in terv al error 34.92 13.94 3.82

in b ox p ercentage 74.29% 80.00% 57.14%

Beha vior-Based Planning

The b eha vior of the rob ot is an esp ecially di�cult prob-

lem in this domain, in which the rob ot acts under un-

certain ty and must b e able to quic kly and gracefully

improv e and degrade its p erformance as the av ailabil-

ity of lo calization information changes.

Because the lo calization system is relian t on visual

identi�cation of landmarks, in order to k eep its lo cal-

ization information up-to-date, the rob ot must scan

for landmarks. As the rob ot w alks, the camera ex-

p eriences pitc h and roll, which causes the images it

collects to change signi�can tly from one frame to the

next. Because of this, the vision system's identi�cation

of ob jects and the estimate of their distances and an-

gles degrades. The lo calization system dep ends hea v-

ily on v ery accurate information ab out the landmarks,

so our algorithm requires that the rob ot stop mo ving

while lo oking for landmarks. The pro cess of stopping

and scanning for landmarks usually tak es the rob ot

b et w een 15 and 20 seconds.

Because the vision system is reliable, w e assumed,

in designing our b eha vior algorithms, that the infor-

mation it pro vides is correct.

Our approach pro vides the rob ot with the ability to

con trol its knowledge of the w orld: in order to learn

more ab out where it is, it can sp end more time lo ok-

ing for landmarks. Although ha ving more information

helps the rob ot tremendously , so ccer, like other dy-

namic domains, is time-critical, so ev ery momen t sp ent

lo oking around is lost time. Opp onen ts can use also the

rob ot's inatten tion to their adv an tage.

Our strategy includes: i) a tw o-constraint system

for utility-based thresholded lo calization, ii) an arc hi-

tecture that allows the rob ot to upgrade and degrade

its p erformance quic kly and gracefully , iii) b eha viors

that are reasonable ev en when the rob ot do es not

know where it is, and iv) several sp ecial lo calization-

dep enden t b eha viors which dramatically increase the

rob ots' e�ciency .

Control over State Knowledge

Rob otic so ccer is a time-critical game, so it is undesir-

able for the rob ot to stop and lo ok around when it is



not necessary to do so|not only b ecause this w astes

time, but also b ecause when the rob ot isn't pa ying at-

ten tion to the game, its opp onen ts ha v e a chance to

act unimp eded.

One p ossible lo calization strategy , used by this

y ear's team from LRP University in F rance (Bouc hefra

et al. 1999), in v olv es lo calizing the rob ot v ery infre-

quently , if at all. Ho w ev er, the b ene�ts of accurate

lo calization are signi�can t.

W e presen t a sc heme that balances the time required

to get accurate lo calization information with the b en-

e�ts this information pro vides.

Utilit y-Based Thresholded Lo calization W e

found that if w e de�ned what a \useful" amoun t of

lo calization information w as and allow ed the rob ot to

stop and lo ok around ev ery time its lo calization infor-

mation fell b elo w that lev el, the rob ot sp ent most of

its time lo oking for landmarks. Ho w ev er, if w e changed

the de�nition of \useful" information to the p oint that

the rob ot w as able to act for a reasonable amoun t of

time b efore stopping to lo ok for landmarks, then its lo-

calization information w as almost never go o d enough

to use; in our tests, the rob ot frequently scored own-

goals, or tried to push the ball in to the w alls of the

�eld.

W e use a system of t w o constraints to force the rob ot

to act for long enough to a v oid disrupting its b eha vior

while also requiring that its lo calization information is

accurate enough to use.
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Figure 4: Time tak en to score a goal v ersus ho w long we

require the rob ot to act b efore lo oking for landmarks.

Constrain t 1|Enforcing Action: Our �rst con-

strain t is that the rob ot sp end a certain amoun t of time

acting b efore it stops to lo ok for landmarks. If w e do

not constrain the amoun t of time the rob ot sp ends act-

ing, it will stop so frequently to lo ok for lo calization

information that its abilit y to con tinue its action will

b e disrupted. Eac h time the rob ot stops to lo ok for

landmarks, there is some chance that it will ha v e trou-

ble �nding the ball when it �nishes lo calizing and lo oks

for it again. This happ ens b ecause the rob ot acciden-

tally nudges the ball aw ay , or b ecause it fails to stop

mo ving b efore lo oking aw ay from the ball. Therefore,

stopping more frequently increases the chance that this

will happ en and the rob ot will ha v e to b egin searc hing

for the ball, a time-consuming pro cedure.

Ho w ev er, if the rob ot do es not lo ok around for lo cal-

ization information, it loses the opp ortunit y to get and

use this v aluable information which allows it to score

much more quic kly .

Our sc heme uses a coun ter to require the rob ot to act

for a sp eci�ed amoun t of time b efore lo oking for land-

marks. The amoun t of time the rob ot must act b efore

lo oking could dep end on the con�dence the rob ot has

in its curren t lo calization information and on its cur-

ren t goals. In our sc heme, ho w ev er, it is in v ariant.

W e require that the rob ot act for the time it tak es

the image mo dule to pro cess 350 frames of data, or

ab out 40 seconds. Recall that stopping to lo ok for

landmarks tak es the rob ot b et w een 15 and 20 seconds,

not coun ting the time it tak es it to recov er the ball

afterw ards. So w e demand that it sp end ab out 2/3 of

its time acting. The results of our exp eriments, sho wn

in Figure 4 sho w that this v alue is go o d (Winner &

V eloso ).

W e chose to coun t the time in image frames pro-

cessed by the vision mo dule b ecause a full system call

is more exp ensive than using this information. The

num b er of frames pro cessed is relativ ely constant p er

unit time, and is immediately av ailable to the con trol

mo dule since eac h pro cessed frame in v okes an up date

in the con trol mo dule.

Constrain t 2|Limited Lo calization: The sec-

ond constraint is ho w accurate w e demand the lo caliza-

tion information to b e. W e measure accuracy with the

standard deviations returned by the lo calization mo d-

ule. If the information is accurate enough, the rob ot

should not stop to lo ok for landmarks. But if it is not

accurate enough, the rob ot should not use it.

It is not immediately ob vious ho w go o d our lo caliza-

tion information must b e b efore it is usable. Clearly , if

our demands are to o high, the rob ot will rarely b e able

to use the information it has gathered. And if they are

to o low, it will use information that is so inaccurate as

to b e useless at b est, and damaging at w orst.

Our results, displa y ed in Figure 5 sho w that a

\go o d" lo calization estimate of � , or the angle of the

rob ot on the �eld, ha v e a standard deviation of 30

�

or

less. A \go o d" lo calization estimate of x and y , the
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Figure 5: Time tak en to score a goal v ersus ho w lo w we

require the standard deviation ns of the lo calizati on v alues

for � (the rob ot's orien tation) and x and y (its lo cation on

the �eld) to b e b efore using them.

co ordinates of the rob ot's lo cation on the �eld, must

ha v e a standard deviation of less than 600mm , or just

under one quarter of the �eld length.

Behaviors with No Need for Lo calization One

of the b est w a ys of �nding a balance b et w een lo caliza-

tion information and time sp en t to acquire it is simply

to a v oid lo calizing when it is not necessary . W e ha v e

identi�ed t w o times when it is unnecessary: when the

rob ot has recently lost sigh t of the ball, and when it

has no information at all ab out the lo cation of the

ball. Our sc heme allo ws the rob ot to act in telligen tly

but do es not rely on lo calization information in either

of these situations.

Recov ering a Recently Lost Ball: The rob ot of-

ten loses sigh t of the ball while it is trying to manipu-

late it. This is usually b ecause it has w alk ed past the

ball. It m ust searc h for the ball, but b ecause it has

just lost sigh t of the ball, more information is av ailable

for it to use.

Instead of incorp orating a costly full-scale w orld

view in to the rob ot arc hitecture, w e implem ented a

v ery simple but extremely e�ective algorithm. When

the rob ot loses sigh t of the ball, it �rst w alks bac kw ards

for almost the en tire width of the �eld. If it has w alk ed

past the ball, this usually allo ws it to sp ot it. Ho w ev er,

sometimes w alking bac kw ards mak es the rob ot turn its

b o dy , sometimes a w a y from the ball. So, like our team

last y ear, CMT rio-98 (V eloso & Uther 1999), this y ear's

rob ots turn in the direction in which the ball w as last

seen. After this, the rob ot considers the ball lost and

b egins a random searc h for it.

Random Search: When the rob ot do es not know

where the ball is, it must w ander the �eld to searc h

for it. One w ay of searc hing for the ball is to build

an \oriented" searc h, in which the rob ot uses lo caliza-

tion information to systematically searc h eac h area of

the �eld. This relies on v ery accurate lo calization in-

formation and on a complete searc h of the �eld, b oth

of which tak e a lot of time. Instead, w e use a v ery

simple algorithm that is much faster. W e wrote a ran-

dom searc h algorithm that do es not rely on lo calization

information at all. Un til the rob ot sees the ball, it al-

ternates b et w een w alking forw ard a random amoun t

and turning a random amoun t.

Since it is not relian t on lo calization information, our

random searc h algorithm allows the rob ot to co v er the

�eld more quic kly , on av erage, than do es a comparison

sc heme w e built in which the rob ot attempts to w alk

a circuit of the �eld.

Acting with Little Information

F requen tly during games, the standard deviations of

the rob ot's lo calization information are so high that

the information should not b e used. As explained pre-

viously , the rob ot should not stop and lo ok ev ery time

its lo calization information is inaccurate. Therefore,

w e must mak e sure that it can act reasonably ev en

when its lo calization information is not go o d enough

to use.

W e wrote an algorithm which allows the rob ot to

score goals without information ab out the rob ot's angle

and x and y lo cation on the �eld. The algorithm is as

follo ws:

Until see the goal,

walk sideways to the right around the ball;

When see the goal,

stop walking sideways;

Walk forward into the ball.

This allows the rob ot to consistently score goals with

no information from the landmark-based lo calization

mo dule at all. Ho w ev er, this tak es the rob ot much

longer than it do es when the rob ot has suc h informa-

tion.

Upgrading Performance

Not only must the rob ot b e able to progress to w ards its

goals when it do es not ha v e useful lo calization infor-

mation, but it must b e able to improv e its p erformance

as so on as it gets suc h information. W e used several

di�eren t strategies to mak e sure that the rob ot's p er-

formance w ould b e able to improv e quic kly as w ell as

degrade gracefully as the av ailability of go o d informa-

tion changed.

Lo calization-Dep en den t Performance Enhance-

men ts W e ha v e develop ed three p erformance en-



hancemen ts that rely on lo calization information and

that are robust and reliable ev en with noisy informa-

tion (Winner & V eloso ). The �rst helps the rob ot

decide in which direction to circle around the ball, or

whether to circle at all. The second allows the rob ot

to skew its approach to the ball so that it do esn't ha v e

to sp end time circling. The third allows the rob ot to

score goals ev en if it is unable to see the goal itself.

Mo de-Based Arc hitectur e W e built a con trol ar-

chitecture based on basic mo des of b eha vior w e identi-

�ed as imp ortan t. T o switc h b et w een mo des, the rob ot

uses knowledge ab out basic features of its state, suc h

as: i) whether it is paused, ii) in to which goal it is try-

ing to push the ball, iii) whether it is in p ossession of

the ball, whether it is close to the ball, and iv) whether

it knows where the goal is. Performance enhancements

include switc hing to a di�eren t mo de (for example, if

the rob ot has go o d enough lo calization information, it

knows where the goal is without seeing it, so it can

appropriately change from circling the ball to pushing

it to w ards the goal), and improving the p erformance

of the rob ot within a mo de.

The mo des w e ha v e de�ned for the attac k er are:

1. Head Searching: the rob ot is searching for the ball by

turning its head;

2. Searching: the rob ot is searching for the ball by turning

its head and its b o dy;

3. Approachin g: the rob ot is approaching the ball;

4. Circling: the rob ot is circling the ball;

5. Scoring: the rob ot is pushing the ball to wards the goal;

The algorithm w e use to switc h among these mo des

is appro ximately as follo ws:

If robot sees ball and is not close to it,

mode = Approachin g;

If robot does not see ball and did recently,

mode = Head Searching;

If robot does not see ball and has not recently,

mode = Searching;

If robot does not know where goal is and

is close to ball

mode = Circling;

If robot knows where goal is and is close to ball,

mode = Scoring.

W e are able to optimize the p erformance of the low-

lev el implem en tation of the mo des by using lo calization

information. By separating the high-lev el b eha vior

from the low-lev el implementation, w e ensure that the

rob ot's high-lev el b eha viors do not change frequently

as the a v ailable information changes. Instead, the w ay

the rob ot executes these b eha viors changes in resp onse

to the lack or a v ailabili t y of lo calization information.

Sp ecial Cases|Urgent Action

In some cases, the balance b et w een lo calization and ac-

tion do es not apply . Although eac h of these cases could

p erform much b etter with lo calization information, im-

mediate action is necessary , so the cost of lo calizing

thoroughly is prohibitiv ely high. W e ha v e found short-

cuts and compromises that allow the rob ot to p erform

as w ell as p ossible in these sp ecial cases, ev en without

sp ending time lo oking around for landmarks.

Approaching the Ball Possession of the ball is a

critical part of a so ccer game. The team that is able

more frequently to p ossess the ball has an incredible

adv an tage ov er its opp onen ts. Therefore, in our strat-

egy , when the rob ot sees the ball, it rushes to w ards it,

not w aiting to lo calize.

This strategy has negatives, clearly . If the rob ot

do es not know where it is on the �eld, it will not know

what to do with the ball when it gets to it. Neverthe-

less, it is b etter for a rob ot to lo ok around when it is

in p ossession of the ball than when it is farther from

the ball. When the rob ot is standing near the ball, it

is blo cking one side of the ball from visibilit y and at-

tac ks, and is more able to resp ond quic kly to an attac k

b ecause it is already close by .

Kic k o� W e w ere surprised to disco v er, in the ini-

tial games of Rob oCup-99, ho w much an adv an tage is

gained by winning the kic k o�. When the ball mo v es to

one side of the �eld, it is v ery di�cult for the rob ots to

mo v e it to the other side of the �eld. In the Rob oCup-

99 games, the team that w on the kic k o� usually scored

a goal, simply b ecause the ball never emerged from the

side of the �eld to which it w as initially pushed.

Because of this, w e felt it w as crucial to ha v e an

extremely aggressive kic k o�. W e to ok adv an tage of the

fact that, at eac h kic k o�, the rob ots w ere facing the

opp osite goal by ha ving them run straigh t to w ards the

ball, which is placed in the cen ter of the �eld, b et w een

them and the goal. W e allow ed the rob ots to run with

the ball without lo calizing at all for almost half the

length of the �eld{nearly the whole distance b et w een

their starting p ositions and the goal. Ev en when the

error-prone motion of the rob ots causes them to stra y

far from their pro jected path to w ards the goal, they are

usually able to drive the ball on to the other rob ots' side

of the �eld b efore stopping to lo calize.

This w as a v ery imp ortan t adv an tage in almost all

of our games, since w e w ere able to win most of the

kic k o�s. In the one game w e lost, w e had accidentally

turned this feature o� during the �rst half of the game,

and our rob ots w ere no longer able to win the ma jority

of the kic k o�s. When w e turned it bac k on in the

second half, our rob ots again dominated the kic k o�s,



and w ere therefore able to score a goal and prev ent the

other team's rob ots from scoring an y .

Goalie Another time when swift action is crucial is

when a rob ot is pla ying the p osition of goaltender.

Ho w ev er, this p osition also requires v ery accurate lo-

calization, since it is so necessary for the goalie to b e

in the correct p osition in front of the goal. W e found

that if w e allo w the goal to rely hea vily on the lo caliza-

tion mo del, the rob ot sp ends a lot of time lo oking for

landmarks instead of lo oking at the �eld, and so can

miss sa ving goals.

Also, it seems that the lo calization algorithm do esn't

pro vide su�cien tly accurate information for the goal-

tender p osition. It often allo ws the goalie to b e close

to the appropriate p osition, but ev en with a standard

deviation of 10cm, giv en that the goal is 60cm, this can

easily leav e large segmen ts of the goal unblo ck ed and

unguarded. Not only that, but sometimes the lo caliza-

tion information is wrong, since it relies on seeing the

landmarks, and the goalie w anders out in to the �eld

b efore disco v ering that it is in the wrong place and

trying to return.

Finally , by a v oiding the landmark-based lo calization

mo dule altogether, w e w ere able to �nd a w ay for the

goaltender not only to a v oid lo oking frequently at land-

marks, but also to p osition itself more accurately in

front of the goal. Our �nal algorithm is as follo ws:

Starting Position: Centered in front of the goal,

facing the other side of the field.

Scan the horizon for the ball;

If the ball is seen, run straight after it;

If lose sight of the ball for more than 2 frames,

turn until own goal is seen;

If see own goal, run towards largest area of goal seen

until it fills visual field;

If own goal fills visual field

turn until opposing goal is seen.

This �nal v ersion of the goalie is extremely ag-

gressive, and extremely successful. One of the main

strengths of this algorithm is that it tak es adv an tage

of the sp ecial situation in which the goal tender �nds

itself|standing v ery close to one goal, and facing the

other. Because the goals are the largest visual features

on the �eld, it is easy to use them to lo calize this sp e-

cial p osition. Because the goalie pushes the ball far

a w a y from the goal, it usually has plenty of time to

run bac k to the goal and turn around b efore the ball

comes nearb y .

Conclusion

In this pap er, w e rep orted on our w ork on con trol-

ling the so ccer-pla ying Son y quadrup ed legged rob ots

based on visual p erception and probabilistic lo caliza-

tion. W e brie
y describ ed the vision and lo calization

algorithms that allow for the state information to b e

gathered during execution of the game.

W e then con tributed a b eha vior-based planning ap-

proac h that activ ely con trols and balances the amoun t

of lo calization information the rob ot has. The rob ot

can score goals relying solely on the limited visual p er-

ception. The b eha viors can also emplo y as much of

the lo calization information as is av ailable and they

upgrade and degrade p erformance gracefully as av ail-

ability changes. In addition, the rob ots include delib-

erativ e preset plans to deal with sp ecial cases in which

urgent action is necessary and therefore cannot a�ord

the time to gather accurate state information. W e in-

clude results of tests that demonstrate the lo calization

capabilities and supp ort our parameter settings to con-

trol the amoun t of lo calization information.

Results from our matches in Rob oCup-99 at IJCAI-

99, Sto ckholm, also sho w our algorithms to b e e�ective.

Our team w on all but one of its games, and the one

it lost w as lost by only one goal. Our team w as the

only one in this y ear's league to score goals against

opp osing teams and never to score a goal against itself.

Our goaltender w as the only one in this y ear's league

to score a goal itself.

Ac kno wledgmen ts: W e would lik e to thank Sony for

pro viding us with this remark able platform for our researc h

in the p erception, planning, and action.
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