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Abstract—This paper presentsa visual based localization
mechanismfor a leggedrobot. Our proposal, fundamented
on a probabilistic approach, usesa precompiled topological
map where natural landmarks like doors or ceiling lights
are recognized by the robot using its on-board camera.
Experiments have been conducted using the AIBO Sony
robotic dog showing that it is able to deal with noisy sensors
like vision and to approximate world models representing
indoor of ce ernvironments. The two major contributions of
this work are the use of this technique in leggedrobots, and
the use of an active camera as the main sensor

Index Terms— mobile robot navigation, localization, legged
robots

|I. INTRODUCTION

One of the basisfor mobile robot operationsjike posi-
tion basedhavigation or motion planningtechniquesis the
localization capability [1]. This cande ned asthe ability
of a robot to determineits position in a map using its
own sensorsMany works have beendevelopedto estimate
the robot location. Unfortunately the most of existing
algorithms have beendesignedfor robots equippedwith
wheels,wherelocal preciseodometricinformation can be
achieved.

The solutionwe presentsolvesthe problemfor alegged
robot were odometric information is not reliable. The
information neededfor the localizationhasbeenobtained
by the robot external sensors,mainly from the robot's
camera.The odometryis a key in the majority of the
localizationworkswith wheeledrobots( [2], [3]). A similar
approachto ours,but appliedto awheeledrobot,is exposed
in [4], whereanof ce ervironmentis dividedtopologically
into states.

Our approachis basedon Markov localization [5], a
well-known probabilistictechniquethat maintainsa prob-
ability density (belief) over the entire statesspacewhere
therobotmoves.This techniquds alsousedin mary others
worksas[6], wheresensomsultrasonicor infraredsensors
areuseto determinethe obstaclesroundthe robotand[7],
but alwaysappliedto wheeledrobots.In the rst casewith
sensorsas ultrasonicor infrared sensorgo determinethe
obstaclesaroundthe robot.

In sectionll the fundamental®f the implementatiornof
this techniqueis shovn. Thereareanotherapproacheshat
useanothemwell-know samplingalgorithmfor localization
Monte Carlg but it has reported[8] not to be enough
effective in noisy ervironmentsas the ours. Despite of
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this, we have not discardedto evaluatethis algorithm in
the future.
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Fig. 1. AIBO ERS7Anatomy

Dependingon the stategranularityde ned over themap,
the connectvity information and the anglesinference,we
considera localization method as topological or metric
For instancejn [5] a metricapproachs used,with alinear
resolutionbetweenl0and40 cm andtheangularresolution
set between2 and 5 degrees.This resolutionleadsto a
vastamountof stateseven in not so big maps(7.200.000
statesfor 30x30m? map)which needsometechniquedike
samplingfor beingcomputable.

Our approachis topological becausethe connectvity
information is importantfor our navigation task, and the
exactrobotpositionis notsoimportant. Theof ce environ-
mentdivision into statesis similar to [9] and[10], where
the set of nodesis built dependingon the obsenrations
that canbe obtainedin eachplaceof this ervironment,but



again, theseapproachesre usedto locatewheeledrobots.

With very few exceptions( [5]), mostof the approaches
are passve, i.e. neitherthe position nor sensororientation
can be controlled. Our approachis active, setting the
sensororientationto getthe informationwe wish from the
ervironment.

The platform where this systemhas beendevelopedis
the Sory AIBO robot. The Sory AIBO ERS7robot ( gure
[) is a completely autonomousobot which incorporates
an embeddedMIPS processorrunning at 576MHz, and
64MB of main memory It gets information from the
ervironment mainly through a 350K-pixel color camera
and 2 infrared sensors Another of the AIBO locomotion
main characteristicss its dog aspectwith four legs. AIBO
alsoincorporatedEEE 802.11bWirelessLAN card.

The main reasonto choosethis robotic platform for our
researchis its generalizationas low cost legged robotic
platform. Our group is committedwith the use of com-
mon platformsand the availability of sourcecode, letting
researctrlaimsbe checled by peers.

The restof this paperis organizedasfollows: in section
Il we make a brief review of Markov Localizationtech-
nigue used.In sectionlll we describeour model and its
componentsshaving theexperimentsandresultsin section
IV. Finally, we will exposeour conclusionsn sectionV.

Il. MARKOVIAN LOCALIZATION FRAMEWORK

Localizationbasedon indirect information provided by
the robot sensorgsonar laser etc.) hasbeensuccessfully
integratedin the probabilistic framavork and has shavn
goodresults[2], [11]. In particulay samplingmethodsthat
speedsthe estimation[5], are currently the most popular
methods.

In ourwork, we have useda Partially ObserableMarkov
DecisionProcesse@POMDP)wherea probability distribu-
tion Bel, over all the possiblelocationsS = fs;;sy;:::g,
is de ned atatimet, soBel (S = s) will represenbelief
of beingin the states at the time t.

Dependingon the knowledge aboutthe initial localiza-
tion of the robot B elp(S) will be uniformly distributed if
theinitial stateis not known, or will be centeredn a state
if the initial positionis known.

The belief actualizationis divided in two atomic steps.
In the movementstep an action is executedby the robot.
The belief is modi ed accordingto the action executed.
In the obsenration step the belief is updatedaccordingto
the obsenations taken from the sensors.In each robot
movement these two steps are executed sequently The
descriptionof thesetwo stepsis presenteds follows:

Movement step. Robot motion is modelled by the
probability p(sYs;a). This is the probability of reaching
states® if anactiona is executedat states. To obtainthe
a priori belief for the whole setof statesB el,(S% Bayes
updateis assumedWhenan actionis executed,andbefore
it is correctedby the datafrom the sensorswe apply:

B elt (SO)

p(sYs;a) ¢Belk; 1(s);
s2S

8s’2 s (1)

Obsewvation step To calculate the corrected belief
Bel;(S) we take p(ojs) as the probability of getting the
obsenation o beingin the states andwe operateasit is
describedn [4], asfollows:

Bel(s) = p(ojs) ¢Bel(sY;

8s;s°2 S 2)

If therearemary obsenationsandthey areindependents
betweenthem,we canusethemasa productof independ-
entsterms:

Bel(s) = p(01js) ¢p(0zjs) ¢¢ep(onjs)

Bel(sY;8s;s°2 S )

Obviously, p(ojs) hasto be known. In our case,this
informationis inferred from the map of the ervironment.
Theway it is calculatedis describedn next section.

I1l. OUR MODEL

Summarizingpur localizationmethodneedsthreecom-
ponentsto be de ned:

1) The ervironmentmap and how it is translatedto a
setof states.

2) A set of actions the robot can perform and the
probabilisticaction model.

3) A set of obsenrations a robot perceves from its
ervironment and its probabilistic model related to
states.

A. Thestatespace

Our robot is going to move aroundin an indoor of ce
ervironmentmadeup by corridors and rooms, as shavn
in gure 2. This ervironmenthasbeenmanuallycodedas
a setof topologicalnodesrepresentinglaceswith similar
characteristicsi-or example,a nodecould be a continuous
corridor region wherethereisn't doorsin the right neither
in the left.

Oncethe set of nodeshasbeende ned, eachnodeis
dividedin four differentstatesyepresentinghe samerobot
position with four orientationswith angularresolutionof
9 (north, east,south,and west).

In the top left diagramof gure 2 we canseea portion
of of ce environment.At thetop right of the same gure it
hasbeendividedin nodesattendingto their characteristics.
So, a region where there are doors at both sidesof the
corridor is differentto the region wherethereis only one
or to the region thereis none. The division is guided by
the numberof doorsor ceiling lights the robot can sense
in eachposition,becausdhey arethe landmarksthe robot
is ableto perceve from its raw cameraimages.



Notethisis atopologicaldivision,wherenodesepresent
areasof different sizes. Statesare then de ned over the
nodeswith differentorientation.In this way, for example,
in gure 2 node4 is divided into states4 to 7, node5 into
states8 to 11 andso on (lower part of gure 2):

Set of nodes

Map

Set of states

s3 3

Fig. 2. Frommapto states

B. Action model

The action primitives we implementin this work are:
to turn 90° on the left, to turn 90° on the right and go
forward the necessaryime to reachthe next statewith the
sameorientation. The model supportsuncertainlyin the
movementprimitives.In gure | we canseetheuncertainly
in actionexecution.If the robotexecutethe turn 9C° in the
left, for example, we have in mind that the robot could
do nothing(N), to turn correctly(T) or to turn more than
9C°(TT). If the mavementis go forward, the robot could
do not reachthe next statenothing(N),reachthe next state
(F), to passslightly the correct state (FF) or to male a
really big travel (FFF).

Turn Left N: 0.15(T: 0.70 |TT:0.15

Turn Right N: 0.15|T: 0.70|TT:0.15

Go forward N: 0.20|F: 0.6 |FF: 0.15 |FFF: 0.03
TABLE |

UNCERTAINLY IN ACTION EXECUTION.

In gure 3 two nodesfrom the mapareshavn: therobot
startsat position A andperformsthe actionas orwarq. The
robot moves forward, but with this movementit doesnot
reachthe next state,beingin positionB insteadof C. In
the forward action, to do nothing (N) do not implies the
robot hasnot moved. It implies the robot hasnot reached
the next state,but in the modelthis is taken asthe same.

When the robot execute a action primitive, i.e. when
the robot moves (this is called actuatiorphasé our system
updateghe belief asit is shavn in equation4. The action
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Fig. 3. Transitionof states

modelde nes p(sYs; a) asthe probability of to reachstate
sC startingat states and executingthe action a:

p(sYs;a);8s2 S;8a2 A 4)

A= fafpgiasT 857, g0

This probability p(sYs; a) will be our actionmodeland
it is calculateda priori dependingon the possibleaction
the robot can performin the statespaceandthe tablel.

The robot must be centeredin the corridor as much as
possible andorientedto thewall or to the corridorin order
to a correctobsenation of the environment.If we turn on
the left 90°, we want the action to be atomic i.e. turn
90° or turn 0°. Mov 60°, for example,is not desirablefor
the sensingasks.For correctingorientationerrors,afteran
actionwas performed,a correctionphaseis needed.

To improve action primitives accurag the robot correct
its positionafteranactionis executed For this purposethe
robot obtaininfrared measuresvith distinct anglesrespect
to its body position, turning the headthe angleswe want.
There are two possiblessituationsdependingon the rst
infraredmeasuraakenwith 0° of deviationwith respecthe
body:if therobotdoesnot detectarny obstaclewe suppose
to be orientedfacedto the endof corridor, almostpararell
to wall. On the otherhand,if we detectary obstaclewe
considerit facedto wall. Let's describethesesituations:

Facedto wall. If therobotis facedto corridor, we obtain
infraredmeasuregettingthe distancetio anobstaclen -30,
-15,0, 15and30 degrees(see gure 111-B) with respecthe
body, turningthedog's neckto orientatetheinfraredsensor
As we seein gure 6, we can obtain the 2D points of
the obstaclebtainedin their measuresBy the minimum
gquadraticmethod,we can obtain the angle with the wall
which will be usedfor correctingthe robot position.

Fig. 4. Therobottakesinfrared measuresvhenit is facedto wall with
-30, -15, 0, 15 and 30 degrees

Face to corridor. The methodis the sameas before,
but the anglesare-90, -80, -70, 70, 80 and 90 degrees(see
gure llI-B) . We can obtain two lines correspondingo
the walls of the corridor. With theselines we can correct
the robotorientationandpositionwith respecthe corridor



Fig. 5. The robot takes infrared measuresvhenit is facedto corridor
with -90, -80, -70, 70, 80 and 90 degrees

Fig. 6.  When we have calculatedthe 2D points correspondingto
sensormeasuresye calculateby Minimum quadraticmethodthe line
correspondingo an obstacle.The anglea will be usedto correctthe
robot position

C. SensorModel

Our sensomodeltake threetypesof sensationérom the
imagetaken by the robot's camera: textbfdepth.The main
tamget for this obsenration is measurehow far the robot
is from the wall when it is orientatedto the end of the
corridor. For this purposewe detectthe numberof ceiling
lightsthattherobotperceve. If thenumberof ceiling lights
is high, therobotis far from the end.If this measurés low,
therobotis nearto theend.In gure 1lI-C we canseethe
original image and the image with the ceiling lights and
doorsdetected.

Doors. Due a color analisysof the image,the robot is

able to count the numberof doorsit can obsere ahead.

The doorsmustbe verticalto the oor andthe jambsmust
be pararellbetweenthem. If a imageregion comply with
thesespeci cations,it is assumedo be a door.

near landmark. This obsenation give us information
aboutwhich landmarksthe robot found arounditself. We
de ne landmarksas the doors, walls or corridor that are
situated in the right, left and front side of robot. For

(a) Detecting6 ceiling lights and 8 doors

(b) Detectingone ceiling light and5 doors

Fig. 7. Imageinformation extractionresults

example,a obsenation could detectthereis a door at the
left side,a wall at the right side andin front of the robot

thereis a corridor.

Fig. 8. Detectingthe landmarkssurroundingn this situationthe robot
mustknow it is faceto the corridor, it hasa wall on its right andit has
a dooron its left

To take this obsenation, the robot detectsif thereis
an obstacleaheadwith an infrared sensar If thereis one
obstacle,it must determineif it is a wall or a door by
analyzing and image taken from its camera.The robot
repeatshe sameoperationturning its headleft andright.

Oncethe datais collected,we apply the equation3 for
correctthe belief asfollows,

Belsubsequent (S) = p(OjS) ¢B eIpr evious (S); 8s2 S (5)

B eIsubseq uent (S) p(oceil ing lig hts jS ¢
p(odoor st) ¢
P(Onear 1andmar ksjS) ¢

Belyrevious (S);852 S (6)

IV. EXPERIMENTS

In orderto verify the correctoperationof our approach,
we will realize several experimentsin a corridor of an



of ce ervironment.In gure 9 we can seethe corridor
that we have usedfor the experimentsand how we have
topologically divided it into nodes.Afterwardswe divide
acain the setof nodesinto states.This of ce ervironment
is very simetricandthatis why this scenaricentailsmuch
moredif culty for the localizationsystem.
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Fig. 9. Map divided into nodes

For the experimentalresults,we usethe error function
shavn in equation?7, where statemay or denotesthe state
with the greatestelief and stateca IS the robot actual
position.The distance is measure@sthe numberof steps
neededo reacha statefrom another

error = abgprol(statemay or i Prol(stateacral ))) ¢

®istance(statemay or ; Stateactual )) (7

A. Ability for recovery of action error

In the rst experimentwe want to verify if the system
is robust to action errors. The systemmust be able to
detectwhen the movementwas wrong using its sensors,
andrecover from this situation.

For this purpose,we situatedthe robot in state15 (see
mapin gure 9) andwe orderedit to go forward alongthe
corridor. The robot knows whereit is at the beginning, in
otherwords, the probability distribution is concentratedn
the state15. Due to the imperfectionsof the actions,the
errorlocalizationincreasesn eachstep.In the gure 10(a)
thegreenline is thelocalizationerrorif themovementsvas
perfect,andthe red line is the localizationerror using our
approach As we seein the graph, using our localization
the error is 0 becausehe systemrecorver in all the cases
from actionerrors.

B. Speedn localization

In this experimentthe robotdoesnot know whereit is at
thebeginning,sothe rst time theprobabilitydistributionis
uniform. This experimentwasrealizedwith a lot of sensor
noise becausethere were a lot of peoplewalking along
the corridor Despitethis dif culty , the robotis ableto be
localizedwith a small error in a few movementsand can
recovery to sensoterror quickly, aswe seein gure 11(a)-
11(d).

In 11(a)therobot startsat nodeone andthe distribution
(paintedin green)is uniform alongall the nodes.For this

(a) ExperimentlV-A: Error in the localization
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(b) ExperimentlV-B: Recwering from sensorerrors

Fig. 10. Experimentsesults

explanationwe will talk aboutnodeinsteadof stateswhich
is actually what we use in our model, to simplify this
explanation.So, a nodewill be paddedn greendepending
on the belief of the statesituatedin this node, orientated
on the right. When the robot moves forward it reachto
the node2 (Fig. 11(b)) andit takes datafrom its sensors.
With this data the model evolves and the probability is
concentratedn state? and 17, becausehesetwo states
have almost the same obsenation properties.The robot
goesforward, but an error occursand the robot reaches
node4, insteadof node3. This anomalyis obseredin the
modelandit is correctedin the obserationphase aswe
seein 11(c). In the last movementthe robot reachesthe
node5 and thenthe simetry is broken, concentratinghe
probability in the node5, aswe seein Figure 11(d).

Figure 10(b) shaws the error evolution during the exper
iment.

V. CONCLUSIONS

This article haspresentedhe preliminary resultsfor an
approachto localizationof leggedrobot, using mainly the
vision as an active input sensorto extract characteristics
from the ervironment.We have shavn thattherobotis able
to localizeitself evenin ervironmentswith noiseproduced
by the normal actvity in a real of ce.



(a) Initial statefor the experiment.The belief (green)is
the samefor every states.

(b) After the rst movementwas nished, thereis a
couple of stateswhere the robot could be, due to the
corridor simetry

(c) In the next step the movementwas no correct (it
skipsthe node3), but the robot canlocalizeitself by the
obsenration. The simetry still do not let us know where
the robotis.

(d) In this stepthe simetryis brokenandtherobotknows
its position.

Fig. 11. Experimentdonein a corridor The amountof greenin each
staterepresenthe belief in it.

The data obtainedfrom sensorsmainly the camera,is
veryrich andlet afastconvergencefrom aninitial unknavn
statewherethe belief over the setof statess uniform. Also
we demonstratedhat the robot can detectaction failures
whenit is localized,and recover from themin a efcient
way.

The set of obsenations have beendescriptve enough
to be efcient in the localization process.The way we
determinethe numberof doorsand ceiling lights the robot
can perceve hasbeenthe key for the localizationsystem.

Despitetheseresults, thereare somelimitations that de-
sene futureresearchOneof thekey limitationsarisesfrom
the low accurag in the localizationdue to the granularity
of the large areasde ned as statesin the map building.

Maybegranularitiesearto the metricapproximatiorcould
be more usefulfor mary indoorsapplications.

We believe that probabilisticnavigation techniqueshold
greatpromisefor getting leggedrobotsreliable enoughto
operatein real of ce ernvironments.Although the exper
iment results shavs the systemworks, but for a correct
evaluationanimmediatetaskis to realizemoreexperiments
to evaluate this systemin a more complex and longer
scenarios.
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