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Abstract— This paper presentsa visual based localization
mechanism for a legged robot. Our proposal, fundamented
on a probabilistic approach, usesa precompiled topological
map where natural landmarks lik e 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
lik e vision and to approximate world models representing
indoor of�ce envir onments. The two major contributions of
this work are the useof 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

Oneof the basisfor mobile robot operations,like posi-
tion basednavigationor motionplanningtechniques,is the
localizationcapability [1]. This can de�ned as the ability
of a robot to determineits position in a map using its
own sensors.Many workshave beendevelopedto estimate
the robot location. Unfortunately, the most of existing
algorithmshave beendesignedfor robots equippedwith
wheels,wherelocal preciseodometricinformationcanbe
achieved.

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

Our approachis basedon Markov localization [5], a
well-known probabilistictechniquethat maintainsa prob-
ability density (belief) over the entire statesspacewhere
therobotmoves.This techniqueis alsousedin many others
worksas[6], wheresensorasultrasonicor infraredsensors
areuseto determinetheobstaclesaroundtherobotand[7],
but alwaysappliedto wheeledrobots.In the �rst casewith
sensorsas ultrasonicor infrared sensorsto determinethe
obstaclesaroundthe robot.

In sectionII the fundamentalsof the implementationof
this techniqueis shown. Thereareanotherapproachesthat
useanotherwell-know samplingalgorithmfor localization
Monte Carlo, but it has reported [8] not to be enough
effective in noisy environmentsas the ours. Despite of
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this, we have not discardedto evaluatethis algorithm in
the future.

(a) Sony AIBO ERS7.Front (imagefrom AIBO site)

(b) Sony AIBO ERS7.Back (imagefrom AIBO site)

Fig. 1. AIBO ERS7Anatomy

Dependingon thestategranularityde�ned over themap,
the connectivity information and the anglesinference,we
considera localization methodas topological or metric.
For instance,in [5] a metricapproachis used,with a linear
resolutionbetween10and40cmandtheangularresolution
set between2 and 5 degrees.This resolution leads to a
vastamountof states,even in not so big maps(7.200.000
statesfor 30x30m2 map)which needsometechniqueslike
samplingfor beingcomputable.

Our approachis topological becausethe connectivity
information is important for our navigation task, and the
exactrobotpositionis notsoimportant. Theof�ce environ-
ment division into statesis similar to [9] and [10], where
the set of nodesis built dependingon the observations
that canbeobtainedin eachplaceof this environment,but



again, theseapproachesareusedto locatewheeledrobots.
With very few exceptions( [5]), mostof the approaches

arepassive, i.e. neitherthe positionnor sensororientation
can be controlled. Our approachis active, setting the
sensororientationto get the informationwe wish from the
environment.

The platform where this systemhasbeendevelopedis
theSony AIBO robot.TheSony AIBO ERS7robot (�gure
I) is a completelyautonomousrobot which incorporates
an embeddedMIPS processorrunning at 576MHz, and
64MB of main memory. It gets information from the
environment mainly through a 350K-pixel color camera
and 2 infrared sensors.Another of the AIBO locomotion
main characteristicsis its dog aspectwith four legs.AIBO
also incorporatesIEEE 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
researchclaimsbe checked by peers.

The restof this paperis organizedasfollows: in section
II we make a brief review of Markov Localization tech-
nique used.In sectionIII we describeour model and its
components,showing theexperimentsandresultsin section
IV. Finally, we will exposeour conclusionsin sectionV.

I I . MARKOVIAN LOCALIZATION FRAMEWORK

Localizationbasedon indirect information provided by
the robot sensors(sonar, laser, etc.) hasbeensuccessfully
integrated in the probabilistic framework and has shown
goodresults[2], [11]. In particular, samplingmethodsthat
speedsthe estimation[5], are currently the most popular
methods.

In ourwork, wehaveusedaPartially ObservableMarkov
DecisionProcesses(POMDP)wherea probabilitydistribu-
tion B el, over all the possiblelocationsS = f s1; s2; :::g,
is de�ned at a time t, so B elt (S = s) will representbelief
of being in the states at the time t.

Dependingon the knowledgeaboutthe initial localiza-
tion of the robot B el0(S) will be uniformly distributed if
the initial stateis not known, or will be centeredin a state
if the initial position is 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 observationstep the belief is updatedaccordingto
the observations taken from the sensors.In each robot
movement these two steps are executed sequently. The
descriptionof thesetwo stepsis presentedas follows:

Movement step. Robot motion is modelled by the
probability p(s0js; a). This is the probability of reaching
states0 if an actiona is executedat states. To obtain the
a priori belief for the whole set of statesB elt (S0) Bayes
updateis assumed.Whenanactionis executed,andbefore
it is correctedby the datafrom the sensors,we apply:

B elt (s0) =
X

s2 S

p(s0js; a) ¢B elt ¡ 1(s);

8s0 2 S (1)

Observation step. To calculate the corrected belief
B elt (S) we take p(ojs) as the probability of getting the
observation o being in the states andwe operate,as it is
describedin [4], as follows:

B elt (s) = p(ojs) ¢B elt (s0);

8s; s0 2 S (2)

If therearemany observationsandthey areindependents
betweenthem,we canusethemasa productof independ-
entsterms:

B elt (s) = p(o1js) ¢p(o2js) ¢¢¢p(on js)

¢B elt (s0); 8s; s0 2 S (3)

Obviously, p(ojs) has to be known. In our case,this
information is inferred from the map of the environment.
The way it is calculatedis describedin next section.

I I I . OUR MODEL

Summarizing,our localizationmethodneedsthreecom-
ponentsto be de�ned:

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

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

3) A set of observations a robot perceives from its
environment and its probabilistic model related to
states.

A. Thestatespace

Our robot is going to move aroundin an indoor of�ce
environment madeup by corridors and rooms,as shown
in �gure 2. This environmenthasbeenmanuallycodedas
a setof topologicalnodesrepresentingplaceswith similar
characteristics.For example,a nodecould be a continuous
corridor region wherethereisn't doorsin the right neither
in the left.

Once the set of nodeshas beende�ned, eachnode is
dividedin four differentstates,representingthesamerobot
position with four orientationswith angularresolutionof
90o (north, east,south,andwest).

In the top left diagramof �gure 2 we canseea portion
of of�ce environment.At thetop right of thesame�gure it
hasbeendivided in nodesattendingto their characteristics.
So, a region where there are doors at both sidesof the
corridor is different to the region wherethereis only one
or to the region there is none.The division is guidedby
the numberof doorsor ceiling lights the robot can sense
in eachposition,becausethey arethe landmarksthe robot
is able to perceive from its raw cameraimages.



Notethis is a topologicaldivision,wherenodesrepresent
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):

Fig. 2. From mapto states

B. Action model

The action primitives we implement in this work are:
to turn 90o on the left, to turn 90o on the right and go
forward the necessarytime to reachthe next statewith the
sameorientation.The model supportsuncertainly in the
movementprimitives.In �gure I we canseetheuncertainly
in actionexecution.If the robotexecutethe turn 90o 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
90o(TT). If the movementis go forward, the robot could
do not reachthenext statenothing(N),reachthenext state
(F), to passslightly the correct state (FF) or to make a
really big travel (FFF).

TABLE I

UNCERTAINLY IN ACTION EXECUTION.

In �gure 3 two nodesfrom themapareshown: therobot
startsat positionA andperformsthe actionaf or war d. The
robot moves forward, but with this movementit doesnot
reachthe next state,being in position B 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 model this is taken as the same.

When the robot execute a action primitive, i.e. when
the robotmoves(this is calledactuationphase) our system
updatesthe belief as it is shown in equation4. The action
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Fig. 3. Transitionof states

modelde�nes p(s0js; a) astheprobabilityof to reachstate
s0, startingat states andexecutingthe actiona:

p(s0js; a); 8s 2 S; 8a 2 A (4)

A = f af F g; af TL g; af TR gg

This probability p(s0js; a) will be our actionmodeland
it is calculateda priori dependingon the possibleaction
the robot canperformin the statespaceandthe table I.

The robot must be centeredin the corridor as much as
possible,andorientedto thewall or to thecorridor in order
to a correctobservation of the environment.If we turn on
the left 90o, we want the action to be atomic, i.e. turn
90o or turn 0o. Mov 60o, for example,is not desirablefor
thesensingtasks.For correctingorientationerrors,afteran
actionwasperformed,a correctionphaseis needed.

To improve actionprimitivesaccuracy the robot correct
its positionafteranactionis executed.For this purpose,the
robot obtaininfraredmeasureswith distinct anglesrespect
to its body position, turning the headthe angleswe want.
There are two possiblessituationsdependingon the �rst
infraredmeasuretakenwith 0o of deviationwith respectthe
body: if therobotdoesnot detectany obstacle,we suppose
to be orientedfacedto the endof corridor, almostpararell
to wall. On the other hand,if we detectany obstacle,we
considerit facedto wall. Let's describethesesituations:

Facedto wall. If therobotis facedto corridor, weobtain
infraredmeasuresgettingthedistanceto anobstaclein -30,
-15,0, 15 and30 degrees(see�gure III-B) with respectthe
body, turningthedog'sneckto orientatetheinfraredsensor.
As we see in �gure 6, we can obtain the 2D points of
the obstaclesobtainedin their measures.By the minimum
quadraticmethod,we can obtain the anglewith the wall
which will be usedfor correctingthe robot position.

Fig. 4. The robot takes infraredmeasureswhenit is facedto wall with
-30, -15, 0, 15 and30 degrees

Face to corridor . The methodis the sameas before,
but theanglesare-90, -80, -70, 70, 80 and90 degrees(see
�gure III-B) . We can obtain two lines correspondingto
the walls of the corridor. With theselines we can correct
therobotorientationandpositionwith respectthecorridor.



Fig. 5. The robot takes infrared measureswhen it is facedto corridor
with -90, -80, -70, 70, 80 and90 degrees
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Fig. 6. When we have calculatedthe 2D points correspondingto
sensormeasures,we calculateby Minimum quadraticmethod the line
correspondingto an obstacle.The angle a will be usedto correct the
robot position

C. SensorModel

Our sensormodeltake threetypesof sensationsfrom the
imagetakenby the robot's camera: textbfdepth.Themain
target for this observation is measurehow far the robot
is from the wall when it is orientatedto the end of the
corridor. For this purposewe detectthe numberof ceiling
lights thattherobotperceive. If thenumberof ceiling lights
is high, therobot is far from theend.If this measureis low,
the robot is nearto the end.In �gure III-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 doors it can observe ahead.
Thedoorsmustbevertical to the �oor andthe jambsmust
be pararellbetweenthem. If a imageregion comply with
thesespeci�cations,it is assumedto be a door.

near landmark. This observation 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 and8 doors

(b) Detectingoneceiling light and5 doors

Fig. 7. Imageinformationextractionresults

example,a observation could detectthereis a door at the
left side,a wall at the right side and in front of the robot
thereis a corridor.

Fig. 8. Detectingthe landmarkssurrounding.In this situationthe robot
must know it is faceto the corridor, it hasa wall on its right and it has
a door on its left

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

Oncethe datais collected,we apply the equation3 for
correctthe belief as follows,

B elsubsequent (s) = p(ojs) ¢B elpr evious (s); 8s 2 S (5)

B elsubsequent (s) = p(oceil ing l ig hts js ¢

p(odoor s js) ¢

p(onear l andmar ks js) ¢

B elpr evious (s); 8s 2 S (6)

IV. EXPERIMENTS

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



of�ce environment. In �gure 9 we can see the corridor
that we have usedfor the experimentsand how we have
topologically divided it into nodes.Afterwardswe divide
again the setof nodesinto states.This of�ce environment
is very simetricandthat is why this scenarioentailsmuch
moredif�culty for the localizationsystem.

Fig. 9. Map divided into nodes

For the experimentalresults,we usethe error function
shown in equation7, wherestatemay or denotesthe state
with the greatestbelief andstateactual is the robot actual
position.Thedistancex is measuredasthenumberof steps
neededto reacha statefrom another.

err or = abs(prob(statemay or ¡ prob(stateactual ))) ¢

¢distance(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 forwardalongthe
corridor. The robot knows whereit is at the beginning, in
otherwords,the probability distribution is concentratedin
the state15. Due to the imperfectionsof the actions,the
error localizationincreasesin eachstep.In the �gure 10(a)
thegreenline is thelocalizationerrorif themovementswas
perfect,andthe red line is the localizationerror usingour
approach.As we seein the graph,using our localization
the error is 0 becausethe systemrecover in all the cases
from actionerrors.

B. Speedin localization

In this experimenttherobotdoesnot know whereit is at
thebeginning,sothe�rst timetheprobabilitydistribution is
uniform. This experimentwasrealizedwith a lot of sensor
noise becausethere were a lot of peoplewalking along
the corridor. Despitethis dif�culty , the robot is able to be
localizedwith a small error in a few movementsand can
recovery to sensorerror quickly, aswe seein �gure 11(a)-
11(d).

In 11(a)the robot startsat nodeoneandthe distribution
(paintedin green)is uniform alongall the nodes.For this

(a) ExperimentIV-A: Error in the localization

(b) ExperimentIV-B: Recovering from sensorerrors

Fig. 10. Experimentsresults

explanationwewill talk aboutnodeinsteadof states, which
is actually what we use in our model, to simplify this
explanation.So,a nodewill bepaddedin 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)) and it takes datafrom its sensors.
With this data the model evolves and the probability is
concentratedin state2 and 17, becausethesetwo states
have almost the sameobservation properties.The robot
goesforward, but an error occursand the robot reaches
node4, insteadof node3. This anomalyis observed in the
model and it is correctedin the observationphase, as we
seein 11(c). In the last movementthe robot reachesthe
node5 and then the simetry is broken, concentratingthe
probability in the node5, aswe seein Figure11(d).

Figure10(b)shows theerrorevolution during theexper-
iment.

V. CONCLUSIONS

This article haspresentedthe preliminary resultsfor an
approachto localizationof leggedrobot, usingmainly the
vision as an active input sensorto extract characteristics
from theenvironment.We have shown thattherobotis able
to localizeitself even in environmentswith noiseproduced
by the normalactivity in a real of�ce.



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

(b) After the �rst movement was �nished, there is a
couple of stateswhere the robot could be, due to the
corridor simetry.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19

(c) In the next step the movementwas no correct (it
skipsthenode3), but therobotcanlocalizeitself by the
observation. The simetrystill do not let us know where
the robot is.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19

(d) In thisstepthesimetryis brokenandtherobotknows
its position.

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

The dataobtainedfrom sensors,mainly the camera,is
very rich andlet a fastconvergencefrom aninitial unknown
statewherethebelief over thesetof statesis uniform.Also
we demonstratedthat the robot can detectaction failures
when it is localized,and recover from them in a ef�cient
way.

The set of observations have beendescriptive enough
to be ef�cient in the localization process.The way we
determinethe numberof doorsandceiling lights the robot
canperceive hasbeenthe key for the localizationsystem.

Despitetheseresults,therearesomelimitations that de-
serve futureresearch.Oneof thekey limitationsarisesfrom
the low accuracy in the localizationdueto the granularity
of the large areasde�ned as statesin the map building.

Maybegranularitiesnearto themetricapproximationcould
be moreuseful for many indoorsapplications.

We believe that probabilisticnavigation techniqueshold
greatpromisefor getting leggedrobotsreliableenoughto
operatein real of�ce environments.Although the exper-
iment resultsshows the systemworks, but for a correct
evaluationanimmediatetaskis to realizemoreexperiments
to evaluate this system in a more complex and longer
scenarios.
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