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Abstract— Search and Rescuescenariosoffer a wide variety
of issuesfor analysis and experimentation in robotics, fr om
mechanical architecture up to AI research themes. In this
paper after brie�y describing our robot con�guration, we ad-
dressthe main issuesof autonomousrescuetasks. Mor eover,
we explain algorithms and methods used by our modules in
order to achieve a semi-autonomousexploration and victim
detection system.

Index Terms— Search and RescueRobots, Intelligent Sys-
tems.

I . INTRODUCTION

Using robotic technologyin searchandrescuemissions
for assistingthe rescuerscoversa large part of the robotic
and arti�cial intelligence researchthemes.This type of
applicationsinvolves different researchareas,from me-
chanical design and sensorsinterpretationto perception
analysis, decision making, mapping, path-planningand
victim detection.

Theunstructuredandunstableenvironmentof therescue
scenariomakes the mechanicaland locomotive designof
the robot critical. The reliability of the communication
betweenthe robot and the rescueoperator representsa
discriminatingfactor on which autonomylevel to choose.
The worse the communication,the higher the required
autonomylevel of the system.Consideringthat in rescue
scenariosthe communicationcanbe extremelyunreliable,
theweightof theautonomyfor evaluatingtheperformances
of a rescuesystembecomeshigh.

Somebasicactivities that the rescuerobot shouldper-
form autonomouslyare: mapping,navigation, victim de-
tectionandvictim localization.Thesetasksgive the robot
thepossibility to continueits missionaloneandalsolet the
rescuershave moredetailedinformation from the robot.

Moreover, a fundamentalreasonfor increasingtheauton-
omy of a rescuerobot is to helptheoperatorin interpreting
the informationcomingfrom theon-robotsensingdevices.
Rescuerobotsare usually equippedwith an high number
of sensors,and it can be dif�cult or impossible for an
operatorto deal with the high amountof data produced
by the devices. It should be more useful to provide the
operatorwith anhigh level descriptionof theenvironment.
Moreover, a team of semi-autonomousrobots could be
driven, or just supervised,by a singleoperator.

Henceour goal is to provide a high level interfaceto an
operator, who canonly play the role of a planner(from a
goallist) or anavigator(takingrobotcontrolwhenneeded),

in bothcasesperforminghis job usingeasyhumanreadable
data,like a map.

In this paperwe �rst describethe rescuerobot con�g-
uration and the experimentalenvironment on which we
have testedour methods.Then we addressthe software
architecturewe have implemented.Finally we provide de-
tailed descriptionsof the methodsusedfor navigating and
exploring theenvironment,building accurateandconsistent
mapsanddetectingthevictims in asemiauthonomousway.

I I . ROBOT CONFIGURATION AND EXPERIMENTAL

ENVIRONMENT

Experimentshave beenperformedwith a PioneerATX
robot (seeFigure 1) in a Rescuearenabuilt at the ISA
laboratoryin Romeandthe implementedsystemwasused
during the RoboCup2004 Real Rescuecompetition.This
robot hasfour driving wheelsand it is able to move over
small obstacles.Moreover it is equippedwith both a laser
range�nder anda stereocameraandit is thussuitablefor
experimentinglocalizationandmappingtechniquesin both
planarandnon-planarenvironments.

The Robot is equippedwith a SICK laserrange�nder,
frontal rearsonarringsandstereovisionsystem,in addition
for human body detection we have an Infra Red non-
touch thermo-sensorand the voice transmissionsystem.
For on board computationwe use a PentiumM Laptop
and802.11awirelesscommunication.

I I I . SYSTEM FUNCTIONALITIES

We maintasksof a rescuerobotare:1) exploration and
map building, 2) victim detection.

First, the robot needsto plan a sequenceof moves and
to executethemensuringsuccessfulcoverageof theareato
explore. Explorationrelieson somebasicfunctionalities:

� Mapping, provides the map of the explored environ-
ment.

� Localization, provides the pose of the robot in the
map,

� Path-Planning, computesa path betweentwo points
in the map,

� Control, allows the robot to follow a path.

Navigationmodulehasto dealwith problemslike dynamic
obstacles,map incompleteness,movementsthat unexpect-
edly fail, andsoon,andsupplythefunctionalityof moving
the robot to goal positionsand reportspossiblefailures.



Fig. 1. Rescuerobot andarenausedfor experiments

Furthermore,the localizationand mappingtasksare typ-
ically coupledin a unique task, that performssimultane-
ously therobot localizationandthemapbuilding (SLAM).
The SLAM task has an internal representation,which is
suitedfor the requirementsof the algorithm,but could not
�t navigationand/oroperatorsneeds.Therefore,besidesthe
SLAM module,we have implementeda mappingmodule
that integratesthe sequenceof estimatedpositionsupplied
by SLAM with all sensorreadings(i.e. laser scanners,
stereo cameras,sonar) in a typical occupancy grid to
provide a mapto both navigation modulesandoperators.

Second,oneof the main challengesfor robotsinvolved
in rescuemissionsis to identify victims and report their
location in the explored environment,for which a map is
essential.The victim detectionmoduleis basedon the use
of a stereoscopiccameraproviding 3D information about
the sceneandon othersensorsintegratedin the systemto
measurethe tempratureandhearthe voice of the victims.

In order to integrate effectively all thesemodules,we
have useda modularsoftwarearchitecture[9], that allows
for an effective and ef�cient integrationof differentmod-
ules implementingthe basiccapabilitiesof a mobile robot
and for easyreusingand teamdevelopment.The modular
architecturealso allows for easily interchangemodulesas
well as connecteddevices, ranging from actual robots to
simulators.Modules are loosely connectedto eachother
and can be scheduledindependentlywith different prior-
ities; interaction and communicationamong them occur
using a centralizedblackboard-typedata repository. The
shareddata can be exported to a remoteconsoleand to
teammatesvia a TCPlink. Theoperatorcanvisualizedata
(camera,sensorreadings)andedit them(mapcorrection).
All modulespublish their parametersand internal state
which areusefulboth for debuggingandsupervision.

IV. MAPPING AND LOCALIZATION

SLAM hasbeendeeplyinvestigatedby theroboticcom-
munity. It is considereda complex problem,becausefor
localizationa robot needsa consistentmapandto acquire
the map it needsa good estimateof its location. This
mutualdependency amongtheposeandthemapestimates
makes the SLAM problem hard, requiring to searcha

solution in an high-dimensionalspace.Although several
effective techniqueshave beenproposedso far, a general
one that works with any sensorsetting and in arbitrarily
unstructuredenvironmentsis still underinvestigation.

Rescueenvironmentspresentsomeadditionaldif�culties
that arenot consideredin mostof the SLAM approaches.
First of all theseenvironmentsare supposedto be less
structuredthan the traditional ones, and this introduces
additionaldif�culties, sincethe a priori knowledgeof the
environment cannotbe exploited by the SLAM process.
Second,most of the SLAM approacheshave been con-
ceived for operatingin planar working space,while the
third dimensioncannotbeignoredin a rescueenvironment.
Third, building a map of a rescueenvironment requires
to integrate the output of different sensorsthat can be
used in the mappingprocess,since it is not possibleto
usea single sensorfor detectingall of the materialsin a
rescuearena,and accurateenoughfor on line building of
maps.For instancethe laser range �nder, that has been
successfullyusedfor building metric mapsof of�ce-lik e
environments,fails in detectingglassand mirrors, while
the sonar, even if signi�cantly less accurate,can detect
thesematerials.Finally, most of the SLAM approaches
focus on having mapsthat are accurateenoughfor being
interpretedby a program,ratherthanby a human.To this
end a crucial problem is to provide consistentmaps,i.e.
mapsin which sensorinformationsin differenttime frames
are not con�icting. This is particularly evident when a
robot revisits a known place after navigating for long in
unknown terrain. The error accumulatedin the unknown
areais usually big enoughto introducean unrecoverable
errorthatdoesnot allow to correctlydetectpreviously seen
location thusgeneratingan inconsistenttopology.

Even if most of the works on SLAM deals with the
loop closureproblem(that in fact representsa fundamental
issue,sinceonly whenrevisiting known locationstheerror
accumulatedwhen mapping new areascan be reduced),
the typical rescuearenasettingsdoesnot require to deal
with sucha problem(especiallyin planarenvironments),
due to the reducedsize of the arenasand to the fact that,
exploiting the precisionof accuratesensorslike the laser
range�nders, the error canbe boundedso that no signi�-



a) b) c)

Fig. 2. a) Occupancy grid generatedby odometrydatadatataken in the yellow rescuearena.The odometryis extremely bad.b) ScanMatchresult.
c) The Rao-Blackwellizedmapperresults.In this casethe mapproducedby Rao-Blackwellizedalgorithmis moreconsistent.

cant inconsistenciesarises.Moreover, wheninterpretedby
humanoperators,smallerrorsin loop closurestypically do
not causeany misinterpretationof the map.

A. Mappingmethodfor planar environments

As many works on SLAM have shown [14], [15], [27],
[21], [20], the best setting for building maps in indoor
environmentsis to use a wheeledrobot equippedwith a
laser range �nder. Even if such a sensoris not able to
detect some kind of surfaces(like mirrors and glasses),
its high accuracy allows to build accurateplanar maps.
However, laserrange�nder cannotdealwith any material;
for exampleglassesandmirrors (that aretypically present
in a rescueenvironment) introduce large errors in the
mappingprocesswhen only a LRF is used.In order to
dealwith this aspectwe have usedalsoultrasonicsensors,
that, although less reliable and accurateof LRF, allow
for dealing with these materials.The strategy we have
adoptedhasbeento discardall of the laserreadingsfalling
in the sensorcone, whose values are greater than the
correspondingsonarreading.In this way we are able to
recover several situationsin which the LRF cannotdetect
a glassor mirror elementin the environment.

Fromtheanalysisof thecommontechniquesfor SLAM,
we have devised and implementeda mapping method
that is suitablein rescueenvironments.The methodis an
incrementalscanmatchingtechniquethat alignseachscan
with the previously accumulatedones, by performing a
local searcharoundtheodometryestimatedposition,trying
to maximize the pastand currentscanoverlapping.As a
differencefrom theLu andMiles approachourscanmatcher
does not rely on the correspondenceamong the single
readings.Our approachis basedon the maximizationof a
functionof therobotpose,giventhecurrentsensorreading.
The more the scanoverlapswith the map built so far the
higher the value of the function. It is very similar to the
approachusedby the carmenscanmatcher(vasco)[1], but
presentssome differencesin the map representation:in
our implementationthe map is �x ed, while in vascoit is
computedat eachframe time step,basedon the readings
history. This resultsin anincreasedspeedsincethecostfor
building the referencemap is constantinsteadthat linear
in the numberof accumulatedreadingsas in vasco.

B. Results

The experiment have been performed by compar-
ing our method based on scan matching and Rao-
Blackwellized mapper [13], [29]. The resultsshow that
Rao-Blackwellizedis more accuratewhen closing loops,
while our scanmatchingmethodis more ef�cient. More-
over, thequality of themapprovidedby our scanmatching
methodis goodenoughfor a rescuerobot.

Figure 2 provides an example of the maps generated
by the implementedmethods.The �rst image shows the
odometryerror of the robot in the environment;Figure2b
shows theresultsof our scanmatchingmethod;andFigure
2c shows the resultsof the Rao-Blackwellizedalgorithm.
The rangedata are acquiredthrough the combinationof
valuescomingfrom a LRF anda setof ultrasonicsensors.
The �gure also shows both that the Rao-Blackwellized
algorithmis moreaccuratethanscanmatchingandthatthis
differenceis acceptablefor the taskof returninga mapof
an environmentby a rescuerobot.

On the other hand, computationaltime for the scan
matching method is signi�cantly reduced.Typical cycle
time for processingdataon our robot is 10 msfor thescan
matchingmethodagainst 100 ms for Rao-Blackwellized
algorithm.

V. NAVIGATION

In the past our team has competedin the RoboCup
Soccer competition and successfullybuilt teams of co-
ordinating robots (we got the secondplace at RoboCup
'98) both for the Middle size and Legged Leagues.By
partecipatingin the Rescuecompetition we were given
the chanceto apply our experienceand know-how to a
muchmorechallengingenvironment.Moreover, theSoccer
domain is arti�cial and a priori known, while Rescue
arenasareunknown, complex andunsafeenvironments.

For Soccer we have used a traditional approachfor
navigation.At eachcycle the trajectoryto a goalpoint was
computedby a path planner [10], and a controller with
visual feedbackwas used to follow it. This works well
because:i) therewere no obstructionsin motion with the
exceptionof other robots;ii) due to the high dynamicsof
theenvironment,long-termplanningwasnot importantfor
navigation; iii) theability to negotiatenarrow passageswas
not crucial.



In rescuearenas,however, we needmore precisionin
the representationof the environment, becausethe robot
mustbe ableto navigatethroughnarrow passageswithout
colliding with obstacles.The sizeof the rescueareais not
assumedto beknown, sowehadto changethepathplanner
used in soccerbecauseit wouldn't scale well; our new
path plannerusesinsteada topological representationof
the environment,built with a probabilisticapproach([4]).

Additionally, it is an any-time algorithm, thereforethis
hasbeentheoccasionto adapttherestof thearchitectureto
this type of algorithms;we areworking on the possibility
to have otherany-time modules.

The advantageof any-time algorithmsis that they pro-
vide a raw solution in a fast way, and this solution is
re�ned with subsequentiterations;many of them have as
disadvantagesthat it' s generallynot easyto estimatethe
quality of the current solution and sometimesit is not
possibleto acknowledge the non-existenceof a solution
in a �nite time.

A. Path Planner

Our path planner builds a graph which re�ects the
environmenttopologythusreducingthe pathsearchin the
entiremapto a pathsearchon a graph(roadmapmethod).
Graph path will be subsequentlydeformed to make it
executableby thecontrollerandto make it easierto follow
by the robot (for exampleit becomessmoother).

Map is built while exploring and using noisy sensor
readings,thusresulting,in general,in a differentmapeach
cycle. This fact and moreover the resolution neededto
deal with narrow passages,frequently found in a rescue
environment,makesit hardto usedeterministicalgorithms
thatcanwork in real-time,thereforeour choicehasbeento
build the topologicalgraphusinga probabilisticalgorithm.

It derives from Latombe's ProbabilisticRoadmaps[17]
and from Fritzke's Growing NeuralGas[11] andhasalso
othercharacteristics:it producesa graphthat re�ects envi-
ronmenttopology, not only connectiveness,andit modi�es
over time (simplifying itself asneeded)re�ecting changes
detectedin environmentrepresentation(it' s not built from
scratch at each cycle); it uses a set of heuristics that
contribute to speedup theprobabilisticprocessof building
the graph.In this way, at any time, the path computation
reducesto a pathsearchon a very simplegraph.

B. Controller

The controller module performs the task to make the
robot follow the path computedby the path planner. In
our caseit implementsa simplepoint stabilizationusinga
linear interpolationalong the path.

Theproblemwith this kind of control is that it ”blindly”
follows the path, consideringonly estimatedposition as
feedback.It doesn't deal with the possibility that some
movementcould unexpectedlyfail andthis occursoften in
a rescueenvironment,for examplewhenthereareobstacles
not detectedby sensorsor due to the non-planarand
roughterrain.This resultsin thecontrollergoingon trying

to make the samemovement,becausethe robot remains
unexpectedlyin the sameposition.

VI . EXPLORATION

Our explorationalgorithm(derived from [30]) works as
follows:

1) considerthe frontiersbetweenunexploredspaceand
free exploredspace

2) chooseoneof themusinga quality function
3) usethe navigation moduleto reachit
4) go to 1 on goal reachedor on timeout
The quality function canuseheuristicslike:
� the distancefrom the robot in the con�guration space

(i.e.nearerfrontierswill bevisitedearlier, andthosein
front of therobotwill bechosenbeforethosebehind);

� thedistancefrom theboundariesof theareato explore
(frontiersnearerto theboundarieswill bevisited�rst).

In a cell decompositionbasedalgorithm we have to deal
with the problemthat somecell may containan environ-
ment more complex than the others.Thereforethe cells
canbeonly partially exploredandpartially unknown. This
causesa subsequentsubdivision, resultingin a hierarchical
cell decompositionof the environment.Henceour focus,
in exploration task, is on unexplored areasof the map,
consideringfrontiers allow us to take into account not
only just thoseareas,without splitting themwhereit' s not
necessary, but alsohow we canreachthem.

A. Results

We have successfullyusedour autonomousexploration
modulein a simulatedenvironment(i.e. Stage).In this case
exploration,completelyautonomous,is �nished in about10
minutes,giving the full mapof our real arena(modeledin
the simulationsystem),which is similar to yellow rescue
arenas,but without glassesandnarrow passages.

VI I . HUMAN BODY DETECTION THROUGH STEREO

V ISION

Semi autonomousvictim detectionin rescuescenarios
is one of the tasksthat we usedin our system.This task
is able to detect and �nd victims location by using the
visualinformationandthenaddthepositionof thedetected
victim on themap.By consideringtheimportanceof victim
detectionandfor avoiding falsesignalizations,thetaskasks
for a con�rmation before submitting the position of the
victims. For victim detectionwe use a three step visual
processbasedon stereovision.

The threestepsfor humanbody detectionareasfollow.
� Segmentationandcontourextraction
� Objectclassi�cation
� Humanbody Modeling andRecognition

A. Segmentationand Contourextraction

Segmentationof imagesis the processof �nding the
bounds of each object in the sceneby contour detec-
tion. Segmentationmethodscould be categorizedinto four
classes:edge-based,clustering-based,region-based,split-
merge basedapproaches.In a rescueenvironment, the
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Fig. 3. a) The topologicalgraphb) A path found in that graphc) The re�ned path,which will be sentto the controller

a) b) c) d)

Fig. 4. a) Segmentedimage, b)Disparity image,c) Model, d) candidateobjects

segmentationphaseis very delicate, since the signal is
disturbedby thenoiseandnormally thebodiesarecovered
by external materials.In order to implementan effective
segmentationmethod for rescuerobots, it is necessary
to take into accountthe following guidelines:extracting
continuouscontours, avoiding over segmentation,man-
aging thresholds. In addition to the above fundamental
characteristics,an ideal methodshouldrequirea computa-
tional time thatmakesit suitablefor real-timeapplications.
Among the methodsfor image segmentation,we believe
that rescuerobotsmay take advantageof clustering-based
segmentationmethods,becausethecontoursof the regions
are typically continuous.Over segmentationis resolvable
by merging the homogeneoussegmentedareasafter seg-
mentationphase,also with this methodwe don't needto
useany thresholds.As we usethe stereovision systemwe
apply the segmentationonly on oneof the two images.

B. ObjectClassi�cation

After the Image segmentationphase,it' s necessaryto
identify signi�cant objectsin thesegmentedarea.Thereare
several methodsthat can be usedfor object classi�cation
but only a few of themarepreciseenoughto classifyhuman
body parts.
In order to classify and object within a class of homo-
geneousobjects at the �rst step it' s important to have
a good object classmodel. A good object model should
allow the recognitionof objects,independentlyfrom their
position, orientation, size. For articulated objects (like
human�gures) this problemis obviously moredif�cult. It
shouldalso accommodatevariationsamongthe instances
of anobjectclassandshouldbe insensitive to objectswith
partiallymissingparts.Humanmodelingis anessentialpart
of model-basedhumandetection.Althougha greatnumber
of human models have been proposedin the literature,
few of them are appropriatefor human detection.Most
modelsare developedfor other purposes,suchas human
tracking[28], [12] or �gure animation[16]. Thesemodels

are either too complicated to be practical for ef�cient
humandetection,or canjust be usedto detecta particular
personrather than all instancesof humans.The common
drawbackswith previous humanmodelsare:

1) therepresentationsof humanshapesarenot invariant
to similarity transforms,thus, they can only detect
peopleof a �x ed sizeor orientation;

2) themodelsareusuallyspeci�c to a particularperson,
and do not model the statistical variance among
individuals;

3) most modelsonly representthe shapeof a human
body, but cannothandlethe shapevariation due to
clothing;

4) althoughsomemodelssuchasdeformabletemplates
can handlecertainglobal shapevariance[19], they
have dif�culty dealingwith large articulatedmotion
andpartial occlusion.

The following list is the requirementsof a good object
classmodel for objectclassi�cation[18]:

1) Not dependingon scale,orientation,andpositionof
objects;

2) Handlesview-dependentshapevariation;
3) Robust to shapedistortionsresulting from digitiza-

tion noiseandforeground/backgroundsegmentation
errors;

4) Robust to partial occlusionsof an object;
5) Allow for articulatedmoving parts;
6) In�uencedby theshapevariationsallowedwithin the

class;
7) Supportef�cient shaperecognition/classi�cation.

There is a large collection of literature on human
modeling[18]. In this paperwe categorize thesemethods
in six categories:

� part-basedrepresentation
Thereare many part-basedrepresentationsto handle
articulation.They vary widely in their level of detail.



At one extreme are methodsthat crudely model the
body as a collection of articulated planar patches
[28]. At the other extreme are 3D modelsin which
the limb shapesaredeformable[16], [12].

� CylinderandSuperquadric-basedmethods:[23], [22]
Bowden et al.[26] encapsulatedthe correlation
between2D image data and 3D skeleton pose in a
hybrid 2D-3D model trained on real life examples.
The model they usedallows 3D inferencefrom 2D
data.Thecommondrawbackwith theabove modelsis
that they do not model the statisticalvariationamong
individualsandtheeffectsof clotheson humanshape.
Thus,they may be usedfor humantrackingor �gure
animation,but they are not appropriatefor detecting
people of various shapesand clothing also, their
method does not generalizeeasily to new camera
positions,becausetheir 2D model is not invariant to
viewpoint. As the objective of humanbody detection
is to is to individuatethe humanbody in any shape,
form, color andsize this methodcannot cover all of
the needsfor rescuemissions.

� Hierarchical basedmethods
Marr and Nishihara[24] proposeda hierarchical3D
humanmodel. At the highestlevel of the hierarchy,
the body is modeledas a large extendedcylinder,
which is then resolved into small cylinders forming
limbs and torso, and so on to �ngers and toes.This
hierarchicalrepresentationis stable in the presence
of noiseand sensitive to �ne-level features,but it is
often impractical since it containsa few constraints
to supporthumandetection.

� ContourBasedmethods
Contour-based representationshave been used to
model the 2D human shape.Baumberg et al. and
Sullivan et al[2], [25]. employed a deformable
template to handle shape deformation, where the
shapemodel is derived from a setof training shapes.
The orthogonalshapeparametersareestimatedusing
PrincipleComponentAnalysis(PCA). Onedrawback
with this approachis that themodelandtheextracted
contourshouldbe aligned�rst, which is not a trivial
task. Another drawback is that someinvalid shapes
are producedby the combination of two or more
linear deformations.Gavrila et al.[7] Developed a
templatehierarchy to capturethe variety of human
shapes,and the model contains no invalid shapes.
The common drawback with the above approaches
is that they do not model individual parts, and so
they can only handle limited shapevariety due to
articulationandcannotdealwith occlusionvery well.

� Skeleton-basedmethods
Skeleton-basedrepresentations[3] have beenusedto
model the topological structureof the humanbody,

but they do not model the shapesof body parts.
These approachesare sensitive to noise as a very
active factor in rescuescenesand cannotdistinguish
two classeswith the sametopological structurebut
differentgeometricalstructures.

� Other methods
Somemodelsincorporateother cuesor featuresinto
the model. Pentland[6] introduceda blob-basedrep-
resentationthat combinesskin color and contour to
representabodypart.While thecolor-blobrepresenta-
tion of apersonis quiteuseful,it is not invariantunder
clothing/lightingchangesand so it requiresan initial
model learningprocedurefor differentsubjectsanda
smoothlychangingimagebackground.Papageorgiou
et al[8]. developed a wavelet-basedrepresentation
to model pedestrians,but this representationis not
invariantunderrotationandcannot handlelarge part
movementsandocclusionvery well.

In our System we use a Skeleton based method, By
using the StereoCalculationwe can apply the the third
dimension(Z) to thesegmentedobject(whereit is possible
to compute),andcomparetheobjectwith ourGlobalmodel
of the humanbody asa Matrix of the relationsandJoints.

C. HumanbodyModelingand Recognition

The third step is the joining and reconstructingof the
detectpart to �nd the currentpositionof the body, in our
methodtherearea strict interactionbetweenclassi�cation
and modeling. There are several methodsto detect the
compositionof the body. The problemof determiningthe
similarity of two shapeshasbeenwell studiedin several
�elds. The designof a similarity measuredependson how
a shapeis presented.Some categories of thesemethods
are:global shapedescription,point basedsimilarity, part-
basedrepresentation.
In oursystemweusetheclassi�er andtheBodymodelerin
recursive mode,it meansthat eachtime that the classi�er
match a segmentedobject to the models database,the
modeler controls if the position of the object is correct
respectto the global body model representationFigure 4,
Figure5.

D. ExperimentalResults

We usedthe Victim DetectionSystemin the RoboCup-
Real-Rescue2004competitionsat Lisbon(Portugal). In the
six rounds the system found 4 victims in autonomous
mode.With thecurrentsetupandbodymodel/jointsmatrix
the systemis able to detectthe victims in the surfaceor
partially trappedsituation,in thepartially trappedsituation
at least the position of the torso or the legs should be
visible. The body part model is trained by a set of 200
stereoimages.

VI I I . CONCLUSIONS AND FUTURE WORKS

Our system allows a full autonomousmapping and
localizationanda semi-autonomousvictim detection.This
speedsup the whole processof victims searching.Once



Fig. 5. Somecandidatemodelsfrom the modeldatabase

Fig. 6. Themapof theYellow Arenain RoboCupRescueRealat Lisbon
2004,showing alsovictims locationsand the pathdoneby the robot.

solved navigation issues,we will have the opportunity to
usemultiple heterogeneousrobots,controlledby a singel
operator. This for increasingthe exploration speedand
having morechancesfor navigating.

We areinvestigating to extendour algorithmin orderto
make themeven moreuseful in rescuescenarios.

A. Mappingand localization

For whatconcernsmappingtask,we areanalyzingmap-
ping methodsfor non-planarenvironments.Whentherobot
thatmapstheareadoesnotmoveonaplane,theproblemof
SLAM becomesmoredif�cult, for the following reasons:

� The robot posespacepassesfrom from three to six
dimensions.If we want to track the robot posewith
a Rao-Blackwellizedparticle �lter , we needa cubic
numberof samplesto have the samecoverageof the
posespace.

� If we areusinga wheeledrobot,theodometrysensors
providesabadestimatewhenmoving onanonregular
surface.

� Thelaserrange�nder, thatcanbesafelyusedin planar
environmentsloses its effectiveness,since it is able
only to detectobstacleslying on the scanningplane,
thereforewe must switch to more inaccuratesensing
device like stereocameras.Moreover, as far as the
lasercan not be usedall of the effective scan-match
basedapproachescannotbe used.

For the above reasonsthe most propersensorequipment
for a 3D mappingrobotincludesanaccelerometer, for dead
reckoning,a compass,anda stereocameraaseteroceptive
device. Moreover, sincethe stereocameraprovidessparse
and noisy informations,it is extremely dif�cult to apply
somedensesensormatchingtechnique(like scanmatch),
and it is neededto considerfeature basedSLAM tech-
niques.In orderto provide theoperatorwith a feasibleen-
vironmentalrepresentationfor operation,a reconstruction

techniquecanbeusedon thepathestimatedby theSLAM
algorithm.

The state transition is governed by the odometry, the
accelerometer, and the compass.At each time a local
view of the landmarksis built from the estimatedpose
and the map,and the dataassociationis solved using the
nearestneighborprinciple as in many SLAM approaches.
To increasethe robustnessof the approachwith respectto
associationfailuresFastSLAMcanbeeffectively used,pro-
vided that the samplespacedimensionhasbeenreduced,
by the useof the compassandthe accelerometer.

We arecurrentlyperforminga deeperanalysisandmore
experimentsin orderto devise a suitablecon�guration and
the appropriatetechniquethat can be effectively usedin
non-planarenvironments.

We are also trying a completelydifferent approachto
scanmatchusing the Houghtransformfor Planes([5]).

B. Navigation

In navigation, the main issueswhich we are analyzing
is to take in consideration:

� thetrueshapeof therobotandthesometimescomplex
manoeuvresneededto dealwith narrow passages;

� controller fails and a strategy which can make the
robot escapefrom stall situations,or in general to
avoid to repeata failed move.

In orderto take into accountthe real shapeof the robot,
we have to extend the topologicalgraphbuilding process,
addingthe ability to deal with narrow passages,in which
only a subsetof movement can be done, and the robot
could not rotate,for example,by any degree.

On the other hand, we will try to detectedand avoid
movementsandareaswhich oftencausescontrollerto stall
(e.g. rotationswith 0-radiusangle),for examplerecording
critical locations(e.g. which previously causeda stall) in
the mapandeventuallymake the pathplanneravoid them.
The controller, moreover, has to be ”smarter” and detect
if a movement has failed and try anotherone (but also
goingonfollowing thepath).Thiscouldleadto addanother
module which have to communicatewith controller and
pathplanner.

C. Exploration

Given a set of navigation modulescapableof moving
the robot even in narrow passagesand in rough and hard
terrains,wherethe controllercould fail to do somemove-
ment,our explorationworkswell without greatchanges,as
demonstratedin experimentsin simulatedenvironments.

Anyway, we are tuning up quality function parameters
and try to use a more sophisticatedplanner, in order to
avoid unusefulmovesandsospeedup explorationprocess.
Another interestingissuecould be to integrateexploration
decisionswith the human body detection module, thus
betterexploring areasin which victims seemto bepresent.

D. Victim Detection

The Current Method for Victim detection is sensible
to light conditions, we are working on the methodsof



segmentationthat have less sensibility to this variations.
Another aspect that we consider is integrate the other
sensors(Infra Red,Acoustic,Gas)to the algorithm(in the
currentstatethe operatorreceive this informationsdirectly
from the sensorsand they don't take any effect on the
method).
Also we are working on the self/external body occlusion
by makinga morestablemodel for the body.
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