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Abstract— This paper presents a new hybrid path
planning approach for autonomous robots navigating in
natural unknown envir onments. The main purpose is to
consider perception planning and path planning in a single
unified process,so that the most relevant perception can be
performed considering the curr ent goal of the robot. We
consider this approach as a way to fill the gap between
navigation tasks and exploration tasks. In a first part, we
intr oduce the models and notions used in this approach.
We then give some algorithmic details, and finally present
results in simulation.

I . INTRODUCTION

Long rangeautonomousnavigationin unknown (or par-
tially known) environmentsrecentlybecamea main focus
for many contributions. In order to increaseautonomy,
numerousproblems have to be tackled simultaneously
suchas localization,trajectoryplanningor decisionmak-
ing. This paperespeciallydealswith pathplanningin the
context of a navigationtask, i.e. wherethe missionis to
reacha givendistantgoal. In unknown or partially known
environments,path plannersusually rely on a dynamic
pathfinding algorithm.Among the mostpopular, Stentz’s
D* [10] and further improvements[11], [6] provide with
a powerful way to planandre-planpathsin a dynamically
updatedrepresentationof the environment.This approach
hasbeensuccessfullyintegrated,for instance,asa global
pathplanningparadigm,in [9].

However, these approachesfor path planning focus
on the speedand the quality of the path searchinto a
traversability graph: they do not have any concernwith
theopportunityto control theperceptionactions,thatmay
drastically, from our point of view, improve the quality
and the relevanceof the perceived datathat will be used
to updatethe representation’s modelof the environment.

Path planning and perception planning should be
intrinsically dependant[1], [5], in such a way that
each of these planning may expect the more benefits
from the other : the more promising perceptionleading
to the best possible path (considering the current
knowledge). This paper presentssuch a path planning
paradigm,calledperception-guidedpathplanning(PG2P).

Role of PG2P during navigation : Whatever the con-
sideredrover, natural environmentsexhibit a variety of
situationsthat call for various motion modes.We favor
an approachin which the rover adaptsits motion mode
to the kind of terrain it has to traverse,which satisfies
a general “economy of means” principle, and tends to
achieve an efficient behavior [3]. Basically, two kinds of
motion modescanbe distinguished:� Reflex modes: when the environment is “easy”, i.e.
ratherflat and lightly cluttered,the robot can efficiently
move just on a basisof a closegoal to reachandinforma-
tion providedby “obstacledetector”sensors.In essentially
flat environments,informationreturnedby theobservation
of a laserstripemight besufficient; whentheenvironment
is known to contain obstacles,a broaderperception(as
provided by stereovision) is required in order to safely
executeavoiding maneuvers.� Planned modes:reflex modesbecomeinefficient when
applied in more complex environments, in which the
robot can be trappedin dead-endsfor instance.In such
cases,trajectory plannersreasoningon a model of the
environmentare required.Dependingon the difficulty of
theareato cross,a 2D plannercanfind out waysbetween
obstaclesusinga descriptionthat exhibits traversableand
non-traversableareas,or a 3D plannerthatchecksstability
andcollision constraintsthanksto a fine 3D modelof the
environment[2].

The existenceof different motion modes enablesto
choosea well adaptedandefficient behavior dependingon
the terrain,but it complicatesthe system,that hasto deal
with several different terrain representationsand motion
planning processes.It especially requires the ability to
select(i) the adequatemotion modeto apply, (ii) the sub-
goal to reachand(iii) the next perceptiontaskto achieve.
This is the role of perception-guidednavigation planner.

The next section introducesthe notions and models
requiredasa framework for our approach.

I I . MODELS: ROVER, TERRAIN AND PERCEPTION

A. Rover’s expectedcapabilities

We supposethat the rover is endowed with � mo-
tion generation capabilities, adapted to given terrain



traversabilityclasses.A cost is associatedto eachmotion
mode,� encompassingthe time requiredby the dedicated
environmentmodelto build (e.g. a digital elevationmodel
for rough areas),the time necessaryto generatemotion
commands,and the maximum reachablespeedfor the
consideredmotion mode.

B. Terrain and perceptionmodel

Each of the different motion modes requires a par-
ticular terrain representation,but the navigation planner
also requiresa specific terrain representationin term of
traversabilityclasses:the region map.

Eachtime 3D datais acquired,the region map is built
thanks to a fast classificationprocessthat producesa
probabilistic descriptionof the perceived areasin term
of terrain classes, akin to a multi-valuated occupancy
grid representation.It relies on a specific discretisation
(figure 1) of the perceived area,that defines“cells” on
which different relevant characteristics(attributes) are
determined.A non-parametricBayesianclassificationpro-
cedureis usedto label eachcell: a learningphasebased
on prototypesclassifiedby a humanlead to the determi-
nation of probability densityfunctions,then the classical
Bayesianapproachis applied,which providesan estimate
of the probability for eachcell to correspondto one of
the definedterrain classes(e.g. � Unknown,Flat, Rough,
Obstacle� ).

Fig. 1. Discretisationof a 3D stereoimage:regular Cartesiandiscreti-
sationin the sensorframe(left - only the correlatedpixels areshown),
andits projectionon theground(right - theactualdiscretisationis much
finer)

Fig. 2. Binary classificationof the stereoimageof figure 1: perceived
area(left) andreprojectionin the sensorframe(right). Colors represent
the probabilitiesin a green/red� flat/obstaclescale

The partial probabilitiesof a cell to belongto a terrain
classallow to performa fusion procedureof several clas-
sified images.The fusion procedureis performedusinga
bitmap.For thepurposeof navigationplanning,thebitmap
model is structuredinto a global region map of fixed
squareareasthat definea connectiongraph,whosenodes
areon theirborders,andwhosearcscorrespondto a region

crossing.To eachregion is associatedthe terrain classes
partial probabilitieslabel, the confidenceon this labeling
and elevation informations.Figure 3 is an exampleof a
binary region map producedduring navigation. The rest
of the paper deals only with two-classes � traversable,
obstacle� ) region maps, only consideringactually one
motion mode,but all our developmentsare applicableto
region mapswith any numberof terrainclasses.
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Fig. 3. A qualitative terrainmodelintegrating50 stereopairs,acquired
alonga �
	�� trajectory(samecolorscodeas in figure 2)

C. Perceptionmodel:entropyVsconfidenceof perception

Decidingwhereto perceive is usuallyconsideredasan
exploration-relatedpurpose.This problemrequiresto be
ableto compareseveralopportunitiesof perception,given
a particularconfigurationof the rover in the environment.

Several contributions relatedto this classof problems
deal with the notion of entropy [8], as a meanto assess
thequantityof informationassociatedto a probabilitydis-
tribution on theterrainclasses(flat, obstacle).Considering
up to three classes,Shannon’s entropy 
 is known as a
relevant way to assessthis quantityof information:


�� �� � �����������
���! #"%$

�������
�&�'�

where �
�

is the (&)+* class out of � . Hence Shannon’s
entropy givesrise to the following properties:
,�.-0/ 132 (54 �����

��� �76
,�869/ :;(=<>�@? �����
�A� � 6�

The higher the entropy, the weaker the information.
Using this mean provides with an interestingpolicy to
selectthenext placewhereto performa perceptionaction.
This is often usedas a classicalgreedy(and sometimes
quite efficient) approachto exploration [7]. However,
the notion of entropy is not sufficient in the context of
planningperceptionin navigation-relatedproblems:if one
can predict the evolution of the entropy with the sensor
model when evaluatingthe effect of a perceptionaction,
it will not help to assesshow the pathcost is modifiedon
the perceived aera.



Hencewe decidedto introducea conceptof Confidence
Of P
B
erception(COP) CED -GFHFH6JI , dependingonly on a priori

knowledgeregardingtheperceptiondevice’sbehavior. For
our perceptionmodel, this confidenceis proportionnal
to the resolution of the perceived data, therefore this
confidencecan be statedas a function of the perception
distance:COP �LK �+M (5NPOAQ%�SRUT

�
. The COP is high when a

perceptionhasbeenperformedvery close to the consid-
eredlocation,andinverselyCOP= 0 whentheconsidered
location has still never been perceived. As far as this
conceptdoesnot dependon the probability distribution
over the terrain classes,we may expect to be able to
foreseehow performing a perceptionaction at a given
locationwill affect the COPonto this location.

The idea is not to substitutethis COP to the notion of
entropy: comparingopportunitiesof perceptiondirectly in
termof COPevolution would soundlike a weakcriterion.
However, aninterestingway to dealwith this conceptis to
considerits effect on thetraversabilitycosts:this provides
a way to comparethe effects of performing perception
actionsregardingthe pathscosts.

This is the foundationof our perception-guidednaviga-
tion paradigm,describedin the next section.

I I I . THE PG2P PARADIGM

A. Planningpathsin unknownenvironments

1) D* like algorithms: Real time path re-planning
is a major requirement for an efficient navigation in
an unknown environment. The efficiency of D*-lik e
algorithms results from the assumptionthat, for each
iteration, only small areas(comparedto the whole map
size) of the terrain map are affected by traversability
cost modifications.This is obviously the casewhen the
map is updatedthanks to local perceptioninformation,
as it usually happenswhen a rover navigates inside
an unknown environment, using local-rangesensorsto
perform perception.Hence we choseto use a classical
D* in our approach,to benefit from this efficiency in
term of computationtime.

2) Traversability cost function: A key point in our
approachis thenotionof COPintroducedearlier:it is used
to definea new traversabilitycost function � ) depending
bothon theprobabilitydistribution �����

�A�
over the terrain

classesandon the COP:
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As a result,a high COP for a given cell will give rise
to a reinforcementof the “behavior” of the traversability
cost’s function,asshown on figure4. Moreover, asnoticed
in sectionII-C, the COPis predictable:whatever percep-
tion action is planned,we have the opportunityto assess
the a priori effects of the perceptionin terms of COP
evolution. Hencewe may use this property to simulate
perceptionsperformanceswhile observingthe path cost
evolution whenupdatingthe COP.

Fig. 4. Incidenceof the COPon the traversability cost

The influence of the COP on the traversability cost
drasticallymodifiestheperceptionplanningbehavior. This
is one of the main point of control in our approach:if
COP’s influenceis set to a low level, then the navigation
behavior soundslike a classicalD*-guidednavigation.On
the other hand,if COP’s influenceis set to a high level,
thenthe rover tendsto lose its focus (the goal point) and
hencebehaves like greedilyexploring its environment.

B. Decisiontheoretic and perceptionplanning

1) Perceptionaction: Decidingwhethera givenzoneis
worth to be perceived or not, canbe tackledby applying
a decision theoretic technique[4]. In our approach,we
suggestto designtwo functionsof utility for eachterrain
class:the utility to perceive a given node,and the utility
not to perceive it regardingits class.

Fig. 5. Utility to perceive flat terrain (left), and not to perceive flat
terrain(right)

Fig. 6. Utility to perceive obstacleterrain (left), and not to perceive
obstacleterrain(right)

We designedutility functionsasshown in thefollowing
equations,which standsfor the �^]Y_#` ) terrainclass:a;b � Q b � 6 �E�[Z\�
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where coefficients Q b�pJl ,

h bmpUl , q bmpUl and r bmpUl are
modulatedin orderto designthe expectedutility’ s values.

The computationof the difference,for a given node,
provides us with a seriousclue about the relevance to



perceive this node, regarding a given class.Each utility
function takes into accountthe following parameters:s Currentprobability over the consideredterrainclass,s CurrentCOP, asdefinedin sectionII-C,s Adjustmentparameters,that will give rise to naviga-

tion strategiesadjustmentopportunities.

Fig. 7. Total differenceof utility asa function of tvuHw�x5ydz�{ andCOP

With two terrain classes(flat/obstacle)and with the
utility functionsof figures5 and6, the total differenceof
utility (TDU) function illustratedin figure 7 is computed
with balancingthedifferenceof utility for eachclasswith
the respective probability to belongto the class:|~}�� � �� � ��� �'� a b ���

�&�
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where a3b is the utility function to perceive, and aml the
utility function not to perceive.

The greaterthe total differenceof utility (TDU), the
more interestingthe perception.A node whoseTDU is
greaterthan0 will have anutility greaterif perceivedthan
if not. This providesus with a way to choosewhetherto
perceive a given nodeor not.

Figure7 shows that thereis a maximumof toleranceto
COPwhentheprobabilityof obstaclesis around0.5:with
two classes,this probability representsan uncertainty
about the kind of terrain (flat or obstacle).Therefore
whena “0.5 probability of obstacle”nodeis assessed,its
COP may be high, while staying interestingto perceive.
As a result, a node that has beenperceived a first time
but hasnot beenclassifieddiscriminately(i.e. with a high
entropy) will remain interestingto perceive, as long as
its COP will remain low enoughso that the TDU ��- .
In the algorithm (describedin section III-C), this TDU
will be computedonto all the nodescoveredby a given
perception:consideringonly the nodeswhoseTDU �.- ,
we get an “a priori” overall score of interest for this
perceptionaction. This will be usedas a basic scheme
for the selectionof the most interestingperceptionaction
while performingour pathplanningparadigm.

2) Accessfrontier: The accessfrontier, in a given
configurationof the traversability map, will be defined
asthe setof nodes,in the vicinity of the robot,belonging
to an “accessiblezone”,andhaving at leastoneneighbor

that is not. This set of nodesrepresentthe frontier from
whereperceptionactionsmay be performedin a secured
andefficient way (similarly to [12]): in the sameway the
decision theoreticprovides us with a schemeto decide
whethera given nodeis worth to be perceived or not, we
alsosuggestto applythisschemeto assesswhetheragiven
nodeshouldbe consideredasbelongingto the accessible
zoneor not.This zonewill containnodeswhoseCOPand
probability distribution over the classesarecoherentwith
therovercapabilitiesandphysicalrequirements.Therefore
the correspondingdecision function will behave rather
like the oppositeof the decisionfunction describingthe
decisionfor the perceptioninterest:an accessiblezoneis
usually not worth to be perceived, sincea certaindegree
of knowledgewill alreadybe assumed.

Fig. 8. Total differenceof utility for the accessibility

The pairs of utility functions correspondingto the
different terrain classesare computed,and finally, the
total differenceof utility (figure8) let usdecidewhethera
givennodeshouldbelongor not to the ”accessiblezone”.
Henceeachnodeof theaccessfrontier will beassessedas
a possiblebasepoint for the next perceptionto perform.
It shouldbe noticedthat the parametrizationof this TDU
function directly affectsthe whole reachabilitywithin our
method: a low tolerancefor the accessibilitymay forbid
the discovery of any path toward the goal.

C. Algorithm detail

This part focusses on the implementation of our
”perception-guidedpathplanning”paradigm,applyingthe
two functionsof decision.Our approachis implemented
accordingto threesteps:� 1st step: Computationof thecurrentbestpath(classical
D* processing)and determinationof the current access
frontier (figure 9), usingthe decisionfunction we defined
in sectionIII-B.2� 2nd step: Selectionof the most promising node of
the accessfrontier (figure 10): this is the heart of our
approach.The principle is to assessthe nodesbelonging
to the accessfrontier in order to find the bestnext place
where to perform the next perceptionaction. This best
node is then targeted as an intermediarysub-goal that



Fig. 9. 1st step:accessfrontier computation

the rover should reach in order to be able to perform
the plannedperception.Each frontier’s node is assessed
individually by performingan on-line “simulation” of the
perceptionsthat could be performedfrom this node,with
applyingthemodelof perceptiondescribedin sectionII-B.
This gives rise to an increaseof the COP onto the sim-
ulatedperceived areaof the map.This COPmodification
will directly act onto the traversability costs,given that
they dependboth on the probability distribution over the
terrainclassesandon the COP, for eachnode(asdefined
in sectionIII-A.2).

Fig. 10. 2nd step:frontier pointsaccessability

As a result, D* will be re-processedwith the updated
traversabilitymapin orderto take into accounttheselatest
updates.Hencenew betterpathsmay be discovered:the
new path cost consideringa given accessnode will be
computedasthe sumof two elements:the pathcostfrom
the robot to this node,and the path cost from this node
to the final goal, in the “simulated” configuration.� 3rd step: Considerationof the geometricalproperties
of perception(figure 11). Range sensorsbeing mostly
directional, we finally have to choosethe best possible
perceptiondirection from the most promising node (as
selectedin the 2nd step).A large panelof heuristicsmay
beusedto do so.In our approach,thedirectionselectionis
mainly performedaccordingto the two following criteria:

Fig. 11. 3rd step:perceptiondirectionselection

- thepossibleperceptiondirectionsshouldberestrained
to the directionsso that the � first nodesof the new path
shouldbe includedinto the perceived areaof the map.

- amongthe remaining(discrete)available directions,
we computethe whole perceptioninterestfor eachpos-
sible correspondingperception(using the TDU resultsas
detailedin sectionIII-B.1): theselectedperceptionwill be
the one that maximizesthe perceptioninterest.

Fig. 12. Application of the plannedperception

The robot finally moves to the planned perception
location,thenperformstheplannedperception(figure12).

IV. RESULTS AND FUTURE WORKS

PG2P’s performancedependsbasicaly on the terrain
wherethe robot hasto navigate.As a result,PG2Pdoes
not give better results than usual optimal path planning
approacheswhen the environmentis sparseand “easy to
cross”: in other words, if the way computedby D* turns
out to be the bestpossibleway (a posteriori)considering
the whole terrain map, then PG2P will usually return
suboptimalresults(when the path computedby D* from
an initially unknwon map turns out to be the samethat
the pathcomputedin the correspondingknown map).On
the contrary (figure 13), if the terrain is rathercluterred
and so D* computesa path that is far to be the “a
posterioribestone”, thenPG2Pturnsout to beinteresting:



in such cases,our tests show results about 20% better
than D* in terms of final path cost (with paths length
up to 400 metersanda 0.7 meterspitch grid). As said in
introduction,PG2Pdoesnot aim at concurencingdynamic
path replanners:it is an approachthat focuseson linking
pathplanningandperceptionplanning.As a result,PG2P
is far more cpu-consummingthan path planning only:
full planning’s cycle computationcurrentlyrequiresup to
several seconds,dependingon the sizeof spaceto check
around the robot (most of the time being spent for the
successive calls to D* when assessingthe cost of the
accessfrontier nodes).However time or cpu consumption
is not a major concernin our scheme:the time required
for the robot navigation betweensub-goalscorresponding
to planned perceptionslocations may be exploited for
perception planning purpose. Moreover, we expect to
get soon sub-secondplanning time with optimizing our
implementationof the PG2Palgorithm.

Fig. 13. PG2Pin simulation

PG2Pis on the way to be hostedonto two roversusing
stereocamerasfor perception:Lama, a marsokhod-like
rover that hasalreadybeenusing a basicD* for 1 year
(figure 14), andDala, an iRobot ATRV rover.

Fig. 14. D* planningin real experiments

V. CONCLUSION

We presenteda paradigmcalledperception-guidedpath
planning (PG2P),which is an hybrid approachbetween
navigationandexplorationconsideringin a singleprocess
both path planning and perceptionplanning so that the
most relevant perceptions(regarding the goal to reach)
may be performed.Even if the computedpath is globally
suboptimal, results show that this approachmay bring
benefitsin termsof path cost when comparedto a pure
pathplanningapproach,especiallywhenthe environment
is rathercluttered.From our point of view, this approach
takesplaceinto a more global effort aiming at providing
robots with software meansand efficient tools for ex-
tendingtheir autonomyin termsof decisionalcapabilities,
toward long rangeautonomousnavigation.
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