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Abstract—This paper presents a new hybrid path
planning approach for autonomous robots navigating in
natural unknown ervironments. 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 current 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
resultsin simulation.

|. INTRODUCTION

Long rangeautonomousiavigationin unknawn (or par
tially known) environmentsrecentlybecamea main focus
for mary contritutions. In order to increaseautonomy
numerousproblems have to be tackled simultaneously
suchaslocalization,trajectoryplanningor decisionmak-
ing. This paperespeciallydealswith pathplanningin the
contet of a navigationtask i.e. wherethe missionis to
reacha givendistantgoal. In unknown or partially known
ervironments, path plannersusually rely on a dynamic
pathfinding algorithm.Among the mostpopular Stentzs
D* [10] and further improvementg11], [6] provide with
a powerful way to planandre-planpathsin a dynamically
updatedrepresentatiomf the environment.This approach
hasbeensuccessfullyintegrated,for instance asa global
path planningparadigm,in [9].

However, these approachesfor path planning focus
on the speedand the quality of the path searchinto a
traversability graph: they do not have arny concernwith
the opportunityto control the perceptioractions,thatmay
drastically from our point of view, improve the quality
andthe relevanceof the perceved datathat will be used
to updatethe representatios’model of the ervironment.

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-guidegathplanning(PG2P).

Role of PG2P during navigation: Whatever the con-
sideredrover, natural ernvironmentsexhibit 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 hasto traverse,which satisfies
a general“economy of means” principle, and tendsto
achieve an efficient behaior [3]. Basically two kinds of
motion modescan be distinguished:
¢ Reflex modes: when the ervironmentis “easy”, i.e.
ratherflat and lightly cluttered,the robot can efficiently
move just on a basisof a closegoalto reachandinforma-
tion providedby “obstacledetector’sensorsln essentially
flat environments jnformationreturnedby the obsenation
of alaserstripemight be sufficient; whenthe ervironment
is known to contain obstacles,a broaderperception(as
provided by sterewision) is requiredin order to safely
executeavoiding maneuers.
¢ Planned modes:reflex modesbecomeinefficient when
applied in more complex ervironments, in which the
robot can be trappedin dead-enddor instance.ln such
cases,trajectory plannersreasoningon a model of the
ervironmentare required.Dependingon the difficulty of
the areato cross,a 2D plannercanfind out waysbetween
obstacleausing a descriptionthat exhibits traversableand
non-traversableareaspr a 3D plannerthatchecksstability
and collision constraintghanksto a fine 3D modelof the
ernvironment[2].

The existence of different motion modes enablesto
choosea well adaptedandefficientbehaior dependingn
the terrain, but it complicateshe system that hasto deal
with several different terrain representationgnd motion
planning processeslt especiallyrequiresthe ability to
select(i) the adequatemotion modeto apply; (ii) the sub-
goalto reachand(iii) the next perceptiontaskto achiere.
This is the role of perception-guideahavigation planner

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

Il. MODELS: ROVER, TERRAIN AND PERCEPTION
A. Rover’'s expectedcapabilities

We supposethat the rover is endaved with n mo-
tion generation capabilities, adaptedto given terrain



traversability classesA costis associatedo eachmotion
modle, encompassinghe time requiredby the dedicated
ervironmentmodelto build (e.g. a digital elevationmodel
for rough areas),the time necessaryto generatemotion
commands,and the maximum reachablespeedfor the
considerednotion mode.

B. Terrain and perceptionmodel

Each of the different motion modesrequiresa par
ticular terrain representationbut the navigation planner
also requiresa specific terrain representatiorin term of
traversability classesthe region map

Eachtime 3D datais acquired,the region mapis built
thanksto a fast classification processthat producesa
probabilistic descriptionof the perceved areasin term
of terrain classes akin to a multi-valuated occupang
grid representationlt relies on a specific discretisation
(figure 1) of the perceved area,that defines“cells” on
which different relevant characteristics(attributes) are
determinedA non-parametri®ayesianclassificatiorpro-
cedureis usedto label eachcell: a learning phasebased
on prototypesclassifiedby a humanleadto the determi-
nation of probability densityfunctions,thenthe classical
Bayesiamapproachs applied,which providesan estimate
of the probability for eachcell to correspondo one of
the definedterrain classege.g. {Unknown,Flat, Rough,
Obstaclg).

Fig. 1. Discretisationof a 3D stereocimage:regular Cartesiandiscreti-
sationin the sensorframe (left - only the correlatedpixels are shovn),
andits projectionon the ground(right - the actualdiscretisatioris much
finer)

Fig. 2. Binary classificationof the sterecimageof figure 1: perceved
area(left) andreprojectionin the sensorframe (right). Colorsrepresent
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 performedusing a
bitmap.For the purposeof navigationplanning,the bitmap
model is structuredinto a global region map of fixed
squareareasthat definea connectiongraph,whosenodes
areontheirbordersandwhosearcscorrespondo aregion

crossing.To eachregion is associatedhe terrain classes
partial probabilitieslabel, the confidenceon this labeling

and elevation informations.Figure 3 is an example of a

binary region map producedduring navigation. The rest
of the paperdeals only with two-classes{traveisable

obstaclé) region maps, only consideringactually one
motion mode, but all our developmentsare applicableto

region mapswith ary numberof terrain classes.

Fig. 3. A qualitatve terrainmodelintegrating 50 stereopairs,acquired
alonga 20m trajectory(samecolors codeasin figure 2)

C. Perceptionmodel:entropy Vs confidenceof perception

Decidingwhereto perceve is usually considerecasan
exploration-relatedpurpose.This problemrequiresto be
ableto compareseveral opportunitiesof perceptiongiven
a particularconfigurationof the rover in the ervironment.

Several contributions relatedto this classof problems
deal with the notion of entrofy [8], asa meanto assess
the quantityof informationassociatedo a probability dis-
tribution on the terrainclassegflat, obstacle) Considering
up to three classesShannors entropy £ is known as a
relevant way to assesshis quantity of information:

n
&= Z —P(C;)log(P(Cy))

i=1

where C; is the i;, classout of n. Hence Shannors
entropy givesrise to the following properties:

£=0 & 3/P(C)=1
1
£=1 & Vi<nP(C)=—

The higher the entropy, the wealer the information.
Using this mean provides with an interestingpolicy to
selectthe next placewhereto performa perceptioraction.
This is often usedas a classicalgreedy (and sometimes
quite efficient) approachto exploration [7]. However,
the notion of entrofy is not sufficient in the context of
planningperceptionin navigation-relatedproblems:f one
can predict the evolution of the entroy with the sensor
model when evaluatingthe effect of a perceptionaction,
it will not helpto assesfiow the pathcostis modifiedon
the perceved aera.



Hencewe decidedto introducea conceptof Confidence
Of Perception(COP) € [0..1], dependingonly on a priori
knowledgeregardingthe perceptiordevice’s behavior. For
our perceptionmodel, this confidenceis proportionnal
to the resolution of the perceved data, therefore this
confidencecan be statedas a function of the perception
distance:COP = f(distance). The COPis high whena
perceptionhas beenperformedvery closeto the consid-
eredlocation,andinverselyCOP = 0 whenthe considered
location has still never been perceved. As far as this
conceptdoes not 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 COP onto this location.

The ideais not to substitutethis COP to the notion of
entropy: comparingopportunitiesof perceptiondirectly in
term of COPevolution would soundlik e a weakcriterion.
However, aninterestingway to dealwith this conceptis to
considerits effect on the traversability costs:this provides
a way to comparethe effects of performing perception
actionsregardingthe pathscosts.

This is the foundationof our perception-guidedaviga-
tion paradigm,describedn the next section.

I11. THE PG2P PARADIGM
A. Planningpathsin unknownervironments

1) D* like algorithms: Real time path re-planning
is a major requirementfor an efficient navigation in
an unknonvn ervironment. The efficiency of D*-like
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 updatedthanksto local perceptioninformation,
as it usually happenswhen a rover navigates inside
an unknown ervironment, using local-range sensorsto
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
approacthis thenotionof COPintroducedearlier:it is used
to definea new traversability costfunction C* depending
both on the probability distribution P(C;) overtheterrain
classesand on the COP:

C' = f(P(C),P(Cs),---,COP)

As aresult,a high COP for a given cell will give rise
to a reinforcementof the “behavior” of the traversability
costs function,asshavn onfigure4. Moreover, asnoticed
in sectionll-C, the COP s predictable:whatever percep-
tion actionis planned,we have the opportunityto assess
the a priori effects of the perceptionin terms of COP
evolution. Hencewe may use this property to simulate
perceptionsperformanceswvhile observingthe path cost
evolution when updatingthe COR
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Fig. 4. Incidenceof the COP on the traversability cost

The influence of the COP on the traversability cost
drasticallymodifiesthe perceptiorplanningbehaior. This
is one of the main point of control in our approach:if
COPs influenceis setto a low level, thenthe navigation
behaior sounddik e a classicalD*-guided navigation.On
the other hand,if COPS influenceis setto a high level,
thenthe rover tendsto loseits focus (the goal point) and
hencebehaeslike greedily exploring its environment.

B. Decisiontheortic and perceptionplanning

1) Perceptionaction: Decidingwhethera givenzoneis
worth to be perceved or not, canbe tackledby applying
a decisiontheoretictechnique[4]. In our approach,we
suggesto designtwo functionsof utility for eachterrain
class:the utility to perceve a given node,and the utility
not to perceve it regardingits class.

o
o
¥ = Confidence o

Fig. 5. Utility to perceve flat terrain (left), and not to perceve flat
terrain (right)
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Fig. 6. Utility to perceve obstacleterrain (left), and not to perceve
obstacleterrain (right)

We designedutility functionsasshown in the following
equationswhich standsfor the C'y;,; terrainclass:
a4 (1= COP)*+ + b, (COP)P(Cjias)+
a_COP%= +b_(1—COP)P(Cia1)-

o =
x=P(Cobsace ) T

Uy =
u_ =

where coeficients a;,_, b;,_, ay,_ and B,,_ are
modulatedn orderto designthe expectedutility’ s values.

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



perceve this node, regarding a given class. Each utility
function takesinto accountthe following parameters:
« Currentprobability over the considerederrainclass,
» CurrentCOR asdefinedin sectionlI-C,
« Adjustmentparametersthatwill give rise to naviga-
tion stratgies adjustmentopportunities.

total_difference_of_utility(x,y)

i
N,,'l‘f
wroaad
R

Iy, .’ﬁ
3

0.2 0.4" 0.6y = Confidence
X= P(C obstacle )

Fig. 7. Total differenceof utility asa function of P(obst) and COP

With two terrain classes(flat/obstacle)and with the
utility functionsof figures5 and®6, the total differenceof
utility (TDU) functionillustratedin figure 7 is computed
with balancingthe differenceof utility for eachclasswith
the respectie probability to belongto the class:

TDU =) ((u+(Ci) — u—(Ci) P(Ci))
i=1
wherew is the utility function to perceve, andu_ the
utility function not to perceve.

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

Figure 7 shaws thatthereis a maximumof toleranceto
COPwhenthe probability of obstacless 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 assessedts
COP may be high, while stayinginterestingto perceve.
As a result, a nodethat has beenperceved a first time
but hasnot beenclassifieddiscriminately(i.e. with a high
entropy) will remaininterestingto perceve, as long as
its COP will remainlow enoughso that the TDU > 0.
In the algorithm (describedin sectionlll-C), this TDU
will be computedonto all the nodescoveredby a given
perception:consideringonly the nodeswhoseTDU > 0,
we get an “a priori” overall score of interestfor this
perceptionaction. This will be usedas a basic scheme
for the selectionof the mostinterestingperceptionaction
while performingour path planningparadigm.

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”, and having at leastone neighbor

that is not. This setof nodesrepresenthe frontier from
where perceptionactionsmay be performedin a secured
and efficient way (similarly to [12]): in the sameway the
decisiontheoretic provides us with a schemeto decide
whethera given nodeis worth to be perceved or not, we
alsosuggesto applythis schemeéo assessvhetheragiven
nodeshouldbe consideredas belongingto the accessible
zoneor not. This zonewill containnodeswhoseCOPand
probability distribution over the classesare coherentwith
therover capabilitiesandphysicalrequirementsTherefore
the correspondingdecision function will behae rather
like the oppositeof the decisionfunction describingthe
decisionfor the perceptioninterest:an accessibleoneis
usually not worth to be perceved, sincea certaindegree
of knowledgewill alreadybe assumed.
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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 (figure 8) let us decidewhethera
given nodeshouldbelongor not to the "accessiblezone”.
Henceeachnodeof the accesdrontier will be assesseds
a possiblebasepoint for the next perceptionto perform.
It shouldbe noticedthat the parametrizatiorof this TDU
function directly affectsthe whole reachabilitywithin our
method: a low tolerancefor the accessibilitymay forbid
the discovery of ary pathtoward the goal.

C. Algorithm detalil

This part focusseson the implementation of our
"perception-guideghathplanning” paradigm applyingthe
two functionsof decision.Our approachis implemented
accordingto threesteps:

e 1st step: Computationof the currentbestpath (classical
D* processing)and determinationof the currentaccess
frontier (figure 9), usingthe decisionfunction we defined
in sectionlll-B.2

e 2nd step: Selectionof the most promising node of

the accessfrontier (figure 10): this is the heart of our

approach.The principle is to assesghe nodesbelonging
to the accesdrontier in orderto find the bestnext place
where to perform the next perceptionaction. This best
node is then targeted as an intermediary sub-goal that
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Fig. 9. 1ststep:accesdrontier computation

the rover should reachin order to be able to perform
the plannedperception.Each frontier's node is assessed
individually by performingan on-line “simulation” of the
perceptionghat could be performedfrom this node,with
applyingthemodelof perceptiordescribedn sectionll-B.
This givesrise to an increaseof the COP onto the sim-
ulatedperceved areaof the map. This COP modification
will directly act onto the traversability costs, given that
they dependboth on the probability distribution over the
terrainclassesandon the COR for eachnode(asdefined
in sectionlll-A.2).

Robot
position
Isotropic application
of the perception model

Frontier point
currently assessed

Expected path
after confidence
update

Fig. 10. 2nd step:frontier points accessability

As a result, D* will be re-processedvith the updated
traversabilitymapin orderto take into accounttheselatest
updatesHencenew better pathsmay be discovered:the
new path cost consideringa given accessnode will be
computedasthe sumof two elementsthe path costfrom
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
selectedn the 2nd step).A large panelof heuristicsmay
beusedto do so.In our approachthedirectionselectionis
mainly performedaccordingto the two following criteria:

Fig. 11. 3rd step:perceptiondirection selection

- the possibleperceptiordirectionsshouldbe restrained
to the directionsso that the n first nodesof the new path
shouldbe includedinto the perceved areaof the map.

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

Fig. 12. Application of the plannedperception

The robot finally moves to the planned perception
location,thenperformsthe plannedperception(figure 12).

IV. RESULTS AND FUTURE WORKS

PG2Ps performancedependsbasicaly on the terrain
wherethe robot hasto navigate. As a result, PG2Pdoes
not give better resultsthan usual optimal path planning
approachesvhen the ernvironmentis sparseand “easy to
cross”:in otherwords,if the way computedby D* turns
out to be the bestpossibleway (a posteriori)considering
the whole terrain map, then PG2P will usually return
suboptimalresults(whenthe 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 terrainis rathercluterred
and so D* computesa path that is far to be the “a
posterioribestone”, thenPG2Pturnsoutto beinteresting:



in such cases,our testsshav results about 20% better
than D* in terms of final path cost (with pathslength
up to 400 metersanda 0.7 meterspitch grid). As saidin
introduction,PG2Pdoesnot aim at concurencinglynamic
pathreplannersit is an approachthat focuseson linking
pathplanningand perceptionplanning.As a result, PG2P
is far more cpu-consummingthan path planning only:
full plannings cycle computationcurrently requiresup to
several secondsdependingon the size of spaceto check
aroundthe robot (most of the time being spentfor the
successie calls to D* when assessinghe cost of the
accesdrontier nodes).However time or cpu consumption
is not a major concernin our schemethe 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-secondlanning 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-lile
rover that has alreadybeenusing a basicD* for 1 year
(figure 14), and Dala, an iRobot ATRV rover.

Fig. 14. D* planningin real experiments

V. CONCLUSION

We presentedh paradigmcalled perception-guidegath
planning (PG2P),which is an hybrid approachbetween
navigation andexplorationconsideringn a single process
both path planning and perceptionplanning so that the
most relevant perceptions(regarding the goal to reach)
may be performed.Evenif the computedpathis globally
suboptimal, results shav that this approachmay bring
benefitsin termsof path cost when comparedto a pure
path planningapproachgspeciallywhenthe ernvironment
is rathercluttered.From our point of view, this approach
takes placeinto a more global effort aiming at providing
robots with software meansand efficient tools for ex-
tendingtheir autonomyin termsof decisionalcapabilities,
toward long rangeautonomousavigation.
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