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Abstract.  Although there are many motion planning techniques, there is no method
that outperforms all others for all problem instances. Rather, eac technique has
di erent strengths and weaknessesvhich makesit best-suited for certain types of
problems. Moreover, sincean environment can contain vastly di eren t regions, there

may not be a single planner that will perform well in all its regions. Ideally, one
would use a suite of planners in concert and would solve the problem by applying

the best-suited planner in ead region.

In this paper, we proposean automated framework for feature-sensitive motion
planning. We usea machine learning approach to characterize and partition C-space
into regions that are well suited to one of the methods in our library of roadmap-
basedmotion planners. After the best-suited method is applied in ead region, the
resulting region roadmaps are combined to form a roadmap of the entire planning
space.Over a range of problems, we demonstrate that our simple protot ype system
reliably outperforms any of the planners on their own.

1 Intro duction

The motion planning (MP) problem is to nd a sequenceof valid states
to move a movable object (often called a robot) from an initial con gura-
tion to a goal con guration. In robotics path planning, valid states are typi-
cally collision-freerobot con gurations. Besidesrobotics, instancesof the MP
problem can be found in a range of applications from robotics and CAD to
computational biology.

The MP problem is thought to be intractable except for robots with
few degrees of freedom (dof ) asthere is strong evidencethat any complete
planner will require exponertial time in the number of dof s of the robot
[25,26,9].The complexity of the MP problem hasled researfersto investigate
heuristic planners, initially based on cell decomposition [7] and potential
elds [15]. After the introduction of the Randomized Path Planner (RPP)
[2], researt has focusedon randomized methods. Notable examplesinclude
the roadmap-basedprobabilistic roadmap methods (PRMs) [14] and se\eral
tree-based methods that explore the planning space starting from one or
two points [3,17,12]. These methods have achieved many remarkable results,
including solving seeral previously unsolved MP problems.
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Although many good randomized techniques have been developed, no
single method performs optimally for every MP problem. Rather, the per-
formance of ead technigue depends on the problem instance. For example,
somemotion planning techniques are better suited for mostly free environ-
ments while others show their real strength in cluttered regions. Moreover,
sincean environment cancortain vastly di erent regions,in many caseghere
may not even exist a single planner that will perform well in all its regions.

An ideal motion planner would be a meta-planner using a suite of more
specializedplannersto cooperatively solve an MP problem. It would automat-
ically apply the best-suited planner for ead distinct region in the planning
spaceand would produce regional solutions that could be composedto solve
the overall MP instance.

We propose an automated framework for feature-sensitive motion plan-
ning which usesa maadine learning approac for characterization and parti-
tioning of C-space.Partitioning is accomplishedby recursively subdividing
C-spaceuntil obtaining regionsclassi ed ashomogeneousccordingto a setof
featuresmeasuredfor ead region. Next, eadr homogeneousegion is matched
with the best-suited planner in a library of roadmap-basedplanners and a
regional roadmap is produced. Then, the regional roadmaps are combined
to produce a roadmap of the ertire planning space.We have implemernted
a simple prototype system that usesonly basic techniques for partitioning
C-spaceand combining regional roadmaps, and which contains only a few
motion planning methods. Over a range of problems, we shaw that our sim-
ple prototype systemreliably outperforms any of the planners on their own.

2 Preliminaries

A robot is a movable object that can be cortrolled through n parametersor
degrees of freedom (dof ), ead corresponding to a unique componert, e.g.,
object positions, object orientations, link angles, or link displacemerts. A
robot's placemen, or con guration, can be uniquely described by a point
(X1;X2; 15 Xp) in an n dimensional space(x; beingthe ith dof ). This space,
consisting of all robot con gurations (feasible or not) is called con gur ation
space (C-space)[18]. The subsetof all feasible con gurations is the free C-
space (C-free), while the union of the unfeasiblecon gurations is the blocked
C-space (C-obstaclg. Thus, the MP problem becomesthat of nding a con-
tinuous trajectory for a point in C-spaceconnecting the start and the goal
con gurations that completely lies in C-free. And, although it is intractable
to compute C-space,we can often determine whether a con guration is fea-
sible or not quite e cien tly, e.g., by performing a collision detection test in
the worksmce, the robot's natural space.

Randomized Motion Planning Algorithms Randomized motion plan-
ners randomly explore C-spaceand produce a data structure corntaining fea-
sible con gurations and someinformation about the connectivity of C-free.
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Roadmap-basedPRMs [14,22,23)build a graph calledaroadmapin two steps:
node geneation and node connection. In node generation, feasiblecon gura-
tions are generated.In node connection, simple local planners identify which
pairs of selectednodesare connectableand should be noted at roadmap edges.
Many PRM-variants exist. Basic PRM [14] uniformly samplesnodes. Other
sampling methods increasethe proportion of feasiblecon gurations in some
regions[21,4,27,17].For example, OBPRM [1] generatescon gurations on or
near C-obstacle surfacesand GaussianPRM [5] only retains free samplesif
they are closeto C-obstacles.The performance of these methods varies in
di erent kinds of environments. For example, Basic PRM performs well in
open areaswhile OBPRM performs better in cluttered regions.

Roadmap componerts canbe connectedusing (combinations of) roadmap-
basedand tree-basedplanners [20]. Tree-basedplanners grow a tree starting
with a known feasiblecon guration and add new nodesto the tree according
to somestrategy that either makesthe tree approad the goal or uniformly
cover the spacereadable from the nodes already in the tree. Among these
techniqueswe note RPP [2], Ariadne's Clew Algorithm [3], RRTs [17], and a
planner for expansive spaceg[12].

C-space Subdivision Someof the early heuristic motion planners [7] per-
formed uniform C-spacesubdivision by dividing ead of the n dof sinto m
equally-sizedpieces.The result is a grid of m" cellswhich is only feasibleto
compute for problems with few dof s.

Deterministic sampling over C-spacegrids has been studied in [16]. A
di erent approad using randomized methods, non-uniform C-spacesubdivi-
sion, has beenexplored in two stage planners. Decomposition-basedMotion
Planning [6] decomposesa high-dimensional problem into subproblemswith
reducedcomplexity for real-time planning. It seardhesfor homotopic paths in
the workspace, e ectiv ely subdividing the rst three parameters of C-space
while ignoring higher dof s. Once a workspacepath is found, it determines
the motions of the joints (the higher dof s).

We believe that C-spacesubdivision can be usedto identify regionssuit-
able for a particular motion planner. To be generaland scalablefor high dof
problems, the subdivision cannot be exhaustive or uniform. Instead, it should
be feature-sensitive sothat subdivision is performed only until the resulting
regions have \uniform" features.

C-space Characterization = Somebasic studies of the performanceof plan-
ners in dierent types of ervironments have been performed. A study of
seweral PRM planners [11] in v e distinct ervironments o ered criteria for
deciding which PRM variant to use.An iterative metaplanner basedon re-
gion characterization is proposedin [10].In a rst iteration, four Basic PRM
roadmap features help in determining whether the spaceis free or cluttered
or if a surfaceis rough. Then, in a seconditeration, more powerful meth-
ods could be applied. Finally, Iters would remove redundant nodesto keep
the remaining as seedsfor tree-basedplanners. Environment subdivision is
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suggestedbut no mecdhanism for performing it is proposed.As evidencethat

automatic environment classi cation is feasible,se\eral featuresare measured
and their values are shown for sewral di erent types of ervironments (e.g.,
free vs. cluttered, and rough vs. smooth).

Characterizing C-spaceregionsrequires constructing a represeration for
complex and high dimensional data. Machine learning methods have gained
attention over the past few yearsbecauseof their ability to interpret patterns
directly from such data. For example, determining the three-dimensional
structure of a protein given only knowledge of the sequenceof a protein is
adicult problem addressedby many bioinformatics groups. Someprogress
has beenmade in this area using knowledge obtained by a learning method
about the sequenceo structure relationship [8].

Learning methods are also attractiv e when the scope of data analysisis
too complex for a human (as in C-spacecharacterization). For example, the
FIRST datasetis a collection of imagesof radio sourcescollected by the Very
Large Array. In six years this dataset grew to consist of 32,000 images of
two million pixels ead. For this di cult problem, the decisiontree algorithm
C4.5 [24] was trained to identify galaxieswith the bernt-double morphology.
The decisiontree was able to classify bent-doublesand nd galaxiesthat had
beenoverlooked during manual seardes[13].

3 Feature-Sensitiv e MP Framew ork

We propose a framework for mapping the connectivity of the C-spacefor
motion planning problems through the coordinated operation of a library
of randomized planning methods. Easy regions are recognizedand handled
quickly while dicult regionsare treated with more powerful planners. This
framework, sketched in Fig. 1, subdivides the C-spaceof a problem into a
set of overlapping homogeneousgegions. It then producesa roadmap in ead
region using the best-suited planner as determined by the regional features.
Finally, the regional roadmaps are integrated to form a roadmap for the
generalproblem.

Motion Planning
Controller
space subdivision and

roadmap integration

MP problem Global Roadmap

partition features| C-space partition

class & methods

partial roadmap

Motion Planning
Techniques

Classifier Planner

Fig. 1. Block diagram of the framework
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At the core of this framework is a motion planning controller that recur-
sively subdivides the ervironment and createsa tree represering the sub-
division. Tree nodes represen C-spaceregions and the children of a node
correspond to the regions that result from the subdivision of their parent
node. Each node storesfeatures extracted from the C-spaceof its assaiated
region. Thesefeatures are fed to the classi er that matchesthem to a class
and a set of motion planning techniques Based on this output, the size of
the subdivision, and the granularity of the subdivisions already performed,
the motion planning cortroller decideswhether to further subdivide the cur-
rent C-spaceregion or mark it as a leaf node. Leaf node regionsare sert to
the Planner which producesa regional roadmap with the assignedmotion
planner. Then, regional roadmaps corresponding to the children of interme-
diate nodesare mergedinto a roadmap represetting the parent node'sregion,
sothat larger and larger regions are integrated until the global roadmap is
obtained in the root node.

Features should help to describe the complexity of the C-spaceregion
to be usedin characterization and subdivision. They should not depend on
the dof s of the problem nor on the volume of the C-spaceof the partition.
Also, feature extraction should useonly a fraction of the resourcesneededto
generatethe roadmap.

Subdivisions are madeto easeclassi cation and to improve the chancesof
using the proper method e cien tly, and they should be stopped oncea good
classi cation is made. Our approac di ers from cell decomposition in that
we do not perform uniform subdivision, instead we cortrol the subdivision of
C-spaceby the needsof the classi cation. Also, regionsare allowedto overlap;
indeed, someoverlap may assistin \stitc hing" together regional roadmaps.

C-spacesubdivision can be obtained with di erent methods. Ideally, re-
gion boundariesshould be decidedsothat resulting subregionsare more ho-
mogeneoughan the parert region. Information theory, suc asthat usedby
the machine learning algorithm C4.5 [24] for creating trees, givesinteresting
avenuesfor future exploration. Also, a componert basedpartitioning method
might obtain more homogeneoussubdivisions.

We can characterize C-spaceto match it to someernvironment type asin
[10], or to match it to the best-suited planner directly. The former requires
studying the features of represenativ e instances of the MP problem that
match recognizableclasses.The latter is the ideal case,it requires studying
the performance of available planners on represettativ e instancesof the MP
problem. Our prototype system preseried here studies the former case,but
we are also investigating the latter case.

Roadmap integration should use nodes, if available, in the overlapping
portion of the respective regionsasstarting points for connectinggraph com-
ponerts of di erent subregionswith tree-basedand roadmap-basedplanners
asin [20].
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4 Feature-Sensitiv e MP Framew ork Mo dules

In this section we describe the current implementation of the modules of
our prototype system. Parts of the framework, such asthe macdhine learning
algorithm or the subdivision strategy, can be implemented in di erent ways.
Our implementation, as described here, covers the basic componerts of the
framework. We also discusshow we intend to further enhancethe system.

4.1 Motion Planning Controller (Sub division and Integration)

As described in Sect. 3, the motion planning cortroller creates a tree of
C-spacesubdivisions of the MP instance, builds regional roadmapsin ead
subdivision, and then integrates them into a global map. First, Algorithm 1
gathersfeaturesfrom the C-spaceof the entire MP instance and the classi er
usesthesefeaturesto nd a matching class(Line 1). Then, the environment
and the matching classare sert to the recursive Algorithm 2 which createsa
tree of classi ed C-spacesubdivisions (Line 2). It usesthe selectedplanning
method in eadh homogeneousegion (as de ned in Sect.4.2) and it integrates
regional roadmaps into a generalroadmap covering the ertire C-space.Fi-
nally, if Algorithm 2 fails to produce a roadmap, the planner makesone with
a default roadmap-basedmethod (Lines 3-4).

Algorithm 1 Motion Planning cortroller

Require: Environment E : (robot;obstacles), subdivision limit L
Ensure: Tree:roadmap: a C-space Roadmap for E

1: E:class = Classi er.matc h(getFeatures(E))

2. Tree= Branch(E,class,L,0)

3: if Treerroadmap == \noroadmap" then

4: Tree:rroadmap = Planner.makeRoadmap(E)
5: end if

Algorithm 2, Branch, has three main stages: C-space subdivision (Line
1), child generation (Lines 3-11), and regional roadmap generation and in-
tegration (Lines 12-21). This algorithm returns a regional roadmap for the
region of C-spacecavered by the node; a roadmap will be generatedin every
subdivision found.

Subdivision of C-space Regions In the rst stage,the C-spaceof the
current node is subdivided into two or more overlapping suldivisions (Line
1). If the node is too small or the tree hasreaded its maximum height it is
not subdivided and a leaf with no roadmap is returned (Lines 1-2 and 22-23).

In this implementation we have an elemenary partitioning strategy that
randomly choosesone of the parametersof the robot to partition. A random



A Machine Learning Approach for Feature-Sensitive Motion Planning 7

Algorithm 2 Branch

Require: C-spaceregion D, classC, subdivision limit L, node height H
Ensure: node = [region, class, roadmap]

1: (subdivisions; error) = subdivide(D,L)

2: if no error then

3: for all region; in subdivisions do

4. class; = Classi er.matc h(getFeatures(region;))

5: if MeetLeafCriteria( region;,class;,C,L,H) then

6: childi = [region;, C, \noroadmap"]

7 else

8: childi = Branch(regioni,class;, L, H+1)

9: end if

10: add child; to children

11:  end for

12: if MeetClassMergingCriteria( subdivisions ,C) then

13: node = [D, MergeClasses§ubdivisions ,C), \noroadmap"]
14: else

15: for all child; in children do

16: if childi.roadmap == \noroadmap" then

17: chil di.roadmap = Planner.makeRoadmap(chil d;)
18: end if

19: end for

20: node = [D, MergeClasses¢hil dren), Planner.mergeRoadmaps(chil dren)]
21: end if

22: else

23: node = [D, class,\noroadmap"]

24: end if

25: return node

point within the range of the chosendimensionis selected,a small " (around
10% of the range) is usedto divide it into two overlapping ranges. Region
overlap is important for roadmap integration asdiscussedn Sect.4.3.In our
prototype system, we only subdivided on the rst positional parameters.

Children Generation During the secondstage, in ead C-spaceregion,
features are extracted and fed to the classi er that matchesthem to a type
of ervironment (Line 4). The regionis chedkedto determine whether it should
represen a leaf node (Lines 5-6) or a branch (Lines 7-8). In any case,the
result is a child for ead subdivision of the current node (Line 10).

Features should capture characteristics of C-spacethat will give insight
into the best planning method for the corresponding region. We create a uni-
form and quick Basic PRM roadmap from which we extract seweral features.
In addition to giving someinsight into C-spacestructure, features extracted
this way will also depend on resolution and sampling strategy. Thesefactors
should be taken into accourt during classi cation. Our prototype classi er
currently recognizesC-spaceregions as free, cluttered, narrow passageand
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non-homogenousThis along with the features usedfor classi cation will be
discussedin Sect.4.2.

A region meets leaf criteria (Line 5) when it hasreaded its limit in size
so that there is no room to vary any robot parameter, or when its class
is the same as that of the parent whose classi cation is other than non-
homogeneous.f these criteria are not met, the region is branched with a
recursive call to Algorithm 2.

Regional Roadmap Generation and Integration In the last stage,sub-
divisions are evaluated to determine whether they should be mergedbadk into
their parent without making a roadmap (Lines 12-13) or roadmapsshould be
produced for leaf subregionsthrough the planner (Lines 15-19) to integrate
regional roadmapsinto the parent node (Line 20).

Subdivisions meet class merging criteria (Line 12) when all of them are
leaf nodesbelongingto the sameclassand their parent is nhon-homogeneous.
This meansthat the parent could not be classi ed succesfully but the children
were. Sinceall of them belongto the sameclass,their regionsare mergedbadk
into their parent and assignedto its children's class.This prevents having to
spendextra e ort in mergingregionalroadmaps.Howewer, in sometypesof C-
spaceor for certain planners,it may be better to not mergethose subregions;
this is a topic for future study.

When the subdivisions do not meet classmerging criteria the planner is
called to make a roadmap for ead leaf child (which doesnot have one yet)
and to mergeit's children's regional roadmapsinto a single roadmap for the
current node. Hence,the nal roadmap obtained for the root of the tree is a
global roadmap. The planner is described in Sect. 4.3.

4.2 Classier

The classi er is given a set of features of a C-spacepartition, and it outputs
a matching classand a con dence level. It is hard to derive analytical expres-
sions de ning classesof C-spaceor rankings for choosing good planners for
seweral reasons:many featuresthat only represen a fraction of C-spacecan
be extracted; there are many MP strategiesto map C-space;and the range of
MP problemsis too diversein obstacle placemert and robot dimensionality.
Machine learning methods can be usedto perform the classi cation. For our
particular needsof understandabledecisions,discrete classi cations, and ease
of use, decisiontree learning methods are appropriate.

Seeral measuremets are made in a small roadmap to describe the com-
plexity of the partition. In our prototype systemwe usedBasic PRM to create
the feature roadmap; our future work will investigate other methods as well.

Roadmap Features Our objective is a generalmethod that can classify a
wide range of ervironment typesand complexities. In our prototype system,
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Table 1. Features for roadmap G : qy;E), verticesv 2 V, edgﬁse(vj;vk) 2 E,
CC fcomponents2 Gg, Cuw(ca) =  vi=kcack8vi 2 ca, Ej =  kek8g 2 E

General Features

Free node ratio: V; = jVj=Vax Va  number of attempted nodes Q)
Componerts: C, = JCCj 2)
Edge ratio: E; = JEj=Eax Ea:  number of attempted edges 3)

Component-Based Features for connected componert cc, 4 features per de nition 2

Node distance: d(vi;vj) = kvi vk Vi;vi 2 co; 16 ] (4)

Edge length: E| = d(vi; V) (vi;vj) 2 E; wvi;vj2ca (5)

Distance to Center: dc = d(vi; Cu (cx)) vi2 E (6)
Component distance: D(cG;cg) = d(Cwm(cc); Cm(cg)) @)
Componert length: C, = X ke k=E, 8e 2 ci (8)

& Average of the maximum, minimum, mean, and std. deviation over all cgc 2 CC
Notation: j j cardinality of , k k length of .

we extract a set of 23 features;ideally we want to capture the characteristics
of eadh type of spacewhile not being impacted by size and complexity of
C-space(Table 1). Speci cally, these features should be independert of the
dimensionality and volume of the C-spaceregion analyzed.

Three General features capture an overall picture of roadmap generation.
A Free node ratio givesinsight into the \freeness" of C-space.In partitions
with no obstaclesthis ratio will be onewhereasin regions lled with obstacles
it will be closeto zero. Components gives an idea of the connectivity of C-
space.A count of onewould indicate easyconnectability. In highly cluttered
areasthis count will approad the number of nodes sampled. An Edge ratio
will be low when nodesare dicult to connectsuc asin cluttered regions,
closeto the surface of complex C-obstacles,and in narrow passages.

Twenty Component-basel features are related to the complexity, exten-
sion, and coverage of componerts that map C-free, and the spacebetween
them. Each description correspondsto four features:its maximum, minimum,
mean, and standard deviation in eadh componert, averagedover the number
of componerts.

Component-basedfeaturesdescribe the connectivity of C-freeand point to
interesting areasof the problem. For example, Node distance givesan idea of
the distance betweennodesin a componert. Becausepadked componerts will
have smaller valuesthan componerts covering elongatedareas,node distance
might beimportant in distinguishing betweena cluttered spaceand a narrow
passagewy. While the features of Edge length and Distance to center give
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an idea of the span and coverage within a single componert, Component
distance cortributes a measureof the distance between componerts that is
related to the amount of infeasiblespace.The last feature, Component length,
gives an idea of the volume covered by componerts. This particular feature
is normalized by dividing it by the length of the ertire roadmap.

Features are normalized to make them independert of C-spacedimen-
sionality and size. With the exception of Component length, that is already
normalized, eat feature is divided by a constart

kn = maxjdimension;j jdofj; 1 i jdofj (9)

where jdimension;j is the length of dimensioni, soto relate k, to the volume
of C-spacecoveredin the sampling. It may be neededto relate the number of
samplednodesfor feature collection to k, to keepit small, but large enough
to capture featuresthat properly classify the corresponding C-spaceregion.

C-space Classes While MP ervironments are often non-homogeneousif
partitioned properly, they can be viewed as composedof homogeneoussub-
componerts. We currently usefour classesof C-spacethat we plan to extend
in the future:

Free: very few obstaclesin the region.

Cluttered: obstaclesclutter the region.

Narrow passage:regionswith passagedetweenother typesof region.
Non-homayen®us: regionsthat do not t in any other class.

Mac hine Learning Techniques There are many learning algorithms that
work well for discrete-valued classi cation. From our learning method we need
an algorithm that provides us with understandable decisionsfor veri cation,
relatively quick learning time, and easeof use. For these needs, we have
selectedthe decisiontree method, C4.5 [24].

C4.5 createsa seriesof decisionsbasedon feature valuesthat leadsto a
classi cation of an example. The decisionnodesor branchesin the trees are
selectedby choosingthe feature that \b est" splits the space.Every path along
the tree leadsto a leaf node or classi cation basedon the set of decisionsthat
lead to that leaf. After a tree is constructed, C4.5 removespaths that do not
apply to a generalportion of the data through a processcalled pruning.

Classi er training. The classi er is trained with examplesof free, cluttered,
narrow passageand non-homogeneougrvironments. Featuresare extracted,
a decision tree is trained, ordered rules are composed from this tree, and
the performance evaluated. Becauseof our small training set, evaluation is
performedk times, ead time using a di erent subsetof the data for training
and ewaluation. This processof k-fold cross-walidation [19], gives a better
idea of how the method is working on average.Although the current set of
classi cation rules do not take into accourt all of the features we examined,
thesefeatures might be utilized for other environment typessuc asisolated
or blocked spaces.



A Machine Learning Approach for Feature-Sensitive Motion Planning 11

4.3 Planner and Pool of Motion Planning Metho ds

The planner works as a regular motion planner with a collection of roadmap-
basedand tree-basedplanners. It can be called to either make a roadmap for
a C-spaceregion or to mergea set of regional roadmaps.

When making a roadmap for a region, it receivesthe ervironment, region
boundaries, region type as de ned by the classi er, and the roadmap used
for extracting featuresin that region. It starts with the feature roadmap to
which it applies planners well-suited for that roadmap class. The decision
of which plannersto usein ead classcalls for a deeper study asin [11]. In
this work, we assignplannersto C-spacetype basedon recommendationsin
[10] and on the strengths of somemethods as described by their authors. In
future work we will add more planners to our library and will investigate
automated methods to match plannersto regions.In free regionswe do not
do additional planning. In narrow passagesve apply OBPRM (normals) with
about ten times as many nodesasin the feature roadmap. In clutter regions
we apply OBPRM (triangles) with about v e times asmany feature roadmap
nodes.In non-homogeneousegionswe apply Basic PRM followed of OBPRM
(triangles), eat method generatingasmany nodesasin the feature roadmap.
In all regionswe use a straight-line local planner and a k-closestconnecting
strategy with k = 5.

When merging regional roadmaps into their parert region the planner
\stitc hes" them by attempting to connect subregion componerts focusing
on their overlapping sections. This can be done with roadmap-basedand
tree-basedmethods asin [20] starting from the nodesin the overlap. But for
simplicity, we applied a componert connectionand a k-closestconnection. By
construction, Algorithm 2 mergesonly neighboring regions. Our subdivision
ensuresthat regionsoverlap by small . Again, we add the resulting roadmap
to the feature roadmap of the parent region.

More investigation is neededto make the classi er learn also about the
motion planning methods so that both methods and parameters can be au-
tomatically selectedand assignedto ead partition.

5 Experiments

We tested our implementation on an Intel Pertium 4 2.8 GHz processorwith
512 MB of RAM and 512 kB of cache, running Linux 2.4.20-90S. We used
our group's C++ motion planning library compiled with gcc 3.2.2 and Perl
to cortrol the partitioning. MySQL was usedfor storing featuresfor training.

Training the Classier We designeda set of 200 environments: 50 free,
50 cluttered, 50 narrow passagesand 50 non-homogeneousFeatures were
extracted from ead ervironment and saved in a database from which we
obtained data to train decisiontrees. Ten di erent setsof trees were created
using 180 examplesfor training and a distinct set of 20 examplesfor testing.
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Fig. 2. Decision tree selectedfor classi cation

Accuracy rates produced by these cross-wlidation tests ranged from 100%
to 85% with an averagetesting accuracy of 95%. We selectedthe tree that
was able to classify 98.9% of our training and 100% of our testing examples
to usefor our classi cation (Fig. 2).

Test Environmen ts For testing, we chosefour ervironments with di erent

kinds of obstaclesand robots. First, a houseenvironment (Fig. 3) that has
three rooms with some furniture. The robot is a table to be moved from

outside the house to the smallest room. It has dierent kinds of regions:
free outside the house,cluttered closeto the furniture, and a narrow passage
must be traversedto reach the last room. Second,the walls-rigid environment

(Fig. 4) has 5 chambers connected by varying-size openings. Three of the

chambers are lled with small obstaclesand the other two are empty. The

robot is a stick that must traverseall the chambers. Third, the walls-serial
ernvironment (Fig. 5) is similar to the walls-rigid, but all the chambersare free
of obstacles.The robot, howewer, is articulated with two long links, making

it more dicult to maneuwer. Last, the narrow-clutter environment (Fig. 6)

is an open area with a big obstaclethat can be traversedthrough a narrow

passagefollowed by some open spaceand a clutter of small obstacles.The

robot is articulated with 4 smalllinks. It must traversethe ertire environment

including a narrow passageand a highly cluttered area.

Exp erimen tal Design We applied Basic PRM, OBPRM, and our frame-
work (C&P, for classify and partition) to the environments to nd the min-
imum number of nodesneededto solve the problem. The minimum number
of nodeswas found by a binary seard, and it was repeated 4 times for each
ervironment and method pair.

Basic PRM employs uniform sampling and k-closestconnection. OBPRM
generatesnodes with normal alignment and k-unconnected-closestconnec-
tion (a variant of the standard k-closestwhich only attempts connectionsto
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Metho d No deSacvat #CDs #CCs  sov ed?

Basic PRM 5798/5798 1,385,004 9 yes
OBPRM 489/491 3,562,679 20 yes
C&P:total 226/375 724,861 3 yes

partitioning 102/225 90,917 29 n/a
roadmap gen. 124/150 326,076 30 n/a
roadmap int. 0/0 307868 3 yes

1 narro w, 4 free, man y non-homogeneous

Fig. 3. House environment (6 dof ) and performance metrics

I\/IethO d NO deSact/att #CDS #CCS solv ed?
Basic PRM 3000/3000 2,422,749 11 vyes
OBPRM 1200/1179 11,107,232 48 yes
C&P:total 2571420 7,635,344 10 yes
partitioning 143/285 164,302 35 n/a
roadmap gen. 114/135 72,979 30 n/a
roadmap int. 0/0 7,398,063 10 vyes

1 narro w, 3 free, man y non-homogeneous

Fig. 4. Rigid Body Walled environment (6 dof ) and performance metrics

di erent componerts). C&P's planner is used as described in Sect. 4.3. All
experiments usethe straight-line and rotate-at-s 0.5 local planners.

Figures 3, 4, 5, and 6 presert results of represenativ e runs. We show the
number of nodes generated (act), attempted (att), the number of collision
detection calls (#CDs), the number of connectedcomponerts (#CCs), and
we indicate whether the query was solved.

We can seethe bene t of our framework in Fig. 3. The number of collision
detection calls to solve the houseervironment using C&P is far smaller than
when using Basic PRM and OBPRM. Also, fewer nodesare neededto solve
the problem with the C&P framework than with individual methods.

The house environment is classi ed as a whole as a non-homogeneous
environment. When partitioned and classi ed, useful partitions are found.
When the narrow partition was identi ed, our feature-sensitive framework
was able to focus many more OBPRM nodesin that dicult area. Similarly,
when the free partitions were found, simple planners were used.

In the Walls Rigid ervironment (Fig. 4) OBPRM solvesthe query with
far fewer nodesthan Basic PRM, but requiring many more collision detection
calls. C&P also needsmany more collision detection calls than Basic PRM,
but it solvesthe query with only 257 nodes, considerablylessthan the nodes
neededby OBPRM and Basic PRM. During characterization, cluttered and
narrow areasof the ervironment are alsodiscovered aswell asfree areasthat
can be consideredas already well-mapped.
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MethO d NO deSact/att #CDS #CCS solv ed?
Basic PRM  17801/17801 3,183,940 20 no
OBPRM 816/821 2,830,528 10 vyes
C&P:total 590/795 1,460,845 2 yes
partitioning 168/345 67,695 35 n/a
roadmap gen. 422/450 81,263 145 n/a
roadmap int. 0/0 1,311,887 2 yes

2 narro w, 5 free, man y non-homogeneous

Fig. 5. Serial Walls (2-link) environment (7 dof ) and performance metrics

Metho d No deSacvatt #CDs #CCs  sov ed?
Basic PRM  19461/19461 40,056,265 110 no
OBPRM 350/350 23,142,065 49 yes
C&P:total 271/435 5,966,310 60 vyes
partitioning 68/225 1,017,267 29 n/a
roadmap gen. 203/210 2,129,146 143 nla
roadmap int. 0/0 2,819,897 60 yes

2 narro w, 1 cluttered, man y non-homogeneous

Fig. 6. Narrow-Clutter environment (9 dof ) and performance metrics

As can be seenin Fig. 5, the Serial Walls environment is quickly solved by
C&P. Signi cant narrow regionsare identied and C&P thus focus on those
dicult areas.It isimportant to note that the robot in this ervironment was
articulated and narrow passagesre still identi ed.

C&P shawsits strength in the Narrow-Clutter environment (Fig. 6). After
the entire ervironment is classi ed as non-homogeneousthe planner focuses
on the secondhalf of the ervironment around the narrow passageThe con-
certrated e ort on the narrow passageallows C&P to useconsiderably fewer
collision detection calls than OBPRM to map the narrow region. Basic PRM
was never ableto nd a solution for the narrow region in the alloted number
of nodes (20,000).

As mentioned before, C&P joins neighboring subdivisions that belongto
the sameclass.This allows it to focuson ertire regionsof the sametype and
preverts oversampling.In general,C&P is ableto solve the environments with
fewer collision detection calls and nodesthan Basic PRM and OBPRM. This
is duein large part to its ability to identify di cult regionsand focuson these
areas.Also, free areascan be discovered and mapped without over-sampling.

6 Conclusions

We have proposedan automated framework for feature-sensitive motion plan-
ning. A prototype implementation of our machine learning classi cation and
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partitioning approac was shawvn to achieve results superior to those obtain-
able by any of the individual plannerson their own.

Throughout this paper, we have discussedpossible improvemers and
future directions for our framework. For example, we plan to extend the
current framework to recognize and handle more C-space classessuch as
blocked and isolated regions. Another area of focus is the exploration of
partitioning techniques.We suggestedwo ideasbasedon information theory
and componert based partitioning. Throughout the improvemert process,
we plan on extending our library of motion planning methods and cortin uing
to dewvelop methods of selecting an appropriate planner and its parameters
basedon previous experience.
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