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Abstract

Motion planning consistsof nding a sequenceof motions for a robot (movable object) to move from a start con-
guration to a goal con guration without colliding with any obstacle. PRMs create a roadmap that paths can be
extracted from. To create the roadmap, nodes are generatedin the environment at random. Each node represertts
a possible position the robot can move to. Only feasible nodes are stored in the roadmap. Feasibility of nodesis
usually determined through a collision detection test. The nodesin the roadmap are connectedwith local planners.
One local planner that is currently usedis Rotate_At_S. This planner rotates at a given value between con gura-
tions before connectingthem. Rotating betweenconnectionshelpsto avoid collision. The original implementation of
Rotate_At_S only allows one rotation betweenthe pair of nhodes. We implemented a method that will allow seeral
rotations betweenconnections. Seeral rotations betweenconnectionsmay increasethe chanceof nding connections.
Feature-Sensitive Motion Planning is a method of motion planning that divides a given environment into sectionsand
usesa planner that will create the best roadmap for that section. Once a roadmap is generatedin ead section they
are combined to create one map. The methods currently available to connect roadmapsare the most expensiwe step
in Feature-Sensitive Motion Planning. They can be optimized. One of these methods makesa list of nodesfrom eath
section. Each node on the list tries to make a connectionwith every node on the other list. We will create a method
that will be faster and more e cient. It will generatea list of nodes for eat section and try to connectit to the
closestnodesfrom the other list.
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1 Intro duction

The motion planning (MP) problem is that of nding a sequenceof valid states for a movable object, usually called
a robot, to get from an initial to a goal state. A robot's state or con gur ation is a set of parametersthat describe
the position, orientation, and any linkagesassaiated with the robot. A con guration is said to be valid if it satis es
all constraints given in the MP problem (e.g., in many casesthe con guration is valid if it is collision free). Many
applications addressthe problem of path planning from robotics and CAD to computational biology.

There is strong evidencethat any complete planner will require exponertial time in the number of degreesof freedom
(dof ) of the robot [5,13,14]. Thus, the motion planning problem is thought to be intractable except for robots with
few dof s. Initially , heuristic methods basedon cell decomposition [4] and potential elds [9] were explored to address
this complexity but after the introduction of the RandomizedPath Planner (RPP) [2] randomized methods have been
the focus of extensive researd. The roadmap-basedprobabilistic roadmap methods (PRMs) [7] and se\eral tree-based
methods that explore the planning spacestarting from one or two points [3,6,10] are notable examples. Remarkable
results, including solutions for previously unsolved MP problems, have beenobtained with randomized methods.

Although there are many randomized planners, their performance varies depending on their individual strengths
and weaknessesnd on the construction of the problem instanceto solve. Someplanners are best suited for problems
with few obstacleswhile others shaw their real strength in cluttered areas. In addition, many environments have vastly
di erent regions,sothere may not be any planner that can deal e cien tly with all the piecesof the problem by itself.

In our previous work [12], we proposeda meta-planner for motion planning that would overseethe coordinated
application of multiple planners. We used a machine learning approac to characterize and partition C-spaceinto
regionsthat were suited to one of the methods in a library of roadmap-basedmotion planners. After the best-suited
method was applied in ead region, the resulting regional roadmaps were combined to form a roadmap of the ertire
planning space.

Our prototype meta-planner for feature-sensitive motion planning demonstrated the promise of this approac
by outperforming any of the individual planners on a variety of problem instances[12]. Howewer, our results also
illustrated someperformancebottlenecks in the prototype system. For example, our rather naive subdivision strategy
wasnot actually feature sensitive and hencedid not always result in the most natural subdivisions. Of greatestimpact,
however, was our straight forward brute force strategy for integrating regional roadmaps{ in many casesthis step
accourted for the majority of the computation costs!

In this paper, we discussa new method for connecting maps. This connection method will help reduse the
computation cost. We alsodiscussa variation in one of our local planners. The newimplementation will help increase
node connection.

start

Figure 1: Motion Planning Problem



\F eature-Sensitive Motion Planning”, Horton et al. DMP, Parasol Lab, TexasA&M, Summer 2005 2

2 Preliminaries

A robot is a movable object that canbe controlled through n parametersor degrees of freedom, ead corresponding to a
unigue componert ( e.g.,0bject positions, object orientations, link angles,or link displacemeits). A robot's placemen,
or con guration, canbe uniquely described by a point (x1;X2;:::; Xn) in an n dimensionalspace(x; beingthe ith dof ).
This space, consisting of all robot con gurations (feasible or not) is called con gur ation space (C-space)[11]. The
subsetof all feasiblecon 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 becomeshat of nding a cortinuoustrajectory for a point in C-
spaceconnectingthe start and the goal con gurations that completely liesin C-free. And, although it is intractable to
compute C-space,we can often determine whether a con guration is feasibleor not quite e cien tly, e.g., by performing
a collision detection test in the workspce, the robot's natural space.

3 Related Work

Probabilistic roadmap planning methods have beenshawvn to perform well in a number of practical situations. The
idea behind these methods is to create a graph of randomly generated collision-free con gurations with connections
betweenthese nodes made by a simple and fast local planning method. These methods run quickly and are easyto
implemert; unfortunately there are simple situations in which they perform poorly. When required to passthrough
narrow passagesn C-freetheir performancedegrades[8]. The Medial Axis Probablistic Roadmap Method (MAPRM)
samplesthe con guration spacein which randomly generatedcon gurations, free or not, are retracted onto the medial
axis of the free space. This improves performanceon problems requiring traversal of narrow passages.The Obstacle
BasedProbablistic Roadmap Method (OBPRM) samplespoints on or near obstaclesin C-space(C-obstacle) [1]. This
node generation strategy will have more chancesof generating somecon gurations in the narrow passagesincethose
passagesare near C-obstacles.

Although there are many variants of randomized planners, no single variant performs well for every problem. The
characteristics of the problem often dictate the performanceof the method applied. For example, OBPRM [1], a PRM
where con gurations generatedon or near C-obstacle surfaces, performs better in cluttered regions. On the other
hand, Basic PRM [7], a PRM where con gurations are generatedthrough uniform random sampling, performs best
in free regions.

4 Feature-Sensitiv e Motion Planning Framew ork

In [12], we proposeda machine learning basedcharacterization and partitioning approac to motion planning problems.
The C-spaceof the instance is recursively partitioned, sothat in ead level a region may be subdivided into dierent
overlapping subregions. Subdivisions stop when a region is classi ed as homogeneous(based on a set of features
measuredfor ead region). Then, the best suited planner available is applied to nd a regional solution. When all
the subregionshave been mapped, their roadmaps are combined to produce a regional roadmap. At the end of this
processwe have a global roadmap for the environment.

The classi cation of a region was performed with the use of a trained decisiontree. This method requires the
collection of descriptive features of ead region. We use 21 di erent featuresthat are easyto collect during and after
the creation of a small PRM roadmap. Basedon the values of these features, the trained decisiontree classi es a
region as homogeneougfree, cluttered, or narrow passagewy) or non-homogeneous.

The feature-sensitive framework dependson the e ectiv enessof the partitioning into homogeneougegions. Previ-
ously, we applied a technique that selects,at random, both the positional dimensionto subdivide and the point to split
the selecteddimension. Regionswere partitioned sothat they overlap in 10%to 15% of their neighboring area. While
this method evertually created homogeneousegions,it created numerousregions. Also, while the classi cation was
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performed using descriptive features collected for the space,this information, although available, was not considered
when creating and selectingthe partition. This framework is skecthedin Fig.[2].

—

Motion Planning

MP problem | Controller

Global Roadmap

space subdivision and
roadmap integration

partition features| C-space partition

class & methods partial roadmay

Motion Planning|
Techniques

Figure 2: Block diagram of framework for feature-sensitive motion planning

Classifier Planner

The feature-sensitive meta-planner recursively subdivides the ervironment. In the process,it createsa tree rep-
reserting the subdivision where eat node in the tree represens a C-spaceregion that is the union of the regions
of the leaves of the subtree rooted at that node. This processis sketched in the divide-and-conquer Algorithm 1:
FeatureSensitiveMap.

Algorithm 1 receiwes as input a C-spaceregion and outputs a region mapped. Initially , FeatureSensitiveMap is
called for the C-spaceof the whole problem. First, the characterizer analyzesregion features to try to identify a
good planner for the corresponding region (Line 1). Next, the partitioner tests whether it should subdivide the region
(Line 2), and if so, it placesboundariesbasedon region featuresto de ne subregions(Line 3). Then, ead subregion
is mapped with a recursive call to FeatureSensitiveMap (Lines 4-6). Finally, the planner combines the subregion
roadmaps to form the roadmap of the parert (Line 7). At the bottom of the recursion, when the region is not
subdivided, it maps the leaf with the planning strategy determined by the characterizer (Lines 8-9). The bottom-up
merging processproducesa roadmap for the region covering the problem's C-space.

Algorithm 1 FeatureSensitiveMap
Input: C-spaceregon[boundaries, features(roadmap, characterization), planner strategy, roadmap],
C-spaceparent, constraints [maximum tree height, subdivision limit], node height
Output: C-spaceregion R with [roadmap]
1: Characterizer.MatchPlanner(regon)
2: if Partitioner.Subdivide(regon, parent, constraints, height) then
3: subregons = Partitioner.PlaceBoundaries(region, constraints)

4. for all subregon; in subregons do

5: subregon; = FeatureSensitieMap(subregon;, regon, constraints, height + 1)
6: end for

7 regon.[roadmap] = Planner.CombineRoadmapséubregons)

8: else

9: regon.[roadmap] = Planner.MapRegion(regon)

10: end if

11: Return regon
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5 Map Connection for Feature-Sensitiv e Motion Planning

C-Spaceroadmap combination consistsof constructing one roadmap for the parert region from roadmapsof the child
regions (subregions). These subregionsare divided by a (possibly overlapping) boundary in n-dimensional C-space.
The input of this problem is the two roadmaps and the regionsto which they correspond, the output is a roadmap
combining the two original roadmaps (SeeFigure 3).

(a) Split regions (b) Roadmaps to combine (c) Regions combined

Figure 3: Roadmapsof neighboring subregionsare combined

There are two main issuesin combining roadmaps: selecting source nodes from ead sourceroadmap to connect
to the target roadmap, and mechanismsto perform the connection. In our initial prototype we used a brute-force
connection strategy where for eac node in either of the roadmaps we selectedthe k-closest nodes and we tried
connectionswith a straight-line local planner [12]. In this system, roadmap combination used from 50% to 90% of
the total validity tests. This shows that better strategiesfor combining roadmapsis a key requiremert to make our
feature-sensitive framework feasible. Our initial naive strategy was poor becauseit considersconnecting all the nodes
in the two roadmapswithout taking into accourt the fact that the nodesare already organizedinto roadmaps of the
subregions.

5.1 Map Connection Metho ds

The Brute Force method of map connectionis the most expensiwve step in Feature-Sensitive Motion Planning. This
approadc performs k-closestconnection over all the nodesin the regional roadmaps without utilizing any proximity
information. It will retest all the edgeconnectionsincluding the edgesthat have beendeclared unfeasible. This step
took from 50 to 90 percert of the total collision-detection calls. The brute force method is expensiw, but it has the
best connecttivity and is usedas a basemethod to help test the other map connection methods.

The Naiv e method of map connection also usesthe k-closest connection. The naive method recongnizesthe
di erent regions as seperate ertities and only tries to connectthe k-closestof one region to the k-closestof another
region. Unlike the brute force method, the naive method does not retest edgesin the sameregion. It only tries to
make connectionswith nodesin the other region. This method

The brute force and naive methods ignore the fact that nodesare already in two roadmapsof neighboring regions.
We needa method that exploits this fact to make more e cien t connections. The Regional Overlap method of map
connection attempts connectionsbetweennodesin or closeto the overlapping regions of neighboring sections. Only
the k-closestnodeswill be attempted. The brute force and naive method are expensive becuseof their attempt to
connect many uselessnodes. Regional overlap only connectsthe closestnodesin an overlapping region, this reduces
the cost of merging regional maps. The rst step in Regional overlap is to make a list of nodesfor eat section. Once
a list of the nodesis createdthey are tested to seewhich nodesare in the overlap. A vector of nodesin the ovelap is
created for ead section. A connection method is applied to the nodesin the overlap.

Algorithm 2 receivesasinput an ervironment divided into regionswith roadmapsin ead region and outputs one
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roadmap for the ervironment. First, a list of all the nodesin ead region is made (Line 1 and 2). Next, the nodes
are comparedto seewhich nodesare in the overlap (Line 3). A vector of the nodesin the overlap is created for eact
region (Line 4 and 5). Finally, a connection method is called to connectthe nodesin the overlap(Line 6 and 7). Once
the nodesare connecteda roadmap for the entire environment is returned.

Algorithm 2 Regional Overlap Map Connection
Input:  An ervironment divided into sectionsof left region and right region. Each section has a roadmap
Output:  An ervironment with one roadmap
Make | _subregionsa list of nodesin the left region
2: Make r_subregionsa list of nodesin the right region
Calculate which nodesare in overlaping region
4: Make | _subregiona list of nodesin |_subregionsthat are on the overlap
Make r_subregiona list of nodesin r_subregionsthat are on the overlap
6. Connet nodesin |_overlap to right map
Connet nodesin r_overlap to left map
8: Return One roadmap

Figure [4] shows the three methods of map connectionsthat are listed above. Each method is showvn in a ba-
sic ervironment with two sections. The roadmap in ead section contains v e connected nodes. The brute force
method( gure[4a]) connectsevery node to evry other node. It tried 35 edges.The naive method ( gure[4b])connects
the k-closest(k=2) nodesin one sectionto the k-closestnodesin the other section. It tries 15 edges. The regional
overlap method (gure[4c]) connectsthe k-closestnodesin or near the overlapping area. This method generates7
edges. The results of this map connectiontest shav that regional overlap method is the best method of connection.

(a) Brute Force (b) Naive (c) Regional Overlap

Figure 4: Map connection methods

Metho d Nodes | K | #Edges
Brute Force 10 2 35
Naive 10 2 15
Regional Overlap 10 2 7

Table 1: Map connection method results
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6 Local Planning

Local planners are usedto make connectionsbetweenroadmap nodeswhen building the roadmap, and also between
the start and goal con gurations and the roadmap when processingqueries. There is a trade-o betweenthe ability
of a local planner to make connectionsand its running time. The general strategy of PRMs is to use a \dumb"
local planner during initial roadmap construction, that is, a planner that is fast, perhaps not very powerful, and
deterministic. The reasonfor this is that the faster the planner, the more connectionscan be attempted and most
connection attempts will fail when environments are cluttered. The planner should be deterministic sothat the paths
don't have to be saved (they can be re-generatedwhen needed). A full PRM will alsoneeda \smart" local planner,
that is, a planner that is slower, but is more likely to make connections. Smarter local planners csn be used during
enhancemeh to connectdi erent connectedcomponerts of the roadmap, or during query processingto connectthe
start and goal to the roadmap; these planners could be randomized since they will be invoked fewer times and their
paths can be saved.

(a) Straight-Line

(b) Original Rotate _At_S

(c) New Rotate _At_S

Figure 5: Local Planners Straight-Line and Rotate At_S

Two local planners that are usedin Motion Planning are Straight-Line and Rotate At _S. The straight-line local
planner slowly rotates to changeorientation beforeconnectingcon gurations. In Figure[5(a)] the starting con guration
() slowly rotates to connectto the ending position (2). The Rotate_At_S local planner will rotate at a given value
before connecting two nodes.The value represerts a precertage between two nodes. In Figure[5(b)] the starting
con guration(1) movesto the given point and makesa rotation to changeorientation (2). After making the rotation
it continuesto make the connectionwith the ending con guration(3). To improve the Rotate At_S planner we added
the ability to perform se\eral rotations betweenconnections. When multiple valuesare given the robot will divide the
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rotation betweenead point. In Figure [5(c)] the starting con guration(l) movesuntil it getsto its rst point. At
the rst point it makesa partial rotation(2) and cortinuesto the next point. At the next point (3) it completesthe
rotation and movesto the ending con guration(4). Se\eral rotations betweenconnectionsmay increasethe chance of
nding connections.

Algorithm 3 receivesas input multiple valuesof's' in a vector and the con gurations c_1 and c_2 to connect. It
outputs true if c_1 and c_2 can be connected. First, sequences created as a vector of con gurations(Line 1). The
con guration c_1 is added to sequencevector(Line 2). A temporary variable is created with the weighted sum of
c_1, c_2, and the value of s.i(Line 4). The con guration partial _1 is created with the sameposition as the temporary
variable and the same orientation of the last con guration in the sequencevector(Line 5), then partial 1 is added
to the sequencevector. The partial _1 con guration marks the starting rotation point betweenconnecting the nodes.
RotWeight is a value that is inversly porportional to the product of 's.i' and '1'(Line 7). A temporary variable is
created with the weighted sum of c_1, c_2, and rotWeight(Line 8). The con guration partial -2 is created with the
sameorientation asthe temporary variable and the sameposition as partial 1(Line 9), then partial -2 is added to the
sequencevector. The partial 2 con guration marks the last rotation point betweenconnecting nodes. Afterw ards the
c_2 con guration is addedto the sequencevector and an attempt to connectevery con guration in the sequencevector
is made(Line 13). If the con gurations can be made, true is returned.

Algorithm 3 Rotate_At_S: is connected
Input:  Multiple valuesof's' in vector s,alues, con gurations to connectc; and ¢,
Output:  Return true if ¢; and ¢, can be connected
1: let sequence be an empty vector of con gurations
2: add c; to sequence
3: for all s; in the vector syalues do
let tmp be the weighted sumofc; siand (1 s) ¢
make partial ; be a con guration with sameposition astmp and sameorientation as sequenceslast()
add partial ; to sequences
let rotW eight be inversely proportional to s; times i
let tmp be the weighted sum of ¢c; rotWeight and (1 rotWeight) c;
let partial , be a con guration with sameposition as partial ; and sameorientation astmp
10: add partial , to sequences
11: end for
12: add ¢, to sequences
13: if can connectewvery con guration sequenceg to sequencg.; with straight_line local planner then
14:  Return True
15: else
16: Return False
17: end if

© N T R

7 Conclusions and Future Work

We introduced techniques to improve feature-sensitive motion planning. Our early work on this topic produced a
framework basedon machine learning that subdivides a problem into regionswhich are then mappedwith arandomized
planner determined by the features of the region. Here, we proposedmore e cien t integration methods that do not
waste e ort in mapping areasthat specialized planners have already mapped.

To get a better ideaof how the newimplementation of Rotate At _S comparesto the old versionand the straight-line
method, seweral test will be conducted. Thes test will shav how well each method works and for which ernvironment
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they work bestin. In this paper a simple test to shaw the di erences in ead method of map connection was shown.
As part of our future work we would like to run seweral test to comparethe di erent map connection methods.
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