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Abstract

Automatic motion planning has applications ranging from traditional robotics to computer-aided design
to computational biology and chemistry. While randomized planners, such as probabilistic roadmap methods
(prm s) or rapidly-exploring random trees (rr t), have been highly successfulin solving many high degree of
freedom problems, there are still many scenariosin which we need better methods, e.g., problems involving
narrow passagesor which contain multiple regionsthat are best suited to di erent planners.

In this work, we presert resampl , a motion planning strategy that useslocal region information to make
intelligent decisions about how and where to sample, which samplesto connect together, and to nd paths
through the ervironment. Briey , resampl classi es regionsbasedon the entropy of the samplesin it, and then
usesthese classi cations to further re ne the sampling. Regions are placed in a region graph that encodes
relationships between regions, e.g., edges correspond to overlapping regions. The strategy for connecting
samplesis guided by the region graph, and can be exploited in both multi-query and single-query scenarios.
Our experimental results comparing resampl to previous multi-query and single-query methods show that
resampl is generally signi cantly faster and also usually requires fewer samplesto solve the problem.



1 Intro duction

The general motion planning problem consistsof nding a valid path for an object from a start con guration
to a goal con guration. Traditionally, a valid path is any path that is collision-free, e.g., avoiding collision
with obstaclesin the environment and avoiding self-collision. Motion planning has applications in robotics,
games/virtual reality, computer-aided design(CAD), virtual prototyping, and bioinformatics.

While an exact motion planning algorithm exists, its complexity grows exponertially in the complexity of the
robot [17]. Instead, researt has turned towards randomized algorithms. One widely used and quite successful
randomized algorithm is the Probabilistic Roadmap Method (prm) [11]. prms operate in con gur ation space
(C-space), where ead point in C-space corresponds to a speci ¢ robot con guration/placement. While not
guaranteedto nd a solution, prm s are probabilistically complete, i.e., the probability of nding a solution given
one exists approaches1 as the number of samplesin the roadmap approachesl .

Issues: The motion planning problem is signi cantly more challenging when there are di cult or narrow
areasin C-spacethat must be explored. While there have beenmany attempts to generatesamplesin di cult
or interesting areasof C-space[1,4,5,7,20], they are typically applied over the entire C-spaceand do not allow
for the identi cation and re nement of particular areasof C-space.

Motion planning problems typically comein one of two types: multi-query path planning and single-query
path planning. The goal of a multi-query planner is to e cien tly model the ertire free C-spaceso asto answer
any query in that space. A single-query planner, however, is only concernedabout the portion of free C-space
neededfor the query, soit is generally faster than a multi-query planner. Most randomized motion planners are
well-suited to one of these problem types, but not to both.

Our Contribution: In this work, we proposeresampl , a motion planning strategy that useslocal region
information to make intelligent decisionsabout how and where to sample, which samplesto connect together,
and to nd paths through the environment. Basedon an initial set of samples,we classify regions of C-space
according to the entropy of their samples. We then usethese classi cations to further re ne the sampling. For
example, we increasesampling in \narro w" regionsand decreasesampling in \free" regions. Regionsare placed
in a region graph that encalesrelationships betweenregions, e.g., edgescorrespond to overlapping regions. We
use the region graph to determine appropriate connection strategies for multi-query planning and to extract a
sequenceof regionson which to focus sampling and connection for single-query planning.

Our experimental results comparing resampl to previous multi-query and single-query methods show that it
is generally signi cantly faster and also usually requires fewer samplesto solve the problem. Hence,resampl 's
region-basedapproach to motion planning addressedoth issuesmertioned above.

Regions: Considering local information when deciding where and how to re ne sampling and connection
enablesusto focuson di cult areasinstead of corntin uously searding in the entire spaceasis done by most
previous methods.

Region Graph: The relationships betweenregions can be exploited during connectionin both multi-query
and single-query situations.

2 Related Work

There has beenextensive work on randomized motion planners for both multi-query and single-query problems.
In this sectionwe give an overview of someof the methods that have beenproposed.

Multi-Query  Planning. One widely usedand quite successfulmulti-query randomized planner is the Prob-
abilistic Roadmap Method (prm) [11]. prm s consist of two phases,a preprocessing/roadmapconstruction phase
and a query phase. During roadmap construction, robot con gurations are rst randomly sampledfrom C-space.
Samplesare kept if they are in the feasibleregion of C-space(C-free). Connectionsare then attempted using a
simple local planner betweenneighboring con gurations. Valid connectionsare stored as edgesin the roadmap.

Although prms have been successfulin solving previously unsolvable problems, they have dicult y when
the solution path must passthrough a narrow passagein the C-space. Attempts have been made to generate
con gurations in interesting areasof C-spacethat are dicult to discover using uniform random sampling. For
example, [1,4,9, 16] attempt to generate samplesnear the surface of C-spaceobstacles. In [20], samplesare



generatedand then pushedtoward the approximate medial axis of C-free, and in [7], the roadmap is generated
from a discrete approximation of the workspacemedial axis.

In addition, machine learning techniques have been usedto improve planner performance. In [14], regions
of C-spaceare classi ed as either free, cluttered, narrow, or non-homogeneoususing features obtained from a
coarsesampling and a decisiontree. Regionsclassi ed as non-homogeneousre further subdivided until properly
classi ed or a maximum number of subdivisions has occurred. Specic node generation methods that were
manually selectedto work well in a given type of region are then applied in ead region.

In [5,6], entropy is usedto build a model of C-space. To generatea new sample, the expected information
gain is computed over a set of random samples. The samplewith the greatestinformation gain is added to the
model and also added to the roadmap if it is valid. An important di erence from our work is that sampling and
evaluation is done on a global basis, rather than focusing on particular regions.

Adaptiv e sampling [10] is proposedto selectnode generationmethodsin order to generatenodesthat have been
classi ed as more useful. Again, node generationis done on a global level reducing the likelihood of generating
nodesin the narrow passage®f C-space.

Finally, [19]is a complete, deterministic planner that partitions the free spaceinto star-shaped regionssuc that
a single samplecan seeevery point in the region. Then, these samplesare connectedtogether to form a roadmap
for planning. This method performs well for low dof robots, but becausethe complexity grows exponertially with
the robot's dof, it may be impractical for high dof robots.

Single-Query Planning. Varioussingle-querytechniqgueshave beendevelopedthat attempt to limit planning
to the portions of the ervironment neededto solve the query. rr t (Rapidly-Exploring Random Tree) [13]is a
tree-basedmethod that attempts to explore C-spacebeginning from a start con guration until it reachesthe goal
con guration. The tree grows by biasing sampling towards unexplored regions. In [12], a variation to rr t was
deweloped that biasesthe growth of two trees initiated from the start and the goal con gurations toward ead
other for faster solution of a particular query.

Lazy Evaluation Metho ds. Sewral prm variants have been proposedthat delay someor all node/edge
validation until they are neededin the query phase. These methods can be used as multi-query or single-query
methods. Lazy prm [3]initially assumesall nodesand edgesto be valid during roadmap construction. To process
a query, nodesand edgesare cheded. Invalid portions are remaved from the roadmap and a new path is extracted.
This repeats until a valid path is found or a path no longer exists in the roadmap. Fuzzy prm [15] validates
nodesduring roadmap construction but postponesedgevalidation until the query phase. It usesa priorit y-based
evaluation schemeto validate edgesalong the path. Finally, Customizable prm [18] performs a coarsevalidation
of nodesand edgesduring roadmap construction and completely validates nodes and edgesas necessaryto solve
the query.

3 Mo del Overview

Our generalstrategy is to learn about local regions of C-spaceand to exploit that information during planning.
For example,regionsare classi ed to determine how they should be treated in other planning phasessuch asnode
generation or connection. The local regionsmay also be put in a region graph that approximately describesthe
connectivity of the C-space. This region graph can be usedin both node connectionand in single-shotplanning.

To improve an existing model, our objective is to identify regionswhere additional sampling will lead to sig-
ni cant gainsin C-spaceknowledge. For example, transition areasbetweenC-free and C-obstaclesmay represert
areason the surfaceof C-obstaclesor narrow passagesn C-space.We want to identify thesetransition areasand
bias our sampling to increaseour knowledge of these areas. Similarly, we can limit sampling in regionsthat are
completely in C-free or in C-obstaclesas more samplesin these areaswill be unlikely to yield benet. In this
way, we focus on areasof C-spacethat are interesting in both node generation and connection. In this section
we describe how the model is constructed, regions are classi ed, and sampling is both biasedand Itered. An
example of how our method works can be seenin Figure 1.

3.1 Region Construction

The model is initialized with a setof samplesfrom the C-space,asin Figure 1(b), including both free and collision
con gurations. These samplesmay be generatedby any method. Regionsare then de ned by a represerativ e



(a) C-space

(d) Region Classi cation (e) Resulting Samples

Figure 1: Overview of model creation and usage. (a) Given an initial C-space,and (b) an initial sampling, (c)
local regions can be constructed and (d) classi ed as free (F), blocked (B), surface (S), or narrow (N). Region
classi cation results in (e) further sampling or ltering.

sample (e.g., the certer of the region) and neighboring samples(used to compute region statistics such as the
entropy and radius), asin Figure 1(c).

There are many ways to construct a set of regions. Algorithm 3.1 describes a simple region construction
technique. Each new region certer is randomly selectedfrom the set of initial samplesthat are not already in
another region. Neighboring samplesare selectedfrom all initial samples. Samplesmay be selectedas part of
multiple regions. In this way, the region radii are relatively similar. Region construction is complete when eath
sampleis either a region certer, part of a region, or both. As is discussedbelow, the quality of this type of region
construction is somewhatdependert on the initial sample coverage.

3.2 Entrop y Biased Region Classi cation

In order to identify the transition regionsof C-space,we needa model that calculateshow \in teresting" the region
is. We usethe region's entropy to determineif it is a transition area. Entropy is a measureof the disorder of the
region's samples. Regions cortaining samplesthat are completely free or completely blocked are consideredto
have low entropy. Regionscontaining a mixture of free and blocked samplesare consideredto have high entropy.
As described below, four simple and intuitiv e classi cations can be obtained basedon entropy values: free (low
ertropy), surface (high erntropy), narrow (high entropy), and blacked (low erntropy), seeFigure 2 and Figure 1(d).
Theseclassi cations can later be usedin roadmap construction or other planning.

Algorithm 3.2 describesone way to classify regionsbasedon entropy. For ead region, we iterativ ely evaluate
the region's entropy, attempt to classify, and add additional samplesif a classi cation cannot be made.

Free regions can be identied by computing the percertage of blocked samplesin the region. When this
percertage (or erntropy) is low enough, the region is classi ed as free. Experienceindicates that it is unlikely



Algorithm 3.1 Region Construction
Require: Model M , initial samplesS, and k.
1. while there exists an unmarked samplein S do
2. Let c be arandomly selectedunmarked sample2 S.

3 SetN = fk nearestneighbors to cg.

4:  SetR = anew regionwith certer ¢ and neighbors N .
5. Add Rto M.

6: Flag cand N as marked.

7: end while

8 return M

Algorithm 3.2 Region Classi cation
Require: A region R, threshold e , threshold enig n, number of attempts to classify t, and number of samples
to add in ead classi cation attempt k.
1: for t attempts to classify R do

2. Let er bethe entropy of R (% of blocked samplesin R).

3:  if er < gow then

4: return free

5 end if

6: Add k additional samplesto R and recompute eg.

7. Partition R into two subregions,R¢ree and Rpjock ed-

8  Let & rqe bethe entropy of Rt ee (% Of blocked samplesin Ry ee)-
9:  Let epocked be the entropy of Rpocked (% Of free samplesin Ryjocked)-
10:  if €free < €ow and €pjocked < Eow then

11: return surface

12:  end if

13: end for

14: if e == 1 then

15:  return blocked

16: end if

17: if er > enign then

18: return narrow

19: end if

20: return surface

to misclassify a region as free with this method. If the initial, coarsesampling in a region cortains mostly free
samples,then it is likely that a ner sampling will also contain mostly free samples. Thus, in every iteration, we
rst attempt to classify the region as free.

Blocked regions can be identi ed in a similar manner, i.e., if the percertage of free samplesin the region (or
ertropy) is low enough, the region is classi ed as blocked. Note that unlike a low entropy free region, a low
entropy blocked region should not automatically be consideredblocked and then disregarded. This is becausea
blocked region could potentially becomea high entropy region with additional sampling, e.g., when the region
cortains somevolume of C-free which has not yet beensampled. For example, seeFigure 1(c) and 1(d) in which
a region constructed does not initially contain any free nodes, but it is classi ed as narrow since free nodes are
discovered during the classi cation process. Thus, we do not classify a region as blocked until seweral attempts
have beenmade to classify and add additional samples.

A regionis classi ed as surfaceif sub-regionswithin the given region have low entropy. One way to de ne the
sub-regionsis as follows. Let ¢ be the certroid of all the free samplesand cg be the certroid of all the blocked
samplesin the parent region. We then de ne two regionswith certers cg and cg and we assigneac samplein
the parent region to the sub-regionwhosecerter it is closestto. Then, if both sub-regionshave low entropy, we
classify the parent region as a surfaceregion.

Regionsare classi ed asnarrow if they are high entropy regionsthat cannot be partitioned into two low entropy



(a) Region Construction (b) Free (c) Surface

(d) Narrow (e) Blocked

Figure 2: Classi cations basedo of region construction.

regions. Lik e blocked regions, narrow regionsare more di cult to classify becauseof the risk of misclassi cation.
Thus, we do not attempt to classify a region as narrow until seweral attempts have beenmadeto classify and add
additional samples.

Finally, when a transition region cannot be classi ed as described above, then it is consideredas a surface
region. Empirical testing showed this was the best assignmen for such regions.

3.3 Region Graph

To complete the model construction, we build a region graph that approximately describesthe connectivity of
the local C-spaceregions. In our current implementation, vertices correspond to regionsand an edgeis placed
betweentwo regionsif they overlap. We assignan edgeweight basedon the typesof regionsconnected. With this
region graph, we can extract region paths to aid single-queryplanning or re ne it to aid multiple-query planning.

The region graph may be re ned by merging adjacert regions of the sametype or splitting regionsthat were
not clearly classi ed. Regionsmay be combined if the resulting parent regionis also of the sametype. In addition
to resulting in fewer regions, region merging is useful in obtaining larger portions of C-spaceof the sametype.
This is important when adding or removing samplesbasedon the region type.

4  Multi-Query  Planning

In multiple query planning, a single roadmap must support many varied queries so one desiresa roadmap that
e cien tly characterizesthe connectivity of as much of the free C-spaceas possible. For this type of planning, we
construct the regionsand region graph as outlined in Section 3.

To reduce roadmap construction costs, we only keep\imp ortant” samplesfrom the regionsin the roadmap.



This greatly reducesconstruction time by focusing connection on di cult/narro  w areasof C-spaceand lesson
large, open areasof C-space. We keepa samplein a free region with a low probability pr, a samplein a surface
region with a higher probability ps, and a samplein a narrow region with a high probability py . We do not keep
any samplesfrom blocked regions sincethey do not contain any valid samples. We then perform a user-selected
connection strategy only on thesesamples.

In addition, we can use the region classi cation to further improve the roadmap. For example, we can use
rr t to explicitly explore narrow passagedecausewe have already identi ed them with the region classi cation.
Thus, for eadh connectedcomponert in a narrow region, we allow rr t to expandthe componert by a user-de ned
number of iterations. This exploits rr t's ability to rapidly seard con ned regions of C-spaceby starting it in
the dicult to nd narrow passages.

5 Single-Query Planning

Single-shotmotion planning involves nding a path for a given query from a start to goal con guration. Ideally,
it involves exploring only the portions of the spaceneededto solve the query. An e ectiv e single-shot planner
should be able to focus on portions of the path that will be usedto solve the query.

We are able to usethe model that we have constructed to rst nd an approximate region path connecting
the start and goal con gurations. The region path is extracted from the region graph and approximates a path
through regionsthat the robot should travel through to move from region to region. In the following we will
describe how the paths are obtained and connectedto result in a path for a given robot from a start to a goal
con guration.

5.1 Path Extraction and Impro vement

The rst stepin region path extraction isto nd the regionsthat the start and goal con gurations can connect
to. The nearestunblocked (free, surface,or narrow) region that the start and the goal con gurations can connect
to are set asthe start and end regions, respectively, of the region path. A path is then found through the region
graph that connectsthe start and end regions. The region graph is weighted suc that a path is extracted through
unblocked (free, surface or narrow) regionsif possibleand usesblocked regionsonly if needed,seeFigure 3(a).
Blocked regionsfound in the path can be reclassi ed in order to have a cortin uous sequenceof unblocked path
regions.

The region path extracted as described above is simply a minimal path of neighboring regions. While it is
generally simple to extract an actual path from the region path that connectstwo adjacert free regions,it can
sometimesbe di cult to extract an actual path when the region path passesthrough more dicult (surface,
narrow or blocked) regions. To improve our ability to extract paths in the latter case,we apply a simple region
path improvemert step that expandsthe volume of the region path by including neighboring unblocked regions
in di cult areas.In particular, givenneighboring path regionsR; and R;.1 , region path improvemert is achieved
by including unblocked regionsin the path that neighbor both R; and Rj.; . If both R; and R;.; are classied
as free regions, then the region path improvemert step can be omitted. An example of this processcan be seen
in Figure 3 in which the resulting region path coversa larger volume in the di cult and narrow regions. Though
this is a simple process,it was shown to be quite e ectiv e during the connection phasein our experiments.

5.2 Path Connection

Although the connection strategy proposedhere is very simple, it has proven su cien t for our purposes. For a
given region path, nodescan be sampledas described in Section4. The samplesobtained can then be connected
using a simple k-closestconnection strategy. If necessarya simple componert connection method can be applied
that connectsl-pairs from neighboring unconnectedcomponerts.

As a nal step, the path obtained should connect the start and goal con gurations of the query. If a path
cannot be found, then more connection attempts between neighboring unconnectedregionscan be attempted.
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Figure 3: Region paths extracted from s-tunnel environment (a) a minimal path extracted and (b) an improved
region path resulting in better connection.

6 Results and Discussion

In this section we report on the performance of our region based motion planner as both a multi-query and a
single-queryplanner. All plannerswereimplemented using the Parasol Lab motion planning library developed at
TexasA&M University. RAPID [8]is usedto provide collision detection. Two typesof local planners, straight-
line and rotate-at-0.5 [2], are usedto connectsampledcon gurations. Unlessotherwise stated, connectionswere
attempted only betweenk = 20\nearby" nodesaccordingto someselecteddistance metric. All experiments were
run on a 700MHz Intel PI11 Xeon processorand results are averagedover 10 runs.

6.1 Multi-Query Planning

For multi-query planning, we tested two rigid body environments with narrow passagesl.-Tunnel (Figure 4(a)),
where traversing the passagerequires mainly translational motion, and Hook (Figure 4(b)) where traversingthe
passageequiresmainly orientational motion. We alsotested an articulated linkagewith 12 dof in an environment
similar to the Hook environment (Figure 4(c)). We compareour method to somecommonprm methods: uniform
random sampling [11], obstacle-basedampling (obprm ) [1], gauss-basedampling [4], medial axis-basedsampling
(maprm) [20], and bridge test sampling [9]. We also compare our method to another adaptive sampling method,
hybrid prm [10]. To comparethe performance of these multi-query planners, we speci ed a single query in eath
ervironment that required the robot to passthrough ead free region. We then determined the smallestroadmap
sizerequired to solve this speci c query.

- SR

@) (b) (c)

Figure 4: (a) L-Tunnel environment. The robot (on the right) must passthrough corridors in the certral obstacle.
(b) Hook ervironment. The robot (on the left) must twist through both plates to readc the other end of the
ervironment. (c) Articulated linkage environment. The robot (on the left) must passthrough the plate to reach
the other end of the environment.

L-T unnel results. For this ervironment, we started with 2500 uniform random samplesand constructed
regions using the the 15 closestsamplesto the region certer, as described in Algorithm 3.1. To classify the
regions,we de ned low entropy as0.1 (i.e., at most 10% of the region samplesare of one type and the remaining



are of the other type) and attempted to classify eact region at most 10 times by adding 45 random samples
to the region. We then ltered the nodesby only keeping samplesfrom narrow regions. We used the region
graph to aid connection. Within ead region, we perform a quick but sparseconnectionby attempting the k = 2
nearestunconnectedneighbors. Then we connectcomponerts in overlapping regions(i.e., adjacert regionsin the
region graph) by attempting to connectthe 5 closestpairs of samplesbetweenthe regions. We then enhanced
the roadmap by using rr t to further explore narrow regionsand attempted 10 additional connectionsbetween
these componerts. We determined the appropriate roadmap sizeto solve the query by varying the amourt rr t

could explore.

Figure 5 shows how our method classi eslocal regionsas free, surface,narrow, and blocked. While not perfect,
it is able to successfullyidentify the two key narrow passagesn the certral obstacle. Figure 6 shows the e ect
of exploiting region classi cation to increaseand lter samplesin local areas. The initial distribution of uniform
random samplescannot nd any free samplesin the two narrow passagesand has oversampledthe three large
free regions. However, we then classi ed local regions based on these initial samples, reduced samplesin free
and surfaceregions, and increasedsamplesin narrow regions. The resulting distribution is much more biasedto
highly constrained regions of the ervironment, namely the two narrow passagesn the certral obstacleand near
the surfacesof all three obstacles.

(a) Free

(c) Narrow (d) Blocked
Figure 5: Region classi cation for the L-Tunnel environment.

Results for the L-Tunnel environment can be seenin Table 1. For this environment, uniform random sampling
did not solve the query with 32,000samplesin any of the 10 runs. Region-basedsampling was able to solve the
query with the fewestnodes,time, and collision detection calls. While bridge test sampling requiresapproximately
the samenumber of nodes, it takesnearly three times aslong and roughly ten times more collision detection calls
on averageto nd a solution. The local adaptable behavior of region-basedsampling enablesit to out-perform
global adaptive strategieslike hybrid prm.

Ho ok results. Figure 7 shows how our method classi es local regions as free, surface, narrow, and blocked.
We scaledthe region diameters down for visualization clarity since regions are mostly de ned by orientational
di erences than positional di erences. Again, the method was able to successfullyidentity the dierent region
types,even with a coarsermodel than the one usedin the L-Tunnel ervironment. (Here, we reducedthe number
of initial model samplesdown to 400 and only added 25 samplesto a region during a classi cation iteration; all
other method parameterswere kept the same.)



(a) Initial (b) Initial Collision-Free (c) Final

Figure 6: Sampling distributions for L-Tunnel ervironment. The robot is scaledto 30% of its original size for
visualization clarity. Our method successfullyaltered the distribution of the initial uniformly random samplesto
increasesampling in highly constrained regionsand decreasesampling in large free regions.

Results for the hook ervironment can be seenin Table 1. For this ervironment, uniform random sampling was
only able to solve the query 90% of the time requiring an extremely large number of samples. In terms of time,
region-basedsampling out-performed all methods exceptobprm , while making the fewest collision detection calls
of all methods. This latter fact could prove signi cant in environments were collision detection is more expensive.

Articulated  link age results. In this ernvironment, we only useda straight-line local planner becauserotate-
at-0.5[2] did not perform well for the articulated linkage. We usedthe sameparametersasin the Hook environment
to build a coarse model of C-space. Table 1 gives the results for this ernvironment. Region-basedsampling
and maprm were the only methods to consisterly solve the query. However, region-basedsampling required
signi cantly fewer nodes, collision detection calls, and consequetly time. We believe that the reasonwhy region-
basedsampling and maprm werethe only methods to consistertly solve the query is that theseare the only two
methods target both free and narrow regions of C-space. In addition, becauseonly a simple local planner was
used, more pressureis placed on the sampling method to perform well. Note we did not compareto hybrid prm
becauseall of the componert samplersperformed poorly.

Figure 9 shows how region-basedsampling was able to focus sampling in the narrow passagesof C-space,
even in higher dimensions. (Here we do not display the constructed region spheresasin the other ervironments
becauseit is dicult to project the 12D C-spacedown to the 3D workspacein a visually meaningful way.)

6.2 Single-Query Planning

In Single-queryplanning, the planner tries to explore only the portions of C-spacerelevant for a given query. The
approximate represertation of C-free in our region-basedapproadc allows us to focus our seard in theserelevant
portions, o setting the cost of building the initial model.

The planners tested for single-query planning are RRT Connect [12], RRT Expand [13], LazyPRM [3], and
our Region-Basedsingle-query planner. For ead environment, eadh method is run until a given query can be
solved. The ernvironments tested for these single query methods are the S-Tunnel and Maze environment. Both
of these ervironments have narrow passageghat the robot must travel through when moving from the start to
goal con guration.

S-Tunnel results. The S-Tunnel environment can be seenin Figure 3. The start and goal con gurations are
on opposite sidesof the environment, such that the robot hasto travel through the narrow passageconnecting
the query con gurations. As seenin Table 2, the Region-Basedsingle query planner outperforms the other
methods in the number of nodes, time and collision detection calls (CD Calls) neededto solve the query. While
LazyPRM and RRT Connect have similar performancein this ervironment, LazyPRM doesperform better than
RRT Connect. RRT Expand performs only slightly worse than RRT Connect. Our results indicate that the
region-basedstrategy succeedsn identifying important regions. In particular, the regionsand samplesidenti ed
in the narrow passageFigure 3, are usedto improve sampling and connection. The RRT methods have di cult y
in nding the dicult areas,while our model identi es theseregionsand can utilize them in planning. LazyPRM
is ableto nd samplesin thesedi cult regionsbut hasdicult y in making valid connectionswhenin the di cult
region.

Maze results. The Maze environment (Figure 10(a)), consistsof a seriesof passageghat the robot must



Multi-Query  Planning

Environmen t Metho d Nodes | Time (s) | CD Calls | % Solved
L-Tunnel Region-Based 2,086 136 205,636 100
obprm 8,400 1,036 354,706 100

Gauss 6,150 672 356,177 100

maprm 7,750 1,294 | 2,015,507 100

Bridge Test 2,500 473 1,963,948 100

Hybrid PRM 3,710 1,401 | 1,233,573 100

Uniform Sampling | 32,000 13,186 554,160 0

Hook Region-Based 1,352 62 64,500 100
obprm 925 36 175,711 100

Gauss 1,625 68 66,953 100

maprm 2,450 202 429,814 100

Bridge Test 1,175 416 698,786 100

Hybrid PRM 1,892 454 413,690 100

Uniform Sampling | 28,440 12,840 306,131 90

Articulated linkage | Region-Based 3,134 845 151,716 100
obprm 30,600 29,826| 1,406,023 10

Gauss 32,000 31,994| 1,440,563 10

maprm 15,400 14,647 4,187,952 90

Bridge Test 29,700 29,163| 4,538,367 20

Uniform Sampling | 30,400 29,015| 1,327,550 10

Table 1: Multi-query planner performancein the L-Tunnel, Hook, and articulated linkage environments.

travel through from the start to the goal con guration. Thesecon gurations are on opposite ends of the maze.
Though this ervironment is lessdi cult than the S-Tunnel ervironment, it is di cult for the RRT and LazyPRM

methods. As seenin Table 2, utilizing information about the local regions of C-spaceenablesour Region-Based
method perform signi cantly better than the other methods. Theseimportant regions, extracted from the region
map are shown in Figure 13(c). Here again, RRT Connect performs better than RRT Expand and the RRT

approachesagain have di cult y of nding the narrow passagesA di erence in this caseis that LazyPRM spends
much more time trying to solve the query. Although LazyPRM only usesa small number of samples,it spendsa
large amourt of time verifying edgesand nding con gurations in the narrow passage.

Single-Query Planning

Environmen t Metho d Nodes | Time (sec) | CD Calls

S-Tunnel Region-Based 573 36 82,298
RRT Connect 7,939 958 360,513
RRT Expand 7,774 1,170 473,735
LazyPRM 1,173 609 361,889

Maze Region-Based 334 32 27,493
RRT Connect 2,131 79 48,775
RRT Expand 2,947 187 69,639
LazyPRM 561 364 127,747

Table 2: Single-queryplanner performancein the S-Tunnel and Maze ervironments.
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Figure 7: Region classi cation for the Hook environment. Region diameters are scaled down for visualization
clarity sinceregionsare mostly de ned by orientational di erences than positional di erences.

7 Conclusion

In this work we have showvn how a region-basedapproach can be applied to both multi-query and single-query
motion planning problems. It hasalsobeenshown to perform better, in many casesthan existing techniques. By
focusing on regionsthat have beenappropriately classi ed, we are able to better explore and samplethe space.
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(a) Initial (b) Initial Collision-Free (c) Final

Figure 8: Sampling distributions for Hook ervironment. The robot is scaledto 50% of its original size for
visualization clarity. Our method successfullyaltered the distribution of the initial uniformly random samplesto
increasesampling in highly constrained regionsand decreasesampling in large free regions.
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Figure 9: Sampling distributions for Hook ervironment. The robot is scaledto 50% of its original size for
visualization clarity. Our method successfullyaltered the distribution of the initial uniformly random samplesto
increasesampling in highly constrained regionsand decreasesampling in large free regions.

@) (b)

Figure 10: (a) S-Tunnel ervironment. The robot (on the left) must passthrough corridors in the certral obstacle.
(b) Maze ervironment. The robot (on the top) must passthrough a seriesof passagegrom the start to the goal
con guration.
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