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Abstract—We present a novel optimization-based retraction exact computation of global penetration depth has very high
algorithm to improve the performance of sample-based plan-  complexity [5]. As a result, prior planners use simple hguri
ners in narrow passages for 3D rigid robots. The retraction step tics to perform the retraction step, and their performance

is formulated as an optimization problem using an appropriate . .
distance metric in the con guration space. Our algorithm varies with the shape of the robot and the obstacles, and

computes samples near the boundary of C-obstacle using their relative placement.

local contact analysis and uses those samples to improve the Other approaches for handling narrow passages include
Fherformfance of RRfT planl?ers in na_rrovaassagz_s. We analyge dilation-based planners. These algorithms dilate the free

e performance of our planner using Voronoi diagrams an S o

shovf/) ot tho. tros oan pgrow cIoseIS rowards ang fandomly SPace by considering samples that lie inside the C-obstacle
generated sample. Our algorithm is general and applicable to all SPace and are close to its boundary. However, most of
polygonal models. In practice, we observe signi cant speedups dilation-based planners can be hard to implement as they
over prior RRT planners on challenging scenarios with narrow  need a robust technique to perform the dilation or shrinking

passages. operation on general polygonal models. Moreover, these
techniques are mainly limited to PRM planners. Overall, no
good algorithms are known for performing the retractiorpste
Sample-based planning algorithms have been widely useiciently on general models or combining them effectively
to compute collision-free paths for robots in complex enviwith RRT planners.
ronments. These algorithms generate samples using random-
ized techniques and attempt to capture the connectivitiieof t Main Results: We present a new optimization-based retrac-
free space by joining nearby samples via collision-fredapat tion algorithm and an enhanced RRT planner. We formulate
The connectivity is represented using probabilistic roagsn the retraction step as a constrained optimization problem
(PRMs) [1] or rapidly-exploring random trees (RRTs) [2],using an appropriate distance metric in the con guration
[3]. space. Our optimization algorithm performs iterative re-n
The performance of sample-based planning algorithni®ent in the contact space to compute a (local) minima of
may degrade if the free space of the robot has narroiti€ objective function using local contact analysis.
passages, i.e. small regions whose removal or perturbationWe use our optimization-based retraction algorithm to
can change the connectivity of the free space. These regidigprove the performance of RRT planners. We retract the
can also be characterized in terms of poor visibility propsamples so that they are more likely to be connected to the
erties [4]. Moreover, the narrow passage problem becom@garest nodes of the tree by the local planning algorithm.
more severe for RRT-based planners as compared to othiéie resulting tree in our planner grows closely towards
randomized methods. randomly generated samples, including in-colliding aslwel
Many techniques have been proposed in the literatus free con gurations. As compared to prior RRT planners,
to improve the performance of these planners in narro@ur enhanced planner generates more samples near the
passages. These include use of workspace information ¢entact space and in the narrow passages. We analyze the
guide the sampling, adaption of the sample distributioretias performance of our planner using the Voronoi diagram of the
on history, and retraction-based planning. In this paper, whodes in the tree and highlight scenarios where our planner
primarily focus on improving the performance of retraction can work well.
based planners. We have implemented our planner and highlight its per-
One of the main steps in retraction-based planning i®rmance on dif cult scenarios with narrow passages. As
to retract a sample or a con guration to a more desirableompared to the basic RRT algorithm, we observe signi cant
region of the free space. This includes moving the samplé®provement in the running time and the number of gener-
close to the boundary of the con guration space obstaclated samples. Moreover, our algorithm is general and makes
(C-obstacle) or near the medial axes of the free spaceo assumption about input models, or their connectivity or
One speci ¢ retraction strategy is to retract aimycolliding  topology.
con guration (a con guration in C-obstacle) to the closest Organization: The rest of the paper is organized as
boundary point of C-obstacle. In practice, this is equintile follows. In Section 2, we provide a brief survey of related
to computing thgpenetration depthwhich is used to quantify work in sample-based planning. In Section 3, we present
the interpenetration between overlapping objects. Howeveour optimization-based retraction algorithm, and descabr

I. INTRODUCTION



g or estimate the bound of the motion for the moving robot
; ”””” [22]. In practice, except [22], most of these techniques are
¥ -l __ A narrow passage limited to closed models and can be susceptible to robustnes
¥ issues and degeneracies.
Coobstacle C. Contact Space Planning

Many retraction-based approaches tend to generate more
Fig. 1. Retraction strategy for sampling narrow passage:The basic Samples near theontact spacethe subset of the con gu-
idea is to retract a randomly generated con guration to a matesirable ration space (C—space), which consists of the con gurzstion
region in the free space. A desirable location for retrantiaf an in-colliding .
con guration q is the closest boundary point in the free space. IntuitivelyWhen th? robot touches one or mOI’e obstacles without any
the given in-colliding con guration, e.gy which is close to the boundary, is” penetration. Contact space planning has been shown useful
retracted into the narrow passage. This increases the numbsamples in  for handling narrow passages [14], along with manipulator
this narrow passage and is almost independent of the voldrtieeaarrow . . . . . . _
passage [13], [16]. planning and compliant motion planning. There is consider

able work on contact modeling using the geometric or al-

enhanced RRT planner in Section 4. We analyze the perfcf?braic formulation, sampling, and local compliant plawgi

mance of our planner using Voronoi diagrams in Sectio 731, [24], [25], [26].
5 We hlghllght its performance and compare our enhanced 11l. OPTIMIZATION-BASED RETRACTION
planner with other RRT planners in Section 6. We discuss

N . . In this section, we present our optimization-based retrac-
some limitations of our approach in Section 7.

tion algorithm for sample generation. We use this algorithm
Il. RELATED WORK to improve the performance of RRT planners in Section

In this section, we give a brief overview of prior work in 4. Given an in-colliding sample, our algorithm retractssthi

sample-based motion planning and retraction-based methog@mPpIe to a more desirable location, i.e. the closest paint o
the boundary of C-obstacle aontact spaceThis idea is

A. Sample-based Planning similar to other retraction-based sampling strategie$h ag

The sample-based approaches, such as probabilistie one used in OBPRM [12], which also tend to generate
roadmaps (PRM) [1] and rapidly-exploring random tree§amples near the contact space to improve the performance
(RRT) [2], [3], have been successfully used to solve higRf the plannerin narrow passages. The main difference ts tha
degree-of-freedom motion planning problems. To improv&e perform the retraction step using iterative optimizatio
the performance of these planners in narrow passages, maqy
sampling strategies have been proposed. See [4] for a recerit
survey. These include use of workspace information to guide AS Shown in Fig. 2, given an in-colliding samptg, the
the sampling [6], [7], Iters to reject samples [8], [9], [1O retraction stepis to compute its closest boundary poay ,
adaption of the sampling distribution based on history [11Which can be formally de ned as:
and retraction-based approaches.

The Retraction Step

: . . dm =argmin (g;dr);d 2 Ceontact ; (1)
B. Retraction-based Motion Planning q

The retraction-based approaches have been widely usetiere is a distance metric de ned in the con guration
to improve the performance of sample-based planners gpace of the robot, and the con guratigriies in the contact
narrow passages [12], [13], [14], [15], [16], [17], [18]. &h spaceCeontact -
main idea is to retract a randomly generated con guration An important issue in performing the retraction step is
towards a more desirable region, e.g. to the closest point ene choice of an appropriate distance metriin C-space.
the boundary of C-obstacle (Fig. 1) or the medial axis of thén practice, it is hard to de ne a distance metric that
free space. can meaningfully combine the translational and rotational

The main challenge in retraction-based approaches é¢®mponents in C-space. In our formulation, we usedel-
that the retraction step may involve complicated or nondependent distance metrisach as the DISP distance metric,
trivial computation. For example, computing the closessince it does not involve any weighting factor to combine the
boundary point for an in-colliding con guration boils down translational and rotational components [5].
to generalized penetration depth computation based on an o ) ]
appropriate distance metric. The computation of globallfp: Optimization-based Retraction Algorithm
optimum penetration depth has high complexity [5]. As a We formulate the retraction computation (Eq. 1) as a
result, most algorithms use heuristics to compute samplesnstrained optimization problem. The objective functisn
near the boundary of C-obstacle or in the contact spadmsed on the distance metrign C-space, and the constraint
[12], [15], [16], [19]. Other approaches include dilation-is that the resulting con guration needs to lie @ontact -
based planning [13], and current practical solutions fenth As shown in Fig. 2, to retract a given in-colliding sample
compute an approximate medial axes of the model [20§,, our method starts with aon-collidingsampleq, (either
shrink the boundary using tetrahedral decompositions, [21¢ollision-free or in the contact space) as the initial gugée
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Fig. 2. Optimization-based Retraction: Given an in-colliding samplgr ,

our algorithm retracts it to the locally closest poigtn on the boundary Fig. 3. RRT Extension: (a) Given a randomly generated con guration

of C-obstacle by iterative optimization. In this casg, is the initial guess, dr, the standard RRT extension scheme grows the tiedrem its nearest

while g¢ andqq are intermediate samples during the optimization. nodeqn towardsqr, stopping at the con guratiorgc on the boundary.
(b) In our retraction-based extension, we retragt to the free space by
using optimization. The retraction step generates a secgiefinon-collision

. . . . . congurationsS = fqc;qq;:: qm g, whereqm is a local minima point

algorithm then performs the following steps in an iterativey the distance to q?. V\?e thenqextgnd the t(r]ee to every con guratigrﬁn

manner: using the standard RRT extension. Therefore, the tree iralyarithm can
grow towardsq, closely.

1) Projectqn into the contact space in order to generate

a sampleqe in the contact space; IV. RETRACTION-BASED RRT PLANNER
2) Perform acontact query i.e. compute the closest

feature pairs within a tolerance distance between the I this section, we use the optimization-based retraction a
robot atq. and the obstacles; gorithm to improve the performance of the rapidly-explgrin

3) Searching over the local contact space formed by t@ndom tree planners (RRT). Prior retraction-based saigpli
closest feature pairs, compute a new non-collidin§trategies have mainly been gpplled to PRM planners and
sampleqq, which locally minimizes the distance to only retract the samples that lie in C-obstacle space. !n our
the sampleg, according to a distance metric case, we retract many of the generated samples including the

4) Assigngn = qq, and go to Step 1. ones that belong to the free space.

These steps are iterated until the distanceytocannot be A. RRT Planner

further reduced, which means a samplg realizing a local The RRT algorithm explores the free space by randomly
minima is found, or the maximum number of iterationssamp”ng and building a tree (Fig. 3-(a)). RRT's are used
has been reached. We use the symBoto represent the {5 search high-dimensional spaces with both algebraic con-
sequence of sampleg,, qc, and qq¢ generated by each siraints (arising from obstacles) and differential comisits
iteration, excluding the duplicated or in-colliding sa®®l (e g. the non-holonomic constraints). The basic RRT algo-
The distance of every sample in the sequeBide g strictly  rithm is as follows. Starting with a tre€ with a root node,
decreases, i.(di;dr) > (di+1;0r), and it monotonically the algorithm iteratively adds more nodes to the tree. yrin
approaches the local minimgqm ; dr). The generated sam- gach jteration, a con guratioq, is randomly generated, and
ples inS can be used by any sample-based planner. the basic RRT algorithm attempts to connect the nearest node
Our algorithm can ef ciently optimize over the contactq, in the treeT to g, by a straight line in the con guration
space and compute a local minima. We brie y describe somspace (Fig. 3-(a)). If the con guration, and q, can be
issues in implementing this algorithm. In Step 1, in order t@onnected via a collision-free path, the tree is extendeah fr
compute theg in the contact space, we reduce the probleng, to g, and grows. Otherwise, the planner compujgsthe
to computing the con guration when the robot barely touchesst in-contactcon guration (a con guration in the contact
the obstacles along the interpolating motion fratp to  space) on the straight line from, to g,. The tree then
gr. We use a binary search to compuje sinceq, is a extends tog.. We refer to this way of growing the tree as
non-colliding con guration andy, is an in-colliding one. In the standard RRT extension
Section 6, we address the problem of computing the closestOne of the challenges for RRT planners is to generate
feature pairs in Step 2. In Step 3, we randomly generatgamples in narrow passages of the free space. Moreover,
samples over the local contact space formed by the closegbugh the basic RRT planner can perform a biased search
feature pairs [5]. We discard in-colliding samples usingowards regions not yet visited, such bias does not take
collision checking and compute the non-colliding sangple  into account the obstacles in the environment. Therefbie, t
that is closest ta, . basic RRT planner can have dif culty growing out of narrow
The optimization algorithm only needs to perform colli-passages in cluttered environments.
sion detection, along withocal contact analysigo sample ,
and search over the local contact space. Such computati@n Retraction-based RRT
can be implemented for any type of polygonal models, We use the retraction-based algorithm to improve the
including polygon soup models. As a result, our algorithnperformance of RRT planners, especially in narrow passages
is general and applicable to all general polygonal models.Our modi ed RRT algorithm (Alg. 1) proceeds as follows:



Algorithm 1: Retraction-based RRT Extension

C-Space

Input: T = fV;Eg - an RRT
gr - a randomly generated con guration in C-space
Output: T, an extended RRT
begin
an the nearest neighbor a@f, in T
if (qn;Qqr) is a collision-free paththen Fig. 4. Analyzing RRT using Voronoi Diagrams: Given a randomly
L T:AddV ertex(q, ); T:AddEdge(qn:qr) generated con guratiorg, , the step of nding its nearest nodg, in the
| ’ ' treeT for extension is equivalent to locating the Voronoi regibattcontains
else 31
/I To get a set of non-colliding con gurations using ar B3]
/I the retraction step; usingn as the initial guess o
S Optimize (g ; qn) A. Voronoi Diagrams
for gi 2 S do The behavior of RRT algorithms can be understood using
| Standard RRT Extension (T;d;) Voronoi diagrams [2], [3], [27]. Speci cally, the Voronoi
return T diagram for a set of pointS in a metric space is the partition
end of this space which associates a regibfg) with each point

g from S in such a way that all points iV (q) are closer
to q than to any other point ir5. Given a tree built by an
1) Given the randomly generated con guratiop, free RRT algorithm, we consider the Voronoi diagram over the
or in-colliding, we compute the nearest nagigin the  set of nodes of the tree (Fig. 4) in the con guration space
tree; associated with a distance metric
2) Check whetherj, and g, can be connected via a Given a randomly generated con guratian, the step
collision-free path. If there is such a path, grow theof computing the nearest node in the RRT algorithm is

tree fromq, to g, . equivalent to locating the Voronoi region that contaips
3) Otherwise, we retract the sample, as shown in Fig. (Fig. 4). Therefore, the probability of a nodgin the tree
3-(b): being chosen for extension is proportional to the ratiof

a) Using q, as the initial guess, we apply the the volume of its Voronoi regiolV (q) to the volume of the
optimization-based retraction step presented j§ampling space [28] or the entire con guration spate
Section 3. The retraction step generates a se- V olume(V (q))
quence S of non-collision con gurations, ap- (a) = W: 2
proaching the closest boundary pointapf;

b) For every con guration inS, our algorithm per-
forms the standard RRT extension.

We refer to our scheme of growing the treeraraction-
based extensiorThere are several bene ts of our enhance
RRT planner using this new extension scheme. First, the sa
pled con gurations that are close to the narrow passages aBe Analysis of Retraction-based RRT
likely to be retracted into the narrow passages. Consetylent We analyze the behavior of our retraction-based RRT

our extended planner generates more samples in narr Wanner (Fig. 5). The tree in our planner is biased towards th

pas(jagtlas. Secontdlg, the treci_ grows 9Ios<atlly _toward; aW¥ntact space, and many nodes of the tree are either close to
randomly generated con guration, sighi cantly IMproving i o i the contact space (e.gn1 in Fig. 5-a). This is due

the. bias 9f the growth of the tree tOW".’“dS regions not Y&t yhe retraction algorithm, which iteratively optimizegeo
visited. Finally, we perform the refraction step on free 4the contact space. We classify the nodes in the tree, near or

well as in-colliding con gurations. Overall our Fe”aO“' in the contact space, according to whether a node is:
based RRT can explore or capture the connectivity of narrow T 1t ¢ .
passages quickly. We further analyze the behavior of our F)i/gpes (‘a;r away from any narrow passage (&g in

retraction-based RRT algorithm in Section 5 and demorestrat Tvpe 2° ving i
these bene ts on many challenging benchmarks in Section ype 2. lying In a narrow passage, or
Type 3: close to the entrance of a narrow passage (e.qg.

6. th1 in Fig. 5-(a)).
V. ANALYSIS Among these nodes, the nodes of Type 2 or Type 3 are
In this section, we analyze the behavior of our retractionimportant for planning as they are associated with narrow
based RRT planner. We use the Voronoi diagram de ned ovgrassages. Our retraction algorithm utilizes them in a manne
the nodes of the RRT in the con guration space to analyzsuch that many samples are generated in close proximity
the performance of our enhanced RRT planner. Based af Type 2 and Type 3 nodes or in the associated narrow
this analysis, we identify the planning scenarios with oarr passages. This is due to our retraction computation, and Fig
passages where our retraction-based RRT planner can B¢b) shows such an example. For a randomly generated
quite effective. sampleq;, , its nearest neighbay,, with Type 3 is chosen

We refer to this ratio agxtension ratioof a node. If a node
has a higher value of extension ratipthis node has a higher
likelihood of being chosen for extension as compared torothe
émdes in the tree [3]. Therefore, RRT planners can bias the
'%r_owth of the tree towards regions not yet visited [3].
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Fig. 5. Analysis of Retraction-based RRT planner:(a) A tree - T needs to grow through a zigzag narrow passage.Vbiionoi diagram is de ned over
the nodes of the tree in the con guration space. The Voroegian of the nodeyn, is denoted a3/ (qn, ). (b) For a randomly generated in-colliding
con guration qr, , our RRT planner uses its nearest neighljar, as the initial guess and performs the optimization-baséegon. Sinceqn, is close
to the entrance of the narrow passage, it is very likely thet optimization algorithm generates con gurations, eqg.,, in the narrow passage. (c)
Though the nodejn, in the treeT lies in the narrow passage, it has a high value of extensidio ra due to the large volume of its Voronoi region
V (gn,). Therefore, the nodgn, has a high likelihood of being chosen for extension. (d) Gigerandomly generated collision-free con guratiay, ,
the nodeqn, is chosen for extension and more samples in the narrow pasasggenerated. (e) With a high value of the extension rétie,nodeqn,

in the narrow passage has a high likelihood of being choserXtension. Therefore, more nodes in the narrow passagebeagenerated. (f) Finally, the
tree grows through the narrow passage.

for extension. Stating frong,,, our retraction algorithm computation algorithm in [5] to perform the retraction step
iteratively optimizes over the contact space and generaté¢e set the maximum iteration in each retraction step as
more samples towards or along narrow passages. 5. We use PQP [29] for collision detection. We further
A key factor that governs the effectiveness of ouextend this library to perform contact query by computing th
retraction-based RRT planner is the probability with whicttlosest features [30]. We implement a basic RRT planner. For
the nodes of Type 2 and Type 3 are chosen for RRSimplicity, we perform the local planning by using a linear
extension. In general, the performance of sample-based dpterpolation motion and checking for collisions on a nite
proaches degrades in narrow passages since the ratios of tiuenber of intermediate con gurations of the motion.
volumes of narrow passages to the volume of the sampling We integrate our retraction algorithm into the basic RRT
space are typically small. As a result, prior randomizeglanner. During each retraction step, a sequence of con g-
sampling methods may not compute suf cient number ofirations, close to or in the contact space, are generated.
samples in narrow passages to nd collision-free pathur planner RRRT then attempts to extend the tree to each
However, there are many planning scenarios with narrowon guration using the standard RRT extension scheme. In
passages where the extension ratiosfor the tree nodes our implementation, we observe the dif culty of connecting
of Type 2 and Type 3 are much larger as compared to thevo nearby samples when both of them are close to the
ratios of the volumes of their associated narrow passagesntact space. Currently we use an enhanced local planning
to the volume of the sampling space. Fig. 5 illustrates sucscheme -vertex enhancemerihat can generate additional
cases. Our retraction algorithm can generate more samplemmples around them [1]. To deal with this issue, other local
in the narrow passages and thereby improve the performangkanning schemes can also be employed [31].
of the planner.
B. Results
We test our retraction-based RRT planner on a set of
In this section, we present experimental results of oupenchmarks. In our experiment, we run every benchmark
retraction-based RRT planner, RRRT, on 3D rigid robots. W&0 times and compute the average running time. The timing
rst address some implementation issues. Next, we highlighs summarized in Table |. The geometric complexity of the
the performance of our planner on a set of benchmarks (Figgenchmarks is highlighted in Table Il. RRRT can handle
6, 7, 8 and 9). In each benchmark, a rigid robot needs to plaeneral polygonal models, including polygon soup models.
through some narrow passages in the 3D environment. All In the notch benchmark (Fig. 6), there are three narrow
the timings reported here were taken on a Windows PC withassages since the width of the corridor within each notch-
2.8GHz of CPU and 2GB of memory. shaped model i% and it is slightly larger than the “thickness'
of the g-shaped robo:95. The environment also possesses
an interesting property. The widths of the two gaps formed
We have implemented RRRT on 3D rigid robots. Ouby the three notch-shaped models &r8, resulting in two
implementation consists of two parts: the implementatiopotentially false passages. Therefore, dilation-basedrars
of the retraction step and the integration with an RRTmay not work well on this benchmark. In our experiment,
planner. In the rst part, we use the DISP distance metrithe basic RRT planner was unable to nd a solution within
de ned in SE(3) and extend the generalized penetrationtdepl; 2322s. On the other hand, our planner can nd a collision-

VI. IMPLEMENTATION AND RESULTS

A. Implementation
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(a)

Fig. 6. Notch Benchmark: (a) A G-shaped robot. (b) The environment is consisted &fetimotch-shaped obstacles, and the robot needs to move from
one side to the other. Due to the narrow passages, the basicgiiiner was unable to nd a solution aft&00; 000 iterations withinl; 232:2s. On the
other hand, RRRT can nd a collision-free path witt2f:4s. In (b), (c), the collision-free path, the tree and its n@@ee highlighted after being projected
from the 6D C-space into 3D Euclidean. Many nodes are biaseduds the contact space as well as the narrow passage. @)ngni ed version of

the result. Here, a node in the tree is visualized by a 3D ptunindicate the position of the robot, together with a 3-disienal orthogonal frame to
indicate the orientation. (e) shows the nodes generatechéybaisic RRT planner, where no node lies in the narrow passage

Notch Torus | Flange | Alpha Puzzle
RRRT:ty () 25.4 44.9 25.0 4,130.5
RRRT: nodes 1,401 1,471 119 103,121

Basic RRT:ty (s) | > 1,232.2 | 4,920.9| 680.1 | > 40,747.1?
Basic RRT: nodes | > 105,987 | 43,512 95 > 28,2197
TABLE |
Performance: THE TABLE COMPARES THE PERFORMANCE OF OUR
PLANNER - RRRTWITH THE BASIC RRT PLANNER ON DIFFERENT
BENCHMARKS. THE TABLE INCLUDES THE PLANNING TIMEtg AND
THE NUMBER OF NODES IN THE RESULTING TREE?: THE BASIC RRT

PLANNER CANNOT FIND A PATH WITHIN A LARGE MOUNT OF TIME. Fig. 7. Torus Benchmark: Left: A L-shaped robot needs to move from one
side (red) in the environment, consisting of two torus kihated obstacles,
Notch | Torus | Flange | Alpha Puzzle to the other (green). Our planner can compute a collisieefpath within
# Tri of robot 28 20 3,525 1,044 44:9s. Right: the computed tree is highlighted.
# Tri of obstacles| 756 5,760 | 5,306 1,044
# of obstacles 3 2 1 1

each version of the problem. Figs. 6-(c),(e) compare the
. TABLE I distribution of the nodes generated by RRRT and the basic
Model Complexity: THE TABLE SUMMARIZES THE GEOMETRIC RRT planners for the0:95 version. The RRRT planner
COMPLEXITY OF EACH BENCHMARK generates more samples in the contact space and narrow
passages, while the basic RRT cannot generate samples in
free path within25:4s. Figs. 7,8 show two additional bench-narrow passages.
marks where the models are more complex. Our planner There are variants of RRT-based planners such as [15],
can compute a collision-free path through a narrow passaf@?] to improve the performance on narrow passages. We
within 44:9s and 25.0s, respectively. Fig. 9 shows Alpha quantitatively compare our planner with the RRT-based
Puzzle - a well-known challenging benchmark for motiorplanner presented in [15] by using the ange benchmark
planning algorithms [12]. Our planner can solve it within(Fig. 8). Our planner take25:0s for this task and is much

4;1305s, generatindl03 121 nodes. more ef cient than the planner in [15], which tak@27:1s
Table 1l highlights two ways to break down the runningon a similar PC. Compared with another RRT planner in
time for RRRT. One way is to measure thguacion , [32], one difference is that we perform the retraction on

the time on the retraction step arghking , the time on both in-colliding as well as collision-free con gurations
connecting the samples. The other way is to measgre While their method can only bias the growth of the tree
the time on collision detection antionact , the time on using the collision-free con gurations. Finally, anotiRRT
contact query. Overall, the function for collision detecti Vvariant [27] also takes into account C-obstacle into the RRT

takes around@0% to 80% of the total time. bias as ours. However, their work mainly characterizes the
. ) issue when the sampling domain is not well adapted to
C. Comparison with RRT planners the problem, while our method focuses on improving the

We compare the performance of our retraction-based RRIerformance in narrow passages.

planner with other RRT planners. We rst compare with the We have not performed an extensive comparison with
basic RRT planner, which uses tetandard RRT extension other retraction-based methods [20], [21]. However, our
Table | shows for all four benchmarks, RRRT is muchplanner has many distinct features as compared to them. The
more efcient than the basic RRT planner. We also tessmall-step retraction-based methods [20], [21] identHg t
both planners on different versions of the notch benchmarkg-colliding con gurations near the free space by shrirkin
i.e. scaling the G-shaped robot frof8 to 0:95. Tab. IV the models of the robot and the obstacles. These methods
shows that RRRT drastically improves the performance faare only applicable to closed models. Moreover, it is diftcu



Fig. 8. Flange Benchmark: The CAD model - “elbow' needs to slide out
of the hole of the CAD model - ~ ange'. Our planner takes:0s for this
task, while a variant of RRT presented in [15] také®7:1s on a similar
PC.

Notch Torus Flange | Alpha Puzzle

tan () 25.4 449 25.0 4,130.5
tretracion  (S) 11.0 221 16.1 2,655.8
# retraction 625 1,203 232 61,650
tper retra (MS) 17.600 | 18.371 | 69.397 43.079
tretraction  =tal 43.3% | 49.2% 64.4% 64.3%
tiinking  (S) 14.2 18.9 6.6 1,343.1
# linking 1587 | 2,920 303 164,242
tper Jinking  (MS) | 8.948 6.473 21.782 8.178
tinking  =tan 55.9% | 42.1% 26.4% 32.5%
ted () 185 32.1 19.3 3,273

# od 91,958 | 133,580 | 20,794 | 14,453,046
tper cd (ms) 0.201 0.240 0.928 0.226
ted =tan 72.8% 71.5% 77.0% 79.2%
tcontact (S) 0.9 2.0 2.9 479.2

# contact 1,548 2,831 252 132,837
tper _contact (mS) 0.581 0.706 11.508 3.607
tcon[act =ta|| 3.4% 4.4% 11.5% 11.6%

TABLE 1l

Breakdown of Running Time: THE TABLE SUMMARIZES TWO WAYS TO
BREAK DOWN THE RUNNING TIME FOR MAIN FUNCTIONS INRRRT. ONE
WAY IS TO MEASURE tretraction » THE TIME ON THE RETRACTION STEP
AND tjinking » THE TIME ON CONNECTING THE GENERATED SAMPLES
ANOTHER WAY IS MEASUREtq, THE TIME ON COLLISION DETECTION
AND teontact , THE TIME ON CONTACT QUERY # retraction ~ AND
tper retra DENOTE THE NUMBER OF RETRACTION STEPS AND THE
AVERAGE TIME OF EACH RETRACTION STEPRESPECTIVELY

Fig. 9. Alpha Puzzle Benchmark: RRRT can solve this challenging
problem - to separate the two interlocked alpha-shaped msodéthin
4;130:5s.

retraction step has additional overhead. If the con gumati

has no narrow passages, our enhanced planner may take
longer time as compared to the basic planner. However, in
the notch benchmark where the robot is scaled down to 0.8
so that the narrow passages become wider, our planner still
performs as well as the basic RRT. Finally, our algorithm is
restricted to rigid models, and performing the retractiteps

on articulated models can be more expensive.

VI1Il. CONCLUSION AND FUTURE WORK

In this paper, we present an optimization-based retraction
algorithm to improve the performance of RRT planners
by retracting the samples so that they can be more likely
to be connected to the tree. The resulting tree can grow
closely towards every randomly generated sample, inctudin
in-colliding as well as free con gurations. We analyze the
behavior of our planner using Voronoi diagrams of the
con gurations in the tree and highlight the scenarios where
our planner can handle narrow passages well. We have
implemented this algorithm and applied it for rigid robots
in challenging planning scenarios. Our experimental tesul

to perform the shrinking step on complex models, and thehow that our algorithm generates more samples near the
topology of the dilated free space may be different. Oontact space or in the narrow passages than prior RRT
the other hand, our algorithm is directly applied to genergblanners and is able to explore more dif cult regions in
polygonal models. Furthermore, based on the shrinking @he con guration space. In practice, we observe signi cant
geometric models, these methods implicitly use the formuspeedups over prior RRT planners.

lation of growth distancefor quantifying the amount of

There are many avenues for future work. We are interested

interpenetration among the models [33]. This formulatisn ijn applying our retraction algorithm to PRM planners and

not as rigorous as our underlying formulation of generaize
penetration depth computation, which is based on a proper

distance metric that meaningfully combines the transtetio

B
and rotational motion of the robot [5]. Fig. 10 shows such A

an example.

VII. L IMITATIONS

There are several limitations of our approach. Our

optimization-based retraction searches over the conpeates

and computes a local minima. As a result, it can generafgdg- 10. Growth Distance vs. Penetration Depth:When the square

many con gurations that lie in the contact space but noﬁ

is slightly shrunk, it will be disjoint from the notcB. Therefore, the
rmulation of growth distance treats this case as shallosngdration.

in the narrow passages. This can affect the overall perfofowever, the formulation of generalized penetration degitaracterizes
mance of the planner. Furthermore, the optimization-baseéiks deep penetration. The latter characterization is maceurate in the

context of path planning.



["Robot Scale [ 080 [ 085 ] 090 | 091 | 092 | 093 | 094 | 095 |
Basic RRT:tai (5) | 11.6 | 31.2 | 120.8 | 143.4 | 1847 | 292.7 | 306.3 | > 1,232.27
RRRT: tai (5) 66 | 70 | 94 | 140 | 81 | 261 | 236 25.4
Basic RRT: nodes| 4,226 | 8,843 | 22,755 | 23,085 | 28,417 | 43,200 | 42,530 | > 105,9877
RRRT: nodes 398 | 467 | 524 | 786 | 510 | 1,519 | 1,460 1,401

TABLE IV

Comparison: THE TABLE COMPARES THE PERFORMANCE OF RETRACTIOBASED RRT WITH THE BASIC RRT PLANNER ON THE NOTCH
BENCHMARK. THE ROBOT IS SCALED FROM):8 TO 0:95. OUR PLANNER SIGNIFICANTLY IMPROVES THE PERFORMANCE ON EACHERSION OF THE
PROBLEM. ? DENOTES THE MOST DIFFICULT VERSION 0:95. THE BASIC RRT PLANNER CANNOT SOLVE IT AFTER RUNNING500; 000 ITERATIONS
WITHIN 1:232:2S, WHILE OUR RRRTCAN COMPUTE A PATH WITHIN 25:4s.

performing the retraction computation for articulated atsh

Moreover, it would be interesting to apply our algorithm to

[15]

CAD part disassembly [30]. Finally, we would like to extend[lﬁ]

our RRT planner for motion planning under differential

constraints, e.g. non-holonomic motion planning.
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