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Abstract

In robot motion planning, many algorithms have beenproposedthat create a path for
arobot in an environment with obstacles.Sinceit canbe hard to create such paths, most
algorithms areaimed at nding a solution. However, for most applications the paths must
be of a good quality aswell. That is, paths should preferably be short, be smooth, and
should presere someclearancefrom the obstacles.In this paper, we focus on improving
the clearance of paths. Existing methods only extract high clearance paths for rigid,
translating bodies. We presert an algorithm that improvesthe clearancealong paths of
a broader range of robots which may residein arbitrary high-dimensional con guration
spaces.Examplesinclude planar, free- ying and articulated robots.

1 Intro duction

Motion planning is one of the fundamenal problemsin robotics. The motion planning prob-
lem can be de ned as nding a path betweena start and goal placemen of a robot in an
environment with obstacles.The last decade,e cien t algorithms have beendevisedto tackle
this problem. They are successfullyapplied in elds suc asmabile robots, manipulation plan-
ning, CAD systems,virtual environments, protein folding and human robot planning. Seee.g.
the books of Latombe [1] and Lavalle [2] for many interesting results.

One important aspect of motion planning is the quality of the path. The quality is often
measuredin terms of length and clearance.Many applications require a short path since
redundant motions will take longer to execute. In practical situations, the path often has
to keep someminimum amount of clearanceto the obstaclesbecauseit can be dicult to
measureand cortrol the precise position of a robot. Traveling along a path with a certain
amourt of minimum clearancereducesthe chancesof collisions due to these uncertainties.
In a nuclear power plant for example, it may be desirable to minimize the risk of heat or
radioactive contamination [3]. In this type of ervironment, calculating a safe path (o -line)
is more signi cant than calculating a low quality path on-line. Clearanceis used for other
purposesaswell: in [4] for instance, it is usedto guide multiple units in a virtual environment.

This researd was supported by the Dutch Organization for Sciertic Researd (N.W.O.). This researth
was also supported by the IST Programme of the EU as a Shared-cost RTD (FET Open) Project under
Contract No IST-2001-39250(MO VIE - Motion Planning in Virtual Environments).
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(a) Articulated robot (b) Initial path (c) Optimized path

Figure 1: Improving the clearancealong a path traversedby an articulated robot with six
degreesof freedom. Figure (a) shows the start and (blurred) goal placemen of the robot arm.
In (b), we zoom in on the initial path. The swept volume of the signi cant parts of the robot
is shovn. As can be seen,the clearancealong this path is very small. Our new algorithm
successfullyincreasesthe clearancealong the path which is visualized in (c).

Indeed, enlarging the clearanceis important in various applications. It is though far from
trivial how to do this. Previous work limited their e orts to rigid, translating bodies. In this
paper, we preseri a new algorithm that improves the clearancealong paths for a broader
range of robots including planar, free- ying and articulated robots, seeFigure 1.

1.1 Related work

Many motion planning algorithms createa roadmap (or graph) which represerts collision-free
motions that can be made by the moving object in an ervironment with obstacles.From this
graph a path is obtained by a Dijkstra's shortest path query. Sincethese calculations can be
performedo -line, we referto this stageas preprocessing.The paths usually are optimized in
a post-processingstage.

In [5], an augmerted versionof Dijkstra's algorithm is usedto extract a path basedon other
criteria than length. The minimum clearancealong the path is maximized by incorporating
a higher cost for edgesthat represert a small amount of clearance.Unfortunately, the paths
rarely provide optimal solutions becausethey are restricted to the randomly generatednodes
in the roadmap. Even if the nodesare placed on the medial axis [6], the edgeswill in general
not lie on the medial axis, and hencethe extracted paths do not have a guaranteed amount
of clearance.

Another category of algorithms create a path along the Generalized Voronoi Diagram
(GVD). The GVD (or medial axis) for a robot with n degreesof freedom(DOFs) is de ned as
the collection of k-dimensionalgeometricfeatures(0  k < n) which arein general(n+1 k)-
equidistant to the obstacles.As an example, considerFigure 2(a) that shows the outline of a
solid bounding box and a part of the medial axis for a translating robot. The medial axis of
this robot consistsof a collection of surfaces,curvesand points. The surfacesare de ned by
the locus of 2-equidistart closestpoints to the bounding box. The curveshave 3-equidistart
closestpoints and the points have 4-equidistart closestpoints to the bounding box. These
featuresare connectedif the free spacein which the robot operatesis alsoconnected[7]. Hence,
the GVD is a completerepreseration for motion planning purposesMost importantly, paths
on the GVD have appealing properties such as large clearancefrom obstacles.
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(a) Initial path (b) Retracted path (c) Optimal path

Figure 2: Retraction of a path in an ervironment that only consistsof a solid bounding box.
A part of the medial of this box is showvn. Figure (a) shaws the initial path. This path is
retracted to the medial axis by the algorithm from [11]in (b). Figure (c) shows a path having
the optimal amount of clearance.This path was obtained by our new algorithm.

Unfortunately, an exact computation of the GVD is not practical for problems involving
many degreesof freedom (DOFs) and many obstaclesasthis requiresthe expensive and intri-
cate computation of the con guration spaceobstacles.Therefore, the GVD is approximated
in practice.

In [8], the GVD is approximated by applying spatial subdivision and isosurfaceextraction
techniques. Although the calculations are easy robust and can be generalizedto higher dimen-
sions, the technique only works for disjoint convex sitesand consumesan exponertial amournt
of memory which makesthis technique impractical for problemsinvolving many DOFs. An-
other approacd incremertally constructs the GVD by nding the maximal inscribed disks in
a two dimensional discretized workspace[9]. While this algorithm is also extensibleto handle
higher-dimensional problems, it su ers from the samedrawbadk asthe precedingalgorithm.
In [10], a technique is described that exploits the fast computation of a GVD using graphics
hardware for motion planning in complex static and dynamic environments. The technique is
though limited to a three-dimensionalworkspacefor rigid translating robots.

The above preprocessingmethods concertrate on creating a data structure from which
paths can be extracted. In [11], the authors proposeda post-processingalgorithm that adds
clearanceto a path by retracting it to the medial axis of the workspace.A path s divided
into n con gurations. Sud a con guration correspondsto a particular placemen of the robot
in the environment. Each con guration is retracted to the medial axis (except for the start
and goal con guration) as follows. First, the closestpoint (on the obstacles) between the
robot and the obstaclesis calculated. Then the robot is iteratively moved away from this
point until the robot has 2-equidistart nearestpoints to the obstacles.

This method provides a fast and accurate retraction of possibly non-corvex rigid bodies
to the medial axis in two- and three-dimensional spaces.Unfortunately, as the retraction is
performedby a seriesof translations of the robot, the method is not suitable for increasingthe
clearancealong a path traversedby an articulated robot or a free- ying robot for which the
rotational DOFs are more important than the translational ones.In addition, the method will
in generalnot produce a maximal clearancepath becausethe retraction is completed when
the con gurations on the path are placedsomewhereon the medial axis. A con guration could
have a higher clearanceif it was retracted to a ridge of the medial axis. We de ne a ridge as
the locus of points in con guration spaceCthat represens a locally maximum clearance.See
Figure 2 for an example. The crooked path from Figure 2(a) wasretracted to the medial axis
by the algorithm from [11]. Figure 2(b) shows that the retracted con gurations sway on the
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medial axis surfaces.In Figure 2(c), the path is retracted toward the ridges, resulting in an
optimal clearancepath.

In conclusion,there existsno e cien t algorithm that cancompute high-clearancepaths for
robots residing in high-dimensional con guration spaces.We will proposean algorithm that
e cien tly retracts a path toward the ridges of the medial axis for robots with an arbitrary
number of DOFs. This algorithm may be applied in high-cost ervironments suc asa factory
in which a manipulator arm operates.

1.2 Paper outline

This paper is organized as follows: in section 2, we will introduce our retraction algorithm.
We elaborate on the algorithmic details in section 3 and show that the algorithm is correct.
Then, we apply the algorithm on problemsinvolving planar, free- ying and 6-DOF articulated
robots in section 4. Finally, we concludein section5 that our method is successfullyable to
improve the clearancealong paths traversedby a broad range of robots.

2 Retraction Algorithm

The retraction algorithm tries to iterativ ely increasethe clearanceof the con gurations on
the path by moving them in a direction for which the clearanceis higher, seeAlgorithm 1.
We de ne clearanceasthe Euclidean distance betweenthe pair of closestpoints on the robot
and obstacles.

Our problem is as now follows. Convert a given path  into a path  9suc that for eac

02 Othe clearanceis either locally maximal or is larger than a given constart cmin . Our

solution consistsof a number of iterations. In ead iteration, we choosea random direction
dir. Then we try to move ea con guration ; in the chosendirection, i.e. ? i dir.
If the clearanceof Cis larger than the clearanceof i, then ; is replacedby 2 We stop
retracting the path whenthe path hascy,, clearanceor when the average clearancedoesnot
improve anymore. (SeeDe nition 1 which shons how to compute the averageclearance.)

By updating the con gurations, the path is forced to stretch and shrink during the re-
traction which causesthe following two problems. First, the distance betweentwo adjacert
con gurations in the path can becomelarger than the maximum step size. This happensfor
examplewhen the path is pushedaway from the obstacles.If this occurs, we insert someextra
con gurations in betweenthem. Second, multiple con gurations can be mapped to a small
region by which the distance betweentwo non-adjacert con gurations is smaller than the
step size. This occursfor example when piecesof the path are traversedtwice. As we will see
in the following section, these can easily be removed.

An impression of a retraction is visualized in Figure 3. This gure shows an initial and
a nal path traversedby a squarerobot in a simple two-dimensional workspace. The lines
betweenthem are the guided random walks of the con gurations. We call thesewalks guided
becausea con guration is updated only if its clearanceincreases.Note that at someplaces,
extra con gurations were inserted while at other placescon gurations were removed. After
40 iterations, the initial path wassuccessfullyretracted to the medial axis, resulting in a large
clearancepath. While this example shows a retraction for a robot with only two DOFs, the
retraction can also be applied to robots with more DOFs such as an articulated robot with
six joints.
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Figure 3: An impressionof the retraction algorithm. The algorithm retracts the initial path
(traversed by a squarerobot) to the medial axis. For ead con guration on the path, the
guided random walk (small curve) is drawn.

Algorithm 1 RetractPathCon gurationSpace(path )

Require: 8i:d( i; j+1) step
1: loop
2. dir RandomDirection(step)

3: for each in do

4. 0 i dir

5 if Clearance( 9 > Clearance( ;) then
6: i 0

7. ValidatePath()
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3 Algorithmic Details

A path consistsof a seriesof con gurations. We require that the distance betweenead pair
of adjacert con gurations is at most step. Hence, we need a distance metric which will be
described below. The clearanceof the con gurations is improved by moving them in a random
direction. We will showv how to compute such a direction. Furthermore, we will shov how to
move the robot in this direction. After an iteration of the algorithm, the distance between
two adjacert con gurations can change.To keepa valid path, we will shav how to insert and
delete appropriate con gurations. Finally, we show that the algorithm indeedretracts a path
toward the ridges of the medial axis.

3.1 Distance metric

The importance of choosing a good distance metric is discussedin [12]. Such a metric often
incorporates weights which can be usedto cortrol the relative importance of the DOFs of the
robot. We distinguish three typesof DOFS: translation, rotation ; (rotation about the x-, y-,
or z-axis) and rotation 3 (rotation in SO3). For example, a free- ying robot can be described
by three translational DOFs and one rotational3; DOF, and an articulated robot with six
joints may be described by six rotational ; DOFs.
We calculate the distance betweentwo con gurations g and r by summing the weighted
partial distancesfor each DOF 0 i < n that describesthe con gurations, i.e.
Vv
oo
d(g;r) = [wid(g;; ri)]2:

i=0

The calculation of distance d(q;;r;i) is dependernt on the type of the DOF. For translation,
we set d(t®t% to jt° t°%. We split the calculation for a rotational; DOF in two parts: if
the range is smaller than 2 , which occurs often for revolution joints in manipulator arms,
we take the same distance measureas for a translational DOF. If the rotational DOF is
periodic, i.e. the orientation at O radians equalsthe orientation at 2 radians, we take the
smallest angle. More formally, we set d(r®r° to jr® r if r is not periodic, otherwise
dr®r% = minfir® % r% r9%+ 2 :r% 04+ 2 g We useunit quaternions to represer
rotations in 3D. The distance betweentwo quaternionsr ® and r ®can be calculated by taking
the shortest angle over a 4D-sphere,i.e. d(r%r% = minf2arccogr® r%;2  2arccogr® r%g.
We do not usethree Euler anglesto represert an orientation becausethis represenation has
seweral drawbadks quaternions do not have, sudh as the 'gimbal lock' and the dicult y to
de ne proper methods for sampling, interpolation and distance metric [13].

3.2 Random direction vector

We needto create a random direction q° such that the distance from con guration qto q ¢°
equals stepsize, seeAlgorithm 2. We set stepsize to %step as this is neededin the proof
that the al&yorithm is correct. The direction g°is composedof elemerts from a2 5; &%, ; Por, 9

P
sud that {‘:01 p? = stepsize, where p; = wid(g; G . We choosea random value rnd;

between 0 and 1 for ead DOF i of ¢® Then we set the partial distance p; for DOF i to

dig;g ¢) = M9 FeBSZE We now know how much eah DOF cortributes to the total
distance. We set the translational and rotational ; componerts of g’ to  p;. The calculation
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of the rotational 3 componert is more complicated. We represen this componert asarandom
3D unit axis a = (ax;ay;z;) and an angle of revolution  about that axis. (Since a revolution
of morethan radians makesno sensewe constrain  to 0 .) This represernation can
easily be converted to a quaternion, i.e. q?ot3 = (ax sin( =2);ay sin( =2);a, sin( =2),coy =2)).
If we set to pj, then the distance betweenquaternion g o, and q?ot3 Orot; €Qqualsp;.

Theorem 1 (Direction vector). The alove construction of the random direction vector q°
ensuesthat d(g;q ¢ = stepsize.

9dp—
Pro of: Let i”=01 pe = stepsize. We compose eat value of the partial distance p; of a
random value rnd; betweenQ and 1, multiplied with the corresponding weight factor w;, i.e.

o o e . stepsiz e in p = ndiwi i
pi = rndjw;. By Tgltmlymg the term rnd;w; by frnd wj We obtain p; = rnd wy Stepsize.
Now holds that oy 1[jjl;'?1ccjji "\f\}jj stepsize]? = stepsize. Sow;d(g; ¢ + @) = jjrrﬂ%i"\‘,’\}jj stepsize.

; ; A . — rnd; w;j i A—n — Indj stepsize

Hencethe partial distance for DOF i is d(q; g + ¢ = TrndwjStepsize=w = “jrnd wi -
In other words, the value for DOF i in the direction vector q°hasto be setto SLsehsze,

In line 6, asd(t;t +t9 = jt (t+t9j=jty= p;, we setthe value for a translational DOF
to p;. The sameargumert holds for choosingthe value for the rotational ; DOF in line 8.
Finally, we have to proof that the distance betweenquaternion g and @° qequalsp;. =

Theorem 2 (Direction vector of a quaternion). Let g and g°be two quaternions. The quater-
nion o representsa random (unit) axis and an angle of revolution about that axis. If the
rangeof is setto O , then the distance d(g; ° q) = p;.

Pro of: The distance betweentwo quaternions g and r is de ned asd(q;r) = minf2arccogq
r);2 2arccogq r)g. Since is positive, the dot product q r is alsopositive (and is between
0 and 1). As a consequencethe arccosof the dot product will be between0 and . Hence,
the distance betweenqg and r equalsto d(q;r) = 2arccogq r). This distance should be equal
to the partial distancep;:

d(g;r) = 2arccogq r) = pi

Let g= o r andr = (rx;ry;rz;rw). The quaternion q° represerts a rotation by around a
unit axis a= (ax;ay;z;): Q= (ax sin( =2);ay sin( =2);a; sin( =2);coy =2)). Then we get

2arccog(q® r) r)=p
By substitution we get

2arccog((rg + ry+ r7+ 1) COS(E)) = pi

The length of a quaternion that represerts a rotation is always equalto 1. Hence,r r =

24024 24 12 =
rg+rg+rs+rg=1

By substitution we get
]

Besideschoosing a random vector, we needto add a direction g°to con guration g. For
translational and rotational ; DOFs, we can add up the values.If rotational 1 DOF is periodic,
we have to make surethat the valueremainsin the rangebetweenOand 2 . For the rotational 3
DOF, ¢, hasto be multiplied by ¢ o, .
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Algorithm 2 RandomDirection( oat step, weight vector w;)

Require: stepsize % step

1. for all i:0 i< jDOFsjdo

2. rnd;  Random(0, 1)

:for alli:0 i< jDOFsjdo

pi  rnd; stepsizegjrnd wjj
if DOF; = translation then

0 .
Q(tr a) Pi

else if DOF; = rotation; then
qo(l'_Ot]_) pi .

else if DOF; = rotation 3 then

10: axisyy;  (Random( 1;1); Random( 1;1); Random( 1;1))
. ; 1 ;

11: axis iy axis

12: qo(rotg) Quaterion(axisy  sin(p;), axisy sin(p;), axis; sin(p;); cogpi))

13: return ¢

© o N R ®

3.3 Path validation

As a path is forced to stretch and shrink during the retraction, this path may not be valid
anymore after an iteration of Algorithm 1. A path isvalid if 8i : d( i; j+1) step. In this
section we will shaov how to construct a new valid path.

First, we make a copy of  (which is the path before updates were taken place), i.e.

0 . After oneiteration, the con gurations of °may have beenupdated. We construct
anewpath %which will cortain all con gurations from %and new con gurations to assure
that  %will be valid.

For all i, we ched if d( % ©,) > step. This may occur when a con guration  ?is moved.
In general, ?can be left unchangedor moved in direction dir. There are two casesin which
this distance will be larger than step. We handle them as follows.

In the rst case, Pisleft unchangedwhile ?,; is updated. First weappend Pto 0 Then,
we either append .1 or = Interpolate( j; 2,;0:5) to % We append the con guration
that has the largest clearance.A similar procedure can be performed if is updated while

0, is left unchanged.

In the secondcasepoth %and 0, areupdated. Again, we rst weappend °to 0 Then,
we either appendboth j and 41 or = Interpolate( % 2,;0:5)to %If the clearanceof

is larger than the minimum clearanceof ; and +1, we append , and vice versa.

During the construction of 99 con gurations may be interpolated. For translational and
rotational; DOFs, we can uselinear interpolation. The interpolation betweentwo quaternions
can be performed by spherical linear interpolation (SLERP), see[13] for implementation
issues.

We mentioned that a path can shrink during the retraction. As a consequencemultiple
con gurations may be mapped to a small region. We remove the con gurations ; for which
holdsthat d( i 1; i+1) step. After the deletion of ;, ; 1 will be adjacert to ;.

Theorem 3 (Path validation). The algorithm will keepthe distance between each two adjacent
con gur ations below (or equal to) step.

Pro of: In the rst case, ?is left unchangedwhile 2, is updated. In any case,it holds that
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d( & i+1) step, d( ixa; ;) stepandd( % )=d(; %) 2 step 3 05< step.
Hence, this construction assuresthat the distance between the last two appended con g-
urations is at most step. A similar proof can be given if ?is updated while 2, is left
unchanged.

In the secondcase,both %and ¢, areupdated. If is appended,the distance between
the new con gurations in  ®canbed( % )=d( ; %) 3 step % 05 step. In the
other case,d( & i) step, d( i; i+1) stepandd( j+1; %;) step. As the maximum
distance will be at most step, path  %will be valid.

We mertioned that a con guration ;isremovedif d( ; 1; j+1) sStep. After the deletion
of i, conguration ; 1 will beadjacert to con guration 1. By construction, the distance
betweenthem will be at most step.

In conclusion,the algorithm will keepthe distance betweenead two adjacert con gura-
tions below (or equalto) step. Hence, the resulting path  %will be valid. |

3.4 Retraction toward the ridges of the medial axis

We will now shaw that the algorithm retracts a path toward the ridges of the medial axis. We
de ne the medial axis asthe locusof points in C-spacehaving at least two equidistant closest
points on the boundary of the C-spaceobstacles.We de ne a ridge as the locus of points in
C-spacethat represen a locally maximum clearance.

In ead iteration of the algorithm, we only update a con guration if its clearanceincreases.
Sudh an update can lead to an insertion and a deletion of con gurations. If a con guration

is inserted, then the clearanceof will be equal to or higher than the clearanceof the
con guration beforeit was updated. If a con guration is deleted, then it will not play a role
anymore. Hence,the clearancealong the path never decreases.

If we would not pin down the start and goal con gurations of the path then the following
would happen. As we move the con gurations with a particular step sizethat is larger than
zero, there is a momernt for which they will have obtained a (locally) maximal amount of
clearance.Hence,the con gurations would evertually be placed on the ridges.

Unfortunately, asthe start and goal con gurations are pinned down, not all con gurations
will be placed on the ridges. Howewer, these con gurations will eventually obtain a high
clearanceas only improvemerts are allowed.

4 Exp eriments

In this section, we will investigate how much the two retraction algorithms { retraction in

the workspace(Algorithm from [11]: W-retraction) and retraction in the con guration space
(Algorithm 1: Cretraction) { can improve the clearancealong six paths. We integrated these
algorithms in a singlemotion planning systemcalled SAMPLE (Systemfor AdvancedMotion

PLanning Experiments), which we implemented in Visual C++ under Windows XP. All

experiments were run on a 2.66GHz Pentium 4 processorwith 1 GB internal memory. We
used Solid 3.5 for collision chedking [14].
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Dimensions of the bounding box

environmen t rob ot
Planar 100 100 11
Simple corridor 40 11 30 02 02 075
Corridor 40 17 40 5 1 5
Wrench 160 160 160 68 24 8
Hole ! 40 40 40 5 5 10
Manipulator 10 10 10 variable

Table 1: The axis-aligned bounding boxes of the environments and robots

4.1 Exp erimen tal setup

We consideredthe environments and their corresponding paths depicted in Figure 4. They
have the following properties (seeTable 1 for their dimensions):

Planar: This simple two-dimensionalenvironment cortains a path traversedby a square
robot that can only translate in the plane. As the robot has two translational DOFs, a
retraction in the workspacewill result in a path having the optimal amourt of clearance.The
results will show if a retraction in the C-spaceis competitiv e.

Simple corridor:  This simple three-dimensional ervironment with lots of free space
features a path traversedby a small free- ying cylinder. Both algorithms will introduce an
extra amount of clearanceasthey both move the robot to middle of the corridors. However,
the Cretraction algorithm should outperform the W -retraction algorithm as also rotational
DOFs are considered.

Corridor:  The environment consistsof a winding corridor that forcesa free- ying elbow
shapedrobot to rotate. As there is little room betweenthe walls of the corridor and the robot,
it may be hard to increasethe clearancealong the path.

Wrench: This ervironment features a relative large free- ying object (wrench) in a
workspacethat consistsof thirteen crossingbeams.The wrendh is rather constrained at the
start and goal positions. We expect that the W -retraction algorithm will be outperformed by
the Cretraction algorithm asthe rotational DOFs are of major concernin this environment.

Hole: The free- ying robot, which hassix DOFs (three translational DOFs and a rotation 3
DOF), consistsof four legsand must rotate in a complicated way to get through the hole.
Only wherethe path goesthrough the hole, the clearanceis small. Hence,the improvemert of
the minimum amourt of clearancealongthe path would reveal the power of the C-retraction
algorithm.

Manipulator;  The articulated robot has six rotational DOFs and operatesin a con-
strained ervironment. The clearancealong the path is very small and cannot be improved by
the W-retraction algorithm becauseit cannot handle rotational DOFs. Again, an increasein
the minimum and averageamount of clearancealong the path will show the potential of the
Cretraction algorithm.

We subdivided ead path in sequetial con gurations such that the distance betweeneadt
two adjacert con gurations is at most some predetermined step size. The step sizesfor the
paths can be found in Table 2. The distance metric from section 3.1 can usedi erent weights

1The dimensions of the holeare 5 5 0:5. The legs of the robot are 1 thick.
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(a) Planar

(d) Wrench

(b) Simple corridor

(e) Hole

(c) Corridor

(f) Manipulator

Figure 4: The six test environments and their corresponding paths

Table 2: The step sizesfor the robots

step size
Planar 1.0
Simple corridor 0.4
Corridor 0.7
Wrench 3.0
Hole 1.0
Manipulator 0.1

Type of DOF of the robot

translational rotational 1 rotational 3
Planar 1,1
Simple corridor 1,1,1 3
Corridor 1,1, 1 7
Wrench 6,6, 6 30
Hole 1,1,1 11
Manipulator 6,6,6,2, 2,2

Table 3: The weights for each DOF of the robots

11
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for the DOFs of a robot. Theseare enumerated in Table 3.

We recordedthe minimum, maximum and averageclearancealong the paths. The average
clearancegives an indication of the amount of free spacein which a path can be moved
without colliding with the obstacles:

De nition 1 (Averageclearancealong a path). Let = g;:::; n 1 bethe con gurations
along a path  suchthat 8i : d( i; i+1) stepsize. Then the average clearance equals to

1 1
< Ly Clearance( ;).

As the Cretraction algorithm is non-deterministic, we run this algorithm 100 times for
ead experiment and report the averages.

4.2 Exp erimen tal results

The results of the experiments are stated in Table 4 and visualized in Figure 5.

Planar: A retraction in the workspaceresults in a path having the optimal amount of
clearance.The statistics show that the Cretraction technique reaches these optimal values.
Howewer, for robots that have two translational DOFs, we recommendthe workspacetech-
nique asthis technique is faster.

Simple corridor; Indeed, a large amount of clearancewas introduced by the retraction
algorithms. At the expenseof v e extra secondsof computing time, the G-retraction technique
doubled the minimum amount of clearanceand increasedthe averageclearancewith 39%with
respect to the W -retraction technique.

Corridor:  While there is little room betweenthe walls of the corridor and the robot, the
techniques were still able to increasethe clearancealong the path. Again, the Cretraction
technique outperforms the W-retraction technique but this takes much more computation
time.

Wrench: The algorithms neededrelatively much time as the ervironment was larger
comparedto the other ones.Both algorithms were successfuin increasingthe clearance.The
C-retraction technique performed slightly better with respect to increasingthe average and
maximum clearance.Howewer, the W -retraction technique was 6% better with respectto the
minimum clearance.

Hole: The W-retraction technique doubledthe amount of minimum and averageclearance
along the path. The Cretraction technique outperforms the W -retraction technique because
all DOFs were taken into accourt. The minimum amount of clearancealong the path was
further improved with 33%.

Manipulator:  The minimum clearancealong the initial path wasvery closeto zero. The
Cretraction technique successfullyintro duced someclearancealong the path. Although there
is little room for the manipulator to move, the algorithm was able to double the average
clearancealong the path. This extra clearancemay be crucial for high-cost environments to
guaranee safely. For clarity, we only visualized a part of the sweepvolume of the manipulator
in Figure 5.

The running times indicate that improving the clearancealong paths may be too slow to
be applied online. Howeer, in applications where safety is important the running times are
not that crucial. For example, due to the di cult y of measuringand cortrolling the precise
position of a manipulator arm, the arm can be damagedif it movesin the vicinity of obstacles.
Improving the clearanceat the cost of a few minutes of calculation time can prevernt damage
to the robot and its environment.



4 EXPERIMENTS 13

not available

(a) Initial paths (b) W -retraction (c) Cretraction

Figure 5: A closeup of the paths in the six ervironments. The pictures in the left column
show piecesof the initial paths. The paths in the middle column are the result of the W-
retraction technique while the paths in the right have beencreated by one particular run of

the Cretraction technique.
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Planar Clearance Time
min avg max s
Initial  path 0.00 247 7.15 0.0
W -retraction 1.79 4.48 8.32 0.8
C-retraction 1.79 4.49 8.32 9.4
Simple corridor Clearance Time
min avg max S
Initial path 0.16 1.91 3.83 0.0
W -retraction 0.62 2.62 3.96 0.7
C-retraction 1.21 3.64 4.25 6.0
Corridor Clearance Time
min avg max S
Initial  path 0.01 0.59 2.44 0.0
W -retraction 0.22 1.15 3.22 1.0
C-retraction 0.27 1.87 457 27.6
Wrench Clearance Time
min avg max S
Initial  path 0.00 4.17 11.32 0.0
W -retraction 2.11 7.12 12.38 12.4
C-retraction 1.99 7.83 15.03 3738
Hole Clearance Time
min avg max S
Initial  path 0.28 181 5.97 0.0
W -retraction 0.79 3.08 6.85 0.6
C-retraction 1.05 3.44 7.24 12.7
Manipulator Clearance Time
min avg max S
Initial path 0.00 0.14 0.35 0.0
W -retraction n.a. n.a. n.a. n.a.
C-retraction 0.05 0.29 0.43 26.8

Table 4: Clearancestatistics for the six ervironments. A larger clearancestatistic indicates a
better result. These statistics are averagesover 100 independert runs.
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5 Conclusions and Future Work

We preseried a new algorithm that improvesthe clearancealong paths traversedby a broad
range of robots which may reside in high-dimensional con guration spaces.The algorithm
retracts paths of planar, free- ying and articulated robots toward the ridges of the medial
axis of the C-spaceby a seriesof guided random walks. The algorithm improved upon existing
algorithms since higher amounts of clearancefor a larger diversity of robots are obtained.

A drawbadck of the algorithm is that it cannot be applied on paths in real-time. We expect
that the running times can be dramatically decreasedby incorporating learning technigques
which will be a topic of future researti. Howewver, when on-line behavior is wanted, a complete
graph can be retracted to the medial axis in the preprocessingphase.We shoved that a path
can be extracted from this graph in real-time.

We beliewe that this approad will enhancethe quality of motion planners.
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