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Abstract— Humans have at some point learned an abstraction
of the capabilities of their arms. By just looking at the scewe
they can decide which places or objects they can easily reach
and which are dif cult to approach. Possessing a similar
abstraction of a robot arm's capabilities in its workspace &
important for grasp planners, path planners and task plannes.

In this paper, we show that robot arm capabilities manifest
themselves as directional structures specic to workspace
regions. We introduce a representation scheme that enablds
visualize and inspect the directional structures. The diretional
structures are then captured in the form of a map, which we
name the capability map

Using this capability map, a manipulator is able to deduce
places that are easy to reach. Furthermore, a manipulator
can either transport an object to a place where versatile
manipulation is possible or a mobile manipulator or humanod Fig. 1. The DLR humanoid two-arm system JUSTIN.
torso can position itself to enable optimal manipulation ofan

object.

workspace of a robot arm. This representation, named capa-
bility map, is a good basis for nding easy to reach robot
arm target con gurations in 3D.

In infancy, humans learn to control their limbs. AfterTo arrive at a map of robot capabilities, we will rst
this learning process, they can reach for and grasp objeétetermine if existing criteria applied in the robot design
without consciously thinking. By just looking at the sceneProcess can be used (section Il). The applicability of the
they know which places or objects they can easily reach af@pular manipulability concept proposed by Yoshikawa [4]
which are dif cult to approach. The survey by Kawato [1]Will be discussed. Then, we will derive requirements to be
already veri ed the existence of internal models for humarnet by a map of robot capabilities. In section I, we develop
motor control. But humans also seem to have an interndl representation that ful lls the mentioned criteria. Wdlwi
map/model of their arm's capabilities and are able to usevaluate the derived representation in section IV.
this representation to accomplish various tasks. If the arm
was represented as a redundant serial link manipulat@ethe . CRITERIA USED IN ROBOT DESIGN OPTIMIZATION

models could be seen to project the con guration space of | the design stage, a robot manipulator is optimized with
the serial chain into its cartesian workspace forming a bind respect to kinematic and dynamic criteria. As we intend
capability map. If we had a similar map of the capabilitie§o yse the results of the presented work to support static
for the redundant arms of our humanoid robot Justin [Z}janning methods, we only focus on the kinematic aspects
(9. 1), we would be able to visualize directional preferesc here, The kinematic design can furthermore be divided into
and existing structure in the robot arm workspace imposggsk-oriented robot design (e.g.[5]) and the design of t®bo
by the robot design. The information can be used to dire¢} 53ccommodate a large variety of tasks.

grasp planners to search for valid grasps in regions whef general, the robot kinematics can be optimized to maxi-
the hand tool center point (TCP) can easily be placed by thgjze its workspace or to maximize various dexterity indices
robot arm. _ _ . with respect to speci c positions or with respect to the enti

In [3] we already emphasized the importance of being able {§orkspace. Park et al. [6] introduce general performance
easily nd robot target con gurations that solve the sulltas cyiteria for workspace volume and dexterity using diffeiain
and facilitate the subsequent process of nding paths igeometry. Global indices are obtained through integration

a task planning process. The simple approach presentggh criteria. Sturges et al. [7] de ne a dexterity meastinat
worked on a planar projection of the scene. In this papgg|ates the dif culty of an assembly task to the capabiitis

we derive a compact representation of kinematic reactbili pjanar robot arm. Some directional information is inciide
and directional structure information for the whole CaeBs i, this task-dependent dif culty measure, especially came

. . . _ ing the accuracy of TCP movements at speci c positions.
All authors are afliated with the Institute of Robotics and h indi hard d dund
Mechatronics, = German  Aerospace Center (DLR), German)’,‘lowleverv t.ese Indices arg ard to extend to redundant
franziska.zacharias@dir.de spatial manipulators for service tasks.
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A popular means used in robot design is the analysis of the
Jacobian matrix of a manipulator. Several indices to dbecri
the dexterity of the manipulator have been derived thereof.
Klein et al. [8] examined the relationship of the determinan
the condition number and the smallest singular value. With
the goal to obtain a global isotropy design parameter, $tocc
et al. [9] optimized the ratio of the maximum and the mini-
mum singular value of the Jacobian in the entire workspace
to obtain a global version of the condition number.

We are interested in capturing directional preferencdeerat
than in nding con gurations where directionally uniform
movement is possible. Therefore especially the manipu-
lability ellipsoid [4] and derived measures proposed b¥i )
Yoshikawa will receive a closer inspection. g
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The singularities of the right arm of the DLR humanoabot
Justin are visualized using the manipulability measure. Link teegwere
given in cm. The TCP is located in the wrist. The workspaceutsit half
A. The manipulability measure for visualization of the 3D structure.

The manipulability ellipsoid in the m-dimensional Eu-
clidean space introduced by Yoshikawa [4] is intended t@. Evaluation of the tness of robot design parameters to
quantify the ease of arbitrarily changing the position an@dur problem
orientation of the end-effector. It is derived by analyzing criteria used for manipulator design often aim either

the Jacobian matrix of a manipulator (equation 1). Thes yeaching an isotropic performance of the manipulator
Jacobian matrix at a robot arm con guratianrelates the j, jt5 \orkspace or maximizing some global performance
joint velocities g with the total end-effector velocity in the jyqey derived from local ones. These criteria are not aimed
Carte_sian space (the angular velocity and the translational ; capturing directional structure in the workspace, mathe
velocity pe). perhaps at smoothing the structure across the workspace.
Pe  _ J(9)g (1) The manipulability measure itself is directionless making
e impossible to discern directional preferences. Howeuer, i
approaches zero the closer a robot arm con guration is to
a singularity. We have used the manipulability measure to

The principal axes and singular valugsof the Jacobian are v_isualize (guré 2) the structu_re of the s?ngularities for the
obtained by singular-value decomposition of the Jacobia{rlght arm Of_ th? DLR_ humar_10|d robaustin [2]. The robot
matrix J (equation 2). HereU and VT are orthogonal workspace is discretized using small equally sized cubes. A

matrices, and is a diagonal matrix containing the singular’©P0t con guration is obtained by randomly sampling the

values ofJ. The principal axes and singular values de necon guration space. Via the direct kinematics the Cartesia

the orientation and the shape of the so-called manipull;abiliphc_)sition of the_ TCF;] is Comp“feg_l‘f"”d mapped oa cube. I;or
ellipsoid. The size of the ellipsoid and its major and minoffiS con guration the manipulability measure Is computed.

axes are assumed to represent an ability of manipulation %'que 2 shows an approximation of the distribution of the
a certain con guration. A singular value is interpreted las t

minimum value of the manipulability measure across the
radius of the ellipsoid in the direction of the corresporgin Workspace. In areas which are red or very close to red,
principal axis. The ratio of the minimum and maximum

the manipulability measure is very low. These areas either

singular value of the ellipsoid can be used to describe tffé)r?ta'n smkgularltﬁs Er are c_IosIe kt)(_)l_smgularltles. he choi
directional uniformity of the ellipsoid and thus the direc-When working with the manipulability measure, the choice

tional uniformity of possible movements at the considereH]c thg TCP IS important. For our robot, we pllaced the
con guration. The volume of the ellipsoid is known as the! CP in the wrist. As a res.ult only the translational part
manipulability measurand can be interpreted as a distancgf, our ‘],aCOt,"a,n is rank de cient at a smgular. con guration
of the manipulator from a singular con guration. within link limits. If the TCP was chosen differently the

Abdel-Malek et al. [10] augment the Jacobian matrix Witﬁingulariti_es would be distributed _between the tra_msmtlo
joint limit criteria and rede ne the manipulability meagur and rotational part of the Jacobian. The visualization of

The resulting measure is then used to evaluate a robH€ Manipulability measure for a projection of the Jacobian
placement with respect to certain target points. 0_?:0 €.g. fthe trans(,jlgﬁtlonal sugspace car;] therefore lb%fl\,’aStl
The manipulability measure is also used in elds other thaﬂI erent for two different TCPs. _For the manipula ||t_y
robot design, two examples shall be mentioned. Guilamo gieasure in gure 2 only the tr_anslatmnal part of Fhe Jacobia
al. [11] use the manipulability measure to optimize simplé‘vas useg.bﬂ:je exact Ipcatlr(])n of alI)I_ smgu_lanhﬁs can beh
trajectories. In a two stage inverse kinematics computatid®®MPuted by decomposing the Jacobian using the approac
for a red_undam rOb.Ot arm, Qullam_o et al [12] choose 1The color table used is not optimal for printing the paper lack and

con gurations according to their manipulability measure. white. Please refer to the color pictures in the pdf.
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the redundancy of our robot arms we have to choose among
an in nite number of alternative con gurations that can be
used to approach and grasp an object. Considering a mobile
manipulator the question arises how best to position the
mobile platform to have optimal manipulation capabilities
with respect to the operating area, e.g. a table.
In general, we need a representation of manipulator capa-
bilities that can be used to characterize which places are
easily reached. If only a specic direction is of interest,
this direction should be applicable to the map, resulting
in a Itered representation that masks all information but
that lying in the requested direction. Structure inherent t
the robot arm's capabilities inside its workspace should be
Fig. 3. ] lllustrates the choices to be made by the humanoidtrdbstin easy to recognize' Using this representation the man'qn‘u'at
concerning arm usage and approach direction. . ;

should be able to choose good approach directions for
objects.

presented by Konietschke et al. [13]. Compared to thigepre_senting the reachable workspace has already received
the manipulability measure can be interpreted as a kind @ftention from other research groups. A monte carlo apjproac
distance from singular con gurations (compare gure 2). Itl0 represent the reachable workspace by randomized sam-
can be used to detect and avoid these. pling was introduced by Guan et al. [14]. However, they only
The manipulability ellipsoid and its axes could be taken t®rovide trueffalse information concerning the reachgbdf
describe directional preferences. However, since thebjaco "€gions. No directional structure can be discerned frorr the
(equation 1) relates link velocities to cartesian transtati "€Presentation.

and rotational velocities, the various manipulabilityteria

for the 6D cartesian space are unit dependent. Furthermore IIl. THE CAPABILITY MAP APPROACH

the principal axes of the 6D manipulability ellipsoid, bgin  The ability of humans to manipulate objects depends on

derived from the Jacobian, mix rotational and translationgy,e position of their arm in the workspace. Two-handed
components as well. Therefore we see problems concernifgnipulation is limited to a region where the workspaces

their interpretability. _ of both arms overlap. The best performance is achieved in
Since manipulability values are derived from the Jacobtan 8y, eyen smaller subspace. The same is true for the humanoid
a con gurationc they are purely local measurements validgpot Justin, whose design is oriented at the human model.
only for a small -neighborhood. Furthermore, they do not, general, every robot arm is designed differently, andethe
take link limits into account. Thus, attested good movapili ¢ore has different capabilities. We show that these cajtiaisil

at a con guration may not be possible in the desired direGegy|t in directional structures speci ¢ to workspace cet,

tion due to link limits. Abdel-Malek et al. [10] augmentedgnq that these structures can be captured and represented in
the Jacobian with joint limit criteria. By introducing s he form of a directional map. As a rst step, we introduce
additional criteria, the manipulability measure is everdea 5 yisyalization scheme to detect the structure. In a second

to interpret due to the additional unit dependency. step, the data of the map is reduced while preserving the
Due to the above mentioned problems we refrained from Uszored information to use it for grasp and task planning.

ing the manipulability ellipsoid or measures derived tloére \ne jllustrate our approach using the right arm of the DLR
to represent the robot arm capabilities. Instead, in theé nex,manoid robot Justin.

sections we reformulate the problem and develop a repres§p-5 nutshell, the workspace structure is extracted through
tation based on different ideas. discretization, randomized sampling, analysis and ogmi

C. Reformulation of the problem tion processes. The robot arm reachability in a certairoregi

We already have a completed robot. The question is r&l; the_ workspace .is examined using inverse kinematics.
longer how to design it, but rather what follows from the e will show that indeed structure of the workspace does

design. A robot arm's workspace is not uniform with respecl?ecome obvious. And we will then capture this structure

to reachability. Instead, there are regions that can only ge'ng shape primitives.
reached from speci c directions. This directional infortioa
needs to be captured.

The DLR robot Justin is a humanoid upper body with 42 The theoretically possible workspace of the robot arm
degrees of freedom (DOF). It has two redundant arms witban be encapsulated by a cube with a sidelength of two
7 DOF each. Using Justin, we want to grasp and manipulatem lengths centered at the robot arm base ( gure 4). The
objects using both arms. To decide when to use which arrmaximum workspace of the arm is thereby overestimated.
we need to be able to evaluate which arm can e.g. best graBipe envelopping cube is then subdivided into equally sized
certain objects in the task space ( gure 3). Moreover, due temaller cubes. Using this discretization, we make visual-

A. Discretization



()

Fig. 5. Shows a sphere inscribed into the cube (a), exemfiianyes for a
point on the sphere (b), valid inverse kinematics solutionsa sphere (c).

frame is then turned around its z-axis according to a xed
stepsize. Each resulting frame is considered to constéute
TCP frame to be reached by the arm in question and an
inverse kinematics solution is computed. If for one of the
rotated frames at a speci ¢ poipton the sphere an inverse
kinematics solution is available, that poiptis marked in
the underlying datastructure. It is important to mentioat th
thus the z-orientation of the TCP w.r.t. the sphere center is
Fig. 4. The maximum workspace of the right arm is overestiaty the ~ discarded.
envelopping cube which is divided into subcubes of 300 mrelsityth. The inverse kinematics for our 7 DOF redundant robot arm
is computed by combining an analytical solution as proposed
by Craig [16] with optimization procedures to optimize the
ization possible and can analyse specic regions of thgedundant degree of freedom [17]. The randomly sampled
workspace in task planning processes. con guration is taken as the initial con guration supplied
to the inverse kinematics. Since an inverse kinematics for
redundant robots does not have a single unique solution
Thecon guration spaces randomly sampled according to and involves some iterative optimization, a starting soht

a uniform distribution. For each con guration the positioh  that is already near the desired solution is bene cial fa th
the TCP is computed via the direct kinematics. In Figure ¢omputation.

the TCP position is indicated by the coordinate frame in the
hand. The TCP position is then mapped to the subcube that Reachability spheres to characterize the workspace

contains this position. In the visualization, for each valid inverse kinematics
It could be considered to use the number of randomly, ion on a sphere, a line is drawn originating in the spher
sampled con gurations mapped to a subcube as a measWig,ier ( gure 5(c)). The spheres visualize the reachaiit

of reachability for a region. The hope would be that the, 1egion. We therefore call them reachability spheres. We
number of sampled con gurations assigned t0 a SPeCi Gggign 4 measure callébe reachability index D{equation
subcube correlates with that region being easily reach) i, each sphere characterizing the reachability of thisreg
able especially w.r.t. exploiting redundancy and versatily,:j0sed by the sphere. In equatior\Bis the total number
manipulation. However this is a false conclusion. When¢ nqints on a sphere arfd is the number of valid inverse

a robot is in a singular con guration, large steps in th§inematics solutions recorded. The resulting value inform

con guration space for the links causing the singularity;p,ut the percentage of points on the sphere, having an
result in small motions in the cartesian workspace. Thus, erse kinematics solution.

especially in regions containing singularities a large amo

of sampled con gurations are mapped to subcubes. Therefore D= R 100with R N ()

the number of con gurations mapped to a cube cannot be

used to distinguish regions where versatile manipulatgon Using the reachability index, already some structure ieher

possible. Furthermore is does not allow to discern direetio to the robot workspace can be visualized. To achieve thés, th

structure. As a consequence, in the next step we use inveggaheres are colored with respect to their reachabilityxrizle

kinematics to examine the workspace. Figure 6 presents the change of the reachability index acros

] ] ) ) ] the robot arm workspace. As expected, as we move into

C. Using the inverse kinematics to examine the workspacge interior of the workspace the index gets better reaching
Into each cube a sphere with a diameter equal to the widits optimum in the blue region. The nearer we then come

of the cube is inscribed ( gure 5(a)). Using the spiral pointo the robot arm base the more the index decreases. The

algorithm proposed by Saff et al. [15] we generdtequally reachability indexD for our robot arm ranges from O to 76.

distributed points on the sphere. For each point thus obdain For better visibility, in some gures the full workspace istc

we generate a frame. In gure 5(b) the frame is showin half along the arm as shown in gure 7. Figure 8 (top)

with the x-axis (red) and the y-axis (green) tangential ® thshows all spheres with an ind&€x in the lowest 10 percent

sphere and the z-axis (blue) pointing towards its centee. Ttof the reachability indexd 2 [0; 8]) across the workspace.

B. Randomized sampling



Fig. 6. Shows the reachability spheres across the workspabe
workspace representation was cut as shown in g. 7 for bettebility
of the structure.

Fig. 7. Visualizes the cut across the workspace of the robuot a

21,8844,

Fig. 8. Shows the spheres with an indBxin the lowest 10% of the
reachability index (top) and in the upper 10% of the readhgbindex
(bottom).

Fig. 9. Shows spheres from the border of the workspace mawingrd.

-
332G 0000000

11.4
5
19
22.8
26.6
30.4
34.2
38
1
5
49.4
53.2
57
60.8
64.6
68.4
72.2
76

Fig. 10. A close up of the spheres from g. 9 with correspomdtolor
table for the reachability index.

As expected the spheres with the lowest index are on the
border of the workspace. Figure 8 (bottom) shows spheres
with an indexD in the top 10 percent of the reachability
index O 2 [68;76] across the workspace. It can be seen
that spheres with a good indéx lie on somewhat more
than a half a sphere shell around the robot arm base (also
compare gure 6) with a diameter of approximately half the
robot arm length. We would get a complete sphere shell when
disregarding the link limits. For gure 6 to 80° random
samples were drawn. The spheres have a radius of 25 mm
and 200 points are distributed on a sphere. The stepsize for
turning the frame around its z-axis is 30 degrees.

E. Analyzing the structures in the workspace

The reachability index again is a directionless measure.
While it does help to recognize structure it does not ful ll
our requirements de ned in section 1I-C. The reachability
spheres are able to represent directional preferences but
testing a speci c direction against all valid candidates on
every sphere is computationally quite expensive. Further-
more, the spheres also cover all those points where no valid
inverse kinematics solutions were found. In this section we
have a closer look at the geometric structure present in the
workspace and represented by reachability spheres.

Figure 9 shows reachability spheres on a line across the
workspace marked by a box. For better recognizability, gur
10 shows a zoomed view. As expected, it can be observed
that as we move into the workspace (starting with the red
sphere) the number of points with valid inverse kinematics
solutions increases. Having a closer look at each sphere
and the distribution of the inverse kinematics solutions, w
observe a cone like structure for the red, yellow and light
green spheres. As we move further inwards, the cones open
out and the structure changes. For the dark blue spheres, a
ring structure can be observed. Although not present inegur
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Fig. 12. (a) A cone with axi® and opening angle . (b) The Cylinder
with a SFE=100 is not tted well to the data. (c) The cylindsrdptimally
(a) (b) (c) tted to the data used in (b) and has a SFE=0.

Fig. 11. Cones (a) and two cylinder types to capture strastub) Cylinder
type tl (c) Cylinder type t2 unreachable points. It has an approximation valuR ofu
r. Thus we de ne the relative error of an approximation by
subtracting the ideal approximation valRefrom the value
10, double cone structures have also been found. for a suboptimal shape and divide the result by the ideal
Capturing and approximating the structures using Sha%lueR (equation 4 withr;u  0). The shape t error is

primitives such as cones apd cyllndgrs WOUl,d result in 'Mhen de ned in equation 5 using this relative error. The SFE
mense data reduction. Testing directions against thesmashzf\s limited to [0; 100} If a shape has a relative error greater

E.”m't've.s 'S all lot fasterdthan te_zst|nghagt;1a|nstd§|ng|_e IB2ET than 1, it is no better approximation than a shape with a
Inematics solutions. To determine whether a directionafeC o |a4ve error of 1. Both are unacceptable. Therefore both

lies in a cone and thus whether inverse kinematics SOIUtiorFéceive the maximum SEE of 100

are available red|uce§ to one cor_nput.atlon of the angle bQl’gure 12(b), (c) show a cylinder of type t1 with two diffeten
tween the shapgs axis and the direction. axes and opening angles t to the same data set. While the
The attached video shows the spheres from gure 10 anfkersion collects all lines, it also covers many unreabote

tted shape primitives. The spheres and shape primitives af,,intg and receives the highest SFE of 100 as a result. The
rotated to enable a thorough inspection. data is optimally represented by the second cylinder (g.

F. Capturing the structure to construct a map 12(c)) receiving the optimum SFE=0.

In this section, we describe how and what shape primitives (R ur R _ o u r_u+r )
were tted to the data. We introduce a measure based R R R
on the relative error of an approximation to evaluate the Ur o100 ifu+r R
appropriateness of a shape primitive to the structure cagtu SFE(q; )= —100 f U+ >R (5)

by a reachability sphere.

As a consequence of the observations from the last sectiofihe results of replacing the spheres by the best tting cone
we propose the shape primitives presented in gure llor the best tting cylinder of type t2 (compare g. 11) are
Cones can be used to approximate cone-like structures€ gushown in gure 13 and gure 14. The lines symbolizing
11 (a)). A cylinder of type t1 (gure 11 (b)) can captureinverse kinematics solutions have been removed for better
double cone structures and a cylinder of type t2 (gurevisibility. As we expected and see in gure 13, in the outer
11 (c)) can capture ring structures. The process of ttingones of the workspace cones are good approximations and
the shape primitives to the data involves optimizing théave a low SFE shown by the blue coloring. Only for the
main axis of the shape primitive and its opening anglénner workspace region do cones have high SFEs. Here,
to best approximate the data. The axis is optimized usingylinders are a solution. Cylinders receive low SFEs in the
principal component analysis. To optimize the opening @anginner (blue) workspace regions ( gure 14). For the remagnin
we evaluate the appropriateness of the shape primitive teorkspace, the cylinder hypothese is inadequate and the
represent the data for different opening angles. SFE is maximum. Thus cones and cylinders representations
The appropriateness of a shape primitive is determined lpmplement each other. These results suggest that it would
how many of the valid inverse kinematics solutions the shagee best to take the shapes with the lowest SFE from all three
captures (reachable points), but also by how many points shape tting processes to obtain a mixed map that is better
the sphere are included, where no inverse kinematics salutiable to represent all structures found in the workspace.
could be computed (unreachable points). We combine these
observations in the computation of the shape t erSFE).

The SFE is computed for a shape primitive with agiand In this section we will evaluate the quality of the derived
opening angle (compare gure 12). It is derived from the capability maps. We computed the cone, cylinder and mixed
relative error made by the shape tting process to capture ahap for the right arm of the DLR humanoid two-arm system
inverse kinematics solutions available for a sphere. Tkalid Justin.10° con guration space samples were drawn. And 200
shape covers aR inverse kinematics solutions available forpoints were distributed on a sphere with radius=25 mm. The
a sphere. Compared to an ideal approximation, a suboptinmakan and the standard deviation of the SFE across the robot
shape fails to cover reachable points and wrongly covers arm workspace will serve as a performance indicator.

IV. EVALUATION OF THE ROBOT CAPABILITY MAPS



Fig. 13. The cone best tting the inverse kinematics datdaegs the
reachability sphere.

Fig. 14. The cylinder (type t2) best tting the inverse kinatics data
replaces the reachability sphere.

SFE spheres cones cylinder t1 cylinder 2 mixed optimal

mean 87.8 12.6 85.9 82.2 7.2 0
std. dev.| 21.3 20.2 23 30.6 10.7 0
TABLE |

PERFORMANCE FIGURES FOR DIFFERENT REPRESENTATIONSPHERE
RADIUS=25MM, 10% SAMPLES, Z-STEP SIZE=30DEG)

Fig. 15. Absolute frequency of the SFE visualized as a hiatog

Table | shows the performance gures rounded to the rst
decimal place for capturing structures with spheres, cones
and cylinders. To obtain the mixed map ( fth column), we
always choose the shape with the lowest SFE and place it in
the map.

Using cones to approximate the structures in the workspace
already leads to a low mean SFE. Figure 13 shows that for
the majority of the cones, the SFE is low which explains
the low mean in table I. Both cylinder maps have a mean
SFE signi cantly higher than the cone map. Compared to
the cones, only the inner part of the workspace can be
represented well by cylinders, resulting in this high mean
SFE. As expected, the mean SFE is lowest for the map that
mixes cones and cylinders. The standard deviation has also
improved signi cantly. Figure 15 shows the histogram of the
absolute frequency of the SFE. It con rms that the majority
of the shapes t the data well.

We can conclude that the mixed map presents the workspace
structure well and therefore the robot capabilities in its
workspace. We will now call itcapability map It ful lls

the criteria developed in section 1I-C. Combined with the
reachability index, it can be used to recognize places in the
workspace enabling versatile manipulation of objects- Fur
thermore, the capability map facilitates the search fordgoo
directions to approach objects since it encodes direciions

a compact form. If only a speci c direction is of interest all
shapes failing to satisfy this direction can be masked.

V. THE CAPABILITY MAP IN GRASP AND MOTION
PLANNING

In this section, we will sketch two application szenarios
for the capability map. The shapes in the capability map are
characterized by two indices, the reachability index (8q. 3
and the SFE (eq. 5). Using the reachability index, regions
can be identi ed where versatile manipulation is possible,
i.e. the blue regions in gure 6. These regions could then be
superimposed over objects to be manipulated e.g. by moving
the torso. Figure 16 shows the DLR robot Justin in its home
position. The bottle is situated at the border of the robot
reachable workspace. By positioning of the torso, the éottl
can be overlaid with the region of the capability map where
the reachability index is highest #)68,76]) allowing for
more alternatives to reach the object and exploitation of
redundancy. The map can thus be used to position the torso
of the DLR robot Justin or a mobile manipulator to optimally
reach objects.

A grasp planer as developed by Borst et al. [18] generates
stable grasps for objects disregarding kinematic comggai
or obstacles. Figure 3 illustrates a number of grasp doasti

for one object. Some are merely awkward and others are
kinematically unreachable. If additional obstacles wetdeal
more grasps would have to be discarded. However, the
number of valid grasps is still in nite.

Choosing a single position on the object and requesting a
grasp can result in the failure of the grasp planning alborit
While the position may be kinematically reachable, no stabl
grasp can be computed. At this point the capability map can



The generation process of the capability map or the inverse
kinematics needs to discard con gurations that cause self-
collisions or collision with the table that Justin is perma-
nently attached to. Considering that our robot arms are
redundant, it remains an open question whether this should
be done by or external to the inverse kinematics.

The capability map does not discriminate regions contginin
singularities. These situations can either be resolvechby t
control algorithm driving through a singularity. Or these
situations can be addressed by combining the capability map
with a singularity map based on the manipulability measure,

Fig. 16. Positioning the torso using the capability map.

representation| reachability = homogenous capability total
type spheres shape map map
time ‘ 12.3 h 1.8 min 6.4 min 12.4 h
TABLE 1l

COMPUTATION TIMES FOR BUILDING THE REPRESENTATIONS

(1]
(2]

be used to preselect regions for generating grasps that give
the grasp planner the freedom it needs while ensuring tleat th
generated grasps can be reached. We will therefore combiri
the map with our grasp planner [18] to speed up the grasp
generation process. "

VI. CONCLUSIONS AND FUTURE WORK 5]

Structure is indeed present in a manipulator's workspace
and can be captured in the form of a map. We developed th[%]
representation called theapability mapto capture the ma-
nipulator capabilities in its workspace. The map is anctiore [7]
a the robot arm base and moves with the upper body. ]
The capability map is computed of ine for a speci ¢ robot
arm. Table Il shows computation times for building the
reachability sphere representation, a homogenous shape mé!
(only one shape type) and the nal mixed map, i.e. the
capability map. The total computation time is derived by10]
adding column 1 and 3. While we did not optimize the
algorithms, it can be seen that computation has to be do&q]
ofine. The derived capability map can then be consulted
online e.g. in grasp placement decision modules. 2]
It is especially useful for two-armed humanoid robots. Hu*
manoid robots, e.g. Justin, could use this representation t
decide which arm is best suited for certain tasks. Two-hdndé&!3!
manipulation of an object can be done at a location where
versatile regrasping is possible. Using the capability noap [14]
solve the problem of nding an approach and grasp direction
that facilitates the work of path planners [3] is possible[.l5]
Furthermore, the maps could perhaps be used to develop

e.g. shown in gure 2.
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