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1 Grasp Synthesis

In general, automatic grasp synthesis can be thought
of the task of finding the combination of hand posture
(intrinsic degrees of freedom, or DOF’s) and position
(extrinsic DOF’s) that produces a stable grasp, ac-
cording to a given grasp quality metric. From this
perspective, it can be approached as an optimiza-
tion problem, seeking to maximize the value of the
grasp quality @ expressed as a function over a high-
dimensional domain:

Q= f(p,w) (1)

If d is the number of intrinsic hand DOF’s, p € R¢
represents the hand posture and w € RS contains
the position and orientation of the wrist. The tra-
ditional form for specifying a hand posture is to set
a value for each individual DOF of the hand. For
complex hands, such as the human hand modeled in
our study with d = 20, the high dimensionality of the
posture space makes direct searches for good grasps
intractable. To make this tractable, we perform the
grasp planning task in a subspace of highly reduced
dimensionality. Our approach is based on the results
of Santello et al. [8], who have shown that the range
of postures that humans use in everyday grasping ex-
hibits significant clustering in the d-dimensional DOF
space. However, while human grasping subspaces can
be determined through user studies, defining similar
subspaces for non-anthropomorphic robotic hands is
an interesting open problem. In previous work [4],
we have applied this concept to five hand models,
using the results of Santello et al. for the anthro-
pomorphic models (such as the DLR and Robonaut
hands) and empirically derived subspaces for the non-
anthropomorphic ones (such as the Barrett hand).
We consider a hand posture subspace defined by a
number of d-dimensional basis vectors called eigen-
grasps; the implication is that these vectors can be
linearly combined to closely approximate most com-
mon grasping positions. By choosing a basis com-
prising b eigengrasps, a hand posture p placed in the
subspace defined by this basis is uniquely defined by

the vector a € R? containing the amplitudes along
each subspace axis. In previous work [3], we have dis-
cussed the feasibility of finding good grasps for dex-
terous hands by searching a subspace defined by two
eigengrasps. This implies a significant dimensional-
ity reduction of the grasp quality function domain,
which can be expressed as

Q:f(avw)a a € R? (2)
However, this low-dimensional subspace is only use-
ful as long as it contains the hand postures needed
for stable grasps of a large variety of objects. The
results presented in [3] show that, in general, pos-
tures where the hand conforms perfectly to the sur-
face of the target can not be found in eigengrasp
space. However, by searching this subspace we can
usually find a posture that is very close to a desired
grasp. The eigengrasp space can therefore be thought
of as a pre-grasp, or planning space: the best pre-
grasps found in this subspace have a good chance of
producing stable grasps by simply closing each fin-
ger until motion is stopped by contact with the ob-
ject. This suggests a two-stage grasp planning algo-
rithm: the first stage searches the low-dimensional
eigengrasp subspace, while the second stage tests the
resulting pre-grasps and outputs the best solutions.
We have applied this idea to online automated grasp-
ing where the reduced subspace is searched to find a
stable grasp for objects [1].

2 A Database of Grasps

Our low-dimensional grasp planner has allowed us to
create the Columbia Grasp Database, a freely avail-
able collection of hundreds of thousands of form clo-
sure grasps for thousands of 3D models [5]. Our pri-
mary interest is in using an object’s 3D geometry
as an index into the database. Given a new 3D ob-
ject, we can find geometric neighbors in the database,
and the accompanying stable grasps for these similar
objects. If the number of objects to be grasped in
the database is very large and comprehensive then



robotic grasping becomes a pre-computed database
lookup. While we have not yet achieved this level of
performance it is our directional goal.

The most direct way to construct a grasp database
is to collect grasping data from human volunteers.
We could gather a large set of example objects, outfit
an army of graduate students with grasp-capture de-
vices such as datagloves, and record the results. Un-
fortunately, this approach is prohibitively time con-
suming for large scale data acquisition. More impor-
tantly, data collection from humans can only produce
grasps with the human hand. Since many popular
robotic hands cannot be easily mapped to the hu-
man hand, a useful database should include grasps
with multiple hands.

The Columbia Grasp Database was created us-
ing Grasplt!, a publicly available grasp planning
and analysis tool developed by our group [7]. The
database is intended to be used in conjunction with
Grasplt! or a similar simulation tool; as we have
shown in previous work [6, 2], planning results ob-
tained in simulation can be successfully applied to
real robotic hands performing grasping tasks.

Even for grasp planning algorithms that do not
rely on simulation, an environment such as Grasplt!
is an important tool for evaluation, as grasp qual-
ity measures are generally impossible to compute in
physical experiments. Part of our motivation in pro-
ducing a grasp database was to provide a benchmark
for robotic grasping tasks. Using a common bench-
mark will make it possible to directly compare grasp
planning algorithms, which is currently difficult to
do.

We briefly discuss a new database-backed grasp
planning algorithm based on the data we have col-
lected (see fig. 1). Using this algorithm, we illustrate
the usefulness of a database for grasping, and high-
light some of the lessons learned during its construc-
tion. We also provide execution results over the entire
set of objects in the database at their primary scale.
We believe this to be one of the most comprehensive
tests found in the grasp planning literature, demon-
strating the use of the database as a benchmarking
tool.
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Figure 1: Three example models and their grasps
from neighbors in the grasp database
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