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Abstract

While complex hands seem to offer generality, simple hands are often more practical. This raises
the question: how do generality and simplicity trade off in the design of robot hands? This paper
explores the tension between simplicity in hand design and generality in hand function. It raises
arguments both for and against simple hands; it considers several familiar examples; and it proposes a
concept for a simple hand design with associated strategies for grasping, recognition, and localization.
The central idea is to use learned knowledge of stable grasp poses as a cue for object recognition and
localization. This leads to some novel design criteria, such as minimizing the number of stable grasp
poses. Finally, we present some experimental results for a prototype simple hand in a bin-picking task.
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1 Introduction

Complex hands surely offer greater generality than simple hands. Yet simple hands surely offer greater
generality than any autonomous system system has yet demonstrated. There are both practical and
scientific reasons to explore the potential generality of simple hands. The practical reason is that simple
hands are smaller, lighter, and less expensive. For many applications such as micro-manipulation or
minimally invasive surgery, simple hands will be in use for the foreseeable future. The scientific reason
is that simple systems are easier to study. Study of simple hands may yield insights applicable to both
simple and complex hands.

How do we define simplicity and generality? By a simple hand we mean a hand with a few
actuators, a few simple sensors, and without complicated mechanisms, so that the whole hand can
be small, light, and inexpensive. Figure 1 shows two examples: a simple hardware store gripper, and
P1, a prototype simple gripper developed in this work for a bin-picking task. By generality we mean
that the hand should address a broad range of tasks and task environments.

What is the nature of the tradeoff between simplicity and generality in a robot hand? Some
arguments in favor of complexity are:

• Grippers for manufacturing automation are often simple and highly specialized, perhaps designed
to grasp a single part. Human hands, in contrast, are complex and general;

• Hands grasp by conforming to the object shape. Motion freedoms are a direct measure of a
hand’s possible shape variations.

• Beyond grasping, many tasks benefit from more complexity. Manipulation in the hand, and
haptic sensing of shape, to mention two important capabilities, benefit from more fingers, more
controlled freedoms, and more sensors.

• The most general argument is: Design constraints have consequences. Restricting actuators,
sensors, and fingers to low numbers eliminates most of the hand design space.

However, there are simple but general grippers, for example prosthetic hooks, teleoperated systems
with simple pincer grippers, and the simple pickup tool shown in Figure 1a. With a human in the loop,
unhindered by the limitations of current autonomous systems, we see the true generality offered by
simple hands.

We conclude that while there is a tradeoff between simplicity and generality, the details of that
tradeoff are important and poorly understood. Simple grippers can achieve a level of generality that
is yet untapped in autonomous robotic systems. And whatever the limitations of any particular simple
gripper, the most general robots will surely want a toolbox full of simple grippers for some tasks, just
as humans do.

Our approach to grasping was inspired by the simple pickup tool of Figure 1a. The pickup tool is
designed to grasp various shapes without careful positioning of fingers relative to the object. Our
first prototype P1 in Figure 1b mimics the pickup tool but also addresses some of its limitations.
Sometimes a robot needs not only to grasp, but also to know what it has grasped (recognition), and
to know the object pose within the hand (localization). Our approach then is to apply the blind or near-
blind grasping strategy of the pickup tool, augmented by simple sensors and offline training to address
recognition and localization.

To test the generality of this approach, we plan to explore a variety of objects in two different task
domains: bin-picking for industrial automation, and object retrieval for a domestic service robot. This
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(a) (b)

Figure 1: (a) The common “pickup tool” is very simple, but also very effective in achieving stable
grasps over a broad class of shapes. Four fingers of spring steel are driven by a single actuator. (b) Our
first prototype gripper P1 was inspired by the pickup tool, but has three fingers rather than four, and has
angle encoders for object recognition and localization.
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paper focuses on the first application: bin-picking. We have barely begun the work on object retrieval
and hope to report it in a later publication. Object retrieval does have some similarities to bin-picking,
especially the problem of retrieving a particular object from a cluttered drawer.

The paper is organized as a design study. Following a discussion of previous work (Section 2), we
discuss the set of goals or requirements for a general-purpose gripper (Section 3). Then we more fully
describe our approach to grasping (Section 4). Section 5 describes numerical and analytical results with
a simple idealized model. Section 6 describes the prototype P1 in greater detail. Section 7 describes
experimental results with the prototype.

2 Previous work

This section addresses previous work on the design of hands and the tradeoffs between simplicity and
generality. Some discussion of previous work appears elsewhere in the paper: Section 3 addresses
previous work on specific topics such as stability, capture, clutter, object recognition, and localization.
Section 7 mentions some previous work on bin picking.

Our work touches on many different areas of robotic manipulation, including topics that predate
robotics. Our long-range goal, attaining general-purpose manipulation with simple hands, is of
increasing interest, in part due to applications in service robotics, including for example teleoperated
mobile manipulators for bomb disposal [94, 85], and domestic service robots for object retrieval [77, 50,
20, 78]. Generality is required because of the wide range of objects encountered, and the unpredictable
variation from one task to the next. Simplicity is required because the manipulator is often mounted on
a mobile platform, which constrains weight, size, and power. Additional considerations, including cost
and an immediate need, favor the use of very simple grippers.

Most relevant to this study is the recent work by Dollar, Howe and colleagues. They have explored a
simple planar two-fingered gripper, with two joints per finger [29], to attain grasp generality over object
shape and pose. In subsequent work a three-dimensional version employs four two-jointed fingers, all
compliantly coupled to a single actuator [30].

Ciocarlie and Allen [21] adopted a similar design, with two fingers, three joints per finger, all
compliantly coupled to a single actuator, and tuned the compliant coupling to optimize the grasping
outcomes across a broad range of object shapes.

Another closely related example is the end effector developed by Xu, Deyle and Kemp [93],
resembling a dustpan combined with a multi-jointed compliantly coupled finger driven by a single
actuator. In thorough empirical testing they demonstrated its effectiveness in capturing a wide range
of objects with substantial variation in pose. Of special interest is the list of objects they work with,
compiled after surveying motor impaired patients to determine the relative importance of household
objects for automatic retrieval [19].

Although interest in generality and simple hands is high today, the tradeoff between simplicity and
generality was discussed even as the first robotic hands were being developed 50 years ago. Tomovic
and Boni [84] noted that for some designs additional hand movements would require additional parts,
leading to “unreasonably complex mechanical devices”. The Tomovic/Boni hand, commonly called
the “Belgrade hand”, was designed for prosthetic use, but with reference to possible implications for
“automatic material handling equipment”.

Jacobsen and colleagues [47] likewise raised the issue in the context of the Utah/MIT Dextrous
Hand, over 25 years ago:

“A very interesting issue, frequently debated, is the question ‘How much increased
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function versus cost can be achieved as a result of adding complexity to an end-effector?’
. . . In short then the question (in the limit) becomes ’Would you prefer N each, one-degree-
of-freedom grippers or one each N-degree-of-freedom grippers?’ We believe that a series
of well-designed experiments with the DH [dexterous hand] presented here could provide
valuable insights about the trade-offs between complexity, cost, and functionality.”

We share the interest in the tradeoff between simplicity and generality, but we depart from Jacobsen
et al.’s thinking in two ways. First, we focus on the generality achievable with a single simple hand,
rather than a toolbox of highly specialized grippers. Second, while we agree that complex hands can
be used to emulate simpler devices, we work directly with simpler effectors designed specifically to
explore the issues.

Three approaches to generality have dominated hand design research: anthropomorphism, grasp
taxonomies, and in-hand manipulation.

• Anthropomorphism. Several reasons have been cited for directly emulating the form of the human
hand: anthropomorphic designs interface well with anthropic environments; they are the most
natural teleoperator device; they facilitate comparisons and interchange between biomechanical
and robotic studies; they have purely esthetic advantages in some assistive, prosthetic, and
entertainment applications; they are well-suited for communication by gesture; and finally and
most simply, the human hand seems to be a good design [7, 27, 47, 66, 95].

• Grasp taxonomies. Rather than directly emulating the human hand, several hand designs
address generality by emulating the most common grasp poses of the human hand. Grasp
taxonomies [26, 73, 62] are the perfect source to evaluate the generality of hand designs over
grasp pose.

• In-hand manipulation. The ability to use the fingers to control the six rigid-body degrees of
freedom of an object in the hand. That skill is often called “dexterous manipulation” or “internal
manipulation” [58].

Two of these three elements appear as early as 1962 in the early work of Tomovic and Boni on the
Belgrade hand [84]. They demonstrate the hand’s generality by emulating six of the seven grasp poses
in a taxonomy developed by Schlesinger [73], including palmar, tip, pencil, cylindrical, ball and hook
grasps, but not the lateral pinch. And while they do not explicitly appeal to anthropomorphism, the
Belgrade Hand appears even to have been cast from a human hand, with veins visible on the back.

Okada’s work [65] almost twenty years later explicitly appealed to the example of the human hand,
but Okada’s motivation and examples are more focused on the third element: in-hand manipulation.
Salisbury [71] similarly focuses on in-hand manipulation. In Salisbury’s work, and in numerous
subsequent papers, in-hand manipulation is accomplished by a fingertip grasp, using three fingers to
control the motion of three point contacts. For full mobility of the grasped object, each finger requires
three actuated degrees of freedom, imposing a minimum of nine actuators. While it has been noted that
in-hand manipulation can be accomplished in other ways involving fewer actuators [11, 9], Salisbury’s
approach is amenable to analysis, requiring only the resources of the hand itself, without depending on
outside contact, gravity or controlled slip.

Grasp taxonomies and in-hand manipulation are coupled. Grasp taxonomies often identify two
broad classes of grasps: power grasps (also called enveloping grasps), and precision grasps (also called
fingertip grasps) [62]. In-hand manipulation is usually performed with precision grasps. Salisbury’s
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design [71] was optimized in part for in-hand manipulation, using a specific fingertip grasp of a one
inch diameter sphere. Both the DLR-Hand II [16] and the UPenn Hand [89] are designed with an
additional freedom, allowing the hand to switch from a configuration with parallel fingers, better suited
to enveloping grasps, to a configuration where the fingers converge and maximize their shared fingertip
workspace, better suited to fingertip grasps.

Taken together, these three elements: anthropomorphism, grasp taxonomies, and in-hand
manipulation, have enabled the development of arguably quite general hands. At the same time, they
have driven us towards greater complexity.

One interesting departure is the work of Ulrich and colleagues [88, 86, 89, 87] leading to the
UPenn hand and ultimately to the Barrett Hand [80]. Ulrich explicitly attacked the problem of trading
off generality for simplicity. He defined simple hands as having one or two actuators; and complex
hands as having nine or more actuators. He then defined a new class: medium-complexity hands, with
three to five actuators. He achieved the reduction by explicitly eschewing in-hand manipulation, and
focusing on a smaller set of stereotypical grasp poses, favoring enveloping grasps over fingertip grasps.

Ulrich’s approach also employed underactuation to reduce the number of actuators while retaining
generality. Each finger has two joints driven by a single actuator. The two joints are coupled to close at
the same rate, but a clutch mechanism decouples the proximal joint when a certain torque is exceeded.

Another interesting departure is the work by Hirose and Umetani on the Soft Gripper [43, 44],
which achieves a surprising 18 articulated coupled finger joints. Each finger is an open chain of ten
links, coupled so that the entire chain is driven by just two actuators, and conforms to arbitrary shapes,
even concavities.

Some more recent work has taken a different approach to generality, by directly testing and
optimizing systems to a variety of environments, rather than referencing human hands or grasp
taxonomies. Xu, Deyle and Kemp [93] directly address the requirements of the application (domestic
object retrieval). Their design is based on the observation that the task often involves an isolated object
on a flat surface, and is validated using a prioritized test suite of household objects [19]. Similarly,
Ciocarlie and Allen’s work [21] is tuned to obtain a collective optimum over a test suite of 75 grasps
applied to 15 objects. Saxena, Driemeyer and Ng [72] likewise use a suite of common household
objects. Their work was focused on vision-guided grasping of unfamiliar objects, but their success is
also testimony to generality of the underlying hardware. Dollar and Howe [29] adopt a single generic
shape (a disk) and explore variations in pose.

There is more to simplicity than just counting actuators. As actuators, transmissions, sensors and
electronics improve, and with innovative design of hand structures and component integration, it has
become possible to build more compact and more modular hands. For example, where the Utah / MIT
Dextrous Hand [47] employed 32 remotely located actuators to control its 16 finger, thumb and wrist
joints, the DLR-Hand II [16] has 13 actuators and associated electronics fully integrated into the hand
itself.

2.1 Simple hands

Thus far we have looked primarily at complex hands, but simple hands also have a long history. We
have noted that simple hands in industrial automation applications are often designed for a single shape,
but there are numerous examples of designs for multiple shapes, or for multiple grasps of a single
shape [32, 61].

Some of the earliest work in robotic manipulation exhibited surprisingly general manipulation with
simple effectors. Freddy II, the Edinburgh manipulator, used a parallel-jaw gripper to grasp a variety
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of shapes [3]. Freddy II is also one of the rare robotics research projects to address grasping in clutter.
It used a camera to capture silhouettes of objects. If the objects were in a heap it would first look for a
possibly graspable protrusion, then it would try to just pick up the whole heap, and if all else failed it
would simply plow through the heap at various levels, hoping to break it into more manageable parts.

The Handey system also used a simple parallel-jaw gripper exhibiting impressive generality [53,
54]. It grasped a range of plane-faced polyhedra. Handey addressed clutter by planning grasp poses
that avoided the clutter at both the start and goal, and planning paths that avoided the clutter in between.
It also planned re-grasping procedures when necessary.

Theobald et al. [83] developed a simple gripper called “Talon” for grasping rocks of varying size
and shape in a planetary exploration scenario. Talon’s design involved a single actuator operating a
squeeze motion with three fingers on one side and two fingers on the other. The shape of the fingers,
including serrations and overall curvature, as well as their compliant coupling, were refined to grasp a
wide variety of rocks, even partially buried in soil.

Our gripper concept is similar to Hanafusa and Asada’s [41], who analyzed the stability of planar
grasps using three frictionless compliant fingers. Our work is also close to theirs in our analysis of
stability: stable poses correspond to local minima in potential energy.

Another area of relevant research is the design of modular work-holding fixtures, which was
sometimes also applied to the design of simple hands for particular shapes, and to designs that
accommodate several shapes, or several grasps of a given shape [13, 14, 90, 91, 79]. Broad arguments
in favor of simplicity in industrial automation algorithms and hardware are advanced under the name
“RISC Robotics” [17, 18].

2.2 Object recognition and localization

Others have explored haptic object recognition and localization. Lederman and Klatzky [52] survey
work on human haptic perception, including object recognition and localization. Here we will borrow
the biological terminology distinguishing between kinesthetic sensors such as joint angle, versus
cutaneous sensors such as pressure or contact. The present work employs kinesthetic sensing along
with knowledge of stable poses, both for recognition and localization.

Most previous work in robotic haptic object recognition and localization assumes contact location
data—point data sampled from the object surface, perhaps along with contact normal [36, 39, 2]. While
cutaneous sensing is the most obvious technique for obtaining contact location, it is also possible to
obtain contact location from kinesthetic sensors using a technique called intrinsic contact sensing. If
you know a finger’s shape and location, and the total applied wrench, and if you assume a single
contact, then you can solve for the contact location. Bicchi, Salisbury and Brock [9] explored and
developed the technique in detail. From a very general perspective, our approach is similar to intrinsic
contact sensing. Both approaches use the sensed deformation of elastic structures in the hand, but our
learning approach transforms that information directly to object recognition and localization, without
the intermediate representation in terms of contact locations.

Our work fuses kinesthetic information with information from the system dynamics and controls,
specifically the expectation of a stable grasp pose. Siegel [76] localized a planar polygon using
kinesthetic data (joint angles) along with the knowledge that each joint was driven to some torque
threshold. Our work could be viewed as a machine learning approach to the same problem, extended to
arbitrary three dimensional shapes, using a simpler hand. Jia and Erdmann [49] fused contact data with
system dynamics to estimate object pose and motion, and Moll and Erdmann [60] also fused haptic
data with system dynamics and controls to estimate both the shape and the pose of a body in three
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Table 1: Characterizing manipulation tasks and systems. A check broadly indicates either a task
requirement or a hand capability. While P1 does produce stable grasps across a range of object shapes,
we have not yet tested shape variation in combination with all the other requirements of bin-picking.

Stab
ilit

y

Capture

In-hand manipulati
on

Clutter
Objec

t shape vari
atio

n

Multip
le and defo

rm
able objec

ts

Reco
gnitio

n, local
iza

tio
n

Plac
ing

Pickup Tool X X X X
Bin picking X X X X X X

P1 X X X X X

dimensions.
Another related body of work is called “shape from probing” [24]. In its most common form, the

problem is to determine the shape of a planar polygon by choosing a sequence of probes. For each
probe, you aim a line at the polygon, and the probe returns some data, specifically the first intersection
of the line with the polygon. Among the many variations on this problem, work by Wallack and
Canny [92] and by Jia and Erdmann [48] are closest to our application.

Our approach is related to parts orienting research [40, 51, 37, 18, 33], where the ideas of using
knowledge of stable poses and iterative randomized blind manipulation strategies are well known, and
have even been used in the context of simple hands [56, 37].

3 Design Goals

This section tries to identify a list of characteristics of general-purpose grasping. We have tried to
incorporate design criteria and task requirements most commonly used or referenced in the literature
of hand design and grasping. The eight characteristics we identify—stability, capture, in-hand
manipulation, clutter, object shape variation, multiple/deformable objects, recognition/localization and
placing—are discussed, one by one, in the following subsections.

These eight characteristics are broadly defined properties that might be used to characterize either
the requirements of an application, or the capabilities of a grasping hand. As an example, Table 1
characterizes the bin-picking task, the hardware store gripper, and our prototype gripper P1. By
prioritizing the characteristics we would obtain a taxonomy of tasks and robotic systems. All eight
characteristics have previously been studied, some more than others, but we are unaware of earlier
attempts to organize them as a way of characterizing either tasks or robots.

Ultimately our aim is to refine these characteristics and to associate metrics with them, so that we
can compare robot systems and tasks more precisely, and measure progress of the field in its pursuit
of generality. As it stands, our list of characteristics is imprecise and incomplete, but still it facilitates
discussion of general-purpose grasping.

The set of characteristics has been useful in framing our design goals. Following a similar process
to Ulrich’s design of the UPenn Hand [89], we have identified certain capabilities we are willing to
sacrifice for the sake of simplicity. Unlike Ulrich, we cannot describe our tradeoffs in terms of the well
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known grasp taxonomies, or in terms of in-hand manipulation or even anthropomorphism. Bin picking
has its own requirements and demands for specific tradeoffs. As a consequence, P1 cannot convincingly
emulate any of the usual stereotype grasp poses, and cannot perform in-hand manipulation using just
the fingers. Our grasps are neither power nor precision. The role of the fingers is tactile sensing
and exploration as much as manipulation. Thus the requirements of the application do not align with
previously listed design goals for hand design.

3.1 Stability

Stability can be broadly defined as holding the object without dropping it. Several more precise
definitions are possible, but they depend on the process model and the nature of the disturbances.
There is a substantial literature on stability, exploring several different aspects of grasp stability.

Our approach is similar to Hanafusa and Asada’s work [41], which analyzes the stability of planar
grasps using three compliant fingers, where the fingers roll without friction on the object shape. Stable
grasps correspond to minima in the potential field.

Some previous work assumes that the fingers are fixed, and make point contact with a rigid object,
sometimes including friction. One can then either analyze the kinematic constraints to determine
whether the object has any motion freedom, or analyze the system of contact forces to determine
whether disturbance forces can balanced. Many papers use the terms force closure and form closure,
but with little agreement on their precise meaning [68, 59, 6, 8, 57].

Under the most liberal definitions of force closure and/or form closure, neither suffices for stability.
However, Nguyen [64] showed that with a particular model of fingertip compliance, it is possible to
obtain a stable grasp by assuming a high enough stiffness.

The grasps we explore in this paper do not satisfy the usual force/form closure tests. We use contact
with the palm to yield a planar problem, nominally with three degrees of freedom, and then introduce
frictionless point contacts with our three fingers. The analysis of [69, 70] would show that these grasps
yield a second-order immobilization. Or, more simply, we can analyze stability by identifying local
minima in the potential field.

The second-order nature of our grasps does have practical consequences: the effective stiffness is
zero, meaning that disturbance forces including frictional forces may cause significant deviations from
an expected stable pose, leading to localization noise. While the precision reported in Section 7 is
adequate for some tasks, future designs might benefit from increasing the number of fingers, refining
the finger shapes, or refining the palm shape for improved precision.

3.2 Capture

Capture means that the grasp process terminates with a stable grasp, despite variations in object pose.
One way to characterize a grasp is to measure the set of all object poses from which the grasp succeeds,
called the capture region. Despite the obvious importance of capture, there is relatively little work.
Dollar and Howe [29] optimize their simple gripper design for capture. Monkman [61] notes the
coupling between object pose uncertainty and gripper design in factory automation.

Such examples notwithstanding, capture has been more carefully studied in the context of planning
and control. The capture region of a grasp defines the requirements of earlier operations, so it is
fundamental to planning under uncertainty [55].

It is impossible to discuss capture without addressing some fundamental variations in modeling the
grasp process. In the most general case, grasping is a very messy process, with one complex multi-body
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system interacting with another, through contacts involving friction, impact, and material deformation.
In order to model, analyze, control, and plan this process, simplifying assumptions are necessary.

The simplest set of assumptions is that the object is rigid, its shape and pose are known, and
the robot has precise control of its hand. Then it is possible to choose contact locations, move the
fingers there, and attain a stable grasp. The capture region is trivial in this case—just the singleton set
comprising the object’s known pose.

More realistically, both the object pose and the robot control introduce uncertainty. It is still
possible to simplify the analysis by proposing a reactive control strategy using tactile sensors to move
the fingers to a stable grasp pose, without disturbing the object’s position [81].

So far we have only addressed object priority grasps: the object never moves; all the compliance is
in the hand [35]. The other extreme is called a hand priority grasp: the hand’s motion is determined,
and the compliance is all in the motion of the object.

Hand priority grasps arise in many situations where it may not even be possible to grasp an object
without disturbing it. Dogar and Srinivasa [28] observe that it is often advantageous to move the object
while grasping it, and develop techniques for predicting capture regions for a push-grasp. Brost and
Christiansen [12] pursued a similar approach including an experimentally validated probability density
function describing the likelihood of success as a function of object pose.

The present work employs grasps that are neither hand- nor object-priority. The object moves,
but the fingers must move as well since it is their motion that gives us the information necessary for
recognition and localization.

3.3 In-hand manipulation

In-hand manipulation means controlled motion of a grasped object relative to the hand. The origins of
robotic in-hand manipulation, and its historical role in hand design, are addressed in Section 2.

Salisbury and Craig [71] motivated in-hand manipulation as a mechanism for obtaining fine motion
control. The large motors used to move an arm, and the intervening masses, limit the arm’s role to
coarse motion. But there are many other uses of in-hand manipulation. If the hand cannot adjust the
grasp, it may have to put the object down and regrasp [53, 54]. In-hand manipulation can be important
in manipulating multiple objects and deformable objects, as when dealing with coins or playing cards.
In-hand manipulation is a source of precision, as when aligning the ends of a pair of chopsticks by
pressing them against the tabletop and allowing them to slip in the hand.

Our bin-picking application doesn’t necessarily require in-hand manipulation. And although some
bin-picking systems might use in-hand manipulation, our approach doesn’t, and in-hand manipulation
played no role in the design of our prototype P1.

3.4 Clutter

We define clutter to mean anything that might limit access to the object. Clutter is an important element
of both bin-picking and object retrieval, but in the course of this work we have realized that clutter is
ubiquitous and fundamental. Clutter can affect the design of the robot, the choice of grasp, the robot
path, and almost every aspect of a system. Previous work has seldom addressed clutter explicitly, but
there are exceptions [72, 5, 3, 53].

First consider the effect of clutter on hand design. Suppose you are designing a hand from simple
geometrical elements: planes, lines, or points. If you want to capture an isolated object, stabilize it, and
estimate its location, infinite planes would be ideal. A plane sweeps out lots of space, and captures and
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Application

Elements Grasping Clutter

Planes © ×
Lines 4 4
Points × ©

Table 2: Grasping versus clutter. The better an element is for grasping, the worse for avoiding clutter.
© = good,4 = neutral, × = bad.

stabilizes objects very economically. Four planes in a tetrahedral configuration could squeeze an object
of arbitrary shape and reduce the feasible poses to a small set. This idea is not entirely impractical.
The tilted tray of Grossman and Blasgen [40] used three planes, with gravity instead of a fourth plane,
to provide a universal parts orienting system. You might also view a common table as a variant of the
idea: a single plane moving through space with a constant acceleration of 1g to sweep up all objects
placed above it, in cases where only three degrees of constraint and localization are required.

However, if you are dealing with clutter, planes are terrible. They sweep up everything and avoid
nothing. For clutter, points would be ideal. These observations are captured in Table 2.

Contemplation of Table 2 leads to an impractical approach: a set of levitated independently
controlled points that drift through the interstices of the clutter, approach the object, and then switch to
a coordinated rigid mode to lift the object. Consider the paths that the points follow to reach the object.
If the clutter is unmoving, then those paths remain clear, and we could use hyper-redundant fingers, i.e.
snakes or tentacles, to reach the object. Lifting the object clear of the clutter is still an issue, but the
idea does suggest a practical compromise to address the problem of grasping in clutter: use very thin
fingers, approaching the object along their lengths. The idea is reflected in many common manipulation
tools, such as tweezers and laporoscopic forceps. You might even view the pickup tool (Figure 1a) as
a variant of the idea, a single long thin element from which several fingers deploy. These tools are all
designed for high-clutter environments: the pickup tool for retrieving small parts dropped into difficult
to access places, and surgical forceps for the extreme clutter encountered in surgery.

The main point of Table 2 is that clutter and grasping are in opposition. Grasping is easy, if there is
no clutter. The problem arises from the need to grasp one object while avoiding others. The problem is
not just to grasp, but to grasp selectively.

Almost every grasping problem involves clutter. Even for an object isolated on a table, the table
is clutter. Perhaps the most clutter-free grasping problem is a door knob: an affordance specifically
designed for grasping, mounted on a stalk to minimize clutter. There are only a few cases involving
less clutter, such as catching butterflies or cleaning a pool, where it is practical to sweep the entire
nearby volume with a net.

3.5 Object shape variation

Object shape variation includes two different ideas: Shape diversity, and shape uncertainty. Shape
diversity refers to a hand’s ability to grasp a variety of shapes. Shape uncertainty refers to a hand’s
ability to grasp an object when the shape is not entirely known. For example, an adjustable wrench can
handle any of several size bolts, but you need pliers to handle a bolt of unknown size.

Shape diversity has been a primary concern in the research on general-purpose hands. Salisbury and
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Craig [71] motivated their work by two considerations: diversity of shape, and in-hand manipulation.
Numerous papers have validated their hand designs by demonstrating grasping of a variety of shapes,
much like our Figure 9, and also variation in scale [75]. Talon [83] was tested on a variety of rocks,
and also had a system for rating the graspability of rocks. Standardized databases of shapes [19, 74]
can provide a foundation for comparing grasping systems [93, 22].

3.6 Multiple and deformable objects

Multiple and deformable objects refer to all grasping tasks that go beyond rigid objects: bulk
solids, liquids, multiple rigid objects, articulated objects, and soft objects. Most work on general-
purpose manipulation neglects deformable objects but there are numerous interesting exceptions.
Gopalakrishnan and Goldberg [38] extend the idea of form closure to deformable objects. Aiyama
et al. [1] study grasping of multiple objects. Harada and Kaneko [42] address grasping and in-hand
manipulation of multiple objects. Bell and Balkcom [4] address the problem of immobilizing non-
stretchable polygonal cloth shapes.

3.7 Recognition, Localization

Recognition means identifying one of some given class of parts. Localization means estimating a
grasped object’s pose relative to the hand. A related problem would be estimating the shape of a
grasped object. All of these problems are well established in the robotics literature, independent of our
focus on grasping and manipulation. Even if we restrict ourselves to haptic sensing, there is a well
established literature. Besides the previous work outlined in Section 2, Natale and Torres-Jara [63]
offer data on the use of touch sensors for object recognition.

3.8 Placing.

By “placing” we refer broadly to a variety of downstream requirements: dropping onto a conveyor,
placing into a dishwasher, throwing, assembly, handing off to another (human or robotic) hand, and so
forth. This paper does not address placing, but in a real bin-picking application, or in a domestic object
retrieval application, placing is important.

3.9 Other issues and requirements

There are many different applications of grasping, with wildly varying requirements. Some applications
have product inspection processes integrated with a hand, such as checking electrical continuity of an
automotive part. Others have unusual force or compliance requirements, such as grasping an object for
a machining operation.

We have also neglected numerous other practical requirements: specific requirements for speed,
payload, weight, cost, robustness, suitability for special environments such as space or clean rooms.

4 Approach: Let the fingers fall where they may

This section outlines our approach, illustrated by a classic robotic manipulation problem: picking a
single part from a bin full of randomly posed parts. Our approach is inspired by the pickup tool shown
in Figure 1a, which is very effective at capturing one or several parts from a bin, even when operated
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blindly. Rather than attempting to choose a part, estimate its pose, and plan for a stable grasp, we
propose to execute a blind grasp, let the gripper and object(s) settle into a stable configuration, and only
then address the problem of determining whether a single object was captured and estimating the object
pose. Hollerbach [45] labeled the idea using very similar terms—“in which the details work themselves
out as the hand and object interact rather than being planned in advance”—as grasp strategy planning,
in contrast with model-based planning which computes exact grasp points based on prior knowledge
of the object and environment.

The main problem addressed by this paper is to determine singletude and object pose within the
grasp. We propose to use knowledge of stable grasp configurations to simplify both problems. The
knowledge of those stable configurations is gained through a set of offline experiments that provide
enough data to model the map between hand pose and object pose. This leads to a novel design
criterion: to minimize the number of stable grasp poses, which ultimately has implications on both
gripper design and gripper control.

Our initial gripper concept departs from the pickup tool that inspired it. For industrial bin picking
the pickup tool has some deficiencies, including a tendency to capture several parts at a time, in
unpredictable poses. And while the fingers of spring steel, with the bent tips, and the motion emerging
along their lengths are all very effective and interesting, we want to begin with a design that is easier
to analyze and simulate, and which supports estimation of pose. Our initial concept design has three
rigid cylindrical fingers attached by revolute joints with encoders to a disk-shaped frictionless palm
(Figure 1b). As with the pickup tool, all three fingers are compliantly coupled to a single actuator.

The initial gripper design is not a general-purpose gripper. It is a research prototype, designed to
facilitate exploration of the “let the fingers fall where they may” approach, and to deal effectively with
some other issues, such as penetrating a heap of parts in a bin. The design focuses on that approach,
even to the detriment of generality. Future efforts may address the tradeoffs and compromises required
to incorporate this approach into a true general-purpose gripper or hand.

The key elements of the approach are:

• Low-friction palm and fingers so that for irregular objects there are only a few stable grasp
configurations;

• Blind or nearly blind grasping motions;

• Recognition of the presence of a single object, and pose estimation, from joint encoder values;

• Offline training either in simulation or in the real world;

• Iteration of a reach, grasp, withdraw, and classify strategy, terminating when a successful grasp
of a single object in a recognized pose is achieved.

One important detail is the design of the compliant coupling of finger joints to actuator. It may seem
that blind grasping of unknown shapes requires soft springs and large finger deflections. However, large
finger deflections can yield unstable grasps. See Figure 2 for an example.

Rather than relying on large finger spring deflections to accommodate unknown shapes, we drive
the actuator until some stall torque is exceeded. In our numerical studies of potential energy fields in
the next section, we model this process by a series-parallel compliance. Three stiff finger springs in
parallel are connected in series to a soft motor spring, as shown in Figure 3.

The remainder of the paper reports our numerical, analytical, and experimental results, aimed at
evaluating the efficacy of the approach.
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Figure 2: This simple example illustrates stability problems with large finger spring deflections. If the
finger rest positions are at the disk center, the elastic potential energy field is a saddle. Adding two
more fingers at top and bottom yields a constant potential field and a globally metastable disk pose.
(Units are dimensionless here and throughout the paper, normalized so that the palm radius is 1 and the
motor spring stiffness is 0.01.)

Figure 3: The diagram illustrates the series-parallel compliance squeme used to model the behavior
of the grasp when we drive the motor until some stall torque is exceeded. The spring constant of the
motor, km, and the spring constants of the fingers, kf , are such that kf � km.

5 Stable pose field

Unlike perhaps all previous work, we seek to minimize the number of stable grasp poses, in order to
maximize the information implied by the existence of a stable grasp. Ideally there would be exactly one
non-trivial local minimum in the elastic potential energy field. (By “non-trivial” we mean to exclude all
out-of-reach poses with no finger contact.) With our prototype gripper P1 this ideal cannot be attained,
due to the symmetric arrangement of the fingers. Whether there is any hand design, and any object,
which attains the ideal of a single minimum is unknown. The related problem of an object with a single
stable pose on a horizontal plane in a gravitational field has only recently been solved [31].

For the case of P1, the ideal of a single local minimum cannot be attained. But the question remains,
how close can we get? In this section we example the stable pose fields of several different objects of
varying scale.

Our model of P1 is a planar frictionless palm, and three frictionless line segment fingers, with the
compliant coupling ilustrated in Figure 3.

To calculate potential energy for a given shape at a given pose, the first problem is to determine
which fingers are in contact, which can be formulated as a linear complementarity problem [67]. The
naive algorithm is exponential in the number of contacts, but 23 is only 8, so we embrace naiveté. We
examine every possible combination to find the one that yields positive finger deflections for the fingers
in contact, and no penetration for the fingers not in contact. Given the corresponding finger and motor
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spring deflections, potential energy is calculated by summing the elastic potential energy across all four
springs.

Figure 4 shows the potential energy field for a sphere of varying scale, projected onto the x − y
plane. Symmetry dictates that the potential will be constant with rotation of the sphere, and stability
with z translation is straightforward if the gravity vector is vertical (up or down) and the weight is small.
It follows that the stable grasp determines translation but not rotation. The figure also shows that there
are limits in scale. The small ball is stabilized only by assuming extremely small finger deflections,
with correspondingly high stiffnesses.

Figures 5 and 6 show the potential field for a grasped cylinder. We examine only the planar
configuration space for the cylinder, parameterized by (x, y, α). (For the idealized model of P1,
the only out-of-plane stable pose would be standing on end.) In Figure 5, the planar configuration
space is projected onto various two-dimensional subspaces, so that the potential field can be displayed.
Figure 6 shows some level sets of potential energy, plotted against the full three-dimensional planar
configuration space. Due to the translational symmetry of the cylinder, local minima are not isolated
points in the configuration space, but line segments in the x–y plane, with constant α. The potential
surfaces in Figures 5a and 5b are ruled surfaces, except when a finger contacts the end of the truncated
cylinder. Each subfigure of Figure 5 includes a local minimum of the potential field, corresponding to
one of the two most stable grasps of a cylinder: the cylinder aligned with the direction of one of the
fingers or the cylinder perpendicular to one of the fingers. These are, in fact, the two most frequent
poses observed in the experiments described in the next section.

The last example shape is a polyhedron (Figure 7). We examine a planar configuration space
obtained by assuming one large face is in contact with the palm. The figure shows level surfaces of the
potential field. As expected with an irregular object, the stable poses are isolated points (Figure 7).

It isn’t known whether an irregular polyhedron exists that would not produce isolated stable poses.
One illustrative example is an interesting singular shape developed by Farahat and Trinkle [34], which
could exhibit planar motions while maintaining all three contacts without varying the finger angles, but
Farahat and Trinkle’s example does not correspond to a stable pose of P1.

6 Experimental prototype

This section describes the design and construction of P1, a gripper prototype (Figure 8) based on the
proposed simple hand concept. The main purpose of the gripper is to assess the ideas presented in
Sections 3, 4 and 5. The three main guidelines followed in the design are:

• A circular low friction flat palm. Avoiding friction is meant to produce fewer stable grasp poses
and wider capture regions which ultimately facilitates grasp recognition and localization. The
palm is covered with a thin sheet of Teflon.

• Three thin cylindrical fingers arranged symmetrically around the palm. Three is the minimum
number of required frictionless contacts to produce a stable grasp in the plane for several objects.

• All three fingers are compliantly coupled to a single actuator. Between the actuator and each
finger there is a torsion spring that gives the desired compliance to the gripper.

While we are interested in the behavior of the gripper across different scales, we chose the
dimensions of P1 so that we could build it with off-the-shelf components. The palm was laser cut
measuring 4 inches in diameter. Fingers are made out of 3/16 inch stainless steel rods measuring 2.5
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Figure 4: Potential fields for small offsets. The lower half of the figure is zoomed. The spring
deflections are π/10 for the large and medium spheres, π/10, 000 for the small sphere.
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Figure 5: 2D slices of the potential energy of the grasp of a cylinder. (a) X-Y Slice: Cylinder is parallel
to one of the fingers. (b) X-Y slice: Cylinder is perpendicular to one of the fingers. (c) X-α slice: Y is
constant and equal to zero and the cylinder moves in X and rotates from 0 to π.
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Figure 6: Three isocontours of the potential energy of the grasp of a cylinder close to the minimum
potential.
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(a) (b) (c)

Figure 7: Potential function for the simple gripper grasping a prism formed by extruding a triangle
with side lengths of 3, 4, and 5. Height of the prism is one. The plot (b) shows three closed contours
enclosing isolated potential wells corresponding to three stable grasps obtained with the prism flat
against the palm. There will be at least three more isolated stable grasps when the triangle is flipped
over, and there may be other stable grasps we have not identified. The plot (c) is a closer view of one
potential well, with some additional contours plotted.

Figure 8: Two views of P1, our implementation of the simple hand concept.

inches long. The gripper is actuated by a DC motor that, through a series of gears, transmits the power
to the three fingers. The actuator is controlled open loop and driven to stall whenever we want to grasp.
While all of our bin-picking experiments are with whiteboard markers, Figure 9 suggests that P1 will
work with a variety of objects.

Experiments reveal some discrepancies between P1 and the idealized model described in Section 4.
In order to avoid stall configurations of the hand with triple fingertip contact we introduced an offset of
a few degrees between the resting positions of the three fingers. The knuckle or hub of the fingers also
proved to be an interference during the grasping process.

17



P1 is a minimal implementation of the proposed simple gripper and only the first of a series of
prototypes to come. Still, it has been useful in two ways. First, it has helped us to realize the importance
of the mechanical design as part of the search for simplicity, in particular that we should also address
complexity of fabrication. At the same time, P1 has allowed us to verify or refine some of the ideas
that arise from the theoretical study of stability in Section 5.

Figure 9: P1 providing stable grasps for different objects.

7 Experimental results

In this section we test the performance of P1 in a bin-picking scenario (Figure 1b). We have selected
bin picking because of the many challenges it presents, and because of its similarity to object retrieval
for a domestic service robot. A hand that addresses bin picking, for a variety of different object shapes,
might be a good candidate for retrieving an object from a cluttered kitchen drawer.

Bin picking is a challenging grasping application, combining high clutter with high pose
uncertainty. It has been the focus of numerous research efforts for several decades, yet successful
applications are rare [46, 82, 10]. Ironically, while we selected bin picking in part because of the high
uncertainty, many researchers deprecate factory automation for the lack of uncertainty.

In our experiments the goal is to blindly grasp an object from a bin full of identical objects, and
determine the outcome from sensor readings. We evaluate the performance of P1 in two subtasks:

• Grasp Classification: distinguish grasps that hold a single object from grasps that do not.

• In-hand Localization: if a single object is grasped, estimate its pose.

We attached P1 to a 6-axis industrial manipulator, and programmed it to move the gripper in and
out of the bin full of markers. We hand labeled successful and unsuccessful grasps, providing ground
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truth of both the number of markers and the pose of a single marker. We collected the data from 200
repetitions of the experiment. Figure 10 shows a small collection of representative grasp types.

Next we show the results of the experiments both in grasp recognition and localization.

7.1 Grasp Recognition: Object singulation

In this experiment we train a classifier to recognize the number of markers grasped, and evaluate the
classifier’s accuracy.

We will call a grasp successful if it acquires a single marker and failed otherwise. Our primary
concern is not the frequency of successful grasps, but the ability of the system to differentiate them.
Table 3 shows the distribution of the number of markers grasped during the 200 trials. We hand-
designed the path that the gripper follows to get in and out of the bin. To deal with clutter, while
approaching the bin, the gripper oscillates its orientation along the vertical axis with decreasing
amplitude. During departure the gripper vibrates to reduce the effect of friction and settle the object
closer to the potential energy minimum.

0 markers 1 marker 2 markers 3 markers
57 83 43 17

(28.5%) (41.5%) (21.5%) (8.5%)
X

Table 3: Results of singulation experiments. Distribution of the number of markers grasped.

In order to model the map between sensor inputs and sucessful/failed grasps, we trained a Support
Vector Machine with a Gaussian kernel [25, 15]. The classifier constructs a decision boundary in
the sensor space—the three finger encoder values in the case of P1—by minimzing the number
of misclassifications and maximizing the margin between the correctly classified examples and the
separation boundary. Figure 11 shows the separation boundary found by the classifier.

To evaluate the performance of the system we randomly divide the dataset into two subsets of
equal size, training and testing. We train the classifier with the first set and evaluate its accuracy by
predicting success/failure on the grasps in the second set. The hyperparameters C and γ are tuned with
leave-one-out cross validation on the training set. After several iterations of the randomly dividing the
data, training the classifier and estimating its accuracy, the average accuracy obtained was 92.9%.

For the singulation system to be useful in a real bin-picking application it should be optimized to
maximize precision—the ratio of true positives to those classified as positive—even to the detriment of
recall—the ratio of true positives to the total number of positive elements in the dataset. Figure 12
shows the relationship between precision and recall, obtained by varying the relative weights of
positive and negative examples when training the SVM. By choosing a working point with high enough
precision, the system can potentially be turned into a rather slow, but accurate singulation system by
rejecting all but the most confident outcomes.

7.2 In-hand Localization: Pose estimation

In the second part of the experiment we estimate marker pose. We limit the analysis to those grasps
that have correctly isolated a marker, and suppose that it lies flat on the palm of the gripper.

The objective is to estimate the orientation of the marker, up to the 180 degree symmetry of the
marker. We divide the set of successful grasps into training and testing sets and use Locally Weighted
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Figure 10: Representative grasp types. The first row shows one-marker grasps. Within the first row,
the second case has two point contacts and one line contact, while the first and third cases have three
point contacts. The distinction between the first and the third cases is whether the fingers close where
the cap meets the body of the marker. First and second grasp examples in the first row correspond to
the two stable poses revealed by the stable pose field analysis in Figure 5 (a) and (b). The second and
third rows show two- and three-marker grasps.
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Figure 11: Perspective view and 2D projection, showing the decision boundary found by the Support
Vector Machine in the space of finger encoders in degrees. Dots inside the closed region are grasps
classified as successful.

Regression [23] with a Gaussian kernel. That is, the orienation of the marker is estimated as a weighted
average of the orientation of the markers in the training set, where the weights vary exponentially with
the distance between training and testing grasps in the input sensor space. Grasps that are closer in
sensor space will have more weight when estimating the orientation.

Using leave-one-out cross validation, the average error is 13.0◦. Figure 13 shows both the linear
histogram of the error and its distribution in a polar chart.

As in the previous section, we can be more conservative and allow the system to reject outcomes
if its confidence is low. We monitor the distance of any given testing grasp to the closest neighbors in
the sensor space. Whenever that distance is too big, it means there is insufficient information to infer
marker orientation confidently. By setting a threshold on that distance we can effectively change the
tradeoff between average error and recall as shown in Figure 14.

By using an appropriate working point in the plot of Figure 14 we can lower the average error
at the cost of having to discard not recognizable grasps. Figure 15 illustrates the result where we
have selected a confidence level yielding an expected error of 8◦. The left half of the figure shows
the singulated grasps, and the right half shows the same grasps after a rotation to make the marker
horizontal. Deviations from the horizontal correspond to errors in the regression.

8 Conclusion

Generality will always be out of reach. Even the most general known hand—the human hand—
has to be augmented with many different tools to perform the tasks of interest to humans. Current
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Figure 12: Precision/Recall plot of the singulation detection in the bin-picking application.
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Figure 13: Linear and polar histogram of the errors in degrees obtained during the regression of the
orientation of the marker.

autonomous robotic systems are at the opposite extreme, unable to exhibit even modestly general
behavior, regardless of the potential generality of the hardware.

We have learned many lessons from our analysis, simulation, and experiments. There is a disparity
between the performance of the pickup tool, which inspired our design, and the results we obtained
with our design. It became evident from the first five minutes with our prototype that friction would
be a problem, exacerbated by indentation of plastic or wood objects by our hard thin steel fingers.
Further, the use of three fingers on smooth or convex polyhedral objects implies higher-order contact.
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Figure 14: Tradeoff between the average error in estimating the orientation of the marker and the recall
of a system.

Nonetheless the experimental results are encouraging. We were surprised by the rate at which the
gripper acquired, recognized, and localized single objects.

This paper focused on a “grasp first, ask questions later” approach. Blind grasping, expectation
based on training, and haptic sensing are combined to address a realistic manipulation problem with
high clutter and high uncertainty. The approach leads in interesting and novel directions, such as using
a slippery hand to minimize the number of stable poses. While slipperiness may not really be a good
idea for a general-purpose hand, the insight is valid: sometimes stability and capture are not the highest
priority. Broad swaths of stable poses in the configuration space can work against recognition and
localization.

This suggests an important next step, which is to address another task domain. While we feel we
have learned something about generality by addressing bin picking, it has led us in directions that might
prove limiting in other task domains. One example is the use of frictionless hands, and our neglect of
power grasps. While our experiments showed that capture and stability are adequate for the bin picking
task, in other task domains that may not be so. As a first attempt to address other domains, we have
begun to explore the utility of our approach with a Barrett Hand in a domestic object retrieval task.

There are several other directions for future work. Regarding the simple gripper design, the most
obvious is suggested by using Table 1 to compare P1’s capabilities with the bin-picking requirements.
P1 lacks a checkmark where bin-picking has one: placing. P1 needs a placing capability. Obviously it
can just drop the part, but if the singulation and localization are to serve a purpose, it needs to place the
part more carefully. Other directions for future work include morphology, including palm and finger
form, and number of fingers.

Finally, a more objective and refined understanding of the dimensions of generality would help
to make tradeoffs between generality and simplicity when designing a robotic hand. The field would
benefit from a consensus on measures of generality to enable comparison between specific hand designs
or task domains.
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(a) Random subset of successful grasps (b) Grasps after orientation correction

Figure 15: Orientation correction: Images of the grasps have been rotated based on their estimated
orientation in order to orient the marker horizontally.
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