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Abstract

This paper proposes a novel type of grasping strategy that draws inspiration from the role of touch and the
importance of wrist motions in human grasping. The proposed algorithm, which we call Sequential Contact-based
Adaptive Grasping, can be used to reactively modify a given grasp plan according to contacts arising between the
hand and the object. This technique, based on a systematic constraint categorization and an iterative task inversion
procedure, is shown to lead to synchronized motions of the fingers and the wrist, as it can be observed in humans,
and to increase grasp success rate by substantially mitigating the relevant problems of object slippage during
hand closure and of uncertainties caused by the environment and by the perception system. After describing the
grasping problem in its quasi-static aspects, the algorithm is derived and discussed with some simple simulations.
The proposed method is general as it can be applied to different kinds of robotic hands. It refines a priori defined
grasp plans and significantly reduces their accuracy requirements by relying only on a forward kinematic model
and elementary contact information. The efficacy of our approach is confirmed by experimental results of tests

performed on a collaborative robot manipulator equipped with a state-of-the-art underactuated soft hand.
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1 Introduction

Despite the recent advances in robotic grasping
research, robots are still far behind humans in their
ability to grasp objects. Traditionally, robotic grasping
relies mainly on a priori knowledge of the object
to grasp. Different approaches for planning grasps
exist in literature. The class of model-driven methods
aims to compute the exact fingertip positions for
a stable grasp. When the knowledge of the object
is precise, these techniques achieve some degree of
optimality (Bicchi 1995). On the other hand, data-
driven approaches provide feasible grasping strategies
even without object and environment models, at
the cost of extensive training campaigns to collect
sufficient examples (Bohg et al. 2014). Ultimately, both
approaches may underperform because of imperfect
modeling or inadequate training. This can lead to failure
when combined with how computed plans are usually
executed: in open-loop, i.e. blindly to small variations
of shape or posture of the object (Saxena et al. 2008).
Observations of human grasping indicate that also our
grasp plans are far from being perfect. Nevertheless, in
our everyday experience, they are much less prone to
failure because humans correct their plans with contact
feedback. Remove the sense of touch, as in the famous
experiment by Johansson and Westling (1991), and
failures become much more frequent.

Inspired by observations such as the above,
several authors explored the idea of implementing
reactive grasp in robots. Many studies addressed the
redistribution of contact forces to avoid the risk of
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slippage due to external force disturbances: for example,
see (Kumar and Waldron 1988; Bae et al. 2012).
A few authors considered replanning grasp strategies
based on sensory outcomes of the execution of nominal
plans. For instance, Hsiao et al. (2010) employed
fingertip sensors and a simple heuristic rule for grasp
adjustment. Similarly, Dang and Allen (2014) resorted
to a database relating stable grasps to tactile feedback
for performing post-hoc grasp adjustments. A quite
distinct approach, by Bianchi et al. (2018), relied on
contact sensors to autonomously choose the strategy
to grasp an object handed over by an operator from
a categorized set of hand-over actions observed in
humans. Notably, Fan et al. (2018) tackled the issue
of object pose error. A state machine switches between
different control methods during the various phases
of the grasp action. In the first phase, the outcome
of a preliminary execution of a grasp plan yields
an estimate of the pose error. From this, the robot
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Figure 1. The intuitive idea behind the Sequential
Contact-Based Adaptive Grasping: the hand follows a
reference closure pattern until a contact occurs. Then, the
hand pivots around the contact point so as to maintain it
fixed, until a second contact is obtained. This procedure is
iterated and eventually leads to an enveloping grasp of the
object.

computes some compensation for the motion of the
fingers, leading to a new grasp plan. In a second phase,
the hand returns to the initial position to execute
the new grasp. Also the work done by Su et al
(2012) proposed an interesting method to deal with
uncertainties in object positioning: it executes a nominal
grasp plan incrementally finger by finger until achieving
all contacts. Our approach combines some ideas of
the mentioned methods and progress from them by
introducing reactive modifications of plans during their
first execution exploiting the information coming from
contacts.

This paper proposes a strategy to improve the
execution of a given grasp plan to tolerate object-pose
uncertainties. We leverage tactile feedback to reactively
refine the plan by generating suitable compensatory
motions using the wrist. These motions aim at
mitigating the perturbation phases that the hand causes
on a displaced object if the nominal grasp plan is
executed in an open loop. This leads to a measurable
increase of the grasp success rate when the object pose
is uncertain.

Our strategy relies on a quasi-static analysis of
grasping to compute contact forces, as contacts are
sequentially acquired. We translate the competing goals
of (i) maintaining contacts and (ii) restricting the
magnitude of contact forces into constraints on the
trajectory of the nominal grasp plan. The original plan
is modified accordingly and iteratively to continue the
grasping action and reduce object perturbations (see
Figure 1). The sequential acquisition of an increasing
number of contacts eventually leads to an over-
constrained set of equations, which does not admit exact
solutions but only relaxed ones. Therefore, we discuss
how different prioritization policies affect the strategy
comparing them under different conditions. Relaxing
the solutions loosens the accuracy requirements of the
grasp plan to be executed. An important application of
this is to avoid the complexity of contact force planning
when using soft robotic end effectors. Our algorithm
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achieves this by choosing a prioritization policy, which
exploits the elasticity of the hand and lets the finger
motions drive the creation of the contact forces.

The method we present is general and applies to
any robotic hand or gripper. Nevertheless, it is more
beneficial for robots with sufficient degrees of freedom,
which allow the adaptation of the grasp policy according
to the contact constraints. Moreover, while our strategy
can account for complete grasp plans, it requires only a
minimal one for efficient grasping.

In principle, our algorithm can wuse fingertip
force/torque sensors to define a proper feedback to the
grasp plan. In practice, it performs successfully based on
the sole implementation of elementary contact detection
and acceptably accurate modeling of the robotic hand.
Experiments with a soft robotic hand show that, when
compared to a typical open-loop approach, the proposed
algorithm increases grasp success rate, tolerating large
object positioning errors, even for simple grasp plans.

The paper is organized as follows. In Section 2,
we discuss the state of the art in robotic grasping.
Subsequently, in Section 3, we introduce the relevant
mathematical aspects of grasp analysis and give a formal
description of the problems we aim to tackle. Thereafter,
Section 4 explains the basic idea behind our approach
and its mathematical formulation, which utilizes a task-
based solution. Simulations aimed at systematically
discussing the task prioritization and leading to some
relevant insights are presented in Section 5. Section 6
describes the conducted experimental evaluation and
Section 7 discusses the relevant results, advantages,
and limitations of our approach. Lastly, conclusions are
drawn in Section 8.

2  State of the Art

Grasping and manipulation literature is quite vast,
spanning from motor neurosciences to robotics. Far from
hoping to be complete, we review some relevant works
from these fields that tackle the specific problem of grasp
planning and execution.

2.1 Grasp Planning

As hinted at in Section 1, we can identify two major
approaches to planning grasps in robotics literature:
model-driven and data-driven methods.

Model-driven techniques approach the problem by
borrowing the instruments of analytical mechanics. Such
techniques aim to describe every major aspect of grasp
kinematics and statics and search for a mathematical
solution. Model-driven methods lead to a form of
grasping, which is often referred to as dexterous, and
usually aim at defining exactly where to position
fingertips and which forces to apply. Often, these
two objectives are treated as separate sub-problems:
choosing the contact points and planning forces.

The work by Li and Sastry (1988) is an early example
of task-oriented optimal grasping points computation
for multi-fingered robotic hands. The authors use basic
screw theory and differential geometry to characterize
the grasp stability and evaluate it by means of quality
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measures. Two other quality criteria, introduced by
Ferrari and Canny (1992), consider total and maximum
finger forces for finding optimal force-closure grasps.
While the mentioned works rely on optimization
strategies, other authors proposed geometrical methods.
For example, Nguyen (1988) proposed an algorithm to
construct force-closure grasps for objects with polygonal
or polyhedral shapes. Instead, Markenscoff et al. (1990)
studied the design of form-closure grasps for 2D and 3D
objects with piecewise smooth boundaries.

Once contact points are chosen, the restraining phase
is designed by planning forces. Several approaches are
available; notable works are (Kerr and Roth 1986) and
(Buss et al. 1996). The former addresses the design of
internal grasp forces through a linear program to enforce
constraints on friction cones and finger joint torques.
The latter proposes a force optimization method that
reduces the fulfillment of the nonlinear friction and
force-balancing constraints to the positive-definiteness
of a matrix subject to linear constraints.

The main advantage of model-driven techniques lies
in the guarantee of quality /optimality of the planned
grasp (Bicchi 1995). However, they require a precise
model of the object and accurate control of sophisticated
multi-fingered hands; these are often hard to achieve in
practice.

Data-driven grasp planners embrace the problem
differently. Sahbani et al. (2012) divide such approaches
into object-centered and human-observations-based
categories. Examples of the former include Dex-Net
1.0 (Mahler et al. 2016) and Dex-Net 2.0 (Mahler
et al. 2017). Both use Multi-View Convolutional
Neural Networks (MV-CNNs) and Grasp Quality
Convolutional Neural Networks (GQ-CNN) to perform
3D object classification and predict successful grasps.
Instead, the latter category (i.e. human-observations-
based techniques) includes learning by demonstration
approaches, in which the robot reproduces/generalizes
some trajectories obtained from a human performing
the grasping task. Two examples are (Ekvall and Kragic
2004) and (Romero et al. 2009). For a complete survey
refer to (Sahbani et al. 2012).

The most recent data-driven grasp candidates seem
to be able to cope not only with execution errors
but also, to some degree, with perceptual uncertainties
(Bohg et al. 2014). Nevertheless, data-driven grasp
plans do not assure formal guarantees on the criteria
of equilibrium and stability and usually require heavily
time-consuming training sessions (Bohg et al. 2014).

Besides the mentioned differences, both model-based
and data-driven algorithms fall short when dealing with
very little or no a priori information about the object.
Neither it is possible to calculate fingertip positions if a
model of the object is not available, nor it is simple to
extend approaches derived by data to an object, of which
data is not available for training. This makes grasping
an unknown object a challenging task. One possible
solution is to use visual sensing to get approximate
information about the object and environment, to guide
the computation of grasp-pose candidates online. Such
an algorithm, trained via supervised learning to identify
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good grasp locations given two or more images of the
object, is proposed in (Saxena et al. 2008). Nonetheless,
the authors point out how “even a small error in the
grasping point identification causes the arm to hit and
move the object, resulting in a failed grasp attempt”.

2.2 Grasp Execution

By observing how humans manipulate objects, it
emerges how our hands adapt to the object and take
advantage of the environment during grasping tasks
thanks to their inherent compliance (Eppner et al.
2015). Indeed, one of the latest trends in robotics is
the design of underactuated and soft hands, such as
the SDM Hand (Dollar and Howe 2010), the RBO
and RBO 2 Hands (Deimel and Brock 2013, 2016),
the Pisa/IIT SoftHand (Catalano et al. 2014) and the
CLASH hand (Friedl et al. 2018). All these combine
reduced hardware complexity with increased compliance
and feature improved grasp robustness. Therefore, while
planning grasp for traditional dexterous hands requires
accuracy in computing both the fingertips positions
and the amount of contact force, grasping with soft
hands requires only minimal grasp planning and visual
processing to solve various tasks (Krahn et al. 2017; Al-
Tbadi et al. 2018).

This notwithstanding, there are still open issues
caused by the inefficiency of the state-of-the-art
grasping strategies. A primary cause is that most robots
often execute grasp plans in an open loop. Leaving
the pre-computed grasping motion unchanged once the
plan execution starts reduces control complexity but
often leads to early or inaccurate hand-object contacts
- possibly caused by errors in perception or actuation -
and ultimately to unaccounted object motions (Hogan
et al. 2018). In the case of traditional robotic hands,
open-loop execution of plans almost always leads to
grasping failure. Instead, soft hands might still achieve
robust grasps thanks to their “mechanical intelligence”
(Odhner et al. 2013). Nevertheless, this is not always
the case. The example in Figure 2 shows how reduced
precision in object-pose estimation or robot control
can still cause the object to slip away during a grasp
attempt.

Presumably and in our opinion, tactile reasoning,
haptic exploration, and contact feedback are necessary
to achieve an efficient and robust grasping strategy.
It is manifest in everyday life how humans avoid
object slippage using their sense of touch and by
controlling the fingers that contact the object during the
grasping action. Indeed, neurological studies highlight
the importance of the sense of touch that, together
with vision, plays a critical role in human grasping and
manipulation (Flanagan et al. 2006). Tactile cues have
much more influence than visual information on the
evolution of human hand posture during grasping, even
when grasping subjects do not see the object (Santello
et al. 2002).

An early example of contact sensing usage in
robotic grasping is (Howe et al. 1990). Therein,
tactile sensors are used to detect events that mark
the switching between the different grasping phases.
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(a) Early contacts cause the (b) Thumb finger contacts
little and ring fingers to push the bottle early; the finger

back the apple, thus
preventing the thumb to
create opposition.

slides on its surface leading
the object to incline further
and fall.

Figure 2. Two different objects slipping out of the grasp
while the Pisa/IIT SoftHand (Catalano et al. 2014) closes
due to an erroneous positioning of the robotic hand. This is
a common cause of failure in the case of soft grasping.

Tactile exploration is also being used to extract grasp
hypotheses for dealing with unknown objects: Bierbaum
et al. (2009) implemented this idea using dynamic
potential fields. Hogan et al. (2018) employed tactile
sensing to compute re-grasp policies for improving grasp
quality. Tactile feedback becomes even more relevant
while using soft hands, for which sensory feedback
considerably aids in grasping unknown objects (Natale
and Torres-Jara 2006).

Notwithstanding the vast literature regarding tactile
feedback in robotics, the problem of detecting
interactions between the object and the robotic hand
is part of ongoing research. Such a problem is relevant
for soft end effectors since the elasticity of these devices
makes contact detection more complex. Kappassov et al.
(2015) provide a comprehensive review of available
methods and issues in implementing tactile feedback for
robotic hands.

In addition to the sense of touch, wrist motions
play a fundamental role in human manipulation. They
are responsible for precise hand adjustments and for
reaching difficult positions (Montagnani et al. 2015; Ma
and Feldman 1995). Several other studies underline in
detail the importance of wrist movements as humans
perform grasping every day: Caumes et al. (2019)
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and Ambike et al. (2014) show how fingers-wrist
coordination and wrist motions play a critical role
in generating and controlling grip forces. Moreover,
Santello et al. (2002) observe how the human hand-
wrist posture varies when contacting the object. These
variations “could have resulted from adjustments in the
points of contact of the fingers and/or from a gradual
molding of the entire hand to enclose the object”
Despite these evidences, very few works exist in the state
of the art of robotic grasping that make explicit use of
wrist movements.

3 Problem Description

Consider a robotic hand grasping an object, as shown
in Figure 3. Grasping is intrinsically dominated by
generalized forces equilibria (Prattichizzo and Trinkle
2016). We follow the analysis of such equilibria described
by (Farnioli et al. 2016). All the basic definitions and
notations are given in detail in Appendix B and reported
in short in Table 1.

Figure 3. A simplified illustration of a robotic hand
grasping a spherical object. The relevant contact frames
and wrenches are shown. See Appendix B for the definition
of these entities.

From a static analysis of the forces acting on the
system, the following equations hold:

a. Equilibrium of the fingers: the joint torque vector
T balances the contact wrenches f€¢ as

T=J THTfe. (1)

b. Equilibrium of the wrist: the wrench on the robot
wrist w® balances the contact wrenches f€¢ as
follows

w¥ =TTHTf°. (2)

c. Equilibrium of the object: the wrench acting on
the object w® balances the contact wrenches f¢
so that

w’=-GHTf°. (3)

If we assume the hand joints to be compliant and
model the contact interactions between the fingers and
the object with elasticity, we get the following:

d. Elastic joint model: the joint torque vector 7 is
a function of the deflection between the reference
joint configuration g, and the actual joint position
q as

T =Kj (g, — q). (4)
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Table 1. Main Symbols Lookup Table. For detailed definitions please refer Appendix B.

Description ‘ Symbol ‘ Space ‘ ‘ Description ‘ Symbol ‘ Space
Number of fingers ny R Wrist wrench w® RS
Number of contacts Ne R Object wrench w® RS
Number of joints n; R Contact Jacobian Je RO™exnj
Number of selected components t R Grasp matrix G IR6*6:ne
Dim. of synergistic actuation N R Pole change matrix T IR6 e x6
Joint configuration q R" Selection matrix H Rt ™ex6:mc
Joint reference qr R™i Contact stiffness K. Rt e Xt ne
Synergy configuration o R"s Joint stiffness K; R™ X"
Joint torque T R"™ Synergy matrix S R™i X"
Synergy forces n R"s Contact constraint matrix Ak, Rt exn;t6+6
Contact force fe Rt e Fundamental grasp matrix P R"eXce
Wrist configuration rv RS Wrist velocity to twist transforma- Lw IR6*6
tion
Object configuration r° RS Object velocity to twist transfor- L° IR6*6
mation
Contact configuration re RS e Task for hand reference Th -
Wrist twist 3 RS Task for wrist reference Tw -
Object twist £° RS Task for contact force reference Tr -
e. Hand-object interaction model: the contact manifold yields analogous equations in the tangent

wrench f€ depends on the (very small) deforma-
tion 6: #° between the nominal hand-contact point
frame C/ and the nominal object-contact point
frame CY as

f¢=K.H§%e. (5)
In (4), Kj; is the matrix collecting all the joint
stiffness values: usually Kj; = diag(kj,,kj,,- - ,kjnj),
where kj;, is the stiffness of the " joint. In (5),
0¢fe is a vector collecting all the relative contact
frame displacements 6?"’, each being a 6D-vector
containing a non-singular parametrization of the small
displacement between Cif and C?, which can be
written as a function of the hand joints g, the wrist
pose 7, and the object pose r° (See Appendix B).
Finally, K. is the complete contact stiffness matrix
K. = diag(Kc,,Ke¢,, - ,Ke,_ ), where K., is the
stiffness of the *P contact and n. is the number
of contacts. Notice that the presence of the contact
selection matrix H yields that the contact wrench f¢ €
Rt-nc.

The system formed by (1) to (5) represents the
nonlinear equilibrium manifold of the grasping system.
All physically feasible interactions between the robot
and the object solve this system®. Therefore, any action,
including a grasp plan, can be specified in terms of the
set of variables

° (6)

Finding an explicit solution of the system of nonlinear
equations (1) to (5) is hard, except for some trivial cases.
Differentiation with respect to time of the equilibrium

{q'm ,',,w’ r, T, w'w, wo, q, .fc }
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velocity space (Farnioli et al. 2016)

F-Qig— RILYEY —UIL°¢° —J.THTf¢ =0 (7)

W — Qg — RILWE™ — UPLO¢° — TTHTfC =0 (8)

Ww° + UIL°E® + GHTf¢ =0 (9)
‘f‘—qur-l-Kj(j:O

(10)

.

f¢— K.HJ.G— K.HT¢™ + K.HGT¢°

Here, the new matrices

i L QUTHTSY) o O(TTHTS)
dq dq
i OUTHT) . O(TTHTS)
ar® ar®
T T (12)
i OUTHTES) L, O(TTHTS)
or® or°
o _ OGHTS)
or°®

map infinitesimal variations of the configuration of the
object (r°), wrist (r*), and hand (q), into variations
of the contact force (f¢) mapped onto the hand joints
(Q), robot wrist (R), and object (U) due to changes in
the contact Jacobian (J.), grasp matrix (G), and pole
change matrix (T).

*In general, the other way around is not true because of contact
friction constraints, robot actuation limits, etc.
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By defining the vector of grasp variables

d= [qu ng £OT FT ®T w°T T fCT}T, (13)

equations (7) to (11) can be rewritten in matrix form as

&d = 0. (14)

Here, ® ¢ IR"**“® is known as Fundamental Grasp
Matrix and its complete expression is shown in (15).
The number of rows (rg) and columns (cg) of ® are

re =nj +6+6+n;+1t-n

(16)
nj+6-+6+n;+6+6+n; +t n.

Co

Any continuous solution to the system of equations
(1) to (5) yields a trajectory of the variable d in (13)
that solves (14). Grasp trajectories are no exception.

Definition 1. A “completely specified grasp plan” is a
set of desired trajectories, given in terms of

. . . . . s C
{q'l‘da 55’7 537 Td, wdw7 wdo7 qd, .fd }7 (17)

which satisfies the Fundamental Grasp Matrix relation
(14) at each instant.

The above definition means that (17) should belong
to the nullspace of ® at each instant and, thus, can be
written using a basis T' € IR *“F of the nullspace N (®),
where rr and cr are the number of rows and columns of
T respectively.

In most of the practically relevant cases, ® has
full row rank, i.e rank(®)=rg. It can be verified
analytically that the Fundamental Grasp Matrix loses
rank only in pathological situations (Farnioli et al. 2016)
- e.g. when the contact Jacobian J. becomes singular.
Therefore, the number of rows and columns of I" are

T = Co,

(18)
CF=C<1>—7“<1>:TZ]‘+6+6.

Remark 1. When rank(®)=re, a number of cr
components from d (13) are sufficient to uniquely
specify a solution to (14).

A completely specified grasp plan (Definition 1)
makes (14) fully constrained. Hence, in general, for
arbitrarily small deviations from the plan (e.g. due to
uncertainties), it will not be possible to follow all the
specifications of the plan, but at most cp variables.
Because of this, grasp plans are usually minimally
specified in practice.

Definition 2. A “minimally specified grasp plan” is any
trajectory of dimension cr from d (13) that yields a
reconstruction of the completely specified grasp plan
(Definition 1) through (14).

3.1 Issues in Grasp Plan Execution due to
Uncertainties

For the time being, assume the following:
Al Existence of Grasp Plan. A completely specified
grasp plan (17) exists and is provided. This plan

is computed using an accurate model or sufficient
data.
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A2 Knowledge of the Contact Model. The stiffness K
is known and it describes accurately the contact
between the object and the robot.

A3 Robot Knowledge and Control. The kinematics
of the robot arm and hand, and the elasticity of
the hand joints, i.e. K, are given. Moreover, it is
possible to control the velocity of the hand joint

references ¢, and of the robot wrist £%.

In Sections 3.2, 5.5 and 7.5 we will discuss the extent
to which assumptions A1, A2, and A3 are viable, how
strict they are, and possible means to loosen them.

In line with A3, a typical grasp plan execution method
consists in commanding in an open loop

q"r‘:(jT,_-n
£Y=¢&5.

It is possible to identify two phases in the evolution
of such grasp plan executions: approaching and
restraining. In the former, the set of contact forces
is empty ({f5} = @) as there are no contacts yet.
Additionally, it can be observed that ¢ = ¢,, and
£ =¢7. Whereas, in the latter phase, forces are
being applied at the contact points and ¢ # gy, £* =
&y and f'c # 0. As an example, consider the simple
gripper shown in Figure 4. An open-loop execution
(19) of a nominal offline-computed plan (17) and the
corresponding separation into phases are shown in
Figures 5a and 6a. Note that, when executing ¢,
and £ in a nominal situation, i.e. in the absence of
uncertainties, all the components of d (13) follow the
trajectories planned offline in (17).

Several types of uncertainties could undermine the
fidelity of a nominal grasping strategy. There are three
big sources of such uncertainties: the unpredictability of
the environment, the errors in perception, and errors in
robot execution (Mahler et al. 2015).

Our work tackles the case of grasp-pose uncertainties
caused by object-pose errors and robot positioning
errors. The former can be due to imprecise estimation
of the object shape, position and/or orientation,
which could, in turn, be caused by the environment
(e.g. unaccounted object displacements or motions) or
impaired perception (e.g. bad camera calibration). The
latter can come from flaws in planning or imprecise
execution of the trajectories. The present study does
not consider other types of uncertainties, such as the
ones caused by friction modeling errors.

During a realistic open-loop execution of the
trajectories in (17), contacts might not happen at
the planned times because of uncertainties. This gives
rise to an unwanted phase, between approaching and
restraining phases, in which a build-up of potentially
unbalanced contact forces could undermine the efficacy
of the grasping. We call this phase perturbation. As an
example of this phenomenon, consider again the gripper
(Figure 4) executing the same plan (the one used in
Figure 5a) in an identical open-loop fashion (19), now
in a more realistic situation with a position uncertainty.
As displayed in Figure 5b, the uncertainty creates a

(19)
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(W hand stiffening, while still featuring the perturbation
. ; phase.

{0}

e

{B}

Figure 4. A simplified planar illustration of a floating
robotic gripper, made of two revolute joints, while
contacting a square object. Considering also the motion of
the wrist, this robot has 5 degrees of freedom. The relevant
frames and the joints are shown.

perturbation phase, which is shown in the plots of Figure
6b.

Remark 2. This build up of unbalanced forces is an
effect of an uncertainty, and it is caused by contact forces
being applied ( fe 0) before achieving all planned
contacts. In a worst-case situation, the perturbation
phase could cause the object to slip away and thus delay
the restraining phase indefinitely.

This highlights how open-loop execution presents
some issues: in the case of imperfect sensing (e.g. vision
errors) or bad execution (e.g. errors in robot control), an
offline plan specified only in terms of ¢,, and £ might
fail dramatically.

Sometimes, to partially mitigate the effects caused by
uncertainties, the control loop of the robotic hand is
closed on the hand joint velocities ¢, and the grasp plan
is specified in terms of ¢q and £’. This compensates
for the errors in tracking the desired finger joint
velocities. Nevertheless, closing the loop on ¢ provides
no compensation for the effects of erroneous f'c on
the object. Moreover, closing the loop can stiffen the
finger joints (Della Santina et al. 2017), increasing the
magnitude of f¢ during the perturbation phase. For
instance, suppose we adopt the following proportional-
integral feedback law

dr = Kp(da— §) + Kr / (da(r) — d(r))dr.  (20)

In this case, the object is moved similarly to Figure 5b
but the evolution of the contact forces would display an
increase in the forces being applied on the object (see
Figure 7). Hence, such a control leads to an undesired
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3.2 Further Issues in Grasp Plan Execution

Further issues that can affect the execution of a grasp
plan can arise from failing assumptions Al, A2, and A3.

Usually, the kinematics and elasticity of most
robots are available - e.g. from the robot datasheet.
Furthermore, controlling a robot in velocity is a well-
established topic in the literature. These arguments
make assumption A3 rather mild and general. Moreover,
Section 4.5 will show how it is possible to use the
proposed technique also for robot hands featuring
different types of actuation.

On the other hand, assumptions Al and A2 are not
always easy to fulfill. As hinted at in Section 2, the
first obstacle is that finding a good grasp plan is a
hard problem both for model-based and data-driven
approaches. Moreover, both approaches face specific
obstacles toward the fulfillment of Al. Model-based
approaches use mathematical frameworks to generate
solutions that are completely specified. However, these
approaches require precise knowledge of the object, and
the search for sufficiently good models for planning
grasps is still a matter of ongoing research. When it
comes to data-driven approaches, harvesting a useful
and satisfactory amount of data can be time-consuming
and requires precise and costly sensors. Errors in models
or data can affect the accuracy of the computed contact
points.

Furthermore, planning contact forces is known to be
very hard. Several constraints complicate this objective:
stability of the grasp, friction cones, and maximum
and minimum forces applicable by the hand. These
constraints are often nonlinear and hinder the finding
of a feasible solution (Bicchi 1995). Another part of the
difficulty comes from the non-trivial duty of precisely
estimating the contact stiffness K., which is related to
assumption A2. This is mainly due to the dependence
of K. on the combined properties of the object and the
robotic fingers (Cutkosky and Kao 1989).

4 Sequential Contact-based Adaptive
Grasping

4.1 Basic Idea

Our approach to reacting to the uncertainties in robotic
grasping begins from the observation of human grasping.
When grasping, humans correct their grasping motions



Journal Title XX(X)

(a) Nominal execution: ideally, the gripper is correctly controlled to a pose over the object and, while grasping, the two contacts
occur simultaneously. Then, the object is restrained by applying correctly the contact forces. The resulting evolution in time of q, %

and f€¢ is shown in Figure 6a.

(b) Open-loop real execution: the position of the gripper above the object is displaced as a result of an uncertainty, for instance, in
the object-pose estimation. This causes an early contact of one finger and, thus, an unwanted phase of perturbation, in which the
object is moved due to a non zero net wrench, and unbalanced contact forces build up. However, the second finger contacting the
object leads to the object being restrained albeit with much larger contact forces being applied with respect to the nominal situation.

w

The trajectories of q, »* and f€ can be seen in Figure 6b.

(¢) Our strategy: we introduce the phase of pivoting, which starts from the occurrence of the first contact and lasts until the planned
number of contacts are achieved. In this phase we impose f¢ = 0 and adapt the wrist motion to satisfy this constraint: see the

evolution of q,

object.

and f€¢ in Figure 6¢c. The object is not perturbed and this leads to a correct restraining and enveloping of the

Figure 5. Photo sequences of the gripper, shown in Figure 4, executing a nominal grasp plan in a real scenario with an

open-loop plan execution and using the our strategy.

to react to uncertainties in perception and inaccuracies
in the plan (Flanagan et al. 2006). They use tactile
feedback and coordinated wrist-finger motions to adjust
the grasp and control grip forces while enclosing the
object (see Section 2). Hence, we look for a method to
generate compensatory motions of the fingers and the
wrist using contact feedback. Our goal is to regulate the
contact forces to mitigate the perturbation phase.

We begin by noting that, if we assume the contact
forces to be zero (i.e. f¢=0), all the matrices in (12)
are null and equation (11) reduces to

q
KH[J. T -G"]|&”|=o0. (21)
Ax, 1%

Remark 3. Assuming the initial condition f€ =0,
there exist coordinated fingers-wrist-object motions that
(i) preserve the contact points, and (ii) maintain f¢ = 0.
Such movements lie in the nullspace N (Ak,) of Ak,
in (21).

Remark 3 offers an insight that can be used to oppose
the phenomenon described in Remark 2. Indeed, it
implies that we can adapt the given grasp plan to
constrain the contact forces to remain null (f¢ = 0) by
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using the degrees of freedom of the fingers and wrist.
This would cause the robotic hand to “pivot” around
the contact points, by moving inside the nullspace of
Ak, (21), until the robot hand achieves a sufficient
number of contacts. The effect would be to substitute
the uncontrolled perturbation phase with a new one that
we call pivoting phase.

Pivoting motions should eventually lead the robot
hand to acquire more contact points and to possibly
envelop the object so that the restraining phase can
begin. See Figures 5¢ and 6¢ for an illustration of this
idea applied to the gripper of Figure 4 in the same
situation of position uncertainty as in Figure 5b. For
a further visual understanding of such pivoting motions
of our strategy, see Extension 1 and the implementation
on a robotic hand in Figure 8 in Section 4.5.

4.2 Mathematical Formulation

What distinguishes the approaching and restraining
phases in a grasp plan is the application of contact
forces by the fingers on the object. Therefore, leveraging
A1, we include the expected evolution of the contact
forces _fg into the representation of our reference grasp
plan. We combine them with g4 and £7. Thus, from
a completely specified grasp plan (17), we extract a
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approaching restraining

approaching | perturbation restraining

£

T
\

all contacts

(a) Nominal execution: all the planned
contacts occur together (refer Figure 5a)
and the evolution of the grasp plan is
separated perfectly in the phases of
approaching and restraining. In this ideal
case, the variables follow the desired
evolution, i.e. ¢ = 4q, r* = ry and

re =15

approaching pivoting

first contact all contacts

(b) Open-loop real execution: a contact
happens before others and before the
planned time, as shown in Figure 5b. This
brings about a perturbation phase where
unbalanced and larger forces build up until
all contacts are achieved: force on the left
contact point (sky blue) deviates from the
nominal execution of Figure 6a.

restraining

q 1 1

1

e

1 1
1 1
t T
| |
t ¥
I I
| |
1 1
1 1
1 1

I

first contact all

contacts

(c) Our strategy: Referring to Figure 5c¢, as
soon as the first contact arises, we use the

degrees of freedom of
satisfy the constraint

the robot wrist to
on keeping the

contact forces null: this avoids the creation
of unbalanced forces until all contacts are

achieved.

Figure 6. Qualitative plots of the evolution in time of q, r*
presence of uncertainties. From left to right, the trajectories

and f€ while executing ¢r, and £ in open-loop in the
of the variables in ideal and real scenarios, and while using

our approach are shown. Refer the respective photo sequence in Figure 5. For the sake of clarity and ease of
understanding, here we plot only the x components of f¢ with respect to the contact frames {C’f 1.

Figure 7. Qualitative plot of the evolution in time of q, »*

and f€ while executing ¢q and £ using the feedback law
shown in (20) in the presence of uncertainties. The dotted
lines show how the same quantities varied in Figure 6b.
Closing the loop with the proportional-integral feedback
law (20) causes larger contact forces being applied on the
object (cfr. Figure 6b) as a consequence of finger joints
becoming stiffer.
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minimally specified grasp plan (Definition 2)
{ d4a, &7, F5 )

By virtue of Remark 1, the set (22) contains all the

information included in (17) about the evolution of the

grasp, because the number of variables contained in ¢g,

€y and f§ is equal or greater than cp (18).

From the insights presented in Section 3.1, we state
the following;:

Remark 4. The nominal execution leads to a
segmentation of the desired trajectories in (22) into two
phases.

(22)

(i) approaching phase: {44, £y, {f$} = 9} a;

(ii) restraining phase: {¢a4,£y , f; #0}x.

Based on Remark 4, we divide (22) in two different
parts corresponding to the two phases of approaching
and restraining (See Algorithm 2 in Appendix C for the
steps of the segmentation procedure).

Following the intuitions provided in Section 4.1, we
introduce the intermediate

(i)" pivoting phase: {Ga4,&y 4 fe=o},
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between the two nominal phases of Remark 4. The
goal of pivoting phase is to impose the variation of
the contact forces to be zero to reduce the perturbation
phase.

A possible approach to track the force reference
f.(‘j = 0 could be direct force control, i.e. closing the
loop on force measurements. However, such force
control tends to feature instability during interactions
(Eppinger and Seering 1987). Also indirect force control
methods, like impedance control, could be beneficial
during grasp interactions. These methods allow to set
a desired behaviour at the fingertips or at the joint level
- thus modifying K. In principle, it would be possible
to set a very low impedance during the pivoting phase
to reduce the perturbation phase. However, variable
impedance planning and control is still an open and
challenging problem (Kronander and Billard 2016).

We aim to address the integration of force control
and impedance control in future work. Here, we opt for
motion control for two main reasons. The first reason,
which leverages A3, is that motion control is one of the
most available robot control modalities, and does not
require costly and fragile sensors as direct force control
or some kinds of impedance control do. The second
reason is the possibility to extend our approach to use
soft end effectors (see Section 4.5) and the practical
results that we obtain (see Sections 5.5 and 7.5).

Given the grasp plan (22) and its segmentation, as
in Remark 4, we compute the reference trajectories
{qref,gg;‘;f, j:'fef}, for the three phases approaching,
pivoting and restraining.

Remark 5. The reference trajectories, to be followed by
the robot, change as we find ourselves in one of the three
phases, which in turn depend on the number of contacts:

(i) Approaching: before contacts occur, we set

{dreg &g Fropta = {da, €5 {f5} = DYa-
(23)

(ii) Pivoting: when contacts arise we impose the
desired variation of the contact forces to be zero
( f(‘j = 0) while continuing to set the approaching
phase values for the other two variables

{Gres: &5 pr Foaptr = {dan €5 4o £ =0} (24)

(iii) Restraining: once the hand achieves the planned
number of contacts, we compute the references for
restraining the object

{drefaézf}efyf',c-ef}’lb (25)

Although it would be desirable for the pivoting phase
to lead to the originally planned hand-object contacts,
this would not be the case almost certainly. Indeed,
the application scenario of our algorithm assumes some
uncertainty affecting the robot perception of the object:
either the object model or the estimate of its position
or both are wrong. This means that the original grasp
plan is very likely to be inconsistent with the real
scenario (especially in case of model error). Therefore,
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we simply aim to mitigate the perturbation phase and
give rise to a sufficient number of contacts for restraining
the object. However, in the unlikely event of purely
nominal execution conditions, the robot would acquire
the originally planned contact positions on the object,

and yield {res, €24, Foptr = {da. €Y. 5 # O}r.

Remark 6. In the realistic case of achieving different
contact positions, a local re-planning should be
performed to find suitable restraining phase references.
To this end, it is possible to compute the Fundamental
Grasp Matrix (15) for the newly achieved contacts and
apply any of the methods described in Section 2.

Some considerations on Remark 6 are needed. As
discussed in Section 3.2, finding a good grasp plan is
already a complex problem; it is even more difficult to
do it online. However, if the number of achieved contact
points is sufficient, it is conceivable to re-plan only the
contact forces. For this purpose, it is possible to invert
equation (3) to obtain the fy, , that produces a desired
wrench on the object wg (Bicchi 1994). Nonetheless,
later in the paper, we will show how to avoid also this
step when using soft robotic hands (See Section 5.5).

Given the offline-computed reference trajectories
(Remark 5), the next step is to find the evolution of
the robot control variables ¢, and &% that would allow
to follow the references as much as possible. To this end,
one must solve the system

q. = (jref (26)
£w = :;f (27)
K.HJ.G+KHTEY = fo, .+ K.HG¢?.  (28)

Observe that solving the above system of equations
by substitution is not feasible in general. Indeed,
substituting (26) and (27) in (28) would require the
contact force relation (28) to be fulfilled for the newly
acquired contact points. This is granted only for the
nominal conditions and would almost certainly not be
the case in presence of uncertainties. Therefore, it is
necessary to search for some relaxed solution to the
system (26), (27), and (28). This will be the focus of
the upcoming Section 4.3.

Suppose for the moment to have such a solution gse;
and £2,. In a general case, if the hand is applying forces
on the object, g, # q and we cannot forward ¢se; to the
robot: we need to find ¢,,,. To this end, substituting

w

dsot and £, in equations (11), (7) and (10) we get

e = KeHJ oo + K.HTEY, — K.HGTE® (29)

sol sol
7.'sol = Qj‘jsol + RjLwE:i)l + UjLOéo (30)
+ JCTHT ‘.:ol

(31)

Equation (29) is the expression of the variations of

contact forces effectively achieved with ¢so; and £32;:

qrsol = (jsol + (Kj)_1+sol-

in general, f¢, would not correspond to f¢, . exactly.
By substituting (29) in (30) and subsequently (30) in
(31), we get the reference joint velocity g, , needed to
achieve the contact forces f;ol. Now, gr,,, and £, are
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the control values to be forwarded to the robot. Notice ~We then find

also that, when using equations (26)-(31), we make use ;

of assumptions A2 and A3. Vgol = [qsolT ;ILLT] . (39)

4.3 Tasks Inversion

To find the solutions gso; and €3, of the system (26) -
(28), define the auxiliary vector

v=[¢" &T]". (32)
Then, re-write the equations in matrix form
y = Av, (33)
where we defined
i q.ref
y=1 . ref ; (34)
L -f'r?ef + KcHGTéo
I o
A= o I (35)
| KcHJ. K.HT

Remark 7. The bottom block of rows of A and y varies
in size according to the number of fingers contacting the
object. In particular, when there are no contacts, the
set {fy.s} = @ and the last block of rows degenerates
to being made of no rows.

As a consequence of Remark 7, the linear system
(33) changes from being fully constrained (i.e. A is
square and has full rank) in the approaching phase to
become increasingly over-constrained (i.e. y ¢ col(A),
where col(+) stands for the column space of a matrix) in
the pivoting phase. Indeed, in the latter, contacts arise
incrementally and the number of rows of A and y will
increase. Finally, when the hand reaches the maximum
number of contacts, the system (33) has the maximum
number of rows. This marks the start of the restraining
phase.

Thus, it is possible to assign the rows of (33) with
different weights or priorities to solve the problem with
a multi-task inversion approach. The literature proposes
many algorithms to get such a solution, e.g. (Siciliano
and Slotine 1991) or (Flacco and De Luca 2014).

We partition y and A and define the following tasks
in the form &; = J;v:

o Task hand for the desired motion of the fingers
Th = Gref

T Jh:[f o};

(36)

o Task wrist for the desired motion of the wrist

Lo = :f’ef
Tw : (37)
Jw = { o1 ] ;
o Task forces for the desired contact forces
i = fe;+ KHGE®
Uk (38)

Jf:KC[HJc HT}.
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The value of (39) is a solution of the tasks from (36)
o (38), and thus of equation (33). Then, as stated in
Section 4.2, the substitution of gso; and €%, from (39)
into (29) - (31) yields the control variables for the robot,
ie. gp,,, and £,.

Notice that the choice of the priorities of the different
tasks determines different solutions ¢so and £, and
thus changes the grasping behavior. Inspired by human
grasping, we suggest to modify the wrist motions to
comply with the constraints imposed during pivoting.
To achieve this goal, the wrist task Ty, should have the
least priority.

Moreover, in our intuition, the degrees of freedom of
the wrist should guide the hand and fingers to follow
the reference contact forces f'fef. This would reduce
introducing perturbations on the object and aid in
achieving an enveloping grasp. For this reason, among
the two possible task priorities that assign the lowest
priority to the wrist, we expect the one with 77 having
the highest priority, that is

{Ts: Th, Tw}, (40)
to perform best.

To confirm or deny this intuition, we carry
out an exhaustive comparison between the different
prioritization policies in Section 5. For the sake of
completeness, it behooves us to point out that the
priorities given to the three tasks could even change
dynamically throughout the different phases of grasping.
Moreover, the tasks might also be further divided into
sub-tasks (e.g. separating the linear and the angular
part of £€¥). Nevertheless, in the present work we do
not investigate these possibilities.

4.4 Algorithm

Putting together the results of Sections 4.2 and
4.3, we formalize our reactive grasping method,
called Sequential Contact-based Adaptive Grasping (or
Adaptive Grasping for short), in Algorithm 1:

We require as inputs the algorithm loop period
(tp), the task priorities (p¢), the properties of the
robotic hand and object (i.e. the contact model K,
and the selection matrix H;), and a segmented grasp
plan ({a, €Y, @} 4 and {da, &Y, f$}=) - obtained as in
Remark 4 using Algorithm 2.

Algorithm 1 performs the following in a loop with
period ¢, until some stopping conditions are verified.

1. Get the information on the contacts between the
hand and the object (GetContactState), the state
of the robot (GetRobotState) and of the object
(GetObjectState). Then, compute the required
matrices (ContactMatrices, ContactJacobian,
GraspMatriz, and PoleChangeM atriz).

2. Compute the reference trajectories from the
segmented plan according to the number of
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contacts (References): (23) for approaching, (24)
for pivoting, (25) for restraining. The function
References performs also a re-planning of the
contact forces in the restraining phase if the
achieved contacts are not the planned ones.

3. After computing A and y (ComputeA and
ComputeY), create the task set from (36) to
(38) with priorities py (CreateTasks) and solve it

(TaskInversion) to find vgo = [qsoﬂ ;‘;lT]T.

4. Finally, compute the control variables by sub-
stituting ¢ser and €2, in (29), (30) and (31)

(ComputeControl) and forward them to the robot
(ForwardToRobot).

The stopping conditions of Algorithm 1 could be the
pressure applied on the object exceeding a certain
threshold, an imminent collision of the robot with the
environment, the reaching of any robot joint limits
or simply the exceeding of a maximum number of
iterations.

Algorithm 1 Adaptive Grasping

Input: Kci; H’ia Dt, tpa {qd7€1du7 Q}Av {qd7€1du7 fs}'R

1: procedure AdaptiveGrasping

2 repeat

3 Ne, {T¢} < GetContactState()

4: q,r" < GetRobotState()

5: r°,£° < GetObjectState()

6 K., H «+ ContactMatrices(K,, H;,n.)
7 J. < ContactJacobian(ne, {r<}, q)

8 G + GraspMatriz(ng, {rc},r°)

9 T < PoleChangeMatriz(nc, {r°},r)

10: dref, 5:}:#, ffef < References(...
{(jdv 5211)7 Q}A7 {qd7 €’:1D7 fc{i}Ra oo
ne, {r€}, G)

11: A+ Compute A(Ko, H, J., T)

12: y < ComputeY (greg, Ereps ffef, e
¢ K., H,G)

13: {Ti} + CreateTasks(A,y,pt)

14: dsol, ¥, <+ TaskInversion({7T;})

15: Gr,,, < ComputeControl(qsor,€2,)

16: ForwardToRobot(qy,,,,£2,)

17: WaitForPeriod(t,)

18: until Stopping Condition

4.5 Synergistically Underactuated Hands

The concept of synergies, inspired by neuro-scientific
studies (Bicchi et al. 2011), simplifies the design and
control of robotic hands. From a statistical analysis
of a dataset of grasping postures of the human hand,
the theory of synergies extracts reference motions of a
virtual hand that lives in a space with smaller dimension
than that of q.

The motion coordinates of the virtual hand are
controlled by the synergistic actuation variable o €
IR™. Note that in the most extreme cases (as in the
device we use in Section 6), the dimension of o can be
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as low as one. The generalized actuation force associated
with the synergy is m € R™. A synergy matrix
S € R™ "™ extracted from the principal component
analysis of a grasping dataset, describes the map from
o to q,. Note that the degrees of freedom of g remain
untouched, thanks to the presence of the joint stiffness
K;.

We can easily extend our method to the case of
synergistic actuation. Two equations need to be added
to the forces equlibria (1)-(5) to account for synergistic
actuation (Farnioli et al. 2016).

e. Synergistic underactuation model: the joint
reference vector g, depends on the synergy
actuation variable o

g-=So. (41)

f. Synergistic actuation forces: by kineto-static

duality, the generalized synergy actuation forces
7 are related to the joint torque vector T as

n=STr. (42)
Differentiating (41) and (42) yields
gr — S =0, (43)
n—ST+—3%6 =0, (44)
where
_9(8™r)
- do

Only some minor changes are required to extend
Algorithm 1 to underactuated hands. The minimally
specified grasp plan (22) is still described as

{ da, &5 fq }-

Thus, equation (33) does not change and also tasks (36)
to (38) remain the same. However, the new robot control
variables are & and €. Consequently, by substituting
(43) in (10), we get the synergy actuation

&= (K;9)(+ + K;q). (45)
Here, 7 is given by equations (11) and (7) together. It
follows that, once the solutions ¢so; and &5, for the
task set from (36) to (38) are found, it is possible to
find the control value 645, by sequentially substituting
these solutions into (29), (30) and (45).

To visually understand the pivoting motions of our
algorithm on synergistically underactuated hands, see
Figure 8. Therein, pivoting motions produced by the
Adaptive Grasping algorithm are shown on a robotic
manipulator with a soft hand for different finger
contacts and with different contact selection matrices
H. Figures 8a and 8b show pivoting motions while
using a fully constrained contact model for a thumb and
middle finger contacts respectively. Instead, in Figures
8c and 8d, the contacting fingers are the same as before
but a point contact with friction model is used. Finally,
an example of pivoting with two contacts (thumb and
middle fingers) is shown in Figure 8e.
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(a) The adaptive wrist motion for a thumb contact in the case of a fully constrained contact model.

(b) The adaptive wrist motion for a middle contact in the case of a fully constrained contact model.

--

(¢) The adaptive wrist motion for a thumb contact in the case of a point contact with friction model.

(d) The adaptive wrist motion for a middle contact in the case of a point contact with friction model.

(e) The adaptive wrist motion for a thumb and a middle contact in the case of a point contact with friction model.

Figure 8. Photo sequences of RViz visualization of the wrist adaptation motions for different contacts and for the fully
constrained or point contact with friction models on a Franka Emika Panda mounting a Pisa/IIT SoftHand (see Section 6

for the description of the setup).

5 Numerical Validation

In this section, we report the advantages, disadvantages,
and practical implications of the different prioritization
policies introduced in Section 4.3 using 2D simulations.
The goal is to test our hypothesis about task priority
(40). We recall that we expect Algorithm 1 using task
order (40) to best adapt to uncertainties and lead to
an enveloping grasp. Furthermore, we also compare the
behavior of our algorithm with respect to an open-loop
execution.

5.1 Simulation Setup

We employ the same 2D gripper shown in Figure
4. Tables 2 and 3 report the dimensions of the
kinematic and static entities and the numerical values.
All the simulations are coded in MATLAB 2019a using
the Robotics System Toolbox. We assume quasi-static
conditions. At each step, we solve the Fundamental
Grasp Matrix (15). Then, we integrate the kinematic
and static quantities in d (13). Finally, we update the
pose of the robot and move the object according to the
net wrench acting on them. As already stated in Section
3.1, for the sake of simplicity, we assume contacts
to happen only on the two fingertips of the gripper.
Furthermore, we suppose the robot to be the only entity,
other than friction, that can induce movements on the
object by generating a net wrench. The ground-object
friction follows the Coulomb plus viscous model (Olsson
et al. 1998). The object can move only in the horizontal
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direction to simulate the grasp acquisition phase, in
which the object lies on the table. Because of this, we
neglect the contribution of gravity.

We simulate the execution of a nominal grasp plan
subject to a systematic misalignment error. First,
the simulation code runs once in an open loop
and in nominal conditions to pre-compute offline the
completely specified grasp plan (17). As a baseline, the
robot executes this plan again in open-loop (19). Then,
the starting configuration of the object is changed to
simulate a misalignment error due to, e.g., perception.
In these examples, we introduce a linear displacement
error and keep the relative hand-object orientation
correct. Then, the open-loop simulation runs once more
to record a baseline of the effects of the introduced
misalignment into the grasp. Thereafter, we execute the
simulation six more times, forwarding the output of
Algorithm 1 to the robot, each time with a different
priority of the tasks (36) - (38). We consider both
the case of a fully actuated gripper and that of an
underactuated one. Finally, simulations account for two
possible contact models: fully constrained contact and
point contact with friction.

5.2  Evaluation Criteria

We evaluate the grasping execution based on the
fulfillment of three criteria. In descending order of
importance, they are the following:
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Table 2. Dimensions of the kinematic and static entities of
the setup in Figure 4.

Entity ‘ Space
Joint velocity g R?
Joint reference velocity ¢, R?
Joint torque T IR?

Synergy actuation velocity & | IR

Wrist twist &% R?
Object twist £° R?
Wrist wrench w® R3
Object wrench w® R3
Contact forces variation f'c R3"

Table 3. Numerical values used for the simulations using
the setup in Figure 4.

Quantity ‘ Value ‘ Unit
Joint stiffness kj, 102 Nmrad ™!
Contact stiffness k., 10* Nm~!
Synergy matrix S [1 1] T -

(i) the contact forces do not deviate from their
nominal value for more than 10 %;

(ii) the object does not move more than 10 % of its
length;

(iii) the robot envelops the object by pivoting around
the contact points.

Although we acknowledge that the definition of criterion
(i) is less precise than those of criteria (i) and
(ii), it describes an important required feature of our
algorithm. We evaluate criterion (iii) by observing the
presence and nature of gripper motions. If the gripper
pivots around the fingertip(s) and tends to adjust its
overall position to envelop the object, we consider the
criterion met.

If a task order yields a grasp that does not satisfy
criteria (i) and (ii), it gets discarded. While to
account for the less objective nature of criterion (iii),
failing it does not yield elimination, but that specific
prioritization policy is subject to further investigations.
We consider a task order as satisfactory if it fulfills all
three criteria.

5.3 Effects of Prioritization

Extension 2 reports video footages of each simulation we
performed. The initial simulations test the execution of
the grasp plan in nominal conditions. Results confirm
the premise that Adaptive Grasping does not alter the
nominal execution of the grasp plan. Indeed, under
nominal conditions, both the open-loop approach and
our algorithm produce identical trajectories of d (13)
and thus of the forces f€. Moreover, as expected,
changes in the prioritization of tasks (36) - (38) does
not affect this result.
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Next, we introduce systematic robot-object displace-
ments to simulate positioning errors. Table 4 summa-
rizes the main results (see also Extension 2). We first
consider the task orders with 7 having the lowest
priority, i.e.

{Th T, Ty} (46)

and

{Tw; 77177}}7

while using the fully-actuated gripper. These two
produce negative outcomes; indeed, by giving the least
importance to contact forces, the pivoting motions
do not occur (failing criterion (iii)) and large forces
are produced on the object (failing criterion (i)) with
the consequence of displacing it (failing criterion (ii)).
Sometimes, the displacement induced on the object is
so large to prevent grasp at all (the second finger never
contacts). We expected this behavior since orders (46)
and (47) fully specify the trajectory of the finger points
of the gripper, hence becoming substantially equivalent
to an open-loop execution.

Secondly, we tested the orders with the hand having
the lowest priority, i.e.

(47)

{Tw: T¢, Tr} (48)
and

{T¢ Tw, Tn}

When simulating their effect on a fully-actuated gripper,
we notice the satisfaction of criteria (i) and (ii), but not
of (iii). However, the results of simulating (48) and (49)
with an underactuated gripper are negative. Indeed,
the low priority of the hand closing task causes the
underactuated hand to stop as soon as the first contact
is achieved, thus failing all criteria. We observe that
this problem could be very relevant for a wide range

(49)

Table 4. Results of the simulations of Algorithm 1 with all
the possible task priorities. These trials are performed in
the fully-actuated (F.A) and in the underactuated (U.A.)
cases, and while imposing the contact forces variation to
zero for the whole grasping (f<, ¢ =0). The v symbol
indicates that all the evaluation criteria are met. The —
symbol stands for an acceptable grasping behaviour (only
criterion (iii) is not fulfilled) and the X symbol indicates
that the grasping behaviour is not satisfying. The / symbol
indicates the cases that were not simulated because the
performance of the task order was found to be not
satisfying in another case.

U.A | fc.=0

Order of Tasks ref =

F. A.

{Th: Tw, T} X / /
{Tw. Th, T} X / /
{Too: Ty, Tn} - X /
(T3 Tow. Ti} - X /
{7 Th, T} v -
{Th. Tr, T} v v/
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Figure 9. Photo sequences of the executions of the nominal plan in (5a) with the order of priorities (40) and with a fully
constrained contact model. It can be seen that, with respect to the case of point contact with friction in Figure 5c¢, a more

enclosing motion is produced.

(a) Open-loop execution: left finger exerts undesired forces on the object. The resulting perturbation phase causes the object to slip

away as the second contact is not achieved.

LY

—

(b) Sequential contact-based Adaptive Grasping: from the contact on the left finger, Algorithm 1 enters the pivoting phase. After the
right contact occurs, the planned contact forces are applied correctly. Here, the fully constrained contact model is used.

Figure 10. Photo sequences of two executions of the nominal plan (5a) in the case of a robot positioning uncertainty: the
gripper is positioned with a rotation of the wrist before starting the approaching phase. The typical open-loop approach

(above) and our algorithm (below) are shown.

of underactuated hands, especially those with very few
degrees of actuation. Indeed, leaving Ty, at the last rung
of the priority ladder would cause the set of constraints
due to T, and Ty to fully determine the hand motions.

Finally, Table 4 shows that the orders with T, having
the lowest priority, i.e (40) and

{Th, Ts, T} (50)

give promising results in both the fully-actuated
and underactuated cases. These orders display the
phenomenon of pivoting and yield a better enveloping
of the object (see for example the application of (40) in
Figure 5c¢).

In brief, as shown in the first and second columns of
Table 4, the exhaustive simulations of Algorithm 1 with
all the possible priorities for the task set (36) - (38)
in a realistic situation produces the expected results: we
confirm that giving the least importance to wrist motion
(priorities (40) or (50)) enables the exploitation of the
degrees of freedom of the hand-wrist to compensate for
unwanted object motions through a pivoting phase.
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5.4  Observations on Grasping Behavior

Simulations let us appraise the improvements that
Algorithm 1 yields over the open-loop execution of a
same given grasp plan. Algorithm 1 leads to better
enveloping, less undesired object motions, and not
exceeding the desired contact forces. In Figure 10a,
a pose uncertainty drives the open-loop approach to
fail the grasp: the second finger does not contact the
object as it slips away. In Figure 10b, for the same
uncertainty, Adaptive Grasping succeeds in achieving
at least a satisfactory restraining by pivoting the hand
around the contact point without perturbing the object.

Simulations also show how the pivoting motion
changes when assuming a fully constrained contact
model or a point contact with friction model. For
example, compare Figures 5¢c and 9. The main difference
is that the fully constrained contact assumption
constrains the whole relative contact frame: position and
orientation (see Figure 9). This amplifies the changes in
the wrist trajectory, leading to further enveloping and
enclosing motions.

Lastly, simulations in Extension 3 show what happens
when the object is not stationary, but its motion is
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(a) Order of priorities (40): the object is not perturbed thanks to the phenomenon of pivoting. However, clearly, a proper restraining

is not achieved as no contact forces are being applied.

(b) Order of priorities (50): here, the phase of pivoting is followed by a satisfactory restraining of the object. Indeed, contact forces

are being applied by tracking qq.

Figure 11. Photo sequences of the executions of the nominal plan in (5a) with the imposition f‘fe ¢ = 0 for both the
pivoting and the restraining phases. As contact model, point contact with friction is used. Grasping using our strategy
with the order of priorities (40) is shown above and the one with priorities (50) is displayed below. This is an extreme
example which shows how (50) can be a totally valid alternative to (40) when planning (or re-planning) the forces (offline

or in real-time) is computationally expensive.

described by a twist £€° % 0. These results support
the intuition that our strategy has the potential to
work also for cases of continuously increasing/varying
uncertainties, such as moving objects.

5.5 Practical Implications

Although the results shown in Section 5.3 demonstrate
that both priority orders (40) and (50) are valid, sub-
stantial practical differences arise when implementing
the two in experiments.

Firstly, observe from Figure 12 and Extension 2 that
(40) enables better tracking of force references than (50).
This comes at the cost of small imprecision in executing
the joint reference trajectories. From this, the following
consideration arises.

Remark 8. When an accurate planning of f¢ is
possible, the tasks order {7z, Th, Tw} (40) should be
the preferred choice. This leads to apply better contact
forces for restraining the object.

Unfortunately, implementing (40) on a real robot may
raise some practical difficulties. Indeed, this priority
order demands (i) the ability to plan (also in real-time
for re-planning) the contact forces accurately and (ii) a
good model of the object and of the contact stiffness
K. (or direct sensing of the contact forces). Recall
from Section 3.1 that these requirements correspond to
Assumptions Al and A2, which were already argued not
to be easily achievable in Section 3.2.

Moving our attention to (50), we notice that now gre s
guides the creation of contact forces. Indeed, even if

'fe is not (or cannot be) re-planned perfectly online,
the hand will still apply the contact forces generated
by the closing finger motions, according to the effective
finger compliance and contact properties - even if the
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latter are unknown. In other words, the requirement of
a precise plan of the contact forces drops. This comes
particularly handy in the case of underactuated and soft
hands, where the process of planning contact forces is
even more difficult.

Dropping the requirement for an accurate plan of the
grasping forces has other practical applications. Indeed,
we can stretch to the extreme point of not planning
contact forces at all and leave 'fe ;=0 for the whole
grasping phase. In this way, the robot hand would start
pivoting when contacts arise and continue as long as the
DoF of the hand permit to follow f;fe ;=0 Afterwards,
the hand will begin restraining the object and apply
forces guided by grey.

To explore the validity of the aforementioned idea,
we performed two additional simulations reported in
Extension 2, the results of which are in the rightmost
column of Table 4 and Figure 11. Figure 11a shows the
execution of the plan where f'fef =0 with (40). The
hand stops closing as soon as the number of contacts
exceeds the degrees of freedom of the hand. The hand
envelopes the object but does not apply forces, since
that was the (wrong) plan.

Conversely, Figure 11b shows the execution of the
same plan under priority order (50). This leads to a
similar pivoting motion of the hand to envelop the
object. Nevertheless, this time, as soon as it becomes
no longer possible to comply with fﬁe ;=0 the hand
joints keep trying to close, leading to the generation of
contact forces. Such a result leads to the next remark.

Remark 8.1. When an accurate planning and/or
real-time re-planning of f¢ is impracticable, the
prioritization policy {Thn,T#, Tw} (50) achieves a
grasping behaviour similar to (40) by leaving ffe §=0
for the whole grasping.
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(a) Execution using the order of priorities in (50). The joint
references are tracked perfectly while errors on tracking the force
references are present.
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(b) Execution using the order of priorities in (40). The force
references are correctly followed at the cost of errors at the joints
level.

Figure 12. Plots of the errors in the execution of the
reference trajectories computed for the nominal plan shown
in Figure 5a while using the orders of priority (40) and
(50). Here, we used a fully constrained contact model with
the fully actuated gripper. The errors are defined as
follows: for the joints (eq = gres — q), for the wrist

(erw = 1ry; — ™) and the x and y components of the
contact forces (efe = froy — fz and efe = f,‘fefy — f5)-

In the light of Remark 8.1, the order of priorities
given in (50) is the most practically viable since
it achieves a grasping performance similar to (40).
Moreover, (50) requires neither a precise estimation of
K. nor an accurate planning of the contact forces. As
a consequence, when using (50), we substantially move
away from assumptions A1l and A2, which were the main
limiting assumptions of our method. For this reason, in
Table 4, we report the order of tasks (50) as the best
practical choice. Priority (40) is still considered to be
acceptable because it works in the case of satisfactory
contact model identification and force planning.

Finally, it behooves us to point out when to use (50)
instead of (40). Letting the hand drive the creation
of contact forces is advisable only with elastic hands
(i.e., with low values of Kj) since the hand softness
dominates the creation of the contact forces (because
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the two springs K; and K. are, roughly speaking,
connected in series). On the contrary, in rigid hands,
an interaction without properly planned forces could be
dangerous for the hand itself and might cause damage,
especially to delicate objects. For this reason, we stress
that (50) is the best option when employing soft robotic
end effectors rather than rigid hands. Instead, we
suggest using (40) and planning contact forces carefully
when executing our algorithm on rigid hands.

6 Experimental Validation

In this section, we tested the effect of uncertainties on
open-loop execution of grasps, and how Algorithm 1
improves the execution of grasp plans. We used the
robotic grasping system shown in Figure 13.

6.1 Setup

(a) A Franka Emika Panda
mounting a Pisa/IIT SoftHand
with the IMU Glove.

(b) The cube, the cylinder, the
sphere and the paper grid used
for the experimental validation.

Figure 13. The robotic setup and the three objects used for
the experimental validation. The cube side is 65mm, the
cylinder base diameter is 60mm, and its height is 150mm
and, the sphere diameter is 70mm. The weights are 135g,
106g and 56g for the cube, the cylinder and the sphere,
respectively. The major squares of the paper grid have sides
of 25mm, while the sides of the small ones are 5mm.

The experimental scenario combines a robotic
manipulator arm with a synergistically underactuated
soft robotic hand, a sensing glove, a vision system, and
a set of test objects resting on the surface of a table.

The robotic manipulator is a Franka Emika Panda
(See Figure 13a). It features 7 torque-controllable DoFs,
yielding complete freedom of operation of the wrist
twist €¥ in SFE(3), with one degree of redundancy. The
robot is controlled using the Cartesian velocity interface
provided by the ROS package franka,_ ros'.

The underactuated soft hand is a Pisa/IIT SoftHand
(Catalano et al. 2014). It features 19 DoFs and only one
degree of actuation. Its reference motion g, is generated
from a synergy variable o as in (41) using a synergy
matrix S € IR'”*! which imitates the first grasping
synergy of the human hand.

The robot hand dons an accessory glove that embeds
5 inertial measurement units (IMUs), each one mounted

Thttps://github.com/frankaemika/franka_ ros



18

Journal Title XX(X)

on the distal phalanx of each finger. Acceleration
measurements from the IMUs are fed to a z-score
peak detection algorithm (Perkins and Heber 2018).
This algorithm signals acceleration peaks that arise
in correspondence of finger-object contacts, effectively
detecting them.

Finally, an Asus XTion Pro light depth vision sensor?
is used to generate a point cloud of the scene. From the
obtained point cloud, we extract a rough estimate of the
position of the object to be grasped.

Figure 13b shows the set of three test objects: a
cube, a cylinder, and a sphere. The choice of the three
objects is such that they are increasingly more sensitive
to perturbations caused by unwanted contacts, with
the cube being the less sensitive, and the sphere the
most sensitive. A graph paper grid (see Figure 13b),
positioned on the table, is used as a reference to set up
the objects before each experiment.

The Sequential Contact-based Adaptive Grasping
strategy is coded in C++4 and Python and runs on
an Ubuntu system with ROS Kinetic. The GitHub
page of the Natural Machine Motion Initiative’ hosts
a copy of the algorithm source code. Since the
SoftHand is underactuated, we implement the extension
of Algorithm 1 discussed in Section 4.5. Moreover, to
overcome the difficulty in planning contact forces and
to take advantage of the compliance of the Pisa/IIT
SoftHand, we follow Remark 8.1 and implement the
prioritization policy (50) while leaving ffe 7 = 0 for the
whole grasping. This lets the embedded synergy o drive
the creation of the contact forces.

6.2 Methods

For each of the three test objects, we define a
grasping scenario and a corresponding grasp plan.
We systematically inject object-pose uncertainties by
displacing the item on the different squares of the paper
grid without altering the grasp plan. Then, we execute
the plan to try to grasp the object using both the open-
loop grasping strategy and Algorithm 1. We record and
evaluate the results.

In each grasping scenario, one of the three objects
lays on the table at the center of the graph paper. We
define the nominal grasp plan (22) as a sequence of 3
trajectory segments. In the first segment, the hand goes
to a pre-grasp pose close to the object. In the second
segment, the hand slowly approaches the object with a
constant twist £&. Finally, in the third segment, the
hand is closed with a constant velocity & while the
wrist moves along the negative global z-axis with a
small €. The grasping scenarios are purportedly simple
to promote the repeatability and reproducibility of the
tests. We believe these properties to be vital to quantify
the grasping success through repetitive trials. Moreover,
we chose to implement non-sophisticated grasp plans to
evaluate the effectiveness of our approach in a worst-case
condition.

First, we verify the efficacy of executing the
nominal grasp plan in the nominal scenario in
dedicated experiments (see, e.g., Figure 17a). Then, we
systematically inject pose uncertainties by displacing
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the object with respect to the nominal pose using the
graph paper grid as a guide: the displacements scan the
plane in the z-y directions with a resolution of 12.5mm.
We run each experiment twice, both in an open-loop
execution and with Algorithm 1, and using two types of
contact selection models:

o fully constrained contact, i.e.

H, =TI ¢c R, (51)
e point contact with friction, i.e.
10 0 0 0O
H'=|0 1 0 0 0 0 (52)
0 01 0 0O

We mark a grasping attempt as successful if the robot
can effectively lift the item and hold it firmly for 5s
without the object falling or slipping. We mark a given
experimental condition successful if the robot performs
two successful grasps over two attempts.

Algorithm 1 assumes the following values: hand joint
stiffness kj, = 102N mrad ™" and contact stiffness k., =
10*Nm~!. For simplicity, we choose to keep £° =0
during the entire grasp. This choice comes at the
expense of reducing the broadness of our experimental
validation, which we hope to extend in future
work. Moreover, note that function GetObjectState of
Algorithm 1 would require costly and complex sensors
to implement in-hand object localization; thus, leaving
£° = 0 is a more practically viable choice.

Summing up, the set (object, displacement,
algorithm) identifies each of the tested experimental
conditions. Here, object € {cube, cylinder, sphere},

displacement (x,y) : {z € (=50mm, —50mm) Ay €
(—=75mm, 75mm)}, and algorithm € {open loop,
Algorithm 1 with point contact with friction,

Algorithm 1 with fully constrained contact}.

To show and evaluate the experimental results,
we use the idea of Permissible Initial Object Pose
Error (PIOPE), as used by Su et al. (2012). In
particular, for each object and algorithm, we estimate
the maximum displacements along = and y that still
yield successful grasps. Moreover, we measure the
acceptable displacement area, i.e. the area covered by
the poses in which the considered algorithm reliably
succeeds in grasping a given object.

6.3 Results

The PIOPE diagrams of Figure 14 and the scores in
Table 5 summarize the main results of the experimental
campaign. We observe that Sequential Contact-based
Adaptive Grasping exhibits larger successful grasp areas
than the open-loop method. Moreover, it is noteworthy
(in Figure 14) that for almost all conditions in which
open-loop grasping succeeds also Algorithm 1 leads

thttp://xtionprolive.com /asus-3d-depth-camera/asus-xtion-pro-
live
$https://github.com/NMMI/adaptive_grasping
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Table 5. Summary of the results of the grasping trials with the open-loop technique and Algorithm 1, using both the

point contact with friction and the fully constrained contact models. The average of the maximum displacements in the

main 2-y (red and green axes) directions and the permissible area (PIOPE) are reported, together with the
increases/decreases in percentage with respect to the open-loop case.

Case Avg. X (mm) Avg. Y (mm) Area (mm?)
Cube Open loop 35.7 17.0 2266
Algorithm 1 Fully constrained contact 34.4 (-3.6%) 19.3 (+13.5%) | 2578 (+13.8%)
Algorithm 1 Point contact with friction | 40.6 (+13.7%) | 17.5 (+2.9%) 3047 (+34.5%)
Cylinder | Open loop 12.5 12.5 313
Algorithm 1 Fully constrained contact | 16.1 (+28.8%) | 16.1 (+28.8%) | 1094 (+249.5%)
Algorithm 1 Point contact with friction | 16.1 (+28.8%) | 14.3 (+14.4%) | 938 (+200.0%)
Sphere Open loop 12.5 18.8 313
Algorithm 1 Fully constrained contact 12.5 (+0%) 33.4 (+77.7%) | 860 (+174.8%)
Algorithm 1 Point contact with friction | 16.3 (+30.4%) | 50.0 (+166.0%) | 1797 (+474.1%)
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(a) Cube - open loop.

(b) Cube - fully constrained.

(c) Cube - point contact with friction
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(g) Sphere - open loop.

(h) Sphere - fully constrained.

(i) Sphere - point contact with friction

Figure 14. PIOPE diagrams for the three test objects in the case of an open-loop grasp (first column) and of Algorithm 1
with fully constrained (second column) and point contact with friction (third column) models. The square symbol shows
the nominal position of the object for the computed grasp plan. The small square of the grid is of 5mm in size while the

bigger one has a side of 25mm.

Prepared using sagej.cls



20

Journal Title XX(X)

(a) Nominal plan: the hand goes to a grasp pose, with the thenar area directly above the object. Then the hand is closed, the object

is restrained and lifted.

(b) Open-loop execution in the case of object-pose error: thumb contacts the object and moves it away, thus leading to an

unsuccessful grasp.

(c) Execution with Algorithm 1 with fully constrained contact model in the case of object-pose error: the thumb contact is identified
and a wide enclosing wrist motion preserves the said contact and brings about a total enclosing of the object.

— kK 2 =

t =¥ : \ 4 :

. — i s - KT o T v

(d) Execution with Algorithm 1 with point contact with friction model in the case of object-pose error: sequentially thumb, index
and middle contacts are detected and the wrist adaptation leads to a good grasp.

Figure 15. Photo sequences of some of the grasping trials performed on the cube. At first the nominal execution is shown.
Thereafter - referring to the grid of Figure 14 - the cube is moved from the nominal position to +50mm on the y direction
while z remains the same. Then, the open-loop execution and the ones using Algorithm 1 are shown.

to successful grasps; this happens with both contact
models. In general, Algorithm 1 presents an increase
in both the average permissible displacements and the
permissible error area.

Figure 15 shows four photo sequences representative
of the experiments on the cube. The first sequence
(Figure 15a) reports the execution of the grasp plan in
nominal conditions. The second sequence (Figure 15b)
shows how a positioning error deteriorates the plan
when executed in open loop. Figures 15¢ and 15d
show Algorithm 1 executing in the same misalignment
conditions. The two sequences show the result of
assuming either the fully constrained (Figures 15¢) or
the point contact with friction (Figures 15d) models.
Figures 16 and 17 are analogous to the previous, but
for the cylinder and the sphere, respectively. All results
in Figures 15, 16, and 17 are samples from the video
footages shown in Extension 4.

6.3.1 Performance of Contact Detection

We observe that the IMU-based detection of contacts
is not always perfect. The IMUs always read some
static value. This is due to gravity, motion-induced
accelerations, robot vibrations, and general sensor noise.
When the contact is too light, it can be hard to separate
the acceleration peak from the static signal. In these
few cases (4.1%), the standard score missed correct
detection. Moreover, although very rarely (2.9%),
contact detection reported false positives. Finally, since
there are no IMUs on the hand palm, when the first
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contact of the hand happened on the palm, it wasn’t
detected. This tended to happen more often during the
experiments with the cylinder.

Both of these sources of errors caused incorrect input
to Algorithm 1, leading to subsequent perturbation
of the object. We chose to keep these cases in the
analysis, without repeating the experiment, to keep
the experimental conditions realistic. In these cases, we
observed that the compliance of the soft hand played
a significant role in coping with these minor object
motions.

6.3.2 Behavior of the Test Objects

We notice that the PIOPE diagrams for the open-loop
strategy are very small for both the cylinder and the
sphere, confirming that those objects are indeed more
sensitive to uncertainties because they tend to slip away.

We observe that the improvements due to Algorithm 1
are more pronounced for the more unstable objects, i.e.
the cylinder and the sphere (See Figure 14 and Table 5).
Indeed, for the cube, the increases in the PIOPE areas
are just 13.8% for the fully constrained version of our
algorithm and 34.5% when using a point contact with
friction model. The growths in the PIOPE areas are
sensibly higher for the cylinder (249.5% and 200%) and
the sphere (174.8% and 474.1%). The same data show
better results when Algorithm 1 relies on the point
contact with friction assumption. Such a trend is present
in two out of three objects: the cube and the sphere.
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(a) Nominal plan: the hand goes to a grasp pose, with a positive roll rotation near the side of the cylinder. Then the hand is closed
for restraining the object and it is lifted.

(b) Open-loop execution in the case of object-position error: the thumb finger prematurely contacts the object, the other fingers close
without creating opposition: thus, the grasp fails.

a0g

(c) Execution with Algorithm 1 with fully constrained model in the case of object-pose error: the same early thumb contact is
identified, the said contact is maintained and, even if the object is slightly moved, a wide enclosing wrist motion brings about an
enveloping of the object.

(d) Execution with Algorithm 1 with point contact with friction model in the case of object-pose error: the thumb contact is detected
and the wrist adaptation stops before collision between the manipulator and the environment. An enveloping grasp is achieved.

Figure 16. Photo sequences of some of the grasping trials performed on the cylinder. On the top, the nominal execution is
shown. Then - referring to the grid of Figure 14 - the cylinder is displaced from the nominal position to -12.5mm on the z
direction while y remains the same. Subsequently, executions in open loop and with Algorithm 1 using the two different

constraint models are shown.

6.3.3 Grasping Motions

Figures 15, 16, and 17 show experimental evidence
of what was discussed in Section 5.4. We observe
compensatory wrist motions in the null space of (21),
similar to those shown in Figure 8. We can
also appreciate the diverse behavior of Adaptive
Grasping due to assuming either the fully constrained
(Figures 15¢, 16¢, and 17¢) or the point contact with
friction (Figures 15d, 16d, and 17d) models.

The fully constrained contact model constrains the
whole terminal phalanx of a finger in contact. Initially,
this produces wider enclosing motions. However, the
compensatory motions of the wrist stop as soon as
a second finger contacts the object because the two
tasks with higher priority (7n and Ty) overconstrain
the DoAs of the wrist-hand system (since the SoftHand
has only one DoA).

On the other hand, wrist adaptations are still possible
even with two contacts when Algorithm 1 assumes the
point contact with friction model because of the fewer
constraints. However, achieving a second contact leads
the underactuated hand to start applying forces on the
object. Figures 15d, 16d, and 17d confirm this. Finally,
at the advent of the third contact, three simultaneous
position constraints stop any further wrist motion.

6.3.4 PIOPE Area Shape

Prepared using sagej.cls

Looking at the shapes of the PIOPE areas, we observe
it to be extensive and rather symmetric for the cube
(Figures 14a, 14b and 14c) while the other two objects
exhibit smaller and asymmetric diagrams.

Moreover, we notice that Algorithm 1 extends the
permissible error areas more towards the positive
y-direction of the grid when grasping the cylinder
(Figures 14d, 14e and 14f) and toward the negative y-
direction for the sphere (Figures 14g, 14h and 14i).

6.3.5 Grasping Phases

Finally, we observe that our method does not
eliminate the whole perturbation phase in favor of
pure pivoting phase all the time. Indeed, most often,
even though Algorithm 1 elicits compensatory motions,
we observe that the object moves slightly, as in the
examples of Figure 17d and Extension 4. However,
despite that, Algorithm 1 still increases the rate of grasp
success.

7 Discussion

In general, Algorithm 1 improved the grasping
performance of the robotic system, despite the injected
uncertainties, imperfect modeling, and realistic sensing.
In this section, we comment on the main experimental
observations and recall the key insights, to discuss the
advantages and limitations of the Adaptive Grasping.
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(a) Nominal plan: the hand goes to a grasp pose, with a small negative roll rotation and the thenar area directly above the object.

From here, the hand is closed and the object is restrained and lifted.
. . -1
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(b) Open-loop execution in the case of object-position error: the middle finger contacts the object, which is moved back; therefore,

the thumb is unable to create opposition and the grasp fails.
B - [2=any .~ 1 [ [y e aﬁ__ll_

(c) Execution with Algorithm 1 with fully constrained contact model in the case of object-pose error: the middle finger contact is
detected and the wrist adaptive motion aids in maintaining this contact while closing. Then, the thumb contact is found. At that
time, pivoting stops and restraining starts; however, the achieved contact are not enough and the object is not fully enveloped.

Therefore, this grasp fails.
= =

(d) Execution with Algorithm 1 with point contact with friction model in the case of object-pose error: after the initial middle
contact, the wrist compensation for this finger leads to a thumb contact being detected. Then a sidewise adaptation of the wrist for

the two achieved contacts lead to an enveloping grasp.

Figure 17. Photo sequences of some of the grasping trials performed on the sphere. The first sequence shows the nominal
execution. Subsequently, the executions in open loop and using Algorithm 1 - with the two different constraint models and
the object displaced - are shown. Referring to the grid of Figure 14 - the sphere is moved from the nominal position to

-50mm on the y direction while x remains the same.

7.1 Limitations due to Contact Detection

As observed in Section 6.3.1, a practical issue of
our algorithm is the implementation of the contact
identification, both from a hardware and software point
of view. In our case, the contact sensing strategy using
IMUs required the exchange of a small amount of force
with the object. This violates - although slightly - one of
the working hypotheses of our approach: keeping those
forces null (see Section 3.1). In addition, the z-score-
based algorithm was prone to false detections. As we
will discuss in Section 7.2, this is one of the factors that
hinder the performance of Algorithm 1.

Despite these practical issues, the compliance of the
soft hand played a significant role in coping with
minor object motions induced by contact sensing errors.
Indeed, it enabled the creation of contact forces that
ultimately led to the successful restraining of the object.

7.2 Analysis of the Grasping Phases

In Section 6.3.5 we reported that Algorithm 1 does not
fully eliminate the perturbation phase. This happened
mainly due to three reasons. As discussed in Section 7.1,
the first reason is imperfect contact sensing. The second
is the imprecise modeling of the soft robotic hand. In
fact, in Figure 8, the employed model of the hand
moves precisely while maintaining contacts. However,
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the errors in the model with respect to the real hand,
especially for large values of the synergy joint o, tend
to cause movements of the contact points achieved by
the real robot: for example, in Figure 17d the object
is slightly moved by errors in maintaining the middle
contact; still, the grasp is successful. Finally, the third
reason lies in the difficulty of sensing the object state
when the hand covers it. However, not measuring the
object twist £€° during the experiments enabled to reflect
a practically relevant use case where a static object is
first acquired and then grasped.

We believe that improving over these three aspects
would increase the efficacy of Algorithm 1. Nevertheless,
the measured increase in grasping performance shows
the robustness of our approach to minor violations of
its assumptions.

7.3 Analysis of the PIOPE Asymmetry

In Section 6.3.4, we remarked how the growth of the
PIOPE area - caused by Algorithm 1 - is rather
symmetric for the cube, and asymmetric and diverse for
the cylinder and sphere. We believe that the common
motivation behind the asymmetric behavior with the
latter two test objects is the missed activation of
Algorithm 1 in some cases. In those cases, there was no
generation of compensatory motions, and Algorithm 1
behaved, essentially, as the open-loop execution.
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Furthermore, the differences between the shapes of
the PIOPEs of the cylinder and the sphere are due to
two distinct phenomena leading to the missed activation
of Algorithm 1. In the case of the cylinder, displacements
in the negative y-direction led to the robotic palm
colliding with the object. As our experimental setup
did not sense contacts in the palm, Algorithm 1 did
not activate. Instead, for the sphere, displacements of
the object in the positive y-direction resulted in no
contacts (or bare and hard-to-sense distant contacts) on
the thumb finger. Also in this case, Algorithm 1 did not
activate in absence of contacts.

This fact highlights an obvious limitation of our
approach. If uncertainties are so large to prevent any
contact from happening, or if there is no sensor to detect
the contact, then our approach is bound to fail in the
same way an open-loop execution would.

7.4 Analysis of the Grasping Motions

As observed in Sections 4, 5 and 6, compensatory
wrist motions arise in the nullspace of (21). Therefore,
the advantage of our strategy is somehow proportional
to the dimension of such nullspace. The larger its
dimension, the more the possible pivoting motions
around the acquired contact points to achieve an
increasing number of contacts.

The number of degrees of actuation of the hand-
arm system contributes positively to increase the
dimension of the said nullspace. On the other hand, two
factors shrink the nullspace: the number of progressively
acquired contacts, and the rank of the contact selection
model (H;) assumed at each contact. Experimental
observations reported in Section 6.3.3 confirm this last
insight. Indeed, the point contact with friction model
assumption leads to compensatory motions lasting
longer. This, in turn, led to a larger increase of the
success rate on two over three objects, as reported in
Section 6.3.2.

7.5 Overcoming the Initial Assumptions

Initially, in Section 3.1, we based the construction of our
strategy on three assumptions: A1 Existence of Grasp
Plan, A2 Knowledge of the Contact Model, and A3
Robot Knowledge and Control.

Assumption A3 is the simplest to satisfy to a
reasonable extent. We presume that the precision of
the robot model correlates with the ability to maintain
contacts and reduce the phase of perturbation. However,
as discussed in Section 7.2, the robot model accuracy
may be limited. For example, this was the case for
the soft hand we used in experiments. However, as
the experiments show, the same softness, which limits
the validity of the robot hand model, also contributes
to adapting the hand to the object and ultimately
achieving good grasps.

In principle, assumptions Al and A2 are the most
limiting ones of our method. Indeed, these can be
difficult to fulfill because of the intrinsic problems
permeating the task of planning accurate grasps (see
Section 3.2). Traditional, rigid end effectors (large values
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of Kj;) cannot prescind from the feasibility of an
accurate contact force plan. This is needed to avoid
damages to the hand and to the object. In these
scenarios, assumption Al relies on assumption A2 to
compute the plan. However, we showed in Section 5.5
how to lighten Assumptions Al and A2 while using
hands with low values of Kj, i.e. soft hands. With
Remark 8.1, by leveraging the physics of the grasp,
we postulate to let the soft hand drive the implicit
generation of restraining forces. This option is enabled
by the task prioritization policy (50) in Algorithm 1.
This order of tasks prioritizes hand closure over contact
forces. Our experiments with the Pisa/IIT SoftHand
were run under the hypothesis of Remark 8.1 and
confirmed this observation.

Finally, we hint upon another possible alternative
way to lighten assumptions Al and A2, which would
apply more to rigid hands: direct measurements of the
contact forces. This possibility would eliminate the use
of (5), dropping A2 entirely. Moreover, in principle it
would be possible to drive the fingertip with some form
of impedance or admittance control, replicating and
possibly extending the adaptive behavior of soft hands.
We did not explore this possibility in this work and
remand it to future developments.

In any case, we emphasize that our idea, and
Algorithm 1 in particular, does not mean to constitute
a full grasping framework, but an important and useful
component. Indeed, to some extent, grasping success
will always depend on the pre-computed plan. If the
computed motions of the finger and wrist are way
incorrect, also our strategy will fail. This fact ultimately
determined the asymmetry in the PIOPE of the cylinder
and sphere in the experiments.

Finally, despite observing that the choice of a soft
hand relieved the impact of assumptions Al, A2, and
A3 on our approach, we stress that softness alone is
not always sufficient to enable good grasps. Indeed, in
experiments, Algorithm 1 improved the grasping rate
of a hand that is soft through wrist motions and using
tactile information.

& Conclusions

This paper introduced a novel grasping algorithm,
called the Sequential Contact-based Adaptive Grasping,
designed to modify a given grasp plan online, based
on tactile events, to reduce grasp failures caused by
undesired object motions.

From reviewing the literature on how humans cope
with uncertainties while grasping, we found that crucial
elements are tactile feedback, hand compliance, and
compensatory motions of the wrist. We resorted to
a quasi-static formulation of the grasping problem to
study the implications of uncertainties on pre-computed
completely specified grasp plans. In particular, we
determined a minimally specified set of trajectories a
robot must track to obtain the desired behavior of
the original completely specified plan. Subsequently,
we propose a method to modify the nominal plan by
introducing a phase of pivoting. In this phase, we impose
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the contact forces variation to be null to reduce the
perturbation on the object caused by early or undesired
contacts. We combine this with a hierarchical task-based
inversion approach to generate wrist motions inside the
null space of the contact constraints. These motions
reactively cope with uncertainties by adapting the grasp
plan to the object.

In this way, our method enables the robotic system
to perform compensatory motions roughly inspired by
those of humans. Although we did not investigate to
which extent our framework could account for real
human compensatory motions, we do not exclude the
application of our framework to study also humans. This
investigation would require an independent study with
human subjects that we wish to perform in the future.

The simulations and preliminary experiments showed
that our method helps to achieve an increased number
of contacts and a more enveloping grasp. For the
moment, we cannot claim that our approach guarantees
optimality of the grasp according to any grasp quality
index, even if the original grasp plans were optimal. To
improve this result, it is required to re-plan contact
forces for the newly achieved contact positions. Our
experiments did not investigate this aspect, since it was
out of the scope of this work. However, to integrate force
re-planning into our approach, in principle, one could
run the original grasp planner once enough contacts are
acquired.

We instantiate our method explicitly for the case of
soft robotic end effectors. Here, numerical evaluations
and experiments showed that our approach provides
the convenient option of avoiding exact planning and
control of the contact forces, bypassing one of the
hardest problems in grasping. In light of the above
consideration, our approach is extremely useful for
soft hands. Indeed, when employing a hand that is
soft and has many fingers, the complexity of the end
effector typically hinders planning. In such a case, our
method provides a valid aid in avoiding to plan forces
and still obtaining successful grasps in the presence of
uncertainties.

This work does not claim to provide a complete
mathematical proof or a statistical validation of the
proposed approach. It is limited to proposing and
discussing a feasible solution, which draws inspiration
from human behavior and relies on a solid mathematical
description. The proposed method is general and
applicable to a wide variety of robotic hands. It can
aid both dexterous and soft grasping, though it can be
particularly useful in the case of underactuated and soft
hands.

Several details of our approach still need to be
explored: the possibility of dividing the tasks in (36),
(37), and (38) into subtasks and that of dynamically
changing priorities during the different phases of
grasping. Additionally, to improve the effectiveness of
our algorithm for rigid hands, two different directions
can be taken: planning impedance behaviors at the
contact points and employing force control with contact
feedback. Future works will address all these issues and
possibilities.

Prepared using sagej.cls

Acknowledgements

The authors warmly thank Manuel Barbarossa, Domenico
Mura, Mattia Poggiani, Gaspare Santaera and Vinicio Tin-
cani for their valuable contributions to the implementation
of the experimental setup.

This is a pre-print version of Pollayil et al. (2022),
published on-line as https://journals.sagepub.com/doi/full/
10.1177/02783649221081154, DOI: https://doi.org/10.1177/
02783649221081154.

Funding

The has
funding from the European Union’s Horizon 2020 Research

research leading to these results received
and Innovation Programme: Project ReconCycle “Self-
reconfiguration of a robotic workcell for the recycling
of electronic waste” [Grant Agreement ID: 871352, and
Project SoPHIA
Cooperative Human-Robot Systems in Agile Production”

[Grant Agreement ID: 871237).

“Socio-physical Interaction Skills for

9 Appendix

A Index to Multimedia Extensions

Table 6. Index to Multimedia Extensions.

Extension ‘ Media Type ‘ Description

1 Video Idea behind the Adap-
tive Grasping

2 Video Numerical validation
of the task priorities

3 Video Numerical validation
with moving objects

4 Video Experimental Valida-
tion

B Definitions and Notations

Refer to the robotic hand approaching the object to be
grasped, as shown in Figure 3.

Let {B} (base) be an inertial frame fixed to the
environment, {O} (object) a frame fixed to the object
and {W} (wrist) be fixed to the robotic wrist. Other
relevant frames of reference are the two contact frames
for each contact point: at the "™ contact location, a
frame {C?} can be defined on the object and a frame
{C’if } on the finger. For rigid contact interactions, these
two reference frames coincide despite being fixed to
different bodies.

Let the hand have ny fingers and the k™ finger have
n;, joints. The total joint configuration vector can be
defined as q = [q17 q27 -+ gn,T]T where g € IRk is
the vector of joint configurations of the k' finger.

Let £°c€IR® denote the twist describing the
instantaneous motion of the object frame {O} and &% €
IR® be the twist of the wrist frame {W}. For each of
the contact frames, the relative twists are £5° € IR® and
£ff € IR®. Thus, the total twist vector of the contacts
on the object is £°° = [£7°T £5°T -+ £5°T]T, where n,
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is the total number of contact points. Similarly the
vector £€°F can be defined for the contacts on the fingers.
Without loss of generality all of the twists defined above
are relative to the global frame {B}. Let r° and r* be
the configurations of the object and of the wrist and
u® and u™ be their derivatives. The previous twists
are related to these quantities through the following
notable equalities: u® = L° £° and u® = L™ £". Here,
L° ¢ R%*% and L™ € R®*Y depend on the particular
parametrization chosen for the object and palm poses.
Let us define the geometric or basic Jacobian J; for
each contact, from the palm to the contact location.
In general, J; depends on the whole joint configuration
vector g. The complete Jacobian J, for n. contacts can
be obtained by appending, one below the other, the
Jacobian matrices J;, each written for the i*? contact:
- J —
Je = e (53)
— T,

Note that J. € R®™*™  when multiplied by ¢,
outputs a twist vector with the same dimension as
€°f. The subscript in J, highlights the fact that this
particular Jacobian is related to a specific contact
configuration ¢, which is determined by the positions
of the contacts on the hand.

Moreover, the twist of the robot wrist £ needs to
be transformed (pole change) to get its contribution on
each contact: to this end, a matrix T; € IR®*%, which is
different for each contact, is defined as

(54)

Is —PC;
O3 I3 .

|

The twist of the i*" contact point on the object can
be obtained from the twist of the object using a matrix
G; € R%*C.

O, I (55)

Gi = [ I; —-OC; T.

From these, it is possible to define the grasp matrix

G = [G1 G2 --- G, ] and the complete change of poles
matrix T = [T1T ToT --- T, T|T.

The above defined quantities are related between

them through the following notable kinematic relations:

¢ = J.q+TE™ (56)

£ GT¢°. (57)

Passing on to the statics, let the complete
joint torques vector of the robotic hand be
T=[mnT7mT - 7,77 where 7, €R™r is the

vector of joint torques of the k*" finger. Analogously
to €% and &2, w* € IR® denotes the wrench on the
wrist of the robot and w® € IR® be the external wrench
acting on the object. For each of the contact points, the
contact wrench is ff € IR®. Therefore, the complete
vector containing the contact wrenches applied on the
object is f¢=[ffT f57 .-+ f5.TIT. As stated for the
twists, also all of the wrenches are defined with respect
to the base frame {B}.
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The aforementioned quantities lead to the static dual
counterparts of the kinematic equalities in (56) and (57).

T o= J.JfC (58)
w® = TTfe (59)
w® = —Gf°. (60)

According to the contact model, it might be
useful to filter certain components of wrenches and
twists at the contact points. This is performed using
selection matrices H; € IR™®, with ¢ of suitable value
according to the type of contact. Hence, the whole
selection matrix for n. points of contact is defined as
H = diag(H1,Ha, -, H,_). Each selection matrix is
usually easily expressed in the local contact frames and
can be subsequently transformed to be expressed in the
world frame of reference. The equalities from (56) to
(60) can be re-written considering the contact model
using H. In that case, the screw vectors at the contact
points f€, Eff and £§° have a number of components
depending on the rows of H; (i.e. € IR"). The number of
components of f¢ depend also on the number of contacts
Ne.

For a deeper understanding of these notions regarding
grasp analysis refer to (Prattichizzo and Trinkle 2016).

C Segmentation of the Nominal Plan

The segmentation procedure in Remark 4 is described
in Algorithm 2. It finds the time 75 in which the
switching between the two phases happen, i.e., when
the application of forces should start, using function
FindSmallestTime. Then, function Fxtract uses 74 to
divide the nominal plan into the parts corresponding to
the phases of approaching and restraining.

Algorithm 2 Segmentation of nominal plan

Input: {qd,gg,f;} ‘
Output: {qa, &Y, 9} A, {44,8Y, fiIr
: procedure SegmentPlan
Ty « FindSmallestTime({f$}, £ # 0)
{da, €5, 2} 4 ¢ Eatract({da. €3, f§}, 7 < 7)
{44, €9, f$}r — Batract({da, €2, f5}.7 > 1)

oW p e
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