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This report describes the activities related to the control of grasping actions
given the detection of an object. It includes work on: modelling underactu-
ated and adaptive robotic hands, acquiring target grasps learned from data
gathered either from humans or simulations, synthesising grasps for novel ob-
jects using either heuristic or statistical machine learning approaches, plan-
ning complex grasping and manipulation tasks either using discrete search
methods or via direct trajectory optimization methods for systems with un-
specified contact sequences.
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Executive Summary

This report describes the activities — most of which are already performed,
while some others scheduled for finalization in the weeks that precede the
PaCMan review meeting in May 2015 — within the PaCMan consortium
to define methodologies for incipient grasping evaluation. The material in-
cluded in this report describes the results that fall under Task 4.2 (M 7-18),
and the progress of Task 4.3 (M 7-30) at M 24.

Role of incipient grasp evaluation in PaCMan

This deliverable documents the effort of the consortium in devising new
strategies to define practical approaches to tackle the problem of grasping
under uncertainty and nowvelty, either caused by clutter, visual occlusions,
or new object shapes. To this sake, the ability to evaluate incipient grasps
in terms of their expected quality, robustness, and probability of success, is
of paramount importance.

Contribution to the PaCMan scenario

To our eyes, grasp methodologies that try to cope with pose uncertainty,
object shape estimation inaccuracies, clutter and partial occlusions, either
(i) by accomodating grasp unmodelled dynamics by exploiting prior knowl-
edge about the adaptivity and the compliance of the Pisa/IIT SoftHand (as
mainly proposed by the UNIPI Team), or (ii) by inferring grasps for novel
objects from as little as one training example (of a chosen grasp type) that
are shown to be generalizable within and across object categories, even with
partial shape information, (as mainly proposed by the UoB Team), represent
central contributions in the scenario depicted in the PaCMan project.
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1 Tasks, objectives, results

1.1 Planned work

Humans have no troubles in selecting the correct grasp strategies even if
the object to be grasped is unknown or partially visible. On the contrary,
though robotics has made significant progress in the field of autonomous
grasping, the problem of grasping novel objects in cluttered scenarios has
not been completely solved yet. In this report, we document the activities
of the consortium to tackle this problem.

The work to be documented in this report regards: “Methodologies for
incipient grasp evaluation”. This should mostly contain the results of Task
4.2 and the progress of Task 4.3 and Task 4.4 at this stage. In particular,
the report should contain a description of the procedures to infer first-order
object surface properties and the quality of the associated grasp from fin-
gerpad sensor recordings, and algorithms for local optimization of contact
point locations and on-line grasping force optimization.

1.2 Actual work performed

We have to clearly state, right away, that not all the pieces of work pre-
sented in this report, even if sharing the very same goals of WP4, i.e., “to
develop methods to control grasping actions given a detection of an object
using the compositional object model”, fit exactly the breakdown structure
suggested by the Tasks reported in the “Description of Work”. In particu-
lar, the description of the activities to be performed in Tasks 4.1, 4.2 and
4.3, represents the sequential temporal stages that one could envision in
performing a robust grasp when adopting a fully actuated and sensorized
robotic hand. In fact, the pre-shaping of the hand to a first object contact
(Task 4.1), the assessment of the first-order properties of the object surface,
along with the local optimization of the contact point locations (Task 4.2),
and the actual grasp acquisition with the optimal distribution of contact
forces (Task 4.3), indeed assume that the action is performed by employing
a dexterous hand with a plethora of force and position sensors. Moreover,
here the robustness of the grasp was envisioned by reasoning, at each stage
of the process, whether the previous step was successfully performed and
taking proper corrective actions if that was not the case.

The approach that we came to pursue sees instead a central role of
compliantly underactuated hands, where uncertainty in the relative pose
between the hand and the object and object shape itself is mechanically
absorbed by the adaptive behavior of the Pisa/IIT SoftHand. This new
research direction brought about somewhat completely unplanned (and un-
explored) issues that we considered central to the goals of WP4 and worth
to be pursued. First of all, the sensorization of a compliantly adaptive hand
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with dislocable joints asked for a whole new approach to provide propriocep-
tive feedback to the hand (this topic is actually matter of DR 3.1). The force
sensorization problem, which is somewhat assumed in the Tasks 4.2 and 4.3,
poses non trivial technological problems for the hand under investigation,
and is still under development and testing. Moreover, the envisioned phases
to transit from grasp formation to successful grasp acquisition are inextri-
cably entangled and somehow blurred for an adaptive and underactuated
hand with just one single Degree of Actuation, as the dynamic interaction
between the hand and the object — and possibly the environment — is re-
sponsible for the global behavior of the system. This new perspective asked
for a rescheduling and reorganization of the needed pieces of work.

For the reasons mentioned above, the work that is presented in this
report is mostly focused on proposing robust grasping solution for an adap-
tive hand and, in particular, for our Pisa/IIT SoftHand. The learning and
transfer of grasps within and across object categories, instead, makes use of
the fully actuated and sensorized 20-DoF DLR-HIT Hand II, since a finer
control over the fingertip position is required.

In Sec. 1.2.1, we present our approach to define successful synthetic poses
for the Pisa/IIT SoftHand in grasping the PaCMan Object Database [1].
In Sec. 1.2.2, the previous approach is sharpened by employing a custom
decomposition into cuboids of the object point cloud. Each cuboid suggests
a number of grasps to be performed on the object. These grasps are used to
warm start the search for successful grasps to be synthetically found in the
simulation environment and to be attached to that object’s grasp database.
The feasibility of using this approach on-line to find graspable parts on
objects in the scene with partial point cloud information and irrespective to
their prior recognition is under investigation using the framework described
in MS 4.2, Sec. A.1-A 4.

In Sec. 1.2.3, we shift our attention onto the generalization and adap-
tation ability of the previously reported grasp planning algorithm for fully
actuated hands showing, in experiments using the DLR-HIT Hand II, how it
is possible to just use a few example grasps, taught in a kinesthetic manner,
in order to be able to transfer this knowledge to unknown, even partially
visible objects.

In Sec. 1.2.4, we consider the grasps of the previous section as the starting
point, but now wish to execute them more reliably than in an essentially
open loop fashion. We present the progress on our method for planning
tactile information gathering to reduce the uncertainty in the pose of an
object. The method works by embedding the information to be gained in
the physical space, using it to shorten distances, and thus make information
gathering trajectories of lower cost. We show improvement in our results
over the previous year.

Sec. 1.2.5 presents a new approach to planning for soft robot manipula-
tors under task constraints. This piece of work is central to motion planning
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in dual arm configurations, e.g. when an object is held simultaneously with
two compliant underactuated hands. The corresponding control problem,
which makes use of a geometric formulation and is based on a non-interacting
scheme, is tested on a dual-arm (closed kinematic loop) configuration.

Sec. 1.2.6 presents our approach to solve high-level planning for grasping
an object and passing it from one hand to another. This work constitutes
the theoretical foundation for the high-level planning needed to perform the
Task 5.3.

In Sec. 1.2.7, we describe a planning strategy based on direct trajectory
optimization that does not require a-priori specification of the contact se-
quence and presents the benefits of providing dynamically consistent plans,
from the outset, and allowing for opportunistic exploitation of environmental
constraints.

1.2.1 Grasping With Soft Hands

In this section, we summarize the work performed to tackle the problem of
grasp planning and grasp acquisition for hands that are simple — in the sense
of low number of actuated degrees of freedom (one degree of actuation for
the Pisa/IIT SoftHands) — but are soft, i.e. continuously deformable in an
infinity of possible shapes through interactions with objects. This scenario
presented us many different issues that could hardly be reconciled with the
more classical approach to grasping — to be performed with fully-actuated
and sensorized robotic hands — which is entailed in the consecutive temporal
stages of grasp formation described Tasks 4.1, 4.2 and 4.3. Here, we face
them all simultaneously, as we employ an adaptive underactuated hand to
perform the task. This should explain why the material presented in this
section is not exactly aligned to what the description of the Tasks presents.
However, we believe that the work performed share with the description of
the Tasks the same ultimate goals: robust grasping in uncertain scenarios.

This research topic was started during the first year of the project — it
was already documented in DR 4.1 in the preliminary form of a technical
report — and has now reached a higher level of maturity, as testified by the
accompanying paper [2].

During the past thirty years, the problem of autonomous grasping has
been one of the most widely investigated. Several approaches have been
proposed to define the optimal finger placement on the object, either based
on geometric [3] or force features [4], on our previous work on grasp quality
measures [5], specifically tailored to convex objects [6] or generalized to
non-convex ones.

Perhaps because of the fragility of the mechanics of most robot hands,
the multitude of the planning methods were thought for interactions between
the hand and the objects that only occur at the fingertips, limiting contacts
with other parts of the hand and avoiding contacts with the rest of the envi-
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ronment at all. This “timid” approach to manipulation generated by rigidity
and fragility of the hand has been recently challenged by the introduction of
adaptable, underactuated and/or soft hands. This allows to use these hands
in a more “daring” way with the objects in the environment, using their full
surface for enveloping grasps, and exploiting object and environmental con-
straints to functionally shape the hand, going beyond its nominal kinematic
limits through wise exploitation of their structural softness.

The analysis of these possibilities constitute a new challenge for exist-
ing grasping algorithms: adaptation to totally of partially unknown scenes
remains a difficult task, towards which only some approaches have been
investigated so far.

Here, moving beyond the state of the art, we present a first approach to
explore this novel kind of manipulation, based on an accurate simulation tool
for the SoftHand, developed using the multi-body system software ADAMS.
A batch simulation setup was created and used to perform the automatic
creation of a database of grasp affordances for the Pisa/IIT SoftHand on
the PaCMan database of kitchenware objects.

More details on this new approach and on the achieved results can be
found in Sec. A.1.

1.2.2 Grasp Planning for the Pisa/IIT Softhand via Bounding-
Box Object Decomposition

In this section, we summarize the work performed to sharpen the approach
of grasp planning and grasp acquisition for adaptive and compliant hands,
such as the Pisa/IIT SoftHand. The ability we try to embed in our grasp
planner is that of selecting a successful grasp without the need of identifying
a priori an object, but only based on its composition of shape primitives
with known associated grasps, i.e. resorting to part-based grasps.

To this sake, we follow a mid-level solution, according to a purely top-
down strategy, based on the Minimum Volume Bounding Box (MVBB) fit-
and-split algorithm to object decomposition that was originally proposed
in [7]. The method consists of iteratively building MVBBs of points resulting
from splitting the point cloud of the object. The split procedure is performed
in such a way that the sum of the two areas (proper box projections) resulting
from the convex region of each set of points is minimized.

We propose an improved version of the MVBB algorithm for object de-
composition in [7], as it presents the following properties: (i) it is very
efficient and can accomodate scattered 3D points delivered by arbitrary 3D
sensors; (ii) the outcome constellation of boxes is quite insensitive to noise.
However, with respect to [8] and [9], where 2D grasp hypotheses are made
and evaluated on point projections onto box faces and assume, from the
outset, the use of rigid and fully-actuated robotic hands or grippers, in our
work we propose a shift of prospective in the creation of grasp hypotheses
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as we employ a compliant and adaptive hand, the Pisa/IIT SoftHand. We
affirm that this contribution represents an advancement with respect to the
state of the art.

With a reduced burden to plan detailed finger placements, the box set
representation of an object, also ease the mapping of complex actions to box
and/or box distribution properties. For example, as also mentioned in [§],
in order to pick-up an object and place it somewhere, it may intuitively be
a good option to grasp the largest box. Instead, in order to show the same
object to a camera to gather more views, it may be preferable to grasp the
object from the outermost box, or from a box that allows a pincher grasp,
so to minimize occlusions caused by hand parts.

Considering the adaptability of soft hands, we present a strategy to
propose grasp postures to grasp a subset of the PaCMan kitchenware object
database previously decomposed into MVBBs. The performances of the
method are compared with those presented in [2] and, through simulations
performed with the MBS software ADAMS™ [10], we show that with the
strategy presented in this paper we increase the successful rate of grasps for
the same objects.

More details on this new approach and on the achieved results can be
found in Sec. A.2.

1.2.3 Grasping Novel Objects with a Dexterous Hand

In this section we show the extension of our approach to adaptation of a
dexterous grasp type from year one, which is the other modus operandi we
followed to tackle Task 4.3. We now solve two problems: grasp type selec-
tion and adaptation of a grasp type. The complete method enables learning
of several grasp types, each from one kinesthetic demonstration. Thus the
grasp type learning is one-shot. When presented with a novel object in any
orientation the grasp generation algorithm generates hundreds of candidate
grasps from each grasp type and ranks them according to likelihood. The
extended method has been implemented on Boris, the bimanual robot plat-
form at Birmingham (using a DLR-HIT Hand II) , having previously been
tested on the Innsbruck robot with a different hand (Schunk 3-finger hand).
Previous work in learning generalisable grasps falls broadly into two
classes. One class of approaches utilises the shape of common object parts or
their appearance to generalise grasps across object categories [11, 12, 13, 14].
This works well for low DoF hands. Another class of approaches captures the
global properties of the hand shape either at the point of grasping, or during
the approach [15]. This global hand shape can additionally be associated
with global object shape, allowing generalisation by warping grasps to match
warps of global object shape [16]. This second class works well for high DoF
hands, but generalisation is more limited. We achieve the advantages of both
classes, generalising grasps across object categories with high DoF hands.
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Both the learning and generation stages of our approach use an incom-
plete point cloud from a depth camera — no prior model of object shape is
used. As previously, the learned model is a product of experts, in which
experts are of two types. The first is a contact model and is a density over
the pose of a single hand link relative to the local object surface. The sec-
ond is the hand configuration model and is a density over the whole hand
configuration. The grasp inference implementation for novel objects (grasp
transfer), which optimises the product of these two model types, has been
improved to make it faster, generating thousands of grasp candidates in sec-
onds. Also with improvements in computing power the time to compute a
set of grasps has been reduced by a factor of more than 10. The key step
in grasp transfer is the computation of a query density for each hand link.
This is achieved by a Monte Carlo procedure that convolves the point cloud
for the new object with the expert for an individual hand link.

In experiments with Boris, the training set consisted of five different
grasps, and the test set of forty-five previously unseen objects. The success
rate of the first choice grasp is 77.7% using a single view of the test object,
and increases to 84.4% if seven views are taken instead.

More details on the highlighted method and the experimental results can
be found in Sec. A.3.

1.2.4 Grasping under Uncertainty

This work extends that of [17], which offers a way to avoid the complexity
of planning in a high dimensional belief space. It does this in two ways, 1)
by approximating the informational value of actions from a low-dimensional
subspace of the belief state; and ii) by embedding that informational value
into the physical space. Whereas Platt employed a 2DoF arm with a laser
sensor, our extension allows reasoning about a 21 DoF arm-hand system
with tactile observations.

In our previous work [18, 19] we proposed a information gain re-planning
strategy to improve the reliability of grasping under uncertainty. We achieved
this by using a hierarchical sample-based path planner, here a Probabilistic
Roadmap (PRM) planner, which explicitly encodes expected information
gain (using a low-dimensional approximation of the belief state) along each
of its trajectory segments. This extended the work in [17]. A particular
contribution of our approach is refining the belief state for the object pose
using an observation model for tactile sensing by a multi-finger hand that
can palpate the object to be grasped.

We have extended our previous work in four ways. First we now employ
as the target grasp, one of the grasp candidates from the work on grasping
of novel objects described elsewhere in this deliverable. Second we now en-
able re-planning from the configuration of the robot at the point where an
unexpected contact occurs. This is instead of moving the hand away from
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the contact to a safe configuration. Third, we now plan dexterous grasp-
ing trajectories for non-convex object shapes by implementing an efficient
collision detection method which reasons directly with sensed point clouds
rather than derived representations of object shape such as mesh represen-
tations. Fourth, we now use an active compliant controller to ensure that
continued contact(s) between the hand and the object minimise the risk of
perturbing the system.

The updated method has been tested in simulation. Pose uncertainty
is now caused by errors in matching a partial point cloud from one or two
viewpoints to a previously sensed cloud from seven views. In each trial the
simulated robot attempts to grasp the presented object using three different
strategies. The first strategy represents a “naive” approach in which the
robot tries to grasp the object in its estimated pose with a single attempt.
The second strategy allows the robot to recover from unexpected contacts
if the estimated pose is not correct, and a new grasp attempt is planned
and executed until a termination condition is met. The third strategy is
teh information gain strategy mentioned above. This works with a cost
function that allows deviations from the shortest physical path in order to
make tactile contacts that will reduce object pose uncertainty. Essentially
this can be seen as warping the physical space using information gain to
create a non-Euclidean distance metric for motion planning. The goal of
the trials is to show that the information gain planner is superior, having
a higher success rate, and requiring fewer re-planning iterations than the
other methods before a grasp is achieved.

1.2.5 Sample-Based Motion Planning for Soft Robot Manipula-
tors Under Task Constraints

In this section we present a new sample-based approach to motion planning
for soft robot manipulators which considers also task constraints.

As our final goal is to use a bimanual system to grasp and position
objects, motion planning cannot neglect the constraints arising from closing
the kinematic loop between the two arms, the two hands, and the object
being grasped. Moreover, while using compliant manipulators gives new and
unforeseen opportunities, it also poses new challenges even on the motion
planning side.

Normally, random sampling-based methods for motion planning such as
[20, 21] have the advantage to efficiently sample the robot configuration
space (for which we have an explicit parameterization) and may iteratively
improve the connection between an initial and a desired final robot configu-
rations. This advantage deteriorates when we consider constrained motion
planning because the lack of an explicit parameterization of the non lin-
ear submanifold of the configuration space which satisfies the constraints
makes it difficult to find samples which are valid nodes of the plan to be

10
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found. Explicitly, the fraction of the free-from-obstacle configuration space
Miee € R? which strictly satisfies a constraint of the type C(g) =0,is a
zero-measure submanifold M, for which the practical probability of sam-
pling a point ¢ € M,, is zero. Previous approaches are based either on the
decomposition of the chain in an active and a passive chains [22], or in the
projection of any random sample to the valid configuration space [23, 24],
slowing down the planning process.

Specializing the algorithm for compliant systems, we can avoid this in-
crease in computational burden relaxing the constraint to be of the type
C(q) < e: in the case in which the tight constraint is violated, a force
proportional to the violation arises between two parts in contact, but still
the configuration is feasible (although undesired forces on the grasped ob-
ject could be generated). In this way, we can sample a boundary layer
M, = {q € Mgee, C(q) < ¢} which has the same dimensionality as the
whole configuration space, and volume decreasing with e. We can then use
a biased random sampling technique like the one in [25], which allows us to
obtain a sample distribution which tends to be uniform in M,..

Once the planning problem is solved, the main challenge arises from the
fact that the relaxed constraint has now to be enforced during execution
in order to avoid undesired forces acting on the object. This has to be
ensured via a real-time controller, which can be synthesised exploiting the
geometric formulation introduced in [26, 27] where an algorithm to make
the position and force control of certain systems non-interacting has been
devised, allowing for regulation of the internal object forces to an appropriate
level without jeopardising the planned motion.

More details on this new approach and on the currently achieved results
can be found in Sec. A.5.

1.2.6 High-Level Planning for Bimanual Object Passing

In order to successfully complete Task 5.3, which requires the object to
be passed between the hands of the robot, we describe in this section our
approach to solve high-level planning for this matter.

Our idea considers the possibility of having the object in a known po-
sition, which can be recognized using vision, and a higher-level agent (such
as a user) decides a target configuration the object has to reach.

From this information, a semantic graph is constructed which has as
nodes a grasp id and a workspace id, and as arcs all possible known transi-
tions between nodes.

Once a minimum cost path has been found, it is translated back into
Cartesian information for collision-free motion planning, grasp commands,
and all low-level requirements to execute the plan successfully.

While there are many previous works on combining high-level semantic
reasoning and low-level cartesian path planning (see e.g. [28, 29, 30]) which

11
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mostly take advantage of object-specific reasoning introduced in [31], our
main contribution is to include the possibility of passing an object between
two end-effectors.

Specifically, considering end-effectors with different properties, the table
(and possibly other non-movable surfaces) has its own set of grasps for an
object, and is treated exactly like a hand when generating arcs in the graph,
apart from the fact that it cannot be moved and, thus, there will be no
arc connecting the same “table grasp” in adjacent workspaces (while there
could be one if the grasp is performed via a hand of the robot).

Thus, considering that previous approaches mostly rely on a table in
order to move an object from one arm workspace to another, we can simply
classify the primitives which allow a transition from a grasp/workspace pair
into another in three categories:

1. pick with an end-effector from a fixed surface
2. move the end-effector
3. place with an end-effector onto a fixed surface

Our approach uses instead a more general action of “grasp transfer”,
which can be specialized in:

1. moving actions of an end-effector among its reachable workspaces

2. pick and place actions if one end-effector involved is non-movable (such
as a table)

3. a grasp-ungrasp sequence if both end-effectors involved are movable

This list is still under development, and we will try to generalize it even more
in the future with other, more interesting primitives which could possibly
exploit dynamics, friction, gravity, and so on.

A more detailed view on this method and on the achieved results can be
seen in Sec. A.6.

1.2.7 A Computational Framework for Environment- Aware Robotic
Manipulation Planning

Moving beyond with respect to what we committed to investigate in Tasks
4.2 and 4.3, we introduce, in this section, a computational framework for
direct trajectory optimization of general manipulation systems without a-
priori specified contact sequences, possibly exploiting environmental con-
straints as a tool to accomplish a task.

Originally, we planned to approach the problem of robust grasping by
dividing it into three main stages: (i) move from hand pre-shape to first

12
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object contact (Task 4.1), (ii) perform an incipient grasp and assess the first-
order properties of the surface of the object, possibly changing candidate
contact locations so that the quality of the incipient grasp is maximized
(Task 4.2), and (iii) perform the actual grasp acquisition by optimizing the
distribution of the applied contact forces (Task 4.3).

In this section, we report on our efforts to devise a framework to be
employed not only for grasp planning, but also for manipulation planning,
that should be able to merge all three previous phases in a systematic and
coherent way. The user should be focused on providing high-level objectives,
e.g. “move object A from pose 1 to pose 2 in a given amount of time”, and
the framework should be able to provide a manipulation plan that should
take care of all the rest, e.g. should specify low-level actions and their correct
sequence for the manipulation system at hand (single-arm configuration,
dual-arm configuration), defining the whole contact sequence (where and
when to make and to break contacts), should provide trajectories consistent
with the dynamics of the manipulation system, unilateral contacts, friction
constraints and actuation limits.

Related work to which we compare ours indeed include those using: (i)
traditional grasp planners, such as [32] and [33]; (ii) general purpose plan-
ning algorithms, such as [34] and [35]; (iii) machine learning approaches,
as [36] and [37]; (iv) optimization-based trajectory planners, such as [38],
[39], and [40]. In particular, with respect to [40], which is the closest
to ours, we can affirm that, besides a much more efficient computational
pipeline, by explicitly instantiating environmental contact forces, we fabri-
cate a strategy such that, if the task may be more efficiently and/or more
robustly performed with the aid of constraints provided by the environment,
the proposed approach can devise manipulation strategies that cleverly and
opportunistically exploit environmental constraints.

Moreover, two approaches are presented to model the dynamics of sys-
tems with intermittent contacts: the first one, in which continuous contact
reaction forces are generated by nonlinear virtual springs, is convenient to
tackle scenarios where we try to avoid sliding contacts; the second one, which
is based on a velocity-based time stepping scheme, is suitable in scenar-
ios where sliding interaction primitives may lead to convenient interactions
among the hand, the manipulandum and the environment.

In both cases, beside system’s state and applied torques, object and en-
vironment contact forces are included among the free optimization variables,
and they are rendered consistent via suitably devised sets of complementar-
ity conditions. To maximize computational efficiency, sparsity patterns in
the linear algebra expressions generated during the solution of the optimiza-
tion problem are exploited, and Algorithmic Differentiation (also known as
Automatic Differentiation) is leveraged to calculate derivatives. These as-
pects appear completely unexplored in the literature of high-level planning
for systems with intermittent contacts.

13
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The approach is evaluated in three simulated planar manipulation tasks:
(i) moving a circular object from an initial pose to a final pose in the
workspace with two independent fingers, (ii) rotating a capsule-shaped ob-
ject with an underactuated two-fingered gripper, and (iii) rotating a circular
object in hand with three independent fingers. Tasks (i) and (ii) show that
our algorithm quickly converges to locally optimal solutions that opportunis-
tically exploit environmental constraints. Task (iii) demonstrates that even
dexterous fingertip gaits can be obtained as a special solution in the very
same framework.

More details on this new approach and on the achieved results can be
found in Sec. A.7.

14
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A.1 Article: Grasping with soft hands
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Garabini, M. Gabiccini, A. Bicchi

Info In proceedings of IEEE-RAS Int. Conf. on Humanoid Robots (Hu-
manoids), 2014

Abstract Despite some prematurely optimistic claims, the ability of robots
to grasp general objects in unstructured environments still remains far
behind that of humans. This is not solely caused by differences in the
mechanics of hands: indeed, we show that human use of a simple robot
hand (the Pisa/IIT SoftHand) can afford capabilities that are compa-
rable to natural grasping. It is through the observation of such human-
directed robot hand operations that we realized how fundamental in
everyday grasping and manipulation is the role of hand compliance,
which is used to adapt to the shape of surrounding objects. Objects
and environmental constraints are in turn used to functionally shape
the hand, going beyond its nominal kinematic limits by exploiting
structural softness. In this paper, we set out to study grasp planning
for hands that are simple - in the sense of low number of actuated
degrees of freedom (one for the Pisa/IIT SoftHand) - but are soft, i.e.
continuously deformable in an infinity of possible shapes through in-
teraction with objects. After general considerations on the change of
paradigm in grasp planning that this setting brings about with respect
to classical rigid multi-dof grasp planning, we present a procedure to
extract grasp affordances for the Pisa/IIT SoftHand through physi-
cally accurate numerical simulations. The selected grasps are then
successfully tested in an experimental scenario.

Relation with the deliverable: Grasping under uncertainty by exploit-
ing the adaptive behavior encoded in the mechanical design.
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Grasping with Soft Hands

M. Bonilla!, E. Farnioli'2, C. Piazza!, M. Catalano?, G. Grioli2, M. Garabini', M.

Abstract— Despite some prematurely optimistic claims, the
ability of robots to grasp general objects in unstructured
environments still remains far behind that of humans. This
is not solely caused by differences in the mechanics of hands:
indeed, we show that human use of a simple robot hand (the
Pisa/IIT SoftHand) can afford capabilities that are comparable
to natural grasping. It is through the observation of such
human-directed robot hand operations that we realized how
fundamental in everyday grasping and manipulation is the role
of hand compliance, which is used to adapt to the shape of
surrounding objects. Objects and environmental constraints are
in turn used to functionally shape the hand, going beyond its
nominal kinematic limits by exploiting structural softness.

In this paper, we set out to study grasp planning for hands
that are simple - in the sense of low number of actuated degrees
of freedom (one for the Pisa/IIT SoftHand) - but are soft,
i.e. continuously deformable in an infinity of possible shapes
through interaction with objects. After general considerations
on the change of paradigm in grasp planning that this setting
brings about with respect to classical rigid multi-dof grasp plan-
ning, we present a procedure to extract grasp affordances for
the Pisa/IIT SoftHand through physically accurate numerical
simulations. The selected grasps are then successfully tested in
an experimental scenario.

I. INTRODUCTION

During the past thirty years, the problem of autonomous
robotic grasping has been one of the most widely inves-
tigated. For well known scenes and object models, pre-
programming of autonomous grasping and manipulation
tasks may be an option. Toward this goal, several approaches
have been proposed to define the optimal finger placement on
the object, either based on some geometric [1] or force [2],
[3] grasp quality measures, specifically tailored to convex
objects [4], with optimal on-line contact adjustments [5],
and also generalized to non-convex objects [6]. Perhaps
because of the fragility of the mechanics of most robot
hands, a multitude of the planning methods were thought
for interactions between the hand and the object that only
occurred at the fingertips, limiting contacts with other parts
of the hand and avoiding contacts with the rest of the
environment at all.

This “timid” approach to manipulation generated by rigid-
ity and fragility of the hand has been recently challenged
by the introduction of adaptable, underactuated and/or soft
hands. Devices such as the underactuated RobotiQ hand [7],
the RBO and RBO 2 hands [8], [9], the iHY hand [10] and
the Pisa/IIT SoftHand [11], are designed to be much simpler,

IResearch Center “E. Piaggio”, Universita di Pisa, Largo Lucio Lazzarino
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Fig. 1. Paradigm shift in manipulation, from rigid manipulation (left) to soft
manipulation (right). Primary colors identify the scenario main actors: red
for the robotic hand, blue for the environment, green for the target object.
Secondary colors codify simple interactions between the actors: yellow for
hand-object, cyan for object-environment and magenta for environment-
hand. Finally, complex interactions, which involve all the three actors at
the same time, are white colored. Refer to text for a deeper description.

and much more robust with respect to the whole interaction
process. This allows to use these hands in more “daring”
interactions with the objects in the environment, using their
full surface for enveloping grasps, and exploiting objects and
environmental constraints to functionally shape the hand,
going beyond its nominal kinematic limits by exploiting
structural softness.

The differences between a rigid and soft approach to
manipulation are sketched in Fig. 1. In the classical paradigm
(cfr. panel (a)), the planner searches for suitable points on the
object that generate a nominal grasp of good quality, and for
trajectories that can bring there the fingertips while avoiding
contacts of the hand with the environment. In the example of
panel (c), to grasp the green cup while avoiding the wall on
the left the planner has to find a path in a narrow passage.
However, soft manipulation subverts this scheme (panel (b)).
In the example of panel (d), hand-object, object-environment
and hand-environment contacts are not avoided but rather
sought after and exploited to shape the hand itself around
the object.

The set of all possible physical interactions between
the hand, the object and the environment, which define
the hand-object functional interaction, will be referred to
as the set of Enabling Constraints. The analysis of such



possibilities constitute a rather new challenge for existing
grasping algorithms: adaptation to totally or partially un-
known scenes remains a difficult task, toward which only
some approaches have been investigated so far. Some of
them are model-free and propose geometrical features which
indicate good grasps [12], [13], some others evaluate also
topological object properties such as holes [14]. Typically,
grasps are ranked on a fixed list of suitable hypotheses,
do not require supervised learning, but do not adapt over
time. Other methods are based on learning the success rate
of grasps given some descriptor extracted from sensor data,
either evaluated on a real robotic system [15], [16], or on
simulated sensor data [17], [18].

Moreover, beside vision-based methods, hand compliance
offers the real possibility to use tactile exploration for 3D
reconstruction of unknown environments and objects. Tactile
sensing can solve some severe limitations of computer vision,
such as sensitivity to illumination and limited perspective.
As an example, a combined procedure based on dynamic
potential fields, that aims at reconstructing 3D object models,
which are then used for grasp planning and execution was
presented in [19] and recently extended in [20].

In this paper, we consider planning grasps with hands that
are simple — in the sense of low number of actuated degrees
of freedom, e.g. one for the Pisa/IIT SoftHand — but are soft,
i.e. continuously deformable in an infinity of possible shapes
through interaction with objects. We present a first approach
to the study of this novel kind of manipulation, based on
an accurate simulation tool for the SoftHand, developed
using the multi-body system software ADAMS [21]. A
batch simulation set-up was created and used to perform
the automatic creation of a database of grasp affordances
for the Pisa/IIT SoftHand and a set of kitchenware objects.
The method is related to that followed with simulators such
as Grasplt! [22], Open-Rave [23] and OpenGRASP [24],
although the softness of the hand introduces a new vista on
the problem.

To stress the differences between the rigid and soft manip-
ulation paradigms, Section II presents some of the benefits
of using Soft Hands to grasp objects. Section III recalls
the mathematical model of the SoftHand after which the
simulation tool, presented in Section IV, has been developed.
Section V presents the automated simulation batch environ-
ment, that led to the results presented in section VI. Finally
conclusions are drawn in Section VIL.

II. A NEW SET OF POSSIBILITIES

By observing the way humans use their real hands, it is
possible to realize that, in everyday grasping and manipu-
lation, the role of hand compliance is fundamental. In the
first place it is used to adapt to the shape of the hand
surroundings: both the target object and the rest of the
environment. On the other hand, it is important to notice
how the objects and the environment constraints are used,
in turn, to functionally shape the hand, going beyond its
nominal kinematic limits by exploiting its structural softness.

Although one could ascribe such levels of dexterity to the
high levels of sensory-motor capabilities of the human hand
itself, it is astounding to compare the performance of the
human naked hand with that of a person using a simple robot

Fig. 2. A human hand grasping a cup with three different approaches (top
panels) and the same grasps reproduced with the Pisa/IIT SoftHand (bottom
panels).

The Pisa/IIT SoftHand mounted on an a human arm.

Fig. 3.

hand, as the Pisa/IIT SoftHand arm-mounted device shown
in Fig. 3.

Thanks to its under-actuated mechanisms the SoftHand
is capable to grasp several number of objects by matching
to their shape. These combination of simplicity, adaptivity
and robustness lets the person experiment in a very natural
way with the robotic hand, and soon achieve a level of
performance comparable, often similar, to that obtained with
their true hands. This achievement is obtained despite the
presence of just one degree of actuation on the mechanism
and an almost total lack of tactile feedback. Fig. 2, shows
three very different ways to grasp a cup, implemented with
both the naked hand and the SoftHand.

The SoftHand can substantially match the grasping perfor-
mance of the human hand thanks to its possibility of explor-
ing and exploiting the Enabling Constraints that define, at a
very basal level, the problem of grasping and manipulation.

As a further example, consider Fig.s 4, where the com-
bined action of adaptability and robustness allow the user
to manipulate and interact with both the environment and
the object at the same time, in a complex way (refer also
to Fig. 1). Exploiting all the physical constraints that are
external with respect to the hand itself: walls, surfaces and
edges, force closures of the object between the hand and the
environment can be obtained and used to generate simple and
effective manipulation tasks, in this case sliding and pivoting



Fig. 4. A person with the arm-mounted SoftHand can seamlessly execute also difficult manipulation tasks which involve combined interactions between

hand, object and the environment.

a book.

III. MODEL OF THE PI1SA/IIT SOFTHAND

As an example of the new advantages introduced for
the soft manipulation paradigm, we investigate how to plan
grasps for the Pisa/IIT SoftHand.

Fig. 12 shows that despite the fact the hand is always
driven by the same closing command for any object, the final
grasps are characterized by different joint configurations,
automatically obtained thanks to the adaptability of the
hand. The only variables needed to synthesize grasp remain
those ones describing the wrist pose. In next sections we
will present a randomized investigation method, in order to
discover sets of hand/object configurations bringing to the
grasp. As follows from previous discussions, the dynamic
evolution of the system play a key role, from the pre-grasp
phase until a stable grasp is achieved. Hence, starting from
the kinematic model of the hand, extensively presented in
[11], we developed a dynamic simulation tool in ADAMS.
The main equations to be considered in the simulator come
from the kineto-static model of the Pisa/IIT hand, which can
be described by the following

s = Rg, (1
T = R'n-Kyq )

In eq. (1) variable s € R describes the displacement of
the extremities of the actuation tendon, while ¢ € R is the
joint displacement vector, comprising 5 revolute joints for the
abduction movement, and 14 soft roll-articular (SR) joints for
the flex/extension movement of the fingers. The map between
the two variables is the so called adaptive synergy matrix
R € RY™19, From eq. (1), by kineto-static duality, eq. (2)
follows, where 7 € R is the motor torque, and 7 € R'?
is torque vector at the joint level. The joint stiffness matrix
K, € RY*19 s introduced to properly consider the effect
of the joint elastic band on the net torque.

IV. SIMULATOR IMPLEMENTATION

After the CAD models of the parts composing the hand
have been imported, a virtual link is placed between the
two real ones, Fig. 5(a). Each real part is connected to the
virtual one by virtue of a revolute joint, Fig. 5(b). Finally, the
coherence between the movements of the simulated SR joint
and the real one is assured by introducing a gearwheel-type
constraint, Fig. 5(c).

In order to properly describe the behavior of the Pisa/IIT
SoftHand, it is important to take also into account: (i) the
kinematic constraints imposed by the tendon routing, (ii) the

(@) (k) (€}

Fig. 5. Implementation of the SR joint in ADAMS: a virtual link is
introduced between the two elements (a); a revolute joint connects the virtual
link with each real parts (b); a gear-wheel constraint is imposed between
the two revolute joints (c).

effects of the elastic bands at the joints since, as follows
from (2), both the terms contribute to the net joint torques.
The effect of the motor torque was introduced in ADAMS
by imposing the desired torque on each joint, considering
both the motor torque curve versus time, and the adaptive
synergy matrix R. The contribution of the elastic bands is
introduced in the model using the ADAMS rotational springs.
By properly tuning the damping term in the ADAMS model
of springs, the Coulomb friction at the joints is modeled,
this has also the the beneficial effects of avoiding unphysical
oscillations of the simulation if not present.

Regarding to Fig. 1, the Enabling Constraints exploited
in the next set of simulations are contacts and reactions.
It means that all contact interactions among object, table
and hand geometries are enabled. In order to reduce the set
of possible grasp configurations to explore, the inclusion of
driving constraints is kept as a future work.

V. BATCH SIMULATION SETUP

In order to perform a large set of simulations for the
Pisa/lIT SoftHand, the ADAMS model was fully parame-
terized via a template script. Design parameters like object
inertia, contact parameters and joint stiffness and friction,
were properly chosen to mimic the real hand as closely
as possible, they do not need to be modified during the
simulation campaign. The sole parameters to be modified
are those defining the pose of the hand with respect to the
object. To this aim, and to keep the number of simulations
reasonably low, without sacrificing the quality of the results,
a certain strategy had to be devised.

The first strategy we attempted was an extensive inves-
tigation sampling four of the six DoFs necessary to define
the position and orientation of the palm frame with respect



to the object frame. More in detail, the position of the
origin of the palm frame was parameterized in spherical
coordinates (radius, azimuth and elevation). The normal to
the palm frame always points toward the center of the sphere
which coincides with the origin of the object frame. The
remaining DoF is the rotation of the hand frame around the
normal. With this strategy a large number of attempts were
unsuccessful because, in the starting configuration, the hand
was either already interpenetrating the object, or excessively
far from it. In the first case, the simulation was skipped,
because of the non-feasible condition, while in the latter the
object was out of reach or the ejection of the object occurred.
The main reason is that a sphere is not a good generalization
of many object geometries, such as a pot or a cup.

ADAMS
SoftHand.bin

ADAMS
Configuration.adm

T 7

MATLAB Configuration.cmd ADAMS/SOLVER
Script  |=> e .msg
Generator .res
.req
i i .gra
—»| Simulation.acf g

- | I Post processing I

Fig. 6. A flow chart of the use of ADAMS and MATLAB for running
batch simulations. In MATLAB, a .cmd file is used to define the hand
configurations in which attempting the grasp. By loading this file in
ADAMS, together with a .bin file containing the object/hand model, we
can obtain a file (.adm) for each configuration. Running the .acf file, the
.adm ones are read, performing the simulations in batch mode. Simulation
variables (joint angles, contact forces, etc...) are available in the exit files
(.msg, .res, .req, .gra) for post-processing operations.

This suggested us to redesign the strategy taking into
account the geometry of the object, focusing the attention
on the mesh describing the shape of the object.

The mesh of the object to be grasped was imported
in MATLAB, and the points of and the normal vectors
to the surface were extracted. For 50 randomly selected
points of the mesh, the pose of the hand frame was chosen
positioning its origin 5 mm (coming from observations of
real experiments) outside the surface mesh along the outward
normal. The normal to the palm was aligned with the normal
to the object at the point, but with opposite direction (the
palm always faces the object). Finally, 8 configurations were
selected rotating the hand around its normal axis. The 400
palm configurations obtained were put on a test for achieving
a stable grasp. Fig. 6 represents a scheme of the flow chart
for running batch simulations.

The results achieved after this first investigation step are
represented, for the case of the pot, in Fig. 9, where green
frames represent successful configurations (stable grasp
achieved), red frames the unsuccessful ones. In order to
evaluate if a grasp is stably achieved, all the simulations
were split into two parts. In the first part the object to be
grasped lies on a plane, orthogonal to the gravity vector, in
order to hold it on without over-constraining it. No contact

was set up between the hand and the table to do not preclude
any possible approach direction. This simulation part is three
seconds long, that is approximately one second longer than
the time of free closure of the hand. Later, starting from
the final configuration of the first simulation and keeping
active the hand motor torque, a two seconds long simulation
is performed removing the table. Afterwards, the velocity
of the object is read from the output files, and the grasp is
rated as achieved and stable if the velocity is smaller than a
tolerance value.

From the results of the first set of simulations, the points
that brought to a stable grasp were extracted, and their
neighbourhood was further investigated. This research was
performed by randomly choosing 10 of the 40 closest points
on the mesh, around the successful one. For each new point,
again 8 rotations around the palm normal were considered
to attempt the grasp.

VI. SIMULATION RESULTS

The free closure movement of the Pisa/IIT SoftHand
obtained with ADAMS is shown in Fig. 7. As explained in
Sec. IV, the hand model considers both the tendon routing,
eq. 1, and the elastic bands at the joints, eq. 2. The reader
can find a deeper analysis about the kineto-static model of
the hand in [11].

In our simulation campaign we used everyday objects: a
cup, a pot, a colander and a plate, see Fig 8. For the cup
example, Fig. 9 shows: a) the points composing the object
mesh, b) successful (green) and unsuccessful (red) grasps
configurations after the first 400 simulations, c) the result for
all tested hand postures and d) all successful configurations.

In order to validate the dynamic behaviour of the simulator
and to put the obtained results on a test, some successful hand
palm configurations were also implemented with the Pisa/IIT
SoftHand prototype. A KUKA lightweight robot was used to
exactly replicate the hand/object configuration suggested by
the simulation. A comparison snapshot sequence for the pot
and the colander is shown in Fig.s 10 and 11.

In TABLES I and II some numerical results of the
simulations are summarized. Specifically, in TABLE I, for
every object we list: (i) successful postures, the number of
palm frame configurations bringing to a stable grasp, (ii)
successful points, the number of unique origin positions
of the hand frame with possibly multiple orientations, (iii)
clouds, number of neighbourhoods investigated, (iv) best
cloud, maximum number of successful grasps in a cloud.
As we can see, the best result in terms of number of grasp
achieved, as well as in terms of individual successful points,
is obtained for the pot. However, the best cloud is found for
the plate.

In TABLE II, some simple quality indices are listed. In
particular, the cloud quality (CQ) index reports the highest
percentage of stable grasps achieved in the tested clouds. The
CQ index is computed as

cQ = 22100, 3)
b

where g, is the number of stable grasp achieved and the
¢y 1s the number of hand palm configurations tested, both
considered for the best cloud. The closure index (CI) is a
measure of how much the hand is closed at the end of the



successful successful best
postures points clouds cloud
Cup 30 13 8 10
Pot 138 41 16 35
Colander 21 6 2 14
Plate 112 29 10 37
TABLE 1

Simulation results: (i) number of initial postures leading to a successful

grasp, (ii) number of successful individual starting points for the hand

placement, (iii) number of clouds studied and (iv) maximum number of
successful configurations found in a cloud (best cloud).

CQ Index Closure Index Net Force
% (min-max) % (N)
Cup 11.3 40-73 1-57
Pot 39.7 48-68 2-36
Colander 15.9 54-67 11-52
Plate 42.1 57-69 6-28

TABLE 11
Simulation results and quality measures. Cloud Quality (CQ) index is the
percentage of stable grasp achieved, with respect to the number of
postures attempted, in the best cloud. Closure index (CI) is how much the
hand is near to the complete closure configuration, minimum and
maximum values found for all the successful grasps are reported. Net
Force (NF) measures the amount of contact forces exceeding the weight
of the object (minimum and maximum).

simulation. In TABLE II the minimum and maximum values
found for each object are shown. This index is computed as

100 4 gy,
cl=— Y 4 @)

Ng, i=1 e,

where ¢y, is the final configuration of the ™ joint during
the grasp, ¢., is the maximum reachable value allowed by
the mechanical constraints for the i joint, and n,_ in the
number of flex-extension joints.

The Net Force (NF) is a measure of the amount of internal
forces produced in the grasp by the finger limbs. It is
computed as

c 2
NF= (> flfe —wlw, | , (5)
i=1
where ¢ is the number of contact points, f., is the force at
the ™ contact point, and w, is the weight of the grasped
object.

As it is evident from table II, the best cloud quality (CQ)
index is achieved for the plate. However, also high values
of closure index are realized when grasping the plate. This
result can be explained by taking into account that all the
tests were performed with the same torque vs time motor
curve. In same cases, especially for the plate, results show
that the amount of motor torque is enough to overcome the
friction and to bring the hand in a closure configuration.
The greatest amount of the NF index, is realized to grasp

the colander. The explanation for this result is, again, an
excessive level of motor torque, in particular with respect to
the low weight of the object. The relevant difference between
the minimum and the maximum value of the NF index for
all the objects can be explained considering that the palm
force is not measured in the simulator. This implies that high
values of the NF index correspond to grasps in which the
interaction forces are primarily executed by the fingers, low
values correspond to grasps that mainly involve the palm.

Generally speaking, the not excellent results of the colan-
der (just 2 clouds and 21 successful configurations) can be
explained with the difficulty of randomly selecting points
near to the upper edge or the handles. Moreover, the meshes
of the objects, obtained from CAD files, are characterized
by the presence of (nominally) normal vectors that, indeed,
are not orthogonal to the object surface. In some cases, an
hand/object interpenetration can occur, caused by a palm
normal orientation not orthogonal to the object surface, and
the selected point (potentially good) is discarded. For similar
reasons, we can consider the cup and the pot as being
penalized. Potentially, more points could be have been found
on their handle having a better representation of the mesh
points and of the normal vectors to the surface.

VII. CONCLUSION

This paper moves a first step in the direction of studying
grasp planning for simple soft hands, imbued with the
capabilities of comply with the manipulated object within,
and together with, the environment.

Some considerations extracted from the observation of
humans to execute simple and more complex tasks, using
both their hands and an arm-mounted robot hand, led us to
suggest a possible change of paradigm in grasp planning that
this setting brings about. After that, we presented a procedure
to extract grasp affordances for the Pisa/IIT SoftHand, built
upon a physically accurate numerical simulations system
that was purportedly implemented. This allowed to select
a set of possible grasps that were then successfully tested
in an experimental scenario. Despite this early results, much
work remains to be done to sharpen the grasp search and to
abstract learned grasps between different objects. Although
the reported results only scratch the surface of the wholly
new problem of soft manipulation planning, however, our
results indicate that soft manipulation can be a viable solution
for obtaining stable and robust robot grasps.
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Grasp Planning with Soft Hands using Bounding Box
Object Decomposition

M. Bonilla!, D. Resasco!, M. Gabiccinil*23 and A. Bicchil:2

Abstract— In this paper, we present a method to plan grasps
for soft hands. Considering that soft hands can easily conform
to the shape an the object, with preference to certain types of
basic geometries and dimensions, we decompose the object into
one type of these geometries, particularly into Minimal Volume
Bounding Boxes (MVBBs), which are proved to be efficiently
graspable by the hand we use. A set of hand poses are then
generated using geometric information extracted from such
MVBBs. All hand postures are used in a dynamic simulator
of the PISA/IIT Soft Hand and put on a test to evaluate if a
proposed hand posture leads to a successful grasp. We show,
through a set of numerical simulations, that the probability
of success of the hand poses generated with the proposed
algorithm is very good and represents an evident improvement
with respect to our previous results published in [1].

I. INTRODUCTION

The increase of robot capabilities to actively execute tasks
and modify surrounding scenarios, thereby reaching versatile
goals, is tightly linked to the ability to generate stable grasps
for objects that are even unknown to the robot. A key tool
to this ability is the faculty of selecting a successful grasp
without the need of identifying a priori an object, but only
based on its composition of shape primitives with known
associated grasps, i.e. resorting to part-based grasps.

To this sake, assuming that distorted and/or scattered
clouds of 3D points of an object are given — here we
assume the segmentation algorithm robust enough to distin-
guish the manipulandum from the environment — two basic
ingredients are needed: (i) a suitable algorithm enabling the
representation of these points as a set of shape primitives
(e.g., boxes, spheres or cylinders), and (ii) a strategy that
takes advantage of the simple primitive shape representation
of parts to associate grasps to them.

This approach is well entrenched in the grasp planning
community, as testified by [2], [3] and [4]. A not nearly
complete classification of the vast literature on this topic
can be attempted on the basis of the types of primitive
shapes employed for object decomposition. Many bottom-
up approaches — starting from point clouds they synthesize
object part shapes — use superquadrics (SQs). SQs are
parametrizable models that offer a large variety of different
shapes. However, to approximate object parts, only superel-
lipsoids out of the groups of SQs are employed in practice,
as only these represent closed shapes. In these group we can

IResearch Center “E. Piaggio”, Universita di Pisa, Largo Lucio Lazzarino
1, 56122 Pisa, Italy

2Depanment of Advanced Robotics, Istituto Italiano di Tecnologia, Via
Morego 30, 16163 Genova, Italy

3Dipartimento di Ingegneria Civile ed Industriale, Largo Lucio Lazzarino
1, 56122 Pisa, Italy

Fig. 1. The main idea of this paper is to find different hand poses with
high probability of being successful when grasping objects

recall [5], [6] and [7], not mention only a few. However,
the more complex the shape is, there higher the number of
SQs that have to be instantiated to accurately represent the
different parts, and the immense parametrization capabilities
lead to highly inefficient algorithms. To overcome these
difficulties, beside the region-growing (bottom-up) strategy
which proved to be not very effective in practice [7], the split-
and-merge (split: top-down, merge: bottom-up) technique
was proposed. Even if this technique allowed to better cope
with irregular and unorganized data, the high sensitivity to
noise and outliers of SQs approximations, make their wide
use still impractical.

Following a mid-level solution, according to a purely top-
down strategy, a fit-and-split algorithm based on Minimum
Volume Bounding Box (MVBB) algorithm to object decom-
position for grasp planning was originally proposed in [8].
The method consists on iteratively build MVBB of points
resulting from splitting the point cloud of the object. The
split procedure is performed in such a way that the sum of
the two areas resulting from the convex region of each set
of points is minimized. An algorithm for grasp planning for
fully actuated hands using MVBB decomposition of object
was proposed in [9].

In this paper, we adopt a modified version of the MVBB
algorithm for object decomposition in [8], as it presents
the following properties: (i) it is very efficient and can
accomodate scattered 3D points delivered by arbitrary 3D
sensors; (ii) the outcome constellation of boxes is quite
insensitive to noise. However, with respect to [9] and [10],
where 2D grasp hypotheses are made and evaluated on point
projections onto box faces and assume, from the outset, the
use of rigid and fully-actuated robotic hands or grippers, in

Preprint submitted to 2015 IEEE/RSJ International Conference
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the present work we propose a shift of prospective in the
creation of grasp hypotheses as we employ a compliant and
adaptive hand, the Pisa/IIT SoftHand.

New developments in robotic hands [11], [12] have shown
that the correct combination of underactuation and embedded
compliance is key to have robotic hands with dexterity
comparable to the human hand. In practice, thanks to their
mechanism, these hands adapt to the shape of the object
while executing a grasp. This behavior brings about a shift of
paradigm in grasp planning [1], since old algorithms used to
find points or regions in the object to establish a contact can
not be directly applied. Considering the mentioned behavior,
a rough approximation of the geometry of the object via
decomposition into bounding boxes is enough to generate
candidate hand poses to grasp an object. The possibility to
rely on the adaptive behavior of the hand embedded in its
the mechanical design, alleviates the task of planning the
exact finger placement on the object, and can easily absorb
shape primitives approximations due to noisy data, as well as
limitations in the representation itself. The framework allows
for an easier handling of approximation inaccuracies through
haptic feedback and grasp controllers for online corrections.

With a reduced burden to plan detailed finger placements,
the box set representation of an object, also ease the mapping
of complex actions to box and/or box distribution properties.
For example, as also mentioned in [10], in order to pick-up
an object and place it somewhere, it may intuitively be a
good option to grasp the largest box. Instead, in order to
show the same object to a camera to gather more views, it
may be preferable to grasp the object from the outermost
box, and or, from a box that allows a pincher grasp, so to
minimize occlusions caused by hand parts.

In this paper, we recall the method to decompose objects
into MVBB presented in [8]. Then, considering the adapt-
ability of soft hands, we present a strategy to propose grasp
postures to grasp a set of kitchenware objects [13] previously
decomposed into MVBBs. The performances of the method
are compared with those presented in [1] and, through sim-
ulations performed with the MBS software ADAMS™ [14],
we show that with the strategy presented in this paper we
highly increase the successful rate of grasps for the same
objects.

A. Organization

Section II recalls the algorithm used to decompose the
object into MVBB. In Section III, the method developed
in this paper to generate hand postures to grasp an object
is presented. In Section IV, we present the analysis of the
simulations performed with a set of kitchenware objects and,
finally, Section V presents the conclusions.

II. BOUNDING BOX DECOMPOSITION

Algorithm 1 was presented in [9]. The idea is to decom-
pose the object in MVBBs minimizing the volume of the
boxes which fit partial point clouds. The algorithm takes
a point cloud of an object (points®P) and approximates
it with a MVBB. The points are then projected onto three

planes which are the non-opposite faces of the box. Then,
using Algorithm 2, the points are split in two sets. The split
is performed for each of the projected points (faces), and
for each of the two projection axes. After that, the points
are approximated with a box and its area is computed. At
the end, the algorithm returns the point and the direction
minimizing the mentioned area. The split is then preformed
for the set of all 3D points: it results in two boxes with a
set of 3D points. The reduction rate of the volume of the
two new boxes compared with the original is then compared
with a user-given parameter ¢ to judge the split useful or
not. In case it is found useful, the split is performed and
each of the boxes are consider as new point clouds to repeat
the procedure on; the algorithm is stopped otherwise.

Algorithm 1 Approximate the object in MVBB

1: procedure BOXAPPROXIMATE(faces, points®D)

2 box < FindBoundingBox(points®P)

3: faces + nonOppositeFaces(box)

4 (p, q) < split(FindBestSplit(faces, points3P))

5 if (percentualVolume(p + q,box) <t then > tis
a stop criteria

6 Box Approzimate(p)

7 Box Approzimate(q)

8: end if

9: end procedure

Algorithm 2 Split the point cloud

1: procedure FINDBESTSPLIT(faces, points3")
2 for i <— 1 to 3 do

3 p?P < projects(points®P | faces|i])
4 for x < 1 to width(faces[i]) do

5: (pl,p2) «+ vertical Split(p*P, x)
6 al + boundArea®P (p1)

7 a2 + boundArea?® (p2)

8 if (al + a2 < minArea) then

9 minArea < (al + a2)

10: bestSplit «+ (i,x)

11: end if

12: end for

13: for x < 1 to height(faces[i]) do
14: (pl, p2) + vertical Split(p*P, y)
15: al « boundArea?? (p1)

16: a2 + boundArea?P (p2)

17: if (al + a2 < minArea) then
18: minArea + (al 4+ a2)

19: bestSplit < (i,y)

20: end if

21: end for

22: end for

23: end procedure

Fig. 2 shows a comparison of different values of ¢. De-
pending on the task that we want to perform, this parameter
can assume different values. For example, if we want to

Preprint submitted to 2015 IEEE/RSJ International Conference
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(a) t = 0.0001

Fig. 2.

grasp objects from handles, like in cups or pots, they can
be isolated using a small value of ¢, see Fig. 2(a). Similar
values can be used to grasp a cup from above for example.
On the other hand, if we want to explore more deeply the
geometry of the object to, for example, being able to grasp
edges in pinch grasp configurations, the parameter ¢ must be
increased, see Fig. 2(b) and Fig. 2(c).

In practice, the selection of the parameter ¢ is related to
the translation of high level task specifications to low level
grasp actions. Let us consider an example in which a robot
has to pick up a pot to pour the content into another glass.
In this case, a convenient choice is to grasp the pot from
the handle, as shown in Fig 3(a). Therefore, in this case
a very fine object decomposition is not necessary. On the
other hand, if we consider the task passing an object from
one hand to another in a bi-manual manipulation setting,
the selected box to be grasped could be one in the border
of the cooker body, see Fig. 3(b), such that the second arm
has more options to decide where to grasp the object without
collisions with the first hand. Thus, in this case, a finer object
decomposition is beneficial.

III. PROPOSING GRASP POSES

The aim of this section is to explain how we align the hand
with respect to the object in order to grasp it. We consider
the orientation of each of the MVBBs and the orientation of
the object itself. The orientation of the boxes come from the
principal axis defined by the Principal Component Analysis
(PCA) performed inside the FindBoundingBox function.
The inclusion of the PCA is one of the differences with

(a) (b)

Fig. 3. The selection of the box to grasp depend on the high level task
specification.

(b) ¢ = 0.00001

T

(c) t = 0.00000025

Comparison of the MVBB generated by the algorithm 1 using different values of ¢.

respect to the original algorithm in [9], and makes the
algorithm invariant to the reference frame of the point cloud.
In the other hand, the frame attached to the point cloud of
the object is defined always with the z axis in the normal
direction of its base. Then, the x axis is oriented to some
features of interest (a handle, for example) and parallel to
the plane of the object base. The origin is placed always in
the intersection of the middle axis of the object and the base
plane. Once the object is decomposed into MVBBs, the next
step is to select a box to grasp. There are many criteria to do
this, the most promising and useful depending on the task
that the robot has to perform once the object is grasped. In
this paper, we start generating hand poses from the outermost
box. This choice is driven by our first priority of just grasping
the object in a successful manner — most probably in a
power grasp configuration, as the hand is just closed to a
certain extend — for, e.g., clearing a table. Once a MVBB
is selected, the procedure followed to find the transformation
TE describing the pose of the hand with respect to the object
is the following:

1) Align the z axis of the hand parallel the longest side
of the MVBB.

2) Align the z axis of the hand with the axis of the box
which has the smallest angle with respect to the z axis

Fig. 4. Graphical explanation of the procedure performed to align the hand
with each bounding box.

Preprint submitted to 2015 IEEE/RSJ International Conference
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Fig. 5. One example of the free collision hand poses generated for one of
the box of the cup.

of the hand.
3) Compute the orientation of the y axis to form a right-
handed frame.

From this procedure, we can generate the rotation matrix
RE defining the orientation of the hand frame H with respect
to the object frame O. The frame H is placed 5 mm out of
the MVBB, in the negative direction of the z axis defined
previously. The procedure is explained graphically in Fig. 4.

From the previous steps we can see that, from steps 1)
and 2), the selected axis can be the same. In this case, we
still align the = axis with the longest side of the MVBB.
Instead, the z axis is aligned with the axis of the box which
has the smallest angle with respect to the vector connecting
the centroid of the MVBB with the object centroid.

A. Pose Variations

The previous procedure generates just a single hand con-
figuration. However, once a MVBB is generated, there is a
large number of possibilities to grasp it.

In order to generate more variations for a box, we first
set the range of motion in which we can move the hand,
translating a distance x; and rotating by an angle o, both
along the longest axis of the box, while still not colliding
with the object. Fig. 6 shows the random variations created
for the cup. Variables x; and oy generates a 2D space, with
high probability of being fee collision, from where we pick
a random point, with uniform distribution, and the check for
collision. If this configuration is collision free, then it is a
candidate pose to grasp the object. In this work, we generate
40 random configurations for each box and considered the
first 5 boxes on the object, thus for each object there are 200
candidate poses.

This procedure constitutes one of the differences with
respect to the method proposed in [1], where the authors
did not consider collisions in the procedure previous to
the simulations. As they explained in the paper, they had
a high percentage of failures just because from the very
beginning of the simulations, there were many collisions with
the object.

In this work, we used a simple collision detector. The hand
was approximated using 6 boxes, one for the palm and one
for each of the fingers. In order to detect a collision we check
if each one of the points constituting the point cloud is inside
the boxes of the hand. One example of collision-free hand
poses generated for the cup can be observed in Fig. 5.

Object Old method (%) MVBB method (%)

Colander 5.25 61.66

Cup 7.5 52.5

Plate 28 80

Pot 34.5 97.5

Average 18.81 77.61
TABLE I

COMPARISON OF THE SUCCESSFUL GRASP PERCENTAGE OF THE
METHOD PRESENTED IN [1] AND THE PORPOSED IN THIS PAPER

IV. SIMULATIONS

In this section, we present the simulations preformed for
the set of kitchenware objects presented in Fig. 7, which
are extracted from the PaCMan Grasp Dataset available
at [13]. This figure shows: a) the mesh of the object used for
simulations and for MVBB generation, b) the first 2 MVBBs
generated by Algorithm 1, ¢) a finer MVBB generation, d)
the first MVBB selected for the method, and finally d) show
the first hand pose suggested by the method proposed in this
paper.

Table I reports the comparison of the percentage of
successful grasp generated with the method presented in
this paper and the one presented in [1]. The results are
improved mainly because of two reasons, 1) simulations
never fail because of collision of the hand and the object
at the beginning of the simulations, and 2) the MVBB
decomposition helps to better place the hand with respect to
the object, also giving more informed options about where
and how the variations must be generated.

In order to go through all the process we take the example
of the kettle. This is an object that, in practice, because of
the dimensions of the object itself and those of the hand,
can be grasped just either from the handle or the spout.
The first step is to decompose the object in MVBBs. As
it can be observed in Fig. 9(b) the algorithm presented in
Section II segments the handle and the spout. The next step
is to select a box to grasp: Fig. 9(c) shows the selected box
in red — this is the outermost one. Then, the collision free
hand poses are generated for the selected poses, see Fig. 9(d).
Finally, the simulations are performed. Fig 9(e) shows the

Fig. 6. In order to generate more poses to grasp each box, the hand is
rotated and translated along z axis of the box.

Preprint submitted to 2015 IEEE/RSJ International Conference
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final configuration of the hand in of one of the simulations
where the box-guided grasp suggestion results in the hand
grasping the kettle from the handle.

A. Observations

Form the simulations performed in this work we observe
that most of the failed simulations were caused by the hand
being fixed during the whole grasping procedure. Observ-
ing how humans grasp an object, we can affirm that they
normally adapt the position of the hand with respect to the
object to avoid the object being ejected. This suggests to
implement a strategy to try to reproduce the same behavior.
This could be implemented observing the evolution of the
contact forces as the object moves.

Another point to take into account is how strongly to
close the hand to grasp an object. In some simulations, as an
example when grasping the plate, the hand closes too much.

Set of objects used for simulations

Therefore, even when the grasp is successful the grasp is
still not human-like, as the fingers are too wrinkled. See
Fig. 10. A strategy to load the motor current in simulations
is envisioned for future research.

Fig. 8 shows the x; vs «a; space. Green points represent
the successful grasp and red points the unsuccessful ones
for experiment with the kettle. This plot suggest that a
second phase of the procedure can be included to bias
new configurations to the regions where there exist more
successful grasp. The size of this region can be considered
also as a measurement of the grasp quality and robustness
of the box.

V. CONCLUSIONS

Inspired by the new developments in robotic hands, in this
paper we presented an algorithm to propose hand poses for
grasp a objects. The algorithm consists in, firstly approxi-

Preprint submitted to 2015 IEEE/RSJ International Conference
on Intelligent Robots and Systems. Received March 4, 2015.
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Fig. 8. 2D Space representing all possible variations for a box. Green
points are successful grasps while red unsuccessful.

mating the object with a set of MVBB. Then, as the main
contribution of this paper, we present a method to select a
MVBB in the object and then align the hand. Performing
dynamic simulations of the PISA/IIT soft hand we register,
with the proposed algorithm, an increase in the probability
of success of a proposed pose from 18.1% to 77.61% with
respect to the method presented in [1].

Applying the algorithm presented in this paper to a point
cloud coming from a 3D sensor and trying to generate hand
postures in real-time is left for near future work.
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Fig. 1. Leftmost image: Objects used, the four objects on the left were used solely for training, the remaining forty three objects on
the right were solely used as novel test objects. Rightmost image: The Boris manipulation platform on which the experiments reported
were carried out.

1. Introduction

Transferring dexterous grasps to novel objects is an open problem. In this paper we present a method that achieves this
using as little as one training example per grasp type. The method enables learning and transfer of five grasp examples,
including power and pinch-type grasps, to 43 unfamiliar test objects. Grasps generalise to test objects of quite different
shape to the training object, for instance from a bowl to a kettle. The approach selects as well as adapts a grasp type from
several learned types, simply selecting the type that enables the most similar grasp to training. The method copes with
partial and noisy shape information for the test objects, and also generates different grasps for the same object presented
in various orientations. The method requires no knowledge of the human defined object category either when learning or
performing transfer.

Previous work in learning generalisable grasps falls broadly into two classes. One class of approaches utilises the shape
of common object parts or their appearance to generalise grasps across object categories (Saxena et al., 2008; Detry et al.,
2013; Herzog et al., 2014; Kroemer et al., 2012). This works well for low DoF hands. Another class of approaches captures
the global properties of the hand shape either at the point of grasping, or during the approach (Ben Amor et al., 2012).
This global hand shape can additionally be associated with global object shape, allowing generalisation by warping grasps
to match warps of global object shape (Hillenbrand & Roa, 2012). This second class works well for high DoF hands, but
generalisation is more limited. We achieve the advantages of both classes, generalising grasps across object categories with
high DoF hands.

Our main technical innovation to achieve this is to learn two types of models from the example grasp, and then recombine
them using a product of experts formulation when inferring a new grasp. Dexterous grasping involves simultaneously
satisfying multiple constraints, and our central insight is that a product of experts is a natural way to encode these. Both
model types are density functions. The first is a contact model of the relation between a rigid link of the hand, and the local
object shape near its point of contact. We learn one contact model for each link of the hand involved in the grasp, and these
capture local constraints in the grasp. To capture global information we learn a second type of model, a hand configuration
model from the example grasp. We then use this hand configuration model to constrain the combined search space for the
link placements.

Given these two learned models, grasps can be found for novel objects. When presented with a test object, a Monte
Carlo procedure is used to combine a contact model with the available point cloud for the new object, to construct a third

type of density function (called a query density). We build one query density for each hand link, and use them in two ways
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to find a grasp for the new object. First we pick a link, and draw a contact point for it on the object from the query density.
Then we sample a hand configuration to obtain the remaining link poses via forward kinematics. The whole solution is
then refined using local search. The search seeks to maximise the product of experts involving each query density and the
hand configuration density.

The paper is organised as follows. We begin with a survey of related work (Sec. 2). We then continue with a description
of the representations employed and the learning process (Sec. 3), followed by a description of the process for finding a

grasp for a novel object (Sec. 4). We finish with an experimental study (Sec. 5) and a discussion (Sec. 6).

2. Related work

In robotics, grasp planning is driven by two dominant trends. Traditional grasp planning relies on force analysis (FA),
which computes the behaviour of an object subject to a grip via the laws of classical mechanics (Bicchi & Kumar, 2000). In
recent years, a second trend emerged, whereby a direct mapping from vision to action is either engineered or learned from
experience (Bard & Troccaz, 1990; Coelho et al., 2000; Kamon et al., 1996). When comparing one approach to the other,
force analysis is the methodical, scrupulous approach, where one attempts to model the physical processes that occur at the
interface of the object and the gripper. Given a model of the shape, weight distribution, and surface friction of an object,
a model of the shape, kinematics, and applicable forces/torques of a gripper, and a model of object-gripper contacts, force
analysis applies the laws of classical mechanics to compute the magnitude of the external disturbances that a grasp can
withhold. In turn, from the range of disturbances that a grasp can withhold, authors have defined a number of so-called
grasp quality metrics (Shimoga, 1996), amongst which stands the famous epsilon measure of Ferrari & Canny (1992). A
grasp is called force-closure if external forces can be balanced by the gripper, thereby restraining the object within the
hand.

To plan a grasp via force analysis, several problems must be solved. The robot first needs to build a representation of
the object. If the object is seen from a single viewpoint, the robot needs either to access to a representation of the complete
object shape, or to hypothesise the shape of the occluded side of the object. The robot must also make a fair assessment of
the object’s mass, mass distribution and friction coefficient (Zheng & Qian, 2005; Shapiro et al., 2004). Then, it attempts
to find a set of points on the object’s surface that are such that if the gripper’s fingers were contacting the object at those
points, the grasp would be stable (Shimoga, 1996; Pollard, 2004; Liu, 2000). To compute the forces that are applicable at
those points, the robot must rely on a model of hand-object contacts, in part to assess the amplitude of friction forces. The
deformation of the object’s surface around a contact point is hard to predict. One often assumes hard contacts with a fixed
contact area (Bicchi & Kumar, 2000). One also usually assumes static friction between the hand and the object (Shimoga,
1996). Finally, the robot verifies that the grasp is kinematically feasible, i.e., that the hand can be moved to a configuration
that realises those contacts (Rosales et al., 2011). Force analysis is applicable to multi-fingered hands, and its ability to
generate complex grasps has been shown in the literature (Boutselis et al., 2014; Gori et al., 2014; Grupen, 1991; Hang
et al., 2014; Rosales et al., 2012; Saut & Sidobre, 2012; Xu et al., 2007).

Despite its strong theoretical foundation and conceptual elegance, force analysis has not solved robot grasping entirely.
FA is difficult to use in an open-ended environment where perceiving and acting are subject to high degrees of noise.
Small errors in estimating the pose of an object or in moving the gripper to its intended position can lead to a grasp whose
quality substantially differs from the intended one (Zheng & Qian, 2005). This problem can be mitigated by computing
independent contact regions (ICRs) (Ponce & Faverjon, 1995), i.e., maximal segments of the object’s surface where the
fingers can be applied while maintaining force closure. Yet, ICRs still suffer from other shortcomings of force analysis,
such as difficulties in estimating shape, mass or friction parameters (Rusu et al., 2009).

Research has shown on several occasions that the correlation between grasp quality metrics and real-world grasp
outcomes is limited (Bekiroglu et al., 2011; Kim et al., 2013; Goins et al., 2014). In addition to these limitations, FA
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remains a computationally-expensive method. These considerations have encouraged researchers to explore different means
of planning grasps. As mentioned above, many have begun studying means of building a direct mapping from vision to
action, closer in spirit to the way primates establish grasping plans (Jakobson & Goodale, 1991; Hu et al., 1999; Rizzolatti
& Luppino, 2001; Fagg & Arbib, 1998; Borra et al., 2011). The mapping captured implicitly by a learning method has
merit of its own. It can in some situations be complementary to force analysis, and in other situations be entirely sufficient
to perform robot grasping.

Within the class of methods that do not rely on force analysis, a first group plans grasps by searching for shapes that fit
within the robot’s gripper (Fischinger & Vincze, 2012; Popovi¢ et al., 2010; Trobina & Leonardis, 1995; Klingbeil et al.,
2011; Richtsfeld & Zillich, 2008; Kootstra et al., 2012; ten Pas & Platt, 2014). Popovi¢ et al. (2010) computed grasps onto
object edges detected in 2D images, by defining rules such as “two parallel edges can be grasped by placing two fingers
on the outer sides of both edges”. Klingbeil et al. (2011) searched through range data for sites where the PR2’s two-finger
gripper fits an object, by considering planar sections of the 3D image and identifying U-shaped boundaries that resemble
the inside of the PR2 gripper. Such methods work well with simple grippers, but with more complex grippers, the number
of rules that need to be hard-coded for the gripper to work well with objects of different sizes and shapes quickly becomes
unmanageable. This problem can be overcome by letting the robot learn the mapping from vision to action (Coelho et al.,
2000; Kamon et al., 1996; Morales et al., 2004; Platt et al., 2006; Bard & Troccaz, 1990; Detry et al., 2013; Herzog et al.,
2014; Kroemer et al., 2012, 2010; Saxena et al., 2008; Zhang et al., 2011; Kim, 2007), instead of hard-coding it. The
vision domain of the mapping has been parametrised by features such as SIFT (Saxena et al., 2008), 3D shape primitives
(Platt et al., 2006), or 3D object parts (Kroemer et al., 2012; Detry et al., 2013). The action side of the mapping has been
parametrised with a 3D grasping point (Saxena et al., 2008), a 6D gripper pose (Herzog et al., 2014) possibly accompanied
by a hand pre-shape (Detry et al., 2013), or gripper-object contact points (Ben Amor et al., 2012). In our work, the robot
learns a mapping from simple local 3D shape features to a complete parametrisation of the robot hand pose and its fingers.

Grasp learning algorithms can also classified according to the type of input they require. One class of methods focuses
on learning a mapping from an image taken from a single viewpoint, to grasp parameters (Bard & Troccaz, 1990; Detry
etal., 2013; Herzog et al., 2014; Kroemer et al., 2012, 2010; Saxena et al., 2008; Zhang et al., 2011; Kim, 2007). The image
is provided by a depth sensor such as the Kinect, or by a stereo camera, and by nature it covers only one side of the object.
Another class assumes the existence of a full 3D model of the object’s shape (Hillenbrand & Roa, 2012; Ben Amor et al.,
2012). Assuming a complete object model facilitates the planning problem, but it makes perception more challenging, as
the robot is required to circle around a novel object before grasping it, and in many cases even then a complete model will
not be obtained. Our method is designed to work with a setup that resides between these two classes: grasps are computed
from an image captured from a single standpoint, by fixing the camera to the robot’s arm and merging several views
acquired from various extensions of the arm. We present experiments where the robot uses one to seven images captured
from viewpoints spanning up to approximately 200° around the object.

Methods close in spirit to our own include the work of Hillenbrand & Roa (2012), who addressed the problem of
transferring a multi-finger grasp between two objects of known 3D shape. A known object’s geometry is warped until it
matches that of a novel object, thereby also warping grasp points on the surface of the known object onto candidate grasp
points on the novel object. Ben Amor et al. (2012) exploit this warping method to transfer grasps taught by a human hand
(using a data glove) to contact points for a robot hand on a novel object. We compute a full hand grasping configuration
for a novel object, using a grasp model that is learned from a single or a few example grasps. Our method performs best
when a nearly complete shape model of the target object is obtainable by sensing, but it is also applicable to partially-
modelled objects, based one one view recovering as little as 20% of the object surface in our experiments. One difference
in performance compared to the approach of Hillenbrand & Roa (2012) is that they transfer grasps within the same human
defined object shape category (e.g. from one mug to another), whereas we are able to transfer grasps to different human

defined object categories. Saxena et al. (2008) learned a three-finger grasp success classifier from a bank of photometric
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and geometric object features including symmetry, centre of mass and local planarity. Kroemer et al. (2012) and Detry
et al. (2013) let the robot learn the pose and pre-shape of the hand with respect to object parts, and relied on compliance
or force sensing to close the hand. Alternatively, Kroemer et al. (2010) also relied on control policies to adapt the fingers
to the visual input. In our work, the robot plans a set of configurations for each finger individually, using local surface
data, then it searches within those configurations for one that complies to hand kinematics. The result is an ability to plan
dexterous multi-fingered grasps, while allowing for generalization of grasp models to objects of novel shape. In our earlier
work Kopicki et al. (2014) we showed only how to solve the problem of adapting a particular grasp type, given a prior
point cloud model of the object. Thus this current work goes beyond our previous work in that we now also: i) present
a method to select between adapted grasp types, enabling automatic grasping of a much wider range of objects, and of
objects presented in many orientations; ii) present extensive results for learning and testing without prior point clouds; iii)

present testing with a variety of numbers of views of the test object.

3. Representations

This section describes the representations underpinning our approach. First we describe the kernel density representation
that underpins all the models. The representation of the surface features necessary to encode the contact models follows.
Finally we describe the form of the contact model and the hand configuration model. In the rest of the paper we assume
that the robot’s hand is formed of Ny, rigid links: a palm, and a number of finger phalanges or links. We denote the set of

links L = {L;}. The representations are summarised at a high level in a video attached as Extension 2.

3.1. Kernel Density Estimation

Much of our work relies on the probabilistic modelling of surface features, extracted from 3D object scans. Features are
composed of a 3D position, a 3D orientation, and a 2D local surface descriptor. Let us denote by SO(3) the group of
rotations in three dimensions. A feature belongs to the space SFE(3) x R2, where SE(3) = R? x SO(3) is the group of
3D poses (a 3D position and 3D orientation), and surface descriptors are composed of two real numbers.
This paper makes extensive use of probability density functions (PDFs) defined on SE(3) x R?. This section explains
how we define these density functions. We represent PDFs non-parametrically with a set of K features (or particles) z;
. 3 2
S={z;:2; eR*x SO(3) xR }je[l,K]' (1)
The probability density in a region of space is determined by the local density of the particles in that region. The underlying
PDF is created through kernel density estimation (Silverman, 1986), by assigning a kernel function K to each particle

supporting the density, as
K

pdf(z) ~ ijlC(x|xj,o), )

j=1
where o € R3 is the kernel bandwidth and w; € R is a weight associated to x; such that Zj w; = 1. We use a kernel that
factorises into three functions defined on the three components of our domain, namely R3, S 0(3), and R2. Let us denote the
separation of feature x into p € R? for position, a quaternion ¢ € SO(3) for orientation, r € R? for the surface descriptor.

Furthermore, let us denote by p another feature, and its separation into position, orientation and surface descriptor. Finally,
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we denote by o a triplet of real numbers:

x=(p,q,r), (3a)
w= (i, gy Hr) (3b)
o= (O'p,O'q,O'r). (3¢c)
We define our kernel as
K(z|p, o) = N3(plpp, 0p)O(dl1g, o) N2 (7|, 07 4)

where p is the kernel mean point, o is the kernel bandwidth, and where J,, is an n-variate isotropic Gaussian kernel, and
© corresponds to a pair of antipodal von Mises-Fisher distributions which form a Gaussian-like distribution on SO(3) (for
details see (Fisher, 1953; Sudderth, 2006)). The value of © is given by

T T
€T Hqd | o0 Hgd

2

@(q|ﬂq7aq) = 04(‘7q) (5)

where C4(0,) is a normalising constant, and ,ugq denotes the quaternion dot product.
We note that thanks to the nonparametric representation used above, conditional and marginal probabilities can easily

be computed from Eq. (2). The marginal density pdf (r) is computed as
K K
pt(r) = [ [ 3 wi(plpi, ) ©alas ) Na(rlrs g = 3 wiNa(rlrs. ), ©)
j=1 j=1

where z; = (pj, gj, ;). The conditional density pdf(p, ¢|r) is given by

pdf(p, qlr) = pdf(p,q,7) _ Zle ijQ(TL:jaUr)N3(p|pj70p)@(Q|Qjagq). )
pdf(r) > =1 wiNa(r|r, ov)

3.2. Surface Features

This section explains how the surface features discussed above are acquired from real object data. All objects considered
in the paper are represented by point clouds constructed from one or multiple shots taken by a depth camera. A depth
camera captures a set of points distributed in a 3D space along the object’s visible surface. We directly augment these
points with a surface normal and a curvature descriptor. As a result, the point clouds discussed below are composed of
points that belong to SE(3) x R2. As in the previous section, we denote a point of SE(3) x R? by x, and its separation
into position-orientation-curvature components as p, g, and r. For compactness, we also denote the pose of a feature (its

position and orientation) as v. As a result, we have

r=(v,r), v=(pq). ®)

The surface normal at p is computed from the nearest neighbours of p using a PCA-based method (e.g. (Kanatani, 2005)).
Surface descriptors corresponds to the local principal curvatures (Spivak, 1999). The curvature at point p is encoded along
two directions that both lie in the plane tangential to the object’s surface, i.e., perpendicular to the surface normal at p.
The first direction, k1 € R3, is a direction of the highest curvature. The second direction, ks € R3, is perpendicular to k;.
The curvatures along k7 and ko are denoted by ;1 € R and ry € R respectively, forming a 2-dimensional feature vector
r = (r1,m2) € R?. The surface normals and principal directions allow us to define the 3D orientation ¢ that is associated

to a point p. Fig. 2 illustrates a point’s surface normal and curvature.
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(@ (®) (©
Fig. 2. An example object point cloud (black dots) with a selected point, its surface normal (blue axis), direction of the first principal

curvature ki (red axis), and direction of the second principal curvature k2 (green axis). These form a frame of reference depicted in the
rightmost image.

The procedure described above allows the computation of a set of K¢ features {(v;,r;)} from a given object point

cloud. In turn, the set of features defines a joint probability distribution, further referred to as the object model:
Ko
O(v,r) = pdf©(v,r) ~ ijlC(v,ﬂwj,am) ©)
j=1

where O is short for pdf©, z; = (vj,7;), K is defined in Eq. (4) with bandwidth o,, = (0, 0,), and where all weights
are equal w; = 1/Kop.

We note that the values computed for surface normals and curvatures are subject to ambiguities. For instance, there
are always two ways of defining the directions of vectors k1 and ko given a surface normal: (k1, ko) and (—k, —ks). For
a sphere or a plane there are an infinite number of orientations about the normal. Finally for a point lying on a near-flat
surface, the orientations of k; and ko within the tangent plane are also uncertain because of sensor noise. We account
for these ambiguities/uncertainties at the stage of point cloud processing, by randomly sampling a direction or orientation
amongst solutions. In this way, the ambiguity/uncertainty of normals and curvatures is represented by the statistics of the
surface features that become the input data to the object model density. We now describe how we model the relationship

of a finger link to the surface of the training object.

3.3. Contact Model

A contact model M; encodes the joint probability distribution of surface features and of the 3D pose of the i-th hand link.
Let us consider the hand grasping some given object. The (object) contact model of link L; is denoted by

M;(U, R) = pdf (U, R) (10)

where M; is short for pdf ZM , R is the random variable modelling surface features, and U models the pose of L; relative to
a surface feature. In other words, denoting realisations of R and U by r and u, M;(u, ) is proportional to the probability

of finding L; at pose u relative to the frame of a nearby object surface feature that exhibits feature vector equal to 7.

Given a set of surface features {z; }f:ol, with z; = (v;,r;) and v; = (p;, ¢;), a contact model M; is constructed from
features from the object’s surface. Surface features close to the link surface are more important than those lying far from
the surface. Features are thus weighted, to make their influence on M; decrease with their squared distance to the i link

(Fig. 4). Additionally, features that are further than a cut-off distance d; from L; are ignored. The weight is given by

_ Jexp(=Allp; — aijl*) if[lp; — aijll < &
Wij = (11)

0 otherwise,
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Fig. 3. Contact model. The figure shows the i-th link L; (in yellow) and its pose s;. The black dots are features from the surface of an
object. The distance a;; between feature v; and the closest point on the link’s surface is shown in green. The rounded rectangle illustrates
the cut-off distance d;. The poses v; and s; are expressed in the world frame W. The top orange arrow illustrates u;, i.e., the pose of
L; relative to v;.

(@) (b) ©
Fig. 4. Example top grasp of a mug represented by a point cloud (a). The dotted coloured regions are rays between features and the
closest hand link surfaces (b). The black curves with frames at the fingertips represent the range of hand configurations in Eq. (16) (c).

where A € RT and a;; is the point on the surface of L; that is closest to p;.
Let us denote by u;; = (pij, ¢i;j) the pose of L; relative to the pose v; of the j th surface feature. In other words, Ugj; 18
defined as

Uij = vj_l 08, (12)

where s; denotes the pose of L;, o denotes the pose composition operator, and v;l is the inverse of v;, with v;l =

(—qj_lpj, qj_l) (see Fig. 3). The contact model is estimated as

K,
| K

Mi(u,r) = — > wiiNs(plpis, 0p)O(laiss 7g)Na(r|rs, 0v) (13)
j=1

where Z is a normalising constant, © = (p, q), and where Kj;, < Ko is a number of features which are within cut-off
distance d; to the surface of link L;. If the number of features K5, of contact model M; is not sufficiently large, contact
model M; is not instantiated and is excluded from any further computation. Consequently, the overall number of contact
models Ny, is usually smaller than the number of links Ny, of the robotic hand. We denote the set of contact models learned
from a grasp example g as M9 = { M7 }. The contact models are quite different for the different links within a grasp. This
can be seen by comparing the marginalised contact models M (r) for two example training grasps and two links in Fig. 5.

The parameters A and 0, 04, 0, were chosen empirically and kept fixed in all experiments reported in Sec. 5. The time
complexity for learning each contact model from an example grasp is Q(7T' Ko ) where T is the number of triangles in the

tri-mesh describing the hand links, and K¢ is the number of points in the object model.
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Fig. 5. Illustration of the contact model. Each image from the left column shows an example training grasp and a single selected link in
blue colour. The corresponding image from the right column shows a distribution of the curvature descriptor for the features involved in
the contact model of the selected link. The top two rows show contact models for two links for a pinch grasp on a vitamin tube, while
the bottom two rows show contact models for two links from a handle grasp.

3.4. Hand Configuration Model

The hand configuration model, denoted by C, encodes a set of configurations of the hand joints /. € R” (i.e., joint angles),
that are particular to a grasp example. The purpose of this model is to allow us to restrict the grasp search space (during
grasp transfer) to hand configurations that resemble those observed while training the grasp.

In order to boost the generalisation capability of the grasping algorithm the hand configuration model encodes the hand
configuration that was observed when grasping the training object, but also a set of configurations recorded during the
approach towards the object. Let us denote by A’ the joint angles at some small distance before the hand reached the training
object, and by h¢ the hand joint angles at the time when the hand made contact with the training object. We consider a set

of configurations interpolated between h! and hJ, and extrapolated beyond hY, as

he(y) = (1 — )b +~hi. (14)
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Fig. 6. Configuration models learned from real data (see Sec. 5). A configuration model is a PDF defined on the space of hand joint
angles. The 20 degrees of freedom of our robot’s hand make it difficult to plot a configuration model. Instead, we applied weighted PCA
to the hand data collected during five different training grasps, and plot a KDE of the two principal components. The resulting density is
shown in black in the figure. The coloured crosses show the configuration of grasps on test objects computed in Sec. 5 from the learned
grasp models. Crosses coloured in red, green, blue, magenta and cyan respectively correspond to transferred grasps of type “handle”,

9 <

“pinch”, “pinch with support”, “power”, and “powertube”.

where v € R. Forall v < 0, configurations h.(7y) are beyond h? (see Fig. 4). The hand configuration model C'is constructed
by applying kernel density estimation to

He={he(y) :v €[5, 8], € R*}, (15)
as
Clhe)= Y wlhe()Np(helhe(y),on,) (16)
v€[-8,8]

where w(h.(7)) = exp(—al|h.(y) — hZ||?) and @ € RT. a and 3 were hand tuned and kept fixed in all the experiments.
The hand configuration model computation has time complexity Q(d; K ) where dj, is the number of dimensions of the
configuration vector, and K¢ is the size of the set of values of v used in Eq. (16). Fig. 6 shows a plot of the configuration

models learned in our experiments.

4. Inferring Grasps for Novel Objects

After acquiring the contact model and the configuration model, the robot is now presented with a new query object to grasp.
The aim is that the robot finds a generalisation of a training grasp such that its links are well-placed with respect to the
object surface, while preserving similarity to the example grasp. We infer generalised grasps for every example grasp, and
pick the transfer grasp that is most likely according to the learned models.

First of all we combine each of the contact models with the query object’s perceived point cloud, to obtain a set of
query densities, one for each link that has an associated contact model. The i-th query density @; is a density modelling
where the ¢-th link can be placed, with respect to the surface of a new object (see Fig. 7). From the query densities, a hand
pose is generated as follows. We randomly pick a link :. We randomly sample, from the corresponding query density ();, a
pose for link 7. We sample, from the configuration model C', a hand configuration that is compatible with the pose selected
for link ¢, and then we compute from forward kinematics the 3D poses of all the remaining hand links. We refine the

grasp by performing a simulated annealing search in the hand configuration space, to locally maximise the grasp likelihood
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Fig. 7. Visualisation of two query densities (panels 2 and 4 from the left) for two contact models (panels 1 and 3) of a pinch with support
grasp. The links to which the contact models are associated are in blue. A query density is a distribution over poses of the corresponding
link (red cloud) for a new “query” kettle.

measured as the product of the hand configuration density and the query densities for all the hand links. We repeat the
entire process a number of times, and select the most likely grasp that is also kinematically feasible.

The optimisation procedure generates many possible grasps, each with its likelihood. Each grasp has a set of link
poses that independently comply with the contact models, while jointly complying with the hand configuration model. The
following subsections explain in detail how to estimate query densities for a given query object, and how grasp optimisation

is carried out. Extension 2 contains a high level video description of the grasp inference process as described in detail here.

4.1. Query Density

This section explains how query densities are constructed. A query density results from the combination of a contact model
for a specific finger link with an object point cloud O for the new object. The purpose of a query density is both to generate
and evaluate poses of the corresponding finger link on the new object. The i-th query density (); models the pose s in the
world frame of the i-th link L;.

A query density should be defined in a way that achieves good generalisation from training to test objects. To achieve
this there are three relevant random variables to consider: the random variable V' denoting a point on the object’s surface,
expressed in the world frame; the random variable for surface curvature of such a point R; and the random variable denoting
finger link pose U relative to a local frame on the object. We define a joint density over all four variables, pdf, (s, u, v, r).

The pose distribution of robot link L; is then defined by marginalisation with respect to u, v and r:

pdf,(s) = /// pdf, (s, u, v, r)dvdudr 17

Since s = v o w it is completely determined by v and u. Thus we may factorise Eq. (17) as follows:

pdf;(s) = /// pdf(s|u, v)pdf, (u, v, r)dvdudr (18)

where pdf(s|u,v) is a Dirac delta function. We can factor Eq. (18) again by assuming that v (the density in the world
frame of a surface point) and u (the distribution of the finger link pose relative to its closest surface point) are conditionally

independent given r (the local curvature for a surface point):

pdf,(s) = /// pdf (s|u,v)pdf, (u|r)pdf (v|r)pdf(r)dvdudr (19)

where pdf;(u|r) = M;(u|r) and pdf(v|r) = O(v|r), since the object model does not depend on link L,. The remaining
question is how to determine the density over the curvatures 7. Clearly to encourage generalisation curvatures should be
preferred that are present in both the contact model and the object model, thus we set pdf(r) = M;(r)O(r). Thus the i-th
query density (Q; can be approximated by a single integral:
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Algorithm 1: Pose sampling (1;, O)

For samples j = 1to Kq,

Sample (0;,7;) ~ O(v, )

Sample from conditional density (;;) ~ M;(u|r;)
Compute sample weight w;; = M;(#;)

8ij = U 0 Uy

separate §;; into position p;; and quaternion g;;

return {(pij, Gij, wij)}, Vj

Qi(s) =pdf,(s) = /// T(s|u, v) M; (ulr)O(v|r) M;(r)O(r)dvdudr (20a)
= /// T(s|u,v)O(v, r)M;(u|r) M;(r)dvdudr (20b)

where T'(s|u, v) = pdf(s|u, v) which is the Dirac delta function mentioned above. Eq. (20) defines the density that must
be computed for each link prior to grasp optimisation (Sec. 4.2). This query density (20) can be approximated by Kgq,

kernels centred on the set of weighted, sampled finger link poses for link L; returned by Algorithm 1:

KQi

Qi(s) ~ Z wi;iN3(plpij, 0p,)O(qldis, 04;) 21

j=1

with j-th kernel centre (p;;,¢;j) = $;;, and where all weights were normalised jwij = 1. The number of kernels
Kq, = Kq were chosen equal for all query densities and grasp types (unless otherwise stated), also the bandwidths o,
and o4, in Eq. (21) were hand tuned and kept fixed in all the experiments. Fig. 7 depicts two example query densities
created for two contact models of a handle grasp.

When a test object is presented a set of query densities QY is calculated for each training grasp g. The set Q9 = {QY} has
N, c% = N{, members, one for each contact model M in M?9. The computation of each query density has time complexity
Q(K i, Kg) where Ky, is the number of kernels of the i-th contact model density (13), and K is the number of kernels
of the corresponding query density.

4.2. Grasp Optimisation and Selection

During testing the robot will have at its disposal N grasp types G = {Q9, CY9}. We now describe how these are used to
generate a set of ranked grasps for a new object by Algorithm 2. There is an initial grasp generation phase. This is followed

by interleaved grasp optimisation and selection steps.

Grasp Generation A initial set of grasps is generated for each grasp type g by randomly picking a query density QY and
then sampling a pose s; from it. Together with a sample h. from CY this defines a complete hand pose h. A set of initial
solutions across all grasp types H! = {h? } is generated, where h? means the j*" initial solution for grasp type g. To
represent each of these grasp solutions let us denote by s1.5, = (81, ..., Sy, ) the configuration of the hand in terms of a
set of hand link poses s; € SE(3). Let us also denote by h = (hy,, h.) the hand pose in terms of a wrist pose h,, € SE(3)
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Algorithm 2: Grasp Optimisation and Selection ({Q9, C?}, Vg, Kscicction)

For each grasp g
Forj=1to N
Randomly select a query density QY from QY
Sample the pose s; of the it" link from Q7
Sample a hand configuration h. from C?(h.)
Compute the remaining hand link poses and thus overall hand configuration and pose h? using forward kinematics
end
end
HY = {hl, ..., b}, . RGBS, B3GR, L, BN}
Fork=1to K
if k € Ksetection
rank #* by Eq. 26 and retain top p%
end
form = 1to |H"|
HE, = perform a step of simulated annealing on ¥, using Eq. 23 as the objective function.
end
ARk
end
rank %% ! by Eq. 26

return H X1

and joint configuration h. € RP. Finally, let £%*(-) denote the forward kinematic function of the hand, with
s1.n, = k" (h), s = kl°"(h) (22)

Having generated an initial solution set #* stages of optimisation and selection are interleaved.

Grasp Optimisation Steps The objective of the grasp optimisation steps is, given a candidate grasp and a grasp model g,
to find a grasp that maximises the product of the likelihoods of the query densities and the hand configuration density

argmax L?(h) = argmax L, (h)L{)(h) = argmax C?(h) H Q7 (K" (huw, he)) (23)
(h’) (h) (hw;hc) Qs]egg

where L£9(h) is the overall likelihood, where C9(h,) is the hand configuration model (16), QY are query densities (21).
Improvement is by simulated annealing (SA) (Kirkpatrick et al., 1983). The SA temperature 7' is declined linearly from
T, to T over the K steps. In each time step, one step of simulated annealing is applied to every grasp m in H*.

Grasp Selection Steps During periodic, predetermined selection steps, grasps are ranked and only the most likely p%
retained for further optimisation. During these selection steps the criterion in (23) is augmented with an additional expert
W (hy, h.) penalising collisions in a soft manner. This penalises grasps which are likely to lead to grasp failure. This soft
collision expert has a cost that rises exponentially with the greatest degree of penetration through the object point cloud by
any of the hand links. We thus refine Eq. 23:
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Fig. 8. The five training grasps. From left to right these are pinch with support, power-box, handle, pinch, and power-tube. The grey
lines show the sequence of finger tip poses on the demonstrated approach trajectory. The whole hand configuration is recorded for this
whole approach trajectory. The initial pose and configuration we refer to as the pre-grasp position. For learning the contact models and
the hand configuration model only the final hand pose (the yellow hand pose) is used. The point clouds are the result of registration of
seven views with a wrist mounted depth camera taken during training.

L£9(h) = L3, (h)LL(R) L (h) (24)

= W(hwa hC)Og(hC) H Q? (kfor (hwv hC)) (25)
Qi€Q9

where £9(h) is now factorised into three parts, which evaluate the collision, hand configuration and query density
experts, all at a given hand pose h. A final refinement of the selection criterion is due to the fact the number of links
involved in a grasp varies across grasp types. Thus the number of query densities N2, Ng" for different grasp models
g1 # g2 also varies, and so the values of £9' and £92 cannot be compared directly. Given the grasp with the maximum

number of involved links NV, 5‘3", we therefore normalise the likelihood value (24) with

Nmax

l£9(R) | = £ ()£ (h) (£5(M) ™ 26)

It is this normalised likelihood || £9|| that is used to rank all the generated grasps across all the grasp types during selection
steps.

After Algorithm 2 has yielded a ranked list of optimised grasp poses, they are checked for reachability given other
objects in the workspace, and unreachable poses are pruned. The remaining best scoring hand pose hx is then used to
generate a collision free approach trajectory to the pre-grasp wrist pose (also determined by the training grasp — see Fig. 8)
and the trajectory and grasp are executed.

During grasp optimisation and selection the evaluation of product (23) accounts for over 95% of the computation time
during the entire grasp inference process. A single evaluation of product (23) has time complexity Q(NgKg) +Q(dn, K¢)
where d},, is the dimensionality of h.. The time complexity can be reduced to Q(Ng log K¢) + Q(dy, log K¢) using k-
nearest neighbour search methods (Weber et al., 1998). However, because of the overhead associated with such search

structures, this approach is only justified for large values of K¢ and K¢.

5. Experimental Method

The grasp transfer performance was studied by training five models with the grasps of Fig. 8, and testing on 45 grasps of
43 unfamiliar objects (two objects were presented in two different poses each). All the training and testing reported here

was performed with the Boris robot platform depicted in Fig. 1.



One shot learning of dexterous grasps 15

Views | Kernels | Initial grasp | Steps | Selection | Selected | Final grasp | (71, Tk )
candidates K steps % candidates
1 5,000 50,000 500 1,50 10% 500 (1,0.1)
7 2,000 2,500 500 None 100% 2,500 (1,0.1)

Table 1: Algorithm parameterisation for the two experimental conditions (1 and 7 views).

5.1. Training

Training proceeded as follows. Each training object was placed on the table, and seven views of the object were taken
using a depth camera (PrimeSense Carmine 1.09). The resulting view specific depth clouds were then combined to form a
single point cloud model. Stitching the point clouds together is trivial, since we know the exact pose of the camera at each
frame from the robot’s forward kinematics. Each grasp was then demonstrated kinesthetically by a human operator. The
whole hand pose was recorded at five points along the trajectory on the final approach from a pre-grasp position selected
by the operator (see Fig. 8). The hand configuration model and the contact models for each finger segment were learned
from the final configuration of this trajectory. The remaining four configurations on the approach trajectory are only used
to interpolate the hand configuration during execution of the approach for the transferred grasps, and are not used in model
learning or grasp inference. Only kinematic information was used during training, and no force sensing of contacts was

recorded.

5.2. Testing

The testing phase proceeded as follows: An object was selected from the test set, and placed on the table. Two experimental
conditions were tested, where either 1 or 7 views of the test object were taken using a depth camera. The simulated annealing
procedure was run using the parameters in Tab. 1. In each case the final grasp candidates were ranked by likelihood, and
pruned for kinematically infeasible grasps due to collisions with the table surface. The grasp selected was the first ranked
grasp. The grasp was then executed on the robot using a PRM path planner with optimisations to reach the pre-grasp
position (Kopicki, 2010), and using the generated grasp trajectory thereafter. The robot hand is a DLR-HIT2 hand, which
uses active compliant control based on motor current sensing at 1 kHz. The success of the grasp was determined by whether
the robot could raise the object and hold it for 10 seconds. This procedure was followed for all 45 test objects for both
viewing conditions. In addition for seven objects under the seven view condition the first ranked grasp of the next best
grasp type was also tested, and for one object the first ranked grasp of the third best grasp type was tested. This led to a total
of 98 grasps being executed across the two conditions, of which 90 were the first choice grasps. Grasp generation took an
average of 23 seconds for the 1 view condition, and 12 seconds for the 12 view condition on a Intel Core i7 4-core 2.6GHz

processor. Query density computation took an average of 0.7 seconds and 0.23 seconds respectively.

5.3. Results

Tab. 2 shows the grasp transfer success rate. When 7 views were taken of the test object, of the 45 first choice test grasps
made 38 were successful, and 7 failed, giving a success rate among first choice grasps of 84.4%. Of the 53 different grasps
(45 first choice, 7 second choice and 1 third choice) executed 46 were successful giving a success rate among all grasps of
86.7%. At least one of the first or second choice grasp worked for 95.6% of objects. When only one view was taken of the
test object the successfully executed first choice grasps fell to 35, i.e. 77.8%. Fig. 9 shows examples of successful grasps.
Each image pair shows the object, the partial point cloud (red), the planned grasp (yellow), and the grasp executed.
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Fig. 9. The test objects with a visualisation of some of the successful grasps. Each grasp is shown by a pair of images, with the
visualisation of the planned grasp and the obtained point cloud on the left, and the actual grasp execution on the right. Those from the 7
view and 1 view conditions can easily be distinguished by the proportion of the object covered by the recovered point cloud.
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Fig. 10. The test objects with a visualisation of five of the failing grasps. The left four are from the 7 view condition and the kettle is

from the 1 view condition.

Absolute number (% of total) successes/failures
Views Testing 1st choice 1st choice 2nd & 3rd Ist or 2nd
objects/poses | successful fail. choice succ. | choice succ.
1 45 35 (77.8%) | 10 (22.2%) n/a n/a
7 45 38 (84.4%) | 7 (15.6%) 8 (100%) 43 (95.6%)

Table 2: Grasp success rates for the two conditions.

Fig. 11. Grasp variation on mug3. The grasp types used to generate these were (from top to bottom, left to right): pinch, pinch, pinch,
pinch with support, handle and handle.

6. Discussion

There are several properties of the grasps generated worthy of further discussion. A complete set of images for all grasps
is given in Extension 1. A supporting video with results is given in Extension 2.

Variety of grasp types. For several objects at least two grasp types were tried and executed successfully. A good example
is given in Fig. 11, where the mug has six quite different grasps shown from the ranked set. Other examples from Fig. 9
include the pinch and power grasps on a coke bottle, and pinch and handle grasps on a cup. This shows the variety of grasp
types the method is able to use when the object is presented in the same orientation. This variety matters for general grasping
ability. In the seven view condition, when first grasps failed, the second choice grasp-type always succeeded (except two
cases where it wasn’t attempted for safety reasons). This means that from first or second choice grasp-types at least one of

Grasp 1st choice
type occurrences
7 views | 1 view
pinch 20 20
pinch w/ support 20 20
handle 3 4
power-box 2 0
power-tube 0 1

Table 3: First choice grasp type distribution for the two conditions.
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these worked for 43 of the 45 object-pose combinations. Thus 95.5% of the test objects were successfully grasped by one
of the top two grasp types.

Robustness to partial surface data. Fig. 9 shows the recovered point cloud for each test grasp. In the right column it can
be seen that successful grasps were made in the face of quite small amounts of surface data being recovered. This is true
even of quite complex grasps, such as the handle grasp of the mug.

Robustness to object pose. The method is robust to reorientations of the object. In Fig. 9 the large funnel is presented
point up and bowl up respectively, and yet the grasp is adapted from the same base grasp (pinch with support) in both
cases. In the case of the guttering the grasps selected are pinch and pinch with support respectively in response to different
orientations of the guttering on the table.

Preference for simple grasps. The method is capable of generating a variety of grasp types, but the preferred grasps
typically involve fewer finger links. This reflects the greater ease adapting them to more closely match the conditions of the
original grasp: fewer finger links involved in the grasp means fewer constraints. This is a different property to the need to
rescale grasp likelihood by the number of links involved. In that case as the number of links rises the grasp likelihood falls.
That would be the case whether or not two grasps being compared were identical to their training grasps and evaluated on
the training objects.

Grasping different object parts. The method generates a large number of grasps. These have a high degree of variation
in their pose on the object. This is also shown in Fig. 11. Note that due to the incomplete point cloud some are reasonable
even though they are not feasible. Since many missing points are underneath the object these grasps are typically not
kinematically feasible either and so are pruned. The variety of grasps generated supports the idea that the method will allow
grasping in cluttered scenes, or to find a suitable grasp in the face of task constraints, although testing these hypotheses
falls beyond the scope of this paper.

Degree of generalisation. When viewing the transferred grasps next to the example grasp the degree of generalisation is
notable. Fig. 12(top) shows three grasps together with the training grasps from which they were adapted. The adaptation
from bowl to funnel spout and to a spray bottle shows the generalisation ability of the pinch with support grasp. The grasp
of the guttering using a pinch grasp widens the finger spacings significantly with respect to the example grasp on the tube.
In addition the global shape of these test objects is different from the training examples. The variety of grasps achievable by
adapting one learned grasp is shown by the adaptations of the pinch with support grasp type in Fig. 9. The bucket, funnel
(both orientations), guttering, kettle and spray bottle are all adaptations of this grasp type.

Failing grasps. it is worth analysing why grasps fail. Fig. 10 show five failing first choice grasps. The grasp of the bowl
failed because the pinch grasp together with the low frictional coefficient of the objects don’t give sufficient frictional
contact to achieve force closure. In the case of the saucepan the grasp is in the wrong place: the grasp of the rim can’t
resist the wrench given by the large, heavy object, a grasp around the handle would be better. This was tried for the frying
pan, but the wrong type of grasp was used. Instead an adaptation of the power-tube grasp succeeded on the saucepan in
Fig. 9. The grasp of the kettle failed because in the single view condition the surface reconstruction is so limited it affects
the grasp quality significantly. Finally some grasps, such as the grasp of the yellow container, fail while being superficially
very similar to successful grasps of the same object.

7. Conclusions

This paper has presented a method that generalises a single kinesthetically demonstrated grasp to generate many grasps of
other objects of different and unfamiliar shapes. One essential element is learning a separate contact model for each finger
phalange how of its pose relative to the surface is related to local surface feature. This encodes local contact constraints.
Another is learning a hand configuration model based on sampling poses near to those on the approach trajectory in the

training example. This encodes the global handshape.
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Fig. 12. Examples of transfer to globally very different objects.

The optimisation process is seeded by these two models with many different starting positions, and the resulting
optimised grasps are then clustered to yield a variety of different viable grasp candidates. This is advantageous because the
candidates can then be further assessed and ranked by stability, reachability, and task suitability. This paper has described
simple ranking by similarity. This step could itself be a precursor to other analysis of the ranked grasps.

The empirical studies performed show that: i) the method can learn from one example grasp of a particular type; ii)
the system creates grasps for objects with globally different shapes from the training objects; iii) for each new object
many different new grasps can be generated, ordered by likelihood, allowing the selection of grasps that satisfy workspace
constraints; iv) successful new grasps can also be generated even where shape recovery is incomplete for the new object;
V) grasp success rates on test objects are high and robust to partial surface recovery: 84.4% with seven views, and 77.8%

with one view.

7.1. Future Work

Many problems remain in dexterous grasping. This work provides a step forward in terms of grasp generation and gener-
alisation. Reasoning about such grasps by other algorithms is the next step. In particular the appeal of dexterous hands is
that they enable a variety of ways for the hand to interact with the object, and selecting the initial grasp so as to enable the
particular chosen interactions or task is a necessary problem to tackle. Grasp refinement using reinforcement learning is

another obvious route to improving the grasps created using the methods here.
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Appendix A: Index to Multimedia Extensions

Extension Media Type Description
1 Images Images of every grasp for both conditions (1 and 7 view)
2 Video Video with high level explanation and results




DR 4.2: Incipient grasp H. Marino, et al.
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Abstract Dexterous grasping of objects with uncertain pose is a hard un-
solved problem in robotics. In this work we extend our proposed solu-
tion to this problem using information gain re-planning. We present a
new set of algorithms that enable: i) re-planning while maintaining the
configuration of the robot in contact with the object when an unex-
pected contact occurs, ii) planning of dexterous grasping trajectories
for non-convex object shapes by implementing efficient collision detec-
tion for point clouds, and iii) use of an active complaint controller to
allow continuous contact while minimising the risk of perturbing the
object being grasped. First we show how tactile information, acquired
during a failed attempt to grasp an object can be used to refine the es-
timate of that objects pose. Second, we show how this information can
be used to re-plan new reach to grasp trajectories for successive grasp
attempts. Third, we show how complex, dexterous grasping trajecto-
ries can be efficiently planned for a non-convex object described as a
point cloud. Finally we present IR3ne, our information reward based
algorithm, to show how reach-to-grasp trajectories can be modified, so
that they maximise the expected tactile information gain, while simul-
taneously delivering the hand to the grasp configuration that is most
likely to succeed. The method is demonstrated in trials with a simu-
lated robot. Sequential re-planning is shown to achieve a greater suc-
cess rate than single grasp attempts, and IR3ne, with its trajectories
that maximise information gain, requires fewer re-planning iterations
than conventional planning methods before a grasp is achieved.

Relation with the deliverable: This report describes our work on Task
4.4, grasping under uncertainty.
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Informational Reward Planning for
Dexterous Grasping in Unstructured
Environments

C. Zito and J.L. Wyatt*
School of Computer Science, University of Birmingham, UK

Abstract

Dexterous grasping of objects with uncertain pose is a hard unsolved problem in robotics. In this work we extend our
proposed solution to this problem using information gain re-planning. We present a new set of algorithms that enable: 1)
re-planning while maintaining the configuration of the robot in contact with the object when an unexpected contact occurs,
ii) planning of dexterous grasping trajectories for non-convex object shapes by implementing efficient collision detection
for point clouds, and iii) use of an active complaint controller to allow continuous contact while minimising the risk of
perturbing the object being grasped.

First we show how tactile information, acquired during a failed attempt to grasp an object can be used to refine the
estimate of that object’s pose. Second, we show how this information can be used to re-plan new reach to grasp trajectories
for successive grasp attempts. Third, we show how complex, dexterous grasping trajectories can be efficiently planned
for a non-convex object described as a point cloud. Finally we present IR3ne, our information reward based algorithm, to
show how reach-to-grasp trajectories can be modified, so that they maximise the expected tactile information gain, while
simultaneously delivering the hand to the grasp configuration that is most likely to succeed.

The method is demonstrated in trials with a simulated robot. Sequential re-planning is shown to achieve a greater
success rate than single grasp attempts, and IR3ne, with its trajectories that maximise information gain, requires fewer

re-planning iterations than conventional planning methods before a grasp is achieved.

Keywords
Dexterous grasping, planning, informational reward, object-pose uncertainty, object-shape uncertainty, pose density from

point cloud, collision detection for point clouds.

1. Introduction

In robot grasping, there is typically uncertainty associated with the location of the object to be grasped. This can be due to
poor results of vision or depth sensing, or to simply due to incomplete information about object shape caused by incomplete
view coverage. If the object is not in its expected location, then a robot equipped with tactile sensors, or torque sensors at
finger joints, may gain some additional information to help refine localisation knowledge from tactile contacts (or lack of

thereof) occurring during the execution of a reach to grasp trajectory.

* Corresponding author; e-mail: {cxz004, jeremy.l.wyatt} @cs.bham.ac.uk
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SENSORY INFUT FOSE ESTIMATION PLANNING ACTIVE CONTROL
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Fig. 1. The architecture of our system is composed of 4 components: sensory input, pose estimation, motion planning and active control.
Solid lines highlight the components involved in the re-planning procedure, whilst dashed lines identify interactions that happen only at
the first iteration. We employ a depth camera to obtain an incomplete point cloud of the object surface. Using a model fitting procedure
a probability density over the object pose is estimated, represented as a particle set. Given this distribution, a trajectory is planned. A
forward model (FM) is used to maximise the chance of gathering tactile observations that will reduce pose uncertainty. If unexpected
observations occur while the trajectory is executed, then we use them to perform a particle filter update, and the active control enables
the robot to keep the contact without applying eccessive force. Re-planning then occurs with the new pose distribution, and a new
reach-to-grasp trajectory is constructed. This process is then iterated until a successful grasp is achieved.

In this paper we: i) describe how to efficiently plan collision free, dexterous grasping trajectories for a non-convex
object represented as point cloud, ii) describe how to iteratively update the object pose estimate using tactile observations,
iii) show how successive grasp trajectories can be planned with respect to these iteratively refined object poses, and iv)
show how each reach-to-grasp trajectory can be deliberately planned to maximise information gain from potential tactile
contacts, while also planning to terminate at the target grasp given the object is at some assumed pose. This work is an
extension of our early work presented in [Zito et al., 2012; 2013].

We achieve these advances by: i) using a hierarchical sample-based path planner, here a Probabilistic Roadmap (PRM)
planner, which encodes expected information gain (in a low-dimensional belief space) for each of its trajectory segments,
building on the work of [Platt et al., 2001] and [Zito et al., 2013]; ii) refining the belief state for the object pose using
an observation model for contact sensing by a multi-finger hand. We show that this approach enables planning for a robot
manipulator with 20 DoFs and non-Gaussian object pose uncertainty in 6 dimensions.

We make several assumptions. First we assume a reference model for the object is known. Nevertheless, completeness
in this model is not necessary for our algorithm to work. Incomplete point clouds can be used as models. Second we assume
that a separate sequence of views given by a depth camera give an incomplete point cloud which can be aligned to this
model. The shape incompleteness of both model and observation of the object results in object-pose uncertainty encoded
in a belief density for the pose. Given this our approach selects the optimal reach to grasp trajectory with respect to the
current belief state. Second we assume that the algorithm takes as input a target grasp configuration on the object (i.e. the
set of finger contacts on the model), and a pre-grasp configuration. We use the method described in [?] to generate this
target grasp for the presented object. Third we assume that the object is stationary and we actively control the compliance
of the robot when in contact with the object without altering the object pose. Fourth we assume the availability of a belief

state estimate of the object’s pose in the form of a particle filter.



The architecture of our system is shown in Fig. 1. In our scenario we employ a depth image obtained from an Asus
Xtion Pro depth camera. This gives an incomplete point cloud of the object surface. Using a model fitting procedure
similar to the sampling from surflet pairs method presented in [Hillenbrand & Fuchs, 2011], a probability density (or belief
state) over the object pose is estimated, represented as a particle set. Given this distribution, a reach-to-grasp trajectory is
planned. This trajectory has as its goal configuration the pre-computed grasp under the assumption that the object is at a
pose corresponding to the mean position of the particle set. The path to this goal configuration is found using a stochastic
motion planner. This planner works with a cost function that allows deviations from the shortest path that maximise the
chance of gathering tactile observations that will reduce pose uncertainty in the object location. If unexpected observations
occur during the execution of the planned trajectory, then such observations (both tactile contact and no-contact signals)
collected at poses along the reach-to-grasp trajectory are used to perform a particle filter update. Re-planning then occurs
with the new pose distribution, and a new reach-to-grasp trajectory can be constructed. This process is then iterated until a
successful grasp is achieved.

The benefit of planning with beliefs is the ability to reason about the informational effects of sequences of actions.
In typical belief space planning this means performing a kind of pre-posterior analysis, in which planned actions (here
trajectories) cause imagined observations that are in turn used to perform a Bayes’ update of the belief state. As the belief
space grows exponentially in the length of the planned action-observation sequence these methods are exact but inefficient.

Our work instead builds on the approach of Platt et al. [Platt et al., 2001; 2012]. That work plans a sequence of actions
that will generate observations that distinguish a hypothesised state from competing hypotheses while also reaching a goal
position. The informational value of a trajectory is the difference in the expected observations between the hypothesised
position and each alternative. This approach allows us to track high-dimensional belief states using an accurate filter defined
by the user, but reduces the complexity of planning in belief spaces by approximating the informational value of actions from
a low-dimensional subspace of the belief state. Platt et al. applied this to planning for a two degree of freedom manipulator
using a laser range finder for observations, and employed an optimisation framework for planning. The algorithm is proved
to localise the true state of the system in 1 dimension and to reach a goal region with high probability. In contrast to [Platt
et al., 2001], our approach encodes information gathering actions to localise an object to be grasped in 6 dimensions while
simultaneously attempting to achieve the grasp. Similarly to [Platt et al., 2001; 2012], our method is guaranteed to converge
to the true state of the system in which a reach-to-grasp trajectory succeeds with high probability. Nevertheless, convergence
is guaranteed only if the system is not perturbed. In our previous work [Zito et al., 2012; 2013], we thus assumed that the
system was 1) static (does not change over time) and ii) the robot’s palpation skills were sufficiently accurate to retrieve
a contact without altering the configuration of the object. For this work we relax the latter assumption by developing an
active compliant controller which enables the manipulator to work as a non-linear spring when in contact with the object.

We now briefly survey other work on information gathering while grasping.

2. Related work

Other authors have attempted to pose the simultaneous grasping and localisation problem (SLAG) in terms of a partially
observable Markov decision process (POMDP). Hsiao et al., [Hsiao et al., 2007], present a simple blocks world problem,
wherein a single finger can execute a small selection of actions (left, right, up, down) in response to a small set of possible
sensory detections (contact or no contact below, right or left sides of finger). This simple problem is tractable for solving
as a POMDP, producing optimal policies for guiding the finger towards a desired location on a 2D blocks world object.
The same authors later addressed real-world grasping with an arm and three-finger Barrett hand equipped with tactile
fingertip sensors, [Hsiao & Kaelbling, 2010], [Hsiao et al., 2011]. Because the space of possible actions for such a robot is
enormous (especially compared to the single finger and 2D blocks-world problem of [Hsiao et al., 2007]), in order to solve

the problem as a POMDP, the authors restrict the robot’s choice of actions to executing a small number of pre-programmed



4 Journal name ()

reach-to-grasp motions, described relative to the pose of the target object. Thus the POMDP method can tractably be used
to select between this small number of actions, in response to tactile contacts detected by the three fingertip sensors during
the previous action. Thus various actions are sequentially selected, with successive refinements of the object pose collected
from sensing during each action, until eventually one of the actions achieves a successful grasp.

In contrast to [Hsiao & Kaelbling, 2010], our method does not select between pre-defined high level actions, but instead
we describe how to optimally plan a novel dexterous reach-to-grasp trajectory, in response to recent sensory observations,
which maximises the expected information gain from further potential tactile observations.

Petrovskaya [Petrovskaya & Khatib, 2011] also investigated the use of tactile information, derived from collisions
of an end effector with an object, to refine localisation estimates for that object. Similarly to our method, Petrovskaya
represents the location of an object to be grasped, as a collection of particles forming a distribution, and this distribution
is refined by successive manipulator contacts with the object. However, the work is limited in that Petrovskaya does not
address the problem of planning manipulator trajectories to achieve these contacts. Instead, the author simply begins with
an assumption that a selection of collisions will occur, and then shows how to use such collisions to update an object
location distribution.

More recently, another probabilistic framework for sensor-based grasp planning has been presented in [Nikandrova
et al., 2013]. Their approach philosophy differs from ours in the sense that the uncertainty in the pose of the object affects
only the choice of the (final) grasp configuration of the robot - in terms of set of finger contacts and wrist pose - which
maximises some criterions of stability. The reach to grasp trajectory is compute using a state-of-the-art planner which
assume the estimated pose to be accurate. They have proposed two strategies: either based on i) stability maximisation or ii)
entropy minimisation. The former approach is implemented as a trial and error procedure in which tactile measurements,
at the end of the grasp trajectory, are used to update the belief state - represented as a particle filter - and then the robot is
move to a fix position at the beginning of each iteration. The latter approach selects the most informative grasp to reduce
entropy and fasten the convergency to a stable grasp. However this requires a pre-posterior analysis which is expensive
as the belief space grows. Both approaches have been evaluated in simulation with a proof of concept on a real robotic
platform, a Melfa RV-3SB 6DoFs arm and a Robotic 3-finger hand. However the experimental setup consists of a simplify
2D problem in which a 2D Gaussian noise is manually added to the object estimate. In contrast our method can cope with
non-Gaussian uncertainty in 6 dimensions generated directly from the visual sensory data.

Prentice et al. [Prentice & Roy, 2008] have shown that motion planning for a mobile robot in belief space can be
done efficiently for linear Gaussian systems by using a factored form of the covariance matrix. The authors incorporate
an estimation of localisation uncertainty in the cost function of a belief-space variant of the PRM. Similarly to [Prentice
& Roy, 2008] our approach is capable of balancing shorter paths against those which reduce belief uncertainty through
sensory information gain. Instead our work plans trajectories that are able to distinguish hypotheses by using the expected
sequence of observations, which are computed according to the current belief state. Furthermore our approach represents

the belief space as non-Gaussian and allows arbitrary implementations of Bayes filters to track belief states.

3. Planning trajectory

3.1. Problem formulation

This section is concerned with the problem of planning control actions to reach a goal state in the presence of incomplete
or noisy observations. Let us consider a discrete-time system with continuous non-linear deterministic dynamics,

Ti41 = f(xt,ut)



where x; € R™ is a configuration state of the robot and u; € R! is a action vector, both parametrised over time t € {1,2, ...}.
Let p € SE(3) describe the object pose, given an initial prior belief state b; we define a set of k hypotheses as {p*}*_,,
where p! = argmaxb; and p* ~ by,i € [2,k]. We search for a sequence of actions, u1.7_1 = {uy,...,ur_1}, that
distinguish between observations that would occur if the object were in p! from any other p’ pose, with i € [2, k]. At each
time step, ¢, the system makes an observation, y € R™, that is a non-linear stochastic function of states and hypotheses.
Without losing generality, we define y; to be a column vector of binary values. Each of these values represents whether or
not a contact is observed between a given link of the robot and the hypothesis p’. However, binary values have been shown

to be not very informative during the planning phase. Therefore we define,
h(z,p') = ply = 1]z, p')

as a column vector of scores identifying the likehood of observing a contact, y = 1, as function of states and hypotheses.
More generally, let F;(x, u1..—1) be the robot configuration at time ¢ if the system begins at state x and takes action uy.;—1.

Therefore the expected sequence of observations over a trajectory, ui.;—1, is:
i iNT iNT INT\T
ht(‘r7ul:t—17p)*(h(FQ(xﬂul)ap) 7h(F3({E,U1:2),p) 7'-'7h(Ft(z7u1:t—1)ap) )

a column vector which describes the likelihood of observing a contact at any time step of the trajectory u;.;—;. We then
search for a sequence of actions which maximise the difference between observations that are expected to happen in the
sampled states, p>*, when the system is actually in the most likely hypothesis, p'. In other words, we want to find a

sequence of action, u1.7—1, that minimises

k
J(xvultT—lvpltk) = Z N(h’(xa ul:T—lapi)|h‘(x7ul:T—hpl)vQ) (1)

=2

where N (-|u, X)) denotes the Gaussian distribution with mean p and covariance ¥ and Q is the block diagonal of mea-
surement noise covariance matrices of appropriate size. Rather than optimising (1) we follow the suggested simplifications
described in [Platt et al., 2001] by dropping the normalisation factor in the Gaussian and optimising the exponential factor
only. Let us define for any i € [2, k]

(I)(xaulszlapi) = Hht(x,ulszlvpi) - ht(xaultTflapl)H([sz

then the modified cost function is

x| =

k

J(z, urp_1, pt*) = Ze—é(ag,um,l,pi) )
i=2

itis worth noting that when there is a significant difference between the sequence of expected observations, h:(z, u1.7—1, pi)
and hy(z,u1.7—1, p*), the function ®(-) is large and therefore J(-) is small. On the other hand if the sequences of expected
observations are very similar to each other, their distance measurement tends to 0 and J(-) tends to 1. Equation (2)
can be minimised using different planning techniques such as Rapidly-exploring Random Trees (RRTs) [LaValle, 1998],
Probabilistic Roadmap (PRM) [Kavraki & Svestka, 1996], Differential Dynamic Programming (DDP) [Jacobson & Mayne,
1970] or Sequential Dynamic Programming (SDP) [Betts, 2001]. In Section 4.3, we define a new set of heuristics that can
be encoded in a PRM planner for generating more reliable trajectories that explicitly reason over the pose uncertainty, and

demonstrate the method with experiments on a virtual testbed.



6 Journal name ()

3.2. Belief Update

After a trajectory is planned our algorithm executes it. If an unexpected observation occurs at execution-time the algorithm
refines the current belief state using an accurate, high-dimensional filter provided by the user.

In order to define an unexpected observation, it may be convenient for the reader to think of a reach-to-grasp trajectory
as composed of two parts: i) an approach trajectory which leads to a pre-grasp configuration of the robot in which the fingers
generally cage the object to be grasped without generating any contact, and ii) a grasping trajectory which moves the robot
in contact and eventually generates a force closure grasp. In this way any contact which occurs during the approaching
trajectory is considered as an unexpected observation. Similarly a insufficient number of contacts to create a force closure
at the end of a grasping trajectory is considered as unexpected.

In our implementation we update the belief using Bayes rule assuming deterministic dynamics. In this case we can

write the belief update as
P(Zl/t+1 |-Tt> Ut)bt

3
P(yt+1) ©

bip1 =

3.3. Re-planning

Our algorithm plans trajectories assuming only the maximum likelihood observations given the current belief state. There-
fore we need to rely on sensory feedback during the execution of the planned trajectory in order to detect whether or
not unexpected observations occur. This triggers a belief update, using the observation gathered at execution-time, and
consequently a re-planning phase.

In our previous work [Zito et al., 2012; 2013] the manipulator was moved back to a safe configuration (e.g. outside
the uncertain region) and before a new reach-to-grasp trajectory was planned. This approach was necessary for technical
reasons due to the robotic platform in use. More precisely, our approach was tested on DLR’s Rollin Justin robot. The only
way to communicate with this platform is via its own controller. This controller accepts trajectories with extra parameters
to set, i.e., compliance or activate/disactivate joint’s torques thresholds (or guards) to detect contacts minimising the risk
of moving the object. However these parameters cannot be changed on-line during the execution of the trajectory and the
controller forbids any movement once that an active guard has been triggered. It is possible however to send trajectory
disabling guards. Therefore our proposed solution was to withdraw the robot to a safe configuration with no active guard
before the next reach to grasp attempt. This however, is inefficient and fails to exploit the existing contact in completing
the grasp.

To overcome these limitations we implemented our latest algorithms for our robotic platform called Boris. Our controller
for Boris enables us to modify settings on the fly at execution time. This allows us to make a contact with an object, stop
the robot, and then re-plan from the same configuration, maintaining contact with the object.

In our experiments, the algorithm uses torque sensors based on current draw at each joint of the robot’s hand to detect
whether or not a link of the hand is in contact with the environment. We assume that the sensing abilities of the robot are fine
enough to perceive the object without moving it. However even in simulation is difficult to maintain such an assumption.
Though our results show that small changes in the configuration of the object do not affect the algorithm which is still able

to converge to a force closure grasp.

3.4. Terminal conditions

Our algorithm terminates its execution when no unexpected contacts occur and the target grasp is achieved. Since we do
not have mesh models of the object to be grasped we cannot rely on such measures to signal successful termination of the

algorithm. Nonetheless, in simulation it is possible to measure the displacement error between the grasp configuration for



the final object-pose estimate and the ground truth. An user-defined threshold of tolerance is used to identify whether the

grasp has succeeded.

4. Implementation

Our approach consists in planning informative tactile observations for a dexterous hand while simultaneously reaching
a given target grasp. As described previously, our innovations are i) implementing a hierarchical PRM algorithm which
allows us to plan dexterous reach-to-grasp trajectories, ii) encoding a new set of heuristics for a randomised motion planner
and iii) formalising an observational model for contact sensing by a multi-finger hand. We tested our approach for a robotic

manipulator with 21 DoF under non-Gaussian object pose uncertainty in 6 dimensions.

4.1. Observation model

We assume that a robotic manipulator is composed of parts. These parts are considered collections (or chains) of joints,
linked together. Without loss of generality, we also assume a single part called the‘arm’ and a set of m parts called ‘fingers’.
In addition, we describe the observational model as limited only to a given subset of those parts, i.e. only fingers or a subset
of them (e.g. finger tips). Let M be the ordered set of parts which compose the manipulator, then () is the configuration
in joint space of the 5" part, with j € M. In other words, 7 is the index of a specific chain. We also define M to be the set
of indices such that the respective part is used in our observation model. In addition, we use the operator W (xz(j)) to refer
to the workspace coordinates in SE(3) of the j* joint w.r.t. a given reference frame.

Mathematically we formalise the likelihood of observing a contact for each finger of the robot as an exponential
distribution over the Euclidean distance, d;;, between the finger tip’s pose, W (x(j)), and the closest surface of the object
assumed to be in pose pi. Note that, for this work, we limited our observation model to contacts which may occur on the
internal surface of fingers. This directly affects our planner which rewards trajectories that would generate contacts on the

finger tips rather than on the back side of the fingers. Therefore for any j € M we write

nexp(_)‘dji) if dji < dmax
p(y(]) = 1|‘T(j)api) = and <nmj,n;,i> <0

0 otherwise

where (1,7, ) is the inner product of, respectively, the j th finger tip’s normal and the estimated object surface’s normal,
and d,, 4, describes a maximum range in which the likelihood of reading a contact is not zero, and 7 is a normaliser. This
allows us to rewrite the likelihood of reading a contact on the force/torque sensors of the robot, h(x, p'),i € [1, k] with

J1s-- -y jm € M as follows,

Wz, p") = p(y(1) = Uz(r), p"), - -, pW(Gn) = Uz (Gm), p)]"

4.2. Planning a dexterous grasping trajectory for non-convex objects

The implementation of our planner uses a modified version of Probabilistic Roadmap (PRM) planning, [Kavraki & Svestka,
1996], to plan trajectories. Crucially, sampling-based approaches like PRMs rely on the ability to reject points that are
in collision. Testing collision between simple geometrical primitives, such as planes, spheres or cubes, is substantially
faster than between non-convex polyhedra. On the other hand, if an object to be grasped is wrapped in a simple primitive
bounding box —to achieve computational efficiency— many grasps would simply be impossible to achieve. Fig 2 shows the
case of a grasp over the rim of a jug. This grasp requires the thumb to penetrate inside the the convex hull of object. Thus,

even if this configuration does not produce any true collisions, it would be rejected by a “naive” collision detection.
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Fig. 2. Rim grasp example on a jug. In this case the target grasp requires to displace the robotic thumb on the internal surface of the
object. The grasp configuration is computed using the method described in [?].

We propose a fast and efficient collision detection module to cope with object represented by point cloud. Whilst the
robot’s bodies are represented by a open-chain of convex polyhedra, the object to be grasped is represented by a 2-level
structure. The first level of this structure wraps the point cloud in a bounding box. This level can efficiently avoid checking
collisions between the robot’s links and the object to be grasp that are far apart. The second level contains the point cloud
organised in a KD-Tree. Our KD-Tree implementation is based on the FLANN library [Muja & Lowe, 2014]. An example
is shown in Fig. 3.

In the planning process we target the object as if it were in its expected location (the mean pose of our density function),
therefore only the mean pose is used for collision detection. When at least one bounding box of the robot collides with the
bounding box of the object, the second level of the collision detection module is called to determine whether this particular
configuration of the robot can be used in the PRM as either a node or in a path to connect two nodes. By querying the
KD-Tree it is possible to retrieve the closest points on the surface of the object to the robot’s links. Each point is then
checked to determine whether it collides or not.

Critically the lack of information about the object’s shape may affect collision detection, leading to a reach to grasp
trajectory which passes trough the object. In a real scenario, however the tactile observation that will be generated will
cause the robot to stop and the current belief state to update. In our current implementation we do not reason about the
relative likelihood that the unexpected observation is given by a mis-estimation of the object pose versus lack of shape
information; we simply update the object-pose uncertainty. As future work we would like to treat this problem as a SLAM

problem, which will enable us to integrate the initial lack of shape information into our object model.

4.3. Planning a trajectory to maximise information gain

The PRM method comprises two phases: i) the learning phase, in which a connected graph G of obstacle-free configurations

of the robot is generated and, ii) the query phase, in which a path is searched for a given pair of configurations ,ot, Zgoal-



Fig. 3. The image shows the target object to be grasped. In this case the object is a jug. The grey point cloud represents the ground truth
pose of the object, as it was acquired by a noiseless input source. The yellow point cloud identifies the best pose estimate. The yellow
point cloud is organised as a KD-Tree for faster collision detections. The red box represents the bounding box which avoids unnecessary
collision checking between the object and robot’s links when they are far apart.

However the computational cost for the learning phase grows fast with respect to the dimensionality of the problem. We
therefore incrementally build connections between neighbouring nodes during the query phase. Given a pair (2;.o0t, goal)
which describes the root state in configuration space, R™, and the goal state in the workspace, SE(3), of the trajectory, we

use the A* algorithm to find a minimum cost trajectory in obstacle-free joint space according to:
C(ﬂ?) = Cl(-raxroot) +02(x;$/7§;goal) @

where z,2’ € R™ and &’ € Neighbour(x), &g40q is a reachable goal configuration for the robot computed by inverse
kinematics, ¢1(z, Zo0t) is the cost-to-reach @ from z,40, and ca(z, 2, £40q) is a linear combination of the cost-to-go
from z to a neighbouring node 2’ and the expected cost-to-go from 2’ to the target. We implemented ¢; (+) as a cumulative

discount and rewarded travelled distances. In more detail, we define

CQ(J?,JTI,JA?_,]OUJ) = Oédbound(l‘,JTI) + 6d(xlvi'goal)

+ degg(2)

®)

where a, 3,7 € R, d(-) is a distance function in SFE(3) which linearly combines rotational and transitional distances

in the workspace'. For dyound(:), let Bn(r) = {z € R"[z"z < r?} and B(r,r,) = {A = [§?] € SE@3)|pTp <

r? and 1 — (Q(R), Q(R)) < r2}* denote repectively the r-ball in R” and in SE(3), then bpoyna(z, ') is defined as

P(x,x') it W(x) —W(2') € B(r;,r,)
dpound(x, z") = and x — 2’ € B, (r)

+00 otherwise

1 For the sake of simplicity, we abuse the mathematical notation by writing d(z, z’) instead of d(W(x),W(x")).
2 We simplified the notation Bg g(s) (+) in B(-) for pratical reasons.
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where Q(-) is the Quaternion operator for R € SO(3), {q1, g=) is the inner product of two quaternions, r;, € R, r,, € (0,1),
and Y(z,2") = (d(z,2’) + (1 — {)||z — &’||2 with ¢ € (0,1). Finally, d.f4(-) is a function which penalises dangerous
configurations of the robot (i.e. close to joint limits).

We redefine the heuristic ¢o(+) in order to reward informative tactile explorations while attempting to reach the goal

state (described as a target configuration of the manipulator).

C2 (l‘, xlv i'goaly A,ple) :aJ(fL‘; $/7p1:k)dbound(-r7 Q’J/)

. ) (6)
+ Bda (', Zgoat) + Vdeyq(x)

where A is the diagonal covariance matrix of our sampled states, for any column vector a,u € R"™, da(a,p) =

V/(a — )T A=1(a — ) is the Mahalanobis distance centered in p and J(z, 2, p**) € (0,1] is a factor which rewards
trajectories with a large difference between expected observations if the object is at the expected location, p!, versus obser-
vations that would be expected if the object is at other poses, p**, sampled from the distribution of poses associated with

the object’s positional uncertainty:
k

j(x, x/,pl:k) _ Z e*‘b(z,x/,pi) %

where:
(I)(I,.T/’pi) = ||h’t(z7zlapi) - ht(x,x',p1)||2

for each i € [2,k] and hy(z,2’,p?) is sequence of the probabilities of reading a contact travelling from state z to 2. In
our implementation hy(x, z’, p*) = h(z’, p'). In other words, we evaluate the likelihood of making a contact while moving
from state x to ’ as the likelihood of making a contact only in the next state x’. Note that our current observational model is
designed to conserve (6) as in (5) when the likelihood of observing a tactile contact is zero. In fact, for robot configurations
in which the distance to the sampled poses is larger than a threshold, d,, .., the cost function J(-) is equal to 1. However
we also encode uncertainty in the second factor of our heuristics, d 4(-), which evaluates the expected distance to the goal
configuration. In this way the planner also copes with pose uncertainty at the early stages of the trajectory, when the robot

is still too far away from the object to observe any contacts.

4.4. Planning for Dexterous manipulator

In order to compute a dexterous trajectory which allows us to plan movement for both arm and fingers we need to address the
‘curse of dimensionality’ or, equivalently, increase the number of sampled configurations to properly cover the configuration
space.

Our proposed solution is to build a hierarchical planner. First we generate a PRM only in the arm configuration space
in order to find a global path between the x,.40¢, £40q. It is worth noticing that in this phase the rest of the joints of the
manipulator are interpolated in order to have a smooth passage from o0t 10 £40q1. We then refine the planned trajectory
generating a new PRM in the entire configuration space of the manipulator (e.g. arm + hand joint space) along the global
path. In other words, we limited the new PRM to explore only the subspace nearby the configurations which compose the
global path. Subsequently an optimisation procedure is executed along the trajectory to generate a smoother transition from
one configuration to the next.

This approach enables us to plan dexterous reach-to-grasp trajectories up to 21 DoFs with only 1,000 sampled con-
figurations. Note that this is the same order of magnitude that we use in practice for planning trajectories of 6 DoF robot

manipulators.
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4.5. Belief update

Once a trajectory is executed and a real (unexpected) observation y is detected, we update our belief state according to
Bayes’ rule. We represent our belief state as a set of N particles by = {b7}'_,. In a particle filter fashion we update the

weight of each particle b, z € {1,..., N}, as follows

(ylz, b7) prt )|+ (5), b7)

JEZ\/I

and then we execute a resampling step which generates a posterior distribution by as new set of particles {b7 N,
In simulation we assume that there are no false dectections. However it is possible to distinguish whether or not a contact
occurs between the object to be grasped and the robot’s end-effector. For example, in case a contact with the environment is

detected we skip the belief update step and we move the robot back to a safe configuration before triggering the re-planning.

5. Results

In this work we aim to show that sequential re-planning is capable of achieving higher grasp success rates than single grasp
attempts in presence of non-Gaussian object-pose uncertainty in 6 dimensions. We also show that planning trajectories that
maximise information gain requires fewer re-planning iterations to achieve a grasp.

We ran 45 trials in a virtual environment. Each trial has a different initial probability density over the object pose.
We tested the ability of different strategies to achieve a grasp configuration. The algorithm has a model of the object to
be grasped, as a dense point cloud. We collected the object model with a depth camera from 7 different views. These
views have been pre-processed to generate a single point cloud of the object model. The pre-processing aligns the single
view point clouds, registering and eliminating outlier points. We used the same object for all the trials. Fig. 2 shows the
pre-processed point cloud of the plastic jug used as the object model. Using the procedure described in [Kopicki et al.,
2014], we computed a possible grasp on the model.

We tested our algorithms under the hypothesis that the same object is displaced in a different position - but still in the
dexterous workspace of the robot - and the robot has to attempt a grasp even if the new point cloud is not as dense as the
model point cloud. In simulation, we achieve this by applying a rigid body transformation to the single-view point cloud to
move it to a different location within the dexterous workspace of the manipulator. We tested our algorithm in three different
conditions. In each condition we randomly selected respectively 1, 3 or 7 single-view point clouds from the 7 single-views
that composed the model.

Fig 5 summarises the data collected in our experiments. First we computed, for each condition mention above, how
much the combination of the single views covered the model surface. All the results are compared with respect to the model
coverage in percentage terms. We ran three different algorithms:

* ELEMENTARY: an open-loop trajectory towards the expect object pose without re-planning.
*  MYCROFT: a sequential re-planning algorithm without information gathering.

* IR3NE: a sequential re-planning algorithm with information gathering.

For each strategy we present their success rate in the sense of their ability to converging to a grasp. The top left chart
in Fig. 5 shows that the sequential re-planning approaches always led to a grasp, while a single grasp attempt often fails in
the presence of uncertainty.

We also show the error in the initial estimate of the object pose with respect to the ground truth, which is available
in the simulation environment. We decomposed this error into translational and rotational components. The translational
component measures displacement as Euclidean distance in a 3 dimensional space between the estimated location and

the ground truth. The rotational or angular displacement is evaluated using quaternions. The bottom line of Fig. 5 shows
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(a) (b)
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Fig. 4. Example of plan execution for IR3NE. Top row: a partial point cloud is acquired (a), a pose density represented by a set of
particles is computed, and a reach-to-grasp trajectory is planned (b). The red point cloud identifies the ground truth which matches
the partial point cloud in (a). The blue point clouds are the poses comprising the low dimensional belief state sub-sampled from the
corresponding high dimensional belief state. The yellow point cloud represents the estimated pose for the object. Second row: despite
the tiny misplacement between the estimated pose and the ground truth, a contact occurs before the grasp configuration with respect to
the mean pose (yellow point cloud) could be reached (c). The belief state is therefore updated from the contact (d) and a new trajectory
is planned with respect to the new estimate. Bottom row: the hand reaches the target grasp pose (d).

the error reduction, from the initial estimate to the final one, produced by using tactile information acquired during a
failed attempt to grasp. Although both sequential re-planning approaches show a similar behaviour it is noticeable that
the reach-to-grasp trajectories which maximise information gain (IR3NE) enable us to generate more informative contacts
that lead to a better estimate with fewer iterations. Nevertheless, the bottom left chart in Fig. 5 shows that the rotational
error seems to increase during the trials. There are two reasons for this: i) the initial rotational uncertainty in our trials was
always very low since we chose an asymmetrically shaped object and ii) we stopped the robot at the first contact which
most of the time is caused by only a finger, thus this information allows a better estimation in terms of linear accuracy but
may reinforce hypotheses in the particle filter with a poor estimate of rotation.

To illustrate the behaviour of our re-planning system we show a typical sequence generated by one simulation trial. We
assume a known point cloud model of the object shape, and uncertainty in the object pose. In this trial the robot observes

the object as a point cloud and applies a model fitting process described in [Hillenbrand & Fuchs, 2011]. The model
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fitting process is stochastic and so the resulting pose of the object is uncertain. We sample multiple poses by repeating
this process, and obtain a belief state consisting of the resulting set of possible poses of the object. A trajectory is then
planned to achieve a given grasp on the object. At each step a trajectory for the wrist and fingers are generated that will
move to the desired grasp, while deviating from a minimum length trajectory to maximise information gathered through
tactile observations. The belief state is updated and re-planning occurs each time a tactile contact is made. In the example
shown in Fig. 4 the initial belief state over the object pose is quite narrow, however an error of few millimetres in the pose
estimate leads to a potentially dangerous contact with the object. Instead, we use the contact to update the belief and plan
a new trajectory from the current configuration of the robot. The second trajectory transfers successfully the hand to the

target grasp configuration.

6. Conclusion and future work

‘We have shown how to solve the problem of dexterous grasping of objects with uncertain pose by using information gain
re-planning. We have proposed a method for tactile information gain planning for dexterous, high DoF manipulators by
showing how to: i) efficiently plan collision free, dexterous grasping trajectories for non-convex objects represented as a
point cloud; ii) iteratively update localisation knowledge using tactile observations from a previous grasp attempt; iii) use
successive grasp trajectories to plan with respect to these iteratively refined object poses; and iv) deliberately plan each
reach-to-grasp trajectory to maximise new tactile information gain, while also moving toward the expected grasp location.
We have shown that this approach enables planning for a robot manipulator with 20 DoF and non-Gaussian object pose
uncertainty in 6 dimensions. We have also shown how sequential re-planning can achieve better quality grasps than single
attempts to directly grasp an object at its expected pose, and that re-planning with trajectories designed to maximise tactile
information gain, achieves successful grasps with fewer iterations than sequential attempts to move directly towards the
object’s expected pose.

This work extends that of [Platt et al., 2001], which offers a way to avoid the complexity of planning in a high
dimensional belief space. It does this in two ways, i) by approximating the informational value of actions from a low-
dimensional subspace of the belief state; and ii) by embedding that informational value into the physical space, creating
a non-Euclidean distance metric in that space. This enables standard motion planning techniques to trade off directly
between information gain and achievement of the goal pose for the manipulator. We aim to test our approach on a real
robotic platform. This will require adaptation of our current observation model to cope with a robotic hand provided not

only with current sensing at the joints, but also with force-torque sensors on the finger tips.
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Fig. 5. Simulated results for 45 trials and three strategies: ELEMENTARY (green), MYCROFT (blue), IR3NE (red). All the results
are presented plotted against the initial percentage of model coverage given by one or more views by the depth camera. The first chart
(top left) presents the average number of iterations required to converge to a grasp. IR3NE shows that maximising information gain
requires fewer re-planning iterations to achieve a grasp. The second chart (top right) shows that sequential re-planning is capable of
achieving higher success rates than single grasp attempts in presence of uncertainty. The third chart (bottom left) shows how the initial
linear uncertainty is reduced by sequential re-planning until the algorithm converges to a grasp. Trajectories that maximise information
gain (IR3NE) are capable of localising the objects with a better accuracy. Finally, the last chart (bottom right) presents the reduction in
the rotational uncertainty. In this case simple re-planning (MYCROFT) shows better performance, however the rotational uncertainty is
usually low for asymmetric objects like the object we used for the experiments.
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Abstract Random sampling-based methods for motion planning of con-
strained robot manipulators has been widely studied in recent years.
The main problem to deal with is the lack of an explicit parametriza-
tion of the non linear submanifold in the Configuration Space (CS),
due to the constraints imposed by the system. Most of the proposed
planning methods use projections to generate valid configurations of
the system slowing the planning process. Recently, new robot mecha-
nism includes compliance either in the structure or in the controllers.
In this kind of robot most of the times the planned trajectories are not
executed exactly by the robots due to uncertainties in the environment.
Indeed, controller references are generated such that the constraint is
violated to indirectly generate forces during interactions. In this pa-
per we take advantage of the compliance of the system to relax the
geometric constraint imposed by the task, mainly to avoid projections.
The relaxed constraint is then used in a state-of-the-art sub-optimal
random sampling based technique to generate any-time paths for con-
strained robot manipulators. As a consequence of relaxation, contact
forces acting on the constraint change from configuration to configu-
ration during the planned path. Those forces can be regulated using a
proper controller that takes advantage of the geometric decoupling of
the subspaces describing constrained rigid-body motions of the mech-
anism and the controllable forces.
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Sample-Based Motion planning for Soft Robot Manipulators Under Task
Constraints

M. Bonillal, E. Farnioli*2, L. Pallottino®, A. Bicchil2

Abstract— Random sampling-based methods for motion plan-
ning of constrained robot manipulators has been widely studied
in recent years. The main problem to deal with is the lack of an
explicit parametrization of the non linear submanifold in the
Configuration Space (CS), due to the constraints imposed by the
system. Most of the proposed planning methods use projections
to generate valid configurations of the system slowing the
planning process.

Recently, new robot mechanism includes compliance either
in the structure or in the controllers. In this kind of robot most
of the times the planned trajectories are not executed exactly
by the robots due to uncertainties in the environment. Indeed,
controller references are generated such that the constraint is
violated to indirectly generate forces during interactions.

In this paper we take advantage of the compliance of
the system to relax the geometric constraint imposed by the
task, mainly to avoid projections. The relaxed constraint is
then used in a state-of-the-art sub-optimal random sampling
based technique to generate any-time paths for constrained
robot manipulators. As a consequence of relaxation, contact
forces acting on the constraint change from configuration to
configuration during the planned path. Those forces can be
regulated using a proper controller that takes advantage of the
geometric decoupling of the subspaces describing constrained
rigid-body motions of the mechanism and the controllable
forces.

I. INTRODUCTION

In robot motion planning, interacting with the environment
is normally considered a task to avoid, however in everyday
tasks humans don’t do that. Actually, simple tasks as opening
a door, sliding an object on a table and moving an object con-
sist on taking advantage of the objects and their constraints
with the environment rather than avoiding touching them. In
robotics solving the problem of generating motions is not
simple mainly because we need to face two main problems:
1) working on high dimensional spaces, which make the
problem NP-Hard to solve it optimally, and 2) working
under constraints such as closed loop kinematic chains and
force/torque limits. The first, is solved in an efficient way
randomly sampling the configuration space (CS) of the robot.
This is possible thanks to the available explicit description
of the CS of the robot. The second problem is harder due
the fact that an explicit description of the admissible CS is
not available. It means that not all random samples of the
CS can be considered as a possible configuration to explore.
There exist some approaches to generate motions for robots
under environmental constraints, which are based either on

IResearch Center “E. Piaggio”, Universita di Pisa, Largo Lucio Lazzarino
1, 56122 Pisa, Italy

2Depanment of Advanced Robotics, Istituto Italiano di Tecnologia, Via
Morego 30, 16163 Genova, Italy

gbmotors

By

PISA/IIT Soft Hand

Fig. 1. The Motion planning method presented in this paper is developed
for systems with compliance either in their structure of via the control loop.
In this case the bimanual system includes the compliance in the gbmotors
[9] composing the structure which is combined with mechanically embedded
compliance of the PISA/IIT SofHands [10]. In this paper we consider that
all compliance is in the contact points.

the decomposition of the chain in a passive and an active
chain [1], or in the projection of any random sample to the
valid CS [2], [3].

In this paper we propose a new method to generate motions
for kinematic chains under constraints. It is based on the
relaxation of the constraint to be able to randomly sample
an augmented valid CS. Then, using state-of-the-art algo-
rithms as RRT* [4], we guarantee the convergence of the
algorithm to a path, connecting two points, which optimizes
the distance to the constraint at each point on it.

A. Planning with Task Constraints - State of the Art

Since the introduction of random sampling techniques for
path planning, a lot of advances have been made in this
field. There exist two main approaches in this topic, the first
is the Probabilistic Roadmap (PRM) and the second is the
Rapidly-Exploring Random Tree (RRT) introduced in [5] and
[6] respectively. These two approaches were designed to plan
motions in high dimensional spaces, in fact they are normally
applied in the CS of robot manipulators. The major advances
have been focused in the improvement of these methods to
mainly include heuristics to speed up the planning time and
bias the solutions to get preferred behaviours. For example
in [7] exploration and exploitation of CS is balanced for fast
convergence of the planners. In [8] the authors propose to
include different heuristics to bias the growth of the trees
towards a preferred part in the CS.

The last major contribution in probabilistic motion planing
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was presented in [4] where the authors studied the qual-
ity of the paths generated by randomized planners. They
proposed a modification of the RRT and PRM algorithms,
called RRT* and PRM*, to generate better quality paths.
The completeness and sub-optimality of the solutions are
guaranteed. Some improvements to speed up the solutions
of this planner have been proposed in [11] and [12].

The inclusion of constraints in the model is another
research line in the area, for example 1) nonholonomic
constraints for mobile robots as summarized in [13], 2)
task constraints where the end effector has to maintain a
desired orientation over the whole planned path, [14], and
3) close kinematic chains for cooperative robots or parallel
manipulators [15]. The latter is sometimes considered a
particular case of 2). There is also a research line to include
dynamic constraints such as joint torque limits. This planning
techniques are called kinodynamic motion planning [16]. In
this work we will focus the attention to motion planing for
systems with tasks space constraints and close kinematic
chains.

The main problem in motion planning for closed kinematic
chains is that the CS of the robot is not all available to be
explored but just a nonlinear submanifold M, described by
the constraint equations, living in it.

All randomized planners include a function called Sample
where a random point in the configuration space is returned.
In case of closed kinematic chains the function Sample must
return a random point on the aforementioned submanifold.
The practical probability of this is 0 because the manifold is
a zero measure set in the configuration space.

The proposal presented in this paper is to relax the
constraints by transforming this set into a volume so that the
probability of sampling a point randomly on it is not null.
This idea comes from the state of the art robots, see Fig. 1,
which have a compliant rather than a rigid structure. From the
point of view of path following for systems with compliance
is traduced to control references which may or may not
be followed by the real system but they are still valid.
From this viewpoint, references can violate the constraints
imposed by the system structure and by its interaction with
the environment.

B. Path Execution

The path execution problem can be addressed with a
suitable force/position controller using the theory presented
in [17]. In that paper, the authors demonstrate that the
object trajectories and the contact forces can be addressed as
decoupled control problems. It implies that we can execute
any object trajectory coming from planning phase and that
contact forces can be steered so as to avoid violation of
contact constraints, allowing to regulate a desired force
during motion.

II. ORGANIZATION

Section III formally defines the motion planning problem
under task constraints and presents the main contribution of
this work. In section IV the algorithm called soft— RRT™ is

q3 s

[ ] CKO) ¢

q> q,

qi q;
(a) (b)

Fig. 2. Differences of motion planning problem without constraints (a)
and with constraints (b). Initial position g;y ¢ in blue, final position g ;pnai
in red and Planned path in green. Constraint C'(g) = 0 in baby blue.

presented, it describes the strategy implemented to find paths
in the relaxed constraint. Section V addresses the problem
of the practical implementations of the soft — RRT™* algo-
rithm and introduces a possible solution. After an example
presented in section VI, section VII exposes the conclusions
and future developments of this work.

III. PROBLEM DEFINITION

Random sampling-based methods for path planning have
an excellent performance when they are able to explore the
whole CS of robot manipulators. The good performance
comes from the fact that manipulators are able to explore the
whole environment performing any kind of motions in any
directions in the CS, so any point in it is a valid configuration
and can be connected to any other one. However when the
system is subject to constraints, such as closed kinematic
chains, this fact is not true any more.

In this section we formally introduce the motion planning
problem for systems subject to constraints.

A. Motion Planning Problem of Systems Under Constraints

Consider a configuration space M € R¢ that is a compact
set of configurations g. Let O € M be the obstacle region
and M f,c. := M\ O the configuration set free of obstacles.
Introducing a kinematic constraint C'(¢) = 0 that limits the
robot configurations and hence motion, see Fig. 2(b), we
define a nonlinear submanifold in M as M, := {q : ¢ €
M¢ree, C(q) = 0} to describe all configuration where non of
the links of the mechanism collide neither with objects in the
environment not with other links, and satisfy the constraint.
The motion planning problem is to find a continuous path
o :[0,1] = My; with {(0) = @init, 0(1) = ¢finar}. As
mentioned, the main challenge in applying sampling based
motion planning algorithms to closed kinematic chains is
that the probability of getting a random point laying on the
submanifold is zero, see Fig. 2(b).

B. Relaxing Constraints

As mentioned in the introduction we consider systems with
compliance. In this paper we introduce compliance in the
planning phase as a parameter to relax the constraint, so
C(q) < e, using this approach the rigid kinematic constraint
is replaced with a compliant one. In the case in which the
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Fig. 3. Motion planning problem under relaxed constraints. Initial position
Qinst in blue. Final position gy in red. Planned path in green. Constraint
C(q) in baby blue.

tight constraint is violated a proportional force f; arises
between the two parts in contact. With this parameter the sub-
manifold describing the relaxed constraint can be considered
as a space with the same dimension of CS. Thanks to this
we can use rejection techniques to randomly sample the CS
valid, now defined as M, := {q : ¢ € Mypee, C(q) = €},
and thus speed up the planning process. Now the planning
problem is to find a continuous path o : [0, 1] — M,., with,
{o(0) = Ginit, 0(1) = qfinar}. This relaxed problem is
graphically described in Fig. 3.

IV. RANDOMIZED PLANNING ALGORITHM

The random based-sampling algorithm used in this paper is
the soft— RRT™ reported in the algorithm 1. The difference
with the original RRT* algorithm is that instead of just
checking for collision we also check if the new configuration
is inside the relaxed constraint. This is performed in the

Algorithm 1 7 = (V, E) < soft-RRT*(x;,t)
1. T « InitTree();
2: fort=1to N do
Trand < Sample(l);
4 Tnearest < NeareSt(Vyxrand);
s: Tnew < Steer(l‘nearesb zrand);
6: if Constraints(X,,cqresrs Tnew) then
7
8
9

w

Xnear <_ Near(T’ xnew)
Tomin < BestParent(X,,cqrs Tnew)
T — T U (xnew’xmin)

10: T < Rewire(7T, X, cars Tnew)
11:  end if

12: end for

13: return G = (V, E).

Constraints function where the constrained optimization
problem described in the subsection IV-B is solved. Notice
that this function is also called inside the BestParent and
Rewire functions, typical of RRT*.

A. Biased Random Sampling

The first step in randomized path planners is perfomed
in the function Sample and it consists on generating a new
sample in M. Typically, random configurations are taken

Pulling Forces

Pushing Forces

(a) Undesired forces arising (b) The task of the controller is
from planning on the relaxed to project the undesired forces
contraint back to the manifod

Fig. 4. Lateral view of the relaxed constraint. In green are the pushing and
pulling forces against the constraint. The black dots are the nodes extracted
from the tree generated by the soft — RRT™.

Fig. 5. Graphical explanation of the difference of using uniform
distribution a) and applying the algorithms presesnted in [22] b) to get
new random sampling configuration in M.

using a uniform distribution to explore equally all regions
in CS. Doing the same in our problem, the probability of
getting a new point in M, can be computed as

p = volume(M,.) /volume(M), (D)

where the volume of M is defined by the mechanism,
more precisely by the range of motion of all joints. In the
other hand, the volume M, is proportionally to the relaxing
parameter €. As a consequence, the probability of getting a
new point goes to O as e approaches 0, in other words it
means that bigger is ¢, higher the probability of getting a
new configuration in M.

It is evident that if € is small most of the new samples will
be rejected in the Constraints function because they are not
in the relaxed constraint. To minimize the impact of this
fact, in the soft — RRT™ we used the algorithm presented
in [22] to bias the random sampling procedure to converge
to a uniform distribution not in M but in M,.. This idea is
graphically presented in the Fig. 5.

B. The Equilibrium Manifold

In order to guarantee the equilibrium of the object be-
ing manipulated by the multi-robot system we recall the
kineostatic analysis presented in our previous work [18].
In that work we presented the equilibrium manifold of
the multi-robot system subject to synergistic underactuation
and variable stiffness in the joint actuation. Since we are
performing motion planning in the CS, we need a fully
actuated system to allow to the system to follow the planned
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path. Thus, the main equations describing the equilibrium
configuration of the system are:

w+Gu)f, = 0, 2)
T—J (qu)fs = 0, 3)
fn—Kepr = 0, @)
T—Ky(g—q) = 0, (5)

where 2 € R??%12 is an equilibrium residual vector contain-
ing the joint positions ¢ € R?, joint torques 7 € R?, contact
forces f;, € RS and object positions u € RS, ®(x) € R24+12
includes the equations describing the equilibrium manifold.
G(u) is the so called grasp matrix of the system, w € R
is the external wrench in the object, JT e Re*d i the
multi-robot Jacobian matrix, K,. € R®*¢ is the contact
stiffness matrix and K, € R%*? is the joint stiffness matrix.
Dimension c is the number of contact constraints.

Equations (2) to (5) describe the equilibrium manifold in
the system that by adding quotes into the contact forces f,
becomes the same as the one used in the planning phase.
In order to find equilibrium configurations we firstly get the
random sampling configurations ¢, and then we solve the
following optimization problem to the get the rest of the
variables

min TWz
95U s (6)
subject to  ®(z, q,u, fr,7) =0,

Once the planning problem is solved a proper controller
able to let the robot follow the planned path must be
determined. The main challenge comes from the fact that the
closed kinematic constraint has been relaxed, so undesired
contact forces arise from interactions, a graphical example
is shown in Fig. 4(a). The real-time controller must ensure
that the nominal constraint is satisfied during the whole
execution, see Fig. 4(b). Indeed, if only the relaxed constraint
is verified the object handled by the robot does not fall but
can be damaged since high squeezing forces can appear.
On the other hand, whenever the nominal closed kinematic
constraint is verified this can not occur.

V. EXECUTION OF THE PLANNED PATH

The problem that arise when relaxing constraints is that
from the point of view of implementation, the constraint
violation can be dangerous, see Fig. 6, since undesirable
interaction forces may be indirectly induced into the system.
In this section we introduce a control to solve this problem.

A. Control

In order to address the problem of regulating contact
forces and, at the same time, executing the planned path,
a force/position controller can be implemented. There are
many control approaches to do that, for example in [19] an
adaptive hybrid control scheme for multiple geometric con-
straints based on the joint-space orthogonalization method
(JSOM) is proposed, in [20] the authors propose a general
framework for multi-contact motion/force control. In both

Initial
Configuration

g

Iwr_an,,_ 7_link

Fig. 6. In this example the kuka robot has to move from the initial to the
final configuration maintaining the contact with the plane (red object). The
resulting path from applying the soft — RRT™ is shown in pink and the
forces during motions in black arrows.

Reaction

Reacti
Torques.

s

h

Fig. 7. The two finger hand used for the presented example. In this
pictures the object position u, the fingers configurations ¢, the joint torques
7 and contact forces fp are expressed graphically.

cases the main considerations is that contacts are performed
with rigid environments. However, new robot developments,
like Soft Robots, are designed to work in uncertain envi-
ronments and compliant task spaces. A general analysis of
manipulation systems with general kinematics and compliant
contact models is presented in [17] and complemented in
[21], the main result of the last two contributions is a
geometric description and an algorithm to provide a basis
to describe the feasible motions that can be executed by the
system, and forces that can be controlled to avoid violation of
the contact constraints, both in a decoupled way. In practice
it means that it is possible to control all object displacements
given a fixed force reference and vice versa, where the first
is useful to correct the relaxations in the planning phase.

VI. SIMULATIONS

In this section we show some simulations of the motion
planning method presented in this paper. As an example
we consider a two finger planar hand with two degrees of
freedom in each finger, see Fig. 7.

This systems has 7 degrees of freedom in total but the
CS for planning purposes is of dimension 4 since we are
not sampling the object configurations. Algorithms have
been implemented in C++ and use ROS for visualization
purposes. All tests were performed in a 2.4Ghz quad-core
computer with 3Gb of RAM memory and Ubuntu 14.04
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Fig. 8.  Normal contact forces (blue) resulting from the relaxation of the
constraint during planning. The maximum allowed forces € are in magenta.

operative system. Fig. 9(a) shows the starting position and
Fig. 9(j) shows goal position of the hand, the objective is to
find a path connecting this two points avoiding the spherical
obstacle in green and maintaining the contact forces within
€. Figs. 9(b) to 9(i) show some snapshots of the planned
path resulting from the execution of algorithm 1, we can
observe how the hand avoids the obstacle. Interaction forces
arising from the planning phase, which in the case of the 2D
example presented in this section are normal to the contact
constraints and of magnitude proportional to €, are shown
in Fig. 8. Notice that the relaxation parameter e is never
overtaken.

VII. CONCLUSIONS

In this paper we propose a motion planning method for
Soft Robots moving with task constraints. The approach
consists in the combination of constraint relaxation and
random sampling sub-optimal planner. The first one helps
to speed up the planning phase considering the closed loop
imposed in the system because of the interaction of the
manipulators and the object. The second one allows us to
explore the complete configuration space of the system and,
at the same time, take into account optimality of the planned
trajectories. Combining the first two strategies we are able
to fast plan motions for multiple robot manipulators working

(©)

¥
(h)

Final path from the presented experiment. a) Initial position and b) final position.

.
b

(e)

Y

@

()

cooperatively, however due to the constraint relaxation in-
teraction forces my appear during executions of the planned
path. To deal with this, as a future work we can implement a
control strategy, as the ones presented in V, to online regulate
the contact forces while executing trajectories coming from
planning phase.
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Abstract In this paper, we design a simple methodology for high-level plan-
ning, corroborated with low-level planning and execution, to solve a
task having specified a priori a set of interaction primitives. We pro-
vide a realistic implementation focusing on the simple task of moving
an object from a given initial to a desired final configuration, possi-
bly exploiting the interaction between the object and the tabletop,
as well as direct handoff between two hands when convenient. The
interaction primitives are the different ways in which the object can
be grasped and moved around, possibly different for each end-effector,
and the planning step is carried out considering the table itself as an
end-effector (with the non-movable attribute) with its own set of prim-
itives. This results in a sequence of actions that are then translated
into collision-free paths and, subsequently, low level commands for the
robot. Experimental results with a bi-manual robotic platform show
the viability of our approach, which can be well extended to multi-arm
systems.
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High-Level Planning for Dual Arm Object Passing Tasks

Hamal Marino, Mirko Ferrati, Alessandro Settimi, Carlos Rosales, and Marco Gabiccini

Abstract—In this paper, we design a simple methodology for
high-level planning, corroborated with low-level planning and
execution, to solve a task having specified a priori a set of
interaction primitives. We provide a realistic implementation
focusing on the simple task of moving an object from a given
initial to a desired final configuration, possibly exploiting the
interaction between the object and the tabletop, as well as direct
handoff between two hands when convenient. The interaction
primitives are the different ways in which the object can be
grasped and moved around, possibly different for each end-
effector, and the planning step is carried out considering the
table itself as an end-effector (with the non-movable attribute)
with its own set of primitives. This results in a sequence of
actions that are then translated into collision-free paths and,
subsequently, low level commands for the robot. Experimental
results with a bi-manual robotic platform show the viability
of our approach, which can be well extended to multi-arm
systems.

Keywords: Dual Arm Manipulation; High-Level Planning; Biman-
ual Object Passing; Handoff

I. INTRODUCTION

In recent years, many approaches have been developed to
allow a robot to execute a task by giving only high-level
commands, and plan both the sequence of actions needed
to complete the task, as well as the low-level sequence of
movements to perform each single action.

In [1] a couple of robots demonstrates the capability of
translating a natural language plan for making pancakes
(found on the web), into a sequence of movements: one robot
goes around the kitchen looking for ingredients, while the
other is fixed at a table and prepares the pancake as soon as
everything is placed inside its reachable workspace by the
first robot.

In [2], a long-term planning strategy is devised such that,
when used to displace an object, it also reasons about moving
obstacles out of the way.

In [3], predefined grasp primitives are attached to objects
which implement functional categories in a framework sim-
ilar to object-specific reasoning introduced earlier in [4];
it uses PDDL language [5] and a semantic planner to
decompose a given task into a series of subtasks.
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Istituto Italiano di Tecnologia, via Morego, 30, 16163 Genova, and with
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Fig. 1: Overview of the complete system.

[6] uses a hybrid task and path planner for positioning an
object from a given initial to a desired final configuration,
using pick and place actions that involves both arms of a
bimanual robot. For all of these actions, the outcome is an
abstract list of subtasks. The geometric level describing how
a robot should actually perform each subtask can be carried
out using probabilistic path planning methods, such as RRT
[7] or PRM [8] to find a feasible, non-colliding path to each
needed configuration.

[3] and [6] also use a geometric backtracking algorithm
which allows for task-level replanning when a collision-free
path has not been found, going back in the semantic plan,
as much as needed, to find an alternative route to the goal.
Although all the previous are very promising approaches,
we think they lack the possibility to include handoffs in the
planning, which could be rather useful (if not necessary) in
many situations.

This aspect is tackled instead in [9], where grasps are
generated online once the object is perceived, as well as
a way of performing the handoff. The disadvantage of this

Preprint submitted to 2015 IEEE/RSJ International Conference
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approach is that it is limited to computing a single handoff
transition. Therefore, the approach cannot generalize to more
complex configuations when more than a single regrasping
is needed.

This is not the case for [10] which, using pre-computed
grasps and allowed grasp transitions (i.e., ways to perform
the handoff), is capable of planning for multiple handoffs
using an A* algorithm. The algorithm uses custom heuristics
including distance of the object from its goal position and
total number of handoffs penalties; the direct use of geomet-
ric information, although reduced to 3D, in the A* planner
makes it computationally heavy. We believe that a better
trade-off between speed and optimality can be obtained by
implementing a high-level planner to decide which sequence
of handoffs have to be performed.

Motivated by the idea of adding handoffs in a planning
scheme which first considers task level planning and then ge-
ometric planning, we describe, in this paper, a methodology
to solve a task given a set of interaction primitives.

We include, among the primitives, the generic action of
passing the object from one end-effector to another, where
the notion of end-effector is extended to consider also
fixed, known environmental constraints when it is possible
to exploit them: we will define them as non-movable end-
effectors.

Possible grasps for each end-effector, as well as transitions
between pairs of grasps, are pre-computed and stored in a
database, avoiding an excessive increase in computational
burden for the planning step.

Such a database can be generated via experiments, e.g. using
a motion tracking system (PhaseSpace, [11]) to record hand
and object pose during a grasp performed by a human “wear-
ing” the robotic hand, simulations [12], or using diverse
grasp synthesis algorithms, e.g. [13].

After highlighting the problem, we focus on the description
of the proposed approach (Sec. II), and provide an in-
depth view on the database structure (Sec. III), as well
as the high-level planning strategy (Sec. IV). More on the
low-level execution (Sec. IV-E) and other implementation
details (Sec. V) follow. Experimental results (Sec. VI) and
conclusions (Sec. VII) close the paper, discussing interesting
extensions.

II. PROBLEM STATEMENT

The problem we look into to illustrate our methodology is
“moving an object from a given initial pose to a desired target
pose”. Instead of specifying a way to achieve this result, we
define a series of interaction primitives which are the ways in
which an object can be manipulated from each end-effector.
Given this simple specification, a sequence of actions may be
needed in order to accomplish the task: a semantic planning
step is used first, resulting in a feasible sequence of actions to
be performed in order to reach the goal. A low-level planner

has then to find a collision-free joint space trajectory for the
robot in order to obtain the desired motion.

Specifically, we treat primitives that are: (i) handoffs, and (ii)
picking/placing an object, incorporating (with the movable
flag set to false) the environment such as a support surface
in the high-level planning. It is worth remarking that a
picking/placing primitive can be considered rightfully as
a handoff between a movable end-effector (the hand) and
a non-movable one that can apply only specific grasps to

objects (see Fig. 2).

—

Fig. 2: A pot on a table. On the left a feasible bottom grasp,
on the right an unfeasible side grasp.

Our working assumptions are that:

« vision gives to the planner all the necessary information,
handling object recognition and pose estimation with
sufficient accuracys;

« all objects appearing in the scene are either known or
considered as fixed obstacles;

« information about the desired target configuration is
given from a higher-level input, e.g. from a user (see
Fig. 3).

-
P
@

S *-

D
A

Fig. 3: The scene in Rviz. The blue object (left) represents
the initial object configuration which is assumed to be given
by the vision system; the red one (right) represents the goal
selected by the user.

III. DATABASE DESCRIPTION

The algorithm we devise relies on key information stored in
a database in order to perform the planning step. A closer

Preprint submitted to 2015 IEEE/RSJ International Conference
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look at the tables therein is taken in the following. A very
simple, exemplary database is shown in Fig. 4.

A. Object Table

All known objects are included in the database; for each of
them, various object geometric information such as multiple
3D views which can be used for object recognition and pose
estimation using a 3D vision library are stored.

B. Grasp Table

A grasp is defined as a Cartesian trajectory of the end-
effector expressed in the object frame with the corresponding
joint trajectory if any. A good estimate of the final object
pose within the hand is relevant to accomplish the final and
intermediate goals.

Then, a grasp is associated with a single object, however, an
object can have more than one grasp associated.

The generation of this table can be done in several ways.
It can be produced either using simulation-based synthesis
approaches [12] as well as

For each object, a series of grasps are stored for each kind of
end-effector (e.g. a left hand and a right hand; different hands
can be considered, too). Each grasp consists of a cartesian
trajectory of the end-effector expressed in object frame, as
well as final in-hand object pose.

Specifically, we use simulated synthesis of the grasps as in
[12].

C. End-Effectors, and

Tables

Workspaces, Reachability

Each end-effector is an entity which can act on an object:
there are both “movable” end-effectors (such as robot hands)
and “non-movable” ones (such as a fixed surface in the
environment which can be exploited). From a semantic
planning perspective, there is no distinction between movable
and non-movable end-effectors, both types can interact with
an object in specific ways, and can exchange the object with
specific grasp transitions.

In order to generate the semantic workspaces table, the
environment has to be divided in smaller regions (with
a grid procedure or other segmentation algorithm), each
one associated to a semantic workspace. These workspaces
are semantically adjacent if their corresponding regions are
adjacent in the 3D space. Both geometric and adjacency
information is stored.

A workspace is considered to be reachable with an end-
effector only if its associated region can be reached dexter-
ously (i.e., with good mobility); this could be checked using,
e.g., Capability Maps [14].

D. Allowed Grasp Transitions

We define possible transitions among different grasps with an
associated interaction primitive, when there is no kinematic
overlap between two different end-effectors performing the
grasps at the same time.

The transitions we consider in this work are:

« pick and place actions when a non-movable end-effector
is involved

e a sequence of grasp-ungrasp actions when both end-
effectors are movable

To check whether, given a pair of grasps, a transition between
them could exist, it is possible to check for kinematic
feasibility (absence of collisions between the end-effectors)
when both grasps are performed at the same time; alterna-
tively, [15] developed an automatic algorithm for directly
synthesizing grasps which allow for in-air re-grasping for
fully actuated hands.

Grasp_id EE_id Name Allowed_transitions
g1 el TopTable g5,96,98,99
g2 el SideTable 95,98
g3 el BottomTable g4,95,97,98
g4 e2 TopLeftArm g3, 98,99
g5 e2 SideLeftArm | g1,92,93, 97, g9
g6 e2 BottomLeftArm g1,97,98
g7 e3 TopRightArm g3,95,96
g8 e3 SideRightArm | g1,92,93, g4, g6
g9 e3 BottomRightArm g1,94,95
EE_id Reachable Workspaces Movable Name
el w1,w2,w3 FALSE Table
e2 w1,w2 TRUE LeftArm
e3 w2,w3 TRUE RightArm
Workspace_id Adjacency Geometry Name
w1 w2 [x1,y1..xn,yn] Left
w2 w1,w3 [x1,y1..xn,yn] Middle
w3 w2 [x1,y1...xn,yn] Right

Fig. 4: Example of a DataBase overall structure.

IV. HIGH-LEVEL ACTION PLANNING

The high-level semantic planning involves four distinct
phases:

« construction of a graph with states and transitions

o conversion of cartesian information about current and
target configurations to the semantic domain

o planning on a graph of a minimum cost path from initial
to target state

o conversion of the semantic plan into a cartesian plan,
which can then be executed from the robot

A state S is a possible (end-effector, grasp, workspace)
tuple.

Preprint submitted to 2015 IEEE/RSJ International Conference
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A. Graph Construction

Using the full DB structure as illustrated in Sec. III, a graph
is generated. For the examplary content illustrated in Fig. 4,
the generated graph can be seen in Fig. 5.

Each node of the graph represents a state Se 4., of the object,
where e is the end-effector which grasps the object with the
grasp g in the workspace w. The arcs represent two different
types of transitions:

1) from Se g w,; t0 Se g,w,;: change of workspace with the
same grasp, where w; and w; must be adjacent (in the
sense of Sec. III-C) and e must be movable. This is
represented by the dashed lines in Fig. 5.

2) from S, g, w t0 Se; g, change of end effector inside
a certain workspace, where a transition between grasp
g and g; must exist (as described in Sec. III-D). This
is represented by the continues lines in Fig. 5.

Common Right
Work Space Work Space

Left
Work Space

Fig. 5: Graph generated from the exemplary DB 4: 3 end-
effectors, 3 workspaces, and 9 grasps. Left hand grasps, right
hand grasps and table grasps are respectively represented
with cyan, green and red circles while grasp types are
indicated with T,B,S (top, bottom and side) inside the circles.

B. Cartesian-to-Semantic Conversion

Given the workspaces geometry associated with semantic
workspace definitions, semantic states .S; and S; represent-
ing initial and target object configurations are obtained as
follows:

1) the workspaces containing the required poses are found
(w;, wy)

2) by assumption, we consider only the non-movable end-
effectors present in each of the workspaces (e;, e;)

3) a search for grasps (g;, g:) that fulfill the initial and
final pose is performed.

This search involves all possible grasps associated to the
end-effectors (e;, e;), which are checked for similarity w.r.t.
the initial and target poses of the object; given the “non-
movable” condition, this check is performed considering in-
variance to translations, and rotations around an axis normal
to the end-effectors.

C. Planning on Graph

Using the graph generated in Section IV-A, Dijkstra algo-
rithm [16] is used to find the high-level shortest path from
S; to S;. We show in Fig. 6 a possible plan generated by
hand, while in Fig. 7 the solution found by Dijkstra for the
same case.

Another plan with different initial and target states that uses
the table as intermediate end-effector in order to minimize
path length is shown in Fig. 8. Each shortest path represents
a set of workspace/grasp semantic transitions, which need to
be converted in a sequence of cartesian commands for the
robot.

Left Common
Work Space Work Space

Right
Work Space

Fig. 6: Possible planning on the graph generated previously:
highlighted are the initial and final states (in blue) and the
path in between (red).

Left Common Right
Work Space Work Space Work Space

SO O S —

Fig. 7: Planning given by Dijkstra algorithm, the transition
on the table is avoided because it would require more grasp
transitions for the task.

D. Semantic-to-Cartesian Conversion

The high-level sequence of transitions obtained from the
planning is simplified, by eliminating the transitions which
are not useful, e.g. an end-effector moving through multi-
ple workspaces Se g, ---Se,g,w,, becomes a single cartesian
command to the final workspace w,, location. Next, each
non-fixed workspace location of the object (initial and target
configurations are given) are converted into a cartesian pose
for the object such that all the end-effectors involved in that
transition can reach it.

For this purpose, when one of the involved end-effectors
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Right
Work Space

Left Common
Work Space Work Space

/\

7
[
@

Fig. 8: Planning given by Dijkstra algorithm, the transition
on the table is used because it is the shortest one in this
example of initial and final states.

is not movable (e.g., the table), the position of the object
is computed only considering possible rotations around the
local axis aligned with the table normal (z-axis in world
frame). Instead, when both end-effectors are movable, an
initial guess of the object pose is considered to be where the
end-effectors are mostly aligned with a “preferred” direction,
and a local IK search is performed until a feasible robot
configuration is found. Finally, each arc in the semantic plan
is associated to low-level commands, in particular a change
of workspace generates a move command for an end-effector,
while a change of grasp generates a sequence of grasp-
ungrasp commands for the end-effectors involved.

Summarizing, before execution

are:

the performed steps

« climinating redundant semantic steps,

« translating semantic workspaces into cartesian poses,

« computing reachable object poses for each transition
considering involved end-effectors,

o using the transition primitive information to plan the
actions needed (i.e., move, grasp-ungrasp ).

E. Execution of the Plan

The execution of the commands requires the use of a low
level Inverse Kinematics planning. If more than a single end-
effector move command has to be performed, they are per-
formed simultaneously computing collision-free trajectories
that involves the various end-effectors. This can be efficiently
done e.g. using a sample-based random planner such as RRT
[7]. Grasp trajectories stored in the database (Sec. III-B),
which are in a frame local to the object, are translated into
world coordinates and executed as well.

V. IMPLEMENTATION DETAILS

Both simulated and real environment have been used to
perform dual-manipulation experiments with the Vito robot!.
The implementation of the planning algorithm, as well as the

Uhttp://www.pacman-project.eu/software

instructions to download and install the simulation package
are available online as open source software’. A high-level
scheme of the full pipeline of the experiment is depicted in
Fig. 9.

| ROS Control

Gazebo

State

High-level

I 0
pranner Machine
. Vito Robot
Database Y
K+
trajectory

Planner

Fig. 9: High-level scheme of the full experiment pipeline
with highlighted specific software blocks.

As shown in Fig. 9 the core of the framework is represented
by the State-Machine, its internal structure is reported in
Fig. 10. In the various states, the State-Machine communi-
cates with different modules depending on its needs (e.g.
in the Getting Info state it asks the vision for the starting
position and the GUI for the target position).

| Starting

Cartesian Control |

High Level
Planning

Fig. 10: The State-Machine structure is reported. Only the
transition representing the main execution flow are in figure.

The user can, through the GUI, send commands to the State-
Machine to perform a dual manipulation task. In particular,
the dashed arrows in Fig. 10 represent the input from the
user that can hence:

« get the object start position from the vision and set the
desired final position for it,

o ask to an high level plan for the desired task,

o use the cartesian plan corresponding to the semantic
generated one to perform the task with the robot (sim-
ulated or real one).

Zhttps://bitbucket.org/dualmanipulation/dualmanipulation

Preprint submitted to 2015 IEEE/RSJ International Conference
on Intelligent Robots and Systems. Received March 5, 2015.



CONFIDENTIAL. Limited circulation. For review only.

The Cartesian control state has a sub-state-machine that
iteratively plan cartesian movements and execute them up to
completion of the plan generated in the High Level Planning
state.

The experiment software, written in C++, runs on two
Linux Ubuntu 14.04 PCs, using ROS [17] as a middle-
ware for communication between vision, high- and low-level
planning, and control.

VI. EXPERIMENTAL RESULTS
A. Set-Up

The robot used for the validation of the approach is the
Vito robot in Centro “E. Piaggio” (see Fig. 11, Fig. 12,
Fig. 13).

Fig. 11: Vito robot.

Two Kuka Light-Weigth Robots (LWR) mounted on a fixed
torso have been equipped with a left and a right Pisa-IIT
Soft-Hands.

B. Performed Experiments

In the proposed experiments a cylinder has been used. While
the starting position (blue) is given by the vision system,
the target position (red) is chosen by the user using the
GUP.

In the first experiment (Fig. 12) the object starting pose is
in the workspace of the right arm and the user selects the
goal position in the workspace of the left arm with a similar
orientation. The high level planner leads to the following
behavior:

1) the robot picks up the cylinder from the top with the
right hand,

2) the object is brought in the center of the common
workspace,

3Videos regarding the robot Vito performing the described experiments
will be available at https://www.youtube.com/user/centroepiaggio.

Fig. 12: Experiment 1

3) an aerial handoff is performed with the left hand
grasping the object from the bottom,

4) the right hand realeases the object and the robot puts
the cylinder in the target position, inside the left
workspace.

Concerning the second experiment (Fig. 13), the cylinder
is positioned again in the right arm workspace, this time
laying on a side; the user selects the goal position in the
workspace of the left arm with a similar orientation. The
resulting behavior is slightly different:

1) the robot performs a side grasp on the object with the
right hand,

2) then, it brings the cylinder to the common workspace,
and the table is used as temporary support (i.e. the
table performs a side grasp),

3) with another side grasp the robot uses the left arm to
grasp the object and brings it to the target workspace.

For the sake of clarity, the reader can refer to Fig. 8 for a
simplified semantic plan, which conceptually corresponds to
the results depicted in Fig. 13.

VII. CONCLUSIONS

In this work we proposed a multi layer planner to solve
complex object passing tasks using both handoffs and pick-
ing/placing primitives, executed by multiple end-effectors.
The use of a high level semantic graph coupled with low
level cartesian planner and precomputed grasp transitions
allows to handle complex plans without incurring in heavy
computational load. The implementation was tested on a
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Fig. 13: Experiment 2

dual-arm robot using a cylinder with few associated grasps
in order to test both the planner and the whole system in
configurations that can be easily solved by a human, but that
can still provide a testbed for the overall integration.

Ongoing development aims at adding arc costs which con-
siders grasp and transition quality, in order to improve the
planner decisions. Moreover, future works should extend
the concept of “interaction primitives” to include dynamic
primitives and extrinsic manipulation such as [18].

To allow for possible corrections during the procedure exe-
cution, we plan to include an Execution Monitoring System
as suggested in [4], in order to check for correctness at every
stage of the plan to be executed and considering replanning
when needed.

Possible monitoring to check whether the object was suc-
cessfully grasped could include visually checking the object
position or reading current consumption from hand joint, thus
understanding if the hand is applying force to the object or
not.
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Abstract In this paper, we present a computational framework for direct
trajectory optimization of general manipulation systems with unspec-
ified contact sequences, exploiting environmental constraints as a key
tool to accomplish a task. Two approaches are presented to describe
the dynamics of systems with contacts, which are based on a penalty
formulation and on a velocity-based time-stepping scheme, respec-
tively. In both cases, object and environment contact forces are in-
cluded among the free optimization variables, and they are rendered
consistent via suitably devised sets of complementarity conditions. To
maximize computational efficiency, we exploit sparsity patterns in the
linear algebra expressions generated during the solution of the opti-
mization problem and leverage Algorithmic Differentiation to calcu-
late derivatives. The benefits of the proposed methods are evaluated
in three simulated planar manipulation tasks, where essential inter-
actions with environmental constraints are automatically synthesized
and opportunistically exploited.
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A Computational Framework for Environment-Aware
Robotic Manipulation Planning

Marco Gabiccini Alessio Artoni

Abstract—In this paper, we present a computational frame-
work for direct trajectory optimization of general manipu-
lation systems with unspecified contact sequences, exploiting
environmental constraints as a key tool to accomplish a task.
Two approaches are presented to describe the dynamics of
systems with contacts, which are based on a penalty formulation
and on a velocity-based time-stepping scheme, respectively.
In both cases, object and environment contact forces are
included among the free optimization variables, and they are
rendered consistent via suitably devised sets of complementarity
conditions. To maximize computational efficiency, we exploit
sparsity patterns in the linear algebra expressions generated
during the solution of the optimization problem and leverage
Algorithmic Differentiation to calculate derivatives. The benefits
of the proposed methods are evaluated in three simulated
planar manipulation tasks, where essential interactions with
environmental constraints are automatically synthesized and
opportunistically exploited.

I. INTRODUCTION

Careful observation of how humans use their hands in
grasping and manipulation tasks clearly suggests that their
limbs extensively engage functional interactions with parts
of the environment. The physical constraints imposed by
the manipulandum and the environment are not regarded
as obstacles, but rather as opportunities to guide func-
tional hand pre-shaping, adaptive grasping, and affordance-
guided manipulation of objects. The exploitation of these
opportunities, which can be referred to as environmental
constraints (EC), enables robust grasping and manipulation
in dynamic and highly variable environments. When one
considers the exploitation of EC, i.e. when manipulation
actions are performed with the help of the environment,
the boundary between grasping and manipulation is blurred,
and traditional categories such as grasp and manipulation
analysis, trajectory planning and interaction control appear
somewhat artificial, as the problem we aim to solve seems
to inextricably entangle all of them.

In this paper, we set out to formulate environment-aware
manipulation planning as a nonlinear optimal control prob-
lem and discretize it according to a direct transcription
scheme [1]. In Sec. III, two approaches to describe the
dynamics of systems with contacts are proposed and eval-
uated: in the first one, continuous contact reaction forces are
generated by nonlinear virtual springs, and the requirement
to avoid sliding contacts is handled in an apparently original
way; in the second one, contact collisions are approximated
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Department of Civil and Industrial Engineering, Univ. of Pisa,
Italy ({firstname.lastname}@unipi.it). J. Gillis is with
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as impulsive events causing discontinuous jumps in the
velocities according to a modified version of the Stewart-
Trinkle time-stepping scheme [2]. The introduction of two
different models is motivated by the relative ease for the
first (second) one to enforce EC exploitation primitives that
avoid (profitably exploit) sliding motions during interaction.

Both formulations lead to a nonlinear programming (NLP)
problem (Sec. IV) that we solve by using the Interior-Point
(IP) method implemented in IPOPT [3] and discussed in
Sec. V. To improve computational efficiency, we also an-
notate sparsity in the linear algebra expressions and leverage
algorithmic differentiation (AD) [4] to calculate derivatives
both quickly and accurately: the adoption of the CasADi
framework [5], described in Sec. V, provides a profitable
interface to all the above tools with a consistent API.

In Sec. VI, we evaluate our approaches in three simulated
planar manipulation tasks: (i) moving a circular object in
the environment with two independent fingers, (ii) rotating
a capsule with an underactuated two-fingered gripper, and
(iii) rotating a circular object in hand with three independent
fingers. Tasks (i) and (ii) show that our algorithm quickly
converges to locally optimal solutions that opportunistically
exploit EC. Task (iii) demonstrates that even dexterous
fingertip gaits can be obtained as a special solution in the
very same framework. Conclusions are drawn in Sec. VII.

It is worth noting that with our method, approach planning,
grasping, manipulation, and environment constraint exploita-
tion phases occur automatically and opportunistically for a
wide range of tasks and object geometries, with no a-priori
specification of the ordering of the different stages required.

II. RELATED WORK
A. Exploitation of Environmental Constraints

The concept of exploiting environmental constraints is
well-rooted in robotics. Pioneering work was performed
already in the eighties in the context of motion planning [6]
and manipulation [7]. However, these concepts did not have
the proper influence on many of the recent developments on
either area, perhaps due to the inadequacy of the mechanical
impedance properties of contemporary industrial manipula-
tors to achieve sliding motion primitives stably, thus pre-
cluding the adoption of strategies that exploit environmental
constraints, e.g. by sliding one object over another [8]. Also
the idea of programming using environmental constraints
is well entrenched in robotics literature, starting with the
seminal work [9], proceeding with [10], and culminating in
the iTaSC framework [11].

The exploitation of complex interactions with the envi-
ronment in a manipulation task also plays a central role



in automation and manufacturing to design fixtures [12]
and part feeders [13]. However, these works are highly
specialized and they are limited to the case of handling a
single object geometry.

B. Traditional Grasp Planners

State-of-the-art general grasping algorithms and dexterous
mechanical hands lie at the opposite end of the spectrum:
they are designed to perform grasping and manipulation of
a wide range of object geometries and for many different
tasks. Traditional grasp planners (such as OpenRAVE [14]
and Grasplt! [15]) rely on precise finger-to-object contact
points while avoiding the surrounding environment. In real-
world scenarios these models, as well as the motion of
the hand, will be highly uncertain leading to poor grasping
performance for grasps that were deemed highly robust based
on theoretical considerations.

The recent paper [16] has proposed a pipeline for auto-
mated grasp synthesis of common objects with a compliant
hand by developing a full-fledged multi-body simulation of
the whole grasping process in the presence of EC: how-
ever, to date, the approach seems time consuming and the
sequence of primitive actions needed to perform complex
tasks must be scripted in advance. Also recently, both grasp
planning algorithms and grasping mechanisms have begun to
take advantage of EC [17], albeit not systematically. While
sequences of EC exploitation primitives have been shown
to be robust and capable [18], [19], there has been no
comprehensive research on how to enumerate and describe
these primitives or how to sequence them into task-directed
manipulation plans.

C. General Purpose Planning Algorithms

State-of-the-art sampling-based planning algorithms like
RRT*[20] seem not tailored for situations where a-priori
unknown contact interactions may cause a combinatorial ex-
plosion of system configurations. Recent extensions, initially
presented in [21] for RRT, and successively devised for RRT*
in [22], were able to cope with systems described by complex
and underactuated dynamics. In [23], the authors presented
an approach to moving an object with several manipulators.
This problem presents some similarities to ours, since a
sequence of phases has to be both planned and solved. The
strong assumption that the plan called by the high-level
scheduler will succeed — which is not always possible —
has been removed in the recent contribution [24].

However, situations where intermitted contact sequences
are not easily enumerated from the outset, but are key for
the success of environment-aware manipulation plans, still
appear to be out of their reach.

D. Machine Learning Approaches

Although significant progresses have been made in this
area in recent years [25], learning robot motion skills still
remains a major challenge, especially for systems with multi-
ple intermittent contacts. Policy search is often the preferred
method as it scales gracefully with system dimensionality,
even if its successful applications typically rely on a compact
representation that reduces the numbers of parameters to
learn [26], [27], [28]. Innovative policy classes [29] have led

to substantial improvements on real-world systems. However,
designing the right low-dimensional representation often
poses significant challenges. Learning a state representation
that is consistent with physics and embeds prior knowledge
about interactions with the physical world has recently been
proposed in [30] and seems a promising venue to find effec-
tive methods to help improve generalization in reinforcement
learning: however, the simulated robotic tasks solved by this
methods are still far in complexity from environment-aware
manipulation scenarios.

The recent contribution [31] developed a policy search
algorithm which combines a sample-efficient method for
learning linear-Gaussian controllers with the framework of
guided policy search, which allows the use of multiple
linear-Gaussian controllers to train a single nonlinear pol-
icy with any parametrization, including complex and high-
dimensional policies represented by large neural networks.
In [32], this method has been recently applied, with some
modifications that make it practical for deployment on a
robotic platform, to solve contact-rich manipulation tasks
with promising results.

E. Optimization-based Trajectory Planning

Various research groups are currently pursuing direct tra-
jectory optimization to synthesize complex dynamic behav-
iors for systems with intermittent contacts. Those working
in locomotion [33] mainly adopt a multi-stage hybrid-mode
approach (usually employing multiple-shooting), where the
optimization is constrained to operate within an a priori
specification of the mode ordering. Interestingly, a recent
contribution [34] explored the synthesis of optimal gaits for
legged robots without the need to specify contact sequences.
Certainly, the adoption of such an approach seems the only
viable solution for a multi-fingered hand manipulating an
object also by exploiting EC. Along this line, it is worth men-
tioning the contact-invariant approach originally proposed
in [35] to discover complex behaviors for humanoid figures
and extended to the context of manipulation in [36]. The
previously described trajectory optimization method has been
recently employed to gradually train a neural network by
following an Alternating Direction Method of Multipliers
(ADMM) strategy with interesting results [37].

The approach presented in [38] inspired our work and
is the one which is definitely closest. However, remarkable
differences in the formulation of the dynamics for systems
with contacts, in the choice of the solution algorithm, solver
and framework, and in the focus of the paper — here, EC
exploitation is sought as a key factor — render our work
significantly different.

III. DYNAMICS OF SYSTEMS WITH CONTACTS

A. Penalty-based contact model

To our eyes, manipulation planning has to rely on a
dynamic model of the system, namely of manipulandum,
manipulator, and the environment, and of their mutual in-
teractions through contact. We consider here deterministic
systems with continuous state and control spaces, denoted by
x and u respectively. The dynamic evolution of our controlled
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Fig. 1. Normal contact force as a function of the normal gap.

(non-autonomous) system can be described in continuous
time ¢ by a set of Ordinary Differential Equations (ODEs):

%(t) = F(x(t),u(t)) or F(£(t).x(0),u(0)) =0 (1)

(explicit dependence on ¢ is omitted hereafter). Together with
an initial value x(0) = xp, equation (1) defines an initial
value problem. In general, additional algebraic dependencies
may exist among x, x and u leading to a dynamic system
governed by differential-algebraic equations (DAEs). In the
presence of contact, for instance, and if contact forces are
included among the controls u, contact interactions establish
functional dependencies between u and x through a set
of algebraic equations/inequalities. As an example, if fy
is the normal contact force and gy = gy(x) the normal
gap (shortest distance) between a finger and the object
being manipulated, the complementarity and non-negativity
conditions 0 < fy L gn(x) > 0 must hold. The contact model
described in this section is based on a special treatment
of the contact forces and the relative velocities that arise
during interaction between manipulandum, manipulator, and
environment. Such a model has proved to be successful in
solving trajectory planning problems for manipulation tasks
with no sliding, in the presence of EC.

For normal contact forces, the underlying idea is borrowed
from classical penalty-based approaches, where contact in-
teractions are modeled by spring-dampers. In our model, no
damping is introduced, while a nonlinear exponential spring
relates the normal contact force and the normal gap through
the constitutive equation (Fig. 1)
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where gy (x) is the normal gap function and gy the negative
normal gap value (penetration) corresponding to the normal
force value fy. The (fixed) parameters (fy,gy) provide a
straightforward way to properly “calibrate” the model and
adapt it to the problem at hand. Relation (2) is a relaxation of
the above-stated complementarity condition: it avoids discon-
tinuities while being sufficiently representative of physical
reality. In order to describe (unilateral) contacts with friction,
the classical Coulomb model is adopted. The focus is placed
here on point-contact with static friction, whereby normal
force fy, tangential force fr and the coefficient of static
friction g are related by the well known relation

Jr < Wsfn 3

No-sliding conditions must be enforced by requiring that
sliding velocities at contact points be zero. The normal

Fig. 2.

Example of sliding velocity funnel.

gap gn(x) and the sliding velocity gr(%,x) (i.e., the time
derivative of the tangential gap [39]) would call for an
additional complementarity condition. We devised a smooth
relaxation of this discontinuous condition through the sliding
velocity funnel shown in Fig. 2 and described by:

& (gn) < g1 < &% (gw) @)

where the functions g(TZ)(gN) and g<T” ) (gn) are lower and

upper bounds, respectively, for the sliding velocity. It is
reasonable to have a symmetric funnel, hence g(Tl)(gN) =

—g(Tu ) (gn). The bounds are modeled here as:

&% (gn) = exp (c1(gn +¢2)) +¢3 )

where the three parameters (ci,cz,c3) are used for
proper, problem-dependent calibration. No-sliding manipula-
tion planning benefits from this approach as the sliding veloc-
ity funnel smoothly and gradually guides the fingers towards
the object, eventually driving relative velocities to (nearly)
zero at their contact points. The trajectory planning methods
employed in this work are based on numerical optimization
techniques that require a discrete-time model of the dynamic
system, therefore discrete-time versions of eqs. (1)—(4) are
adopted in the following. In our implementation, the state
vector x; = x(fz) collects configuration and velocity of each
body, while control vector u; = u(f;) includes acceleration of
each finger (or actuator) and contact forces at each candidate
contact point. The dynamic equation (1) is used in a direct
transcription scheme based on collocation points: using a
single collocation point as midpoint in the interval [t,741],
and denoting fy = (trr1 +14)/2, X = x(f;) and h =ty — 1
(fixed), the discretized dynamic equation becomes

X1 = Xg + hF (X, uy,) (6)

In the above implementation, states are linear and controls
are constant over each discretization interval. The integration
scheme (6) is known as implicit midpoint rule (O(h?),
and it is the special one-point case of the Gauss-Legendre
collocation method. As it is a symplectic integrator, it is
suitable to cope with stiff, conservative mechanical systems.
While egs. (3)—(4) are straightforward to discretize, eq. (2)
needs some attention: as it involves both states and controls,
its discretization must adhere to the scheme dictated by
eq. (6), to wit

2N env(E)/én
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Failing to do so (e.g., evaluating gy at x;) would result in a
“causality violation”, with contact forces being inconsistent
with the interpenetrations between bodies governed by (6).

B. Velocity-based time stepping scheme

In this section, we present the complementarity formula-
tion of the time-stepping scheme employed for the dynamic
modeling of manipulation systems exploiting sliding over
EC. To keep the treatment general enough, we refer to a 3D
system of m bodies with ¢ contacts. We assume a polyhedral
approximation of the friction cone, with d friction directions
uniformly distributed to positively span the contact tangent
plane'. For ease of notation, we write My = M(q;) and
likewise for other vector/matrix functions. Let & be again
the time step, and let Av:= v, — . For k€ {0,...,N—1},
we adopt a Backward-Euler transcription scheme by writing
the kinematic reconstruction and the dynamic equations as

Gk+1 — Gk —hviy1 =0 (8a)
M1 Av — h[K(qrs1,vi) + Biy ity 1] — Ger A1 =0, (8b)

where: g € R and v € R represent system configuration
and velocity, respectively, M € R®"*6" is the generalized
mass matrix, kK € R collects centrifugal, Coriolis and
gravitational forces, u € R’ is the control torque vector,
B € R is the actuation matrix, G= [N T is a generalized
grasp matrix, where N € R%*¢ and T € R®"? are normal
and tangential wrench bases, and A = [Ay A]]" is the
generalized wrench impulse vector, wherein Ay and Ar
are the normal and tangential contact wrench impulses.
Matrix N appears as N = [N()...N()], and each column
N e R corresponds to contact i and contains, for each
body ¢ connected to contact i, a block of rows of the form
+n (pe;xn;)T]T%. Since there are at most two bodies
connected to a contact, each N' () has at most 12 non-zero
elements. Similarly, T = [T(l)--‘T(”)], and in the generic
block T ¢ ROm%d each column 7)) ¢ RO contains, for
each body ¢ connected to contact i, a block of rows of
the form =£[r; i (peixt;, )T]T, where #;; denotes friction
direction j at contact i. Opposite signs must be selected
for each of the two bodies connected to contact i, and each
column of 7 will contain, at most, 12 non-zero elements.

In partial accordance to [2], unilateral contacts with fric-
tion can be described by the following set of inequality and
complementarity conditions

0<An,,, L gn(qk+1) >0 (%a)

0<Az,, L (¢r(gks1,vir1) +EYis1) =0 (9b)
1

0< Y1 L [M)WHI - (A}/[HH)“THI)?] >0, (9¢)

where gn(+) is the normal gap function and g7 (-) is the time
derivative of the tangential gap function [39], ¥ represents,

in most cases’, an approximation to the magnitude of the

relative contact velocity, matrix E := BlockDiag(1,...,1) €

For simplicity of description, we assume that the number of friction
directions d is the same at each contact, although this is not necessary.

2The positive/negative sign must be chosen if, considering equilibrium of
body ¢, the unit normal vector n; is facing into/away from body ¢.

3In situations where the relative contact velocity and the friction vector
are both zero, ¥ > 0 can be arbitrary and has no physical meaning.

R(”MX”, with 1 € R, W >0 is the coefficient of friction,
and H := BlockDiag(H(l),...,H<C)), where the Hl(r'n) = tiTl tim
(I,m € {l1,...,d}) is the metric form [40, Sec. 2-5] of the
basis #;; that positively spans the tangent plane at contact i.
Eqgs. (9a) state that bodies cannot interpenetrate (gn(qgx+1) >
0), normal impulses can only push bjects away (Ay,,, > 0),
and that, in order for the impulse to be non-zero in the
interval [t, 1], the normal gap must be closed at f; ;. This
condition also implies that collisions are approximated here
as inelastic ones, and interacting bodies may end up sticking
together. Eqs. (9b) require tangential impulses to be directed
along the positive tangential directions (7, > 0). The com-
plementarity condition in (9b) selects, for sliding contacts,
the tangential impulse that opposes the sliding velocity.
This constraint is tightly coupled with the complementarity
condition in eqs. (9c), and it ensures that, if a contact is
sliding, the tangential force will lie on the boundary of the
friction cone. It is worth noting that the bracketed term in
eq. (9¢) allows one to correctly define the Coulomb friction
constraints even in sticking conditions, as it is robust to the
physiological failure of ec%i (9b) in selecting only one non-
zero component in each )/k:zl for adhesive contacts®*.

The choice of fully implicit integration schemes and non-
linear complementarity formulations, as described in Egs. (8)
and (9), can be justified in view of the increased numerical
stability and modelling accuracy they bring about, while not
hindering the general structure of the problem’.

IV. TRAJECTORY PLANNING AS AN
OPTIMIZATION PROBLEM

A. Penalty-based contact model

Within our direct transcription framework, for k €
{0,...,N—1}, egs. (6), (7), and the discretized versions of
egs. (3) and (4) constitute a set of (equality and inequality)
nonlinear constraints for the optimal control problem (OCP)
we set out to formulate. Additional constraints include the
(fixed and known) initial state values xp = x(0) as well
as a terminal equality constraint on (some) components of
xp: the latter provides a direct way to specify the required
final state of the manipulated object at the final time T =
ty. Generally, no terminal constraints on the manipulation
system configuration are imposed. Lower and upper bounds
for (xi,X%,uz) are also included: they act as operational
constraints for actuators and the system’s workspace, and
they are useful to restrain contact forces within safety limits.
Other constraints can be introduced to shape emergent behav-
iors and to render them intrinsically more robust or desirable
for several reasons. As an illustrative example, in order to
guarantee that any two fingers make always contact with
an object in a three-fingered manipulation task, we add the

following set of inequalities to the problem: fls,l) + fls,i) > e,
fls’i) +f1£i> > €, and f;fi) +f15;i) > g, with € > 0.

4Replacing the bracketed term in (9¢) with [uAy — E ' 7], as commonly
performed in literature [41], would call for unrealistically strict and physi-
cally unmotivated conditions to ensure adhesive friction.

SEmbedding contact dynamics into the numerical optimization problem
as nonlinear constraints, where many other implicit constraints are already
present, does not justify explicit or semi-implicit discretization schemes,
which are, instead, legitimate when building fast simulators [42, Sec. 5].



We introduce the vector of decision variables v € R”,
which collects the sequence of unknown (xi,%,u;) (i.e.,
configurations and velocities in (xg, %), contact forces and
actuator accelerations in uy). All equality and inequality
constraints can be written compactly as

8min < g(v) < gmax, Vmin <V < Viax (10)

The general structure of the cost function takes the form
N-1

F0) =YY witi(x,we),

k=0 ics

(1n

where each ¢;(-) represents a peculiar type of cost. These
have to be carefully selected according to the character
of the manipulation action we desire to perform, along
with the corresponding weights w; (also acting as important
scaling factors). Multiple cost terms ¢;(-) can be used to
shape different manipulation behaviors. The following terms
(specifically, their squared 2-norm) have proved to be deci-
sive in directing the optimization process: contact forces, and
their variations from one interval to the next (to minimize
jerk); accelerations of actuators; deviations of actual object
trajectories from ideal, smooth trajectories (task-specific).

B. Velocity-based time stepping scheme

Similarly to the penalty-based contact model scheme,
the discrete formulation of the dynamics of systems with
contacts expressed by eqgs. (8) and (9) can be used as a set of
nonlinear constraints in an optimal control problem (OCP),
involving the sequence of unknown (qg, Vi1, Aksts Yert)-
Additional equality constraints are introduced: for the ma-
nipulated object, both initial and final configurations and
velocities are imposed, whereas only the initial conditions
are specified for the manipulation system.

Inequality constraints are also introduced with similar
intentions as in the penalty-based scheme. It is worth noting
that, since in our applications the hand is velocity controlled,
the hand dynamics is not included in the optimization con-
straints, and the hand velocities will play the role of control
actions. Therefore, limited control authority is imposed as
bounds on hand velocities and accelerations in the form
vfgn < v < vg;x and afninh < Av(D < a,(,llzlxh, respectively,
with [ belonging to the index set corresponding to the hand.

Defining v € R" as the multi-stage sequence of
configurations, velocities, contact impulses and inputs,
(ks Vi1, Mes1, Yer1), all constraints are still expressed in the
form (10), whereas the cost function takes the form

N—1

F0) =Y Y witi(gr, virr, A1 Yerr)

k=0ic.y

(12)

C. Final optimization problem

From the previous discussion, we now present the nonlin-
ear program (NLP) that has to be solved to generate optimal
trajectories. With v € R” previously defined, we consider the
following optimization problem

min f(v), subject to (13a)
v

&min < g(V) < gmax (13b)

Vimin <V < Vimax (13c)

in which: f:R" — R is the objective function, g : R" —
R™ is the nonlinear constraint function, guyi, € [—oo,00)™
and gmax € (—o0,00]" (With gmin < gmax) are, respectively,
lower and upper bound vectors of the nonlinear constraints,
Vimin € [—00,00)" and Viax € (—o0,00]" (With Viyin < Vimax) are,
respectively, lower and upper bound vectors of the decision
variables. Problem (13) is a large-scale, but sparse NLP,
that should be solved by structure-exploiting solvers. To
this end, as detailed in the next section, we resorted to
the IPOPT [43] implementation of the interior-point method
within the CasADi framework. As initial guess required
by the algorithm, we somewhat crudely mapped the initial
state xp and a rough estimate of the controls to all the
(N —1) variable instances. Obviously, better initial guesses
should be provided whenever possible. With the penalty-
based approach, (partial) solutions of the NLP (13) have also
been used as initial guesses for a subsequent optimization
according to a homotopy strategy [44, Sec. 11.3], thereby
maximizing physical realism while facilitating convergence.

V. NONLINEAR PROGRAMMING VIA AN
INTERIOR-POINT ALGORITHM

A. The barrier problem formulation
Problem (13) is equivalently rewritten as

min f(x), subject to (14a)
c(x)=0 (14b)
Xmin < X < Xmax (14c¢)

in which x is formed by augmenting the decision variable
vector v with suitable slack variables that transform inequal-
ity constraints (13b) into equality constraints.(’.

Let Ipin = {i: xI(Ill)in # —oo}, and Imax = {i: xr(,i)ax # oo} We
consider the barrier function

u(x) = £(x)— i ( Y @D -+ Y 1n<x51?ax—x“>>>
i€lnin i€Imax

in which pu > 0 is a (small) barrier parameter. Instead

of solving (14), IPOPT performs iterations to achieve an

approximate solution of the equality constrained NLP

min @ (x), subject to: ¢(x) =0 (15)

Note that @, (x) is well defined if and only if Xmin <x < Xmax,
i.e. if x is in the interior of its admissible region. The value
of u is progressively reduced so that @y (x) — f(x), and in
this way solving (15), in the limit, becomes equivalent to
solving (14). Clearly, as u — 0, any component of x can
approach its bound if this is required by optimality.

B. Interior-point approach to NLP

Any local minimizer to (15) must satisfy the following
Karush-Kuhn-Tucker (KKT) conditions [44, Sec. 12.2]

Vf(x)+Ve(x)Ad —z+2=0 (162)
c(x)=0 (16b)

z(l) ()C(i) _xl(l?in) —Uu= 0 Vie Imin (166)

Z(’) (xl(li)ax _x(i)) —u=0 Vi € Inax (16d)

SWith a slight abuse of notation, we still use n and m to denote the
dimension of x and c(x), respectively, and f(x) to denote f(v).



TABLE I
BASIC ALGORITHM IMPLEMENTED IN IPOPT.

1) Define uy >0, X9 (Xmin < X0 < Xmax)» A0, 2y > 0, Zo > 0, and form
&y accordingly. Set: j =0, k=0.

2) Given the current iterate &, compute a Newton step py for F(§) =0.
Compute the new iterate performing a line search: &, = & + oy py
(for some oy > 0).

3) If Eo(&y1) <&, exit: & is a local solution to NLP (14). Otherwise,
proceed to Step 4.

4) If Euj(§k+1) < ku; (for some k > 0) proceed to Step 5. Otherwise,
update k <— k+1 and go to Step 2.

5) Set pj.q =p;j/p (for some p > 1), update j < j+1, k< k+1 and
go to Step 2.

for some vectors A € R™, z € R”, and 7 € R" (for complete-
ness: 20 =0 Vi ¢ Ipin, 29 =0 Vi ¢ Inay). Notice that, if
u =0, then (16) together with z > 0 and zZ > O represent
the KKT conditions for NLP (14). The KKT conditions
(16) form a nonlinear algebraic system F (&) =0 in the
unknown & = (x,4,z,Z), which is solved in interior-point
algorithms via Newton-like methods. If we denote by E; (&)
the maximum absolute error of the KKT equations (16)
(appropriately scaled), the basic algorithm implemented in
IPOPT is summarized in Table I (in which j is the index of
the outer loop, k is the index of the inner loop, and € >0 is
a user-defined convergence tolerance).

C. Main computational aspects: calculating derivatives and
solving (sparse) linear systems

The most expensive computation step in the basic interior-
point algorithm is the computation of the Newton step
py for the KKT system F(£) =0, ie. Step 2. We first
note that evaluation of F (&), at each iteration, involves the
computation of the cost function gradient V f(x) € R" and of
the constraint Jacobian Ve (x) € R"™. Then, the Newton step
is found from the solution of the following linear system:

We A -1 1 p),ﬁ V(P,uj (xk) + Ak
Al 0 0 o |pH|_ c(xz)
Z, 0 X Oflp| XiZil — 1
—Zk 0 0 Xk pi Xkal—[le
a7

in which: W, = Vﬁxf(xk,lk@k,zk), with Z(x,A,2,7) =
F(x)+e(x)TA — (x — xmin) Tz — (Xxmax — x)7Z the Lagrangian
function associated with NLP (14); A; = Ve(x;) the
constraint Jacobian; Z; = diag(z,), Zx = diag(z), X; =
diag(x; — Xmin), and Xy = diag(xmax — x¢) diagonal matri-
ces; Vou,(xx) = Vf(xx) —z; +Z- In order to generate the
entries of system (17), it is necessary to evaluate the cost
function gradient, the constraint Jacobian, as well as the
Hessian of the Lagrangian (or a suitable approximation to
it). Partial derivatives can be computed numerically by finite
differentiation or analytically (for simple functions). A third
approach is by means of so-called Automatic Differentiation
(or Algorithmic Differentiation) techniques, which generate
a numerical representation of partial derivatives by exploiting
the chain rule in a numerical environment. Different ap-
proaches exist for AD, which are tailored to the computation
of first-order and second-order derivatives. The interested
reader is referred to [45]. A final computation observation
is reserved to the numerical solution of system (17). First, it

is transformed into a symmetric (indefinite) linear system
via block elimination. Then, symmetry can be exploited
by symmetric LDL factorizations. Furthemore, it should be
noted that in trajectory planning problems considered here
(and in general in optimal control problems) the Hessian W;
and the constraint Jacobian A; are significantly sparse and
structured. Exploiting these features can reduce the solution
time significantly. To this effect, the MAS57 multifrontal
solver [46] from the Harwell Software Library [47] is used.

D. The CasADi framework

The transcribed optimal control problem is coded in a
scripting environment using the Python [48] interface to
the open-source CasADi framework [5], which provides
building blocks to efficiently formulate and solve large-scale
optimization problems.

In the CasADi framework, symbolic expressions for ob-
jective and constraints are formed by applying overloaded
mathematical operators to symbolic primitives. These expres-
sions are represented in memory as computational graphs, in
contrast to tree representations common to computer algebra
systems. The graph is sorted into an in-memory algorithm
which can be evaluated numerically or symbolically with
an efficient stack-based virtual machine or be exported to
C code. Forward and backward source-code transforming
AD can be performed on such algorithm at will, such that
derivatives of arbitrary order can be computed. The sparsity
pattern of the constraint Jacobian is computed using hier-
archical seeding [49] and its unidirectional graph coloring
is used to obtain the Jacobian with a reduced number of
AD sweeps [50]. Regarding expressions and algorithm inputs
and outputs, everything is a sparse matrix in CasADi. Yet the
underlying computational graphs may be of either a type with
scalar-valued (SX) nodes or a type with matrix-valued (MX)
nodes. The combined usage of these two types amounts
to a checkpointing scheme [45]: low-level functions are
constructed with the SX type algorithm, which is optimized
for speed. These algorithms are in turn embedded into a
graph of the MX type, which is optimized for memory usage,
to form the expression of objective and constraints.

In the context of optimal control problems, the CasADi
framework offers several advantages over other AD tools: it
comes bundled with common algorithms that can be embed-
ded into an infinitely differentiable computional graph (e.g.
numerical integrators, root-finding and linear solvers), and
takes care of constructing and passing sensitivity information
to various NLP solvers backends. Since CasADi does not
impose an OCP solution strategy and allows fine-grained
speed-memory trade-offs, it is suited more than black-box
OCP solvers to explore non-standard optimal control prob-
lem formulations or efficient solution strategies.

VI. APPLICATION EXAMPLES
A. Environment-aware manipulation

1) Penalty-based approach with disk and two independent
fingers: Figure 3 shows a first example of EC-exploiting
manipulation. In a vertical plane, the two independent fingers
Hp and Hj, initially away from the circular object, must
interact with the object and have it interact with the environ-
ment (edges ep and ep) so that it will be in the shown final
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Fig. 4. Trajectories for a circular object manipulated by two independent
fingers: normal contact forces fy applied by the fingers; normal contact

forces f;’ applied by the environment (segments ep, e;); suggested and
actual x-displacement x of the object.

position, with any orientation but zero velocity, at the end of
a prescribed time horizon 7. All contact interactions must
occur without slippage (static friction). The object’s initial
state corresponds to a configuration of static equilibrium.
The fingers have limitations on their horizontal workspace:
as a result, grasping and lifting of the object is inhibited, and
an environment-exploiting policy needs to be discovered in
order to accomplish the task. Also, object-passing between
fingers needs to emerge. This planning problem has been
formulated and solved using the penalty-based approach. The
resulting trajectories in terms of normal contact forces are
shown in the first two plots of Fig. 4: finger Hy approaches
the object first (whose weight is symmetrically supported by
eop and e1), then rolls it on edge e; (without slipping) until
it reaches its workspace limit and hands it over to finger
H;, which completes the task. Friction forces (not shown for
brevity) satisfy constraint (3), where t; =2 was used. The
third plot shows the actual x-component trajectory of the
object versus a suggested trajectory, included as a hint in the

capsule-shaped
object

commanded H
gripper posmon\ g 1

{«/,,} K0,
l/”

OlJ polygonal

environment
BeoQn P,

Fig. 5. EC manipulation scenario. Starting at ¢o(0) = /2, in contact with
segment P»P3, the capsule must be placed, at time 7 =5 s, in the same
position but with go(T) = —x/2.
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Fig. 6. Motion trajectories of a capsule-shaped object manipulated by an
underactuated gripper: contact normal impulses l,(\} and AAI, applied by the

fingers; contact normal impulses l;\,j applied by the environment through
segment P;P;; ideal and actual rotation go of the object-fixed frame.

objective function to facilitate convergence of the algorithm,
but with a low weight (to avoid forcing such trajectory
against dynamic constraints). With N = 180 discretization in-
tervals (time step & =45 ms) and considering the prescribed
initial and terminal conditions, the problem size is n = 8810
decision variables. An animation of the obtained results can
be found in part A.1 of the accompanying video, which also
shows the grasping-and-lifting behavior that is discovered
if finger workspace limitations are removed and the contact
force exerted by edge e; is penalized.

2) Velocity-based time-stepping scheme with capsule and
two-fingered underactuated gripper: With reference to
Fig. 5, a capsule-shaped object, starting from an equilibrium
configuration in contact with segment P P; (of a six-edged
polygonal environment), has to find itself rotated by 180 deg
at the end of the planning horizon 7. Since the object is
passive, a manipulation gait has to emerge for the gripper.
Moreover, since we penalize high contact impulses and
the gripper has a reduced mobility due to underactuation



— it has symmetrically closing jaws — it turns out that
convenient EC-exploiting behaviors are indeed automatically
synthesized by the optimizer. In fact, with reference to Fig. 6,
beside finger impulses (first plot), which represent standard
grasping/manipulation actions, contact interactions generated
by collisions of the object with the environment (second plot)
play a role of paramount importance in shaping the object
motion. More in detail, with reference to part A.2 of the
accompanying video, the object is initially grasped and lifted,
then it is gently dropped so that it lays on segment P> P; after
hitting segment P3P, (see the corresponding bumps in l,%ﬁ
and A3%). Then, with the circular part of the capsule pushed
to corner P;, the object is rotated with only one finger by
sliding it on edges P>P; and P;P;. Finally, both fingers grasp
the object and, slightly lifting it up, they slide it on edge
P,P; to the initial position. It is worth noting that, with a
wise exploitation of EC, the actual rotation of the object can
closely follow the desired one (third plot). This condition
can be violated in general, since the trajectory prescribed
from the outset only constitutes a suggested behavior for
some components of the system. Regarding the underlying
numerical OCP, at each time step k € {0,...,N — 1}, the
problem variables have the following dimensions: g; € R**3,
Vi+1 € R4+3, lNkH € R6+2, )’Tkﬂ € R12+4, Yi+1 € R6+2. With
N =160 discretization intervals (h = 30 ms) and considering
the prescribed boundary conditions on the object/gripper, the
problem size is n = 7375. An animation of the results can
be found in part A.2 of the accompanying video.

B. Dexterous manipulation

With reference to Fig. 7, a circular object, starting from
a configuration where it is held in equilibrium by three
independent fingers in a force-closure grasp, has to find itself
rotated by 360 deg at the end of the planning horizon 7', with
zero velocity. Since, again, the object itself is passive and
each finger has workspace limitations (see Fig. 7), a relatively
complex (dexterous) manipulation gait has to be discovered
for the fingers. To obtain an in-place manipulation, a box
constraint has also been assigned on the position of the object
center. In order to obtain a relatively robust manipulation, the
constraint described in section IV-A has been included to
guarantee that any two fingers are always in contact. As we
want no slipping between the fingers and the object during
manipulation, the penalty-based approach has been used
(with a coefficient of friction ug = 1.5). The resulting optimal
trajectories in terms of finger forces are shown in the first two
plots of Fig. 8: intermittent contacts due to the discovered
manipulation gait can be clearly seen. The third plot shows
the object’s actual rotation versus a smooth (third-order),
suggested rotation trajectory. With N = 200 discretization
intervals (h = 30 ms) and accounting for the fixed initial
and terminal conditions, the problem size is n = 12585. An
animation is provided in part B.1 of the accompanying video,
while part B.2 shows the results obtained by solving the
same problem with the velocity-based time-stepping scheme,
where sliding between fingers and object is allowed and
exploited.

finger H,

object in initial
configuration

finger H,

Fig. 7. Dexterous manipulation scenario: the object must find itself rotated
by 360 deg at the final time 7 =6 s.
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Fig. 8. Trajectories for a circular object manipulated by three independent
fingers. Shown are: normal contact forces f}, and tangential contact forces
fr applied by the fingers; suggested and actual rotation go of the object.

VII. CONCLUSIONS AND FUTURE WORK

This paper proposed a computational framework to plan
environment-aware manipulation behaviors that do not rely
on an a-priori defined sequences of contacts. To this end,
we framed the problem as a numerical optimal control one,
including contact forces among the optimization variables
as a key factor, and we sharpened the algorithmic pipeline
by exploiting structural sparsity and leveraging Automatic
Differentiation. Two contact models were proposed that best
fit manipulation scenarios where sliding primitives need to
be avoided or sought, respectively. These proved effective
in solving manipulation planning problems where essential
interactions with the environment had to be synthesized to
accomplish a task (sub-section VI-A). The results presented
in sub-section VI-B demonstrated that the very same method
is able to perform successfully in discovering non-trivial
gaits also in dexterous manipulation tasks. Current research
is devoted to extending the method to 3D scenarios, the
major thrust being the synthesis of EC-exploiting, whole-
body manipulation strategies for humanoid platforms. Injec-



tion of motion primitives/synergies into the model are also
being considered, and proper model scaling and tuning of
IPOPT convergence parameters are under way to maximize
computational efficiency.
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APPENDIX

A. Transforming problem (13) into (14)

When all components of gpnin and gmax are finite and
Zmin < gmax W€ can write

) gmin+smin_g(v) =0
gmin < 8(v) & { soi > 0 (18a)
g(V) + Smax — &max = 0
8(v) < gmax & { o0 (18b)
Hence
v Vmin Vmax
X= |Smin | » Xmin = 0 |, Xmax=|col (18¢c)
Smax 0 ool
8min + Smin — g(V)
= 18d
C(X) |:g(v) + Smax — &max ( )

When some components of gnin Or gmax are unbounded,
those constraints are discarded and no slack components
are necessary. Similarly, when for_ some i, the_re holds
gf;)in = g,(fl)ax, the transformation of gf:l)in <gv) < gffl)ax into a
component of the equality constraint vector ¢(x) is obvious,
and again no slack component is necessary.

B. Further comments to the Interior-Point method discussed
in V-B

We observe that the inner loop (Steps 2—4) is exited when
the current iterate satisfies Ey;(&11) < k. Then the value
of u; is reduced in Step 5 performing an iteration of the outer
loop (Steps 2-5). This implies that the solution of the inner
loop becomes more and more accurate as the outer loop is
executed. We also notice that Eg(-), i.e. E,(-) with u =0,
represents the error of the KKT system for NLP (14). Hence,
the overall algorithm is terminated when the KKT system is
satisfied within a tolerance €, specified by the user.

A crucial part of an effective interior-point algorithm is the
line search that is performed in Step 2 using backtracking,
i.e. starting from a large candidate value for oy and reducing
it when suitable conditions for acceptance are not satisfied.
In general a step is acceptable if it makes some progress
towards feasibility, i.e. reducing ||c(x)||, and/or achieves an
improvement in the objective function @, (x). This is typi-
cally achieved in IPOPT by also including, in the line search,
a so-called second-order correction Newton step which aims
to solve solely c¢(x) = 0. In particular situations, the achieved
value of ¢ is too small, and this forces the algorithm to enter
a restoration phase. For details and reasoning of this phase
the interested reader is referred to [43].

C. Symmetric linear system solved in place of (17)

System (17) is non-symmetric; IPOPT performs elimina-
tion of the last two row blocks (and elimination of pi and
p;) obtaining the following symmetric system to be solved

Wi+ Z; + 2k Ak] [p’k‘} _ [V(Puj(xk)‘FAklk

A,{ 0 p,% c(xy) } (19)

in which ¥, and ¥; are diagonal matrices with entries

U) )

if i € Inin

if i ¢ Lnin
if i € Inax
if & Imax

(20a)

(20b)
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