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Abstract. This chapter aims the broadcasting of the results achieved by the
RoDyMan project about the task planning manipulation of deformable objects,
and the nonprehensile manipulation control. The final demonstrator of the project
is a pizza-making process. After an introduction to the general topic of non-
prehensile manipulation, the mechatronic design and the high-level software ar-
chitecture are described. Then, the smoothed particle hydrodynamic formula-
tion is briefly introduced, along with the description of a detection method for
a deformable object. The task planning for stretching a modelling clay, emu-
lating the pizza dough, is sketched. After, the problematic control objective is
split into several nonprehensile motion primitives: holonomic and nonholonomic
rolling, friction-induced manipulation, and tossing are the described primitives.
This chapter highlights the achievements reached so far by the project, and pave
the way towards future research directions.

Keywords: nonprehensile dynamic manipulation, deformable object, perception,
robot planning, robot control

1 Introduction

Last decades saw a dramatic improvement in powerful technology for sensing and actu-
ation, leading to a significant advancement in robotic manipulation capabilities. How-
ever, the human skills in manipulating a massive range of objects in a dexterous and
fast way are still far off from being replaced by robots.

Roughly speaking, manipulating an object means to change its configuration regard-
ing position and orientation. Such a change can be performed in many ways on the basis
of the performed grasp. In case the object is entirely caged between the fingertips or the
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palm, supposing infinite power for the muscles, the hand can resist any external distur-
bance applied to the object. If even infinitesimal motions of the object are limited by the
hand, the grasp is said to be in a form closure configuration, otherwise it is referred to
as a force closure configuration [1]. Bilateral constraints appear in both closures. On the
other hand, if only unilateral constraints are involved in the grasp, the hand can resist
only external disturbances applied in specific directions. A simple example is given by
an object pushed on a plane: the fingertip can resist only external disturbances applied
on the object and counteracting the pushing direction; it is instead not able to resist
to an external force lifting the object. In this case, nonprehensile manipulation occurs.
Nonprehensile manipulation can be endorsed as dynamic when the dynamics of both
the object and the manipulating hand are crucial to accomplishing the task. Some ma-
nipulation actions must be inevitably performed in a prehensile way, like screwing or
unscrewing a bottle cap, while other manipulation actions must be performed in a non-
prehensile way, like carrying a glass of liquid on a tray. Some other manipulation tasks
can be instead carried out either in a prehensile or in a nonprehensile way, while other
more complex tasks may need both ways to be finalised. An example may be given by
a juggler that has to throw a ball with one hand (nonprehensile) while the other hand
must grab another ball (nonprehensile for a dynamic catch, prehensile when the ball is
firmly grasped between the fingertips and the palm).

Nonprehensile manipulation benefits of several advantages as highlighted in [2].
The workspace of the robot can be increased since unilateral constraints allow breaking
the contact with the manipulated part (e.g., the robot can throw and dynamically catch
the object). Since it is not anymore required having a standard gripper, the structure of
the robot can be simplified because any available surface can be employed to manip-
ulate the object through suitable contact forces. Finally, since form and force closure
grasps are not involved, the dexterity of the manipulation task is augmented because it
is possible to control more degrees of freedom of the object than the ones of the ma-
nipulator itself. Nevertheless, these advantages go to the detriment of an increase of the
complexity of the planning and the control design.

1.1 The RoDyMan project

This chapter illustrates the results achieved by the RoDyMan project1 in the develop-
ment of a service robot that can manipulate rigid, elastic, and soft objects also in a non-
prehensile way. The sought goals are split into three main research challenges, which
outline the chapter too.

– Robot design. A mobile robotic platform is built from scratch to test the nonpre-
hensile dynamic manipulation tasks addressed by the project.

– Modelling, perception, and task planning for deformable objects. Accurate model-
ing of deformable objects is essential to plan and simulate their motion and design
the related planning and control tasks properly. Moreover, the real-time require-
ments posed by robot interaction need an accurate tracking of these objects.

– Nonprehensile manipulation planning and control. The project wants to advance
the state of the art in controlling rigid objects in a nonprehensile way and starting

1 http://www.rodyman.eu
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the investigation of problems related to both prehensile and nonprehensile manipu-
lation of deformable objects.

The RoDyMan final demonstrator is the realisation of an autonomous pizza maker.
Preparing a pizza involves an exceptional level of manual dexterity. Besides, it is in-
deed a media attractor and a tribute to the hometown of the project. Videos of the related
experiments can be found in the laboratory YouTube channel2.

1.2 Literature review

Different projects tried to address nonprehensile manipulation using different approaches.
The RIBA robot3 can lift and set down patients from/to their beds and/or wheelchairs.
The addressed transporting task is indeed nonprehensile, but it is not dynamic since
the patient is often considered as a rigid object. Motion planning strategies could be
enough to achieve the task. The robot is covered by a soft material to enhance safety
during the human-robot interaction. The ERC SHRINE project4 wanted instead to ad-
vance the robot manipulation skills to overcome the limitations preventing robots from
safe and smooth operations in anthropic environments. Some manipulation actions were
executed in a nonprehensile fashion.

Beyond the mentioned projects, advancements in the domain of robotic nonpre-
hensile manipulation are very slow. Mainly because such a domain lacks a solid the-
oretical background, and this may be caused by the absence of a shared device where
researchers can compare their works (i.e., multi-fingered hands for the robotic grasping
domain; humanoids for the researchers studying walking; unmanned aerial vehicles for
the aerial robotic community). Nonprehensile manipulation has instead very different
tasks and situations that can be addressed with different devices. Therefore, applications
are commonly limited to ad-hoc solutions to solve distinct problems.

As previously outlined, the benefits of nonprehensile manipulation are compensated
by some drawbacks related to the difficulty in finding the suitable control design. For
instance, the possible change of the contact status during a nonprehensile manipulation
task leads to non-smooth dynamics, complicating the controller design. Further con-
trol problems arising in nonprehensile manipulation tasks are highlighted in [3], while
a recent survey regarding nonprehensile manipulation is available in [4]. Therefore,
dynamic nonprehensile manipulation may be considered as the most complex manipu-
lation action. A standard procedure to deal with nonprehensile manipulation tasks is to
split them in simpler subtasks. Each single subtask is often referred to as a nonprehen-
sile manipulation primitive [3]. Examples of such primitives are sliding (or friction in-
duced manipulation) [5], holonomic rolling [6], nonholonomic rolling [7], throwing [8],
dynamic catching [9], batting [10], juggling [11], dribbling [12], and so on. Each prim-
itive is equipped with its motion planner and controller. Within a complex manipulation
task, a primitive can be activated or deactivated by a high-level supervisor [13].

Besides, nonprehensile manipulation involves one or more objects that should be
adequately tracked for the successful execution of the task. Recognition and tracking

2 https://www.youtube.com/user/ThePRISMAlab
3 http://rtc.nagoya.riken.jp/RIBA/index-e.html
4 https://cordis.europa.eu/project/rcn/98813 en.html
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of deformable objects are even more challenging. Typically, object tracking is based
on local feature detection, (i.e., the traditional Harris’ corner detector [14], SIFT [15],
SURF [16] or FAST [17]). However, some deformable objects, like a bread dough, usu-
ally have few features. Hence, their boundaries are the unique information, and they
can be extracted by edge detectors [18, 19], or with depth sensors like the Kinect de-
vice. A real-time tracking method for a deformable object with RGB-D data is proposed
in [20] by using a finite element method (FEM) framework for the tracking of the ob-
ject. On the other hand, recognising a deformable object is possible without having a
model in advance. The model of the object is instead identified during its manipula-
tion directly [21]. A neural network-based recognition method for a deformable object
is proposed in [22], given the tactile and the camera sensor information without any
model in advance. Manipulating and observing the object is useful in [23] and [24] to
reconstruct its dynamic properties, which are then used to plan its deformations [25].
As an application for perception and manipulation of a deformable object, it is worth
mentioning the procedure for the automatic stretching of a dough in [26].

Fig. 1. The RoDyMan robotic platform equipped with two Schunk SVH hands as end-effectors.
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2 Robot design

2.1 Mechatronic design

The RoDyMan project also gives the name to a 21-degree-of-freedom (DoF) humanoid-
like robotic platform composed by a mobile base and an upper-body with two anthropo-
morphic arms and a sensorized head (see Fig. 1). The mobile base is developed with om-
nidirectional mecanum wheels allowing the robot to move on the floor in any direction.
The four wheels are linked to the structure through an extensible actuated mechanism
to increase the contact area during the execution of rapid movements of the upper body.
Two redundant 7-DoF arms constitute the upper-body limbs. Two SCHUNK LWA 4P
6-DoF arms were chosen thanks to the following properties: (i) the high payload; (ii) the
human-like distance between the shoulder and the elbow, and between the elbow and
the wrist; (iii) the possibility to control the arm without any external controller by us-
ing a controller area network (CAN) bus communication. In order to add a human-like
redundancy, a seventh joint SCHUNK PRL-100 is directly integrated into the shoul-
der, and it is controlled via another CAN channel. The two arms are linked to a 2-DoF
torso made up by two SCHUNK PRL-120 motors to rotate and bow the upper body.
Besides, a pan-tilt neck links the sensorized head to the torso. The arms come out with
a large variety of different end-effectors such as two SCHUNK Servo-electric 5-finger
SVH underactuated hands, or suitable 3-D printed tools specifically designed for the
different experiments carried out with the robot.

From the perception point of view, the RoDyMan robot is equipped with force sen-
sors that can be mounted on the wrist to measure the interaction forces with the en-
vironment. Two laser scanners are placed in the mobile platform for odometry and
simultaneous localisation and mapping. Different vision sensors are placed in the head
to reconstruct the environment and implement advanced control strategies. In details,
the head contains an RGB-D sensor that exhibits a reasonable resolution with medium
refresh rate, a time-of-flight sensor that has less resolution with high refresh rate, and
two high-quality cameras that can be used in both mono or stereo configuration to have
the maximum visual resolution.

The RoDyMan robot is a stand-alone system with both the controller and power
supply directly integrated into the body. In details, two high capacity batteries packs and
an uninterruptible power supply are located in the mobile base to provide the RoDyMan
robot with an 8-hour autonomy. Moreover, a QNX-based personal computer is used for
the low-level motor control and safety. A standard Linux-based personal computer is
instead employed for perception and high-level planning and control.

Finally, a complete dynamic model of the 21-DoF system was carried out to allow
the development of advanced control strategies for human-robot interaction. The com-
plete dynamic model was derived in a symbolic form using an ad-hoc developed Matlab
toolbox. Moreover, the linear matrix inequality identification method described in [27]
was employed to obtain the dynamic parameters by including the physical consistency
within the optimisation procedure. The obtained results show a reasonable estimation
of parameters like mass and inertia. Because of its high predominance, especially in the
static part, friction was instead identified separately and included as a constraint in the
subsequent optimisation.
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2.2 Software architecture

A high-level control architecture handles the autonomous execution of actions on the
RoDyMan robotic platform. Such architecture aims at planning and executing the robot
activities needed to perform complex dynamic manipulation tasks. The control archi-
tecture is depicted in Figure 2, and it is explained in the following.

High-level or dynamic manipulation tasks (e.g., the pizza tossing) are specified as
inputs for the system using the Human-Robot Interaction (HRI) module. The task is
then decomposed by the Supervisor module, splitting high-level actions into different
lower level tasks considering both the state of the robot and the information generated
by the Perception module. After the decomposition process, each lower level action
can be executed. Examples of high-level tasks are Grasp(Object), Search(Object) or
Toss(Object), and sequences of non-prehensile manipulation primitives. The Supervi-
sion module performs the high-level task decomposition process. It is endowed with
a hierarchical decomposition tasks library, similar to the hierarchical task networks,
which can be composed by the system to achieve the desired goal [28]. The Executors
module is instead responsible for handling the execution of the tasks decomposed by
the Supervisor. In this context, when a non-prehensile manipulation action is required,
the desired low-level controller is chosen and invoked from the dynamic manipulation
task list. For all the other actions, the Executors is directly responsible for their execu-
tion. In particular, path and motion planning functionalities are implemented in such a
module to find an obstacle-free way for the end-effectors of the robot and its base to
achieve the requested actions. The Executors module relies on MoveIT! [29], a frame-
work that integrates and a universal robot description file, the Open Motion Planning
Library, and other toolkits. The Controller module is instead responsible for sending
the generated motion trajectories to the joints of the robot and its base. Finally, the
Perception module extracts information from the operative environment through image
elaboration algorithms.

In conclusion, the described control architecture represents a suitable choice to sup-
port the RoDyMan robot. It statically allocates the best low-level controller to accom-
plish the desired dynamic manipulation task. The methodology represents an innovative
way of decomposing high-level tasks for nonprehensile manipulation with respect to the
available literature [13].

3 Manipulation planning for deformable objects

Unlike solid objects, it is difficult to predict the shape of a deformable object after ap-
plying external forces. Hence, in order to plan manipulation actions, it is favourable
having at disposition a precise model of the object. The following subsection is based
on the smoothed particle hydrodynamics (SPH) framework. The pizza dough is ad-
dressed as an illustrative example. Moreover, the manipulation of a deformable object
also requires an accurate perception module that can extract proper abstract informa-
tion from the sensor devices. An RGB image-bases perception method is then explained
in the following. Based on these modelling and perception methods, the manipulation
planning for a pizza dough is briefly sketched.
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Fig. 2. RoDyMan high-level control architecture.

3.1 Modelling of deformable objects

The model of a deformable object is relevant for (i) compensating the lack of visual
data from sensors; (ii) simplifying its representation; (iii) predicting its shape during
the time.

A primary way to model a deformable object is to consider it as a sequence of solid
objects linked by joints. An object modelled in this way is referred to as a foldable
object. The deformability or flexibility of these objects is represented by how much the
links can bend. The most typical method is based on a mass-spring-damper model [30,
31, 32, 33, 34], whose equations exploit Newton’s second law and Hooke’s law. More
general models describing a deformable object regard it as a continuous object, which
has a volume and some properties like elasticity or viscosity. According to the Navier-
Stokes’ theorem, that is a fundamental theorem representing continuous objects, the
momentum conservation of an incompressible continuous object is formulated as

ρ
Dv
Dt

=−∇ · phIr +∇ · τ+ρ fbody. (1)

where ρ is density, v ∈ Rr is velocity vector, Ir ∈ Rr×r is identity matrix,
D
Dt

is the

material derivative operator, ∇· is the divergence operator, ph ≥ 0 is the hydrostatic
pressure, τ ∈ Rr×r is the viscous stress, fbody ∈ Rr is the body force due to gravity,
surface tension, or friction, and r is a proper dimension (usually r = 3). Among the var-
ious formulations for describing the Navier-Stokes’ theorem (i.e., the finite difference
method [35], the finite volume method [36], the finite element method [37, 38], and the
gradient smoothing method [39]), the SPH method [40, 41] is one of the well-known
formulations describing continuous objects. A physical quantity A (e.g., pressure, tem-
perature, force) of any point x ∈ Rr of a continuous object can be calculated by

A(x) =
∫

∞

−∞

A(x′)W (x−x′,h)dx′, (2)

where W : Rr→R≥0 is an interpolating kernel with dimension r = 3, and h is the radius
of the kernel domain. The value for the outer of the kernel domain is zero. The simplicity
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of the formulation and the virtue of mesh-free Lagrangian models gave popularity to the
SPH method within the domain of modelling continuous objects.

The pizza dough is here considered as illustrative example for a deformable object.
A pizza dough is a rheological continuous material composed of various ingredients
such as water, heavy water, glutamine residues, salts, agents affecting disulfide bond-
ing, and the protein subunits [42]. The dough has high viscous properties because of
gliadin, and elastic properties due to the presence of the glutenin [43, 44]. The viscos-

ity is defined by the viscous stress τ = µ
∂u
∂y

in (1), where µ is the dynamic viscosity

coefficient, and ∂u
∂y is the local shear velocity. Unlike ideal Newtonian fluids having a

constant dynamic viscosity coefficient, a general non-Newtonian fluid has a dynamic
viscosity coefficient which depends on the local shear velocity. It is thus defined as a
nonlinear equation. Several models exist for a non-Newtonian fluid like the Bingham
plastic, the shear thinning, the shear thickening, or the Herschel-Bulkley-Papanastasiou
model. The latter is suitable for rheological materials [45, 46, 47], whose equations are{

τ = K|γ̇|n−1γ̇ ± τy, for |τ|> τy,

γ̇ = 0, otherwise,
(3)

where γ̇ = ∂u
∂y . For a bread dough, it is experimentally known that K = 5177, n = 0.417,

and τy = 298.76 [47].
Based on the SPH formulation, the viscosity term in the momentum conservation (1)

was designed and proposed in [40, 48, 49, 50, 51, 52, 53, 54, 55]. One of the represen-
tations for the viscosity force in a Newtonian fluid is

fvis
i =

1
ρi

∇ · τi =
1
ρi

µ∇
2vi ≈

1
ρi

µ∑
j

m j

ρ j
(v j−vi)∇

2Wi j, (4)

where m j is the mass of a neighbour j-particle. The first equality of (4) holds because
of volume conservation, while the second approximate equality holds because of the
discretization of the second golden rule of the SPH formulation [48]. Four different
viscous fluids are simulated in Fig. 3.

Volume conservation is difficult to guarantee for the SPH method. Hence, an addi-
tional procedure is needed, like the implicit incompressible SPH formulation [54], or
the divergence-free SPH method [56].

3.2 Detection of deformable objects

Perception of a deformable object roughly consists of two parts. The former is the image
processing of camera sensor data. The latter is the representation of the status of the
object. Perception methods highly depend on the sought application. Considering as an
illustrative example a modelling clay, emulating the pizza dough, a specific detector is
explained in the following

Some restrictions are considered to decrease the complexity: (i) the workspace is
reduced by defining a bounding area (i.e., a plain rectangular plate, see Fig. 4(a)); (ii)
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Fig. 3. Simulations of fluids with different dynamic viscosity coefficients. The fluids falls from
above on the solid object representing a rabbit. From left to right the considered coefficients τ are
0 (water), 5 (honey), 70 (ketchup), and 250 (bread dough), respectively.

the contrast between the clay and the background is enhanced (e.g., in the considered
case, a green clay is considered on a white background, see Fig. 4(b)).

Three corner marks on a rectangular plate, the absolute distance among them, and
the kinematic information provided by the RoDyMan robot are enough to compute the
frame transformation between a 2-D point in the camera image and the corresponding
absolute position in the world frame [57], which is placed without loss o generality at
the middle of the RoDyMan mobile base. Within the carried out experiments, QR codes
are placed at each corner of the rectangular plate (see Fig. 4(a)). Such corner points
are detected using an image matching with SIFT [15], SURF [16], or FAST [17]. In
order to detect the corners quickly, AR codes and the corresponding AR code detector
(i.e., ARToolkit [58]) are used. The detected corner points are also employed to remove
outlines of the plate. Fig. 4(b) shows the detected green clay on a white plate which
is identified by a blue contour. By supposing the object uniformly thick, except at the
boundary margin, and using colour-based object and edge detectors [18], like the canny-
edge detector [19], the modelling clay can be detected in real-time. Then, the corner
points and the boundary of the deformable object in 2D camera image are transformed
into the top-down orthogonal view of Fig. 4(c).

3.3 Task planning to stretch a deformable object by a tool

The illustrative example of stretching a pizza dough with a rolling-pin is addressed. In
the experiments, a modelling clay is used in place of a real dough. The proposed pro-
cedure consists of four sequential steps: (i) object recognition; (ii) object deformation
planning; (iii) tool action planning; (iv) robot manipulation planning. The flowchart is
depicted in Fig. 5.

The recognition of the deformable object is explained in the previous subsection,
and thus it is possible to reconstruct the current status of the modelling clay. By using
the SPH model described in subsection 3.1, a transition look-up-table is built in simu-
lation. The table contains a discretization of possible status and the transitions to other
status given a rolling-pin’s action. The object deformation planner generates a proper



10 Authors Suppressed Due to Excessive Length

(a) The RoDyMan robot and a white plate where the deformable ob-
ject will be tracked.

(b) Detection of the background plate and the green modelling clay.

(c) Extracted modelling clay contour.

Fig. 4. Detection of a deformable object on a rectangular plate.
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Fig. 5. Flowchart of the described procedure to stretch a modelling clay with a tool manipulated
by a robot.

sequence of actions for the rolling-pin from the information of the current status of the
object to bring it to the desired one. Based on such a sequence of actions, the movement
of the rolling-pin and, in turn, the movements of the robot are planned. An example is
shown in Fig. 6. The robot starts at an initial pose. The movement is planned to bring
it towards a starting pose. From the current status of the object and its desired con-
figuration, some stretching action is performed with the rolling-pin, and a final pose
is reached. The sequence is repeated until the deformable object reaches the desired
shape.

4 Nonprehensile manipulation: planning and control

Nonprehensile manipulation is maybe the most complex and dexterous manipulation
task performed by a human being. In robotics, a literature analysis reveals that the con-
ventional way to cope with a nonprehensile manipulation task is to split it into sim-
pler subtasks [4]. Such subtasks are usually referred to as nonprehensile manipulation
primitives. Three manipulation primitives are described in the following: (i) nonpre-
hensile rolling, both holonomic and nonholonomic; (ii) friction-induced manipulation;
(iii) throwing/tossing. The first primitive takes into account only rigid objects, while the
second can instead consider both rigid and deformable objects. The latter addresses a
deformable object explicitly. In the following, the controller and/or the motion planner
designed for the primitives above are described.

4.1 Holonomic rolling

In this subsection, an actuated manipulator of a given shape that handles an object
is considered. The manipulator is referred to as the hand and manipulates the object
through rotations only, that is without grasping or caging it. In this class of manipula-
tion, the object can only roll along the hand surface. Only planar holonomic rolling is
thus presented.
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Fig. 6. Example of task planning actions to stretch a deformable object.

Fig. 7. The RoDyMan platform balancing a ball on a disk. The structure made by the three con-
nected bars shown in the figure allows starting the experiments in a non-equilibrium position.
The world frame and the body-fixed frame, attached to the rotating wheel, are displayed in red
and green lines, respectively. The angle between these two frames is represented by θh.
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The RoDyMan mechatronic platform uses highly-geared harmonic drives, which
motivate the assumption that the acceleration of the hand ah = θ̈h ∈R con be considered
as a control input for the system. Under the additional assumption that the hand can
only rotate around its centre of mass, the dynamics of a nonprehensile planar rolling
manipulation system can be described as follows

θ̈h = ah, (5a)

s̈h =−b−1
22

(
b12ah + c21θ̇h + c22ṡh +g2

)
, (5b)

where the parameters b12 ∈R and b22 ∈R are entries of the inertia matrix of the system
B ∈ R2×2, c21 ∈ R and c22 ∈ R are entries of the (2× 2) Coriolis matrix, and g2 ∈
R describe the effect of the gravity. The contact position of the object on the hand,
whose shape is parametrized through arclength, is represented by the variable sh ∈ R.
A detailed description of the system can be found in [59], where it is also shown that
a nonprehensile planar rolling manipulation system is differentially flat with the output
b12
b22

θh + sh if the Coriolis forces are zero. This condition is verified for the ball-on-
disk (BoD) system. Note that the dynamics of the BoD and the disk-on-disk (DoD) are
similar in the transversal plane [6].

The BoD system is a mechanical arrangement of ball that can roll on top of a disk
as shown in Fig 7. In this case, the disk is the actuated hand and the ball is the object.
The control task for the BoD is to balance the object and simultaneously drive the hand
to a desired angular position. This control problem is solved using passivity control
(PBC) and port-Hamiltonian (pH) theory. In its classical formulation, the PBC applied
to nonprehensile rolling system aims at finding a controller for system (5a)-(5b) such
that the dynamics of the closed loop takes the form[

q̇
ṗ

]
=

[
O B−1Bd

−BdB−1 J2(q,p)−Rd(q,p)

]
∇Hd(q,p), (6)

where q ∈ R2 and p ∈ R2 are the vectors of generalized coordinates and momenta, re-
spectively, and O the zero matrix of proper dimensions. The function Hd =

1
2 p>B−1

d (q)p+
Vd(q) ∈R represents the desired energy in closed loop, where Bd ∈R2×2 is the desired
mass matrix and Vd ∈ R is the desired potential energy. The function J2 ∈ R2×2 and
Rd ∈R2×2 represent the gyroscopic forces and damping of the closed loop, respectively.
In addition, it is required that the desired energy can be used as Lyapunov function for
the closed loop, and thus stability is ensured. Besides, detectability of the passive output
will ensure asymptotically stability of the desired equilibrium. The detailed design of
the controller can be found in [6] for the DoD example.

As a milestone, it is possible to affirm that holonomic rolling nonprehensile manip-
ulation primitive can be successfully modelled through the pH formalism and, conse-
quently, controlled with PBC approaches [60]. This is relevant because it means that
there exists a unified framework at least for such a class of nonprehensile manipulation
primitive.

4.2 Nonholonomic rolling

The typical example of nonholonomic rolling is the so-called ball and plate bench-
marking system. In such an example, a ball is steered towards the desired position with
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a given orientation by a moving plate actuated by a robot. A planning algorithm plus
the controller designed within the pH formalism are presented in [7].

In this subsection, instead, a further interesting example of the nonholonomic rolling
primitive, studied in the framework of the RoDyMan project, is the hoop-and-pole sys-
tem depicted in Figure 4.2. In this figure, the following coordinate frames are shown: an
inertial frame ow—xwywzw, a frame attached to the pole op—xpypzp, a frame attached
to the hoop oh—xhyhzh, and a contact frame oc—xcyczc. The contact frame is defined
as follows: oc ∈ R3 is the contact point, xc ∈ R3 is a versor passing through the contact
point and pointing outwards the pole surface, yc ∈ R3 a versor in the intersection of
the pole surface tangent plane at the contact point and the hoop equatorial plane, and
zc ∈ R3 defined to compose an orthonormal frame.

Fig. 8. Pole and hoop system driven by the RoDyMan robot in a simulation environment.
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To obtain the contact kinematics [61, Section 6.2], the following contact coordinates
are defined: zo ∈R is the distance to the contact point measured over the zp axis, θ ∈R
is the angle from one arbitrary point on the pole surface to the contact point measured
over the zp axis, γ ∈ R is the angle from one arbitrary point on the hoop surface to
the contact point over the zh axis, ψ ∈ R is the angle from an arbitrary point on the
equator of the hoop to the contact point measured over the yc axis, and φ ∈ R is the
angle between two tangent vectors, one of each surface, measured over the xc axis (see
[62] for details). These contact coordinates are grouped in qc ,

[
γ ψ zo θ φ

]T ∈ R5.
Moreover, let qp ∈Rm be the pole coordinates vector, where m≤ 6 is the number of the
pole degrees of freedom. The complete generalised coordinates for the system under
consideration are given by the vector q ,

[
qc ; qp

]
∈R5+m, where

[
x ; y

]
is a shorthand

notation for
[
xT yT

]T. Finally, let qh ,
[
γ ψ
]T ∈ R2 be the vector of hoop coordinates,

and qr ,
[
qh ; qp

]
∈R2+m. From these definitions and by following the same modeling

procedure as in [62], the following dynamic model is obtained

Bh(q)q̈h + ch(q, q̇r)+Th(q)q̈p = 0 (7)

Bp(q)q̈p + cp(q, q̇r)+TT
h (q)q̈h = u , (8)

subject to the constraints

θ̇ =
(
lhcφ/rp

)
γ̇ (9)

żo =−lhsφγ̇ (10)

φ̇ =−sψγ̇ , (11)

where lh > 0 is the hoop radius, rp > 0 is the pole radius, and sx and cx are shorthand
notations for sin(x) and cos(x), respectively. In the above equations Bh(q) ∈ R2×2 and
Bp(q) ∈ Rm×m are symmetric positive definite matrices, ch(q, q̇r) ∈ R2 and cp(q, q̇r) ∈
Rm are vectors accounting for centripetal, Coriolis and gravitational forces, u ∈ Rm is
the vector of input forces acting on the pole, and Th(q) ∈ R2×m is the inertia coupling
matrix. If rank(Th(q)) = 2,∀q, the system is said to be strong inertially coupled [63],
which is an assumption in this work.

The control objective is to rotate the hoop at a constant speed γ̇d ∈R while simulta-
neously translating the hoop to an arbitrarily desired point over the pole surface zod ∈R.
Moreover, the pole coordinates must be stabilized. The controllability of the whole sys-
tem depends on the coordinates chosen for the pole. After a controllability analysis [64],
the task can be accomplished if the pole degrees of freedom consist of two translations
along the xp and yp axes and two rotations around the same axes. By exploiting the
strong inertially coupled property, the main idea is to construct two orthogonal pro-
jection matrices form the Th(q) matrix in (7)-(8), that is, Ph , T+

h Th ∈ Rm×m and
Qh , Im−Ph ∈ Rm×m, where T+

h , TT
h
(
ThTT

h
)−1 ∈ Rm×2 is the Penrose’s right pseu-

doinverse. It is straightforward to verify that the following relations hold: PhTT
h = TT

h ,
ThPh = Th, QhTT

h = O, and ThQh = O. Based in these projectors, the control input
in (8) is designed as

u = Bp (PhuP +QhuQ) . (12)
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A direct application of noncollocated partial feedback linearisation [63], results in the
decoupled double integrator system q̈h = vP for controlling the hoop coordinates, where
vP ∈ R2 is a new input to be designed. Notice, however, that for designing this control
law the nonholonomic constraints (9)-(11) must be taken into account. Furthermore,
not only the coordinates in qh must be stabilised, but φ, θ and zo as well. This can be
carried out by employing the backstepping methodology, as explained in [64].

As regards to the control of the pole coordinates, the linearisation along the trajec-
tories of the steady state solutions, resulting from applying the noncollocated partial
linearisation controller for the hoop coordinates, leads to a periodic linear time-varying
system. For such particular kind of systems, a linear-quadratic regulator controller can
be employed [65], and the resulting periodic Riccati equation can be solved by the
quasi-linearisation method [66, p. 137]. Through a formal mathematical analysis, it is
possible to guarantee the ultimate boundedness of the hoop coordinates, with an arbi-
trary small ultimate bound, and the local stabilisation of the pole coordinates [64].

The proposed scheme is validated through numerical simulations in [64]. The main
challenges for carrying out experiments are the necessity of a speedy reconstruction of
the hoop position and orientation and the required high speeds and accelerations for the
actuators (robot joint motors).

4.3 Friction-induced manipulation

Positioning object by sliding is a problem studied in the literature over the last decade.
For example, a mechanism called universal planar manipulator is designed in [67] for
moving parts on the plane though friction induced movements. Later, the problem of
positioning and orienting of a rigid body over a 2D plate is considered in [68]. More
recently, a method for positioning and orienting a rigid body with a six-degrees-of-
freedom rigid plate is proposed and successfully tested in [69].

In the context of the RoDyMan project, the illustrative example of turning a pizza
over an actuated peel is tackled. To uniformly cook a pizza inside a wood-fired oven, in
which the source of the heat is not distributed but localised in a specific position, it is
necessary to turn around the pizza with a peel frequently. The movements inspired by
Neapolitan pizza chefs are an example of friction-induced manipulation [70].

The problem of positioning and orientating a disk with a two-degrees-of-freedom
manipulation system was first studied in [71]. In the cited article, the authors take ad-
vantage of the physical properties of the mechanical system to successfully drive the
disk to an arbitrary desired position and orientation on the peel surface. The authors
also show that a translation of the disk can be done without rotating it but not vice
versa. One weak point of the cited work is that the control strategy is mainly carried out
in an open loop fashion, that is, the visual feedback is only employed to indicate that
the disk has arrived at a particular pose. In contrast, a model-based closed-loop con-
troller for rotating the pizza at a desired constant speed over the peel surface is briefly
proposed below.

In order to design the control strategy, a mathematical model of the system is firstly
derived. Let ow–xwywzw be the inertial frame, oh–xhyhzh a frame attached to the peel
and op–xpypzp a frame attached to the pizza, as shown in Figure 9. The generalised
coordinates for the peel, driven by a robotic manipulator, are xh ∈ R and θ ∈ R, where
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Fig. 9. Peel and pizza system.

xh is the first component of oh ∈ R3 and θ is the rotation angle of the peel with respect
to the inertial frame. The generalised coordinates for the pizza are chosen as xp,yp,φ ∈
R, where xp and yp are the first two components of oh

p ∈ R3 and φ is the angle of
rotation of the pizza with respect to the zh

p axis. Therefore, the configuration of the

system is completely described by the vector q=
[
xh θ xp yp φ

]T ∈R5. Before applying
the Euler–Lagrange methodology to obtain the equations of motion, the external and
non conservative forces are described. Notice that the Coulomb friction terms play a
critical role for this task. These terms are defined as functions of the relative velocities
between the peel and the pizza ẋp and ẏp, and are described by [71]

fx = mpgµpsign(ẋp) (13)
fy = mpgµpsign(ẏp) , (14)

where g ∈ R is the gravity acceleration constant, µp ∈ R is the Coulomb friction coef-
ficient, and sign(x) is the standard sign function. On the other hand, there is a torque
over the zh

p axis produced by the movement of the xh coordinate and the change of
the pressure distribution which in turn is induced by the acceleration on the θ coordi-
nate [71], and is given by τφ = µφIpxsign(ẋp)θ̈, where Ipx ∈ R is the (1,1) component
of the pizza inertia tensor Ip ∈ R3×3. Overall, the non-conservative and external forces
are represented by the vector ξ =

[
uh τθ fx fy τφ

]T ∈ R5, where uh ∈ R is the external
force applied over the peel in the xh direction, and τθ ∈R is the external torque over the
same axis.

A further simplification can be made if it is considered the linear and angular ac-
celerations of the peel as inputs, i.e., u ,

[
uh uθ

]T
,
[
ẍh θ̈

]T ∈ R2. In order to em-
ploy continuous tools to analyze the system dynamics, the following approximation of
the sign function sign(xi) ≈ tanh(kixi) is made, where k is a positive constant. Since
the objective of the control is also the pizza rotation speed, the error following er-
ror is defined ˜̇

φ = φ̇− φ̇d, where φ̇d ∈ R is the desired pizza rotation speed. Now, let

x ,
[
x1 x2 · · · x9

]T
,
[
xh θh xp yp ẋh θ̇h ẋp ẏp

˜̇
φ

]T
∈R9 be the state space vector. Then,
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the system dynamics can be put in the form

ẋ = f(x)+g1u1 +g2(x)u2 , (15)

where f(x) =
[
x5 x6 x7 x8 f2(x)

]T ∈R9, g1 =
[
0 g12

]T ∈R9, and g2(x) =
[
0 g22(x)

]T ∈
R9, with

f2(x) =


0
0

− bp
mp

x7−gµp tanh(k7x7)

− bp
mp

x8−gµp tanh(k8x8)−gsin(x2)+ x4x2
6

0

 ∈ R5 (16)

g12 =
[
1 0 −1 0 0

]T ∈ R5 (17)

g22(x) =
[
0 1 0 0 −µφ

(
Ipx/Ipz

)
tanh(k7x7)

]T
,∈ R5 (18)

where Ipz ∈ R is the (3,3) component of Ip.
The control objective consists in inducing a rotating movement on the pizza dough

at a desired angular speed φ̇d while keeping the remaining coordinates as close to zero
as possible. In order to fulfil this objective, the following control law is proposed

u1 =−k1x1− k5x5 +ah sin(ωht) (19)

u2 =
tanh(k7x7)Ipz

µφIpx
k9x9− k2x2− k6x6 . (20)

The first term of (19) is a PD control, employed to stabilise the peel linear movement
plus a feedforward term ah sin(ωht), to ensure the condition ẋp 6= 0. On the other hand,
the control law (20) is a PD control to stabilise the peel orientation plus a nonlinear
term to induce a rotation in the pizza by exploiting the torque τφ.

The centripetal forces term x4x2
6 in (18) is neglected, as commonly assumed in the

literature [69, 71]. Therefore, a closed-loop analysis can be carried out to guarantee the
existence of periodic solutions of the peel coordinates around the equilibrium position.
Besides, the stabilisation of the pizza centre of mass around zero is also ensured, as well
as the practical stabilisation of the angular speed tracking error ˜̇

φ, with arbitrary small
tracking error.

4.4 Tossing of a deformable object

The nonprehensile throwing manipulation primitive aims at bringing an object to the
desired location (with eventually a desired orientation) which is out of the workspace for
the robot. The task becomes even more challenging if the thrown object is deformable.
Again, the illustrative problem of tossing and catching a pizza dough is considered
within the RoDyMan project. Such a procedure is frequently dexterously performed by
human pizza-chefs. There are at least three reasons why tossing the dough during the
preparation of the pizza is attractive: (i) the dough is stretched to the desired size; (ii)
the dough naturally assumes a configuration that is thicker at the ends and thinner in the
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middle; (iii) as the spinning dough freely falls, the outside of the dough dries, making
it crunchy in the outside but light in the middle.

The combined model of a dough grasped with robotic fingers through unilateral
constraints, and the kinematics and dynamics of the robot manipulator were derived
in [8]. Upon that, a control law achieving the desired tossing motion can be designed.
Besides, with a perfect knowledge of the motion of the dough, optimal trajectories can
be generated in SE(3) for the catching phase. The optimal trajectory generation is re-
peated as new sensor information is available. The optimal trajectories are generated
in such a way that the initial position, velocity, acceleration, and final velocity and ac-
celerations are matched. Therefore, it is at least thrice continuously differentiable. An
optimal trajectory whose initial and final accelerations are desired to satisfy a sixth-
order boundary value problem (BVP). Such a BVP is generated by using the necessary
conditions for a path to minimise a convex combination of the jerk and acceleration
functionals. While minimising the jerk functional reduces the vibrations in the struc-
ture of the robotic manipulator, minimising the acceleration functional reduces the total
amount of energy expended during the catching motion [72].

To derive the trajectories for tossing and catching, the following cost functional
Lc : T Q×T Q→ R is minimised

Lc(s) =
∫ t f +sδt f

t0
α⟪D2v

dt
,

D2v
dt
⟫+ β⟪Dv

dt
,

Dv
dt
⟫dt,

where the weights α ∈ R and β ∈ R satisfy α+β = 1, t0 ∈ R and t f ∈ R are the initial
and final time instants, v ∈ se(3) is the end-effector twist, and ⟪·, ·⟫ is a metric on the
Riemannian manifold. The symbol D

dt here denotes the covariant derivative of a tangent
vector along a curve [73]. Only the case where the final position is left free and is
part of the minimization problem is considered. The first variation of this functional
is calculated, taking special care of the free endpoint conditions. More details can be
found in [8].

Experimental validations are in progress. Nevertheless, preliminary results show
that such kind of task requires high peak currents in the motors to toss the dough for
more than 10 cm. The motors of the RoDyMan robot do not have such skills and must
be improved as highlighted in the next section.

5 Discussion and future work

As sketched in the introduction, the illustrative example of manipulating a pizza dough
is a media expedient. It is clear that if a robot can manipulate a pizza dough, it might be
able to perform skilfull manipulation tasks.

Therefore, many achievements have been reached by the RoDyMan project. Never-
theless, many improvements are instead needed to be tackled. For instance, the RoDy-
Man robot must be revised to cope with the issues given by the high-velocity required
by some nonprehensile manipulation task. Friction is, in general, the main problem af-
fecting the actuators of the RoDyMan robot. A more accurate parametric estimation
and robust controllers are essential. Besides, many assumptions are often made within
a nonprehensile manipulation task to avoid the almost intrinsic non-smooth behaviour
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of it. Such assumptions make a nonprehensile manipulations system like a prehensile
one. The proof that the designed controller does not violate such assumptions is usu-
ally performed a-posteriori. The contact forces should be directly addressed within the
model-based approach to avoid this aspect. This is indeed a future research direction
leading to non-smooth and hybrid controllers.

Future development for the RoDyMan project also includes the application of the
reached goals in other domains. For instance, the perception of elastic objects is cur-
rently being applied in the medical context to shape variations of muscles and organs.
The manipulation performed while tossing the deformable dough is currently under
investigation to improve the automation of gluing the shoes’ lower surfaces.

From a theoretical point of view, the RoDyMan project may also be improved in
the research of creating a general unified framework determining the design of ad-hoc
controller to solve each nonprehensile manipulation primitive. The pH formalism and
the PBC can be used to solve the holonomic nonprehensile rolling, but it is not enough.
Moreover, a high-level supervisor enabling the correct switching between the different
nonprehensile manipulation primitives must be addressed. A recent attempt is carried
out in [13]. For instance, learning-based approaches may be helpful to design such a
supervisor since task simplification, and human-inspired control strategies may be the
key towards the fulfilling of the whole complex nonprehensile manipulation task.
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