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Abstract— This paper considers the problem of character-
izing the quality of a contact configuration with respect to a
planar pushing manipulation task, which represents a common
non-prehensile manipulation primitive. In particular, a series
of indices are proposed as a suitable characterization and are
evaluated against metrics expressing both the energy efficiency
and efficacy of a manipulation task. Furthermore, the selection
of the optimal configuration for a given task is presented as
a case study to show possible applications of the proposed
characterization. To the best of the authors’ knowledge, the
proposed procedure represents the first attempt to characterize
the quality of a grasp configuration for the nonprehensile
pushing task.

I. INTRODUCTION

Collaborative transportation of an object represents a clas-
sical problem in the multi-robot systems literature. It takes
inspiration from the natural world. Small animals, like ants,
collaborate to transport heavy and large loads: several works
can be found in the literature that try to mimic the ants’
behavior to achieve collaborative transportation for groups
of mobile robots [1], [2]. However, this problem is often
solved considering approaches in which force closure is
achieved, planning the motion of the robots in such a way
that they are opportunely displaced around the object [3].
As an example, a team of robots that locally exchange
information is proposed in [4] to create a suitable formation
around the object to transport it successfully. Along the same
line, a large number of robots are attached to the object
to exchange force with it [5]. The center of mass of the
object is approximated as the centroid of the positions of
the robots. The geometrical properties of the object are also
estimated in [6] based on the robots’ relative positions. These
approaches resemble the most common solution exploited in
robotics for solving the problem of moving an object: the
pick-and-place method, where the object is grasped in a stiff
way and is moved to the desired location. While this is a
common and effective solution in several cases, it can not
always be applied. For example, when the object’s size is
too large, when its shape is unknown a priori, when it is
excessively heavy, or when its surface can be damaged by a
firm grasp, as discussed in [7].
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Nonprehensile manipulation approaches can thus be ex-
ploited in those cases above, as proposed in [8]. Specifically,
these strategies include methods in which the robot im-
poses the motion to the object through unilateral constraints
only, such as in the case of pushing. While nonprehen-
sile manipulation can represent a solution in the scenar-
ios above, its successful implementation requires to take
into account the dynamic models of the robot, the object,
and the environment, since the exchanged forces are of
paramount importance. Historically, the mechanics of the
pushing manipulation has been studied in both [9] and [10]
in order to identify a model to predict the motion of a
pushed object, which led the design of planning and control
algorithms for pushing operations such as in [7], [11] and
more recently in [12]–[14]. Nonprehensile manipulation has
been also recently implemented, equipping the robots with
flexible elements, such as ropes or cables. For instance, a
robot equipped with a tail (i.e., a flexible cable) is considered
in [15], where a planning method to define the motion of the
robot is proposed to exploit such a tail for moving an object
by pushing. While this method has proven its feasibility
for simple objects to be manipulated, alternative methods
are necessary for more complex scenarios. Objects with
general shape can be considered by the method proposed
in [16], where two mobile robots are connected employing a
cable, for cooperatively pulling a heavy object. The main
drawback of this solution is represented by the physical
interconnection between the robots (i.e., the cable), which
significantly reduces the freedom of motion. Mobile robots
can be controlled to avoid these issues by directly pushing
the object to be manipulated, as discussed in [17]. Thus, it
is necessary to guarantee that the mobile robot can move
in the environment without colliding with obstacles, and
change the relative position with respect to the object (i.e.,
change the pushing direction). This is achieved in [18], where
uncertainties in both the control and the motion execution are
dealt with an appropriate motion planning strategy. This last
addresses an increased size of the pushed object to accom-
modate the repositioning maneuvers of the pushing robot.
A reinforcement learning framework is proposed in [19] to
define the motion pattern for two robots pushing a box in
a very simplistic scenario, in which dynamics are entirely
neglected. A similar case is considered in [20], where an
artificial potential field is defined to let a robot, or a group
of robots, push an object by just measuring its instantaneous
direction of motion. Even in this case, dynamic effects
(e.g., friction) are not considered, which makes the proposed
method not suitable for complex situations, such as in the



Fig. 1. Schematic representation of the manipulated object (in gray) and
the pushing agents (in yellow) with the related reference frames.

presence of non-uniform friction or when more than two
robots are needed. A similar problem is considered in [21],
where a fuzzy controller is proposed for controlling two
robots to push an object with known geometrical properties.

The contribution of this paper is to provide characteriza-
tion of a contact configuration with respect to a nonprehensile
manipulation task performed with a team of robots. Follow-
ing state-of-art examples in selecting optimal force-closure
grasps, we propose how to rank a set of configurations
using various indices suitably adapted for nonprehensile
manipulation. A thorough literature review reveals that, to
the best of the authors’ knowledge, this problem was not
addressed so far.

II. PROBLEM DESCRIPTION

Consider a group of n robots performing a manipulation
task on an object on a plane. In the addressed task, we
assume to know in advance both the trajectory to follow
and the frictional properties of the pushed object. As as-
sumptions, each robot is omnidirectional, it can touch the
object at a single point, and it cannot touch the object in
a corner. The omnidirectional robots that interact with the
object are thus modeled as circular objects free to move
on the plane. This assumption is introduced to exclude any
external effects that may arise from motion constraints on the
pushing agents so that the characterization is focused purely
on the pushing interaction. Let ΣW and ΣO be the global
reference frame and the object local frame, respectively. Let
the pose of the object at time t be represented as the vector
χo(t) =

[
xo(t) yo(t) θo(t)

]T ∈ R3, where xo(t), yo(t) ∈
R represent the position of ΣO with respect to ΣW , while θo
represents its orientation. Since, in this paper, we consider
robots interacting with the object by means of pushing, we
will hereafter refer to them as pushing agents. The position
of each pushing agent is represented in ΣW as pi(t) =[
xi(t), yi(t)

]T ∈ R2, with i = 1, . . . , n. A representation
of the aforementioned quantities is presented in Figure 1.
The position of the pushing agents around the object can be
collectively represented as p(t) =

[
pT1 (t) . . . pTn (t)

]T ∈ R2n,
and is referred to as the contact configuration.

Let fo ∈ R3 be the total wrench on the object at its center
of mass. Let fci ∈ R2 be the contact force applied by the
i-th pushing agent on the object at the contact point, with
i = 1, . . . , n. The single contact wrench can be collected
into the vector fc =

[
fTc11(t) . . . fTcn(t)

]T ∈ R2n. The map
between the contact forces and the total object wrench is
called grasp map [22]. Since each contact map is linear, the
wrenches can be superimposed as long as they are all written
in the same coordinate frame (i.e., the global reference frame
ΣW ), and each contact force belongs to the relative friction
cone, the net object wrench is

fo = Gfc, (1)

where G ∈ R3×2n is referred to as grasp matrix. More details
about how to build such a matrix can be found in [22]. Within
robotic prehensile manipulation, the grasp matrix plays a
fundamental role in understanding whether a grasp has force-
closure. In detail, force closure is satisfied when the friction
cone mapped through G is equal to the entire external wrench
space [22]. On the other hand, within nonprehensile manip-
ulation, the concept of force-closure grasp is meaningless
because of the presence of unilateral constraints only [8].
Nevertheless, it is still possible to define the grasp matrix
G and (1) holds whenever the contacts are maintained, and
the contact forces belong to the relative friction cones. For
this reason, with a slight abuse of language, we will still
refer to a grasp configuration also in the addressed case of
nonprehensile pushing.

In this paper, we tackle the following problem:

Problem Find a characterization for a nonprehensile grasp
configuration that expresses the quality of such configuration
with respect to a planar pushing task both in terms of efficacy
and energy efficiency.

In the following, as addressed in [7], we will assume that
the motion is quasi-static (e.g., inertial forces are negligible
with respect to frictional and contact forces), and that the
forces exchanged in contact interactions follow Coulomb’s
model of friction. Furthermore, as carried out in [22], the
friction parameters are assumed to be uniform across the
environment, and all the contacts are rigid. Finally, we
assume that the requested pushing manipulation is obstacle
free since there are multiple algorithms present in literature
able to generate manipulation trajectories that consider the
presence of obstacles in the environment [23].

III. PROPOSED APPROACH

In this section, we introduce the proposed approach for the
characterization of a grasp configuration. For this purpose,
we first define quality metrics for assessing the performance
of the manipulation activity. Subsequently, we present a set
of configuration indices, which provide aggregate informa-
tion about the selected grasp configuration. Those indices are
proposed starting from quantities that are commonly used
in the traditional prehensile manipulation literature. They
are here extended to the case of nonprehensile manipulation



performed by a set of mobile robots. In prehensile manip-
ulation, these indices provide an insight into the quality of
the grasp configuration and can be used to assess the quality
of a configuration. Furthermore, we provide a novel index
formulation that takes into account both the required task
and the applicable forces by a configuration, along with a
compatibility test to assess if a configuration is capable of
executing a given task. Along the same line, we provide
evaluation results to demonstrate the correlation between the
configuration indices and the quality metrics for the case of
pushing.

A. Quality of a Nonprehensile Grasp

To understand what are the desired qualities for a grasp, it
is useful to think about what a grasp is. Grasping is the most
common approach used to interact with the environment.
Children learn by grasping different objects with their hands,
animals use grasping to interact with food or other animals,
and even insects like ants use grasping to interact with leaves
or crumbs. In other words, grasping is a tool used to achieve
the goal of moving one or more objects to a different state.
The tasks this tool has to fulfill in order to reach the goal
are diverse but connected. First, the grasp has to be able to
provide the necessary forces for the movement. Second, the
grasp has to absorb the uncertainties that arise during the
movement. Third, the grasp has to maintain the contact state
across the movement. In other words, the grasp has to be
effective and robust enough to sustain the movement.

In prehensile grasping, the robustness of the grasp is
ensured by the concept of force closure we described in the
previous section. Conversely, since nonprehensile grasping,
by definition, cannot balance all the forces that might act on
the object, the requirement is translated into maintaining or
breaking the contact depending on the dexterity of the sought
task. In the pushing scenario, the requirement is instead
reduced to maintaining the contact state despite a range of
possible disturbances.

Hence, we introduce two metrics, that must be minimized
in the following, to evaluate (i) the effectiveness of the grasp,
and (ii) the energy efficiency of the manipulation operation.

1) Effectiveness of the grasp: In this paper, we evaluate
the grasp effectiveness by measuring the relative overall
displacement of each pushing agent to the manipulated
object. This measures the ability to maintain the contact
during a single pushing operation. For a given trajectory Γ of
length lΓ > 0 covered in a time TΓ, we define the normalized
overall displacement δ as

δ =
1

lΓ

n∑
i=1

[∫ TΓ

0

||vOi (τ)||dτ

]
(2)

where vOi ∈ R2 is the velocity of the i-th pushing agent with
respect to ΣO. Even though in [13] it has been shown that a
relative motion between pusher and manipulated object can
be beneficial and exploited for control purposes, if no feed-
back control is considered regulating the contact position, the
ability of a configuration to exert all the wrenches required by

a task can be translated in the lack of relative motion between
the pushers and the manipulated object, thus indicating the
effectiveness of a grasp configuration with respect to a given
manipulation task.

2) Energy efficiency: Different configurations may require
different amounts of energy to maintain the grasp effective-
ness during the manipulation. A configuration that requires
a lower effort to maintain the contact during manipulation is
intuitively preferable than one that requires a higher effort:
therefore, energy can be used as a ranking for effective
grasps. Consider Γ to be a trajectory describing an ordered
sequence of poses for the object. Let Γci be the 2D trajectory
of the i-th contact point in a configuration associated to Γ.
The normalized energy spent by a configuration to execute
a motion is computed as the sum of the mechanical work
exerted by each contact force on the object, each normalized
with respect to the length of the trajectory drawn by each
contact point:

E =

n∑
i=1

[
1

lΓci

∫
Γci

fTcidxci

]
(3)

B. Grasp-Task Compatibility Test

When the grasping task is known, it is intuitively con-
venient to extract information a priori in order to optimize
the performance. It is indeed possible to compute the set
of wrenches acting on the object due to the friction with
the plane. The contact configuration has to be capable of
balancing these wrenches in order to perform the manip-
ulation. In other words, the space of possible wrenches
that a grasp can apply to the object has to contain the
reaction wrenches from the task. Within prehensile grasping,
as already mentioned above, this is ensured with force
closure [24]. Within nonprehensile grasping, instead, force
closure is meaningless.

Therefore, we propose the following procedure to check
whether a grasp can apply the required wrench. The space of
required wrenches Wdes is extracted from the task using the
friction limit surface ellipsoidal approximation model for the
target object [25]. For each sample velocity v ∈ R3 of the
assigned object trajectory, a corresponding friction wrench
w ∈ R3 is computed using w = Hv√

vTHv
where H ∈ R3×3

is the matrix expressing the ellipsoidal friction limit surface
[25]. Then, the conical combination of all the wrenches is
retrieved, representing the space Wdes.

For a configuration that can apply the desired wrench,
Wdes must be inside the space of applicable wrenches.
Let Wgrasp be a polyhedral approximation of the space of
applicable wrenches, the proposed Grasp-Task compatibility
test formally checks if Wdes ⊂ Wgrasp. The approximation
Wgrasp can be computed as follows:

1) each contact force is decomposed using the two bor-
ders of the Coulomb friction cone;

2) the associated normalized wrenches are then computed
for each border force;

3) the obtained set is then enlarged with the bisector
wrench for each friction cone;



Fig. 2. An example of the polyhedral approximationWgrasp, represented
as the light blue polyhedron in 3D wrench space, along with Wdes,
represented in red. In this example Wgrasp contains Wdes.

4) the conical combination is then computed in the
3D wrench space of the obtained set of normalized
wrenches.

An example of this approximation is shown in Figure 2.

C. Configuration Indices

As it happens in prehensile grasping tasks, the proposed
metrics are difficult to apply to select the optimal grasp.
Therefore, we now introduce a set of indices that can be
easily exploited to characterize, in an aggregate manner, the
nonprehensile grasp configurations and can be employed as
a selection criterion. These indices are borrowed from the
standard manipulation literature, and they are here adapted to
be used in the considered scenario. In the next section, among
many other analyses, these indices will lead to a choice that
is, in turn, compared against the above-presented metrics.

1) Composed Quality Index: The composed quality index
ID ranks the uniformity of the angular distribution of the
contact points and the capability of applying forces directed
to the object’s center of mass [26]. Its expression is

ID =
(2π

n

)n∏n
i=1

∣∣∣minj∈[1...n],j 6=i arccos cTi cj − arccosnT
i ci

∣∣∣−1

(4)
where ni ∈ R2 is the inward unit vector normal to the object
surface at the i-th contact point, while ci ∈ R2 is referred to
as central vector and it is the inward unit vector pointing the
center of mass of the object from the i-th contact point. When
the central vectors have a uniform angular distribution with
respect to the center of mass, the configuration is expected
to resist better external forces and disturbances [27], [28].
Besides, when the line of action of the contact forces points
towards the center of mass of the object, the configuration
can reduce the inertial effect.

2) Extension Index: The extension index IE is computed
as the area of the polygon formed by the contact points. As
discussed in [29], the effectiveness of a grasp improves as
this area increases.

3) Grasp Dexterity Index: The performance and precision
of manipulation are affected when a configuration is close
to a singular position since that configuration requires more
effort to impress a wrench into the manipulated object. The
grasp dexterity index [30] provides information on how close
a configuration is to a singularity. This index is defined as

IG =
σmin(G)

σmax(G)
(5)

where σmin(G) and σmax(G) are the minimum and maxi-
mum singular values of the grasp matrix, respectively. This
index is close to zero when the grasp is close to a singular
configuration.

4) Modified Hausdorff distance: Intuitively, if Wgrasp

is much bigger than Wdes, then the grasp can withstand
a greater range of disturbances that can arise from non-
idealities. However, the grasp creating a wider Wgrasp can
present contact forces that interfere negatively with each
other, thus requiring a more significant effort from the
single contacts in order to balance the task requirements.
The modified Hausdorff distance (MHD) proposed in [31]
measures how far two subsets of a metric space are from
each other, and it can thus provide a measure on how bigger
Wgrasp is with respect to Wdes.

Assuming the distance between a generic vector a ∈
R3 and a set of vectors B to be defined as d(a,B) =

maxb∈B
aT b
‖a‖‖b‖ , namely the maximum cosine similarity of

a vector a across a set B of vectors, the MHD between two
sets of vectors is defined as follows

MHD(A,B) = max{dMHD(A,B), dMHD(B,A)} (6)

where
dMHD(A,B) =

1

Na

∑
a∈A

d(a,B)

represents the unidirectional distance between a set A,
with Na elements, and a set B. Hence, we define
MHD(Wgrasp,Wdes) as a configuration index.

IV. EVALUATION

In this section, we discuss the statistical evaluation process
conducted to validate the proposed test and indices.

A. Simulation Environment

The data required for the statistical evaluation of the
indices above is collected through a series of simulations.
Four different objects, represented in Figure 4, are pushed
along six different trajectories using ten randomly generated
configurations. The trajectories, represented in Figure 3, start
on (0, 0) and belong to two different classes: polynomial
and sinusoidal with constant orientation. The configurations
chosen are tested in the CoppeliaSim [32] physical simula-
tion environment. The pushed object is modeled as extruded
shapes that slide on the support floor, as shown in Figure 4,
while the pushing agents, visualized in Figure 5, are modeled
as spheres. The pushing agents are free to roam accordingly
to the 2D velocity commands transmitted through ROS
communication channels from a MATLAB script. For each
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Fig. 3. Polynomial and sinusoidal trajectories for planar manipulation.

shape, each trajectory and each configuration, the MATLAB
script places the pushing agents in their assigned relative
position then iteratively computes the velocities of each agent
according to the given trajectory to be performed and sends
the commands to the pushing agents to move accordingly in
space. The resulting motion of the pushing agents resembles
a virtual rigid object moving according to the requested
manipulation trajectory. The position and force data from
simulation are stored in a file and used to compute δ from
(2) and E from (3).

B. Methods

For each pair of shape and trajectory, a random contact
configurations generator selects 10 contact configurations
which satisfy two requirements: 1) there is no collision
between the pushing agents; 2) the angle between every
contact normal and the initial velocity of the trajectory is
∈ (−π/2, π/2). The former requirement is necessary for
the physical realization of the grasp, while the latter ensures
that the configuration is nonprehensile and can apply a push
to the object. The simulations thus provide a set of 240
boolean results that represent the success or failure of the
manipulation, and two sets of 240 samples for δ and E,
respectively. A manipulation is deemed successful if the
pushing agents maintain the contact with the object during
the whole pushing process, which means that the object
has been successfully transported along the trajectory. The
data, together with the configuration indices for each grasp,
are used to perform a statistical evaluation. To prove the
validity of the test proposed in Section III-B, we execute a
Wilcoxon rank-sum test [33] between δ and the test result. A
Fisher’s exact test [34] is also performed between the results
of the test and the manipulation success information. The
relationship between each index ID, IE , IG, MHD and
the metric E is assessed computing the linear correlation
between the data along with the corresponding p-value.

Fig. 4. Set of the pushed objects in CoppeliaSim.

Fig. 5. Representation of the pushed object and the pushing agents in
CoppeliaSim.

C. Results

The results of the statistical analysis are presented here,
while a discussion on the results is provided in Section V.

The distribution of the metric δ for each test result is
shown in Figure 7. The correlation between the values of
δ and the test result are assessed with a Wilcoxon rank-
sum test. The test rejects the hypothesis of no-correlation
and returns a p-value of 1.66e − 15. Table I is a 2 × 2
contingency table describing the classification of the simula-
tions by manipulation success and test result. The application
of a Fisher’s exact test to the contingency table confirms
the correlation between the test result and the manipulation
success with a p-value of 3.2187e− 20.

TABLE I
CONTINGENCY TABLE DESCRIBING THE FREQUENCY DISTRIBUTION OF

THE TEST AND MANIPULATION RESULTS IN THE COLLECTED DATA

Manipulation
success

Test
Fail Pass

No 181 8
Yes 18 33

The relation between the indices and the performance
metric E is evaluated considering only the successful ma-



nipulations since we are interested in information on the
contact configurations that are capable of performing the
required task. Figure 6 show the scatter plots of the index
values and the corresponding value of E for the manipulation
simulation. Table II contains the correlation coefficient for
each index and the corresponding p-value.

TABLE II
CORRELATION COEFFICIENTS AND ASSOCIATED p-VALUES BETWEEN

THE QUALITY METRIC E AND THE CONSIDERED INDICES

ID IE IG MHD
correlation coefficient −0.1697 −0.1321 −0.0604 −0.37172

p-value 0.3085 0.4293 0.7186 0.021568

V. RESULTS DISCUSSION

In this section, we will discuss the statistical results of the
data analysis.

A. Grasp-Task Compatibility Test

The validity of the proposed test is assessed using two
standard statistical tools: the Wilcoxon rank-sum test and
the Fisher’s exact test. These evaluations provide the same
result with a stable confidence level given by the very low
reported p-values. Consequently, it is possible to say that the
proposed Grasp-Task Compatibility Test is a suitable tool to
determine the ability of a grasp configuration to carry out
the task.

B. Configuration Indices

The existence of a relationship between the considered
indices and the performance metric E is assessed through
the computation of the linear correlation coefficient and
corresponding confidence level.

The results reported in Table II demonstrate that a sta-
tistically relevant relationship exists only for one of the
considered indices, namely the MHD. Even though a low
correlation seem to exist also for indices ID, IG and IE
with the performance metric E, the associated confidence
values are too large to consider such a relationship as
statistically relevant. Such a relationship is proven to exist,
with sufficient confidence, only for one of the four considered
indices: the Modified Hausdorff Distance MHD. We believe
that the low significance of the indices ID, IE and IG is
due to the peculiarity of non-prehensile manipulation. The
absence of force closure and the characteristic of the pushing
manipulation of having all the contacts facing towards the
direction of motion could be one of the causes that affected
the performance. As an example, when pushing a convex
object, the contact points may be restricted to only one side
of the manipulandum, thus the maximum value of IE is
restricted and the angular uniformity graded in ID is affected.
Furthermore, the value of IG represents how uniformly a
grasp can resist to external forces applied to the object,
but in non-prehensile manipulations a grasp cannot resist all
external forces by definition, thus the index might be ill-
posed for the problem.

In summary, even though the indices ID, IE and IG have
been proven useful and significant for characterizing a grasp
configuration in the prehensile scenario, these cannot provide
information on the efficiency of a grasp configuration applied
to a pushing problem, while the information provided by
MHD can be considered relevant for the addressed problem
and therefore suitable to characterize the quality of a grasp
configuration with respect to a task.

VI. POSSIBLE APPLICATIONS

We hereby defined an index to evaluate the quality of a
grasp configuration with respect to a pushing manipulation
task. The primary use of this result can be identified in
the selection of the most adequate configuration to per-
form a given manipulation. Considering the results of the
performed analysis, we advise the following procedure to
select a grasp configuration that is both effective and energy
efficient. Knowing the assigned manipulation task and both
the geometry and frictional properties of the manipulated
object, as well as of the pushing agents, the following steps
are proposed.

1) Generate a set of random grasps.
2) Test every grasp configuration in the set for the fol-

lowing three requirements:
• no collision among the pushing agents;
• the angle between each the contact normal and the

initial velocity is ∈ (−π/2, π/2);
• the grasp configuration passes the test defined in

Section III-B.
3) Select the configuration that maximizes MHD for the

given task.
4) Solve an optimization problem to refine the chosen

configuration.
The optimization problem is defined as

max
x

MHD(x,Wdes) (7)

subject to g(x) ≤ 0 (8)

where x is the contact configuration, MHD(x,Wdes) indi-
cates the index associated to said configuration with respect
to the task requirement Wdes. The constraint function g(x)
encodes the three requirements specified in the second step
of the procedure.

As a case study, this selection procedure was applied for
choosing the contact configuration to perform a manipulation
task on the ellipse shape. The pushing agents deployed
accordingly are represented in Figure 8. The configuration
completed the task with energy efficiency E = 38.67
and the associated MHD is 0.254 in the evaluation setup
with non-holonomic pushing agents. The chosen contact
configuration has been also employed to perform a pushing
manipulation with mobile robots both in simulation and in
a real scenario. In both experimental takes three e-puck [35]
differential drive mobile robots are controlled to perform a
syncronized reference trajectory using a Linear Time-Varying
MPC controller [36]. The reference trajectory for each robot
is obtained by transposing the relative position of each
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Fig. 6. Scatter plots displaying the pairs (E,index) for the successful manipulations.

Fig. 7. Violin plot describing the distribution of δ separated by test results.
The median value of each distribution is represented by the red square.

pushing agent with respect to every point in the manipulation
trajectory. A precise tracking of this trajectory by the robots
therefore matches the motion a omnidirectional pushing
agent during the execution of the same task. The robots
are equipped with a circular bumper ring with a diameter
of 10cm. First the robot start moving towards the assigned
contact position. Once all the robot have reached their target,
namely the initial position of the reference trajectory, the
manipulation can begin and each robot tracks its own refer-
ence trajectory. A comparison of the required manipulation
task for the object and the resulting manipulation from the
robots is provided in Figure 10. A motion capture system
is employed in the real environment to provide absolute
positioning of both the manipulated object and the robots.
The position of the manipulated object during the execution
of the task is visualized in Figure 11. From both results plot
it can be noted that the path drawn by the manipulated object
remains close to the reference trajectory even without a
feedback action on the object’s position, thus concluding that
the chosen contact configuration is suitable for the specified
manipulation task. More information on the case study can
be found in the attached video.

Fig. 8. Visualization of the grasp configuration selected by the proposed
procedure.

Fig. 9. Visualization of the robots deployed in the selected grasp
configuration.

VII. CONCLUSION AND FUTURE WORK

In this paper, we considered the problem of cooperative
manipulation of an object through a group of mobile robots.
Specifically, referring to a pushing maneuver, we proposed a
procedure to characterize the quality of a nonprehensile grasp
configuration with respect to the execution of a required
pushing task. This was achieved by selecting a set of config-
uration indices and correlating them to the energy efficiency
and effectiveness of the pushing maneuver. The correlation
was studied employing an extensive validation campaign
performed on a physical simulator. As a case study, a pro-
cedure for selecting the optimal configuration was employed
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to select a grasp configuration in an optimized manner using
the proposed characterization. The selected configuration was
employed to perform the requested manipulation with both
simulated and physical robots.

Future work will focus on designing a controller for the
accurate tracking of the pushed object during the execution
of a non-prehensile pushing manipulation. In particular,
nonholonomic constraints will be included in the design
in addition to traditional pushing constraints. Besides, the
introduced configuration indices will be directly included
within the control design for the accurate tracking of the
pushed object by seeking an effective and energy-efficient
grasp configuration of the team of robots. Finally, future
work will also focus on developing a constructive algorithm
to analytically define the optimized grasp configuration,
given the model of the task.
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