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Abstract— Evaluation of grasps on deformable 3D objects
is a little-studied problem, even if the applicability of rigid
object grasp quality measures for deformable ones is an open
question. A central issue with most quality measures is their
dependence on contact points which for deformable objects
depend on the deformations. This paper proposes a grasp
quality measure for deformable objects that uses information
about object deformation to calculate the grasp quality. Grasps
are evaluated by simulating the deformations during grasping
and predicting the contacts between the gripper and the grasped
object. The contact information is then used as input for a new
grasp quality metric to quantify the grasp quality. The approach
is benchmarked against two classical rigid-body quality metrics
on over 600 grasps in the Isaac gym simulation and over
50 real-world grasps. Experimental results show an average
improvement of 18% in the grasp success rate for deformable
objects compared to the classical rigid-body quality metrics.

I. INTRODUCTION

Consider the parallel-jaw grasp in Fig. 1. Is that a good or
a bad grasp? To answer such a question one often resorts
to calculating a Grasp Quality Metric (GQM), which is
an index that quantifies the goodness of a grasp. To date,
many different GQMs exist, including the Ferrari-Canny
epsilon quality metric [1], the volume quality metric [2],
and many more [3]. What most of these quality metrics
have in common, though, is the assumption that the object is
rigid. What follows from such an assumption is that contacts
between the finger and the object can be treated as static
single point contacts, which simplifies the calculation of
the GQMs. However, as shown in Fig. 1, when grasping
a non-rigid object, the deformation of the object due to the
grasping force will continuously form multiple contact points
per finger, forcing us to rethink how to do grasp evaluation
on such objects.

Only recently have some researchers started to investigate
how to evaluate grasps on deformable objects [4]. The
approach proposed in [4] evaluated grasps on deformable
objects by simulating a whole dynamic manipulation task
after the robot grasped the object. Although a reasonable
approach, it was computationally demanding with running
times in the order of minutes. In this paper, instead of
simulating a whole dynamic manipulation task, we present a
computationally cheaper analytical approach for evaluating
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Fig. 1: The top-image shows an example grasps on a de-
formable object executed in the Isaac Gym simulator. The
bottom images show the amount of deformation the object
undergoes (the redder the object the more it deforms) for
a 2N grasping force (bottom-left) and a 5N grasping force
(bottom-right). With more object deformation, more contact
points displayed as white spheres form between the gripper
and the object.

grasps on deformable objects. Our approach consists of a
Finite Element Method (FEM)-based simulation of grasps to
continuously model changes in shape and contact geometry
between the gripper and the object. Based on the FEM-based
simulation, we can continuously record contact specific data
such as contact locations, normals, and wrenches which
are used to calculate a time-dependent grasp wrench space
(GWS). Using the time-dependent GWS, we also propose a
novel gravity-resistant GQM that quantifies grasps according
to the direction and magnitude of the smallest gravitational
force that would break a grasp.

We experimentally evaluate the proposed approach and
quality metric on over 600 grasps in the Isaac Gym simulator
and on 50 real-world grasps using a Franka Emika Panda



robot. All experimental results suggest that the proposed
approach, together with the new GQM, is more suitable for
grasp evaluation on deformable objects than classical rigid-
body GQM:s.

In summary, the main contributions of this paper are:

« A FEM-based simulation approach for evaluating grasps
on deformable objects.

« A novel gravity-resistant GQM that considers both grasp
wrench resistance and object deformation during the
grasp.

o A thorough empirical evaluation of the proposed ap-
proach and quality metric presenting, both in simula-
tion and on real hardware, improvements over existing
quality metrics in terms of grasp quality evaluation and
grasp success rates.

II. RELATED WORK

The work presented in this paper addressed grasp evalua-
tion on deformable objects and soft-body contact simulation.
Therefore, we will review both of these areas separately. In
addition, we will review works on grasp evaluation on rigid
objects as it is central to the approach we develop in this

paper.
A. Grasp Evaluation on Rigid Objects

The overarching goal of grasp evaluation is to quantify
the goodness of a grasp using mathematical models of the
interaction between the manipulator and the object. One
main reason for quantifying the goodness of grasps is that it
enables us to search for better grasps [5]-[7].

To quantify a grasp, we often resort to calculating a GQM.
Throughout the grasping history, many different GQMs have
been proposed [3], and among these the most popular and
well-established metrics are most likely the Ferrari-Canny
epsilon metric [1] and the volume quality metric [2]. What
the epsilon, volume, and many of the other quality metrics
have in common is that they assume the object to grasp is
rigid.

However, recent works [4], [8]-[11] have demonstrated
that the aforementioned metrics are unsuitable for and can-
not be directly applied to evaluating grasps on deformable
objects due to object deformation under interaction forces.
Therefore, we propose a new quality metric tailored for
evaluating grasps on deformable objects in this work. Ad-
ditionally, we compare our new quality metric to the epsilon
and volume quality metrics to determine which metric is
most suitable for evaluating grasps on deformable objects.

B. Grasp Evaluation on Deformable Objects

Grasp evaluation on deformable objects is, compared to
rigid objects, a less explored research area. Only recently
have a few works proposed quality metrics or methods to
evaluate the goodness of a grasp on deformable objects [4],
[10]-[14].

One of the above mention works [13], target the problem
of minimizing the deformation of 3D hollow deformable
objects. To achieve minimal deformation, the authors defined

the minimal work GQM. The minimal work GQM differs
from the quality metrics proposed for rigid objects by in-
cluding a local stiffness map of the object as a component to
the wrench-space. The local stiffness map was estimated by
squeezing the object in simulation [12] or using real physical
hardware. The main limitation of the approach in [13] is that
it only works on objects with small deformations.

In contrast to minimizing deformation, some works have
proposed to utilize object deformation to successfully accom-
plish tasks [4], [10], [11], [14]. The earliest of these was [11],
where the authors introduced the concept of bounded force
closure, which extends the concept of force closure from
rigid objects to deformable objects. In a nutshell, bounded
force closure can determine if a grasp on a deformable
object is force closure given a maximal allowable external
force. Similarly, Gopalakrishnan and Golberg [10] introduced
deform closure, which is a generalization of the form closure
concept on rigid objects to deformable objects with friction-
less contact. In essence, a grasp is defined as deform closure
when positive work is needed to release the object at its
deformed configuration.

More recently, Isabella et al. [4] have proposed to
use a FEM-based soft-body simulator to run a battery of
different grasp performance metrics for evaluating grasps on
deformable objects. They also show that these performance
metrics are indicative of real-world grasp success. Neverthe-
less, the main limitation of the approach proposed in [4] is
the high computational cost for simulating a grasp, which
often requires several minutes or more. A similar approach
to [4] was recently presented in [14]. In [14], the authors
dynamically evaluated grasps using dynamic grasp maps
and existing GQMs. However, the author only validated the
metrics on one object and four different grasp candidates,
and as such, we cannot draw extensive conclusions from the
results.

In this work, we take inspiration from [4], [14], and
leverage the idea of continuously modelling the contact
between the robot and the deformable objects during a grasp
and using this information for calculating the quality of a
grasp. However, instead of using grasp performance metrics
as in [4] or already define quality metrics as in [14], we
propose a new analytical quality metric that is specifically
tailored for 3D deformable objects.

C. Soft-body Simulation

In terms of soft-body simulation, the choice of geometric
representation heavily affects the behavior of simulating
dynamics of deformable objects. In a recent survey on de-
formable object manipulation [15], Yin et al. presented three
primary deformable object modelling approaches: Mass-
Spring System (MSS), Position-based Dynamics (PBD), and
FEM. Among these three, FEM offers a more physically
accurate representation of a deformable object despite its
computational cost. In addition, FEM performs well on
objects with large deformations. Therefore, in this work,
we propose using FEM to model and simulate the contact
between the object and the robot gripper.



In terms of actual simulation, many different physics
simulators exist, including MuJoCo [16], PyBullet [17],
SOFA [18], and the more recent Isaac Gym simulator [19].
Out of these, SOFA and Isaac Gym are primary simulators
for soft bodies that support FEM. In addition, Isaac Gym
has a grasping framework named DefGraspSim [4] to au-
tomatically perform and evaluate grasp tests on deformable
and rigid objects. Because of these benefits, we chose Isaac
Gym to simulate soft-bodies and DefGraspSim to evaluate
our proposed approach.

III. GRASP EVALUATION ON 3D DEFORMABLE OBJECTS

This paper addresses the problem of evaluating parallel-
jaw grasps on 3D deformable objects lying on a supporting
surface. This implies producing a GQM Q that measures how
well a grasp can keep the object restrained even if affected
by disturbing forces or torques.

We assume the geometry and stiffness of the target object
are known and that the object’s origin is at its center-of-mass.
We also consider that the direction of gravity is unknown.

A. Background

Let us consider a grasp with N contact points. Through
each of these contact points, a robot can transfer wrenches
w,, € RS to the object to counteract disturbances. A wrench
is a six-dimensional vector consisting of a force f,, € R? and
a torque component 7, € R3. If we consider the frictional
contact point model, the contact wrench at location x,, € R3
is defined as:
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Given all of the wrenches w,, Vn,..., N, we construct
the GWS P as
N
P = ConvexHull <U wn> .
n=1

The GWS is at the center of many different grasp quality
metrics, including the well-known Ferrari-Canny epsilon
quality metric [1] and the volume quality metric [2], both
of which we will use in the experimental evaluation in
Section IV. In detail, the epsilon quality metric describes
the minimum wrench needed to break a grasp and is defined
as the radius of the largest 6D sphere centered at the origin
enclosed by the convex hull of the wrench space. The volume
metric, on the other hand, describes the average force a grasp
can withstand and is defined as the volume of the wrench
space’s convex hull.

The main limitation of the above quality metrics is that
they assume rigid point contacts between the gripper and
the object. In other words, no matter the force executed by
the gripper, the contact points will always be the same as
the initial ones. This assumption is valid for rigid objects
that do not deform under contact. However, for non-rigid
objects, the assumption breaks down as the contact points
continuously change during the execution of the grasp or the
disturbances due to object deformations. Therefore, to enable

evaluating grasps on 3D deformable objects, we propose
an approach that consists of a time-dependent GWS and a
gravity-resistant quality metric.

B. Time-Dependent GWS

As non-rigid objects deform under interaction forces, the
initial contact locations will change, new contacts might
form, and old contact locations might disappear. Because
of this fact, grasps on deformable objects need to be defined
as temporally evolving multi-contact points.

To allow for temporally evolving multi-contact points, we
need to track contact points. For this purpose, we propose
using the FEM to gather necessary contact information
for calculating the GWS, such as contact locations, the
contact normals, and contact wrenches. Based on this contact
information and using the same frictional contact point model
as before, we redefine the GWS to be time-dependent:

N
P(t) = ConvexHull <U wn(t)> .

n=1

The time-dependent GWS enables computing a GQM at
each time step. It is important to note that in this work instead
of using the typical GWS which is usually centered at the
object center-of-mass, we consider contact-centered GWS
where we center GWS at the center of contact points. The
reason for this choice is that we want to study not only the
behavior of the interaction between the gripper and the target
object but also the effect of the disturbances on the grasp at
the contact regions. In the next section, we will detail a new
specific quality metric that uses the time-dependent GWS for
evaluating grasps on deformable objects.

C. Gravity-Resistant Quality Metric

Based on previous work [4], [20], [21], the main dis-
turbance that causes grasp failure on deformable objects
is gravity. Therefore, we propose a quality metric that can
quantify how well a grasp can safely keep the object under
the effect of gravity. Our quality metric is inspired from [22]
and based on the mechanical wrench space analysis outlined
in Section III-A. However, the GQM in [22] only consider
the stability of soft-finger grasp on rigid objects under gravity
and not the stability of rigid grasps on non-rigid objects
which is the problem we target.

As we want to counteract the gravity induced disturbances,
we first define the gravitational 6D wrench space acting on
the object at object center-of-mass as Pgrquity. However,
as we want to evaluate a grasp in the case where the
gravitational force direction is unknown, we need to define an
unknown directional gravitational wrench. We approximate
such a wrench by calculating the GWS Pyrqpity as if the
wrench was acting on the object from 16 regularly spaced
directions sampled from the unit sphere. A visual example
of Pyravity 15 shown in Fig. 2.

Next, we calculate the intersection of P(t) and the un-
known directional gravitational GWS Py,qvity as

Pint (t) = P(t) N Pgravity- (1)
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Fig. 2: P(t) (blue polygon), Pyravity (ted sphere), Pin:
(green dashed polygon) projected into force space. The
proposed quality metric is then determined as the smallest
distance between the origin of the wrench spaces visualized
as the red dot and the closest intersection point of the two
wrench spaces visualized as the red cross. The larger the
distance, the higher the quality metric and the better the

grasp.

Given the intersected wrench space calculated using (1),
we define our new quality metric as the smallest distance
between the origin and the border of this wrench space

Qt) =

min

[|wl].
WEPint(t)

This metric indicates in the direction and the magnitude of
the smallest gravitational force the grasp is able to withstand
before breaking. Fig. 2 shows an example of the two different
GWSs, the intersection wrench space, and the proposed
quality.

By continuously determining the GWS P(t) for different
time-steps, we can evaluate the quality of a grasp candidate
throughout the grasp, even as objects deform. In the next
section, we will experimentally validate if this leads to more
successful grasps.

IV. EXPERIMENTS AND RESULTS

The two main questions we wanted to answer with the
experiments were:

1) Is the proposed grasp quality metric better than rigid-
object quality metrics at finding successful grasp can-
didates on deformable objects?

2) Do the high-quality grasps proposed by our quality-
metric succeed in picking up objects in the real world?

To answer the first question we performed experiments in
simulation and to answer the second question we performed
real-world experiments.

1 2 3 4 5

Fig. 3: The ten deformable objects used in the simulation
experiment.

A. Grasp Quality Evaluation in Simulation

To investigate the proposed grasp quality metric in simula-
tion, we used the Isaac Gym simulator with the DefGraspSim
framework [4] on the ten deformable objects shown in Fig. 3.
Each object is represented as a tetrahedral mesh placed on
a rectangular platform. The stiffness of an object is changed
by adjusting Young’s modulus and Poisson’s Ratio. In this
experiment, we set Young’s modulus to 2 - 10° Pa and
Poisson’s ratio to 0.3. The friction coefficient was set to 0.8.

To test each grasp candidate in the simulation, we first
initialize the gripper to a predefined pose and set it fully
open. Then, the gripper is slowly closed. Once contact be-
tween the finger and the object is detected, we start recording
the contact forces, contact locations, and contact normals.
Next, using the recorded data, we compute the approximated
friction cones to continuously calculate the GWS, which is
subsequently used to determine the quality metric. To enable
a fair comparison between the quality metrics, we look at
the calculated quality metrics at a certain time step where
the squeezing force reaches the predefined desired force.

To evaluate whether a grasp is successful or not, we used
the linear instability metric from the shake task provided
by DefGraspSim as ground truth because this metric has
previously been shown to perform well in quantifying the
quality of a grasp on deformable objects [23]. The linear
instability metric is defined as the average acceleration over
different directions that would push the object out of the
gripper. A higher metric is considered better as it indicates
that a grasp can withstand higher accelerations.

We compared the performance of the proposed quality
metric to two popular existing quality metrics: the volume
metric [2], and the Ferrari-Canny epsilon metric [1]. In total,
we evaluated 600 grasps per metric.

Ideally, if a quality metric linearly increases with the linear
instability metric, that quality metric is considered to better
represent a good grasp. We can therefore quantify how good
a quality metric is by calculating its monotonicity with the
linear instability metric. The higher and closer to 1 the
monotonicity, the better the quality metric.

An example of the monotonicity for object 1 in Fig. 3
is visualized in Fig. 4. We can see that for this object,
the proposed quality metric matches the ground truth much
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Fig. 4: The quality metric candidates versus the ground truth
on the tall cylindrical object (object 1).

TABLE I: Average monotonicity of the quality metrics on
all target objects. 1: higher the better

Epsilon metric ~ Volume metric

Our metric

Monotonicity (10~2) 1 6 66 91

better than the epsilon and volume metric. Specifically, the
monotonicity for our, the epsilon, and the volume metric are
99.9, 3.33, and 79.3, respectively. Among these three metrics,
the epsilon metric performs worse due to strong oscillations.

Table I presents the average monotonicity for all GQMs
over all objects and grasps. These results clearly show that
the proposed quality metric achieves the highest average
monotonicity and is significantly better than the other two
metrics. Again, similar to the example above, the epsilon
metric exhibits the worst performance.

Interestingly, the average monotonicity of the volume
metric compared to the example above is much worse: 66.3
compared to 79.3. This decline shows that the performance
of the volume metric heavily depends on the geometry and
shape of the deformable object. One reason for that is due
to the known fact that the volume metric is incapable of
indicating whether a particular direction can only resist small
disturbing forces. And as the object’s geometric complexity
increase, the gravity-induced deformations start to affect
more on the grasp configuration which would confuse the
volume metric. Therefore, the performance of the volume
metric drops when we start to introduce new and complex
objects to the object set.

Another important aspect when grasping deformable ob-
jects is the grasping force. As shown in Fig. 1, the higher
the grasping force, the more contact points. To study the
relationship between the grasp force and the grasp stability,
and to show that our approach and GQM can capture this
relationship, we conducted an experiment where we linearly
increased the grasping force from 1IN to 20N and continu-
ously evaluate the quality of the grasps over the different
grasping forces. This experiment is evaluated on the same
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Fig. 5: Average quality metric versus the grasping force on
all objects.

Fig. 6: There grasp candidates are colored as follows: grasp
2 (orange), grasp 5 (blue) and grasp 4 (green). Note that the
collision between the gripper and the rectangular platform
does not affect the result.

object set as in Fig. 3. The results, that are displayed in Fig. 5,
demonstrate that the grasp quality increases linearly with
the grasp force up to a specific force value. We hypothesize
that this finding stems from the fact that at a certain grasp
force the object reaches its maximum deformation, and from
thereon the grasp quality cannot increase anymore.

To study the effect the grasp force has on individual
grasps, we evaluated, on one object, our quality metric over
different grasping forces for the three grasp candidates shown
in Fig. 6. The result is presented in Fig. 7 and shows that
grasp 4 fails to grasp the object regardless of the grasping
force, while grasp 2 is better than grasp 5 in terms of
grasp quality. Additionally, the quality of grasp 5 at 12N
is approximately equal to that of grasp 2 at 6N. This finding
indicates that we can plan similar quality grasps but with
much less grasping force, which is extremely beneficial in the
case of deformable objects that exhibit plastic deformation
behavior where limiting the grasping force to a certain range
is necessary to avoid permanent deformation.

Finally, we compared the simulation time needed to eval-
uate the grasps using our metric and the ground truth. The
result is shown in Table II. As expected, the simulation time
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Fig. 7: Our proposed quality metric versus the grasping force
on three grasp candidates.

TABLE II: Simulation time (seconds) required to compute
the quality metrics on the target objects. |: lower the better

Fig. 8: The five objects used in the real-world experiment.

TABLE III: The average grasp success rate (%) per quality
metric on the target objects. 1: higher the better

Number of vertices Our metric Linear instability metric (ground truth) Object Epsilon metric Volume metric Our metric
364 5 73 1 50 50 70
770 7.5 98 2 60 80 80
1198 7.9 199.27 3 60 60 80
2395 15.6 319.2 4 80 100 100
3182 35.8 380.7 5 90 80 100
5573 95.4 685.1 All 1 68 74 86

needed to compute the metrics increases as the complexity of
the mesh increases, as indicated by the number of vertices.
However, the results clearly show that the simulation time
needed to compute our metric is significantly less than the
ground truth, even when the number of vertices is very
few. The lower simulation time using our metric is because
computing the ground truth requires to simulate the whole
shake task while computing our metric only requires to
simulate the squeezing procedure.

B. Grasp Planning in the Real World

In the final experiment, we investigate if the high-quality
grasps proposed by our quality metric transferred to real-
world grasp success. To evaluate grasp success we used a
Franka Emika Panda equipped with a parallel-jaw gripper.
The robot was tasked to grasp the five objects shown in
Fig. 8. We chose these objects as they represent a high
variation in size, shape, and mass distribution.

In order to calculate the quality metrics in Isaac Gym,
we need a tetrahedral mesh of the object to grasp. As the
objects were all unknown, we had to reconstruct them. To
do the reconstruction, we first captured a multi-view point
cloud of the object using an Intel RealSense D435 camera
mounted to the robot’s wrist. Then we converted the merged
point cloud to a triangular mesh using Meshlab. Finally, we
converted the triangular mesh into a tetrahedral mesh using
fTetWild [24].

Using the reconstructed mesh, we then sampled 50 grasp
candidates around the object and evaluated each one using
our metric, the epsilon metric, and the volume metric. We

chose the ten grasps with the highest quality for each of the
qualities and executed them on the real robot. To evaluate if
a grasp was successful, the robot moved to the planned grasp
pose, closed its fingers, and then moved the arm back to the
starting position. Once there, the robot executes a predefined
trajectory that includes linear accelerating and reorienting the
object. Finally, the robot rotates the gripper around the last
joint and places the object at the goal position. A grasp was
considered successful if the object was kept in the gripper
during the whole procedure and unsuccessful if the object
was dropped.

The experimental results are presented in Table III. The
results suggest that our proposed quality is more suitable for
deformable objects grasping than the classical wrench-based
quality metrics. Specifically, grasps ranked by the proposed
metric achieve a 12% higher grasp success rate than those
ranked according to the volume metric and an 18% higher
success rate than those ranked by the epsilon metric.

If we focus on the grasp success rate on each object
separately, the result shows that all three quality metrics
perform well on light objects such as object 4 and object 5.
However, when it comes to objects with non-uniform mass
distribution, the performance of our proposed quality metric
surpasses that of the other two. The main reason for the
poorly recognized grasps by the other quality metrics on
these objects was that the robot often dropped the object
once it started to accelerate or reorient the object due to the
deformation caused by gravity. Our quality metric avoided
such grasps as it was specifically formulated to account for



the effect of unknown gravity directions, which resulted in
gravity-resistant grasps.

V. CONCLUSIONS AND FUTURE WORK

Although research on manipulating 3D deformable ob-
jects is starting to receive more and more attention, grasp
evaluation on deformable objects is still under-explored,
especially if we compare to grasp evaluation on rigid ob-
jects. In this paper, we took a step to close this gap by
introducing an approach to simulate the interaction between
the robot and the object and predict their contact dynamics,
together with a quality metric to evaluate grasp candidates
on deformable objects. The key idea was to utilize a FEM-
based soft-body physics simulator to continuously compute
and capture changes in shape and contact geometry between
the deformable object and the gripper during the grasp. In
addition, we also propose a grasp quality metric that targets
deformable objects by combining the grasp wrench resistance
and the object deformation.

The experimental results from simulation demonstrate that
the proposed approach is more suitable for evaluating the
quality of a grasp on a deformable object than classical
wrench-based quality metrics. Similar observations were also
seen in the physical grasping experiment. Our quality metric
is also up to fifteen times faster to calculate than the shake
task, which, to date, is one of the most reliable approaches
to quantify a grasp on a deformable object.

Because of the apparent correlation between the proposed
metric and successful grasps and the speed to evaluate the
quality metric, this work opens up the ability to generate
large-scale datasets of millions of grasps on deformable
objects. This, in turn, would allow training deformation-
aware grasp samplers such as the one in [23] on a much
richer dataset which would hopefully improve grasp success
rates across many more object stiffnesses.
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