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Abstract— We present a sampling-based approach to
reasoning about the caging-based manipulation of rigid
and a simplified class of deformable 3D objects subject
to energy constraints. Towards this end, we propose the
notion of soft fixtures extending earlier work on energy-
bounded caging to include a broader set of energy function
constraints, such as gravitational and elastic potential energy
of 3D deformable objects. Previous methods focused on
establishing provably correct algorithms to compute lower
bounds or analytically exact estimates of escape energy for a
very restricted class of known objects with low-dimensional
configuration spaces, such as planar polygons. We instead
propose a practical sampling-based approach that is applicable
in higher-dimensional configuration spaces, but only produces
a sequence of upper-bound estimates that, however, appear
to converge rapidly to actual escape energy. We present
8 simulation experiments demonstrating the applicability of
our approach to various complex quasi-static manipulation
scenarios. Quantitative results indicate the effectiveness of
our approach in providing upper-bound estimates for escape
energy in quasi-static manipulation scenarios. Two real-
world experiments also show that the computed normalized
escape energy estimates appear to correlate strongly with the
probability of escape of an object under randomized pose
perturbation'.

I. INTRODUCTION

Fixturing, which is the task of restraining the poses of a rigid
object under noise and external perturbation, forms a key
part of robotic manipulation and serves as an essential step
towards achieving robust and dexterous manipulation [1].
Classical grasping approaches, such as form and force
closure [2], utilize point contacts to attain complete control
over the pose of a grasped object, but are restricted to
rigid objects and are susceptible to grasp instability issues
arising from noise in perception or external disturbances.
Furthermore, these approaches only capture a small subset
of strategies humans employ to restrain the poses of an
object - for example, when we utilize gravity in combination
with support surfaces from tools and our hands to interact
with soft, deformable or fragile objects such as clothes or
food items. In this work, we take the first steps towards
an extension of fixturing to “soft fixtures”, where ‘“soft”
indicates both that we consider not just “hard” collision
constraints but also “soft constraints” formulated in terms
of maximal thresholds of a suitable energy function and that
the framework is applicable to soft objects. Our approach
generalizes the idea of energy-bounded cages of rigid bodies
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- where a rigid object is constrained to a bounded path
component by collisions and a simple potential energy
function. Unlike past works [3], [4] on energy-bounded
cages, which employed volumetric configuration space (C-
space) representations and were limited to the gravitational
potential energy of simple 2D rigid objects, we show that a
sampling-based approach to the study of soft fixtures can
be applied with more general energy functions and even
challenging settings involving both deformable and rigid
bodies. The proposed ‘“soft fixture”’-based approach can,
in our view, be seen as a starting point for an additional
avenue towards robotic manipulation that, like classical form
and force closure, is fully physics-based and explainable,
but opens the possibility to describe and analyze novel
interaction scenarios involving both rigid and deformable
objects.

The primary contributions of this work® are: (1)
An extension of caging-based manipulation to soft
fixtures capable of capturing a novel class of rigid and
deformable object manipulation scenarios involving potential
energy constraints; (2) The introduction of sampling-based
algorithms for the estimation of upper bounds of escape
energy of soft fixtures that appear to converge rapidly;
(3) A first analysis of escape energy in practical quasi-
static manipulation scenarios involving diverse rigid and
deformable objects, supported by physical experiments that
assess the correlation between normalized escape energy and
grasp stability.

II. RELATED WORK
Caging Grasps The original notion of caging, introduced
by Kuperberg [24], addresses the problem of preventing
a polygon from escaping arbitrarily far away using a set
of fixed point obstacles, ensuring that the polygon’s path-
component in the collision-free C-space remains bounded.
Building on this idea, Rimon et al. [25], [26] extended
caging to robotic grasping and developed a theory for caging-
based grasps for planar objects. In [27], [28], methods
for finding two-finger cage formations of planar polygons
and 3D polyhedra by means of contact-space search were
determined. Additionally, Rodriguez et al. [29] demonstrated
that caging grasps can be regarded as a viable means of
achieving immobilizing grasps via finger closure. Subsequent
works, such as those by [30], [31], have applied caging
grasps to certain classes of 3D rigid and deformable objects,
analyzing topological and geometric features. However, these
methods are limited to objects with specific features, such
as holes or double forks. Makapunyo et al. [32] pioneered

2This work is an extension of our workshop contribution [5].
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Fig. 1: Soft fixture scenarios: (1) radishes held together with a rubber band, (2) putting on a mask, (3) hooking a frozen fish with a fishing
hook, (4) catching a starfish with a bowl, (5) scooping a fish with a shovel, (6) grasping a chain of transfusion bags, (7) manipulating a
Rubik cube with two grippers, (8) snap lock mechanisms. The examples include textures and meshes by [6]-[23].

the concept of partial caging, characterizing it as a finger
arrangement allowing limited escape movements. Satoshi et
al. [33] further explored partial caging concerning circular
objects within a planar hand. Varava et al. [34] defined a
clearance-based partial cage quality metric and employed
deep neural networks for efficient quality estimation from
images of 2D partial cages. Gravity caging is proposed
in [35] to derive placing areas where objects could be
partially caged and held under gravitational force. Mahler et
al. [3], [4] introduced energy-bounded caging of 2D rigid
objects, extending the caging paradigm with gravitational
potential energy constraints and utilizing a cell-based
decomposition of C-space in combination with persistent
homology. Advancing along this trajectory, we show that
it is possible to incorporate generalized potential energies
and complex 3D rigid and deformable objects with 6-18
dimensional C-spaces using the sampling-based approach we
propose here.

Sampling-based Planning for Manipulation Sampling-
based motion planning methods encompass methods like
PRMs [36] and RRTs [37], alongside asymptotically optimal
approaches such as RRT* and PRM* [38]. Notably, Batch
Informed Trees (BIT*) [39] strikes a balance between
graph-search and sampling-based techniques, prioritizing
search by potential solution quality akin to A%, while
maintaining asymptotic optimality like RRT* [40]. Building
upon BIT*, our method optimizes a customized cost
function that accelerates finding a solution minimizing the
maximal value along a feasible path. A similar problem
was defined in [41] and solved with a bottleneck tree.
Manipulation problems are often approached using sampling-
based motion planners [42]. For instance, Schmitt et al.
[43] address manipulation tasks as a multi-modal planning
problem in high-dimensional C-space, utilizing a PRM*-
based approach for offline manipulation planning. Shome
et al. [44] enhance computational scalability for dual-arm
systems without explicitly constructing a roadmap in the
composite C-space of both arms. CBiRRT [45], [46] explores
constraint manifolds in manipulation and automates motion
primitive generation by exploring lower-dimensional C-space
manifolds [47].

III. PRELIMINARIES AND DEFINITIONS
In the following, we introduce a notion of potential energy
for rigid and deformable objects that we shall study in
this work. We then consider the problem of estimating
the minimum energy required for a bounded 3D object
O C R3 to escape from its initial configuration subject to

fixed environmental constraints, including support surfaces
of finite size, such as a table-top or static robot grippers and
in-hand tools.

Articulated Objects with Potential Energy Three types
of objects are considered in our problem setting: (1) 3D rigid
objects; (2) 3D deformable objects like fish that yield when
subjected to external forces and absorb or release energy
through a spring-like mechanism; (3) linear deformable
objects, such as ropes and elastic bands. With the exception
of elastic bands, we model all types as links or point masses
interconnected by compliant revolute joints. We denote by
X C SE(3) x R™ the C-space of a 3D object with n; links
connected by n; revolute joints, each angle constrained to
[a;,b;] C [—m, 7] (1 < i < nj), with a special rigid object
case where n; = 0. An element * € X with components
x = (r, q, o), encompasses the position r and orientation (a
unit quaternion) g of the center of mass of the base link of the
object and a vector of revolute joint angles a. The collision
space Xyps indicates a set of configurations for which O
penetrates at least one of the rigid obstacles in the workspace.
The free C-space is given by Xfyee = cl(X'\ Xobs ), Where cl(-)
denotes the closure of a set. We assume that torsion springs
are affixed at each of the revolute joints, resulting in non-
zero elastic potential energy for joint configurations other
than those with o = 0. We consider the following energy
function F : X — R U {0}, combining gravitational and
elastic potential energy [48]:

ng ]
1
E(x) =) migzi + ) 5kjof, @€ X (1)
i=1 j=1

Here, g denotes the gravitational acceleration constant, and
z; represents the height of the center of mass of the ¢’th
link in the world coordinates (gravity in —z direction). «;,
k; denote the angle and the stiffness coefficient of the j’th
joint (k; = 0 is an allowable special case). Configurations
in collision space X,ps have infinite energy by convention.

For a closed loop linear elastic deformable object, such as
a rubber band, we select n;, equally spaced key points along
it and assume these points are loosely interconnected by non-
compressible tension springs. Its C-space is approximated by
X C R3™ with an element ¢ = (71,72, ..., 7y, ). The energy
function is given by

ngy 1
By(x) = Shi(max{[|r; = il - L, 0h)% ()
=1

where © € Xje, L is the rest length of the springs, ¢ and

Ty, indicate identical key points along the enclosed loop.
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Fig. 2: Left: escape energy & (init) of a point-mass object subject to
gravity inside a bowl (green) in a 2D workspace. Right: a synthetic
energy function E(x) on a 2D C-space with its contour map to
illustrate the concept of a soft fixture. We display the relative
increase in energy as relative iso-lines below the energy surface.
Note that the two subplots illustrate two different scenarios.

For this scenario, we do not model gravitational effects and
mass is not explicitly modeled in the energy function.

Caging and Soft Fixtures We introduce the concept of a
soft fixture as an extension of caging to include both rigid
and deformable objects subject to potential energy as defined
above. Let us first recall the classical notion of a cage.

Definition 1: An object in configuration @ipj; € Xjee 1S caged
if iy lies in a bounded path-component of Xfee.

A cage thus restricts the movement of an object from
escaping arbitrarily far away from its initial configuration.

Definition 2: We consider an object in configuration iy €
Xlree t0 be in a soft fixture configuration with respect to an
energy function F if, for some e > 0, there exists a bounded
path-component containing &i,;; Within the sublevel set

Xe(winit) = {33 € Kree : E(x) < E(Scinit) + e}- 3)

We call the supremum of e, such that the condition above is
satisfied, the escape energy E(xin;) of the fixture.

The notion of a soft fixture provides a generalized
form of energy-bounded cages introduced for 2D polygonal
objects [4]. A simple real-world soft fixture example is that
of an object that lies inside a deep bowl under gravity (Fig.
2, left). Escape energy &(«ini) subject to potential energy
then intuitively corresponds to determining the minimal lift
of the object required to remove it fully from the bowl (along
path o1). Note that the light blue region corresponds to the
largest bounded path-component containing &i,i;, confined by
an energy sublevel set. The right of Fig. 2 further illustrates
the concept with a synthetic 2D C-space and energy function.
Consider an xj,; corresponding to the minimum of the
displayed energy function. As the energy threshold increases,
the sublevel set X, (ini:) (denoted by solid lines) is still
bounded, but for X, (xi;) (dashed lines), the sublevel set
becomes unbounded along the x5 axis direction. ey, the
supremum over thresholds corresponding to bounded such
path-components then corresponds to the escape energy in
this scenario. With respect to our definition of the energy
function above, also note that a soft fixture with infinite

escape energy corresponds to the classical concept of a cage
as in Def. 1.

Problem Statement The central challenge addressed in
this paper is the following extension of energy-bounded
caging of 2D rigid bodies to 3D rigid or deformable objects:
Given a 3D rigid or deformable object in a soft fixture
configuration iy, which is modeled as above and subject
to potential energy as in Eq. 1 or 2, determine the escape
energy & (xin) under fixed environmental constraints.

Approximating Escape Energy with Escape Paths

Definition 3: For any feasible path o : [0,1] — Xfee, We

denote the energy cost along o by

C(o) = —E(0(0)) + max E(o(t)). 4
te[0,1]

For a given xjy;;, and feasible path o leading arbitrarily far
away from x;,;, C(0) establishes an upper bound of & (xip;).
We are thus inspired to attempt to find “best escape paths”
that lead infinitely far away from xj,; and encounter the
lowest possible maximal potential energy values along the
way, corresponding to tight upper bounds of escape energy.
If no such escape path can be determined (for example due to
classical caging by obstacles), no finite upper bound estimate
can be established. Since we are working with bounded
obstacles and due to the form of our energy function, we
furthermore simplify the problem to consider only escape
paths from @, to some bounded goal region Xy that is
sufficiently far away from obstacles and has lower energy
values than ;. Once any path reaches this goal region, we
can extend the path to lead infinitely far away from the initial
configuration without further increasing the escape energy.
This ensures that the supremum of energy values over the
infinite extended path is the same as that over the initial
bounded path from @;p;; to Xgoa and makes the problem more
amenable to standard motion planning algorithms expecting
a bounded goal region. The key question we address next
is how to determine candidate escape paths that minimize
C(0o) to provide suitable estimates for &(@init). The left of
Fig. 2 provides an illustration in 2D under gravity with a
sub-optimal escape path o9 and another escape path o that
provides a tight upper bound estimate.

IV. ESCAPE ENERGY ESTIMATION

Iterative Search Our first set of algorithms for
approximating soft fixture escape energy focuses on
searching for feasible escape paths from i, to Agoa
constrained within sublevel sets X, (i) with increasingly
lower threshold e. Specifically, we run an RRT planner
constrained to X, (aiy;), initiating at @iy, with the goal to
reach Xy, positioned sufficiently distant from obstacles.
In our experimental setup, we designate a cubic region
H C R3, situated lower than the workspace obstacles in the
direction of gravity. A path is considered to have adequately
escaped from an initial configuration @i, if it achieves a
configuration gy = ('rg,qg,ag), where r, € H, q, is
arbitrary, and oy, = 0 (in the general formulation). This
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Algorithm 1: Conservative Search

Algorithm 2: Binary Search

1 Initialize, € < o0, t <+ 0

2 Set stopping criteria, fmax

3 repeat

4 At, 0 < RRTSEARCH(X:(@init))
5 if o exists then

6 L é <+ C(o)

7 tt+ At

s until ¢ > t,. or € = 0;

9 Return ¢é, o

approach ensures a goal space consisting of configurations
with reduced total potential energy compared to &ip;.

To approximate the upper bounds of escape energy, we
first employ a simple conservative search (Algo. 1) as a
baseline. In each iteration, we execute an RRT planner
within a finite time budget to find a trajectory entirely within
Xz (@init). This search initially sets é > 0, begins at &y and
connects to Xgq (Line 4). If a feasible path o is found, it
determines an upper bound é = C(c) for escape energy,
and the search recommences within the reduced sublevel
set Xz(xiny) (Lines 5-6). Each discovered path successively
refines this upper bound in practice. If no path is located,
the search repeats within the previous region. The process
concludes when é =~ 0, or upon reaching a preset maximum
iteration or time limit for the motion planner, thus defining
an upper bound é for escape energy & ().

We have also implemented a binary search approach
(see Algo. 2), conceptually similar to the bisection method
described in [34]. This binary search adheres to a divide-and-
conquer principle to locate the escape energy, maintaining
both its lower bound e_ and upper bounds e, while
progressively narrowing the range. In each iteration, we
execute RRT within the sublevel set Xz (i) with € given
by the average of the current upper and lower bounds (Lines
4-5). If a path is found, the upper bound for escape energy
is updated (Lines 6-7) similar to Algo. 1. Otherwise, the
lower bound is updated with é (Lines 11-12). It is worth
noting that in practice, e_ does not necessarily represent a
strict lower bound for escape energy. Given the finite time
budget allocated to RRT, failure to find a path may only
imply a high probability that the range does not contain
the target. Consequently, if energy cost C (o) lower than the
lower bound e_ is discovered, we reset the lower bound to
0 (Lines 8-9).

Energy-biased Optimality Search Building upon the
intuitive algorithms previously discussed, we introduce a
configuration-cost function to prioritize states with lower
potential energy within the framework of a standard RRT*
algorithm3. Let X, C Xfee denote the set of vertices in the
RRT#* graph. We define a cost-to-come function ¢ : X, —
R>o, mapping each vertex in X, to the cost of the unique
path from the root of the tree to that vertex. This function is

3More details are provided at https:/sites.google.com/view/softfixture/.

1 Initialize, € <— 00, t <= 0, e_ < 0, e
2 Set stopping criteria, tyax, €c

3 repeat

4 é=(er+e_)/2

5 At, o + RRTSEARCH(X;(Zinit))
6 if o exists then

7 €4 < C(O’)

8 if C(0) < e_ then

9 L e_ «0

10 else

1 L e_ «— ¢

12 t+—t+ At
Buntil t >t orep =0o0rep —e_ <eg
14 Return e, o

employed during vertex expansion and rewiring, following
the standard sample-and-steer approach typical in RRT*-like
methods. The relationship between a child vertex x., and its
parent vertex Ip, is captured by the recurrence relation of
the cost functions,

c(xen) = max{c(xpa), E(Teh) — E(Tinit) } (5)

with ¢(@i) = 0. Taking vertex expansion as an example,
we define the cost-to-come ¢(Xpey) Of @ new sample Tpey €
Xiree as C(wnew) = max{c(wnear)yE(wnew) - E(winit>}s if
it connects to a nearby vertex T, € A, already in the
graph. This expression for the cost of ., represents the
energy cost from @jpjt t0 Tpew Viad Xpear- The cost function
steers exploration to expand vertices and rewires edges
based on their potential energy-informed cost-to-come. This
approach aims to prune branches of the search tree that are
unlikely to lead to an escape path with minimal energy. Other
asymptotically optimal algorithms besides RRT*, such as
BIT*, Informed RRT*, AIT*, etc., share the cost function
formulation. We specifically employ BIT*, combining the
efficiency characteristics of graph search techniques and
anytime scalability advantages of sampling based motion
planning. A cost-to-go heuristic is not defined for BIT* with
this particular cost function.

V. EVALUATION

This section provides an evaluation of the algorithms
proposed for quasi-static soft fixture analysis. The
examination includes a variety of manipulation primitives
depicted in Fig. 1 and illustrated in the supplementary
video. Two scenarios are further illustrated in Fig. 4.

In these manually created simulation sequences, objects
are subject to gravitational forces and their mobility is
constrained by various obstacles, such as grippers, hands, in-
hand tools, etc. The configurations of objects are recorded
for each frame of the simulation during this process.
Subsequently, we analyze the configuration of each frame
using our proposed methods in a quasi-static manner and

6516



©
o

escape energy / J
(=}
>

. . . K
—bi. —sk— dimension
0.6
0.9 | cons. o BIT* b
o] [ * -
-~ BIT -~ —e— ref.
> > 15
g g
2 = 04 g
3} 5} B
g g
< <
3 3
10
© ©0.26
Ll Lol L1l 7 | | p
100 10t 102 4 8

6
time / s # control points

Fig. 3: Quasi-static analysis of escape energy in two scenarios with 27 and 1 frame, respectively. (i): a ring dangling on a hook and
swinging back and forth (i-1, A, C), and an elastic band trapped by a conical frustum (i-2). (ii): estimated escape energy of the three
algorithms w.r.t a reference as the ring swings downward (dashed lines A, C corresponding to configurations in (i-1)). (iii): convergence
of the algorithms at frame B of (ii). (iv): the escape energy (blue line) of an elastic band in (i-2) with varying numbers of modeling
control points and reference escape energy (red) corresponding to ring configuration @y, in (i-2).
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Fig. 4: Quasi-static soft fixture analysis of the mask-wearing and
fish-scooping scenarios in 44 and 71 frames, respectively. We run
5-12 independent runs of a 5-minute execution of the BIT* planner
for each frame, with 4 illustrated frames.

approximate escape energy per frame to evaluate our
methods. Note that, while kinetic energy is disregarded in
the per-frame soft fixture analysis here, it contributes to the
simulation of the manipulation primitive sequence.

We utilized the Open Motion Planning Library
(OMPL) [49] to implement the proposed motion planners.
Pybullet [50] served as the platform for collision detection,
while forward simulation of bodies under gravity was jointly
conducted in Pybullet and Blender. All experiments are
performed on an Intel Core i9-12900H processor with 14
cores and speeds up to 5.0GHz.

Quantitative Analysis We conducted an analysis to verify
both the accuracy and efficiency of our proposed approaches,

TABLE I: Deviation from reference escape energy

planners BIT* | bi. cons. | AIT* | inf. RRT* | RRT*
error mean | 4.02 453 | 5.54 10.33 | 15.43 18.71
error std. 0.61 1.01 | 0.62 | 0.90 2.53 1.97

with a focus on a rigid ring scenario (Fig. 3, i-1). Intuitively,
we believe an optimal escape path of the ring attains maximal
energy at configurations where it is just barely lifted above
the fish hook to escape with the ring in a vertical plane, as
;. illustrates. We display the resulting escape energy of
this (assumed optimal) reference escape path via . for
each frame of the simulation as a reference curve in part (ii)
of the figure. As can be seen in (ii), BIT* demonstrated a
similar level of performance to the iterative methods across
the frames of the simulation, all of which were closely
aligned with the empirical reference escape energy. We
observed that BIT* converged faster than the other two
methods within a 10-min runtime (Fig. 3, iii).

Convergence in binary search is contingent on the location
of e* within the interval of the initial energy bounds [e_, e ].
When e* is closer to e_, the algorithm converges more
rapidly, as the target resides within the search range in
the initial iterations. A comparative analysis of different
motion planning algorithms for frame B in the hook
scenario in Fig. 3 under our energy cost function was
conducted in Table I. The anytime planners, BIT* and AIT*,
exhibited superior performance in this specific problem
relative to RRT*-based planners. Moreover, we assessed
the accuracy concerning state-space dimensionality within a
simple scenario: an elastic hair tie escaping from a human
wrist (modeled by a conical frustum) as depicted in Fig.
3 (i-2). We model the hair tie as closed elastic loop with
an increasing number of equally spaced vertices connected
by linear segments and an energy function as in Eq. 2.
With the addition of more vertices, we observe an increasing
deviation between estimated and expected reference escape
energy (corresponding to x;..) in Fig. 3 iv). This illustrates
the expected curse of dimensionality problem affecting
sampling-based motion planners in the context of our escape
energy estimation problem.

Qualitative Evaluation In the mask example (Fig. 4), we
focus on a motion primitive where a person manipulates the
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Fig. 5: Physical experiment setup and results. (i-1): the arm’s initial configuration. (i-2): the replication of (i-1) in simulation. (i-3): 3
bowl-like caging tools of various depths, objects (tennis ball, tape, glue stick, banana) for (ii) and toroidal objects with a section cut off,
forming angles of [45°,60°,90°,120°] for (iii). The objects are respectively placed inside one of the bowls as in (i-1). (ii): observed
perturbation level at which objects escape from bowls and estimated normalized escape energy obtained using BIT* with simple objects.
Square, triangle and diamond markers denote small, medium and large bowls, respectively. Eight repetitions are performed in simulation
and physical experiments for each data point. Ellipses showcase standard deviation. (iii): perturbation levels for the toroidal objects.

mask strap by securing it around the ear with two fingers.
The mask strap around the ear is represented as a spring-
loaded open loop, consisting of 8 control points—two fixed
at the filter’s boundary, with the remaining control points
being freely movable (comprising 18 degrees of freedom).
We consider elasticity but disregard the mass of the mask
components, and assume the wearer is holding the central
part of the mask with another hand until the elastic potential
energy of the strap is zero. Consequently, we model a goal
state for soft fixture analysis corresponding to a configuration
in Xy with zero elastic potential energy from which the
mask can be removed arbitrarily far from the face without
increasing elastic potential energy. Note that the illustrated
hand is not considered an obstacle during the soft fixture
analysis, as we are primarily examining the interaction
between the ear and the mask loop. Our initial estimated
escape energy is zero, as the loop has not yet engaged the
auricle (subfigure A) and a mere contraction offers a viable
escape path. However, as the loop progresses behind the
ear (B), begins to contract (C), and snugly fits around the
back of the ear (D), an increased escape energy is estimated,
indicating the stability of this configuration.

In a fish scooping scenario, we approximate an articulated
fish model with n; = 10,n; = 9 (Fig. 4) and consider
primarily its bending deformation, following the natural
curvature of the spine. Initially, a hand, tabletop and
shovel collectively act as obstacles, constraining the fish’s
movement during scooping, and thus the fish needs to lift and
increase the gravitational component of its potential energy
slightly to escape (A, B). As it settles into the shovel, the
shovel lifts from the desk (C). The fish’s elastic potential
energy and the shovel’s mouth opening facilitate an effortless
leftward and downward slide, implying escape energy close
to 0 J. By rotating outward (D), the shovel incline angle
is changed, resulting in an increase in estimated escape
energy corresponding to the intuition that the fish requires
an addition of energy to escape this configuration.

Physical Experiment We conducted physical evaluation
experiments using a Franka Emika Panda robot arm [51].

Bowl-like tools with three varying depths were attached
to the end-effector of the arm (Fig. 5, i-1) and we
positioned four different objects of various shapes within
the bowls to create soft fixture candidates. Increasing levels
of perturbation motions were applied to simulate increasing
external disturbance to the initial configuration of the
arm. The tool, influenced by this perturbation, rotates and
translates randomly, eventually releasing the object (the
object falls out of the bowl) upon reaching a perturbation
level 7 that was recorded. A positive correlation between
perturbation level and mass-normalized escape energy € =
é/(mg), was observed. Here, m denotes the mass of the
object. Normalized escape energy is computed by replicating
the real-world geometry and poses in simulation (Fig. 5, i-2)
and employing our upper bound escape energy estimation
approach.

In a second experiment, we examined toroidal objects with
cutouts (Fig. 5, i) to explore the empirical escape perturbation
levels in relation to normalized escape energy, specifically
with narrow C-space tunnels. Tori with a smaller cutout
demonstrated resistance to higher perturbation levels and
exhibited slower convergence in escape energy estimation, as
is to be expected as this behavior stems from the necessity
for denser sampling to find a feasible path through the narrow
C-space tunnel (Fig. 5, iii). The observed exponential trend
underscores that € only partially characterizes the escape
probability in complex scenarios exhibiting low-clearance
escape paths since escape energy for all these cut-out objects
intuitively is identical and corresponds to a small lift and
sidewards escape motion.

VI. CONCLUSION

We presented steps towards extending caging-based
manipulation to novel scenarios involving both rigid and
deformable objects. The energy-function based sublevel
set analysis approach investigated here can, we believe,
provide a fruitful long-term research direction, with many
interesting challenges, such as the creation of algorithms for
soft fixture synthesis (rather than analysis) and the inclusion
of dynamic rather than quasi-static settings in the analysis.
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