2304.04822v2 [cs.RO] 29 Jan 2024

arxiv

IEEE ROBOTICS AND AUTOMATION LETTERS. PREPRINT VERSION. JULY, 2023

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.

Robust Body Exposure (RoBE): A Graph-based
Dynamics Modeling Approach to Manipulating
Blankets over People

Kavya Puthuveetil', Sasha Wald!, Atharva Pusalkar’, Pratyusha KarnatiZ, and Zackory Erickson!

Abstract—Robotic caregivers could potentially improve the
quality of life of many who require physical assistance. However,
in order to assist individuals who are lying in bed, robots must
be capable of dealing with a significant obstacle: the blanket
or sheet that will almost always cover the person’s body. We
propose a method for targeted bedding manipulation over people
lying supine in bed where we first learn a model of the cloth’s
dynamics. Then, we optimize over this model to uncover a given
target limb using information about human body shape and
pose that only needs to be provided at run-time. We show how
this approach enables greater robustness to variation relative to
geometric and reinforcement learning baselines via a number of
generalization evaluations in simulation and in the real world.
We further evaluate our approach in a human study with 12
participants where we demonstrate that a mobile manipulator
can adapt to real variation in human body shape, size, pose,
and blanket configuration to uncover target body parts without
exposing the rest of the body. Source code and supplementary
materials are available online’.

Index Terms—Physically Assistive Devices, Physical Human-
Robot Interaction, Model Learning for Control

I. INTRODUCTION

OR individuals who have substantial mobility impair-

ments, robots that can provide physical assistance with
activities of daily living (ADLs) hold significant promise
to improve their independence, agency, and quality of life.
Many people require assistance while in bed, often because
their disease or injury prevents them from getting out of bed
independently. In order to provide care in bed, the first, natural
step is to manipulate and uncover blankets that generally will
be covering the person’s body, which human caregivers are
able to do with ease. It is therefore critical for robots to
be able to manipulate blankets to uncover parts of the body
and enable other assistive tasks to be performed. Robotic
caregivers should be able to ensure the privacy and comfort of
the person they are assisting by exposing individual limbs or
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Fig. 1. Using RoBE to expose both lower legs of a participant in the real
world using a Stretch RE1 mobile manipulator.

small sections of the body necessary for the completion of the
task, just as human caregivers are trained to do [1], instead of
removing the blanket entirely.

Previous work has considered reinforcement learning (RL)
and self-supervised learning approaches for targeted bedding
manipulation around people [2]. However, these model-free
methods make several assumptions that limit their practicality
and performance. For example, the robot must have a separate
model-free bedding manipulation policy for each body part
that we aim to uncover. On top of this, any changes to the
action space based on the workspace of the robot requires
each policy to be retained, which is an expensive process.
Furthermore, prior approaches do not include any explicit
representation of the cloth so variation in initial cloth state,
or in other environmental factors such as human body shape,
size, or pose, can degrade performance.

In this work, we propose a new method for bedding manip-
ulation, which we call Robust Body Exposure (RoBE), that
explicitly reasons about the blanket over the human body,
allowing for greater flexibility and improved generalization
to variation in the environment. Using data collected in sim-
ulation, we first learn a cloth dynamics model that takes in
graphs of voxelized point clouds as input. Then, we plan over
this model using a representation of the human’s pose and
body shape in order to uncover a given target, both of which
only need to be provided at run-time.

We show the robustness of RoBE when compared to ge-
ometric and reinforcement learning (RL) baselines using a
number of in-distribution and generalization evaluations. We
further compare our method to these baselines in the real
world, deploying all approaches on a real robot to manipulate
blankets over a manikin in a hospital bed. Lastly, we conduct
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a human study with 12 participants to demonstrate RoBE’s
ability to adapt to both a robot’s physical operating constraints
and to challenging variations in real human body shape and
pose, thus enabling us to uncover a variety of body targets in
the real world without additional training on real-world data.
For example, Fig. 1 shows the robot executing a trajectory to
uncover both of the lower legs.

Through this work, we make the following contributions:

« We introduce a data-efficient and robust approach for tar-
geted bedding manipulation around people that leverages
graph-based cloth dynamics modeling.

« Through a series of evaluations, we quantitatively show
that our method is more generalizable than existing
reinforcement learning and geometric baselines, and can
be easily transferred to real world robots.

o We present a human study using a mobile manipulator
to uncover real people lying in bed. In this study, we
demonstrate the effectiveness of our simulation-trained
models in manipulating bedding in the real world, subject
to real variation of human body shape, body size, and
pose, as well as blanket configuration.

II. RELATED WORK
A. Data-Driven Cloth Manipulation

Early development of vision-based cloth manipulation
strategies focused on leveraging traditional perception-based
algorithms to identify cloth features, like corners, wrinkles,
and hems, to inform manipulation [3], [4], [5], [6], [7], [8].
Since then, a number of data-driven approaches have emerged
to improve generalization to different cloth shapes and config-
urations. These learning-based methods can be broadly defined
as either model-free or model-based.

Model-free policies are often trained using imitation learn-
ing [9], [10], reinforcement learning [11], [12], [13], [2],
or learning a value function [14] to complete smoothing or
folding tasks. While these policies can achieve reasonable task
performance on conditions in-distribution, they can struggle to
generalize to unseen variation in cloth state, etc.

By contrast, model-based approaches are instead centered
on learning a dynamics model of the cloth that can then
be used for planning. Some previous work has attempted to
learn visual cloth dynamics from RGB-D images [15], [16].
Contrastive predictive modeling has also been explored for
learning a latent representation of cloth dynamics [17]. Recent
advances have implemented particle or mesh-based dynamics
models, which, unlike the previous approaches, explicitly rea-
son about the topology of the cloth [18], [19], [20], [21], [22].
While model predictive control (MPC) is used to plan over
dynamics models in many of the above approaches, Huang et
al. demonstrate how test-time optimization can be used to plan
over a mesh-based dynamics model [22], a principle that we
use in our approach.

B. Cloth Manipulation for Caregiving In and Around Bed

Despite the great need for robots that can provide assistance
to individuals while lying down in bed, previous work in
this area is sparse. Kapusta et al. developed an interface

that enabled a user with quadriplegia to teleoperate a robot
to manipulate a blanket down from the user’s knees to his
feet [23]. While making an empty bed is not a physically
assistive task, it is still a common home task that people with
disabilities may require assistance with. Seita et al. tackle
this problem with a self-supervised learning approach that
uses depth images to select pick-and-place actions to pull
a blanket over a bed [8]. In our own previous work, we
began investigating how blankets could be manipulated over
a person lying in bed to uncover target parts of their body via
RL and self-supervised learning [2]. Seeking to address the
shortcomings of our previous approach, including its limited
capacity to generalize to a variety of new conditions and
expensive training process, we introduce a new formulation of
the bedding manipulation task that optimizes over a dynamics
model to find bedding manipulation trajectories.

III. MODEL-BASED BEDDING MANIPULATION

In this section, we describe our dynamics modeling ap-
proach, including our action space, graph representation of
cloth, and methodology for collecting data from simulation
for model training. We then establish an objective function
and discuss how it is used while optimizing over a trained
dynamics model to complete the bedding manipulation task.
Lastly, we present our set-up for evaluations in the real world.
Our approach is summarized in Fig. 2.

A. Dynamics Modeling

We model cloth interactions for the bedding manipulation
task as 2D, linear pick and place trajectories. These robot
actions a are 4D vectors containing the 2D position of the
grasp (pick) location, a, = (agx,d,y), and release (place)
location @, = (a,x,ary). The action space A, where a given
action @ = (ag x,dg,y,drx,ary) €A, is constrained to a bounded
planar region corresponding to the top surface of a standard
hospital bed such that agy,a.x € (-0.44 m, 0.44 m) and
gy, ary € (-1.05 m, 1.05 m).

We represent the state of the cloth as a graph G = (V,E)
where the nodes V = {v;},—;._y represent particles that com-
pose the cloth and edges e;; € E represent the connectivity of
two nearby particles v; and v; on the cloth. For every cloth
particle p; € P’ in the voxelized point cloud P’ we create a
node v; € V that encodes the particle’s 2D position, v; = p;.
A vparticular edge, e;; € E, exists between given nodes v;
and v; if the Euclidean distance between nodes is less than
some distance threshold, d: ||n; —nj||» < d. We also provide
a candidate action a used to manipulate the cloth as a global
vector, which is appended to each node. We encode a 2D
projection of a cloth particle’s position in the graph instead of
its 3D position to ensure depth invariance of models trained
using this graph representation. In an evaluation presented on
our webpage, we find that both 2D and 3D cloth dynamics
models perform similarly when used to manipulate bedding.

Graph neural networks (GNNs) have been well demon-
strated for effectively learning cloth dynamics to predict how
a robot’s actions will perturb a cloth state, particularly using
the standard Graph Network-based Simulators (GNS) archi-
tecture [19], [21], [24]. In this work, we build a GNS-based
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Overview of our approach: A) We generate a set of body points from an observation of a person’s pose. B) We cover them with a blanket, then

capture and process an initial cloth point cloud for composition of a graph. C) Given an input graph, we run an optimization loop over the dynamics model
to find an action that uncovers a target body part. D) We generate an initial prediction of performance before executing the best action in the real world.

GNN with 4 processing layers that acts as a dynamics model
F(G,a) = AV that, given a cloth graph G and a candidate
action a, outputs the predicted displacement of all nodes in
the graph after execution of the action AV.

B. Dynamics Model Training in Simulation

We train our GNN in simulation with the PyBullet physics
engine [25], which models the physics of planar deformables
like cloth as a mass-spring system [26]. We interface with
PyBullet via Assistive Gym [27], a simulation framework
for physically assistive robotics. We utilize the same bedding
manipulation environment presented in our prior work [2], in
which we allow a capsulized human model of fixed body
size to settle on a hospital bed in a supine pose with some
variation in its joints positions. A blanket, represented by a
1.25m x 1.7m grid mesh with mass, friction, spring damping,
and spring elasticity tuned to match a real-world blanket, is
then dropped onto the bed from a fixed position so that most of
the human body, with the exception of the head and neck, will
be covered. We treat the vertices of the ground truth blanket
mesh as points in a point cloud P.

To interact with the cloth given an action a, we first anchor
a spherical manipulator, representing a robot’s end effector, to
the closest cloth point px to the grasp point a,. We find the
cloth point p* via p* = argmingcpe 1 10) ||P’ — agll2, where
p' represents the 2D position of a cloth point in point cloud P
after being projected to a 2D plane, defined by the top surface
of the hospital bed, via the Hadamard product, P® (1,1,0).
The manipulator then lifts the cloth off of the human by
translating upwards to a fixed height of 40cm to avoid collision
with the human body while executing an action. This fixed lift
distance corresponds to the maximum lift height of the robot
used in our real-world evaluations, described in Section III-E.
After lifting the cloth, the manipulator moves linearly between
the grasp location, a,, to the release location, a,, before finally
releasing the manipulator-cloth anchor to drop the cloth. An
example of a single simulation rollout, from environment setup
to trajectory execution is pictured in Fig. 3.

To collect training data for our dynamics model, we uni-
formly sample linear trajectories from the action space A to
perturb the cloth in a given simulation rollout. If a randomly
sampled action contains a grasp point a, that is not over the
cloth (i.e., there are no cloth points p within A =2.8cm of a,
such that 3p’ € P® (1,1,0) : ||ag — p'||» < A), we re-sample
actions until the grasp point is valid. We collect a dataset of
size 10,000 (P,a,Py) pairs where P is the initial cloth point

Fig. 3. A simulation rollout: 1) We initialize a human model above the bed.
2) After the human model settles on the bed, we initialize a blanket above
them. 3) We drop the blanket onto the human model and the end effector
picks up the blanket at the grasp location. 4) The blanket is lifted upwards
before being moved to the release location.

cloud, a is the action, and Py is the final cloth point cloud
after the action is executed.

For each initial cloth state and action pair in the random
interaction dataset, we compose a graph G = (V,E) as de-
scribed in Section III-A, where the nodes V correspond to
points in a processed cloth point cloud P’. To compute P’
from a given raw cloth point cloud P, we first rotate blanket
points that hang over the side of the bed up to the bed
plane. Rotating overhanging points, as visualized in Fig. 2-B,
allows us to more accurately retain the full geometry of the
blanket in the graph, which only encodes the 2D position of
any particular cloth point. Our methodology for applying this
rotation is described in detail on our webpage. After rotating
the overhanging cloth points, we downsample the point cloud
using a 5 cm centroid voxel grid filter [28]. Lastly, we project
all of the cloth points to the 2D bed plane, yielding the
processed point cloud P’

We train a dynamics model F(G,a) = AV, based on the
GNS architecture, that given an input graph G that represents
a cloth’s initial state and a proposed action a, predicts the
displacement of the cloth AV after execution of a cloth
manipulation trajectory. We train our models over 250 epochs
on 10,000 graphs—enough training data for performance to
saturate—using the Adam optimizer with a mean squared error
loss function, batch size of 100, and learning rate of le-4.
We evaluate our dynamics models when used in the RoBE
framework for the bedding manipulation task in Section IV.

C. Determining Covered Body Parts

To assess whether areas on the body are covered or un-
covered, we represent the human body using a set of 384
discrete, uniformly spaced, points . To generate this set of
points, we capture a 28D observation of the human’s pose,
s, defined by the 2D positions of 14 different joints. We also
use a set of nine body shape measurements that includes the
radius of several body segments. The 14 joint positions and the
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nine body shape measurements we use are pictured in Fig. 4.
We uniformly distribute points across the area of each body
segment, as calculated using their length and radius/width, to
build our representation of the human.

From a set of human body points ¥, we can determine
whether a given body point x € ) is covered or uncovered
by the final state of the cloth Vy =V + AV via the function:

0 ifEVfEVfIHx—VfHQ<7L
1 otherwise

Clx,Vy) = { 6]
which states that a body point x € ) is considered covered
(C(x,Vy) = 0) if there are any cloth points within A =2.8cm
of it, otherwise it is considered uncovered (C(x,Vy¢) =1). The
threshold A was tuned manually in previous work [2].

D. Optimizing over Dynamics Models

Following training, we use our dynamics models to predict
how the state of a cloth will change when manipulated using
a proposed action. Compared to physics simulation, forward
passes of our GNNs can be run within a fraction of a second.
This enables them to be used in optimizing for actions that
generate favorable cloth states in close to real time. Favorable
cloth states uncover a target body part without exposing the
rest of the body. We define ten discrete targets: the right arm,
right lower legs, right legs, left arm, left lower legs, left legs,
both lower legs, upper body, lower body, and entire body. The
set of all body points } can be further divided by whether they
are target body points ¥;, non-target body points ¥, or points
on the head )y, such that X, xn, xn C X

In order to optimize for actions that uncover the body in a
targeted way, we define an objective function:

O(%va?“) = aOt(Xth) +¢OH(X7Vf) +0h(7{h>Vf) +Od(a)

These terms represent, in order, a reward for uncovering
target points and penalties for uncovering non-target points,
covering the head, or choosing excessively long actions.
a =100 and ¢ = 100 are scalar weights that can be used
to modify the reward for uncovering target points and penalty
for uncovering non-target points, respectively.

The reward for uncovering target body points is given by:
0041, Vy) = —0t (pr/|24]) where p, = Yy, C(x,Vf) counts
target points uncovered and |);| is the cardinality of set ;.

The penalty for uncovering non-target body points is:

On(x’vf) = Z C(x’ Vf) *F(anZ) *E'(}Cv%t)

XEXn

2

where I'(x, %) = argmin,., [|x* — x| is a scaling function
that adjusts the penalty weight of a given non-target point
X € ), based on its distance to the closest target point x* € ;.
This term operates on the intuition that uncovering non-target
points close to the target limb may be inevitable in some poses.
We reason that uncovering such points should not incur as
much cost as uncovering those that are farther away from the
target (i.e. are theoretically easier to avoid uncovering). We
also account for the increased difficulty of uncovering smaller
targets with the scaling term E(yx, /) = Wi‘lﬂlhl) which
further adjusts the penalty for uncovering a non-target body

— g
Generate Body Points

Capture Body Shape

Capture Body Pose

Fig. 4. Capturing human body shape parameters and pose in the real world:
1) Measuring each of the nine body segments, 2) Adjusting the estimated
position of the 14 joints in observation s to better match the ground truth
pose, 3) visualization of all the virtual points generated along the body.

point based on the relative size of the target, defined as the
ratio between the number of target points and the number of
non-target and head points.

We also include a heavy penalty for covering parts of
the head, Oy(xn,V¢) = 20 (pn/|xn]) where p, = |xn| —
Yoeu C(p,Vy), since doing so is generally against human
preferences. Lastly, Oy(a) = 150 is a penalty applied when
the Euclidean distance between grasp and release points,
lla- —ag||2, is greater than 1.5m. Otherwise, O4(a) = 0.

With a trained dynamics model and an objective function,
we can introduce an optimizer, in our case covariance matrix
adaptation evolution strategy (CMA-ES) [29], to identify opti-
mal bedding manipulation trajectories to uncover people in bed
in real time. Given an initial processed cloth point cloud P,
on each iteration of CMA-ES, a graph G is constructed with a
new sampled action, @, and then fed into the dynamics model
to predict the displacement of the cloth AV. We then compute
the final cloth state Vy =V + AV, construct the set of all points
along the body x from an observation of human pose, define
Xty Xns Xn © x for a specific target limb, and finally evaluate
objective function O(y,Vy,a) before re-sampling a new set of
actions based on the cost value. We allow CMA-ES to optimize
over the action space A for 38 iterations using a population size
of 8 (304 total function evaluations), or until O(x,Vy,a) > 95.
Optimization hyperparameters are further described on our
webpage.

Compared to other bedding manipulation methods, our
strategy of optimizing over a dynamics model allows us
to uncover new targets, modify objectives, or change the
importance of sub-objectives, all in real time without needing
to retrain. For example, we can, without retraining, restrict the
optimizer search space to a given robot’s workspace, which we
demonstrate in Section III-E, or modify weights « and ¢ in
O(x,Vy,a) to prioritize uncovering the entirety of a target with
less concern for uncovering non-target points.

E. Real World Implementation

We implemented RoBE using a Stretch RE1 mobile manip-
ulator [30] to demonstrate its efficacy in the real world.

In order to capture a complete point cloud of the blanket,
including points hanging over the sides of the bed, we use
three cameras affixed above, and on the right and left sides
of, the bed. After capturing point clouds from each camera
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Fig. 5. Comparison of the action space used in simulation, A, and the action
space used in the real world implementation, Agw .

and applying color segmentation and position-based cropping
on the point clouds to isolate the points on the blanket, we
perform Iterative Closest Point (ICP) registration over 5e6
iterations to reconstruct a single point cloud of the blanket.

Before manually covering the human with the blanket, we
capture an RGB image using a camera mounted above the
center of the bed. We feed this image into BlazePose, as
implemented in Google’s MediaPipe Pose [31], to capture an
estimate of the human’s joint positions. Although we currently
rely on pose estimation methods that require an RGB-based,
unobstructed observation of the human body, future work
could instead use occlusion-invariant methods that use images
from a bed pressure mat [32] or from an depth camera [33].
Such methods may also help alleviate concerns associated with
the use of RGB cameras in private areas. Using a custom
GUI, we manually adjust pose estimates from BlazePose for
better alignment with the body and also take body shape
measurements, thus allowing us to generate the set of body
points . Fig. 4 depicts this process.

Using fiducial tags fixed to each of the corners of the bed,
we find the center of the real-world hospital bed, allowing
us to transform the point cloud of the blanket and the human
pose estimate to a planar global coordinate system comparable
to that used in simulation. We apply the same point cloud
preprocessing steps as in simulation, including rotation along
bed edges, voxelization, and 2D projection. This allows us to
construct an input graph to the dynamics model and optimize
the objective function, as described in Section III-D, to find
an action that uncovers a specific limb without fine-tuning.
The Stretch robot’s maximum arm extension (52 cm) does
not allow it to reach across a hospital bed (88 cm wide),
however, our approach can easily accommodate the robot’s
physical limitations by simply restricting the search space for
CMA-ES to the robot’s workspace, which does not require
any retraining. We also restrict the search space to prevent the
robot from grasping near participants’ head or neck, which
could cause discomfort. The resulting action space Agw used
in the real-world experiment is defined such that agy,a,, €
(0 m, 0.44 m), a,, € (-0.525 m, 1.05 m), and a,,, € (-1.05 m,
1.05 m), as shown in Fig. 5. To account for the robot’s limited
reach, we only attempt to uncover seven of the ten targets
enumerated in Section III-D in the real world, excluding the
left arm, lower leg, and leg.

We provide computed actions to the robot for execution. At
the beginning of a given trial, the robot uses its pan-tilt camera
to observe the fiducial markers on the corners of the bed and
localize itself to the real-world global coordinate system that
the grasp and release points are defined with respect to. The

Target: Right Arm

w9 - G |

Robot Executing a Bedding Manipulation Trajectory

Final State

#
Initial State

Non-Target, Covered ® Target, Covered ® Non-Target, Uncovered Target, Uncovered

Fig. 6. Executing RoBE to uncover a participant’s right arm: 1) The initial
pose of the participant and action to be executed. 2) The robot grasps the
cloth at the grasp locations, 3) lifts the cloth, 4) linearly moves the cloth to
the release location, 5) and drops the cloth. 6) The final state of the cloth and
the target and non-target points that have been uncovered.

robot moves its end effector to the grasp location with its
gripper closed, then lowers the gripper until it contacts the
blanket, as detected by effort sensing in the robot’s actuators,
to complete the grasp. It lifts up by 3cm to open its gripper,
lowers to the cloth to close its gripper on the blanket, and then
raises its end effector to 40cm above the bed before moving
linearly to the release location to drop the blanket. Lastly,
we capture an image from the above-bed camera to use in
evaluation of the robot’s performance. This sequence of trial
events is shown in Fig. 6. Completion of a real-world trial,
from capturing pose to executing an action, takes 4-5 min, of
which the robot motion takes ~1 min.

IV. EVALUATIONS
A. Evaluation Metrics

We perform experiments both in simulation and in the real
world to assess the efficacy of our method. We define and
compute the following metrics to assess task performance:

« True positive (TP) = p;

o False negative (FN) = |x:|—p:

« False positive (FP) = y(pn)

_ TP
« F-Score (F1) = TP+0.5(FPTFN)

TP is the number of target body points that are correctly
uncovered while FN is the number of target points that
remained covered. FP is a weighted representation of the
number of non-target points that are uncovered, y(p,):

ifwxi<l1

= otherwise

Pa .
Wx1
COEDY {1
where p, =Y ,c,, C(p,Vy) is the total number of non-target

points uncovered and w = % is a weighting factor represent-

ing the size of a target limb relative to the size of the entire
body. Similar to Equation 2, y(p,) operates on the intuition
that, when evaluating a bedding manipulation outcome, people
are willing to accept that some non-target body points may
inevitably be uncovered, like when uncovering regions of the
body that are spatially close to other regions (e.g. uncovering
an arm that is resting on the stomach).

Finally, F; is a weighted measure of the robot’s accuracy at
performing bedding manipulation, where F; € [0, 1].
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B. Baselines

We compare RoBE to two baselines, including a geometric
approach and a reinforcement learning method:

1) Geometric Baseline: This approach is founded on two
assumptions that: 1) there exists a geometric relationship
between the cloth and human pose that can be leveraged
to uncover a blanket from part of the body and, 2) the
cloth behaves like paper—pick and place actions can produce
straight-line or accordion folds. To compute actions that “fold”
the cloth over the body to uncover a target limb, we apply
three strategies depending on the target to be uncovered; Arms:
grasps the edge of the cloth, pulls towards the midline of the
body on a path normal to the length of the arm; Lower Body
Targets: grasps along the midpoint of the target, pulls towards
the head on a path parallel to the limb; Upper Body and Entire
Body: grasps between the shoulders, pulls toward the feet on
a path that bisects the body. We provide formal definitions of
how each strategy computes these pick and place trajectories
on the project webpage.

2) Reinforcement Learning: For this baseline, we use prox-
imal policy optimization (PPO), a model-free deep RL method,
to train policies to uncover a single target limb as demonstrated
in prior work [2]. We train a single policy for each of the ten
target limbs, using —O(y,Vy,a) as a reward function and the
28D representation of human pose s as the observation, similar
to prior work [2]. Running PPO in the real world required the
expensive process of training a second set of policies for each
target limb, this time using the action space Agw .

We evaluate all methods both in simulation, described in
Section IV-C, and in the real world with a medical manikin,
described in Section IV-D.

C. Evaluating Generalization in Simulation

We conduct all simulation evaluations over 500 rollouts
where both the environment’s state and the target limb are
randomized over the following generalization conditions:

1) Training (Training Dist.): The model training conditions
(Section III-B), including some small human pose variation
with fixed body size and initial blanket configuration.

2) Human Body Shape and Size Variation (Body Dist.):
For this condition, we introduce large variation to the human
body shape and size by fitting the capsulized human model
to a SMPL-X body mesh [34], defined using 10 uniformly
sampled body shape parameters 8 € U(0,4), before dropping
the model onto the hospital bed as described in [2].

3) High Human Pose Variation (Pose Dist.): We apply
additional pose variation beyond that used in the training
distribution by adding a & to the joint angles of both of
the capsulized model’s elbows and knees. For each of these
four joints, this § value is uniformly sampled from the range
(Bmin + 1 rad, 64y — 1 rad), where 6, and 6,,,,, are the limits
of a given joint’s range of movement [27].

4) Initial Blanket Variation (Blanket Dist.): We modify the
initial blanket configuration by introducing variation uniformly
sampled between +2cm to its x position, [—25,5] cm to its
y position, and £45 degrees to its yaw 6, orientation before
dropping the blanket onto the human.

TABLE I
GENERALIZATION PERFORMANCE (F]) IN SIMULATION AND IN A
REAL-WORLD MANIKIN STUDY

Approaches
Evaluation Conditions

RoBE PPO Geometric
Training Dist. 0.77+£0.23  0.25+0.40 0.414+0.23
Body Dist. 0.72+0.25 0.31+040 0.43+0.23
Pose Dist. 0.67+0.29 0.26+0.38  0.39+0.26
Blanket Dist. 0.72+0.25 0.2740.39  0.39+0.25
Combo. Dist. 0.65+0.30 0.33+0.38 0.41+0.31
Manikin Study 0.81+£0.12 0.23+0.32  0.63+0.16

Upper Body, F, =089 Left Leg, F, = 0.83 Left Arm, F, = 081 Right L. Leg, F, = 0.75

Left L. Leg, F, = 0.45

L F, =016

Initial Cloth State @ Final Cloth State © Non-Target, Covered ~ ® Target, Covered @ Non-Target, Uncovered @ Target, Uncovered

Fig. 7.  Representative rollouts of our approach when evaluated on the
combination distribution.

5) Combination (Combo. Dist.): We use all variations from
the Body, Pose, and Blanket Dists., resulting in challenging
environmental states relative to the Training Dist.

Performance of our approach and both baselines on each
generalization condition is summarized in Table I. We find
that across all generalizations, our method achieves the high-
est F-scores, followed by the geometric approach, and PPO
respectively. The poor performance of PPO policies can be
attributed to them often selecting trajectories that induce little
to no displacement of the cloth (e.g. not grasping the cloth at
all, picking up and releasing the cloth in effectively the same
place). The geometric approach does slightly better, but its
predefined strategies limit its ability to generalize to a larger
variety of poses and blanket configurations.

By contrast, our approach leverages a learned model that
is close to the cloth’s true dynamics when optimizing for
actions. RoBE’s F-scores vary from 0.65-0.72 on generaliza-
tion conditions compared to 0.77 on the training distribution.
Fig. 7 shows representative samples of how RoBE performs
on the combination distribution and provides context to how
F-score varies depending on the manipulation outcome. We
observe decreased dynamics model accuracy when the cloth’s
dynamics are more complex (Pose, Combo. Dists.), thus
degrading task performance. Future work may consider how
reasoning about the underlying connectivity of the blanket can
improve performance in these cases [21], [22]. As shown in
Fig. 7, we also note that some target limbs are near impossible
to uncover in isolation due to the human body shape, pose,
and initial blanket state.

D. Manikin Study

We compare our approach to baselines in the real world
by deploying the robot to uncover target limbs of a medical
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TABLE II
PERFORMANCE (F7) PER LIMB IN THE REAL WORLD AND SIMULATION

Human Study Simulation
Target Body Part

Predefined  Randomized Combo Dist.

Right Arm 0.77+0.29 0.70+0.26 0.50+0.32
Right Lower Leg ~ 0.9540.05 0.51£0.33 0.57+0.29
Upper Body 0.88+0.05 0.89+0.12 0.87+0.12
Right Leg — 0.51+0.24 0.524+0.22
Both Lower Legs — 0.67+£0.27 0.77£0.18
Lower Body — 0.61+£0.28 0.84+0.10
Entire Body — 0.87+0.05 0.96+0.09
Overall (Mean) — 0.68+0.27 0.65+0.30

manikin lying in the hospital bed. In the study, we evaluate all
three methods for uncovering each of the seven target limbs
on a set of three poses (3 methods x 3 poses x 7 targets =
63 total trials). Table I summarizes the performance of each
approach in the real world over the manikin. These results
are generally consistent with what we observed in simulation,
with RoBE (F; = 0.81) outperforming the geometric approach
by 0.18 and PPO by 0.58.

E. Human Study

To evaluate the performance of our method in the real
world, we run a human study (Carnegie Mellon University
IRB Approval under 2022.00000351) with 12 participants
(six female) with informed consent. For each participant,
we demonstrate ten bedding manipulation trials (120 trials
in total across participants). The ten trials are executed in
two phases. The first phase consists of three trials where
the participant is asked to assume a predefined pose, shown
in the leftmost column of Fig. §, and the robot attempts to
uncover a predefined target body segment. By holding the
pose and target constant, we examine the performance of our
method given variation in body shape and size alone. The
remaining seven trials are a part of Phase 2, in which we ask
participants to assume any supine pose of their choosing and
we randomly select a target body part to uncover. This second
phase allows us to evaluate the robustness of our approach
to a large set of unscripted resting poses. Since our approach
operates under the assumption that the human’s pose is static,
we ask participants to stay still during a given trial.

The mean F-score achieved by our method across target
limbs in each phase of the human study is summarized in Ta-
ble II. For comparison, we provide the detailed generalization
results of our approach in simulation using the Combo. Dist.
A representative selection of trials from Phase 1 and Phase 2
are visualized in Fig. 8 and Fig. 9, respectively.

In the Phase 1 trials, where both pose and target limbs were
predefined, we observe strong performance when uncovering
the right lower leg and upper body, with high mean F-scores
(> 0.88) and low standard deviations (0.05), indicating that we
can reliably uncover these targets despite variation in human
body shape and size. We see lower performance (F; = 0.77)
in uncovering the right arm. The increased standard deviation
relative to the other two targets suggests that the right arm
is a more challenging target to uncover for some body sizes.

Target: Right Arm

Target: Right L. Leg

e (= an
F, =088

’: —A&'%

F, =1.00

Predefined Pose F, =1.00 F, =094

&

Target: Upper Body

Predefined Posé

F; =085

o r‘l‘
| =092

F, =091 F, =089

Non-Target, Covered  ® Target, Covered @ Non-Target, Uncovered © Target, Uncovered

Fig. 8. Representative performance from the first phase of the human study
where both the target limb and participant’s pose are predefined. Images of
the predefined poses shown to participants are in the leftmost column. Results
are ordered in decreasing F-score.

Yet, overall we observe that the generalization of our approach
across real variation in body shape and size is promising.

In Phase 2, we evaluated our approach on a variety of
challenging scenarios where participants selected their pose
and we randomized the target. We observed high performance
consistent with simulation for most body targets.

Of the failure cases we observed, we found that many were
less due to errors in our model and more attributable to the
robot failing to complete a given trajectory. Topographical
features created by the body that are normal to the bed’s
surface, such as upturned feet or knees bent upwards, could
generate high frictional forces as the robot attempts to drag
the blanket over them. For longer trajectories, these forces can
become so high that they can keep the robot from advancing
forward or can pull the blanket out of the robot’s gripper. A
failure case demonstrating an example of this phenomenon is
shown the bottom right in Fig. 9.

Although using a robot that can pull at higher forces could
potentially resolve this problem, there may be safety concerns
with doing so. Instead, future work may consider incorporating
feedback from estimated force and contact maps, as has been
previously demonstrated for robot-assisted dressing [35], [36],
[24], to modify or inform bedding manipulation trajectories.
Aside from some limitations with our mobile manipulator,
the results achieved in the human study with our current
approach remain promising towards achieving robust bedding
manipulation in the real world.

V. CONCLUSION

In this work, we leverage gradient-free optimization over
simulation-trained graph-based cloth dynamics models to in-

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.



Entire Body, F,

=

Initial State

Final State

Final State
a =}

Initial State

Final State
G4 A g q

Initial State

3 { i

Both Lower Legs, F; = 0.85

=0.93

= A [ L
Both Legs, F; =0.0

Right Arm, F; = 0.77 Right Lower Leg, F| = 0.59
Non-Target, Covered

® Target, Covered ® Non-Target, Uncovered Target, Uncovered

Fig. 9. Example images from the second phase of the study where participants
chose their own supine poses and the target limb was randomized. Results
are ordered in decreasing F-score.

form targeted bedding manipulation over people. One of
several benefits of this strategy is the capability to change the
objective function and goals in real time without retraining.
Compared to geometric and reinforcement learning baselines,
our approach is robust and generalizable, as demonstrated by a
battery of evaluations in simulation and in the real world with
a medical manikin. In a human study, we also demonstrate
RoBE’s efficacy when performing targeted bedding manip-
ulation over real people. We observed that our approach
had promising performance uncovering targeted body regions
across different human body sizes, variations in human pose,
and different blanket configurations.
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