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Abstract

Robotic cloth manipulation will be important for assistive robots. To thoroughly evaluate progress in this field, a Cloth
Manipulation and Perception Competition was organised at IROS 2022 and ICRA 2023. In this article, we present the
system that won the folding track at IROS 2022 and the folding and unfolding tracks at ICRA 2023. By combining visual
and tactile information with engineered motions, we built a system that can generalise to a range of patterned towels
made from various materials, as required for the competition. We describe our system and its limitations, which we relate

to future work with the goal of creating systems that can deal with any cloth, robot, or surface.
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Introduction

Clothing is omnipresent in everyday human environments
like households and healthcare facilities. Interacting with
cloth is hence an important skill for assistive robots.'?
However, due to high deformability, complex dynamics,
self-occlusions, and a high-dimensional state space,
robotic cloth manipulation, and perception remain challen-
ging.” In the subdomain of robotic laundering, various
systems have been created over the years, focussing
mainly on unfolding*'® and folding.*>’ Significant pro-
gress has been made, but none of these systems approach
human performance for arbitrary cloth pieces.

Comparing systems objectively is difficult. First of all, the
specific cloth items used for evaluation have a significant
impact on the performance due to the enormous diversity in
possible shape, material properties, and appearance.'’ In add-
ition, many aspects of the environment have an impact on

system performance, such as the roughness of the working
surface.® Furthermore, the procedure to obtain an initial
cloth state can influence the outcome.'’ Indeed, some
objective metrics have been widely adopted, like the cover-
age metric,”'? but these do not perfectly correlate with the
human notion of good folding or unfolding.

To better compare different systems and to advance pro-
gress through standardisation, Garcia-Camacho et al.''
have defined an initial benchmark, consisting of a
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standardised set of rectangular cloth items, a set of tasks and
some suggested evaluation metrics. Based on this work,
they have organised cloth manipulation competitions at
IROS 2022 and ICRA 2023."* Both competitions had
three tracks: Perception, unfolding, and folding. Each par-
ticipant chose which tracks to compete in and received
the same standardised set of rectangular cloth items. The
participants developed a solution using their own robot plat-
form, and live demonstrations for the judges were held
remotely.

In this article, we describe and formally evaluate our
system that won the folding and unfolding track of this
competition at ICRA 2023, as well as the folding track at
IROS 2022 in an earlier stage. Our system is based on
prior work on synthetic data generation for clothing,'*
simulation-based fold optimisations,15 and the use of
tactile sensing for unfolding.’ In particular, our work adds
to the very limited set of fully integrated crumpled-to-
folded cloth manipulation pipelines in literature.*> We
believe this full integration gives us a more complete over-
view of possible failure modes, which we describe in detail.
This article aims to share our insights on the challenges of
robotic cloth manipulation and to relate these challenges to
future research directions that can lead us to robust and
generic robotic laundering.

In summary, our core contributions are as follows:

¢ Novel end-to-end folding approach with tactile-based
unfolding: Tactile-sensing based edge tracing, used to
simplify the unfolding stage, is seamlessly integrated
into a complete end-to-end cloth folding pipeline.

e Well-documented evaluation procedure on diverse
towels: The capabilities of the system are rigorously
evaluated on a diverse set of towels, including larger
sizes that pose significant challenges. This thorough
testing emphasises the importance of evaluating cloth
manipulation strategies on a wide range of items to
ensure robustness against real-world variations.

e Broadly applicable failure mode analysis: The article
offers an in-depth analysis of failures encountered
during the end-to-end unfolding and folding process.
These insights are valuable not only for refining our
system but also for researchers using alternative strat-
egies (e.g. learning-based approaches), as they highlight
fundamental challenges inherent to cloth manipulation.

Related work

Unfolding

Cloth unfolding or smoothing is the task of bringing a piece
of cloth from an arbitrary configuration into a flattened or
canonical configuration.®'" TInitial work tackling this
problem attempted to detect suitable grasp points on
hanging cloth items using a dual-arm robot. The first
grasp point can be found by detecting the lowest point

after lifting.*> The second grasp point was determined
using geometric reasoning over folds and edges* or by
using machine learning techniques to predict manually
annotated grasp locations.>'®

More recently, tactile sensors have been used to comple-
ment these visual algorithms in an attempt to achieve better
generalisation: Instead of directly finding the grasp point,
which might be occluded or unreachable, these systems
attempt to trace a cloth edge to reach an adjacent corner
of the cloth item.>'%!”'® We build on our prior work® in
this area for the unfolding strategy. Others have abandoned
corner detection in hanging cloth and instead use learning-
based approaches to unfold clothes based on visual infor-
mation using planar drag action primitives,'® fling primi-
tives® or a combination thereof.”® These approaches show
great potential, but so far, they have not shown the level
of generalisation required to tackle the cloth manipulation
competition. The metric that is typically used for unfolding
is coverage, or the ratio between the flattened area of the
cloth item and the actual area after unfolding.®

Folding

Cloth folding is usually interpreted as folding a flattened
piece of cloth into a user-defined configuration. Most
works use user-defined fold lines on a geometric template
of the cloth to define this configuration.>”-15-20-22
References™>"%1%2° yse an open-loop control policy that
estimates the cloth state once and then executes one or
more folds. To do so, the user-defined fold lines are con-
verted to a number of grasp poses and trajectories condi-
tioned on a geometric template. Both the path and
velocity profile of these trajectories are important'® and
various fold trajectories have been proposed, such as
g-folds,20 circular folds?® and bezier curves,15 24 which all
leave one side of the cloth on the table. Reference® uses a
different technique and lifts the cloth entirely before
folding.

Estimating the cloth state prior to initiating a fold
sequence is performed using segmentation and template
matching™ or by localising a number of semantic key-
points.*'* Various works aim to learn a closed-loop
policy that omits the need for explicit state estimation or tra-
jectory generation.”'*>?> Although such reactive policies
have the potential to be more robust and precise, they
tend to require a large number of interactions and have
not shown sufficient generalisation to tackle the diverse
set of cloth items used in this competition.

Measuring the performance of a folding system is com-
plicated.? Coverage can be used but does not provide infor-
mation about more fine-grained aspects that determine a
good fold, such as wrinkles.'" Determining metrics that
better correlate with the human notion of a good fold is
an open problem. Verleysen et al.>” have made some pro-
gress in this direction, but the learned metric does not gen-
eralise to arbitrary embodiments.
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Method

In this work, we describe a pipeline of robot actions that
serves to first flatten crumpled towels and subsequently
fold them twice. A typical run of the pipeline is shown in
Figure 1. Our method starts the unfolding by tracing with
infrared (IR) tactile sensors. We then interleave visual key-
point detection and several engineered motion primitives to
complete the unfolding, align the towel, and fold it. The
keypoint detection, unfolding, and folding are described
in more detail in the following subsections.

Keypoint detection

During folding and unfolding, we use a deep learning-based
keypoint detector to localise specific semantic locations on
pieces of cloth directly. This marks a shift from traditional
methods that often rely on template matching for state esti-
mation of cloth on tables.*® This method offers more versa-
tility because this keypoint detector can be applied to cloth

in more complex configurations, such as when it is hanging
or significantly deformed.

We formulate the keypoint detection problem as in the work
of Lips et al."*: All keypoints are converted into Gaussian blobs
on a target heatmap, and the model is trained to regress these
heatmaps using a pixel-wise binary cross-entropy loss. The
network has a U-net-inspired architecture with a pre-trained
MaxViT? model as an encoder. This model was trained on
a dataset of 10,000 synthetic RGB images. An improved
version of the synthetic data pipeline used to generate these
images was later published.*® For towels, we take the four
cormers as the semantic locations of interest. The keypoint
detector predicts spatial heatmaps from which the keypoints
can be extracted, as shown in Figure 2.

Unfolding

The goal of the unfolding track of the competition is to
flatten towels that are either crumpled or neatly folded
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Figure |. A typical run of the unfolding and folding pipeline shown as 16 key moments, grouped in four stages. Each row corresponds

with a stage in the pipeline.
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Figure 2. Two examples of images overlayed with the heatmap from the keypoint detector. The keypoint detector, trained on images
of flat towels (left), also produces useful detections on deformed towels (right).

completely. The unfolding is considered successful if the
surface area of the towel is maximised. The position and
orientation of the flattened towel do not matter as long as
it is laid entirely on the table.

The unfolding methodology is based on our UnfoldIR
pipeline,” where edge tracing is performed using
end-effector servoing based on tactile sensor feedback.
This means the robot’s end-effector makes small, incremen-
tal movements, with the direction of each movement deter-
mined by the sensor readings. UnfoldIR lifts the crumpled
cloth with a top-down grasp at the highest point of the
cloth (Figure 1.1), and finds a first corner through lowest
point detection (Figure 1.2), a common heuristic in prior
work.*” Then, it relies on IR tactile fingertips to sense
cloth contours between the fingers. The fingertips are
shown in Figure 3, along with an exemplary sensor
readout. One fingertip emits IR light, the other receives it.
A grasped layer of cloth reduces the light captured by the
receiver grid, and an adaptive threshold determines the
edges of the dark cluster, localising the cloth in the sensor
readout. By controlling the position of the dark cluster
centre (blue circle in Figure 3), the robot arms can
trace cloth edges. A corner function is fit to the edge of
the dark cluster, and once its score is high enough, the
system assumes that a second corner has been found
between the tactile fingertips (Figure 1.4). If an edge
tracing attempt fails, UnfoldIR can recover and retry
without laying down the cloth.

In this work, we adapted UnfoldIR in several ways to
handle the competition towels. Edge tracing is now done
horizontally instead of vertically so that larger cloth can
be unfolded. Secondly, the tactile fingertips were rede-
signed to be compliant so that they can be used for slide
grasps as required for our folding pipeline. The fingertip
designs have been open-sourced in Proesmans et al.*'
Finally, in the interest of execution time, the system no

longer engages in recovery attempts until perfect edge
tracing and corner detection have been achieved. Instead,
one “best-effort” tracing sequence is executed until either
a corner is detected or the cloth is about to slip away. In
both cases, tracing ends and the cloth is laid down. Note
that tracing can expose cloth edges and corners even
when a fold is traced instead of a cloth edge, as in
Figure 1.5. Subsequently, the two corners of the exposed
edge are grasped in Figure 1.6, such that lifting the cloth
unfolds it entirely, Figure 1.7-8.

Folding

The goal of the folding track of the competition is to fold
towels in half twice. The first fold line has to be orthogonal
to the long edges of the towel, and the second fold line has
to be orthogonal to the first. The folding always starts from
a towel that is completely flattened and spread out on the
table, with a slight rotation or translation.

The core of our folding method is dual-arm circular arc
trajectories. To perform these arcs within the constraints of
our workspace, several auxiliary repositioning motions are
required: Lifting and laying back down, dragging, and
rotating the towel, see Figure 1.9-16. All motions during
the folding stage are preceded by slide grasps, where we
use the compliance of the fingertips to slide under the
edges of the towel with minimal deformation. Another
common property of all folding motions is that the distance
between the grippers stays constant during the execution of
each motion so that the tension in the cloth is maintained.
All folding trajectories are position-based and executed
with an open-loop controller.

To initiate folding, we detect the four corners of the
towel. If the towel is misaligned or off-centre, it is repeat-
edly grasped by a short edge, lifted, and laid down
(“Alignment” stage in Figure 1) to improve its positioning.
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Figure 3. UnfoldIR® tactile sensors. One fingertip emits infrared (IR) light, the other receives it. A grasped layer of cloth reduces the
light captured by the receiver grid, as can be seen in the exemplary sensor readout (right).

We have found that, once the towel is sufficiently
centred and aligned, its behaviour is predictable enough
so that no further feedback is required during folding.
Hence, all subsequent motions are executed open-loop.
For the first fold, we calculate a fold line and grasp poses
based on the detected corners. Fold arcs are constructed
by rotating the grasp positions around the fold line, and
end 4 cm higher than the grasp positions. At the end of
the fold arcs, we open the grippers only partially and
move backwards slowly a few centimetres. This prevents
the corners from folding over when falling out of the
gripper and can even resolve small folds introduced
during grasping. Afterwards, three motions (Figure 1.13—
15) position the towel such that the second fold can be per-
formed along the same direction as the first. The first of the
three motions is a dual arm drag that recenters the towel.
This is followed by two rotation motions, the first by 60°
and the second by 30°. Between the rotations, we regrasp
the towel at different locations to avoid collisions and kine-
matic failures for all towel sizes in the competition. Finally,
the second fold is performed, resulting in Figure 1.16.

Hardware

Our setup consists of two URSe arms spaced 90 cm apart
and equipped with Robotiq 2F-85 grippers. One gripper
features tactile sensors, the other has custom fingers to

improve the grasp for tracing as explained in Proesmans
et al.” Two ZED 2i colour and depth (RGB-D) cameras
are used. One is mounted 120 cm above the robots, provid-
ing a top-down view for keypoint detection. The second
camera is mounted on the side to provide a lateral view.
It is mounted vertically to maximise the vertical field of
view. From this camera, the depth images are used during
unfolding for highest and lowest point detection.

Evaluation

During the live demonstration for the judges of the com-
petition, six unfolding and folding trials are executed.
Three of those trials start from a crumpled state and
three from a folded state. To more thoroughly character-
ise our system in this article, we ran 60 evaluation trials
from randomised crumpled states with the same 12
towels used for the competition, shown in Figure 4. As
opposed to the competition, we do not include any
trials starting from a folded state because our unfolding
system is not designed for this: A top-down grasp on a
folded towel is likely to result in many layers of cloth
being grasped, which breaks the lowest-point heuristic.
Unfolding neatly folded cloth would require a layer sin-
gulation strategy.*

In our experience, robotic unfolding strategies are sensi-
tive to the initial state of the towel, so we perform five trials
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Figure 4. The 12 towels used for the evaluation from the Household Cloth Object Set.''

per towel. We follow the methodology from the competi-
tion to initialise a trial: initial cloth states are classified
using the visibility and location of the corners, for
example, one visible corner on the cloth and one on the
table.

Folding and unfolding performance of each trial during
the competition is scored by the jury on a 100-point
quality scale, with deductions for specific defects. We do
not attempt to recreate this point-scoring system for our
evaluation. Rather, we report the overall end-to-end
success rate of our pipeline and the success rate of several
key substeps in Table 1. Our focus is mainly on thoroughly
describing the failures of our system and categorising them
into a set of failure modes.

To allow comparison with previous work, we report the
average coverage of the towels in Table 2. These coverages
should, however, be interpreted with care: only trials that
reached a specific point in the pipeline were included in
the calculation, so we should expect an upward bias for
later steps. Our average initial coverage of 28% is low
and consistent with the coverages reported in FlingBot.®
This low initial coverage is a rough indication that the
initial configurations were relatively challenging. The
prime objective of our tracing is not solely increasing cover-
age but rather exposing a good edge to lift and achieve
perfect unfolding. This is reflected in the large increase in

Table I. Success rate of the most important substeps.

Step Success rate

Edge tracing & unfolding (Figure 1.1-8)
Edge tracing can start (Figure 1.3)

Edge visible after tracing (Figure 1.4-5)
Corner keypoints detected (Figure 1.5)
Edge grasped for lift (Figure 1.6-8)
Alignment (Figure 1.9—-11)

Folding (Figure 1.12—1.16)

End-to-end

23/60 (38%)
58/60 (97%)
27/58 (47%)
25/27 (93%)
23/25 (92%)
18/23 (78%)
17/18 (94%)
17/60 (28%)

Table 2. Coverage at the most relevant moments in the pipeline.

Average Included
Step coverage trials
Initial (Figure I.1) 28% 60
Tracing result (Figure 1.5) 62% 53
Lift result (Figure 1.8) 97% 23
First fold result (Figure 1.12) 51% 17
Second fold result (Figure 1.16) 27% 17

coverage from 62% after tracing to 97% after lifting.
Finally, the folding decreases the coverage as expected,
approximately halving the coverage with each fold.
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Discussion

Trial outcomes

In 28% of runs the system performs flawlessly, producing
twice-folded towels from a crumpled one. The average dur-
ation of the successful trials was 7 minutes and 17 seconds.
The 43 failed end-to-end trials require further analysis.

In nearly all trials the lowest point grasp is successful
and tracing can start. Only for the largest item, the 110
cm rectangular pillowcase, tracing was unable to start on
two occasions due to the lowest point grasp not succeeding.
Our system then relies on tracing to expose an edge of the
towel (Figure 1.5), which it will subsequently grasp and lift
to complete the unfolding (Figure 1.6-8). Exposing this
edge was successful in about half of all runs. The 31 runs
where this desired edge was not visible after tracing cur-
rently represent the main point of failure and can be
divided into two categories of about equal size.

The first comprises 15 grasp-related failures, of which 4
examples are shown in Figure 5. These consist of 9 grip
losses and 6 failed releases. The loss of grip occurs most
during tracing and during the laying down after tracing.
The failed releases happen mostly after the lowest point

grasp (i.e. the transition from Figures 1.2 to 1.3) and after
laying down the traced towel (i.e. the transition from
Figures 1.4 to 1.5). These failures are due to the cloth
hooking around the edges of the fingertips. We attribute a
considerable part of the grasp-related failures to degradation
in the custom fingertips (e.g. wear of the 3D printed struc-
ture) and suboptimal finger shape. Adapting the fingertip
design could significantly reduce these failures. In addition,
adding tactile sensing to the second gripper could allow the
system to recover from or even avoid grasp failures.

The second category consists of 16 “edge exposure” fail-
ures, two of which are shown in Figure 6. Tracing produces
the best results when the tracing (see Figure 1.3) grasps
only a single layer of fabric. When this is not the case,
tracing still often produces results that can be unfolded
entirely by the subsequent lift. However, in those 16
failed runs, the edge that we tried to grasp for lifting was
not sufficiently visible. This suggests that the pretrace edge-
exposure sequence from our UnfoldIR pipeline” generalises
suboptimally to larger cloth.

The remaining 10 failures are more diverse. Two failures
can be attributed to the keypoint detector either missing or
misplacing a corner keypoint. Two other failures were the
failed grasping of an edge that was successfully exposed

Figure 5. Four examples of grasp-related failures. Top left: Grip lost during tracing. Top right: Grip lost when laying down the result of
tracing. Bottom left: Cloth sticks to gripper after laying down the result of tracing. Bottom right: Cloth does not release from the

gripper during pretrace.
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Figure 6. Two examples of edge exposure failures. On the left the grasp before tracing is shown and on the right the corresponding

tracing result.

and detected on the table after the first lift. Two more were
dual-arm collisions when grasping the short edge of a small
towel, which is avoidable through collision checking.
Another three errors are due to the lifting motions for align-
ment deforming the towels in unintended ways, causing
subsequent steps to fail. One final failure happened during
the folding, where the cloth stuck to one of the grippers
after the first fold.

While our system already works well for many initial
states, its end-to-end success rate is low. Previous end-to-end
pipelines*> have reported higher success rates, but these
cannot be directly compared for two reasons. First, the
range of materials and towel sizes that these works tested
on is not reported in detail. Second, the success rate for

unfolding and folding is ambiguous, there is no clear defin-
ition of which defects count as failures.?® It would be interest-
ing to update their methods with modern tools such as deep
neural networks, and also to evaluate them on the standar-
dised set of towels from the competition, enabling a
one-to-one comparison. Avigal et al. recently proposed a
learned approach for cloth unfolding and folding.” They
defined a fixed set of motion primitives, from which the
optimal one is chosen given a certain cloth state. The flexibil-
ity and speed of this method is promising, but their general-
isation still has to be examined further, as they evaluated
only one towel, and three items in total.

This work has thus found that a hybrid tactile-vision
approach to unfolding is promising, as demonstrated by



De Gusseme et al.

the 17 perfectly executed trials. However, our analysis also
revealed a key area for improvement: A more robust grasp
selection strategy is crucial for initiating the tracing process.
In 31 trials, tracing was initiated but failed to lead to a
graspable edge, preventing the completion of the unfolding
process. We identify the development of more sophisticated
grasp selection techniques, incorporating both visual and
tactile information, as a critical direction for future work.

Research opportunities

We have found that a small set of motion primitives is expres-
sive enough to complete the cloth manipulation tasks. The use
of primitives limits the number of required decisions through-
out the pipeline. However, executing a sequence of action pri-
mitives can lead to compounding errors. It is therefore crucial
that each primitive is sufficiently robust to variability. To
achieve this, we advocate for a pervasive integration of
both visual and tactile feedback. Recent work has already
made some progress in this regard.'®'® For our pipeline,
improving the pretrace sequence with visual edge detection
similar to Sunil et al.,'® could greatly increase the quality of
the grasp for the tracing to start.

Even more important than incorporating feedback in the
individual primitives is deciding when and how to use them
properly. In our current pipeline, the sequence of actions is
mostly predetermined. Though we spent significant effort in
engineering this state machine, it still lacks flexibility to, for
example, deal with failed motion primitives or to omit
unnecessary steps, such as detecting when tracing should
be executed a second time, or not at all. Learning when
and how to use the motion primitives to complete the task
could greatly improve the end-to-end performance of the
system and reduce the engineering effort. This could be
achieved by extending approaches based on spatial action
maps such as Ha and Song® and Avigal et al.” with new pri-
mitives, like tracing.

An alternative would be to discard the motion primitives
entirely and learn the task end-to-end based on demonstra-
tions or (delayed) feedback. Such systems could reduce the
engineering effort and would be more versatile, but they
currently require prohibitive amounts of data to generalise
to the diversity that characterises cloth manipulation.

Conclusion

This article introduced a novel approach to end-to-end cloth
unfolding. Our key innovation is the successful integration
of advanced tactile sensing throughout the entire unfolding
pipeline. Our victories in the Cloth Manipulation
Competition at IROS 2022 and ICRA 2023 demonstrated
the effectiveness of this approach. To provide an even
more extensive assessment of our method, we developed
a detailed evaluation methodology that demonstrated the
potential of our approach, as evidenced by the 17 perfectly
executed unfolding trials.

While our system demonstrated strong performance, the
evaluation also highlighted areas for future work.
Specifically, we identify that 31 failures are due to the
tracing not producing a graspable edge. To resolve this,
we recommend investigating new methods for grasp selec-
tion that leverage both visual and tactile information to
identify optimal grasp points for initiating the tracing
process. Beyond grasp selection, future research should
also prioritise evaluation on standardised cloth sets, partici-
pation in robotics competitions, and exploration of cloth
manipulation in realistic home environments. Open com-
munication about limitations will be essential to drive pro-
gress in this field.
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