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Fig. 1: The two steps of the task. Left: the first step is to search for the grasp point so it grasps at the edge of the T-shirt.
Right: the second step is to plan and execute a force-aware trajectory to enclose the neckline.

Abstract— Peg-in-hole manipulation has been a long-standing
problem in robotics due to its broad application in both
domestic and industrial domains. Due to advances in perception
and modeling, deformable object manipulation is attracting
increasing attention. This paper focuses on the intersection
of these problems, where a hole must be deformed to allow
peg entry. A common domestic application of this task is to
pass a clothes hanger through a T-shirt’s neckline to hang it.
We demonstrate that the complexity of the problem can be
reduced by using multimodal tactile feedback from a GelSight
sensor. High-resolution contact detection helps to localize grasp
to suitable locations on the T-shirt. Using tactile feedback to
track a force trajectory, our algorithm can manipulate T-shirts
of varying size and stiffness so that their neckline encloses the
hanger. Our experimental results show consistency with the
theoretical analysis. We anticipate that our proposed method
will be more broadly applicable to other problems requiring
simultaneous estimation and execution of force trajectory for
elastic objects.

I. INTRODUCTION

Deformable object manipulation is required in many sce-
narios, such as industrial wire harnesses, fruit picking, med-
ical surgery, and home care. Despite its importance, it has
been less investigated historically than rigid object manipu-
lation, mainly due to the complicated modeling, perception,
and control it requires [1].

Peg-in-hole manipulation has also been studied extensively
due to its promising applications in industrial autonomous
assembly[2] and for domestic tasks [3].
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This study examines the intersection of deformable ma-
nipulation and peg-in-hole problems: cloth hanging. The
manipuland is deformable. The motion is peg-in-hole. It is
a common everyday task where robots may be able to assist
individuals with motor impairments. Here, we assume that
the hanger is already half inserted in the T-shirt and held by
one hand. While this is not easy, prior works have addressed
this in the context of robotic dressing assistance [3], [4]. Our
focus is to grasp the other edge of the collar and manipulate
it over the uncovered end of the hangar (Fig. [I). Humans
commonly use tactile feedback in this task to estimate
the state of the T-shirt. This task is demanding if only
visual feedback is available. The deformable object might
be occluded. Even without occlusion, it is computationally
demanding to estimate the state of the stretched T-shirt using
state-of-the-art vision techniques. Visual feedback is not even
necessary, as humans can perform this task in the dark.

Here, we take advantage of the multimodal (RGB/marker,
i.e., texture/shear force) feedback from the GelSight tactile
sensor [5] to alleviate the complexities in perception and
estimation. Here, we use the sensor’s capability to measure
the contact texture and the shear load. Visual cues are only
used in the initial stage to provide the range for grasp search.
For all remaining steps: grasping and manipulation of the
T-shirt’s neckline, the tactile signal guides the action in real-
time.

The main contributions of this work are summarized as
follows:

« Contact-detection-based grasp location determination to

reduce the DOF of the cloth

o Shear force field estimation and force trajectory gener-

ation



o Robust t-shirt enclosure and hanging on the hanger.

After summarizing related studies in Sec. [II, our approach
is presented in detail in Sec. Experiments and validation
of our method are given in Sec. [[V|followed by the conclu-
sion and future works in Sec. [V

II. RELATED WORKS

Manipulating 2D deformable objects through tactile sensor
feedback during insertion is complex. Despite attracting
attention from the robotics community, deformable object
manipulation remains a challenge for robots [6]-[8]. Manip-
ulating 1D deformable objects, a single linear component,
involves handling cable and rope-like items [9]-[11]. Han-
dling items like clothing and fabrics establish the class of 2D
deformable objects, as examined in recent studies on fabric
smoothing [12], [13], involving quality evaluation based
on coverage. Further, garment unfolding [14] and assistive
dressing [3] involve tasks utilizing 2D deformables. Lastly,
handling plastic bags [6] extends the task to 3D deformable
objects.

Peg-in-hole manipulation is a vibrant research field with
applications in robot autonomous assembly [2], but less
attention has been paid to the deformable objects in this area
[8].

This study focuses on how tactile sensing can significantly
enhance the robot’s capabilities in handling deformable ob-
jects during peg-in-hole manipulation tasks. Recent advance-
ments in high-resolution vision-based tactile sensing [5]
have enabled the seamless integration of tactile feedback into
complex manipulation scenarios that demand contact-rich
local grasp feedback. Many existing methods have utilized
visual and tactile sensing to address cloth material perception
[15], grasping and edge-sliding [16], garment unfolding and
dressing [14], [17], and plastic bag opening [8].

Simulating the closed loop deformable objects with the
tactile imprints is challenging [18]. Most prior studies con-
sidered free deformable, rather than stress deformable, re-
gions, except for Alberta et al., who attempted to encode
the elasticity of textiles [19]. However, their work did not
use it for closed-loop control. Inspired by Hanai e al. who
predicted the contact force distribution using visual feedback
for rigid object manipulations [20], we believe predicting
and tracking the elastic force will be helpful for deformable
manipulations. In this work, we aim to address this gap by
leveraging multimodal tactile feedback from the GelSight
sensor for motion planning. Its measurements are directly
from the contact surface, which enables accurate grasp point
identification and shear force tracking to successfully hang
a deformable closed loop collar onto a rigid hanger.

III. APPROACH

The task starts with the configuration in which half of
the hanger is inserted into the T-shirt so the T-shirt with the
inserted part of the hanger is already fixed (with potentially
another robot hand) as in Fig. [T} In some extreme cases, the
T-shirt may be crumpled, so a flinging and shaking action is
applied at the initial stage inspired by [8], [21]. The objective

for the robot is to find a good grasp location, grasp the T-
shirt, and raise it so the other half of the hanger can get
into the T-shirt through the collar. We name this step the
neckline enclosing action. It represents a deformable peg-
in-hole problem, in which an elastic hole is grasped and
intentionally stretched for a proper deformation to get the
peg inside.

This section first shows that trajectories without feedback
cannot achieve this action robustly from a geometry and
elastic deformation perspective. Then, we propose to mitigate
this issue by exploiting the tactile feedback. This problem is
formulated as a tactile estimation and trajectory optimization
problem, and by alternating between these two problems
on the fly, the desired force is produced on the trajectory.
Upon following the desired force profile, the task can be
accomplished with the appropriate deformation of the T-shirt.

A. Fundamental Issues in Trajectories without Force Feed-
back

While position-based trajectories can succeed in enclosing
the neckline in some cases, it is hard to achieve robustness
in different scenarios. Although we can determine proper
grasp location horizontally with trial grasps (Sec. [[II-C)), the
vertical grasp location may vary due to changes in the T-
shirt or its configuration, etc. Fig. 2] illustrates one example
when the actual grasp location is higher than the desired
position, resulting in a vertical trajectory shift. Point A is the
desired grasp point, and point B is the trajectory endpoint.
Point A’ is the actual grasp point, and the trajectory is
consequently shifted and ends at point B’. Let us define the
strain (deformation) for the desired case as dx and the actual
case dx’, then

dr =0B - 0A

1
dr' = OB’ — OA". &

Fig. 2: A geometric illustration of the vertical uncertainty of
grasp locations. Trajectory AB: the nominal case. Trajectory
A’B’: the actual case. O: the simplified fixed contact point
on the hanger.

For the 2 triangles AOAA’ and AOBB’, it can be proved
that OA — OA’ > OB — OB’ (see Appendix). Therefore,

dr = OB - 0OA
< OB —0A 2)
=dzx’.



Moreover, when the grasp location is higher, in addition to
larger strain, the natural length of the deformable region is
shorter, which means the T-shirt will react with a higher
stiffness. Hence, we can conclude that the elastic force on
trajectory A’B’ is higher than on the original trajectory AB.
When the force becomes too big, it is unnecessary and can
potentially damage the T-shirt and the hanger. When the
grasp location is lower, the force is insufficient, making the
task unsuccessful (see Fig. [3).
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Fig. 3: An example when the grasping location is 2cm lower
than desired. The dragging force is insufficient, so the T-shirt
collar is not wide enough to fit the hanger.

Therefore, feedback signals are needed to guide the tra-
jectory adjustment to accomplish the task. Instead of re-
lying on visual feedback, which usually requires adapting
to different types of T-shirts with varying cloth and colors
in different shape configurations, we hope to rely purely
on tactile feedback, which has much less variation and
lower dimensionality. This characteristic of tactile signals
can contribute to better generalization for the control policies
across different scenarios.

B. Problem Formulation

The problem of neckline enclosing can be divided into two
stages. In the first stage, the robot approaches the T-shirt and
looks for a proper gripper position X4, to grasp the T-shirt
for subsequent actions. In the second stage, after grasping
the T-shirt, the robot plans a cartesian trajectory {x;}7 ;
such that when the trajectory reaches the end and the gripper
releases, the T-shirt will be readily hanging on the hanger.
We assume the hanger position and orientation are known
because it is grasped by the robot’s other hand. Even if this
is not the case, getting hanger orientation precisely from an
RGBD camera is possible. Therefore, the plane defined by
the flat hanger is assumed to be known and fixed. Hence, the
robotic gripper needs only to move on this plane. This means
the planning outcomes for both stages x;,,;+ and {xi}g;l are
in R2,

To plan a successful trajectory {x;}7_;, we require in
addition a demonstration trajectory {x¢}7 , from human
expert and its corresponding sensor measured shear force

{F&}T | available. This demonstration trajectory is infor-
mative in the sense that it contains the overall shape of
the desired trajectory and the proper force on it, hence we
exploit this one demonstration to finish the task. We use the
mean marker displacement over the 7x9 marker grid from the
GelSight sensor as a proxy for the shear force. The sensor’s
shear deformation directly correlates with the shear force. A
mapping from the marker displacement to shear force can be
established to obtain the true force [5], but it is not required
here. The aim of planning the trajectory {x;}~ ; is to find
a trajectory that produces a force profile that mimics the
demonstration, i.e., closest to {F¢}L . This intuition comes
from the experience when humans execute the enclosing
motion: the force exerted by the T-shirt on the hand indicates
how to move the hand to accomplish the task. In this case,
positional trajectories are more diversified and can be less
generic than force trajectories. Hence, reproducing the force
profile is essential for task completion and makes it possible
to generalize across varying environments with potentially
different T-shirts. In addition, our method also requires a
dataset of position-force pairs D = {(x2 FP)}M_  as the
force context. From the dataset, a differentiable model is
learned offline and refined online using past history feedback.
This dataset is collected with the same grasp location of only
a single T-shirt. Still, the encoded information can help the
robot understand the task setup and make force predictions
in novel scenarios, i.e., different T-shirts and grasp locations.

The graphical illustration of the two stages of enclosure
is shown in Fig. [I] We believe this problem formulation of
planning a trajectory to mimic a force profile is beneficial
to neckline enclosure and potentially helpful for stress de-
formable manipulation problems in general.

C. Grasp Location Identification

From human experience, a good grasp location for neck-
line enclosing is vertically around the middle of the T-shirt
and horizontally close to the edge of the T-shirt. Grasping
at an inner region rather than the edge may fail to open the
collar sufficiently. Inspired by this observation, we fixed the
vertical grasp height and reduced the grasp location problem
to a 1D horizontal search problem. Algorithm |1| details how
to search for the edge of the T-shirt as an initial grasp
location. Specifically, it relies on the estimate of the approxi-
mate range Xj.r¢ and X,;45,¢ and iteratively shrinks the range
based on similarity-based grasp detection to check if there
is cloth grasped between the fingers. The values of x;.y;
and X,;gn; can be easily extracted from visual information
(e.g., semantic segmentation) or based on the known hanger
geometry settings. The advantage of this detection method
is that it requires no anticipation over what will be grasped
but is entirely based on the information when the empty
fingers close. The grasp detection of unknown objects like
thin cloth is complex for traditional low-resolution tactile
sensors but is feasible with the high-resolution tactile images
from the GelSight sensor. It restricts the grasp location to the
T-shirt edge and reduces the uncertainties of the downstream
trajectory following task.



Algorithm 1: Grasp Location Identification

Input: Location guaranteed to grasp the T-shirt
Xrights
location guaranteed to have no T-shirt grasped Xy,
gripper close width w,
gripper width variation §.
Output: Grasp location Xg,qsp-
1 Close the gripper to w — §, record the tactile image
Tw—s;
2 Close the gripper to w, record the tactile image 7,;
3 Close the gripper to w + 6, record the tactile image
Tw+6;
4 threshold =
min (8sim(Ty, Tow—s), 88t (T, Toy15));
Release the gripper;
while distance(Xeft, Xrignt) > lem do
Gripper goes to W,
Set gripper width to w, record the tactile image
Ii;
9 if ssim(I;,T,) > thsreshold then

Xleft+Xright .

®w 9 & W

10 | Xpepy = MeftXriant,
1 else

12 ‘ Xpight = X1eft+2xright;
13 end

14 Release the gripper;

15 end

16 Xgrasp = Xrights
17 return X ,qsp

An example of the grasp detection is shown in Fig. [
In this case, 0 is set to 0.2% of the relative width of the
gripper opening as the width variation factor to account for
the uncertainties for the tactile image of the empty finger.
From Fig., ] we can see a tactile image with contact is
distinctive from the one without contact, which helps to
detect the contact. The primary source of difference is the
textures of the cloth and the positional change of the markers
due to the thickness of the cloth.

D. Tactile Field Estimation

Because of varying grasp locations and changes in the ma-
nipuland, the position-force relationship from the collected
data may differ at test time. Estimating the tactile field for
the current configuration is desired to reproduce the force
profile. To this end, we first train a nominal tactile field
F = N,(x) using the position-force dataset D. We choose
neural representation [22] for N, (-) to have a universal and
differentiable approximation. At test time ¢, we estimate the
tactile field for the current configuration N;(-) with measured
{xjun}i_) and {Fj*"}’_, using the following.

The tactile field optimization problem:

t
A by = argminz ||ANO(X§“") +b— F;unH
b £
b
Nt() = AtNo(‘) + bt
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Fig. 4: The tactile images captured by the GelSight sensor
during threshold initialization and contact detection.

A; € R?*? is the affine transformation matrix and b; €
R2*1 is the offset matrix. Eq. [3| is a linear least squares
problem; hence, A and b can be solved analytically. The
optimization seeks a linear transformation of the nominal
tactile field that best matches the measured force history
up to the current time step. Then, in the next step, we
can optimize the trajectory in this estimated tactile field to
produce the desired force profile.

E. Tactile Trajectory Generation

With the estimated tactile field N, the target trajectory
can be generated with the following optimization problem.
The trajectory generation problem:

T
M; 1, Wy = argmin Z ||Nt(Mx;l +w)— F?H
W j=t41

XP = Myg1xy, ) + Wi
“4)

Because N, (-) is fully differentiable, and so is N¢(-), M and
w can be solved suboptimally using gradient-based optimiz-
ers thanks to the differentiable neural representation of N,(-).
In the neckline enclosing setting, we found the simplification
by setting M = 1, i.e., restricting the same trajectory shape
and only optimizing the translational shift yields more stable
performance. Nevertheless, our formulation is generic and
widely applicable to other tasks if the trajectory needs to
undergo an affine transformation.

The complete steps of the neckline enclosing problem are
summarized in Algorithm 2]

IV. EXPERIMENTS

A. Implementation Details

We use a Kinova gen3 robotic arm platform equipped
with a Robotiq 2F140 gripper. The right side of the hanger
is inserted inside the T-shirt, and the end of the right T-
shirt neckline is fixed on the hanger (Fig. [3). We collect the
demonstration and the dataset D with only one T-shirt ((a)
in Fig. B) and the same grasp location.



Algorithm 2: The Enclosing Algorithm

Input: Demonstration trajectory {x¢}7_,,
demonstration force {F¢}7_,
position-force dataset D = {(x2 F2)
Output: A successful enclosure.
1 Train N, using D;
2 Grasp the T-shirt using Algorithm
3 xJun = x4,
4fort=1:Tdo
5 Gripper goes to x;“";
6 Measure F7“";
7 if t < 6 then
8
9

M
m=1-

‘ X = x{ s
else
10 Estimate V; using Eq.
11 if t # T then
12 | Determine x}% using Eq.
13 end
14 end
15 end
16 return

The demonstration is collected by a person to guide the
robot arm to complete the neckline enclosing motion by set-
ting the robot to the cartesian admittance mode. The positions
of the gripper are recorded in a lcm step size. Afterward,
the 3D positions are projected into the 2D plane defined by
the hanger. Then, the projected trajectory is executed again to
ensure it is desirable and can accomplish the task. During this
process, the shear force readings measured by the GelSight
sensor are recorded at each corresponding waypoint.

To collect the dataset D, a mesh grid is defined within the
region of interest with 1cm sampling distance. The region of
interest is coplanar with and upper bounded by the hanger.
The collected region’s lower boundary is 2cm below the
grasp location. The region starts from the grasp location
and extends leftward until the measured shear force reaches
the limit of the tactile sensor. A graphical illustration of
the region of interest for dataset D is shown as red in
Fig. [l A total of 581 sample points are collected in this
process. We approximate the tactile field using a multilayer
perceptron (MLP) with 3 hidden layers, each equipped with
256 neurons. To effectively utilize the dataset, we use all
the collected data points to train the model and use linear
interpolated data as a validation set to avoid overfitting. This
particular operation is suitable in this context of the learned
model because, eventually, we would want a differentiable
model to interpolate the tactile field. 4 interpolated points
between every other original point are generated as the
validation dataset.

B. Results

1) Tactile Field Prediction: The ability to estimate the
current force field is evaluated with a designed examination
trajectory. The examination trajectory is to firstly move hor-

(e)

i d

Fig. 5: The different T-shirts used for the neckline enclosing
problem. (a) A medium-sized T-shirt with a medium level
of stiffness for collecting the demonstration and the dataset
D. (b) A small-sized soft T-shirt for testing. (c) A small-
sized stiff T-shirt for testing. (d) A large-sized soft T-shirt
for testing. (e) A large-sized stiff T-shirt for testing.

izontally for 13cm from the grasp location, then diagonally
towards the top left corner for 18cm. The force is measured
along the trajectory at a step of every lcm. When there are
less than 6 points with a force magnitude greater than 0.2 in
the history, the tactile field estimation is deactivated, and the
original learned tactile field is returned to avoid uncertain
estimation when there are not enough data points.

Fig. [6] shows that although the predicted tactile field
deviates initially from the actual field due to differences
between the actual T-shirt configuration/grasp location and
the learned settings, our algorithm refines the prediction
gradually as the trajectory is executed. The tactile field
prediction also generalizes well to unseen T-shirts, as shown
in Fig. [7}] This might be due to:

1) Our grasp location identification method ensures the
edge of the T-shirt is held regardless of its material,
shape, and positional uncertainties, thus reducing the
T-shirt configuration only to a subset.

2) The nonlinear elastic characteristics are encoded in the
original learned tactile field, and as a result, a linear
transformation of that field can closely approximate the
new field very efficiently.

With the estimated tactile field as the elastic context of the
task, we can then search for the proper trajectory to produce
the desired force profile.

2) Variation of Grasp Locations: Fig. 8| shows the effect
of varying the height of the search line for grasp by 2cm.
When the grasp location changes, the nominal trajectory
will keep the same position-based trajectory relative to the
grasp location. We can see that the experimental results
are consistent with the theoretical analysis in Sec.
Specifically, a higher grasp location will generate a more
significant force along the trajectory. This might damage the
T-shirt or break the hanger. On the other hand, the force
will be reduced for a trajectory with a lower grasp location,
which may lead to insufficient stretching of the collar to
accommodate the hanger (Fig. [3). In either case, our method
(cross) reduces the uncertainty arising from variations in
grasp location and tracks the demonstration force profile.



30% completed 50% completed

avg marker displacement / pixel
avg marker displacement / pixel

steps
70% completed

avg marker displacement / pixel
avg marker displacement / pixel

5 % % » o 3 ) 5 )
steps steps

—— estimated x —— estimated y e pastx e pasty future x future y

Fig. 6: The estimated and actual force at different stages on
the examination trajectory for the learned T-shirt ((a) in Fig.
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3) Comparison with Local Force Gradient Estimation:
We compared the proposed method with a baseline method
that did not require the force-position dataset D. The baseline
method uses local exploration to estimate the force gradient
and determine the direction and magnitude to adjust the
gripper location to compensate for the difference between
the current force measurement and the desired one from
the demonstration. The exploration is achieved by moving
around at the current location in two orthogonal axes in the
2D motion space. Each axis is sampled by a step size of 1cm
in both positive and negative directions; therefore, 4 relative
differences are used to estimate each local force gradient.

Fig. 0] compares the baseline and our proposed method
with the same T-shirt and grasp location as the reference
trajectory. There is minimal variation in the T-shirt con-
figuration, implying that actual trajectory will not differ
much from the demonstration trajectory when following the
same force profile. Fig. [9] shows that the baseline method
using local force gradient estimation is sensitive to noise in
the tactile sensor, resulting in lower accuracy. Our method
can estimate and predict the tactile field over the entire
region. This enables planning over longer horizons and more
stable behavior. Additionally, estimating the local gradient
introduces extra motions at each step, which is not desirable
in actual deployment.

4) Tactile Trajectory Tracking: To evaluate its general-
ization ability, we tested our proposed method with multiple
T-shirts. Fig. [5 exhibits the T-shirts tested. T-shirts (b) and
(d) are the softest and thinest ones that we can find. (¢) and
(e) are much thicker and stiffer than the learned T-shirt (a).
The difference in the T-shirt stiffness can be quantitatively
evaluated by looking at the force profile generated along
the demonstration positions (nominal trajectory). The soft
T-shirts generate a much smaller shear force. The peaks of
the curves are less than 0.5 ((a) and (b) in Fig. . The
stiff T-shirts produce much larger shear forces ((c) and (d)

in Fig. [10). The trajectory in Fig.[I0[d) saturates because the
maximum marker displacement of the sensor was exceeded.
In all four cases in Fig. our proposed method can adjust
the trajectory to closely track the original demonstration
force. This critical feature enables us to achieve the neck-
line enclosing motion and is potentially helpful for elastic
deformable object robotic manipulations.

5) Enclosure Task Success Rate: Table. ]| summarizes the
success rates of the neckline enclosure for different T-shirts
in Fig. 5] We tested each T-shirt for 10 runs. The baseline
fixed-position trajectory (nominal) failed many times for
the stiff T-shirts, while with our proposed force tracking
method, all of the tests succeeded. The main reason for
the failure when following the fixed position trajectory is
that the generated shear force often gets so large that the
T-shirt slips out of the gripper. The large shear force is
also potentially damaging to the hanger, the T-shirt, and the
soft elastomer of the tactile sensor. Many trajectories with
a successful enclosure potentially exist. Among them, our
generated trajectory is simple to come up with, imitates a
similar shape in space as the demonstration, and ensures a
safe interaction with the T-shirt and the hanger. Our method
tracks a moderate demonstration force to accomplish the
task, making sure the force is regulated within a reasonable
margin.

Table. [I] also tabulates the average distance between the
hanger end and the collar end when the robot gripper is
at the height of the hanger bottom, which we define as the
safety margin. This measure quantifies the robustness against
uncertainties. When the margin is large, the task is more
likely to succeed for this T-shirt (because the hole is wide
open) even if the configuration changes. For softer T-shirts,
the proposed force-tracking method increases the safety
margin significantly from the nominal trajectory because it
pulls the T-shirt further away from the hanger. Although it
seems less necessary in this experiment setting because the
nominal trajectory with a smaller margin would still yield
success, a larger margin gives extra space and robustness,
especially when the fixed point (point O in Fig. [2)) is further
away to the hanger center. For stiffer T-shirts, the margin is
reduced to decrease the generated shear force, but it does not
vanish, leaving over 2cm space on average for the hanger to
get in to account for other uncertainties in the setup.

TABLE I: Task execution statistics for the proposed method
and baseline

. Proposed Fixed Position
T-shirt - -
type success margin | success margin

rate (cm) rate (cm)

Trained T-shirt 10/10 3.6 10/10 33
Soft small 10/10 5.9 10/10 4.2
Soft large 10/10 9.3 10/10 7.1
Stiff small 10/10 2.2 5/10 5.3
Stiff large 10/10 2.5 3/10 32

V. CONCLUSION

In this work, we implemented a robotic system for de-
formable peg-in-hole manipulation with multimodal tactile
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Fig. 7: The estimated and actual force at different stages on the examination trajectory for (a) the soft small T-shirt ((b) in

Fig. E[) and (b) the small stiff T-shirt ((c) in Fig. ﬁ)
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Fig. 8: (a): the force recorded when the search line for grasp
is lifted by 2cm. (b): the force recorded when the search
line for grasp is lowered by 2cm. Demo: the recorded force
during the original demonstration (force to follow). Nominal:
the force recorded if applying the demonstration trajectory.
Cross: the force recorded on the optimized trajectory using
the proposed method.
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Fig. 9: Test to track the demonstration force with (a) local
force gradient estimation and (b) our method.

feedback and demonstrated it on the task of hanging T-
shirts on hangers. We focused on two sub-problems: (1)
how to find a proper grasp location on the T-shirt and (2)
what trajectory to execute to accomplish the task. Different
modalities of the tactile feedback of the GelSight sensor were
utilized in two different stages. As a result, similar grasp
locations (close to the cloth edge) and shear force trajectories
were generated. The qualitative justifications for imitating
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Fig. 10: Demo: the recorded force during the original demon-
stration (force to follow). Nominal: the force recorded if
the demonstration trajectory is applied to the new T-shirt.
Cross: the force recorded on the optimized trajectory using
our proposed method. (a) With the soft, small T-shirt ((b) in
Fig. E]) (b) With the soft large T-shirt ((d) in Fig. EI) (c) With
the stiff small T-shirt ((c) in Fig. EI) (d) With the stiff large
T-shirt ((e) in Fig. E[)

the force profile were illustrated. Among all the successful
trajectories, our proposed one is easy to develop (with only
one demonstration) and follows a blind human heuristic. The
experiments demonstrated that our proposed strategy enables
successful enclosure of the T-shirt collar around the hanger
while keeping forces within a safe range and exhibiting
robustness against configuration variations. One limitation
is that we only compared our method with position-based
trajectories and showed superiority in hanging the T-shirt.



However, our method work beyond hanging T-shirts; more
generally, the force tracking algorithm is an approach to
estimating and planning hybrid force-position trajectories
when dealing with elastic and deformable objects, which
we anticipate will apply to other deformable manipulation
tasks. Overall, this work demonstrates that by combining
the relative advantages of vision and tactile sensing, we can
effectively reduce the complexity of deformable peg-in-hole
manipulation, compared with using only visual feedback.
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APPENDIX
A. Comparison of OA-OA’ and OB-OB’

Fig. depicts the 2 triangles AOAA’ and AOBB’
formed by the trajectories AB and A’B’. We can find a
point C' on OB such that OC = OB’, and similarly point
C’ so OC’' = OA’. Connecting B'C and A'C’, we can get
NAA'C' and ABB'C, in which

1) AA'= BB’

2) LAAC' < LB'BC

3) LA'OC' < £/B'OC(Given OA ~ OB)

= JA'C'O = W—Lg/OC/ > W—ZQB’OC’ - /B'CO

= LAC'A' < /BCB’
Given the above 3 conditions, we can plot the circumscribed
circle of AAA’C” as in the right of Fig.[I 1] If we are to move
point C’ to point C' to obtain ABB’C, given condition 3),
we can only move C' to the inside of the circle. Moreover,
to achieve condition 2), the choice of C' can only be in the
red region. Thus, we must have AC” > BC'. And therefore,
OA—-OA'=AC' > BC=0B - 0B’

B/

B & -

Fig. 11: Left: the 2 triangles from Fig. [2| Right: AAA'C’
and its circumscribed arc (with AA’ = BB’).
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