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Versatile cloth manipulation requires:
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Quasi-static vs. dynamic cloth manipulation

R. Jangir, G. Alenyà and C. Torras. Dynamic cloth manipulation with deep reinforcement learning.            
IEEE International Conference on Robotics and Automation (ICRA), Paris, pp. 4630-4636, 2020.
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Our research on cloth manipulation
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Topology + Machine Learning for versatile cloth manipulation
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Topology of cloth configuration space - Cell complexes
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F. Strazzeri and C. Torras. Topological representation of cloth state for robot manipulation. 
Autonomous Robots, 45: 737–754, 2021.
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𝒢(C1, C2) = ∑
si∈C1

∑
ri∈C2

GLI(si, ri)

Topology of cloth deformation - Gauss Linking Integral

F. Coltraro, J. Fontana, J. Amorós, M. Alberich-Carramiñana, J. Borràs and C. Torras. A Representation of Cloth States based 
on a Derivative of the Gauss Linking Integral. Applied Mathematics and Computation 457: 128165, 2023.
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Topology of cloth deformation - Gauss Linking Integral

A. Introduction to the dGLI cloth coordinates
The Gauss Linking Integral (GLI) of two 3D closed and

smooth curves is a topological invariant index that measures
the linking number between the curves, and when applied
twice to the same curve, it measures its writhe or writhing
number. Different versions for polygonal curves appeared in
the context of DNA protein structures [35] and have been
applied in many domains including robotics [23], [24], [36].
Our idea was to directly apply it to the curve formed by the
border of the cloth, but in many occasions, when the cloth is
on a surface like a table, the curve is planar and the GLI index
vanishes. In [8] we introduce the mathematical development
of the dGLI that can be applied to planar curves. In short, the
dGLI coordinates are computed using a derivative of the GLI
of pairs of segments that form the polygonal curve. Given
the border of the cloth f , formed by segments f = {Si}, we
select a subset fsel ⇢ f with only 8 of the segments, those
close to the corners of the cloth. Then, the dGLI coordinates
are

CdGLI =
�
dGLI(Si,S j)

�
Si,S j2fsel,i> j. (1)

The term dGLI(Si,S j) depends on a direction of perturba-
tion of the points that form the segments. We chose to perturb
the points in the ~e3 = (0,0,1) direction, as it is orthogonal
to the table and the resulting representation will be invariant
under rotations and translations on the table. In other words,
if a segment is formed by two points Si = ~AB, we denote the
perturbed segment as S⇤i = ~AB⇤ where B⇤ = B+ e~e3. Then

dGLI(Si,S j) =
GLI(S⇤i ,S

⇤
j)�GLI(Si,S j)

e
,

for a sufficiently small e , that we have taken as e = 10�5

in this work. We can now compute the GLI of a pair of
segments using the closed form formula introduced in [35].
Let the segments be Si = ~AB and S j = ~CD, then

GLI(Si,S j) = GLI( ~AB, ~CD) =arcsin(~nA~nD)+ arcsin(~nD~nB)

+arcsin(~nB~nC)+ arcsin(~nC~nA)

with

~nA = k ~AC⇥ ~ADk, ~nB = k ~BD⇥ ~BCk,
~nC = k ~BC⇥ ~ACk, and ~nD = k ~AD⇥ ~BDk.

Please, see [8] for extended details on the dGLI derivation.

B. Supervised classification
Given the cloth mesh border points, we can very easily

compute the dGLI coordinates of each cloth configuration
corresponding to each frame of the simulations. As shown
in [8], these coordinates separate very well configurations in
classes were the relative position of the selected segments
change. Note that each symmetric configuration, as the ones
shown in Table I, are separated by the dGLI coordinates in
different classes. According to this representation, folding
in half leads to configurations at the intersection of several
classes, since the relative position of almost all segments are
close to a change. That fact, together with the noisy data

TABLE II: Classifier testing results

Cloth representation used for training

Accuracy dGLI Border Image

Test dataset 99.1%±0.4% 99.2%±0.5% 96.5%±0.4%
Random dataset 81.5%±1.3% 13.1%±0.7% 14.3%±0.4%

coming from the simulator due to the human demonstra-
tions, did not lead to good results when applying the same
classification method used in [8].

To overcome this fact, we perform a supervised learning
classification with a subset of the dataset for which we can
obtain the ground truth label. In other words, we selected
those demonstrations that do follow the number of state
transitions shown in Fig.3, eliminating those intervals with
very short manipulations that correspond to corrections. Our
dataset contains 123 simulations. After removing the short
manipulations, a total of 114 simulations follow the graph
of state sequences in Fig. 3, containing 345 grasped-released
cloth states intervals. As each interval corresponds to a list
of frames where the cloth is moving very little after it has
been released, many of them are exactly the same. We select
frames where the cloth differs at least in 0.001 in one of
the coordinates of one of the border mesh points. The initial
frame, corresponding to the flat configuration ”FL” is always
the same as its the initial position of the cloth, so for this
case, we do take several equal frames to avoid having very
few samples for this class. This results in a total set of 2427
frames of cloth configurations with ground truth labels, using
the labels shown under each state in Fig. 3.

We trained 3 classifiers using different representations for
the cloth: the dGLI coordinates, the list of points of the
border, and an image representation of the border, as the ones
shown in Table I. Each sample is labeled with the ground
truth label and we then train a nearest neighbour classifier
method 5 times, with random splits at 80% of the data for
training and 20% for testing. We used different classification
methods and got similar results. Accuracy results are reported
in Table II. As shown in the table, the accuracy for the
trained dataset is very similar for all representations, because
supervised learning is very successful at learning mappings.
However, we executed a new set of 81 simulations with ran-
domized positions and rotations of the cloth. We processed
the randomized set in a similar way to obtain the ground truth
labels, resulting in a new set of 720 labeled samples. The
classifier trained with the dGLI representation, without any
retraining, is able to achieve more than an 80% of accuracy,
while the others do not work. Results are reported in the
second row of Table II.

We show the confusion matrices of all the classifiers on
the test set and on the new dataset in Fig. 5. Due to the nature
of the dGLI coordinates, all the singular states like folded
in half, folded twice in half, etc, need a lot of samples of
a variety of relative positions between the selected segments
on the border. In future work, we will study additional
parameters we can add to the representation to deal better
with this kind of cases. The dGLI coordinates is a novel
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trained dataset is very similar for all representations, because
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However, we executed a new set of 81 simulations with ran-
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classifier trained with the dGLI representation, without any
retraining, is able to achieve more than an 80% of accuracy,
while the others do not work. Results are reported in the
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We show the confusion matrices of all the classifiers on
the test set and on the new dataset in Fig. 5. Due to the nature
of the dGLI coordinates, all the singular states like folded
in half, folded twice in half, etc, need a lot of samples of
a variety of relative positions between the selected segments
on the border. In future work, we will study additional
parameters we can add to the representation to deal better
with this kind of cases. The dGLI coordinates is a novel
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j)�GLI(Si,S j)

e
,

for a sufficiently small e , that we have taken as e = 10�5

in this work. We can now compute the GLI of a pair of
segments using the closed form formula introduced in [35].
Let the segments be Si = ~AB and S j = ~CD, then

GLI(Si,S j) = GLI( ~AB, ~CD) =arcsin(~nA~nD)+ arcsin(~nD~nB)

+arcsin(~nB~nC)+ arcsin(~nC~nA)

with

~nA = k ~AC⇥ ~ADk, ~nB = k ~BD⇥ ~BCk,
~nC = k ~BC⇥ ~ACk, and ~nD = k ~AD⇥ ~BDk.

Please, see [8] for extended details on the dGLI derivation.

B. Supervised classification
Given the cloth mesh border points, we can very easily

compute the dGLI coordinates of each cloth configuration
corresponding to each frame of the simulations. As shown
in [8], these coordinates separate very well configurations in
classes were the relative position of the selected segments
change. Note that each symmetric configuration, as the ones
shown in Table I, are separated by the dGLI coordinates in
different classes. According to this representation, folding
in half leads to configurations at the intersection of several
classes, since the relative position of almost all segments are
close to a change. That fact, together with the noisy data

TABLE II: Classifier testing results

Cloth representation used for training

Accuracy dGLI Border Image

Test dataset 99.1%±0.4% 99.2%±0.5% 96.5%±0.4%
Random dataset 81.5%±1.3% 13.1%±0.7% 14.3%±0.4%

coming from the simulator due to the human demonstra-
tions, did not lead to good results when applying the same
classification method used in [8].

To overcome this fact, we perform a supervised learning
classification with a subset of the dataset for which we can
obtain the ground truth label. In other words, we selected
those demonstrations that do follow the number of state
transitions shown in Fig.3, eliminating those intervals with
very short manipulations that correspond to corrections. Our
dataset contains 123 simulations. After removing the short
manipulations, a total of 114 simulations follow the graph
of state sequences in Fig. 3, containing 345 grasped-released
cloth states intervals. As each interval corresponds to a list
of frames where the cloth is moving very little after it has
been released, many of them are exactly the same. We select
frames where the cloth differs at least in 0.001 in one of
the coordinates of one of the border mesh points. The initial
frame, corresponding to the flat configuration ”FL” is always
the same as its the initial position of the cloth, so for this
case, we do take several equal frames to avoid having very
few samples for this class. This results in a total set of 2427
frames of cloth configurations with ground truth labels, using
the labels shown under each state in Fig. 3.

We trained 3 classifiers using different representations for
the cloth: the dGLI coordinates, the list of points of the
border, and an image representation of the border, as the ones
shown in Table I. Each sample is labeled with the ground
truth label and we then train a nearest neighbour classifier
method 5 times, with random splits at 80% of the data for
training and 20% for testing. We used different classification
methods and got similar results. Accuracy results are reported
in Table II. As shown in the table, the accuracy for the
trained dataset is very similar for all representations, because
supervised learning is very successful at learning mappings.
However, we executed a new set of 81 simulations with ran-
domized positions and rotations of the cloth. We processed
the randomized set in a similar way to obtain the ground truth
labels, resulting in a new set of 720 labeled samples. The
classifier trained with the dGLI representation, without any
retraining, is able to achieve more than an 80% of accuracy,
while the others do not work. Results are reported in the
second row of Table II.

We show the confusion matrices of all the classifiers on
the test set and on the new dataset in Fig. 5. Due to the nature
of the dGLI coordinates, all the singular states like folded
in half, folded twice in half, etc, need a lot of samples of
a variety of relative positions between the selected segments
on the border. In future work, we will study additional
parameters we can add to the representation to deal better
with this kind of cases. The dGLI coordinates is a novel
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Topology of cloth deformation - Gauss Linking Integral

F. Coltraro, J. Fontana, J. Amorós, M. Alberich-Carramiñana, J. Borràs and C. Torras. A Representation of Cloth States based 
on a Derivative of the Gauss Linking Integral. Applied Mathematics and Computation 457: 128165, 2023.
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J. Borràs, G. Alenyà, and C. Torras.  A grasping-centered analysis for cloth manipulation.  
IEEE Transactions on Robotics, 36(3):924-936, 2020.

Taxonomy of grasps and gripper functionalities
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Learning cloth folding sequences using Virtual Reality

J. Borràs, A. Boix-Granell, S. Foix, and C. Torras, 
A Virtual Reality Framework For Fast Dataset 
Creation Applied to Cloth Manipulation with 
Automatic Semantic Labelling,  IEEE 
International Conference on Robotics and 
Automation, London, May 2023.
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Topology of cloth deformation - Gauss Linking Integral

J. Borràs, A. Boix-Granell, S. Foix, and C. Torras, A Virtual Reality Framework For Fast 
Dataset Creation Applied to Cloth Manipulation with Automatic Semantic Labelling,  
IEEE International Conference on Robotics and Automation, London, May 2023.
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Work in progress: dGLI-based, compact representation

J. Kamat, J. Borràs and C. Torras. CloSE: A Compact Shape-and Orientation-Agnostic Cloth State Representation. 
arXiv preprint arXiv:2504.05033, 2025.
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Work in progress: predicting cloth manipulation actions using VLM

O. Barbany, A. Colomé and C. Torras. BiFold: Bimanual Cloth Folding with Language Guidance. IEEE 
International Conference on Robotics and Automation (ICRA), arXiv preprint arXiv:2501.16458, 2025.

Language-conditioned model to predict folding actions from cloth state + text instruction

https://barbany.github.io/bifold/

https://barbany.github.io/bifold/
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Controlling dynamic cloth manipulation using MPC

A. Luque, D. Parent, A. 
Colomé, C. Ocampo-
Martínez and C. Torras. 
Model predictive control 
for dynamic cloth 
manipulation: Parameter 
learning and experimental 
validation. IEEE 
Transactions on Control 
Systems Technology 
32(4): 1254-1270, 2024.
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CLOTHILDE Simulator
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CLOTHILDE Simulator - Equation of motion  
with inextensibility, contacts and aerodynamics

F. Coltraro, J. Amorós, C. Torras and M. Alberich-Carramiñana. A practical aerodynamic model for dynamic textile manipulation 
in robotics. Mechanism and Machine Theory, 209: 105993, 2025.
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CLOTHILDE Simulator

- 
- 
- 
- 
- 
- 

F. Coltraro, J. Amorós, M. Alberich-Carramiñana and C. Torras. An inextensible model for the 
robotic manipulation of textiles. Applied Mathematical Modelling 101, 832-858, 2022.

F. Coltraro, J. Amorós, M. Alberich-Carramiñana and C. Torras. A novel collision model for inextensible textiles and its 
experimental validation. Applied Mathematical Modelling 128: 287-308, 2024. 

.
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Modeling cloth dynamics as an inextensible surface

F. Coltraro, J. Amorós, M. Alberich-Carramiñana and C. Torras. An inextensible model for the 
robotic manipulation of textiles. Applied Mathematical Modelling 101, 832-858, 2022.

F. Coltraro, J. Amorós, M. Alberich-Carramiñana and C. Torras. A novel collision model for inextensible textiles and its 
experimental validation. Applied Mathematical Modelling 128: 287-308, 2024. 

.
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CLOTHILDE Simulator - Validation

Simulation of shaking with a hanger of a meshed tank-top with 1676 triangles during 4.5s.
Area error with sign of each individual triangle for each time instant. Total area error almost zero.
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Learning folding skills by demonstration and reinforcement

A. Colomé, C. Torras. 
Reinforcement Learning 
of Bimanual Robot Skills.                                                     
Springer Tracts in 
Advanced Robotics 134, 
2020.
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Learning force profiles through demonstration

E. Caldarelli, A. Colomé and C. Torras. Perturbation-Based stiffness inference in variable 
impedance control. IEEE Robotics and Automation Letters, 7(4): 8823-8830, 2022.
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Learning force profiles through demonstration

E. Caldarelli, A. Colomé and C. Torras. Perturbation-Based stiffness inference in variable 
impedance control. IEEE Robotics and Automation Letters, 7(4): 8823-8830, 2022.



Carme Torras @ ELLIIT Symposium on Robot Learning      /4131

Learning force profiles through demonstration

E. Caldarelli, A. Colomé and C. Torras. Perturbation-Based stiffness inference in variable 
impedance control. IEEE Robotics and Automation Letters, 7(4): 8823-8830, 2022.
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Learning force profiles through demonstration



Carme Torras @ ELLIIT Symposium on Robot Learning      /4133

Quasi-static 
manipulation

Dynamic 
manipulation

Cloth/Motion 
Representation

- Cloth macro-states (C-space, dGLI) 
- Capturing cloth states (Color/depth 

vision, Optitrack…) 
- Capturing motion (VR…)

- Modeling cloth as an inextensible 
surface 

- Representing motions (DMPs, 
writhe…)

Manipulation, planning 
and control

- Grippers 
- Grasping/Manipulation primitives 
- Planning state transitions

- Simulation of cloth dynamics 
- Controling cloth manipulation using 

GP and MPC 
- Variable impedance control

Learning  
(perception, motion)

- Cloth state estimation (from 
template, border…) 

- Learning transitions from VR

- Learning robot skills from 
demonstration & reinforcement 
(trajectories and force profiles)

Our current research on cloth manipulation



Carme Torras @ ELLIIT Symposium on Robot Learning      /4134

Work in progress: Fast cloth manipulation exploiting dynamics

Kernel-based Koopman operator regression + high-fidelity simulator + model predictive control
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Co-creation with all the involved stakeholders

•	Management 
•	Neurologist 
•	Clinical 

Therapist 
•	Social Worker

•	Management 
•	Innovation 
•	Medical 

Personnel 
•	Nursing Pers. 
•	Caregivers
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Helping nursing personnel in stressful routine tasks

Co-creation
•	Management 
•	Innovation 
•	Medical 

Personnel 
•	Nursing Pers.
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Human-robot interaction      learn and discuss about techno-ethics

38

«Using fiction to teach 
ethics allows students to 
safely discuss and reason 
about difficult and 
emotionally charged issues 
without making the 
discussion personal.»

Judy Goldsmith

«By making ethical 
reasoning a central element 
in the curriculum, students 
can learn to think not only 
about what technology they 
could create, but also 
whether they should create 
that technology.»

Barbara J. Grosz

1. Including ethics in the curricula
2. Engage students 

C. Torras. Ethics of social robotics: Individual and societal 
concerns and opportunities. Annual Review of Control, 
Robotics, and Autonomous Systems 7: 1-18, 2024.
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Educational levels:  
University: https://mitpress.mit.edu/books/vestigial-heart 
                    https://www.iri.upc.edu/people/torras/vestigial.html 
High school: https://www.pageseditors.cat/es/guia-didactica-la-mutacio-sentimental.html

Teaching materials on Social Robotics and AI

•	A novel about a future society 
in which people rely on 
personal-assistant robots to 
navigate daily life 

•	An appendix with 24 ethics 
questions 

•	An online teacher's guide 

•	A 100-slide presentation

https://mitpress.mit.edu/books/vestigial-heart
https://www.iri.upc.edu/people/torras/vestigial.html
https://www.pageseditors.cat/es/guia-didactica-la-mutacio-sentimental.html


Social services are beginning to invest in social robots: 

- Population ageing & shortage of caregiving personnel. 

- Elderly people could live longer at home with some 
technological help. 

- Robots can take on routine tasks with no added      
human value. 

- Increase the autonomy of the elderly. 

- Raise the qualification of caregiving jobs. 

- Reduce burden for the healthcare system & for families.

Carme Torras 
torras@iri.upc.edu
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