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• Mesh 

• Silhouette / polygons/contour templates 
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• Constructive embeddings —> Introduce inductive bias 

• Can we define a constructive embedding  

• That uses knowledge of the system? 

• That gives us a sense of metric / distances? 

• That helps us navigate the configuration space?

Configuration space (C-space)



• Cloth under gravity is subject to low stresses —> we can model it as inextensible surfaces 

• Original state of cloth is flat —> developable surfaces with 0 curvature  

• Locally isometric to the Euclidean plane  

• Clothes are developable surfaces with a boundary  

• Given the boundary, there is not a unique developable surface 

• But, there is a finite set of solutions separated by a non-trivial jump

ℝ2

Assumptions

M. Alberich-Carramiñana, J. Amorós and F. Coltraro. Developable surfaces with prescribed boundary,  GEOMVAP 2019 



• So.. can we (robots) understand the state of cloth just looking at the border?

Assumptions

2D curves in space —> Topology, Knot theory



• Given 2 curves  and  the Gauss Linking Integral (GLI) between them gives the linking number 
between the curves 

• The GLI( , ) between a curve and itself gives the writhe or writhing number of  

• Both values are geometic invariants of the curves 

• In 1983, a version for polygonal curves appeared in the context of DNA protein structures 

• Many applications 

•  S. Ho Thesis 2011: to identify and synthesize animated characters in intertwined positions  

• Ivan et al. IJRR2013: To guide path planning through holes with representative curves of the 
workspace  

• Pokorny et al ICRA2023: To guide caging grasps in   

• Yuan et al ICRA 2019: To guide reinforcement learning  for humanoid motions.

γ1 γ2

γ γ γ

The Gauss Linking Integral

M. Levitt. Protein folding by restrained energy minimization and molecular dynamics. Journal of molecular biology, 1983.

R. L. Ricca and B. Nipoti. Gauss linking number revisited. Journal 
of Knot Theory and Its Ramications, 2011.



• The GLI between two segments:

The Gauss Linking Integral: the Levitt formula
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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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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 =
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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
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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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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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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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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

⇤
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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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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
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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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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
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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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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 =
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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

⇤
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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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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
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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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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 =
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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)
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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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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 =
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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

⇤
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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

CONFIDENTIAL. Limited circulation. For review only.

Manuscript 1684 submitted to 2023 IEEE International Conference 
on Robotics and Automation (ICRA). Received September 16, 2022.

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 =
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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
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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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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
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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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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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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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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 =
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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

⇤
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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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Classification of cloth semantic states by distance

Distance matrix 

M(i, j) = d( fi, fj)



Classification of cloth semantic states by distance

F. Coltraro, J. Fontana, J. Amorós et al. Applied Mathematics and Computation 457 (2023) 128165 

Fig. 3. Study of the index during 4 folding sequences. In the left column we show a representation of the cloth frames, and in the right column the 
confusion matrix of all of them. In red we highlight the class changes that can be identified. 

For example, in Seq. 1, folding two opposite corners, at frame 7, there is an important change, since a corner changes the 
orientation from flat to folded, even before it is released. This can be seen in the confusion matrix (first two blue squares). 
This is also clear in Seq. 2, where four corners are folded inwards. Moreover, our method also detects when edges of the 
cloth cross (Seq. 1, frame 24, Seq. 3, frame 23). These changes are also meaningful from the manipulation point of view, as 
they afford different possible graspings or actions. Especial mention deserves Seq. 4 since the cloth has non-trivial topology 
and the garment hangs and is non-flat during a significant part of the folding. In this sequence our representation detects 
correctly the moment in which the shorts touch the table (frame 14), when the top two controlled corners start to descend 
(frame 19) and the moment in which the fold is completed (frame 32). 
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Distance matrix 

M(i, j) = d( fi, fj)



• What is a semantic state? 

• Not well defined 

• “One corner folded” / “Folded in half” / “Bottom side folded” / “Wrinkled?” 

• The choice of edges defines the semantic states we can identify

Classification of cloth semantic states by distance



Classification of cloth semantic states by distance

F. Coltraro, J. Fontana, J. Amorós et al. Applied Mathematics and Computation 457 (2023) 128165 
Table 1 
Comparison between different shape representations ∗ . 

Database Seq. I Seq. II Seq. III Seq. IV 
dGLI 0.73 0.27 0.18 0.21 0.52 
Edges 1.60 0.68 0.77 0.51 1.91 
Corners 2.49 0.98 1.61 3.14 1.86 
Fréchet 0.99 0.69 0.76 0.48 0.90 
Hausdorff 1.45 0.71 0.84 0.49 0.90 

∗Each number is the Davies-Bouldin index introduced in Eq. 10 , that measures cluster separation quality. A 
smaller value means a better separation. We mark in bold the smallest values in each column. 

these classes, resulting in a smaller distance in our representation. The same phenomenon can be seen between classes 05 
and 12 in some cases, as they are indeed classes with similarities (in 05 the two corners do not cross, whereas in 12 they 
do). However, classes 03 and 11, which differ on whether or not the folding makes one side of the cloth hide its opposite, 
are perfectly separated. The borderline cases, that is, the fourth element in class 03 and the first element in class 11 are 
very similar, but our method distinguishes them because of the relative geometric position between edges (i.e. in these two 
cases, they are flipped). A similar thing occurs between classes 02 and 10. It is also worth mentioning that some classes 
that we have labeled as the same class have clear sub-classes shown in the confusion matrix. That is the case for classes 05, 
07 and 08. These are folded corners with different orientations. It is possible, using our representation, to induce a partition 
of the space in order to separate this type of class into two. 
4.3. Comparison with other shape representations 

In this subsection we perform a more quantitative comparison of our state representation with other competing methods 
in representing shapes. To evaluate a representation, we use the standard Davies-Bouldin index to measure cluster separation 
[30] : 

DB = 1 
n 

n ∑ 
i =1 max 

j " = i 
(

σi + σ j 
d(c i , c j ) 

)
(10) 

where n is the number of classes (e.g. in the database is 12), c i is the centroid of class i (the average of the coordinates of 
members of class i ), σi is a dispersion measure computed as the average distance of all elements in class i to the centroid c i 
and d(c i , c j ) is the distance between centroids c i and c j . With the classification given in Figs. 3 and 4 taken as ground truth, 
we want a representation that gives a small dispersion inside a class and high distance between the classes, resulting in a 
low index. The representation and distance with the smallest DB is considered the one that better separates these clusters, 
and therefore, the best representation to identify different cloth states. 

First, we use two simple cloth shape representations using similar low-level features like the ones we used: 
(i) Edges : for a given mesh we select the edges shown in Fig. 2 and compute their pairwise minimal distance. This results in 

a representation vector of length just like that of the dGLI coordinates (notice that unlike the dGLI, the coordinates of this 
vector are always non-negative). We use the Spearman’s distance to compare two different samples. This representation 
is invariant under rigid motions of the plane. 

(ii) Corners : for a given rectangular mesh we compute the pairwise distance between its 4 corners. In the case of the shorts, 
we take the 6 nodes shown in Fig. 2 . These are 6 or 15 non-negative numbers that can be computed for any cloth, they 
are invariant by rigid motions and they give a trivial representation of the state of the cloth. We also use Spearman’s 
distance to compare different samples. 
In addition, we compare with two classic methods to measure distance between curves and polygons [31,32] , taking the 

full discrete boundary curve of the garments as the state representation: 
(iii) Fréchet : to compare two different samples we compute the (discrete) Fréchet distance [33] between the curves. This is 

a distance that takes into account the location and ordering of the points along the curves. Since this distance is not 
invariant by rigid motions, special care must be taken to center and align the samples before comparing them. In order 
to do so we center the curves at the origin and perform a rigid alignment by computing the rotation that minimizes the 
distance between the curves’ points. 

(iv) Hausdorff: to compare two different samples we compute the (discrete) Hausdorff distance between the points of the 
curves [34] . Informally, two curves are close in the Hausdorff sense if every point of either curve is close to some other 
point of the other one. This distance disregards the fact that the sets it is comparing are curves and therefore is expected 
to be less sensitive than the Fréchet distance. As before, since this distance is not invariant by rigid motions, we center 
and align the samples before comparing them. 
In Table 1 , we display the computation of the DB index for our dGLI coordinates and the four discussed methods, using 

as testing scenarios the full database and the 4 folding sequences presented before. As seen in the table, our method results 
9 



Unity’s 3D platform, Obi Cloth & HTC Vive Pro system

Data collection: virtual reality framework

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, ICRA 2023.



Real video Cloth simulation Virtual reality

Data collection: virtual reality framework



Dataset of cloth manipulations

123 sequences of foldings with fixed position and orientation 
81 sequences of foldings with random position and orientation



Learning semantic labels in the virtual reality

We learn the mapping  
{ dGLI cloth coordinates  SemanticLabel } →



{ dGLI cloth coordinates  SemanticLabel }   { cloth border coordinates  SemanticLabel }    { image of border  SemanticLabel }→ → →

Comparing with different representations

dGLI Border coordinates Image representation

𝒢 = (g1, …, g28)



• Fully labeled dataset with more than 200 cloth manipulation sequences.  

• Many video samples of labeled sequences. 

• Code in python 

• To load the meshes from the XML files. 

• To compute the dGLI coordinates.

Semantic labels during cloth manipulation

http://www.iri.upc.edu/groups/perception/#VR_Framework_Dataset



• dGLI coordinates 

• Low dimensional representation of cloth 

• Give a metric in space -> sense of distance between folding states : Classification  

• Suitable to learn semantic labels (supervised learning) 

• BUT 

• Given the dGLI coordinates, we CAN’T compute what is the cloth state 

• We need to choose  the edges to compute the dGLI coordinates 

• If there is noise on this particular edges its a problem 

• It doesn’t capture the rest of the border 

• Configs close to the border of classes are very “far”

So far…

Class 11

Class 3



• New idea 

• Use all edges of the border 

• Work with the patterns on the 
dGLI matrix  

• This patterns seem to have a 
circular symmetry

From the dGLI coordinates to the dGLI disk

Mesh dGLI Matrix

J. Kamat, J. Borràs, C .Torras,  
CloSE: A Geometric Shape-Agnostic 
Cloth State Representation,  
ICRA 2026 
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From the dGLI coordinates to the dGLI disk

Mesh dGLI Matrix dGLI Disk

Uncovers 
easy to 
identify 
geometries!



Half folds patterns on the dGLI disk

Initial frames: a petal for each corner End frames: a line appears



Half folds patterns on the dGLI disk

Initial frames: a petal for each corner End frames: a line appears

FOR ALL SHAPES!



CloSE: abstraction captured from the dGLI disk

θ1
Corners represented by

The CloSE 
representation

Folds represented by

11
12

1
64

22
23

25
26

29
3046

47

50
51

53
54

11,1222,23

25,26

29,30

46,47 50,51
53,44

64,1

(θ1, …, θn)
θ2

θ3

θ4

θ6θ5
θ7

θ8

 dGLI disk0D0  dGLI disk1D1

1,2

2

Folded corners included f2f1

 dGLI disk diff|D1 | − |D0 | =

f1

f2



CloSE: Cloth StatE representation

Corners represented by

The CloSE 
representation

Folds represented by

(θ1, …, θn)

Folded corners included f2f1



CloSE: Cloth StatE representation

We can recover the border mesh from the CloSE

c1

c2
c1c2 f1

f2q2q1 q2

q1
f2

f1



The CloSE representation is continous

Animations are reconstructed borders from the CloSE representation



Automatic semantic labeling
CloSE rep. Generated label GT border CloSE rep. Generated label GT border



Planning with the CloSE representation II
Inputs:

Initial mesh CloSE goal

CloSE init Predicted goal border

+ Planner

Step 1: Unfold corner(s): [5, 6, 7, 8] 
across line: (3.69, 0.43) 

Step 2: Fold corner(s): [1, 8]  
across line: (5.70, 1.70) 

Execution of the plan in simulation:



• CloSE representation is useful in simulation to 

• Pre-train models 

• To automatically label datasets 

• To work with real robots, we need to track/estimate the border of clothes 

• W. Wang, G. Li, M. Zamora, & S. Coros; TRTM: Template-based reconstruction and target-
oriented manipulation of crumpled cloths. ICRA 2024

Tracking the border of clothes



The C-space of cloth
Conclusions

• Simple and structured representation 

• For single folds—> We are extending it to 
more configurations. 

• The representation itself gives 
generalization across different shapes, 
pose and orientation. 

• By construction we can plan and identify 
states (semantic labels and classification) 

• We are working on integrating the dGLI 
disk and the CloSE into learning methods 
to evaluate advantages.


