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1. Overview

We divide this supplementary material in different sections, as fol-
lows:

• On Section 2, we provide additional implementation details on
our model design and training configuration.

• On Section 3, we provide additional information on the proce-
dure we followed on our user study.

• On Section 4, we show the results of our ablation study on our
distance metric.

• On Figure 8, we provide additional details on our user study,
particularly the demographics of the test.

• On Figure 1, we show the correlation between distances on the
parameter space, and on our tSTE embedding, as well as our
Drape Similarity Metric.

• On Figure 2, we show some examples of our simulation-space
data augmentation policy, aimed at recreating possible misalign-
ments that may be present on the real material capture setup.

• On Figure 3, we show the top-K classification accuracy of the
rankings computed on the parameter space, and through our
drape similarity; compared to the tSTE embedding rankings.

• On Figures 4 to 7, we show the relative similarity rankings com-
puted through the tSTE embedding of our user study, compared
to the ground truth and predicted parameter distances, as well as
the drape similarity computed using the ground truth and pre-
dicted parameters.

• On Figures 10 to 14, we show the specific characteristics of each
material in our test set, including their composition, structure
and a visualization of their texture on both sides of the material
(a 1×1 cm image).

• On Figures 15 to 24, we show per-material Neural Saliency
Maps, for every material in our test set, divided by scene and
target parameter.

• On Figure 35, we show comparisons of real and simulated gar-
ments, for two different fabrics.

• On Figures 25 to 34, we show 10 simulations done using the
Ground Truth parameters and the parameters predicted by our

model. It can be seen that the simulations are highly non-
deterministic.

• On Figures 36 to 45, we show the relative orderings obtained by
different methods, from left to right: The average per-parameter
distance, the distance captured by the embedding of our user
study, and the perceptual distance, obtained using the ground
truth simulations, and the simulations done using the parameters
estimated by our model.
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2. Implementation Details

Training. We train our model using PyTorch [PGM∗19] as our
learning framework and Kornia [RMP∗20] for image-processing
operations, including normalization and data augmentation. The
model is optimized using AdamW [LH17] for a total of 50
epochs, with a learning rate of α = 0.0003, which is halved ev-
ery 10 iterations. All other optimizer hyperparameters followed
the default AdamW configuration. We use mixed precision train-
ing [MNA∗18], a batch size of 256, and a weight decay of
0.000002. The input images are of 180× 180 pixels, and we use
a Mean Squared Error (MSE, `2) as our loss function for our re-
gression problem. Model size design and hyperparameter selection
were conducted using Bayesian hyperparameter tuning [Bie20].
Training takes approximately one hour on a NVIDIA 2080 RTX
GPU.

Network Design. Our feature extractor is a pre-trained
ResNet-18 [HZRS16] (TorchVision pretrained weights check-
point weights=’IMAGENET1K V1’), followed by a Self-
Attention layer [ZGMO19] with 64 attention heads. The output
of this layer is max and average-pooled, and a final multi-layer
perceptron (MLP) with 4 hidden layers with 512 hidden units
each, receives the pooled features and the density value, and
outputs the 6 predicted mechanical parameters. The MLP layers
use ReLU [MHN13] non-linearities, followed by Layer Normal-
ization [BKH16], and a Dropout [SHK∗14] rate of 0.5. Both the
feature extractor and the MLP are trained simultaneously.

Data Augmentation. We use the following policy, in order: First,
we randomly rescale the input images using (0.5,1.5) rescale
ranges. We then randomly erase [ZZK∗20] parts of the input im-
ages (p = 0.2), randomly rotate them (p = 0.2,angle = ±10◦),
apply a random perspective change (p = 0.5,scale = 0.5), and a
random thin plate spline warp (p = 0.2,scale = 0.5). We then crop
the center area, with a resolution of 180 × 180 pixels. To those
images, we randomly change their contrast and brightness, on the
(0.5,1.5) ranges. We then apply a final set of transformations, in-
cluding image equalization, random horizontal flip ((p= 0.5)), ran-
dom Gaussian noise ((p = 0.5,µ = 0,σ = 0.02), random poster-
ization ((p = 0.5)), random sharpening ((p = 0.5)), and random
Gaussian blur ((p = 0.5), kernel size of 3× 3). Please refer to the
Kornia documentation [RMP∗20] for specific implementation de-
tails of each of these transformations and the specific meaning of
the mentioned parameters.
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Figure 1: Relationship between the distance obtained by our user study, our distance metric and the difference in each parameter. On the
top row, we plot the difference between the value of a parameter against the average distance between fabrics we obtained through our
user study. On the bottom, we show the same parameter distances, now against the distance predicted through our perceptual metric. As
shown, no mechanical parameter dominates the distance predicted by either the user study or our metric. The perception of mechanical
properties can be understood as a highly non-linear phenomenon in which many parameters interact in complex ways. We use z-scores to
help visualization.
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Figure 2: To recreate possible misalignments that may be present on the real images, we propose a simulation-space data augmentation
policy, in which we simulate the drapes from different rest positions, on the [−5,5] degree ranges. For every scene, we generate 11 different
simulations uniformely in this range, effectively creating a dataset of images for a single material.
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Figure 3: Ranking classification accuracy on different ways of
comparing materials. Comparing materials simply by measuring
their distances on parameter space yields innacurate similarity
rankings, as the parameter space is not orthogonal and cannot be
linearly correlated with human perception of material similarity.
Our Drape similarity metric provides us with a way of assessing the
similarity between materials on a more perceptual-aware space,
yielding more accurate rankings.
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Figure 4: Correlation between the ordering provided by the Human
Judgments (x-axis) and our Drape Similarity Metric (y-axis). We
plot z-scores instead of the raw distances to help visualization.
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Figure 5: Correlation between the ordering provided by our sim-
ilarity metric with the Ground Truth (GT) parameters (x-axis) and
the estimated ones (y-axis). We plot z-scores instead of the raw dis-
tances to help visualization.
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Figure 6: Correlation between the ordering provided by the tSTE
embedding from our user study (x-axis) and our distance metric,
computed using the estimated parameters (y-axis). We plot z-scores
instead of the raw distances to help visualization.
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Figure 7: Correlation between the ordering provided by the tSTE
embedding from our user study (x-axis) and the distance computed
on the parameter space, for the model predictions (y-axis). We plot
z-scores instead of the raw distances to help visualization.

© 2023 The Authors. Computer Graphics Forum published by Eurographics - The European
Association for Computer Graphics and John Wiley & Sons Ltd.



C. Rodriguez-Pardo & M. Prieto-Martin & D. Casas & E. Garces / How Will It Drape Like?Capturing Fabric Mechanics from Depth Images Supplementary Material

3. User Study: Procedure and Stimuli

Stimuli. We use ten physical fabric samples of our real dataset,
which are representative of different types of fabric structures,
thickness, densities, and mechanical properties. We leverage 25×
25 cm samples, which is an adequate size for the manipulation of
the materials.

Participants. A total of 30 volunteers took part in the test. The par-
ticipants had different backgrounds and diverse levels of expertise
on physical manipulation of textiles. A study on their demographics
can be found in the Supplementary Material. Figure 8.

Procedure. Following previous work on human percep-
tion [ZIE∗18, GAGH14], we design a Two-Alternative Forced
Choice (2AFC) user study in which participants are presented with
triplets of physical fabric samples. We performed the experiment
in a lab-controlled environment because the fabrics samples had to
be physically manipulated. Participants were asked to select which
of two fabrics is most similar to a reference fabric. They were
suggested to manipulate the samples (stretching, bending them,
etc.) and to focus only on mechanical similarity, thus ignoring other
factors such as optical properties (color, specularity, transparency)
or irrelevant tactile feedback (softness, for instance). Material
reflectance was thus ignored by participants. Volunteers were not
instructed to leverage fabric motion to make their decisions but
were free to dynamically manipulate the samples, which some
participants did. Following recommendations in user study design
for graphics [BHH∗22, DSKP22], we informed the users that
there are no right or wrong answers, allowed them to use their
own criteria for answering the questions, and self-identify their
demographics and levels of expertise. The volunteer demographics
can be found on 8.

Each participant rated 20 triplets that were pseudo-randomly
sampled following some rules: each of the 10 fabrics in our test set
is shown as reference at least twice to each participant, the order of
the triplets is random, each triplet was evaluated by at least 2 par-
ticipants. Each test took between 15 to 30 minutes, depending on
the participant, and was followed by an open discussion, to better
understand which criteria each participant used to make their de-
cisions. We started each quiz with a brief interview to register the
self-reported participants demographics [DSKP22], we continued
it with the 20 perceptual comparisons, and finished it with an open
discussion so as to better understand which factors each participant
used to make their decisions.

Results: Agreement 30 participants, with diverse levels of exper-
tise with fabrics and computer simulations, volunteered for this user
study. Given the same triplet, we observe an average of 86.68%
agreement between our participants across all experiments and ma-
terials, suggesting that there is a perceptual understanding of fab-
rics mechanics that humans share. We did not observe any signif-
icant differences in agreement depending on the volunteer demo-
graphics, or level of expertise on fabric handling or simulation. This
suggests that the perception of similarity on the mechanical proper-
ties of textiles may be relatively universal. When prompted, partic-
ipants generally admitted that some triplets were easier to evaluate
than others, either because neither candidate fabrics were similar to
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Figure 8: Demographics of the participants of our perceptual
study. Following recommendations on study for computer graph-
ics [DSKP22, BHH∗22], we ask for capture the self-identified gen-
der, age and education level of each participant. We also ask them
to identify their level of expertise with handling physical textile ma-
terials, as well as their expertise on computer simulation and ren-
dering of fabrics.

the reference or because both were very similar and thus difficult to
make a definitive decision. Participants tended to evaluate elastic-
ity and the shape of the fabric when it bends. When in doubt about
those factors, a standard procedure was to assess similarity using
the perceived weight of the material.
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Figure 9: Ablation study on different factors of our similarity
metric. Y-axis is Spearman correlation. (a) Results for several
image-based metrics IM (we use the implementations provided in
PIQ [KZP19]). (b) Number of simulations needed to account for
the non-determinism (optimal choice is 5). (c) Impact of the scene.

4. Ablation Study: Similarity Metric Parameters

Here, we study the factors that might impact the performance of
the metric: the image-based similarity metric (IM), the number of
simulations necessary to account for the non-determinism of the
simulation (N), and the scene (hanging or stretch).

Choice of IM The image-based metric should be able to cap-
ture the subtle differences in wrinkles, folds, and overall shape
of the simulated drape. While previous work has learned this
metric from data [GAGH14, LMS∗19], we proposed a simpler
approach using existing image-based similarity metrics. Fig-
ure 9 (a) shows results for several deep and non-deep meth-
ods. For deep learning-based metrics, it is particularly relevant
that the metric can account for local and positional differences.
A Content loss or the LPIPS shows stronger performance than
translation-invariant losses (e.g. Style Loss or DISTS).
Choice of N We study how many simulations that are needed to
account for the non-determinism of the simulation. Figure 9 (b)
shows that N ≥ 5 is enough to obtain accurate results.
Choice of scene We study which scene is best for estimating
drape similarity in Figure 9 (c). The stretch scene generally pro-
vides more information than the hanging scene, while using both
achieves the best agreement overall.
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Figure 10: Characteristics of the materials ID-0061 and ID-0115 of our test set.
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Figure 11: Characteristics of the materials ID-0178 and ID-0183 of our test set.
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Figure 12: Characteristics of the materials ID-0188 and ID-0191 of our test set.
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Figure 13: Characteristics of the materials ID-0208 and ID-0233 of our test set.
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Figure 14: Characteristics of the materials ID-0234 and ID-0242 of our test set.
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Figure 15: Neural saliency maps for the fabric ID-0061 of our test set, separated by scene and parameter.
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Figure 16: Neural saliency maps for the fabric ID-0115 of our test set, separated by scene and parameter.
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Figure 17: Neural saliency maps for the fabric ID-0178 of our test set, separated by scene and parameter.

© 2023 The Authors. Computer Graphics Forum published by Eurographics - The European
Association for Computer Graphics and John Wiley & Sons Ltd.



C. Rodriguez-Pardo & M. Prieto-Martin & D. Casas & E. Garces / How Will It Drape Like?Capturing Fabric Mechanics from Depth Images Supplementary Material
H
a
n
g
in
g

S
tr
e
tc
h

ID-0183
kStretchWarpkStretchWeft kStretchBias kBendingWarpkBendingWeft kBendingBias

Figure 18: Neural saliency maps for the fabric ID-0183 of our test set, separated by scene and parameter.
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Figure 19: Neural saliency maps for the fabric ID-0188 of our test set, separated by scene and parameter.
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Figure 20: Neural saliency maps for the fabric ID-0191 of our test set, separated by scene and parameter.
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Figure 21: Neural saliency maps for the fabric ID-0208 of our test set, separated by scene and parameter.
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Figure 22: Neural saliency maps for the fabric ID-0233 of our test set, separated by scene and parameter.
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Figure 23: Neural saliency maps for the fabric ID-0234 of our test set, separated by scene and parameter.
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Figure 24: Neural saliency maps for the fabric ID-0242 of our test set, separated by scene and parameter.
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Figure 25: Different simulations for the fabric ID-0061 of our test set, for the Ground Truth parameter (left) and the parameters predicted
by our model (right).
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Figure 26: Different simulations for the fabric ID-0115 of our test set, for the Ground Truth parameter (left) and the parameters predicted
by our model (right).
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Figure 27: Different simulations for the fabric ID-0178 of our test set, for the Ground Truth parameter (left) and the parameters predicted
by our model (right).
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Figure 28: Different simulations for the fabric ID-0183 of our test set, for the Ground Truth parameter (left) and the parameters predicted
by our model (right).
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Figure 29: Different simulations for the fabric ID-0188 of our test set, for the Ground Truth parameter (left) and the parameters predicted
by our model (right).
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Figure 30: Different simulations for the fabric ID-0191 of our test set, for the Ground Truth parameter (left) and the parameters predicted
by our model (right).
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Figure 31: Different simulations for the fabric ID-0208 of our test set, for the Ground Truth parameter (left) and the parameters predicted
by our model (right).

Ground Truth Parameters AI Estimated Parameters

S
tr

e
tc

h
H

a
n

g
in

g

ID-0233

Figure 32: Different simulations for the fabric ID-0233 of our test set, for the Ground Truth parameter (left) and the parameters predicted
by our model (right).
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Figure 33: Different simulations for the fabric ID-0234 of our test set, for the Ground Truth parameter (left) and the parameters predicted
by our model (right).
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Figure 34: Different simulations for the fabric ID-0242 of our test set, for the Ground Truth parameter (left) and the parameters predicted
by our model (right).
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Georgette 86gsm
100% polyester

Denim 265gsm 
50% cotton, 50% polyester

Figure 35: Comparisons of real garments on a mannequin, with virtual garments simulated using our engine and material model, for two
different fabrics with different mechanical properties. On the left, we show a lightweight georgette, on the right, a thicker denim.
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Figure 36: Relative orderings obtained for the fabric ID-0061 of our test set, using the similarities provided by comparing the materials on
the parameter space (leftmost column), the tSTE embedding (center-left column), our Drape Similarity Metric evaluated using the Ground
Truth parameters (center-right column), and our Drape Similarity Metric evaluated using the Ground Truth parameters (rightmost column).
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Figure 37: Relative orderings obtained for the fabric ID-0115 of our test set, using the similarities provided by comparing the materials on
the parameter space (leftmost column), the tSTE embedding (center-left column), our Drape Similarity Metric evaluated using the Ground
Truth parameters (center-right column), and our Drape Similarity Metric evaluated using the Ground Truth parameters (rightmost column).
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Figure 38: Relative orderings obtained for the fabric ID-0178 of our test set, using the similarities provided by comparing the materials on
the parameter space (leftmost column), the tSTE embedding (center-left column), our Drape Similarity Metric evaluated using the Ground
Truth parameters (center-right column), and our Drape Similarity Metric evaluated using the Ground Truth parameters (rightmost column).
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Figure 39: Relative orderings obtained for the fabric ID-0183 of our test set, using the similarities provided by comparing the materials on
the parameter space (leftmost column), the tSTE embedding (center-left column), our Drape Similarity Metric evaluated using the Ground
Truth parameters (center-right column), and our Drape Similarity Metric evaluated using the Ground Truth parameters (rightmost column).
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Figure 40: Relative orderings obtained for the fabric ID-0188 of our test set, using the similarities provided by comparing the materials on
the parameter space (leftmost column), the tSTE embedding (center-left column), our Drape Similarity Metric evaluated using the Ground
Truth parameters (center-right column), and our Drape Similarity Metric evaluated using the Ground Truth parameters (rightmost column).
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Figure 41: Relative orderings obtained for the fabric ID-0191 of our test set, using the similarities provided by comparing the materials on
the parameter space (leftmost column), the tSTE embedding (center-left column), our Drape Similarity Metric evaluated using the Ground
Truth parameters (center-right column), and our Drape Similarity Metric evaluated using the Ground Truth parameters (rightmost column).
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Figure 42: Relative orderings obtained for the fabric ID-0208 of our test set, using the similarities provided by comparing the materials on
the parameter space (leftmost column), the tSTE embedding (center-left column), our Drape Similarity Metric evaluated using the Ground
Truth parameters (center-right column), and our Drape Similarity Metric evaluated using the Ground Truth parameters (rightmost column).
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Figure 43: Relative orderings obtained for the fabric ID-0233 of our test set, using the similarities provided by comparing the materials on
the parameter space (leftmost column), the tSTE embedding (center-left column), our Drape Similarity Metric evaluated using the Ground
Truth parameters (center-right column), and our Drape Similarity Metric evaluated using the Ground Truth parameters (rightmost column).
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Figure 44: Relative orderings obtained for the fabric ID-0234 of our test set, using the similarities provided by comparing the materials on
the parameter space (leftmost column), the tSTE embedding (center-left column), our Drape Similarity Metric evaluated using the Ground
Truth parameters (center-right column), and our Drape Similarity Metric evaluated using the Ground Truth parameters (rightmost column).
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Figure 45: Relative orderings obtained for the fabric ID-0242 of our test set, using the similarities provided by comparing the materials on
the parameter space (leftmost column), the tSTE embedding (center-left column), our Drape Similarity Metric evaluated using the Ground
Truth parameters (center-right column), and our Drape Similarity Metric evaluated using the Ground Truth parameters (rightmost column).
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