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Abstract— Physically-based cloth simulation involves modeling cloth as a collection of particles or nodes connected by various types of
constraints. These particles interact with each other and the environment, such as gravity or collisions, to accurately simulate the cloth's
behavior. One essential component of such simulations is the set of material parameters or coefficients that dictate the cloth's physical
properties, such as stiffness and damping. Deep learning-based coefficient prediction in physically-based cloth simulation involves using
machine learning techniques, specifically deep neural networks, to predict the material parameters of cloth from its geometric and
physical properties. The deep learning model is trained using a dataset of simulated cloth instances, where the material parameters are
known. The input to the model is a set of geometric and physical properties of the cloth, such as the dimensions, orientation, and velocity.
The output of the model is the set of material parameters that best represent the cloth's behavior under these conditions. This paper
proposes a deep learning method for predicting these coefficients using a multi-label video classification approach. The training data is
generated from a physics-based simulator, and the method is evaluated on some cloth simulations, such as fabric falling down, fabric
with collision, and fabric affected by airflow. The cloth movement dataset is generated from a mass-spring-based simulation. The results
show that the transformer model has much higher accuracy than other models. This study provides a promising approach for predicting
the coefficients of virtual cloth in physically-based simulations.
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Simulating the behavior of cloth accurately is a complex
I. INTRODUCTION and dynamic process that has become increasingly important
in computer graphics, particularly in 3D animation, virtual
reality, and the metaverse. The mass-spring system is often
used to model the behavior of cloth, representing the cloth as
a set of interconnected particles connected by springs. The
system's behavior is governed by the physical properties of
the cloth, including its mass, elasticity, and damping
coefficients [5], [6].

Recent advancements in machine learning have provided a
new tool for accurately predicting the coefficient values of the
mass-spring system. By training machine learning algorithms
on large datasets of fabric videos to analyze the motion of the
fabric and predict its physical properties, this approach has
shown promising results in accurately predicting the physical

In recent years, the explosive growth of the metaverse has
highlighted the critical role of accurate cloth simulation in
creating immersive virtual environments. The metaverse, a
virtual shared space increasingly popular in gaming, social
media, and other online platforms, allows users to create
avatars, explore virtual environments, and interact with other
users in real-time [1], [2].

Accurately predicting the coefficient values of the mass-
spring system for different fabrics can aid in creating more
realistic clothing and avatars that accurately reflect the
physical properties of real-world fabrics, including their
draping, wrinkling, and movement with the user. This is

particularly crucial in the metaverse, where creating realistic : e ) .
avatars and clothing customization options is essential for properqes of a ange of fabrics, including cotton, silk, and
providing users with an immersive and engaging experience Syntl’.let.IC matenals. 7], [8]- Apother approgch to accurat.ely
131, [4]. predlc;tmg the phy§1ca1 p.ropertle's of fabrics is to use physwal

experiments and simulations. This method can be particularly
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useful when dealing with more complex fabrics that exhibit
non-linear or anisotropic properties [9].

Accurately simulating the behavior of cloth in 3D
animation can be used to create lifelike and dynamic virtual
environments by modeling the physical behavior of cloth.
This involves using a combination of physics-based modeling
[10] and computer graphics techniques [11], such as
algorithms to simulate the behavior of cloth and texturing and
shading to create the appearance of different types of fabric
[12]. By accurately simulating the behavior of cloth, it is
possible to create more lifelike animations that accurately
depict the way fabric moves and interacts with other objects
in a scene [13], [14].

The accurate prediction of the coefficient values of the
mass spring system has numerous potential applications in 3D
animation, virtual reality, and the metaverse. For example, it
can be used to create more realistic clothing for characters in
video games, films, and other types of media, as well as more
dynamic and interactive virtual environments. The ability to
simulate cloth behavior accurately is essential for creating
realistic avatars and clothing customization options,
enhancing the overall user experience [15], [16]. Furthermore,
accurate cloth simulation can enable new forms of social
interaction in virtual spaces, such as virtual fashion shows or
other events where cloth behavior plays a significant role [17].

Mass spring systems are a widely used approach to
simulate the behavior of cloth in computer graphics. The
system consists of a grid of points connected to its
neighboring points by springs. The spring coefficients, also
known as stiffness constants, are used to model the physical
properties of the cloth, such as its elasticity and rigidity. The
mass of each point is also considered, as it affects the motion of
the cloth under external forces such as gravity and wind [18].

However, tuning the parameters of the mass spring system
to produce realistic simulations can be challenging. This is
because the optimal values for the stiffness constants and
other parameters can vary depending on the physical
properties of the cloth and the external factors acting on it.
Adjusting these parameters manually can be time-consuming
and often requires extensive trial and error [19].

Fortunately, deep learning techniques can be used to
automate this process by predicting the optimal values of the
mass-spring system coefficients based on the physical
properties of the cloth and external factors. This involves
training a neural network to recognize patterns and
relationships between the input data and the desired output,
which is the optimal coefficient value for the mass-spring
system [20].

The neural network itself will be designed to take as input
the physical properties of the cloth, such as its density,
elasticity, and other material properties, as well as any
external factors that might influence its behavior, such as
gravity, wind, or collisions with other objects. It will then
output a set of coefficients for the mass spring system that are
optimized for simulating the cloth under these conditions [21].

Once the neural network has been trained, it can be used to
predict the optimal coefficient values for new simulations
based on the input data. This can greatly simplify the process
of tuning the mass spring system for different cloth materials
and simulation scenarios, allowing designers to create more
realistic and accurate cloth simulations in less time [22]. The
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use of deep learning techniques to predict the coefficient
value of the mass-spring system for cloth simulation has
shown promising results. By training a neural network on a
large dataset of cloth properties and external factors, it is
possible to accurately predict the behavior of cloth in a variety
of different scenarios [23].

This paper focuses specifically on fabric materials and
presents a specific application that involves capturing fabric
from multiple camera angles and extracting frames from
videos. The study aims to demonstrate how predictive models
can be used on input video data to create an advanced try-on
system. The paper includes a comprehensive review of related
works in Section 2, addressing issues in the fields of the
metaverse, 3D animation, and virtual reality for video
prediction. Section 3 outlines the proposed methodology and
presents experimental results. Finally, in Section 4, the paper
provides conclusions and discusses future work.

II. MATERIALS AND METHODS

Cloth simulation is an important research area in computer
graphics with numerous applications across 3D animation,
virtual and augmented reality, and the emerging metaverse.
Accurately simulating cloth behavior in virtual environments
is challenging, and researchers have developed various
techniques, including mass-spring models, finite element
methods, particle-based methods, and machine-learning
techniques. Despite these advances, many challenges exist,
such as simulating cloth at different scales and incorporating
real-time interactions. Continued research in cloth simulation
is essential for creating more realistic and immersive virtual
worlds.

The paper approach by Feng et al. utilizes a deep learning
framework to simulate the interaction between clothing and
the human body through cloth simulation. It employs a two-
stream network architecture that takes the body mesh and
clothing mesh as input and predicts the deformation of the
clothing mesh resulting from the interaction with the body.
The network is trained on a vast dataset of human and clothing
meshes with ground truth data on the deformation of the
clothing meshes [24].

In recent years, cloth simulation has seen significant
advancements, including techniques such as finite element
methods [25], which divide the cloth into small elements and
solve equations of motion for each element. More
sophisticated models that incorporate both stretching and
bending stiffness have also been explored for more realistic
simulations of cloth behavior [26], [27].

Others have investigated more sophisticated models that
incorporate stretching and bending stiffness for more realistic
simulations of cloth behavior [26], [27]. Other techniques
include particle-based methods that model the cloth as a
collection of particles connected by springs and hybrid
approaches that combine different techniques to take
advantage of their strengths.

Other cloth simulation techniques have also been proposed,
such as particle-based methods using particles connected by
springs and hybrid approaches combining different methods.
For instance, Zhang et al. [28] proposed particle-based
methods that utilize connected particles and springs to
simulate cloth behavior. Moreover, mass-spring systems,
position-based dynamics, and dynamic relaxation can provide



a more comprehensive overview of cloth simulation methods.
By evaluating various techniques, researchers can better
understand their strengths and limitations and make informed
choices for specific applications.

Chekir [29] has also introduced a log-Euclidean Fisher
vector end-to-end learning approach for video classification,
involving analyzing large-scale video data and extracting
valuable information from it. Other deep learning techniques,
such as convolutional neural networks (CNNs) and recurrent
neural networks (RNNs), have also been successful in various
applications, such as action recognition, object detection, and
video summarization.

In addition to progress in cloth simulation techniques,
computer graphics have seen significant development in
recent years, particularly in the area of realistic rendering
techniques that accurately capture the behavior of light in a
scene. Researchers, including Pueyo et al. [30], have
introduced techniques such as ray tracing, which models the
path of light as it interacts with objects in a scene, and
radiosity, which simulates how light is diffused and reflected
between surfaces. These techniques have found applications
in industries such as film, video games, and architecture,
enabling more realistic and accurate renderings of virtual
environments.

Another important area of research in computer graphics is
the development of techniques for modeling and animating
complex shapes and materials, such as fabric, hair, and other
objects. Researchers have developed a range of techniques
that have found applications in different fields, including film,
video game development, medical imaging, and scientific
visualization, enabling more realistic and visually appealing
results [31].

In the context of fabric study materials, Visan et al. [32]
have also explored various techniques for simulating the
behavior of fabric. One popular approach is finite element
methods, which involve dividing the fabric into small
elements and solving equations of motion for each element.
Other techniques include particle-based methods, such as
mass-spring systems, and optimization-based approaches that
minimize the energy of the cloth system while ensuring
certain constraints are met.

Overall, cloth simulation and computer graphics have seen
significant progress in recent years, driven by advances in
computing power and the development of new techniques and
algorithms. As the field continues to evolve, we will likely see
even more sophisticated and realistic simulations of cloth and
other materials, with applications in a wide range of
industries.

III. RESULTS AND DISCUSSION

A.  Method Overview

This section presents an overview of the methods used in
this paper and their results. We explored three models: Gated
Recurrent Unit (GRU), Long Short-Term Memory (LSTM),
and Transformer. The GRU model is particularly useful for
sequence modeling tasks, including natural language
processing, speech recognition, video classification, and
image captioning. The key feature of GRU is its ability to
selectively update its hidden state using "gates", which are
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learned parameters that determine how much of the previous
hidden state is used.
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Fig. 1 The overview of the proposed Gated Recurrent Units (GRUs) method
and how it is visualized through unrolling the recurrent part of the network.

The working flow of a GRU model can be portioned into
various stages. To start with, the input data to the GRU is a
sequence of vectors, like frames in a video. Next, an
embedding layer is used to convert the input vectors to a
fixed-size vector representation. At the beginning of the
sequence, the hidden state of the GRU is initialized to a fixed-
size vector of zeros. For each input sequence element, the
GRU computes a new hidden state by combining the current
input vector with the previous hidden state.

This computation involves several steps, including the use
of sigmoid functions to determine how much of the previous
hidden state should be preserved or forgotten, as well as the
generation of a candidate hidden state through the application
of a hyperbolic tangent function. The candidate hidden state
is then combined with the output of the update gate to generate
the new hidden state. Finally, the output of the GRU is
typically the hidden state corresponding to the last element of
the input sequence, which can be used for downstream tasks
such as classification or generation.

Long Short-Term Memory (LSTM) is another type of
recurrent neural network (RNN) that can be used for video
classification tasks, similar to GRU models. The working
flow of an LSTM model for video classification can be
described as follows:
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Fig. 2 The system architecture consists of a CNN VGG16 model to extract
high-level features from video frames. These features are then fed into a
LSTM model that classify classes.



The process of using LSTM for video analysis involves
several steps. Firstly, the input data consists of a sequence of
video frames, each represented by a 3D tensor of pixel values.
Secondly, preprocessing may be required to normalize size,
color, and brightness and extract relevant features using
techniques such as optical flow analysis or convolution neural
networks (CNNs). Thirdly, the processed frames are passed
through a CNN-based feature extractor that outputs a fixed-
size feature vector for each frame.

Fourthly, a time-distributed layer applies the same set of
weights to each frame in the sequence, allowing the model to
learn different weights for different time steps. The feature
vectors are then fed into an LSTM model, which updates its
memory cell and hidden state at each time step using the input
feature vector, previous memory state, and the outputs of
three gates (input, forget, and output).

The final output of the LSTM model is typically a
probability distribution over different video categories,
obtained by passing the last hidden state through a dense layer
with soft-max activation. Lastly, the model is trained using a
labeled dataset of video sequences, with the loss calculated
using cross-entropy between the predicted and true labels.

A transformer is a powerful neural network architecture
that was originally proposed for natural language processing
tasks but has also been adapted for computer vision tasks,
including video classification. The working flow of a
transformer model for video classification can be described as
follows:

The process of using a transformer for video analysis
involves several steps. Firstly, the input data consists of a
sequence of video frames, where a 3D tensor of pixel values
represents each frame. Secondly, the video frames may need
to be preprocessed to normalize their size, color, or brightness
and extract relevant features using optical flow analysis or
CNNS . Thirdly, the preprocessed frames are fed into a CNN-
based feature extractor that outputs a fixed-size feature vector
for each frame.

Fourthly, the feature vectors are combined with a sequence
of positional encoding vectors that provide information about
the position of each frame in the sequence. Fifthly, the
combined feature and positional encoding vectors are fed into
a stack of transformer layers, performing multi-head self-
attention and feedforward computations. The multi-head self-
attention operation allows each frame to attend to all other
frames in the sequence, weighted by their relevance and
similarity, while the feedforward operation applies a set of
fully connected layers to each frame independently, allowing
the model to learn non-linear relationships between features.

The final output of the transformer model is typically a
probability distribution over different video categories, which
can be obtained by passing the output of the last transformer
layer through a dense layer with soft-max activation. Lastly,
the model is trained using a labeled dataset of video
sequences, with the loss calculated using cross-entropy
between the predicted and true labels.

The transformer model is better than GRU and LSTM
models in terms of accuracy and execution time due to some
key reasons. This is because of some important reasons. The
transformer model utilizes a self-attention mechanism that
allows it to attend to all positions in the input sequence
simultaneously, resulting in more effective long-range
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dependency capture compared to GRU and LSTM models,
which only attend to previous positions. Furthermore, the self-
attention mechanism is highly parallelizable, resulting in
faster input sequence processing times compared to other
models. Another advantage of the transformer model is its
lack of recurrent connections, which makes it easier to train
and less susceptible to vanishing gradients.

The transformer model also utilizes positional encoding to
provide crucial information about the input sequence's order,
which is essential in certain tasks. And another one, the
Transformer model, is more parameter efficient than GRU
and LSTM models, which require fewer parameters to
achieve similar accuracy. Transformer model is an appealing
option for various applications, especially in resource-
constrained settings.
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Fig. 3 CNN-Transformer architecture for video classification.

B. The Dataset for Experiments

This study explores the classification of fabrics generated
from computer simulations, specifically fabric falling down,
fabric with collision, and fabric affected by airflow. Depth
images of these fabrics were used as input for a deep learning
model to predict their fabric class. The fabric classes were
divided into five categories: softness fabric, very softness
fabric, normal fabric, stiffness fabric, and very stiffness
fabric. Each category contained approximately 80 videos,
with each video having a duration of 30 seconds and
consisting of 960 frames. In total, 1,330 videos were used in
this study. The video description is shown in Table 1. The
videos in this dataset depict fabric in free fall, exhibiting
unique movements corresponding to each coefficient as it
resists the pull of gravity.



TABLEI
DATASET FOR EXPERIMENT IN VIDEO CLASSIFICATION

Dataset Length Video Class Frame
(seconds)

Fabric falling 30 450 5 432,000

down

Fabric with 30 415 5 398,400

collision

Fabric affected 30 465 5 446,400

by airflow

.
Fig. 4 The video animation depicts the movement of fabric falling down in
the video clip.

Fig. 5 The video animation depicts the movement of fabric with a collision
in the video clip.

Fig. 6 The video animation depicts the movement of fabric affected by
airflow in the video clip.

However, as the dataset is generated through a computer
simulation, it poses a challenge since many videos feature
identical objects and camera angles, even though the fabric
motion varies in direction (e.g., Fig. 4, Fig. 5, Fig. 6). Fig. 7
shows the simulation video of virtual cloths which are tested
with mass-spring system. For the very softness fabric, we
assigned the coefficients for mass-spring system as 200 for Ks
value, 100 for Kd vakue.

The mass-spring system (MSS) is a commonly used
technique in computer graphics for simulating cloth and other
deformable objects. In a MSS, the cloth is represented as a
collection of particles connected by springs. Each particle has
a mass, and the springs between the particles have spring
constants (Ks) and damping coefficients (Kd).

The Ks determines the stiffness of the spring, and the Kd
controls how quickly the spring's energy dissipates. These
parameters are important because they affect the behavior of
the cloth simulation. If the Ks value is too high, the cloth will
be too stiff and not move realistically. On the other hand, if
the Ks value is too low, the cloth will be too soft and may
appear to collapse. Similarly, if the Kd value is too high, the
cloth will move too quickly and appear unstable, while if the
Kd value is too low, the cloth may oscillate excessively and
not settle.
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Fig. 7 Displays frames of the agent interacting with the fabric in five
challenging tasks where it learns to manipulate specific verticals to their
target positions.
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Fig. 8 The proposed transformer architecture follows an encoder-decoder
structure [33].

The first layer, "PositionalEmbedding", is responsible for
adding positional information to the input embeddings of the
transformer. The positional information is necessary for the
Transformer model to operate on sequences of inputs since
the model has no inherent notion of sequence order. The layer
achieves this by creating an "Embedding" layer with



"sequence length" as the input dimension and "output_dim"
as the output dimension. The output dimension of the
Embedding layer is equal to the embedding dimension of the
input tensor, which is typically a fixed value for a given
model. The layer then generates a sequence of position
embeddings using the "range" function and adds them to the
input tensor. The resulting tensor has the same shape as the
input tensor, with each positional embedding element added
to the input tensor's corresponding element.

The second layer, "TransformerEncoder”, is one of the
building blocks of the Transformer model. It consists of multi-
head sclf-attention, a feedforward network, and residual
connections with layer normalization. The layer takes an input
tensor and an optional mask as input and applies the attention
and feedforward layers to the input. The attention layer
computes the self-attention of the input tensor, allowing the
model to weigh the importance of different parts of the input
sequence. The feedforward network then applies a non-linear
transformation to the attention output, producing a new
representation of the input tensor. The output of the
feedforward layer is added to the input tensor using residual
connections, and layer normalization is applied before
returning the output. The "TransformerEncoder" layer also
includes dropout layers to regularize the model and reduce
overfitting.

The third layer, "MultiHeadAttention", is a sub-layer used
in the TransformerEncoder layer. It consists of multiple
parallel self-attention operations, or "heads", which allow the
model to attend to different parts of the input sequence in
parallel. The input tensor is transformed into three different
tensors, which are then used to compute the self-attention
scores for each head. The resulting attention scores are
combined across all heads to produce a single attention
matrix, which is used to compute a weighted sum of the input
tensor. The resulting output is passed through a linear layer to
obtain the final attention output.

The fourth layer, "FeedForward", is also a sub-layer used
in the TransformerEncoder layer. It consists of a two-layer
feedforward neural network, which applies a non-linear
transformation to the input tensor. The output of the first
linear layer is passed through a non-linear activation function,
such as ReLU, and then through a second linear layer. The
resulting output is then added to the input tensor using
residual connections, and layer normalization is applied
before returning the output.

The Transformer model is a powerful deep-learning
architecture consisting of multiple layers of building blocks
that enable it to learn complex representations of input
sequences and make accurate predictions. While originally
designed for natural language processing, the Transformer
model has been applied to other domains, such as computer
graphics and deep learning for video classification. In
computer graphics, the Transformer model has proven
effective for tasks like image synthesis and captioning, thanks
to its ability to capture long-term dependencies and
relationships between different parts of the input sequence. In
video classification, the model has been used for tasks like
action recognition and video captioning, which improve the
accuracy of classification models and make them more robust
to variations in video content. However, it is important to note
that the Transformer model may not always be the best choice
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for every task. Depending on the nature of the input data, the
complexity of the task, and available computing resources,
other deep learning models like CNNs or RNNs may be more
suitable. Ultimately, the choice of model depends on careful
consideration of these factors.

C. Results

In our experiment, we compare three models (GRU,
LSTM, and Transformer); finally, the transformer model
obtains the highest accuracy compared to another model
mentioned in this paper. Transformers achieve more than
78.57% accuracy with 1,330 video datasets. For training, our
models are pre-trained on VGGI16. Unless otherwise
specified, we use 32-image input clips to fine-tune our
models. These clips are created by randomly cutting 64
consecutive frames from the original full-length video and
then omitting each frame. The spatial size is 224 x 224 pixels.
we use window10 (64 bit), CPU Core™ i9, and RAM 32 GB
with the execution of python version 3.9.12. The detailed,
tested environment configuration is shown in Table 2.

TABLEII
TESTBED ENVIRONMENT CONFIGURATION
Software/Platform Value
Window 10 64-bit
Programming Language/tool Python/Jupyter notebook
CPU Intel Core ™ i9
RAM 32 GB
Batch size 32
Validation split 0.03
Learning rate 0.0001
Epochs 250
Dataset 1,330 videos

Table 3 shows the classification performance results of
three methods: accuracy, precision, recall, and fl-score.
Results show the transformer model achieved accuracy 78%
better than other methods, and precision, recall, and f1-score
are higher than LSTM and GRU models.

TABLE III
CLASSIFICATION ACCURACY, PRECISION, RECALL, AND F1-SCORE
COMPARISON WITH TRANSFORMER, LSTM, GRU MODEL

Method Accuracy  Precision  Recall F1-Score
Transformer 0.78 0.75 0.75 0.75
LSTM 0.60 0.59 0.59 0.59
GRU 0.20 0.04 0.20 0.20

Table 4 compares classification performance for three
types of fabrics using the transfer model: fabric falling down,
fabric colliding, and fabric affected by airflow. The results
reveal that the fabric falling down achieved the highest
accuracy of 78.57%, outperforming the other fabric types in
precision, recall, and f1-score.

TABLE IV

CLASSIFICATION ACCURACY, PRECISION, RECALL, AND F1-SCORE
COMPARISON USING TRANSFORMER MODEL

Dataset type Accuracy Precision  Recall F1-
Score

Fabric falling 78.57 0.75 0.75 0.75

down

Fabric with 75.06 0.70 0.70 0.70

collision

Fabric affected 63.02 0.69 0.69 0.69

by airflow
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Fig. 9 The confusion matrix analysis of the video classification dataset
reveals the results.

IV. CONCLUSION

In this study, we utilized a transformer model with
positional embedding and transformer encoder for video
classification and achieved an impressive accuracy of 78.57%
on a dataset of 1,330 videos categorized into five classes. Our
approach offered significant advantages over LSTM and
GRU models, which process video inputs sequentially and
can be less accurate and inefficient when dealing with similar
datasets.

The transformer architecture we employed processes
inputs in parallel, resulting in faster execution times and
superior accuracy, particularly in scenarios where context
plays a crucial role in classification. The transformer model is
a versatile and effective tool for video classification and can
also be used in other research areas, such as natural language
processing and computer vision.

Our results suggest that the transformer model holds great
promise for improving the accuracy and efficiency of video
classification. Furthermore, future studies can expand the
scope of our research by increasing the dataset size and the
number of video categories, which will help further evaluate
our approach's performance.

Overall, our research highlights the importance of
exploring innovative techniques for video classification, and
our approach showcases the potential of transformer models
as a powerful tool for advancing research in this field. As
video content continues to proliferate in today's digital age,
we believe this study will contribute to developing more
sophisticated and accurate video classification models that
can benefit a wide range of applications, from surveillance
systems to social media platforms.
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