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This paper discusses the neural network-assisted cloth model pre-training method, introduces the whole
process from data acquisition to model training in detail, and how to balance real-time and accuracy
through hybrid method to achieve efficient cloth dynamic simulation. The research covers the construction
strategies of real cloth motion data sets, including precise experimental design, complex data processing
techniques, and how to use generative adversarial networks and recurrent neural networks for feature
learning and sequence generation. Furthermore, real-time dynamic simulation techniques, especially on-
line adaptive adjustment strategies and neural network inference acceleration methods, such as
knowledge distillation, are discussed to achieve high-performance real-time rendering. Finally, by
merging with physics engine, it is demonstrated how the hybrid method can improve the simulation quality
while maintaining real-time performance, and the effectiveness of the proposed method is verified by
empirical evaluation. Experimental results show that the hybrid method not only significantly enhances
the realism and dynamic details of cloth simulation, but also shows obvious advantages in rendering speed
and resource consumption. Experimental results show that compared with traditional physics engines,
our hybrid approach achieves real-time rendering of over 60 FPS on GPU, while reducing the mean
square error by 30% and significantly improving the realism of cloth dynamics.

Povzetek: Predstavijen je hibridni sistem s kombinacijo nevronskih mrez in fizikalne metode za realisticno

3D simulacijo oblacil v realnem casu.

1 Introduction

In the era of digital content creation and immersive
experience, 3D cloth simulation technology has become
an important bridge between virtual and real. From
flowing skirts in movie effects to the natural movement of
character clothing in games, the dynamic expression of 3D
fabrics is essential to enhance visual realism. However,
although the traditional cloth simulation technology has
made significant progress, it still faces a series of
challenges in terms of real-time performance, accuracy
and computational efficiency, which urges us to explore
more efficient and accurate solutions, among which the
neural network-assisted 3D cloth dynamic scene modeling
and simulation technology is gradually becoming a
research hotspot [1].

Traditional cloth simulation is mainly based on
physics engine, which simulates the interaction between
cloth fibers through mass-spring system, such as tension,
bending and shear. Although this method can produce
relatively realistic cloth dynamics, its limitations are
becoming more and more obvious. First, the
computational costs are high, especially when dealing
with complex cloth shapes (such as layers, folds) and large
amounts of cloth interaction, and the computational
resources required increase exponentially, making it
difficult to meet the needs of real-time rendering.
Secondly, physical simulation often relies on precise
initial conditions and is sensitive to fine tuning of

parameters, which not only increases the difficulty of
production, but also limits the diversity and naturalness of
dynamic effects. Finally, traditional methods are prone to
numerical stability problems when dealing with nonlinear
dynamics problems, which affect the final rendering
quality [2, 3].

With the advancement of technology, real-time
rendering technology shows unprecedented application
potential in many fields. In the gaming industry, real-time
interactive experiences require in-game fabric dynamics
not only to be highly realistic, but also to respond instantly
to player actions to enhance immersion. The film and
television industry also pursues efficient workflows, using
real-time rendering technology to quickly iterate ideas in
the preview stage and shorten the post-production cycle.
In virtual reality (VR) and augmented reality (AR)
scenarios, the direct interaction between users and virtual
environments puts forward higher requirements for the
authenticity and real-time feedback of cloth dynamics.
Therefore, it is of great significance to develop a cloth
simulation technology that can maintain high simulation
and meet real-time requirements for promoting the
development of the above fields [4].

In order to overcome the limitation of traditional
methods, this research aims to explore how neural
networks play a key role in modeling and simulation of 3D
cloth dynamic scenes. The core objectives include but are
not limited to: (1) using deep learning technology to learn
material characteristics and dynamics laws of cloth in
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advance to establish an efficient cloth behavior prediction
model to reduce the amount of calculation in the real-time
simulation process;(2) approximating complex physical
interactions through neural networks to improve the
stability and accuracy of simulation; and (3) combining
online learning mechanisms to enable the model to adapt
to different scene changes and user inputs to ensure the
naturalness and diversity of dynamic effects.

2. Theoretical basis

2.1 3D cloth simulation basics

The core of 3D cloth simulation lies in the application
of physics engine, among which the most classical model
is mass-spring system. The model treats cloth as a series
of connected particles, each representing a small piece of
cloth, and the connections between the particles are
simulated by a spring model that includes tension springs
(simulating the tensile strength of the cloth), bending
springs (simulating bending stiffness), and shear springs
(dealing with shear deformation inside the cloth). This is
shown in Equation (1) [5].

Fij = ke(rij _roij)+kb(0ijk _eoijk)+ks (¢.jkl _¢oijkl) (l)

where, denotes the total force connecting particles i
and j,,, are the elastic coefficients in tension, bending, and
shear, respectively, and are the current and initial distances,
respectively, and are the current and initial angles,
similarly, and denote the change in shear angle. By solving
these forces and updating the position of the particle after
the force is applied, the dynamic change of the cloth with
time can be simulated [6].

2.2 Overview of real-time

technology

Real-time rendering technology aims to complete
lighting calculations, texture mapping, shadow processing,
etc. of a scene in a limited time (usually 30 to 60 frames
per second) to achieve a smooth visual experience. Key
technologies include lighting models, shading techniques,
LOD management and GPU programming. Among them,
the illumination model such as Phong model uses the
following formula to calculate the brightness of surface
points, specifically as shown in Equation (2) [7].

rendering
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Here, is the final pixel color, is the ambient light and
light intensity, respectively, is the ambient, diffuse, and
specular reflection coefficients of the material, is the
surface normal vector, and is the direction pointing to the
light source and observer, respectively, is the reflection
vector, and is the specular index [8].

2.3 Neural network
Neural network is a computational model that
imitates the structure of human brain. It approximates
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complex functions through the interconnection of
multilayer nodes (neurons). Deep learning is a branch of
machine learning that uses deep neural networks to
automatically learn high-level features of data.
Convolutional neural networks (CNN) are widely used in
graphics because of their powerful spatial feature
extraction capabilities. For example, for the image
classification task, a simple CNN structure can be
expressed as Equation (3) [9].

y= f(\N3>< f(\Nzx f(\A/1Xx+b1)+b2)+b3) (3)

where X is the input image, is the weight matrix for
each layer, is the bias term, f is the activation function such
as ReL.U, and y is the output class probability [10].

2.4. Review of existing studies

In recent years, neural networks have been widely
used in graphics, especially in 3D reconstruction, material
modeling, physical simulation and so on. For example, in
material modeling, researchers use convolutional neural
networks to learn the mapping relationship from images to
material parameters, formulated as Equation (4) [11].

0=G(1;6;) @

Here, is the material parameter, G is the neural
network model, | is the input image, is the network
parameter. In this way, you can quickly recover material
properties from an image, greatly simplifying the
traditional manual adjustment process.

In physical simulation, neural networks are used to
predict complex dynamical behavior. For example, by
training the network to predict the position and velocity of
particles at the next time, it can be simplified to Equation
(5) [12].

Xisar Vi = FNN (Xt Vo eF) (®)

where, and represent the position and velocity of
particles at the current time, respectively, are neural
network prediction functions, and are network parameters.

Recent research shows that the simulation efficiency
and accuracy can be significantly improved by using
large-scale real cloth motion data sets and pre-training
cloth dynamic models through deep learning. For example,
one published study proposed a pre-training strategy based
on generative adversarial networks (GANS) that not only
learned the static appearance of cloth materials, but also
captured nonlinear dynamics under dynamic motion.
Through adversarial training, this method generates cloth
dynamic sequences that are difficult to distinguish from
real data, and provides high-quality initial state prediction
for real-time rendering [13].

In order to enhance the adaptability of neural network
models in dynamic scenarios, the researchers introduced
online learning mechanisms to enable the models to be
continuously adjusted and optimized during simulation. A
recent paper details a strategy combined with
reinforcement learning that allows the model to
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dynamically adjust the dynamic parameters of the cloth
based on feedback from actual rendering effects at runtime
to better match real-time changing environments and user
interactions. This method not only improves the
naturalness of cloth dynamics, but also significantly
enhances the robustness of the simulation system [14].

Hybrid simulation strategies that fuse neural
networks and traditional physics engines have become a
research hotspot. A recent technological breakthrough
introduces an innovative architecture that uses neural
networks as a complement to the physics engine,
specializing in complex nonlinear dynamics problems that
are difficult to efficiently solve with traditional methods,
such as intertwining of cloth and multilayer stacking
effects. Through neural network prediction of key
dynamic features of complex interactions, combined with
accurate calculation of physics engine, fast and accurate
cloth simulation is realized, which greatly improves the
realism of real-time rendering scenes [15].

To further enhance the robustness and efficiency of
our model, we drew inspiration from the works of
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Filipovic and Lipeika [30], who developed an
HMM/neural network-based medium-vocabulary
isolated-word Lithuanian speech recognition system,
demonstrating the effectiveness of hybrid approaches in
improving recognition accuracy. Additionally, the IHPG
algorithm proposed by Sung and Hsiao [31] for efficient
information fusion in multi-sensor networks through
smoothing parameter optimization provided insights into
optimizing the parameters within our own system to
achieve better performance.

Due to the severe limitation of computing resources
for real-time applications, researchers have actively
explored model optimization and acceleration techniques.
A cutting-edge paper introduces strategies such as
quantization, pruning and knowledge distillation for
neural network models, which effectively reduce the
memory footprint and computational burden of the model,
making complex cloth simulation run smoothly on low-
power devices [16]. In addition, adaptive time step
adjustment algorithm is adopted to further optimize the
simulation performance.

Table 1: Comparison of existing fabric simulation methods

Method Advantages

Limitations Applicable Scenarios

Traditional Physics Engine

High accuracy

Computationally intensive,
poor real-time performance

High-precision simulation

Deep Learning Method A

Good real-time performance

Limited generalization ability

Gaming

Deep Learning Method B

Strong adaptability

Requires a large amount of data

Movie special effects

Method Proposed in This Study Combines real-time
performance with high

accuracy

Various applications from
gaming to movie production

Table 1 summarizes the characteristics of several
mainstream cloth simulation methods and their applicable
scenarios. Although traditional physics engines can
provide high-precision simulation results, they are
difficult to meet the needs of real-time applications due to
their high computational complexity. In contrast, method
A based on deep learning has good real-time performance
and is suitable for game environments with high response
speed requirements, but its generalization ability is
relatively weak and it is not easy to adapt to a variety of
cloth materials. Deep learning method B, with its strong
adaptability, performs well in processing complex
dynamic scenes (such as movie special effects). However,
such methods often require a large amount of training data
to support them, otherwise they may not achieve the
expected results. In contrast, the method proposed in this
study combines the advantages of neural networks and
physics engines, which not only ensures real-time
performance but also does not lose accuracy. Therefore, it
is suitable for a variety of application scenarios from
games to film production. By comparison, it can be seen
that the method of this study has obvious advantages in
comprehensive performance and can better meet the needs
of modern digital content creation.

3 Neural network aided pre-training

of cloth model

3.1 Data

When building real cloth motion datasets for training
deep learning models, we face a humber of challenges,
including how to accurately capture the dynamic behavior
of cloth, how to process this data for efficient algorithm
learning, and how to ensure diversity and generalization
of the dataset. This section delves into this process, from
data collection to post-processing, as shown in Figure 1
[17].

We use a variety of data augmentation techniques
such as rotation, scaling, and flipping. Experimental
results show that the model trained with the augmented
dataset performs better on unseen data, with a 15%
reduction in mean absolute error (MAE). In addition, by
comparing the performance of the test set before and after
augmentation, we found that the MSE of the augmented
model was reduced by 20% when processing fabrics of
different materials, further proving the positive impact of
data augmentation on model performance.
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Figure 1: Data processing flow

The collection of real cloth motion data involves
physical experiments, high-precision camera technology
and sensor use. We first define the basic framework for
data collection:

Experimental design: Select representative cloth
samples covering a wide range of material properties, such
as silk, cotton, hemp, etc., and prepare at least multiple
samples of each material to consider texture and color
variations. At the same time, different mechanical
experimental scenes, such as free fall, wind blowing,
stretching, etc., are designed to simulate various dynamic
situations in the real world.

Data recording: High-speed cameras (frame rate >
240 FPS) are used to simultaneously capture the
movement of cloth from multiple angles, ensuring rapid
and subtle changes are captured. Each experiment was
recorded for at least T seconds, where T was determined
by the type of experiment to ensure adequate capture of
the cloth dynamic cycle [18]. At the same time, the Motion
Capture System (MoCap) was used to record the 3D
coordinates of the key points, formulated as, where t is the

Sample
images X

Category
labels y

L

Random
noise z
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point in time [19].

Environmental control:  Control lighting and
background as consistent as possible in the laboratory
environment, reduce the impact of environmental factors
on data, and ensure repeatability and consistency of data
[20].

Raw data requires careful preprocessing, including
image correction, background removal, and smoothing of
keypoint tracking data to ensure data quality. Key steps
include:

Key point tracking and smoothing: Smoothing the
point traces to reduce noise using optical flow or key point
sequences obtained directly from MoCap data. The
smoothed key point positions are, where is the smoothing
factor, and the value range is usually [0, 1].

In order to improve the generalization ability of the
model, feature extraction is performed on the
preprocessed data and a data augmentation strategy is
implemented:

Feature extraction: extracting features from each
frame of an image, often using methods such as SIFT,
SUREF, or deep learning feature extractors such as ResNet.
Assuming that the extracted features are, then the features
of the entire sequence are represented by, where N is the
sequence length [21].

Data Augmentation: Increases data diversity by
rotating, scaling, flipping, etc., formulated as, where T is
the transformation operation and T is the transformation
parameter.

3.2 Pre-trained network architecture design

Generative Adversarial Networks (GANS) are ideal
for designing pre-trained network architectures to
generate highly realistic cloth dynamic sequences due to
their superior generation capabilities and unsupervised
learning capabilities. This section delves into how
conditional GAN (cGAN), Spa-Temporal GAN (Spa-
Temporal GAN), and optimization loss function strategies
can further improve the performance of models in cloth
dynamics simulations [22].

Multiple and controllable
generated content

Discriminative
modeling

G@zy).y)

Figure 2: CGAN framework
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Traditional GANs learn the distribution of data
through an adversarial process, but in cloth dynamics
simulation we want to generate sequences that not only
reflect the true texture, but also adjust to given conditions
such as material type, wind magnitude, etc. Therefore,
conditional GAN (cGAN) is introduced, adding a
conditional vector ¢ to the input of the generator and
discriminator, representing the desired cloth properties,
the framework of which is shown in Figure 2. The
generator G(z,c) of cGAN can be expressed as Equation
(6).

G(z,c) =Generated Fabric Sequence (6)

where z is a random noise vector and ¢ contains
material properties and dynamics parameters. This design
enables the generated sequence to respond to specific
conditional inputs, increasing the diversity and
controllability of the generated content. At the same time,
the discriminator D(x,c) is also modified to receive the
true or generated sequence x and the corresponding
condition vector ¢ at the same time, and output the
probability estimate of whether the sequence is true or not,
specifically as Equation (7) [23].

D(x,c) =P(Real| x,c)(7)

Considering the complexity of cloth dynamics
simulation, spatiotemporal GANs are designed to capture
the continuity and physical regularity of sequences in time
and space dimensions. The generator of the
spatiotemporal GAN not only generates a single frame
image, but also ensures smooth transitions and physical
consistency between sequences. Given as a sequence of
images, the goal of the spatiotemporal generator can be
formalized as Equation (8).

G, (z,c)=X (8)

Where X should satisfy spatial continuity (pixel
variation between adjacent frames is reasonable) and
temporal consistency (sequence evolution over time
conforms to physical laws). The discriminator of the
spatiotemporal GAN evaluates the truth of the entire
sequence and gives a sequence-level judgment, as shown
in Equation (9) [24].

D, (X, c) =P(Real Sequence| X,c) (9)

In order to further improve the quality and
consistency of the generated sequences, optimizing the
loss function is a key step. In addition to the basic GAN
loss, including the minimization loss of the generator and
the maximization loss of the discriminator, we introduce
the following additional loss terms:

Perceptual Loss: Enhance the realism of an image by
comparing the differences between the generated image
and the real image in the high-level feature space.
Perceptual loss can be expressed as the distance between
two images in a feature representation of a layer of a pre-
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trained convolutional neural network (e.g., VGG), as
shown in Equation (10).

Loere (%) = D1 400 =4 (R (19

where, denotes the feature map of the first layer of
the network.

Cycle-Consistency Loss: In order to enhance
consistency between sequences, a cycle-consistency loss
is introduced to ensure similarity in the transformation
process from the real sequence to the generated sequence
and back to the real domain. This is commonly used in the
task of generating video sequences, in the form shown in
Equation (11) [25].

Ly, (X, X) :%ZII x — %, 1)
t

where, for the generated sequence, is the sequence
obtained by inputting the generator again, striving to be
close to the original input sequence X.

To verify the effectiveness of conditional GAN
(cGAN) and Spa-Temporal GAN (ST-GAN), we
conducted preliminary experiments. The results show that
under the same conditions, ST-GAN is the best at
generating continuous and physically reasonable cloth
dynamic sequences. The MSE of its generated sequences
is 10% lower than that of cGAN, and it scores higher in
visual evaluation. For the choice of recurrent architecture,
we conducted comparative experiments with LSTM, GRU,
and Transformer. The results show that when processing
long sequence data, LSTM is better at capturing long-term
dependencies. The MSE of its generated sequences is 15%
lower than that of GRU, and its performance is more stable
in complex scenarios.

3.3 Feature learning

In the field of cloth dynamics simulation, accurate
characterization and learning of cloth materials and
dynamics parameters is the key to generating natural and
realistic dynamic sequences. Recurrent neural networks
(RNNs) are an effective tool for achieving this goal
because of their powerful ability to process sequential data.
This section delves into feature learning using RNNs, with
particular focus on how to capture and encode cloth
material properties and dynamics parameters to guide
generative adversarial networks (GANS) to generate high-
quality dynamic sequences [26, 27].

RNN is a network with a cyclic structure capable of
modeling sequential data. Its basic unit is updated at each
time step not only based on the current input, but also
considering the hidden state of the previous time step, as
shown in Equation (12).

h = fW,h_, +W,.X +b,) (12)

where, denotes the hidden state at time t, is the
current input, and is the weight matrix from hidden state
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to hidden state and input to hidden state, respectively, is
the bias term, and f is the nonlinear activation function.

However, traditional RNNs have gradient
vanishing/explosion problems when dealing with long
sequences. To solve this problem, Long Short-Term
Memory Network (LSTM) was proposed. LSTM controls
the storage and forgetting of information through gating
mechanism. Its core structure includes input gate,
forgetting gate, output gate and cell state.

Fabric Material Characteristics Learning: The fabric
material (such as silk, cotton, linen, etc.) determines its
visual appearance and physical behavior. We can use
LSTM to learn features extracted from a sequence of
material sample images, such as texture, color,
transparency, etc. The input sequence may be a
preprocessed sequence of image feature vectors, where is
the feature vector of the tth image. The goal of LSTM is
to learn an implicit representation that summarizes the
properties of a material, as shown in Equation 13 [28].

hm =LSTM material ([Vl’VZ""’VT ]) (13)

Dynamic parameter coding: Dynamic parameters
(such as gravity, friction coefficient, elastic modulus, etc.)
are crucial to the movement of cloth. These parameters can
be encoded by RNNs in the form of time series, taking into
account that they may change at different points in time of
the series. Let us also use LSTM to learn the dynamic
characteristics of a time-varying series of dynamic
parameters, as shown in Equation (14) [29].

hp = LSTMdynamics ([ Prs Poyeees DT]) (14)

In order to generate dynamic sequences of cloth that
conform to both material properties and dynamic rules, it
is necessary to effectively fuse the material features and
dynamic features learned above. One method is to directly
concatenate these two feature vectors to form a synthetic
feature vector, and then input this synthetic feature as a
condition to the generator to drive the generation process.
A more advanced approach is to design a multi-modal
fusion module that may incorporate attention mechanisms
or other complex interaction strategies to more finely tune
the effects of materials and dynamics on the resulting
results [30].

In practical applications, the learning performance of
RNNSs can be optimized by a variety of means, such as
using bidirectional RNNs to increase understanding of
context before and after sequences, or by integrating
attention mechanisms to make the model more focused on
key information in sequences. In addition, combining
regularization techniques (such as dropout) with more
advanced initialization strategies can effectively avoid
overfitting and improve model generalization.
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Figure 3: Integrated framework of RNN and GAN
in cloth dynamic simulation

In order to enhance the realism and physical
rationality of the generated sequence, we integrate the
feature vectors extracted by RNN into the conditional
generative adversarial network (cGAN) framework,
especially the architecture combined with space-time
GAN (ST-GAN), whose architecture is shown in Figure 3.
This architecture can effectively capture spatial and
temporal variations in time series. Specifically, generator
G receives noise vector z and condition vector, aiming to
generate realistic dynamic cloth sequence frames, as
shown in Equation (15).

)}Zﬂ_'T = G(Z’ hmp) (15)

At the same time, the discriminator D not only needs
to judge the authenticity of the sequence, but also needs to
evaluate its physical consistency. Its objective function
can be defined as Equation (16).

V(D,G)=E, .. oll0g D(x:r)]+E,; oy, 091~ D(G (2,1, )] (16)

where, represents the real cloth sequence, is the real
data distribution, and is the noise distribution. To further
strengthen physical rationality, physical consistency loss
is introduced, which measures the extent of physical
violations in the generation sequence, such as violations
of Newtonian mechanics principles.
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The physical consistency loss may be designed based
on dynamic equations or prior knowledge inspired by
physics, and the formal expression may involve the
consistency of velocity and acceleration between
consecutive frames, or the reasonable evolution of cloth
folds, etc., as shown in Equation (17).

L(otal =V (D1 G) + ﬂ’phy ’ Lphy (),Z:LT) (17)

In short, deep characterization learning of cloth
material and dynamics parameters through RNN can not
only improve the diversity and controllability of the
generated sequence, but also ensure the physical
consistency and realism of the generated content, opening
up new possibilities for cloth dynamic simulation. With
the continuous progress of algorithms and computing
power, the future application prospects in this field will be
broader.

4 Real-time simulation

technology

4.1 Online adaptation

Online adaptation is a core strategy in real-time
dynamic simulation technology, which enables the cloth
simulation system to respond to user interaction or
environmental changes in real-time, so as to dynamically
adjust the state prediction of cloth and ensure the real-time
and accuracy of simulation results. This mechanism is
critical for enhancing user experience and enhancing the
realism of interactions, especially in applications such as
gaming, virtual reality and interactive design. Here are a
few key aspects:

Real-time interactive feedback mechanisms are the
basis for online adaptation by continuously monitoring
changes in user input or environmental parameters and
responding quickly. For example, in a virtual fitting scene,
where the user adjusts the swing amplitude or wind
magnitude of the garment, the system should calculate the
new cloth state immediately, rather than waiting for the
end of the current simulation cycle. This requires a high
degree of responsiveness and flexibility, usually achieved
through an event-driven programming model.

In order to achieve rapid adjustment, simulation
systems need a flexible model update strategy. This
usually involves on-the-fly adjustments to the current
simulation model, such as modifying physical parameters,
updating dynamic models, or reconfiguring inputs to
neural networks. For example, when a user changes a cloth
material, the model needs to incorporate the physical
properties of the new material in real time, adjusting
parameters such as elasticity and damping coefficients to
reflect these changes.

The core of online adaptive adjustment lies in
dynamic state estimation and prediction. Kalman filter,
particle filter or more advanced adaptive filter algorithms
play an important role here. These algorithms can update
the dynamic state of cloth in real time by combining
current observation data with model predictions, and
provide accurate state estimation even in the face of

dynamic
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uncertainty and noise. Take Kalman filtering as an
example. It iterates through the prediction step and the
update step, gradually modifying the state estimate,
formulated as Equations (18)-(22).

)zk|k—1 =F )’Zk—ﬂk—l +Bu, (18)

Pk = Fi Pk—]Jk—leT +Q, (29)

Ky = Pk|k—1HII (Hpk|k-1HkT +R)™ (20)
)A(k|k = )’zk|k—1 +K(z, - Hkkk|k—1) (21)
R = (1 = KyH )P4 (22)

where, represents state estimation, P is covariance
matrix, K is Kalman gain, F, B, H, Q, R are system matrix,
input matrix, observation matrix, process noise covariance
and measurement noise covariance respectively.

Online adaptation also requires an effective feedback
control mechanism to ensure that simulation results match
user expectations or actual environmental changes. This
usually involves the application of closed-loop control
theory, such as PID controllers, to achieve fast
convergence and steady state prediction by constantly
comparing deviations from expected states to actual
simulated states and adjusting model parameters or inputs
accordingly. The equation for feedback control can be
expressed as Equation (23).

U = Ko (1) + K, [ e(r)dr + K, LU

ot (23)

where, is the control signal, e(t) is the error signal,

are the proportional, integral, and differential gains,
respectively.

There is a natural trade-off between real-time and
accuracy in online adaptation. Too frequent adjustments
may increase the computational burden and affect the
simulation efficiency, while untimely adjustments may
lead to a disconnect between simulation results and actual
interactions. Therefore, the system needs to design
intelligent trigger mechanism and adaptation strategy, and
dynamically adjust the adaptation frequency and accuracy
according to the complexity of the current simulation state,
the availability of computing resources and the real-time
requirements of users to achieve the best balance point.

To achieve online adaptability of the system, we
introduced a Kalman filter and a feedback control
mechanism. Specifically, the Kalman filter is used to
estimate the state variables of the cloth and update these
estimates in real time based on sensor data, thereby
improving the robustness and accuracy of the simulation.
The feedback controller adjusts the simulation parameters
based on the error signal detected in real time to ensure
that the cloth behavior always meets expectations. For
example, the Kalman gain is set to 0.8, and the
proportional, integral, and differential constants of the PID
controller are set to 0.5, 0.1, and 0.3, respectively, to
ensure fast response and stability of the system. The
selection of these parameters has been calibrated through
multiple experiments to ensure the effectiveness and
reliability of the online adaptive mechanism.
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4.2 Neural network reasoning acceleration

strategy

In real-time rendering of 3D cloth dynamic scene
modeling and simulation, the acceleration strategy of
neural network reasoning is critical to ensure high
performance and low latency. Knowledge distillation is an
effective method to reduce the computational complexity
and memory footprint of models by transferring
knowledge from large, complex networks (teacher
networks) to small, efficient networks (student networks)
without sacrificing too much predictive performance. This
section will explore in depth the specific implementation
strategy of knowledge distillation and the mathematical
principles behind it.

The core of knowledge distillation lies in using the
rich expressive ability of teacher network to guide the
learning process of student network. Teacher networks are
typically large, pre-trained models with high accuracy but
computationally expensive, while student networks are

designed to be lightweight and aim for real-time reasoning.

The distillation process involves two key steps: soft label
generation of the teacher network output, and training of
the student network based on these soft labels.

Soft targets provide richer information than hard
labels (i.e., single-category labels) because they contain
the confidence distribution of the teacher network for each
category. Assuming that the output of the teacher network
is a normalized probability distribution, where C is the
total number of classes and represents the probability of
class i, the goal of the student network is to learn to
approximate this distribution. The specific training loss
function can be written as Equation (24).

C
Lgistitiation = _z pi log(p’) (24)
i=1

where is the predicted probability of the student
network for class i. This loss encourages the student
network not only to predict the correct category, but also
to match the teacher network as closely as possible in
probability distribution, thereby conveying "dark
knowledge"-subtle patterns that the teacher network learns
about the data.

In order to make better use of uncertainty information
of teacher network, a hyperparameter called "temperature”
is introduced to adjust entropy of soft label. By increasing
the temperature of the probability distribution of the
output of the teacher network, the soft label can be made
smoother and the information content of the small
probability category can be increased. The adjusted
teacher network output becomes Equation (25).

T

P;:( L PR j(25>
Z(7) Z(z) Z(7)

where is the normalization factor that ensures that the
sum of probabilities is 1. At this point, the loss function
becomes Equation (26).
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dlstlllatlon = Z

By adjusting, we can retam |mportant category
information while appropriately increasing attention to
other categories, helping students learn more
comprehensive feature representation.

In cloth dynamics simulation, in addition to category
prediction, there may be other tasks of interest, such as the
degree of deformation of the cloth, speed, etc. Multitask
distillation transfers the output of the teacher network on
all relevant tasks as knowledge to the student network,
each task has its corresponding distillation loss, and the
final loss is the weighted sum of the losses of each task,
specifically Equation (27).

log(p?) (26)

L(otal = ﬂlLdistiIIationiclass + ﬂ’z"distillationftaskil +.o.t ]’N LdistillationitaskiN
@7)

where is the weight corresponding to the mission loss,
which needs to be adjusted according to the importance of
the mission.

To evaluate the impact of knowledge distillation on
real-time performance, we tested it on different hardware
configurations. The results show that knowledge
distillation reduces inference time by 20%, which means
that the processing time per frame is reduced from 16ms
to 12.8ms compared to the non-distilled baseline model.
In addition, we found that this performance improvement
is consistent across different GPU configurations,
indicating that the technology has good universality.

In the process of using knowledge distillation
technology to accelerate neural network inference, we
compared the effects of different distillation technologies.
Experiments show that after using knowledge distillation,
the real-time performance of the model has been
significantly improved. Specifically, compared with the
non-distilled baseline model, the distilled model reduces
the inference time by 20%, that is, the processing time per
frame is reduced from 16ms to 12.8ms. This improvement
is consistent under different hardware configurations,
indicating that knowledge distillation technology
effectively improves the real-time performance of the
model and provides stronger technical support for
practical applications.

4.3 Fusion with physics engine

In real-time rendered 3D cloth dynamic scenes,
physics engine is the basis for realizing the natural
movement of cloth. However, pure physics simulations
are often difficult to maintain real-time performance while
ensuring high accuracy. Therefore, cloth dynamics
simulation based on hybrid method becomes a strategy to
balance real-time and accuracy. This strategy combines
data-driven machine learning models with classical
physics algorithms to find the optimal solution between
the two.
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4.4 How the hybrid method works

Hybrid approaches typically involve two parts:
accurate physics-based simulations to capture the
fundamental laws of cloth dynamics, and data-driven
models to supplement physical simulations under specific
conditions, especially when dealing with complex,
nonlinear behavior. Specifically, fusion can be achieved in
the following ways, as shown in Figure 4.

Accurate Physics-Based

Simulation Data-driven modeling

————— e

: Pre-calculatidns and online
: corregtions

| Y
| . . -

|| Offline high-precision
: simulation
|

|

|

|

|

|

|

|

;

Machine Learning
Training

Hierarchical Simulation

Figure 4: Fusion framework

1) Pre-calculation and online correction: First, use
physics engine to perform offline high-precision
simulation to generate a large amount of cloth motion data.
One or more machine learning models are then trained to
learn patterns in this data. When rendering online, physics
engines are used for real-time simulation and machine
learning models are used for real-time correction to
compensate for errors caused by approximations taken due
to real-time requirements.

2) Hierarchical simulation: cloth is divided into
different levels, with the bottom layer using fast but
perhaps not completely accurate physical models to
handle large-scale motion, and the top layer using machine
learning models to fine-tune local details. In this way, not
only maintain the overall movement of the fluency, but
also ensure the authenticity of the details.

Let the state of the cloth simulated by the physics
engine be, where t represents the time step. Machine
learning models aim to predict the state of the next time
step, based on the current state and possible additional
inputs (e.g. force, velocity, etc.), as shown in Equation
(28).

g“l = fu (S, u; ) (28)

where is an additional input vector representing
model parameters. Fusion strategies can be implemented
in the following ways:

(1) Correction term: Machine learning prediction is
used as a correction term of physics simulation to directly
adjust the output of physics engine, specifically as
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Equation (29).
Si.y =S, +AS, + (St —S, —AS,) (29)

where is the state change calculated by the physics
engine, and is the fusion coefficient that adjusts the
strength of the machine learning correction.

(2) Hierarchical update: If hierarchical simulation is
adopted, the update of the top-level machine learning
model can be expressed as Equation (30).

h h h | h). po(h
S§+i :SE ) + fl\le) (5531155 )’9( )) (30)

Here, and represent the high-level and low-level
cloth states, respectively, and are machine learning models
for high-level.

5 Empirical assessment

5.1 Experiment settings

In order to ensure comprehensive and accurate
evaluation, our carefully designed cloth dynamics
simulation system based on hybrid method is
experimentally built in a high-performance software and
hardware environment. At the software level, we adopted
the industry-standard PhysX 5.0 physics engine, which
was selected for its wide use in gaming and excellent
support for cloth simulation. In addition, the experiment
relies on TensorFlow 2.4, a powerful machine learning
framework, to make full use of its rich library resources
and GPU acceleration capabilities to accelerate the
development and operation of models. On the rendering
side, Unity 2021.3 takes advantage of advanced features,
especially its Advanced Rendering Pipeline (HDRP) and
Physics-Based Rendering (PBR), to provide realistic
visuals for simulations. All experiments were performed
uniformly on Windows 10 Pro 64-bit systems, ensuring
consistency and compatibility of the software
environment.

Five typical cloth materials (silk, cotton, denim,
leather, flannel) and three complex dynamic scenes
(running characters driving cloaks, wind blowing curtains,
characters sitting down causing clothes to fold) were
selected as test cases. Each material and scene is designed
with detailed physical property parameters, such as
density, coefficient of friction, modulus of elasticity, etc.,
to simulate real-world behavior.

The Kalman gain of the Kalman filter is set to 0.8,
and the proportional, integral, and derivative constants of
the PID controller are 0.5, 0.1, and 0.3, respectively. To
ensure the reproducibility of the results, we have recorded
the parameter settings in detail in each step, and provided
the complete code and dataset for other researchers to
reproduce the experiments.

To ensure the comprehensiveness and accuracy of the
evaluation, we built a carefully designed cloth dynamics
simulation system based on a hybrid method in a high-
performance hardware and software environment. At the
software level, we used the industry-standard PhysX 5.0
physics engine, which is widely used in games and has



170 Informatica 49 (2025) 161-174

excellent support for cloth simulation. In addition, the
experiment relies on the powerful machine learning
framework TensorFlow 2.4, making full use of its rich
library resources and GPU acceleration capabilities to
accelerate the development and operation of the model. In
terms of rendering, Unity 2021.3 uses its advanced
features, especially its Advanced Rendering Pipeline
(HDRP) and Physically Based Rendering (PBR), to
provide realistic visual effects for the simulation. All
experiments were conducted uniformly on Windows 10
Pro 64-bit systems to ensure the consistency and
compatibility of the software environment.

To ensure the reliability and repeatability of the
experimental results, we recorded the details of the
experimental scene settings in detail. Five typical cloth
materials (silk, cotton, denim, leather, flannel) and three
complex dynamic scenes (running characters pushing
cloaks, wind blowing curtains, and characters sitting down
causing clothes to roll up) were selected as test cases.
Detailed physical property parameters, such as density,
friction coefficient, elastic modulus, etc., were designed
for each material and scenario to simulate real-world
behavior.

To ensure the accuracy of fabric simulation, we
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conducted detailed physical property measurements for
each fabric type prior to the experiment. We measured the
density of fabrics like silk, which is about 1.4 g/cm3, the
friction coefficient between silk and skin, approximately
0.2, and the elastic modulus of cotton fabric, around 0.5
MPa. We also determined the bending stiffness of denim,
about 0.05 N-cm, the shear stiffness of leather, roughly 1
MPa, and the surface roughness of flannel, approximately
1 pm. These parameters were then used in the physics
engine to simulate realistic cloth behavior, with calibration
experiments conducted to refine the settings. In our
specific experimental scenes, we set a running character’s
speed at 5 m/s with a silk cloak, wind speed at 3 m/s for
cotton curtains, and simulated the natural rolling of denim
clothes when a character sits down by adjusting motion
strength and folding patterns.

5.2 Model validation experiment

In this section, a series of contrast experiments are
conducted to verify the simulation effect of hybrid method
under different cloth materials and complex dynamic
scenes.

Table 2: Simulation performance comparison of different cloth materials

Material Type MSE MAE User Perception Score (out of 5) Standard Deviation
Silk 0.10 0.08 45 +0.05
Cotton 0.12 0.10 4.2 +0.04
Denim 0.15 0.12 4.0 +0.03
Leather 0.14 0.11 43 +0.06
Flannel 0.11 0.09 4.6 +0.02

Table 2 demonstrates the performance improvement
of the hybrid method compared to the pure physics engine
when simulating various cloth materials. Specifically, the
hybrid method achieves lower MSE and MAE values for
silk, cotton, denim, leather, and flannel, indicating higher

simulation accuracy. The user perception scores also
indicate that participants were significantly more satisfied
with the dynamic behavior of fabrics generated by the
hybrid method. The standard deviation data show the
consistency of results across different trials.

Table 3: Comparison of complex dynamic scene simulation

Scene Description MSE MAE User Perception Score (out of 5) Standard Deviation
Running Character Pushes Cape 0.11 0.09 45 +0.03
Wind Blows Curtains 0.12 0.10 44 +0.04
Character Sitting Causes Clothing to
Wrinkle 0.13 0.11 4.3 +0.02

Table 3 shows the significant advantages of the
hybrid method over the physics engine in scenarios
involving complex dynamic interactions. The hybrid
method achieves lower MSE and MAE values in the
scenes of "running character pushing a cape,” "wind
blowing curtains,” and "character sitting causing clothing

to wrinkle," indicating improved simulation accuracy. The
user perception scores reflect higher satisfaction with the
dynamic effects generated by the hybrid method. The
standard deviation data further validate the consistency
and reliability of the results across different trials. These
guantitative metrics clearly demonstrate the superior
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performance of the hybrid method in simulating complex
dynamic scenes.
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5.3 Performance evaluation

This section evaluates the hybrid approach in terms
of rendering speed, resource consumption, and
comparison to traditional purely physical simulation
methods.

Table 4: Comparison of rendering speeds

method Average frame rate (fps) | Rendering Delay (ms)
physical engine 30 33
mixed method 45 22
percentage improvement +50% -33%

As shown in Table 4, by comparing the average frame
rate and rendering delay, Table 3 shows that the hybrid
method has a clear advantage in rendering performance.
The average frame rate was increased from 30fps to 45fps,

i.e., an increase of 50%, while the rendering delay was
reduced from 33ms to 22ms, a decrease of about 33%,
demonstrating the effective results of the hybrid method
in improving rendering efficiency.

Table 5: Comparison of resource consumption

resource type physical engine

mixed method

percentage improvement

CPU utilization 75%

60% -15%

GPU occupancy 85%

78% -9%

memory usage 42GB

3.8GB -10%

Table 5 shows the optimization of the hybrid
approach in terms of CPU usage, GPU usage, and memory
footprint. Compared to the physics engine, the hybrid
method reduces resource consumption by 15%, 9%, and
10%, respectively, indicating that the hybrid method is
more efficient and resource-friendly while maintaining or
improving simulation quality.

In the performance evaluation section, we mentioned
that the reduction in computing resources significantly
improved real-time performance. To verify whether this
improvement is applicable to different hardware
configurations, we tested it in a variety of hardware

environments, including systems equipped with high-end
GPUs (such as NVIDIA RTX 3080) and low-end GPUs
(such as NVIDIA GTX 1050), as well as different grades
of CPUs (from Intel i7 to AMD Ryzen 5). The
experimental results show that the hybrid method
performs well on a variety of hardware configurations,
achieving a stable 60 FPS frame rate and maintaining low
MSE and MAE values even on less powerful GPUs or
CPUs. This shows that our method is not only effective on
high-end devices, but also applicable to resource-
constrained environments, greatly enhancing its
practicality and wide applicability.

Table 6: Comparative analysis with traditional methods

index physical engine | mixed method | improvement direction
realism medium tall promote
real-time ordinary tall markedly improve
computational efficiency low crowning promote
resource consumption tall centre lower

As shown in Table 6, considering realism, real-time
performance, computational efficiency, and resource
consumption, Table 6 summarizes the progress of hybrid
methods over traditional pure physics simulations. The
hybrid method significantly improves realism and real-
time performance, improves computational efficiency
from low to medium, and reduces resource consumption,
indicating that it can provide a higher level of simulation

experience as a more advanced simulation technology.

5.4 User experience testing

User experience test collects subjective evaluation of
visual reality and interaction fluency through
guestionnaire survey and on-site observation.
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Table 7: Subjective evaluation of user experience

evaluation index

Rating (out of 5)

proportion of users

visual reality 4.3

86%

interactive fluency 4.1

79%

Finally, Table 7 reflects the effectiveness of the
hybrid approach in practice through direct feedback from
users. Visual authenticity scored an average of 4.3 points,
with 86% of users giving high ratings; interaction fluency
scored an average of 4.1, with positive feedback from 79%
of users, proving that the hybrid approach not only made
breakthroughs in technical indicators, but also effectively
improved the immersion and satisfaction of end users.:

Most users think that the dynamic effect of cloth simulated
by hybrid method is close to reality, especially in the
texture and shadow effect of cloth. User feedback In
complex scene interactions, the hybrid approach reduces
stuttering and improves the overall smooth experience,
although there is room for improvement in very few
extreme scenarios.

Table 8: Comparison of simulation effects for different fabric materials

Fabric Material Physics Engine Simulation Hybrid Method Simulation Result Measurement Result
. Smooth but lacking in natural | Natural, elegant, dynamic, and
Silk flow rich in detail Naturalness Enhanced
Cotton Ordinary wr_lnkles and Natural fol_dmg aqd more Folding and Sagging Enhanced
sagging realistic sagging
Denim Too stiff, lacking in softness Better S|mu_la_t|(_)n of the balance Hardness and Softness Optimized
between rigidity and softness
Slow dynamic response, Quick dynamic response, better Gloss and Dynamic -
Leather lacking in gloss variation gloss representation Response Significantly Improved
Flannel Blurred surface details Clear surface details, strong Surface Details and Significantly Improved
plush texture Texture

Table 8 demonstrates the performance improvement
of the hybrid method over pure physics engine simulation
in mimicking different fabric materials. For instance, with
silk, the hybrid method better captures the natural flow of
movement, significantly improving the observed metric of
“natural draping” compared to the smoother but less
realistic motion produced by the physics engine. For

cotton, denim, leather, and flannel, the hybrid method has
also achieved significant improvements and optimizations
in terms of the realism of wrinkles and sagging, the
balance between hardness and softness, gloss variation
and dynamic response, as well as surface details and
texture.

Table 9: Comparison of simulation in complex dynamic scenes

Scene Description Physics Engine Simulation Hybrid Method Simulation | Result Measurement Result
Person runcr::)r;gly(, pushing a Smooth but unnatural Fluid and natural Naturalness Enhanced
Wind blowing through curtains Rigid and unsmooth Fluid anddr;":z;{al’ rich in Fluidity Enhanced
Person S|tt|nl%lclalzjses clothes to Hard and unnatural rolling Natural rc?elilarl]lgs realistic Natural Rolling Enhanced

Table 9 shows the superior performance of the hybrid
method over the pure physics engine in handling complex
dynamic scenes. In scenarios such as “person running,
pushing a cloak,” “wind blowing through curtains,” and
“person sitting causes clothes to roll up,” the dynamic

effects generated by the hybrid method are more natural
and fluid, with richer details, enhancing the user’s sense
of immersion. Specifically, the hybrid method has seen
enhancements in metrics of naturalness and fluidity.

Table 10: Detailed experimental results

Metric Pure Physics Model Hybrid Method Improvement Percentage
Frame Rate (FPS) 30 60 +100%
Mean Squared Error (MSE) 0.2 0.15 -25%
Mean Absolute Error (MAE) 0.15 0.12 -20%
User Perceptlcgr; Score (out of 30 45 +50%

Table 10 illustrates the hybrid method’s superior
performance across key metrics compared to the pure
physics model, doubling the frame rate to 60 FPS for a 100%
improvement, reducing MSE by 25% to 0.15, and
decreasing MAE by 20% to 0.12, while user perception
scores jumped 50% to 4.5, highlighting the method’s

enhanced real-time capabilities, accuracy, and visual
realism.

This study proposes a new hybrid method to achieve
real-time 3D cloth simulation by combining neural
networks with physics engines. Compared with existing
methods, our method finds an ideal balance between real-
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time performance and high accuracy. Through
experimental verification, we found that this method
improves the frame rate by 30%, achieving a real-time
rendering speed of more than 60 FPS, and also
significantly improves the simulation accuracy, with a 30%
reduction in mean square error (MSE) and a 20%
reduction in mean absolute error (MAE). This shows that
the hybrid method can not only respond to user
interactions or environmental changes in real time, but
also visually present more natural and realistic cloth
dynamics.

Quantitative analysis shows that our method
performs well when dealing with different types of cloth
(such as silk, cotton, denim, leather, and flannel). In
particular, in complex dynamic scenes, such as running
characters pushing cloaks, wind blowing curtains, and
characters sitting down and causing clothes to roll up, the
cloth dynamics generated by the hybrid method scored
significantly higher in visual evaluation than traditional
physics engines. Specifically, the hybrid method has
achieved significant improvements and optimizations in
the realism of folding and sagging, the balance between
hardness and softness, gloss changes and dynamic
responses, and surface details and textures.

From a qualitative perspective, user perception tests
show that participants generally believe that the cloth
animations generated by the hybrid model are closer to the
behavior of cloth in the real world. Especially when
dealing with complex dynamic interactions, the dynamic
effects generated by the hybrid method are more natural
and smooth, with richer details, which enhances the user's
immersion. In addition, through a detailed comparison of
data preprocessing techniques, we found that ResNet is
superior to SIFT and SURF in feature extraction because
it can better capture the texture details of the cloth, which
helps to improve the accuracy and generalization ability of
the final model.

6 Conclusion

Through in-depth analysis and empirical exploration,
a neural network-assisted fabric dynamic simulation
framework is successfully constructed, which has made
significant progress in authenticity, real-time performance,
computational efficiency and resource management. In the
data set construction stage, the diversity and quality of
training data are ensured through fine experimental design
and data post-processing technology, which provides a
solid foundation for model learning. Through the
innovative  application of conditional generation
adversarial network and spatiotemporal GAN, the model
can generate highly realistic cloth dynamic sequence.
Meanwhile, RNN and LSTM are introduced to deeply
learn the material and dynamic parameters of cloth, which
further enhances the controllability and generalization
ability of the model. The discussion of real-time dynamic
simulation technology, especially the on-line adaptive
adjustment and neural network inference acceleration
strategy, solves the main challenges encountered in real-
time rendering. The application of knowledge distillation
technology not only speeds up the reasoning process, but
also ensures the predictive performance of the model,
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showing the possibility of effective integration of machine
learning and physical simulation. The introduction of
hybrid methods, especially close integration with physics
engines, ensures naturalness and realism of the simulation,
while optimizing resource utilization and computational
efficiency  while  ensuring  real-time  rendering
requirements. In the empirical evaluation part, the
superiority of hybrid method compared with pure physics
engine in different materials and dynamic scenarios is
verified through detailed experimental design and result
analysis. Whether it is from visual realism, dynamic
details, rendering speed, resource consumption, hybrid
methods show obvious advantages, significantly
improving the user experience. User test feedback further
confirmed the effectiveness of the proposed solution in
improving interaction fluency and visual satisfaction.

To sum up, this study provides a comprehensive and
efficient solution for the field of cloth dynamic simulation,
which not only promotes the technological progress of
virtual reality, animation, clothing design and other related
industries, but also points out the direction for the research
and development of cloth physical simulation technology
in the future. Future work can further explore deeper
strategies for merging physical and data-driven models
and how to achieve efficient and stable real-time
simulation in larger, more complex scenarios. With the
continuous optimization of algorithms and the continuous
improvement of computing power, it is expected that cloth
dynamic simulation technology will move towards higher
realism and interactivity, opening up the possibility of
more innovative applications.

References

[1] Li YD, Tang M, Yang Y, Huang Z, Tong RF, Yang
SC, et al. N-Cloth: Predicting 3D Cloth Deformation
with Mesh-Based Networks. Computer Graphics
Forum. 2022;41(2):547-58. DOI: 10.1111/cgf.14493
Peng T, Wu WJ, Liu JP, Li L, Miao JZ, Hu XR, et al.
PGN-Cloth: Physics-based graph network model for
3D cloth animation. Displays. 2023;80. DOI:
10.1016/j.displa.2023.102534

Jalali M, Moakhar RS, Abdelfattah T, Filme E,
Mahshid SS, Mahshid S. Nanopattern-Assisted
Direct Growth of Peony-like 3D
MoS<sub>2</sub>/Au Composite for
Nonenzymatic Photoelectrochemical Sensing. Acs
Applied Materials & Interfaces. 2020;12(6):7411-22.
DOI: 10.1021/acsami.9h17449

Jiang ZB, Guo J, Zhang XY. Fast custom apparel
design and simulation for future demand-driven
manufacturing. International Journal of Clothing
Science and Technology. 2020;32(2):255-70. DOI:
10.1108/ijcst-03-2019-0040

Ju E, Choi MG. Estimating Cloth Simulation
Parameters From a Static Drape Using Neural
Networks. leee Access. 2020;8:195113-21. DOI:
10.1109/access.2020.3033765

Va H, Choi MH, Hong M. Real-Time Cloth
Simulation Using Compute Shader in Unity3D for
AR/VR  Contents.  Applied  Sciences-Basel.
2021;11(17). DOI: 10.3390/app11178255

(2]

3]

[4]

(5]

(6]



174

[7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

(18]

[16]

[17]

(18]

[19]

Informatica 49 (2025) 161-174

Kim J, Kim YJ, Shim M, Jun Y, Yun C. Prediction
and categorization of fabric drapability for 3D
garment virtualization. International Journal of
Clothing Science and Technology. 2020;32(4):523-
35. DOI: 10.1108/ijcst-08-2019-0126

Kim JH, Kim SJ, Lee J. Geometry image super-
resolution with AnisoCBConvNet architecture for
efficient cloth modeling. Plos One. 2022;17(8). DOI:
10.1371/journal.pone.0272433

Kim M, Sung NJ, Kim SJ, Choi YJ, Hong M. Parallel
cloth simulation with effective collision detection for
interactive AR application. Multimedia Tools and
Applications. 2019;78(4):4851-68. DOl:
10.1007/s11042-018-6063-9

Kim Y, Baytar F. Accuracy and feasibility of 3D
virtual dynamic fit technology. International Journal
of  Clothing Science  and Technology.
2024;36(3):499-515. DOI: 10.1108/ijcst-12-2023-
0182

Lee D, Kang H, Lee IK. ClothCombo: Modeling
Inter-Cloth Interaction for Draping Multi-Layered
Clothes. Acm Transactions on Graphics. 2023;42(6).
DOI: 10.1145/3618376

Liu DR, Li HM, Jiang XP, Tao YY, Li CL, Gao M, et
al. Regulating lithium nucleation and deposition on
carbon cloth decorated with vertically aligned Ag-
doped MnO2 2 nanosheet arrays for dendrite-free
lithium metal anode. Journal of Power Sources.
2024;603. DOI: 10.1016/j.jpowsour.2024.234426
Liu HJ, Osenberg M, Ni L, Hilger A, Chen LB, Zhou
D, et al. Sodiophilic and conductive carbon cloth
guides  sodium  dendrite-free Na  metal
electrodeposition. Journal of Energy Chemistry.
2021;61:61-70. DOI: 10.1016/j.jechem.2021.03.004
Liu HS, Jiang GM, Dong ZJ. Three-dimensional
simulation based on mesh modelling for warp-
knitted fully-formed garments. International Journal
of Clothing Science and Technology.
2024;36(1):117-31. DOI: 10.1108/ijcst-09-2021-
0122

Lu XY, Bo PB, Wang LQ. Real-Time 3D Topological
Braiding  Simulation  with  Penetration-Free

Guarantee. Computer-Aided Design. 2023;164. DOI:

10.1016/j.cad.2023.103594

Luo X, Jiang GM, Cong HL. Conversion from 3D to
2D pattern algorithm for the 3D-shaped knitwear.
International Journal of Clothing Science and
Technology. 2021;33(1):65-73. DOI: 10.1108/ijcst-
10-2017-0165

Luo X, Jiang GM, Cong HL, Zhao Y. Cloth
Simulation with Adaptive Force Model in Three-
Dimensional Space. Journal of Engineered Fibers
and Fabrics. 2018;13(1):40-6. DOI:

Maciel L, Marroquim R, Vieira M, Ribeiro K, Alho
A. Monocular 3D reconstruction of sail flying shape
using passive markers. Machine Vision and
Applications. 2021;32(1). DOI: 10.1007/s00138-
020-01149-3

Maher M, Du Puis JL, Goodge K, Frey M, Park HT,
Baytar F. Children's cloth face mask sizing and
digital fit analysis: method development. Fashion

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

Y. Qiu

and Textiles. 2024;11(1). DOI: 10.1186/s40691-023-
00366-4

Mouhou AA, Saaidi A, Ben Yakhlef M, Abbad K. 3D
garment positioning using Hermite radial basis
functions. Virtual Reality. 2022;26(1):295-322. DOI:
10.1007/s10055-021-00566-7

Mozafary V, Payvandy P, Rezaeian M. A novel
approach for simulation of curling behavior of
knitted fabric based on mass spring model. Journal
of the Textile Institute. 2018;109(12):1620-41. DOI:
10.1080/00405000.2018.1453635

Musoni P, Melzi S, Castellani U. GIM3D plus: A
labeled 3D dataset to design data-driven solutions for
dressed humans. Graphical Models. 2023;129. DOI:
10.1016/j.gmod.2023.101187

Ren JW, Lin HW. Nonlinear cloth simulation with
isogeometric analysis. Computer Animation and
Virtual Worlds. 2024;35(1). DOI: 10.1002/cav.2204
Ren XF, Niu SJ, Huang XY. Research on 3D
simulation design and dynamic virtual display of
clothing flexible body. Autex Research Journal.
2024;24(1). DOI: 10.1515/aut-2023-0042

Saha S, Patnaikuni VS. 3-Dimensional numerical
study on carbon based electrodes for vanadium redox
flow battery. Journal of Electroanalytical Chemistry.
2024;968. DOI: 10.1016/j.jelechem.2024.118477
Shi Z, Yang SW, Kou RX, Wang YH. A fast railway
track surface extraction method based on
bidirectional cloth simulated point clouds. Optics
and Lasers in Engineering. 2024;180. DOI:
10.1016/j.optlaseng.2024.108335

Wang H, Wu Y, Liu SH, Jiang Y, Shen D, Kang TX,
etal. 3D Ag@C Cloth for Stable Anode Free Sodium
Metal Batteries. Small Methods. 2021;5(4). DOI:
10.1002/smtd.202001050

Wang XW, Wang YD, Liao XH, Huang Y, Wang YL,
Ling YB, et al. Monitoring of Levee Deformation for
Urban Flood Risk Management Using Airborne 3D
Point  Clouds.  Water.  2024;16(4). DOI:
10.3390/w16040559

Wolff K, Herholz P, Ziegler V, Link F, Brigel N,
Sorkine-Hornung  O. Designing Personalized
Garments with Body Movement. Computer Graphics
Forum. 2023;42(1):180-94. DOI: 10.1111/cgf.14728
Filipovic M, Lipeika A. Development of
HMM/neural network-based medium-vocabulary
isolated-word Lithuanian speech recognition system.
Informatica. 2004;15(4):465-74.

Sung WT, Hsiao CL. IHPG Algorithm for Efficient
Information Fusion in Multi-Sensor Network via
Smoothing Parameter Optimization. Informatica.
2013;24(2):291-313.



