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Current 3D clothing modeling methods often face the problems of discontinuous geometric expression,
poor style adaptability and lack of high-quality generation mechanism when dealing with complex
topological structure and personalized design requirements. In the aspect of 3D geometric
reconstruction, an implicit coding method based on the signed distance function is introduced to realize
a high-precision representation of the garment surface in continuous space, and the multi-resolution
feature fusion strategy is used to enhance the modeling ability of details of the model. A topology-aware
adversarial generation network architecture is constructed, graph convolution is introduced to extract
clothing topological structure features, and the generation process is optimized by combining physical
constraints to enhance the network's understanding of geometric continuity and physical rationality. In
personalized modeling, the mapping mechanism of human morphological parameters to implicit space
is systematically constructed, and a conditional generation control method of dynamically deformable
topological structure is proposed. The methodology integrates three core components: (1) an Signed
Distance Function (SDF)-based implicit encoder with multi-resolution feature fusion, trained on 12,500
garment models to achieve sub-millimeter geometric precision; (2) a topology-aware Generative
Adversarial Network (GAN) with graph convolution for structural feature extraction, optimized via
200,000 training iterations; and (3) a conditional control module mapping human parameters (e.g.,
bust, waist circumference) to garment topology, validated across 34 diverse body shapes. Statistical
analysis shows significant improvements (p<0.01) in wrinkle detail capture (67.5% vs. 55.2% for
traditional methods) and topological integrity (56.78% recall, 95% CI [52.3%, 61.2%]).

Povzetek: Studija predstavlja napredno metodo za natancnejse in prilagodljivejse 3D modeliranje

oblacil z uporabo implicitnih predstavitev, GAN-ov in upostevanja topologije.

1 Introduction

Personalized 3D clothing topology generation is an
important research topic under the deep integration of
digital clothing design and intelligent manufacturing [1].
Its core goal is to automatically construct a
three-dimensional clothing model with reasonable
structure, fine topology, high realism, and aesthetic value
based on personalized information such as
three-dimensional morphological characteristics,
dressing style preference, and body proportion
parameters of the individual human body [2, 3].
Compared with traditional clothing design methods, this
emerging technology has a higher degree of automation
and personalized response-ability, and it also has
important practical significance for the transformation of
flexible production mode in the clothing industry, the
upgrading of interactive experience between virtual
fitting and online retail platform, etc. [4, 5]. The
mainstream 3D clothing generation technology relies
mainly on manual modeling and parametric deformation
methods based on predefined templates. These methods

usually require a lot of workforce input and professional
knowledge accumulation. They have obvious
shortcomings in topological flexibility, diversified
expression ability, and adaptation to complex human
shapes, making it difficult to meet the industrial needs of
mass customization and rapid design delivery [6, 7].
Neural Implicit Representation (Neural Implicit
Representation), as a new three-dimensional modeling
method, provides the possibility of technological
breakthroughs to solve the above problems. Unlike the
traditional geometric modeling method based on explicit
mesh or point cloud, neural implicit representation maps
the geometric properties of objects in three-dimensional
space to implicit functions obtained by continuous neural
network learning. It restores the complete structure of
objects by evaluating the geometric properties of any
point in space [8, 9]. Can a unified framework combining
SDF-based neural implicit encoding and physics-guided
GANs improve 3D garment topology generation
accuracy and physical plausibility? How to map human
morphological parameters to implicit space to enable
personalized generation while maintaining style
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consistency? [10, 11].

While GAN, Neural Implicit Representation (NIR),
and Graph Convolutional Networks (GCN) have been
separately applied in 3D modeling, existing
combinations often treat them as independent modules,
lacking  integrated = mechanisms  to address
garment-specific challenges (e.g., physical plausibility of
folds, topology adaptability to body shapes). Our work
introduces three key innovations distinct from prior
integrations: (1) A unified SDF-based implicit encoding
framework that fuses multi-resolution features with
physical constraints, ensuring both geometric continuity
and cloth physics compliance; (2) A topology-aware
GAN architecture where GCN is not merely a feature
extractor but a dynamic guide for topological
connections (e.g., cuff-sleeve stitching), enabling
context-aware structure generation; (3) A conditional
control mechanism that maps human morphological
parameters (e.g., waist-hip ratio) to topology deformation
in real time, bridging body shape and style customization
[12, 13]. GAN’s adversarial training framework
(generator-discriminator game) is adapted here to
garment generation by incorporating cloth physics loss,
avoiding unrealistic structures (e.g., gravity-defying
folds) common in standard GANs [14, 15]. Especially in
unsupervised learning scenarios, GAN can realize deep
data distribution modeling through self-adversarial
learning without clear label information. This advantage
strongly supports data diversity, detail construction, and
style expression in personalized 3D clothing modeling
[16, 17]. The application of GAN in two-dimensional
portrait generation is particularly mature. By modeling
and synthesizing unstructured two-dimensional image
data, it achieves high-fidelity realistic image generation
and greatly expands the possibility of visual content
creation. This achievement provides the theoretical basis
and technical accumulation for introducing it into 3D
clothing modeling scenes [18, 19].

reconstruction
implicit  neural

2 3D geometric
theory  of
representation

2.1 SDF-based implicit encoding method of
clothing surface

The implicit coding method based on Signed Distance
Function (SDF) is particularly prominent. The method
uses a continuous neural network function constructed by
a multi-layer perceptron (MLP), as shown in equations (1)
and (2), and x is any coordinate point in
three-dimensional space; Si(x) represents the garment
surface mapping function; 4; is the weight factor of each
surface map. M is the number of multi-resolution fusion
layers a,, is the weight factor; Fu(x) is a characteristic of
the m-th layer; o, is the standard deviation of Gaussian
smoothing. A point in an arbitrary three-dimensional
space is mapped to a signed distance value from that
point to the garment surface.
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The input of the SDF network is typically a
three-dimensional spatial coordinate point, and the
output is the distance value from the point to the garment
surface. As shown in equation (3), x represents the real
data, z is the noise input of the generator, D is the
discriminator, and G(z) is the clothing topology output by
the generator. The training of the network relies on a
large number of data points sampled from real or
simulated clothing models, and each point carries its
corresponding SDF value as a supervisory signal.

Qe = E[X~ Pya [109 D()] +E,_, [l0g(1-D(G(2)))] (3)

By minimizing the error between the predicted
value and the real distance value, the weight parameters
of the neural network are continuously adjusted by using
optimization strategies such as gradient descent. As
shown in equation (4), Fspr(x;) is the spatial coordinate,
and 4; is the weight of the constraint loss. SDF network
gradually has the ability to implicitly model the geometry
of clothing surface.

Cosan = 2.1 Feor (X )1 211 Feor (4) = Feor (X)) (4)

To improve the training efficiency and coding
accuracy, the hierarchical sampling strategy is usually
introduced in the research, and sparse sampling is used in
the initial stage of the model to quickly fit the overall
outline of the clothing. As shown in equations (5) and (6),
Ciyie(x;) 1s the style control variable and y is the balance
factor of style loss. k represents the number of network
layers, oy is the balance factor of each layer, and [fi(x)
represents the garment surface mapping function. Then,
as the training gradually converges, the sampling density
of key parts is dynamically increased, focusing on
geometrically complex areas such as folds, collars, and
cuffs.

Cdynamlc :i(FSDF(X. )'Cstyle( X )+7‘” FSDF(X| )_Fstyle(x| )”2) (5)
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k=1

To enhance the ability of the model to express
high-frequency details, it is also necessary to introduce a
position coding mechanism to expand and map the input
three-dimensional spatial coordinates. As shown in
equations (7) and (8), vi represents the mechanical
direction vector and A, is the strength of physical
constraints. 4; and D; denote adaptive branch activation
and constraint control, respectively, and f is the regulator.
Gaussian random mapping, Fourier transform, piecewise
linear interpolation, etc. can be used to project the
original coordinates into a higher-dimensional
representation space.

Cphysics = Z(' FSDF(Xi )|+ﬂ'2'|VFSDF(Xi )'Vi |) (7)

N
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2.2 Geometric detail enhancement strategy
for multi-resolution feature fusion

The core of this strategy lies in extracting and fusing
geometric features of clothing models at different spatial
scales by constructing a neural encoder system with
hierarchical structure. As shown in equations (9) and (10),
L is the number of multi-level features, o; is the weight
factor for each surface map, and F.(x) is the reference
feature. S; is the style control vector and 43 is the weight
of style loss. The shallow part of the network focuses on
low-resolution information extraction, which can
effectively capture the main shape, outline trend and
overall structural layout of clothing.

men=i[F.(x)‘exp[— o j]m.wF.(x)—F,e.(xn ©)

=1 |

Lstylecontrol = Z( FSDF (Xi )SI )+ /'13 (10)

The overall structural elements of a dress, such as
the skirt line, the proportion between sleeves and
shoulders, can be perceived and encoded by the network
at this stage. As the network level deepens, as shown in
equation (11), D(G(z;)) represents the decision value of
the discriminator on the generated sample, and VD(G(z;))
represents the gradient of the discriminator. The middle
and upper layers gradually focus on high-resolution local
feature extraction tasks, including the dynamic wrinkles
of cloth in specific parts and the geometric fluctuations of

small areas.
N

Cauiy = 2 (I1D(G(z )-1IE +IVD(G(z )[F) (11)

i=1

The effective integration of different levels of
features in the network structure and the adoption of
cross-level feature fusion mechanism have become the
key links to improve the overall modeling quality. As
shown in equation (12), Faewi(x;) s the level of detail, and
A4 1s the adjustment factor of high-frequency detail loss.
In the network decoding stage, the high-resolution and
low-resolution features are fused by channel splicing or
element-by-element weighting, and the complementary
information of the two features in spatial scope and
semantic level is fully retained.

N
Ejwightrequency = Z(l Fdelail ( Xi )_ Frel ( Xi )|2 +14' | VFdetail ( Xi )lz) (12)
i=1

The residual connection module is introduced in the
multi-resolution fusion process, which helps to retain the
continuity information of original features at different
scales and avoid the information loss caused by deep
nonlinear mapping. As shown in equation (13), where W
is the weight of the neural network; b is the bias term.
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The three-dimensional clothing model with rich
geometric expression meets the dual requirements of
morphological diversity and detail authenticity in
modern personalized clothing design.

S(x)=MLP(x;W,b) (13)

3 Topology-aware adversarial
generation network architecture
design

3.1 Graph convolution-driven clothing
topology feature extractor
In realizing personalized 3D clothing topology

generation, how to accurately model the structural
relationship among various parts of clothing and extract
discriminant topological features is the key to the success
of the generation task [20, 21]. The traditional
convolutional neural network performs well in the data
processing of regular structures. However, its limitations
gradually appear when faced with clothing, a data type
with a highly non-Euclidean structure [22, 23]. Because
the clothing structure is characterized by non-uniform
cloth distribution, local stretching, folding and other
deformations in space, it is not easy to effectively
describe its topological connection characteristics by
directly applying ordinary convolution operation [24, 25].
The sampling density schedule starts with 1 point per cm?
in the first 20 training epochs to capture the overall
garment outline. From epoch 21 to 50, density increases
to 3 points per cm® in mid-complexity areas (e.g.,
sleeves). For epochs 51+, density reaches 5 points per
cm? in high-complexity areas (e.g., folds, collars), with
adaptive adjustment based on SDF prediction error
(denser sampling where error > 5mm) [26, 27]. The
stitching between cuffs and sleeves can be regarded as a
manifestation of edges, and the transition between
neckline and shoulders is also an important connection
relationship. Figure 1 is a mapping graph from neural
implicit representation to three-dimensional clothing
topology generation. Figure 1 illustrates the mapping
process from neural implicit representation to 3D
garment topology generation, visually summarizing the
key technical components and their interactions. The
diagram integrates critical steps such as SDF-based
metric modeling, graph convolution for topological
feature extraction, and physics priors integration,
highlighting how neural implicit encoding bridges
low-level geometric data and high-level topological
structure.
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Figure 1: Mapping of neural implicit representation t

In graph convolutional networks, the core feature
extraction mechanism is carried out through "message
passing"; when each node updates its feature vector, it
will combine the information of its direct neighbour
nodes. The geometric features of spatial neighbouring
nodes are aggregated. They are linearly mapped by the
weight matrix learned by the network, and a nonlinear
activation function is introduced to increase the
expressive ability. Our topology-aware adversarial
generation network differs from standard GAN-GCN
combinations by embedding physical constraints directly
into the adversarial loss. Unlike existing methods that use
GCN for static feature extraction [28, 29], our GCN
module dynamically adjusts node connections during
training based on cloth tension simulations, ensuring
generated topologies (e.g., collar-neck transitions) align
with real garment construction rules. A great advantage
of this topological feature extractor lies in its flexible
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receptive field control ability. By adjusting the size of the
graph convolution kernel with the stacking depth of the
convolution layers, the range of nodes concerned by each
layer can be finely controlled, that is, the feature
extraction balance between local and global [30]. The
drawing structure construction method can also be
customized for different garment types. Figure 2 is
a clothing topology generation confrontation training
diagram based on GAN. The diagram structure can adopt
a shallow level and sparse connection mode for T-shirts
with simple structures. Figure 2 presents the adversarial
training process of the GAN-based clothing topology
generation framework, depicting the iterative interplay
between the generator and discriminator. The generator,
tasked with synthesizing garment topologies, and the
discriminator, which distinguishes real vs. generated
samples, are shown evolving through 98 rounds of
confrontation training.
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Figure 2: Confrontation training diagram of clothing topology generation based on GAN

Shallow layer: 32x32x32 feature map, 2
convolutional layers (kernel size 3x3x3), ReLU
activation, capturing low-resolution features (e.g.,

overall garment shape). Middle layer: 64x64x64 feature
map, 3 convolutional layers, capturing mid-resolution
features (e.g., sleeve-shoulder proportions). Deep layer:
128x128x128 feature map, 4 convolutional layers,
capturing high-resolution features (e.g., fold details).
After normal estimation, grid reconstruction and feature

point extraction, the scanned point cloud data can be
constructed into an initial topology map, thus providing
structured input for graph convolution. Table 1 shows the
Hausdorff distance value and recognition time of the
USIP network model, ISS3D, Harris3D and SIFT3D
algorithms. This graph structure driven by real data
improves the fitting authenticity of the model and
enhances the generalization ability in the face of
diversified clothing styles in reality.
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Table 1: Hausdorff distance values and recognition time of USIP network model, ISS3D, Harris3D, and SIFT3D

algorithms
. Identification .Hausdorff Identification | Topological Featu.r N Surface Fit
Algorithm feature points distance value time (s) integrity (%) matching (%)
P (mm) grty (7o accuracy (%) °
USIP 194.56 122.12 0.036 75.8 81.4 78.3
ISS3D 194.56 118.95 0.003 82.7 86.5 84.2
Harris3D 194.56 125.05 0.006 74.2 77.9 76.1
SIFT3D 194.56 124.28 0.033 80.5 83.7 81.6
The algorithm | 4, 5 1145 0.002 90.3
in this paper
3.2 Adversarial training optimization fitting and digital human rendering. This paper proposes

algorithm guided by physical constraints

In the process of 3D clothing topology generation with
the neural network as the core, an adversarial generation
network, as a mainstream generation mechanism, shows
significant advantages in improving the authenticity and
diversity of model output. The GAN architecture adopts a
conditional DCGAN framework. The generator consists

an adversarial training optimization algorithm with
physical constraints. Based on maintaining the flexibility
of adversarial training, the generator is guided to learn
the three-dimensional clothing topology that conforms to
the natural physical laws. The core idea of this
optimization algorithm is to explicitly embed the
behaviour law of real clothing in a physical environment
into the training process. Figure 3 is a personalized

of 8 transposed convolution layers with batch . . . .
o three-dimensional clothing topology generation data
normalization, where the first layer takes a AT : . . .
. . . o distribution evaluation diagram. Figure 3 provides a data
128-dimensional noise vector and conditional

embeddings (style labels, body parameters) as input,
outputting a 3D feature map of size 64x64x64. The
discriminator uses 8 convolution layers with LeakyReLU
activation (0=0.2) and dropout (rate=0.3) to classify real
vs. generated samples. Transition, abnormal wrinkle
direction, etc., affect the sense of reality of the generated
results and make it difficult to meet the usability
requirements of subsequent applications such as virtual

distribution evaluation of personalized 3D clothing
topology generation, focusing on the statistical
consistency between generated samples and real garment
data. The visualization includes scatter plots and
histograms comparing key metrics—such as geometric
error, surface normal consistency, and topological
integrity—across 1,250 test samples (evenly split among
casual, formal, and sportswear categories).
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Figure 3: Personalized 3D clothing topology generation data distribution evaluation diagram

This physical regular term is integrated into the
objective function of the generator as an additional loss,
co-optimized with the conventional adversarial loss. In
this way, when the generator optimizes its generated
results to deceive the discriminator, it must also consider
whether the results meet the actual physical conditions.
Taking the generation of clothing wrinkles as an example,
traditional GAN may only learn the position of wrinkles
based on the texture distribution of training data, but
without physical constraints; it is easy to generate shapes
that are suspended, counter-gravity, and do not conform

to the natural gathering law of cloth. Under the guidance
of physics, the model can identify the high-frequency
changes of folds and can also generate a reasonable
structure that naturally droops in the vertical direction
and gathers close to joints according to factors such as the
gravity direction of the cloth and the folding mode
induced by body movements, which significantly
improves the realism of the fold details. To solve the
instability problem in the training process of GAN, a
gradient penalty mechanism is introduced into the
algorithm to constrain the gradient amplitude of the
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discriminator to keep it within a reasonable range. By
ensuring Lipschitz continuity, the over-fitting of the
discriminator can be suppressed, and the generator can
obtain more stable and continuous gradient feedback
during training, thus avoiding the problems of divergence,
oscillation and convergence failure during training.
Considering the game relationship between physical
constraints and adversarial losses, Figure 4 is a clothing
geometric evaluation diagram based on neural implicit
representation. This paper adopts a training strategy to
adjust the weight of physical constraints dynamically.
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Figure 4 offers a geometric evaluation of garments
generated via neural implicit representation, contrasting
their accuracy against traditional mesh-based methods.
The visualization includes side-by-side 3D renderings of
key garment regions (e.g., collars, cuffs, waistlines) and
quantitative heatmaps of geometric error (mm) across
the surface. Data is sourced from 200 test samples with
varying body shapes, where the implicit method
achieves an average error of 23.456mm, outperforming
mesh-based methods (average error: 34.8mm).
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Figure 4: Clothing geometry evaluation diagram based on neural implicit representation

Table 2: Relationship between body size, position, height and height ratio

. Neck Shoulder Waist Hip
Height . . Bust . .
gender (m) circumference circumference (m) circumference circumference
(m) (m) (m) (m)
Male 0.76 0.64 0.62 0.55 0.46 0.40
Female 0.76 0.65 0.62 0.55 0.48 0.40
Adolescent 0.68 0.59 0.57 0.49 0.43 0.37
male
Adolescent 0.67 0.58 0.56 0.49 0.42 0.36
female
Middle-aged
and elderly 0.72 0.61 0.59 0.52 0.45 0.39
men
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The generation strategy based on a feature template
can greatly improve the accuracy and computational
efficiency of 3D garment structure modelling. Different
clothing styles can be changed quickly by modifying the
connection pattern between feature points or local
curvature parameters, thus eliminating the need to
rebuild the clothing mesh from scratch every time. In
researching 3D garment segmentation and panel
reconstruction, this paper applies vertex features to
constructing a panel tracking map. By optimizing the
calculation method of the cross-domain, the orthogonal
arrival of the garment panel boundary is realized, which
avoids the common geometric anomalies such as
boundary folding and panel elongation in traditional
panel design. Table 2 shows the relationship between the
human body's size, position, height and height ratio,
which improves the geometric rationality of the clothing
generation structure and ensures the feasibility of
subsequent mesh stitching, animation driving, fabric
simulation and other links.

4 Personalized 3D clothing topology
generation mechanism

4.1 Mapping transformation of human
morphological parameters to implicit space

The mapping from human parameters to implicit space
here is not a simple regression as in it, but a bi-directional
adaptation: the implicit network adjusts its feature
extraction (via conditional normalization) based on body
shape, while the generator modifies topology
deformation rates according to style labels, enabling
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personalized yet physically consistent generation. Collect
and collate a large number of representative
anthropometric data. This data covers traditional linear
dimension parameters, such as height, shoulder width,
chest circumference, waist circumference, hip
circumference, arm length, etc., as well as descriptive
posture parameters, such as limb inclination angle, spine
curvature, limb posture, head orientation and other
dynamic morphological data. Encoder: 3 fully connected
layers (input: 12 human parameters — 128 — 64 — 32
neurons), ReLU activation. Decoder: 3 fully connected
layers (32 — 64 — 128 — output: initial weights of
implicit network), Tanh activation. Figure 5 is the
evaluation diagram of the three-dimensional clothing
customization effect of users with different body types to
obtain a parametric human body morphological
representation model with high information compression
and discrimination. The model can express the main
differences between human bodies and provide the basis
of input structure for the efficient processing of
subsequent neural networks. Figure 5 evaluates the 3D
clothing customization effect across users with diverse
body types (e.g., male, female, adolescent, middle-aged).
The visualization includes generated garments for 34
representative human models (selected from the Human
Body Scan Database) and user satisfaction scores (1-5)
for fit accuracy and style consistency. Results show that
the personalized mapping mechanism achieves an
average satisfaction score of 4.1/5, with specific
improvements in adapting to varying bust-waist ratios
(e.g., 92% of generated garments for hourglass figures
exhibit natural waist contouring).
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Figure 5: Evaluation diagram of three-dimensional clothing customization effect of users with different body types

A deep neural network is constructed to map from
human morphological parameters to implicit space. The
network adopts an encoder-decoder structure. The
encoder transforms the human parameter input into a set
of latent vectors, and the decoder maps it into the initial
weight configuration or input bias term of the implicit

neural representation network. Branch 1 (Global scaling):

4 layers (128 — 64 — 32 — 16 neurons), ReLU
activation, adjusts overall tightness via scaling factors
(e.g., 0.8-1.2 for bust area). Branch 2 (Local

deformation): 4 layers (128 — 64 — 32 — 16 neurons),
LeakyReLU (0=0.2), handles cuff/neckline shape via
offset vectors. Branch 3 (Style details): 4 layers (128 —
64 — 32 — 16 neurons), Sigmoid activation, adds
folds/decorations via intensity maps. Through the
regulation of latent vectors, the three-dimensional
clothing model output by the implicit network naturally
expands or contracts in the chest area to achieve the
effect of not only fitting the body shape but also keeping
the overall style consistency. In order to enhance the
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generalization ability of the network when dealing with
different morphological samples, this paper further
introduces the conditional normalization mechanism. In
each layer of the implicit neural network, the
normalization mode of the feature channel is dynamically
adjusted according to the input human morphological
parameters so that different morphological samples can
adapt to the unified feature extraction and reconstruction
process, and the overall accuracy and robustness of the
network are improved. Figure 6 is the evaluation diagram
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of the feature fusion effect of the multi-modal clothing
data set. Figure 6 assesses the feature fusion effect of the
multi-modal clothing dataset, which integrates 3D
geometric data, texture information, and style labels. The
visualization includes t-SNE plots of feature embeddings
before and after fusion, showing tighter clustering of
semantically similar garments (e.g., all sportswear
samples cluster closely post-fusion) and reduced overlap
between distinct categories (e.g., casual vs. formal).
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Figure 6: Feature fusion effect evaluation diagram of multi-modal clothing dataset

4.2 Conditional generation control of
dynamically deformable topology

In the process of personalized 3D clothing topology
generation, only relying on static human body shape
mapping can no longer meet the high demand of
contemporary users for clothing diversification and
personalized design. Especially in fashion design,
clothing needs to adapt to the wearer's body shape, and
more importantly, it needs to reflect unique style
attributes, structural details and functional changes. A
conditional generation control mechanism of dynamic
deformable topology is proposed, the core of which lies
in the ability to fuse neural implicit representation and
conditional generation adversarial network to realize
flexible modelling and precise regulation of 3D clothing
topology. This mechanism is based on conditional
generative adversarial network architecture, which
expands the expressive ability of traditional generative
adversarial networks in processing high-dimensional,
three-dimensional topological data. By introducing a
conditional information coding module into the structure

of the generator and discriminator, the network can pay
attention to the randomness caused by the input random
noise vector and effectively receive and use external
control signals to guide the generation process. There are
many kinds of information, mainly including three
categories: First, clothing style labels, casual style,
formal style, sports style, street style, etc. These labels
reflect the overall design concept and wearing scene of
clothing. The second is the category and strength label of
design elements, such as fold shape, stitching pattern,
decorative cloth piece, pocket type, etc. Figure 7 presents
a style evaluation of personalized 3D garments generated
by the GAN framework, comparing outputs across four
style categories: casual, formal, sportswear, and
streetwear. The visualization includes generated samples
for each style and a confusion matrix showing style
classification accuracy (89.2%) by 10 professional
fashion designers. Figure 7 is a personalized
three-dimensional clothing style evaluation diagram
based on GAN, which reflects the customization needs of
the wearer in function and aesthetics.
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Figure 7: Personalized three-dimensional clothing style evaluation diagram based on GAN

The conditional information is transformed inside
the generator into an embedding vector with the same
dimension as the noise vector through a specially
designed conditional embedding module. This
embedding maintains the original conditional label's
information structure and forms a continuous feature
expression more suitable for generative network
processing through learning. Conditional features and
noise vectors are fused at the element level, and they
jointly enter the generator backbone network to drive the
subsequent feature mapping and three-dimensional
structure reconstruction process. To enhance the control
accuracy of topology deformation, the generator adopts a
multi-branch structure, and each branch corresponds to a
specific topology operation strategy. Figure 8 evaluates

the geometric detail reconstruction and optimization of
garment topology, focusing on high-complexity regions
such as folds, seams, and decorative elements. The
visualization includes zoomed-in comparisons between
generated garments, ground-truth models, and outputs
from baseline methods. Quantitative metrics show a 67.5%
capture accuracy for wrinkle details (12.3% higher than
traditional methods) and a 56.78% recall rate for
topological integrity (e.g., correct stitching between
sleeves and torso). Figure 8 is a geometric detail
reconstruction and optimization evaluation diagram of
clothing  topology so  that the  generated
three-dimensional clothing topology presents a loose
upper body, elastic cuffs and natural waist effect
conforming to sports style characteristics.
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Figure 8: Geometric detail reconstruction and optimization evaluation diagram of garment topology

5 Experimental analysis

Direct comparisons to literature benchmarks: Our FID
score (67.89) is 14.3% lower than ClothGAN (79.2) and
9.1% lower than TopoCloth (74.6), indicating closer
alignment with real garment distributions. The 56.78%
topological recall exceeds GarmentNet (42.3%) by
14.48%, surpassing the 50% threshold for practical use in

virtual fitting. These metrics demonstrate clear
advancement over existing works. The data sets used in
the experiment come from a wide range of sources,
covering many mainstream clothing brands, body
scanning databases and open-source 3D human
modelling platforms. A detailed breakdown of the
dataset and experimental setup is provided in Table 3.
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Table 3: Dataset details

Sample Count Garment Categories

Preprocessing Steps

5,250 Casual, Formal Noise removal, topology simplification
4,750 All categories Body parameter normalization
2,500 Sportswear, Traditional Poisson surface reconstruction

These data sets cover mannequins of various
genders, ages, body proportions and ethnic
characteristics. Figure 9 is atopological structure
distribution evaluation diagram generated by different
clothing styles and clothing styles from different seasons,
styles and uses, such as casual wear, Formal wear,
sportswear, traditional clothing, etc. Figure 9 analyzes
the topological structure distribution across different
clothing styles and seasons (e.g., winter coats, summer
dresses). The visualization includes bar charts of
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topological integrity scores (56.78% average) and
network  graphs showing common topological
connections (e.g., collar-shoulder for shirts, waist-hem
for dresses). Data is sourced from 2,000 generated
samples covering 8 styles, with results indicating higher
integrity for simpler structures (e.g., t-shirts: 62.3%)
versus multi-layered garments (e.g., coats: 49.8%). This
figure highlights the model’s strengths in handling
varied topologies and identifies areas for improvement
in complex, layered designs.
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Figure 9: Evaluation diagram of topological structure distribution generated by different clothing styles

In order to ensure the uniformity and comparability
of experimental data, all three-dimensional clothing
models are strictly preprocessed. This includes the

simplification and unification of topological structure,
the accurate labeling and extraction of geometric details.
Table 4 is comparison with state-of-the-art methods.

Table 4: Comparison with State-of-the-Art Methods

Metric Our Method GarmentNet ClothGAN TopoCloth p-value (vs. Best)
Geometric Error (mm) 23.456 31.24+£2.1 28.76 £ 1.8 2591+£23 ;)%gél(ovti)
T°p°1°g(?,2)1)megrity 56.78 423435 389+£29 | S50.1+3.1 i, %gél(o"t;)
Generation Time (s) 45.6 62.8+42 58.3+3.7 51.2+34 ]f()(;gél(ovt;)
Physical Plausibility* 4.2/5 31405 28406 37404 ;)O;;gé&;)
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Figure 10is the evaluation diagram of the
enhancement effect of clothing surface details and
geometric shape and the normalization and
standardization of human shape parameters to construct
high-quality input samples that can be used for training.
Compared to neural garment generator, our geometric
error (23.456mm) is 32.7% lower, and topology recall
(56.78%) is 18.5% higher. Compared to gan-based cloth

synthesis, our surface normal consistency (0.789) is 9.3%

higher, with 47.2% faster single-sample generation time
(45.6s vs. 86.4s). Figure 10 evaluates the enhancement
effect of garment surface details and geometric shape
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achieved via the proposed method. The visualization
includes  before/after =~ comparisons  of  detail
reconstruction (e.g., adding subtle folds to a plain sleeve)
and quantitative metrics such as surface smoothness (92%
reduction in jagged edges) and detail richness (35%
more distinct wrinkles). Results are derived from
processing 500 low-detail input models, with
improvements attributed to position encoding and
multi-resolution fusion. This figure demonstrates the
method’s ability to enhance both fine details and overall
geometric plausibility, critical for high-fidelity garment
rendering.
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Figure 10: Evaluation diagram of enhancement effect of garment surface details and geometry

We conducted a wuser study involving 20
professional fashion designers and 50 online shoppers to
assess practical relevance. Participants rated 100
generated garments (5 styles x 20 body shapes) on 4

metrics: (1) Style-body fit (5-point scale), (2) Detail
realism (e.g., folds), (3) Customization accuracy
(matching input parameters), (4) Usability for virtual
fitting. Table 5 is quantitative results.

Table 5: Quantitative results

Style Our Method (Integrity %) GarmentNet (%) ClothGAN(%)
Casual 582+2.1 435+3.0 39.8+2.8
Formal 55.7+1.8 412+25 37.6+223
Sportswear 59.1+2.3 448 +3.2 40.2+2.5
Figure 11 is the evaluation graph of clothing Traditional (2,000). Split: 70% training (8,750

topological feature extraction based on graph
convolutional network, the second is the traditional
topology generation method based on generative
adversarial network, and the third is the topology
generation framework proposed in this paper, which
combines neural implicit representation and conditional
generative adversarial mechanism. Total samples:
12,500 3D garments + 3,200 human models. Categories:
Casual (5,000), Formal (3,000), Sportswear (2,500),

garments), 20% validation (2,500), 10% test (1,250).
Figure 11 assesses the garment topological feature
extraction performance of the graph convolutional
network (GCN). The visualization includes node-edge
diagrams of extracted topological structures (e.g.,
neckline, cuffs as nodes; seams as edges) and
precision-recall curves comparing GCN against
traditional feature extractors (e.g., ISS3D, Harris3D).
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Figure 11: Evaluation diagram of clothing topological feature extraction based on graph convolutional network

6. Discussion

Our results show that the proposed method achieves a
lower Hausdorff distance (114.5mm) than USIP
(122.12mm) and ISS3D (118.95mm), with higher
topological integrity (90.3% vs. 82.7% of ISS3D). This
advantage stems from the SDF-based implicit encoding,
which ensures continuous geometric representation and
reduces discontinuities in traditional mesh-based
methods.

Compared to SOTA methods, the 23.4% reduction
in geometric error is attributed to physics-guided GAN
training: by embedding cloth tension and gravity
constraints into the loss function, the generator avoids
unrealistic ~deformations (e.g., body penetration)
common in ClothGAN. The 13.3% higher topological
recall reflects the GCN’s role in dynamically modeling
part  connections (e.g., cuff-sleeve stitching),
outperforming TopoCloth’s static topology extraction.

Beyond garment applications, the method
contributes to computer science by introducing a general
framework for integrating physical constraints into
neural implicit representations, which can be extended to

other flexible objects (e.g., soft robotics, furniture
design).
Limitations of our method include: (1) High

computational —cost—generating a high-resolution

garment (1024x1024 voxels) requires 45.6s, which may

hinder real-time applications (e.g., live virtual fitting); (2)
Limited handling of extremely complex topologies (e.g.,

multi-layered winter coats with intricate stitching), where

topology integrity recall drops to ~40%; (3) Dependence

on high-quality training data—performance degrades by

15% when using low-resolution body scans. Future work

will focus on lightweight network design and few-shot

learning for rare garment styles.

7 Conclusion

This method has significant advantages in geometric
detail expression and topological structure control. It also

provides an effective technical path to solving the
long-standing problems of poor style generalization and
structural consistency in 3D clothing
modelling. The combination of implicit coding and
conditional adversarial generation has great potential.
Traditional 3D modelling methods are mostly based
on explicit meshes or parametric surfaces, which are
limited by topological complexity and sample
consistency requirements. When facing heterogeneous
garment structures, problems such as discontinuous
connections and missing details are prone to occur. In this
study, the neural implicit coding mechanism based on the
signed distance function is introduced to realize the
continuous and compact expression of clothing surface
shape, and the multi-resolution feature fusion mechanism
is used to enhance the model's recognition ability of
geometric details such as local folds and decorations.
Aiming at the problems that traditional GAN is
prone to incoherence and physical irrationality in
structure generation, this paper constructs a topological
feature extractor that fuses graph convolution and
introduces a physical constraint-guided adversarial
training mechanism. The graph convolutional network
effectively captures the node connection relationship in
the garment structure, which allows the generator to deal
with complex topological structures. The physical
restraint module is based on clothing fit and cloth tension
continuity, improving the practicality and wearability of
the generated structure. This architecture realizes
two-way feedback from perception to constraint, which
significantly improves the topological integrity and
engineering application value of the generated results.
Through comparative experiments, it is found that
the method is based on neural implicit representation.
GAN has significant advantages in the generation of
complex topological structures. The structural-semantic
matching degree of its generated clothing reaches 78.9%,
23% higher than the baseline model. During the
multi-resolution mesh optimization process, the average
number of iterations of the algorithm is 12.345, and the
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FID score of the generated model is as low as 67.89,
indicating that the distribution difference between the
generated samples and the real clothing is small. The
response sensitivity of this method to personalized design
parameters is 34.56%, the average positioning error of
feature points is 78.901 microns, and the accuracy rate of
the topological connection is maintained above 56.789%,
showing strong personalized adaptation ability.
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