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Abstract. In recent years, generative models for creating 3D objects have
shown significant progress, but existing approaches are often limited to creating
models represented by a single polygonal mesh. This limits the functionality and
adaptability of the created objects. This article discusses the need to develop 3D
character generators based on deep generative models that are able to under-
stand and analyze the structure of an object, and identify its components ele-
ments and create multigrid views. Unlike existing solutions that create a single
polygonal mesh, the proposed approach is aimed at creating models with a clear
division into functional components, which significantly increases their practical
applicability.

The purpose. Create a method that analyzes the structural composition
of objects to generate 3D models composed of multiple functionally necessary
parts, rather than a single mesh.

Methodology. The following methods were used in the study:

1) analytical method by which the literature was analyzed;

2) theoretical and conceptual method, which allowed to determine the

conditions necessary for the introduction of IT technology in cultural and
artistic practice;

The study used methods of computer modeling and analysis, which in-
creased the accuracy of the results.

Results. Development of a New Method and successfully proposed an ap-
proach using pre-trained models to analyze object images.

Scientific novelty. Introduction of a new method for analyzing object
structure that goes beyond traditional single-mesh generation and development
of an innovative approach that combines pre-trained models for image analysis
with segmented 3D model generation

Practical relevance. This practical significance demonstrates the re-
search's value across multiple industries and applications, making it particularly
relevant for real-world implementation.

1. Simplifies the process of creating game characters

2. Enables dynamic real-time changes to character appearance and struc-
ture

3. Improves character animation capabilities through segmented models.

Keywords: generative model, polygonal mesh, 3D character, component
element, computer modeling, single polygon mesh, visible segments, image
analysis.
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INTRODUCTION

Modern 3D modeling technologies are
actively developing, offering more and more
realistic and complex models. However, ex-
isting 3D character generators that use gen-
erative adversarial networks (GANs) and au-
toencoders create models that represent a
single mesh (a monolithic 3D model) [5].
Transformers have a different problem. Since
they use a single mesh that transforms its
parts if necessary, this type of system is very
limited by character typology. As a rule, these
are anthropomorphic models. This places re-
strictions on the variety, editing, physical
modeling, and functional use of objects. For
example, in game or animation applications,
it is required that the character be divided
into segments: limbs, torso, accessories, etc.
We offer an approach that is based on the
analysis of the structure of the object and
the generation of a 3D model from several
functionally necessary parts. This method will
enable the creation of adaptive models op-
timized for animation, simulation of physical
interactions, and integration into complex vir-
tual environments.

ANALYSIS OF PREVIOUS RESEARCH

1. Generation of a single polygon mesh:

Modern generative networks for cre-
ating 3D models usually work according to
several basic principles:

Implicit Surface Representation:

In this approach, the network learns to
represent a 3D object as a continuous func-
tion that, for each point in space, determines
whether it is inside or outside the object.
The most well-known examples are Neural
Radiance Fields (NeRF) networks and their
modifications.

Creating intermediate views:

a. The network first generates an inter-
mediate representation of the object (for ex-
ample, a voxel grid or point cloud)

b. This representation is then converted
into a polygon model using algorithms such
as Marching Cubes

Direct generation of polygon meshes:
Some architectures are capable of directly
generating the vertices and faces of 3D
models. They often use graph neural networks
to work with the topology of an object [11].

Modern systems often combine several
approaches and may include:

Multi-view consistency to provide a re-
alistic view from different angles. Physically
Based Constraints for Creating Implementable
Models.

Mechanisms of attention for a better un-
derstanding of the structure of an object.

Conditional generation based on text
descriptions or reference images.

Most existing generators use a single
mesh to represent a 3D object.

Limitations: complexity of animation,
inability to flexibly edit individual parts of the
model.

Generation using Point Clouds:

These methods provide a basic rep-
resentation of the shape of an object, but re-
quire additional processing to convert to a
polygon mesh.

Approaches using Voxels networks:

Although such models can be divided
into segments, their high computational com-
plexity makes them impractical for most ap-
plications.

PURPOSE

Image structure analysis: It is proposed
to use pre-trained models to analyze the
image of an object, isolate its key elements
and functional segments, and then generate
polygonal meshes based on a voxel model for
each selected part of the object. Next, ensure
segment compatibility through anchor points
and topological consistency.

Possibility of further editing in profes-
sional 3D editors (Blender, Maya e.t.c.).

Neural Network Training:

Training a neural network to segment
parts of a character involves several key
steps. To successfully train a character seg-
mentation model, you need to consider the
following aspects:

1. Data preparation:

- Creating a dataset with marked parts
of the character

- Each piece must have a unique label
(e.g.: head=1, torso=2, arms=3, etc.)

- Data augmentation to improve gener-
alization

2. Model Architecture:

- U-Net-like architecture with encoder
and decoder is used

- Encoder extracts features from the
image

— Decoder restores segmentation mask

- Skip-connections help to save detailed
information

3. Features of training:

- Use of special loss functions (Cross
Entropy for multiclass segmentation)

- Class balancing if the parts are of very
different sizes

- Validation on a single data set
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4. Post-processing of results:

- Smoothing the boundaries between
segments

- Elimination of artifacts and noise

- Ensuring connectivity of areas

To improve the quality of segmentation,
you can:

- Add an attention mechanism to better
highlight important features

- Use pre-trained models (e.g., ResNet)
as an encoder [4].

- Apply regularization techniques to
prevent overfitting

RESULTS AND DISCUSSION

Potential Applications of a Multigrid 3D
Model

1. Gaming Industry: Simplify the pro-
cess of creating game characters, including
the ability to dynamically change their ap-
pearance and structure in real time.

2. Virtual Reality and Animation:
Create adaptive and realistic models for films,
VR applications, and animation projects.

3. Engineering and prototyping:
Generation of technically functional models
for simulations and prototypes [17].

Benefits of the Multigrid Presentation
Approach

1. Functional segmentation: Dividing
the model into segments (e.g., arm, head,
legs) improves adaptability and makes it
easier to customize the animation.

2. Optimized for simulations: Ability
to use simplified grids for hidden parts of the
character and detailed grids for visible seg-
ments.

3. Improve the accuracy of interac-
tion analysis: Functional segments allow for
better integration with physical models, such
as clothing or collision simulations.

It is planned to obtain the following
results:

1 Image segmentation: Using the
U-Net architecture with attention mecha-
nisms will achieve greater segmentation ac-
curacy on the test dataset. For example, for
characters with complex anatomy (e.g., fan-
tasy creatures).

2 Mesh Generation: Converting seg-
mented regions to voxel models followed by
optimization using the Marching Cubes al-
gorithm will provide a reduction in genera-
tion time on compared to point cloud-based
methods.

3 Segment Compatibility: A system
of "anchor points" between segments will re-
duce the number of artifacts when animating.

Key advantages of the proposed ap-
proach:

Editing flexibility: Segments can be
modified individually, which is critical for cus-
tomizing characters in games (e.g. changing
armor or hairstyles).

Resource optimization: Using simpli-
fied grids for hidden areas (such as the torso
under clothing) will reduce memory require-
ments.

Improved animations: Segmented
models will have more natural movements
due to separate joint treatments.

Limitations and further research:

The current version of the algorithm re-
quires manual adjustment of anchor points
for complex shapes.

Future work may include integration
with text descriptions (e.g. through trans-
formers) to automate segmentation.

CONCLUSIONS

The creation of 3D character generators
based on an in-depth analysis of the struc-
ture of objects represents an important step
forward in the field of 3D modeling. This ap-
proach will not only improve the quality and
functionality of the created models, but also
significantly expand their use in various
fields. The development of algorithms capable
of isolating and analyzing the components of
objects will become the basis for a new gen-
eration of 3D generators that will meet the
growing requirements of modern digital tech-
nologies [3, 17]. The proposed method of
generating multi-grid 3D characters based on
structural analysis of images significantly ex-
pands the capabilities of modern generative
models. Key achievements include:

Innovative architecture: The combina-
tion of U-Net with attention and voxel optimi-
zation engines will ensure accurate segmen-
tation and efficient mesh generation.

Practical Value: The method simpli-
fies the creation of animated characters for
games and movies, reducing the time spent
compared to manual modeling.

Adaptability: Models can be integrated
into game engines (e.g. Unity, Unreal Engine)
for dynamic changes in real time.

This work opens up new areas for re-
search, including:

Automation of segmentation through
multimodal input data (text, thumbnails).

Using graph neural networks to improve
topological consistency.

Optimize for mobile devices with limited
computing resources.
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MeTtpyweBcbknii A. CTBOpEeHHSsI reHepaTuBHOIro gn3aiiHy 3D-nepcoHaskiB
Ha OCHOBI aHaJi3y CTPYKTYpPHOIo 306pa>eHHs

OcTaHHIMU pokamu reHepaTuBHi Mogesi 4718 CTBOpeHHS 3D-06’eKTiB npogeMoH-
CTpyBan 3HaYHU Nporpec, O4HaK HasiBHi MigxoaAn 4acto 0O6MexyTbCsl CTBOPEHHSIM
Mozened, nNpeacTaBeHNX €AMHOK MOJIrOHasbHOK CITKOK. Lle obmexye @yHKLIo-
Ha/lbHICTb ¥ aAanTUBHICTb CTBOPEHMX OB’EKTIB. Y Uivi CcTaTTi po3r/isigacrbcs rnorpeba
B po3pobuyi reHepatopiB 3D-nepcoHa>xiB Ha OCHOBI rIN6OKUX reHePaTUBHUX MOAESEN,
SKi 34aTtHi po3yMiTn Ta aHasidyBatn CTPyKTypy O06’ekTa, BM3Hayatv HOro CKaafoBi
e/IeMEHTU Ta CTBOproBaTh 6aratocCiTKoBI rnpeacTaBieHHs. Ha BiagMiHy Big HasiBHUX pi-
LIEeHb, SIKi CTBOPIOKOTb EAUHY [0J1irOHaAbHYy CITKY, 3arporioHOBaHwE Miaxia cripsmo-
BaHWi Ha CTBOPEHHS MOAENEN i3 YiTKUM MOAIIOM Ha QYHKLIOHa/IbHi KOMIIOHEHTH, LLO
3HaYHO MiAgBULLYE iX MPaKTUYHY 38CTOCOBHICTb.

Mera. CTBopuTn METOA, KW aHasidye CTPYKTYpHui ckaag O6’exkTiB ans re-
Hepauii 3D-mogesnen, 1o MICTSTb KiZlbKa QYHKLIOHa/lbHO HEOOXiAHUX 4acTuH, a He

EANHY CITKY.

Metogonoris. Y gocnigxeHHi BUKOPUCTaHO TaKi METOAMN:
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— aHaniTU4YHWi, 3a AOMOMOIroK SIKOro rnpoaHasi3oBaHo aitepaTtypy,;

— TEOPETUYHMI | KOHUENTYasrabHUU, SIKUU 4aB 3MOry BU3Ha4YnTu yMOBU, HE-
06xiaHi aAns BnpoBagxeHHss IT B Ky/AbTypHYy Ta MUCTEUbKY MpakTuky. Y Aoci-
AXKEHHi 3aCTOCOBYBaJsinCcsi METOAMN KOMI'IOTEPHOIro MOAEIOBAHHS Ta aHasisy, Lo
nigBuLLYMI0 TOYHICTb pe3y/ibTaTiB.

Pe3ynbtatn. Po3pob/ieHO HOBUI METOA U yCrillHO 3arpornoHoBaHo niaxia
i3 BUKOPUCTAHHSIM [onepeaHbo HaB4YeHUX Modesen A1 aHasidy 3006pakeHb
06’€eKTiB.

HaykoBa HOBM3Ha. YrpoBaXXeHHSi HOBOIO METoAY aHasily CTPpYyKTypu
06 ’EKTIB, KW BUXOAUTb 3@ MEXIi TpaAuLinHOI reHepadii €eqnMHOI CiTKM, Ta po3-
pobka iHHOBaUifiHOro niAgxoA4y, WO MNOEAHYE MonepeaHbo HaB4YeHi moAeni Ans
aHasnizy 306paxeHb i3 reHepawyieo cermeHToBaHux 3D-mogesnedn.

MpaKTnyHa 3Ha4YyLWicTb. LS NnpakTnyHa 3Ha4dyyLiCTb AEMOHCTPYE LiHHICTb
AOC/IAXEHHSI A1 Pi3HUX rasiy3es | 3acTocyBaHb, pob/isyn Aoro ocob/iMBo akTy-
azlbHUM AJ151 BIIpOBaAXEHHS B peasibHOMY CBITi:

1. Cnpolyye rnpoyec CTBOPEHHS IrpOBUX NEePCOHaxXIB.

2. [ae 3mory AnHamiyHoO 3MiHOBATW 30BHILLHIM BUris4 i CTPyYKTypy repco-
HaxiB y peasibHOMYy 4aci.

3. lokpaujye aHiMmayito nepcoHaxis.

Knw4oBi cnoBa: reHepatuBHa Mofesb, MoJiroHasbHa citka, 3D-rnepcoHax,
CK/1a[40BUI €/1eEMEHT, KOMM'IoTepHE MOAE/IIOBAHHS, €AMHA MMO0JIirOHaslbHa CiTKa,
BUANMI CErMeHTM, aHasli3 306pa>KeHsb.
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