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[Abstract]

Creating a virtual avatar involves not just the creation of a 3D model but also a labor-intensive rigging and skinning process
that demands substantial manual effort and expertise. This study proposes an approach that improves efficiency without
compromising quality by automating the rigging and skinning process using neural blend shapes. Leveraging deep learning
algorithms, the system generates joints and bones tailored to the avatar and even the skinning process is automated, enabling rapid
production of avatars ready for practical use. As a result, this study is expected to substantially contribute to fields that utilize
virtual avatars, such as games, virtual contents, and virtual environments, by reducing the cost of the avatar creation pipeline and

accelerating the turnaround time, and increasing accessibility.
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Fig. 1. Original Neural Blend Shapes’ results. From top
left to right, the T-pose of a simple mesh, the
result of applying Neural Blend Shapes to a simple
mesh, the T-pose of a complex mesh and the
result of applying Neural Blend Shapes to a
complex mesh
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Table 1. Data preprocessing

Simplify the high—poly model to reduce
computational load during training. Key
geometric features like key polygon details
are preserved to ensure the neural network
still captures important skin deformations.

Mesh simplification

Normalize the mesh and skeleton to ensure
consistent avatar size and orientation
across the dataset.

Normalization

To increase the robustness of the model,
techniques like mesh perturbation, random
pose generation, and body proportion
alteration are used to augment the dataset.
This helps improve the generalization of the
network.

Data augmentation
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Table 2. Loss function

Reconstruction loss

Measures the difference between the
generated skin deformations and the
ground-truth deformations from the training
data.

Smoothness
regularization

Ensures that the skin deformations are
smooth and natural by penalizing sudden
changes in vertex positions between
adjacent frames.

Geometric
consistency loss

Ensures that the generated blend shapes
preserve the overall structure of the avatar’s
geometry and avoid unrealistic stretching or

shrinking.

E 3. 2 5 oA ozt

Table 3. Training challenges and solutions

Overfitting

Given the complexity of the data, overfitting
can occur when the neural network fails to
learn general patterns and remembers skin
deformations of specific avatars. This is
mitigated by applying regularization
techniques such as weight decay or data
augmentation.
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Table 4. Automation pipeline

The avatar's 3D mesh is input into the
system, and no manual rigging or

! AR e skinning adjustments are required at this
stage.
The neural network generates a set of
Blend Shapes that define skin
Neural Blend . e
deformations for specific movements or
2 Shapes . . ;
. animations, based on the geometric
generation =
features, polygon composition, and
skeleton of the input avatar.
The neural network generates a skeleton
for the avatar based on the specified
number of bones. It also automatically
3 Rigging and assigns skinning weights to the mesh
skinning based on the created Blend Shapes. This

process replaces manual weight painting
and allows the avatar to naturally deform
in response to skeletal movements.

Generalization

One challenge is ensuring that the network
can generalize to new avatars it has never
trained on. To address this, the training
dataset includes a variety of body types
and poses, ensuring the network to learn
how to handle diverse avatars.

Training time and
hardware
requirements

The network is trained using GPU
acceleration to handle large amounts of
data and high computational load. The
training process typically takes several

days, depending on the size of the dataset
and the complexity of the network
architecture.

451

The final step includes optional
post—processing. At this stage, users can
manually fine—tune the rigging and
skinning as needed. However, in most
cases, the automatically generated rigs
and skins are of usable quality.

4 | Post—processing

Once rigging and skinning are complete,
the avatar is exported to standard
formats(e.g., FBX, OBJ) for use in

animation software, game engines, or
virtual production environments.

Export and
integration

http://www.dcs.or.kr
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