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Abstract

This paper proposes a novel approach to adding and editing clothing and
movement of 4D volumetric video data in a web-based environment. While
significant advancements have been made in 3D modeling and animation,
efficiently editing 3D mesh data produced in sequence remains a challenging
problem. Since 3D mesh data synthesized from multiple cameras exists con-
tinuously over time, modifying a single 3D mesh model requires consistent
editing across multiple frames. Most existing methods focus on single meshes
or static 3D models, limiting their ability to handle the complexity of time-
varying 3D mesh sequences. The method proposed in this paper targets 3D
volumetric sequences synthesized from multiple cameras. It utilizes deep
learning networks to estimate body poses, facial features, and hand shapes
from RGB images, generating 3D models using the SMPL-X method. Sub-
sequently, an algorithm is applied to segment the 3D mesh, separating and
combining the head and torso of the model to create a new 3D model. In
the web-based environment, this process makes the data editable, allowing
for adding new motions or replacing clothing, which can be seamlessly
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composited into the existing sequence video. The proposed method enables
editing and modification of various types of 3D mesh sequences, facilitating
enhancements to existing sequences, such as changing the motion of charac-
ters or replacing their clothing, thereby improving the overall quality of 3D
content creation in online applications.

Keywords: Web-based services, 4D volumetric, 3D model, SMPL-X,
virtual human, online editing.

1 Introduction

With the recent growth in the virtual reality (VR), augmented reality (AR),
and mixed reality (MR) industries, the demand for high-quality 3D content
that seamlessly connects the real and virtual worlds has been on the rise [1].
To achieve a natural integration between these two realms, virtual content
must provide a level of realism comparable to the real world, necessitating
3D models that accurately reflect real-world subject appearance and move-
ments. Consequently, volumetric content, which captures subjects in 3D data
form and enables lifelike representation of appearance and motion, is being
increasingly utilized across various fields.

Sequences or videos of 3D models are representative examples of vol-
umetric content created by combining sequential frames of 3D volumetric
data. This 3D volumetric data is generated by continuously capturing a
subject using multiple cameras over time and then synchronizing the captured
footage in the same temporal order to form a single 3D mesh model [2, 3].
While volumetric data offers the advantage of faithfully recording a subject’s
appearance and movement, it is not easy to edit since it is produced as a
continuous sequence over time [4].

Due to the temporal continuity of the 3D mesh data, modifying one
3D mesh model requires editing all the 3D mesh models across multi-
ple frames. Typically, 3D mesh data synthesized through photogrammetry
using footage from various angles will have different mesh structures and
topologies. Although a single object might appear to have the same shape
across frames, the mesh topology differs from frame to frame. Therefore,
consistently editing temporally variable 3D meshes is time-consuming and
costly [1,4]. Consequently, an efficient method for modifying the motion of
volumetric meshes is essential to overcome these challenges.

Existing research on volumetric model animation has primarily focused
on the SMPL/SMPL-X models. The SMPL model is widely used for
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reconstructing human 3D shapes and poses from images, and its simple mesh
structure allows for the efficient representation of various human postures
and forms [5]. The SMPL-X model extends the capabilities of SMPL by
enabling more detailed expressions, including facial features and hand move-
ments [6]. Most papers in this field focus on generating 3D human avatars by
estimating the parameters of SMPL/SMPL-X models from a single image
or video [6-13]. However, since SMPL-based studies struggle to capture
detailed facial expressions and finger movements accurately, there has been a
growing shift toward using the SMPL-X model in recent research.

This paper focuses on capturing the full body pose and shape, including
hands and facial expressions, to achieve more accurate 3D modeling [6, 10—
15]. However, these methods often fail to capture elements separate from the
body, such as hair, leading to discrepancies between the original volumetric
model and the reconstructed 3D mesh, making it challenging to reproduce the
subject’s appearance faithfully. Additionally, many studies rely on the facial
expression parameters estimated by the SMPL-X model, which limits the
accurate representation of complex expressions or subtle facial movements.
To address these issues, this paper proposes a method that, while using the
SMPL-X model for pose estimation, directly incorporates the original volu-
metric data for facial regions. This approach allows for more efficient editing
and refinement of the synthesized 3D mesh data, particularly in maintaining
fidelity to the original facial features of the volumetric model.

The method proposed in this paper consists of three stages. In the first
stage, a deep learning network processes the 3D volumetric data synthesized
from multiple cameras. This captures the basic body shape, facial expres-
sions, and finger movements in SMPL-X format, generating a complete 3D
model. Using a mesh segmentation algorithm, the model’s head and torso
are separated in the second stage. This begins by generating a 3D skeleton
using OpenPose, and the initial mesh segmentation is performed based on
the direction vectors of the generated skeleton. After this, manual refinement
is carried out further to enhance the separation of the head and torso. This
process involves calculating the vector from the neck joint to the head
joint, enabling precise separation of the head region. Finally, the separated
volumetric head and SMPL-X torso are combined to create a new 3D model
in the third stage. To add new motion animations, the SMPL-X skeleton is
applied to the newly created 3D model through a rigging process, resulting in
a fully animated and functional 3D model.

This paper is structured as follows: Section 2 explains creating 3D vol-
umetric models. Section 3 introduces the algorithm for editing volumetric
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videos. Section 4 presents the results obtained using the proposed algorithm,
and Section 5 concludes the paper with a summary and final remarks.

2 4D Volumetric Content

This chapter provides a detailed explanation of the process through which
a 3D volumetric model is produced. Volumetric capture is divided into
three stages: capturing, volumetric synthesis, and post-processing. It explains
capturing, which involves recording a subject in a volumetric studio, and
the reconstruction stage, where the captured footage is synthesized and
converted into 3D mesh data. Lastly, it discusses the editing stage, where
the synthesized and generated volumetric model is modified and corrected.

2.1 Capturing

The first stage of volumetric capture is the setup of the studio environment.
Essential factors in this stage include rigging and lighting configuration,
which require careful consideration to precisely capture the subject’s 3D
information. First, the rig setup begins with cameras that can cover a 360-
degree view. The cameras are arranged to collect data from all angles of the
subject and, in this process, it is crucial to determine the optimal shooting
range and resolution, taking into account the size and movement of the
subject [16]. This is because volumetric capture requires different depth
information from each angle. In this process, adjusting the camera positions
significantly impacts the quality of the captured data, so the field of view and
overlap of each camera are adjusted.

Next, the lighting setup mainly uses soft light to emphasize the texture
and depth information of the subject. Soft light provides uniform illumination
to the subject, allowing precise capture of surface details while minimizing
unnecessary shadow formation, which keeps the data clean during post-
processing. In particular, in volumetric capture, since texture affects the
realism of the 3D model, lighting design plays a vital role [17]. Chroma
key shooting is also a critical part of volumetric capture. Since the chroma-
essential background separates the subject during post-processing, avoiding
clothing or props that match the background color is crucial. Appropriate
costume and prop selection enhances the accuracy of chroma keying, which
directly affects the quality of the result. For this reason, the design and color
of the subject must be chosen considering the contrast with the chroma key
screen.
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Once the studio environment is prepared, a real-time preview system
checks the position between the subject and the cameras. At this stage, adjust-
ments are made to the subject’s position and angle, as well as the camera’s
focus and composition, to improve the accuracy of the capture. Additionally,
the cameras are synchronized using light sync technology, which is essential
for accurately combining camera data in the subsequent 3D modeling phase.

2.2 Reconstruction

Synthesizing a 3D model is based on point clouds generated through pho-
togrammetry or structure from motion (SfM) techniques, which are crucial
in precisely digitizing real-world objects. This process typically involves
reconstructing 3D shapes from multiple 2D images by matching feature
points across images and estimating 3D coordinates from these matches.
In the first stage, multiple captured images are analyzed to extract feature
points from each image, and these points are matched to establish correlations
between the images. This step is usually carried out using algorithms such
as SIFT (scale-invariant feature transform) or SURF (speeded-up robust
features), which analyze how the same point on an object appears across
different images [18]. Based on this feature point matching, the position and
orientation of the cameras, along with the 3D coordinates of the object’s
surface, are estimated using triangulation techniques [19].

The second stage involves constructing a polygon mesh from the gen-
erated point cloud. While the point cloud represents the object’s surface in
3D space, the points lack connectivity, so a process is required to build a
polygonal structure. Typically, techniques such as Delaunay triangulation
or Poisson surface reconstruction are employed to define the relationships

Figure 1 Example of 4D volumetric data.
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between points in the cloud and form a mesh by connecting the points into
triangles [20].

In the final stage, texture mapping is applied to the generated 3D mesh
to enhance realism. Texture mapping involves projecting color and surface
detail information obtained from 2D images onto each polygon of the 3D
model. This process significantly increases the visual detail of the model,
making it resemble the appearance of the actual object. Additionally, lighting
and shading effects are applied further to emphasize the texture and depth of
the object, ultimately resulting in a more realistic rendered outcome. These
steps are essential for achieving high-quality, lifelike 3D representations [21].

2.3 Post-Processing

The process of post-editing a 3D photorealistic model synthesized from
multi-view cameras is a crucial procedure aimed at enhancing the qual-
ity of the 3D data and maximizing its visual completeness. This process
typically involves noise removal, identification and deletion of erroneous
point clouds, mesh reconstruction, texture map adjustment, color correction,
and the addition of lighting effects. One of the most common issues in a
3D model is that noise and erroneous points in the point cloud can com-
promise the model’s accuracy. Such noise can arise from various factors,
especially in multi-view camera systems, where issues such as insufficient
visual overlap between cameras, sensor errors, or environmental factors (e.g.,
light reflection) may result in incorrect point cloud generation. The noise
removal process filters out these erroneous data, improving the quality of the
point cloud by identifying and deleting unnecessary or faulty points. This is
generally achieved through algorithms like outlier removal or techniques such
as statistical noise filtering [22]. After noise removal, mesh reconstruction
follows. At this stage, a new 3D mesh is generated based on the cleaned point
cloud, improving the smoothness of the model’s surface. The goal of mesh
reconstruction is to enhance the structural completeness of the model by re-
establishing the connections between point clouds, thereby creating a natural
and smooth surface. Standard algorithms used here include Poisson surface
reconstruction and Delaunay triangulation [20].

The texture map, which plays a critical role in determining the visual
appearance of the 3D model, involves applying image data to the model’s
surface. The model’s visual consistency can be compromised if the texture
map is incorrectly applied or distorted. Therefore, precise adjustment of the
texture map to ensure accurate alignment with the mesh is essential. UV
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mapping ensures that each texture is evenly distributed across the model’s
surface during this process. For photorealistic models, in particular, the
detailed refinement of textures significantly contributes to their realism.
Lastly, the visual completeness of the model is further enhanced through color
correction and the addition of lighting effects. Color correction addresses
any color distortions that may have occurred during capture, while lighting
effects are added to reinforce the realism of the subject. Techniques such
as gamma correction or white balance adjustment are typically employed in
color correction to ensure that the model’s colors are rendered naturally and
consistently. Additionally, lighting effects are applied to give the model a
sense of depth and to strengthen its three-dimensional representation.

3 Proposed Pipeline
3.1 Algorithm Overview

This section provides a detailed explanation of the algorithm for editing 4D
volumetric content. The process of editing and modifying 3D mesh data
produced as a 3D model sequence is divided into four main stages. In the first
stage, SMPL-X is utilized to infer the 3D model. The second stage involves
segmenting the 3D model (both volumetric and SMPL-X) into two parts, the
head, and the torso, allowing for independent processing of each section. In
the third stage, the separated head and torso are recombined to create a new
3D model, enabling modifications in motion and attire. Finally, in the fourth
stage, these 3D models are linked to produce 4D volumetric content. The
proposed algorithm is illustrated in Figure 2.

Each step of the process will be explained in detail. In the first step,
the inference of 3D mesh data is performed using the SMPL-X model.
SMPL-X is an extended version of the original SMPL model, incorporating
more detailed representations of the human body, such as the face, fingers,
and toes, which enhances the accuracy of human body modeling and infer-
ence [6]. SMPL-X demonstrates improved performance compared to SMPL,
particularly in estimating natural human poses and gestures. Moreover, it
is structured to effectively handle the complexity of multidimensional data,
making it well-suited for detailed human body modeling tasks. In the second
stage, the inferred 3D model is segmented into the head and the torso,
allowing for independent processing of each part. This is part of a modular
approach, which enables fine-tuned manipulation by allowing each body part
to be edited separately. Such an approach is beneficial in volumetric editing,
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Figure 2 Proposed algorithm.

where the independent handling of complex objects is required. This method
has been frequently highlighted in related research as an effective technique
for splitting and recombining models. In the third stage, the previously sepa-
rated head and torso are recombined to generate a new form of the 3D model,
serving as the foundation for motion and clothing transformations. Motion
transformation is carried out using a motion retargeting algorithm, which
naturally applies the movements of one individual to another model [23].
A virtual fitting technique is applied for clothing transformation, designed
to automatically adjust the garment based on the model’s body shape and
motion [24]. The final stage involves sequentially connecting the generated
3D models along the time axis to create the 4D volumetric content. This
results in 4D data with spatiotemporal consistency, which can be utilized
in real-time within virtual reality (VR) or augmented reality (AR) environ-
ments. Temporal volumetric synthesis is critical, ensuring smooth transitions
between frames while maintaining continuity [25]. An example in Figure 3
illustrates a detailed algorithm implementation.
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(b)
Figure3 Visual example of the proposed algorithm. (a) 3D model’s mesh wireframe, (b) 3D
model with applied textures.

3.2 3D Model Inference

Direct modification of volumetric data requires complex computations in
high-dimensional space, making it essential to employ deep learning-based
models for estimation and refinement. In particular, volumetric data must
maintain consistency across time and space, necessitating algorithms capable
of precise data processing. To address this, this paper proposes a methodology
that uses deep learning models to estimate body shape and motion from
volumetric data, then editing and refining 3D mesh data based on these
estimations.

A widely used model in this context is the skinned multi-person linear
(SMPL) model, a linear model for representing 3D human body meshes
extensively applied in both Al and graphics fields [5]. The SMPL model
parameterizes human body shape and pose, allowing the generation of a
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3D body model from a single 2D image. In this process, shape and pose
parameters are used to model a body shape similar to the person in the
input image. However, the SMPL model has limitations in expressing detailed
regions such as hands and faces. The SMPL-X model, an extension of SMPL,
overcomes this by incorporating facial expressions and hand movements,
enabling more detailed human body modeling [6]. SMPL-X offers better
performance, particularly in tasks where facial expressions and hand gestures
are critical, making it an essential tool in applications like virtual reality
(VR) and augmented reality (AR), where human interaction plays a central
role.

In this paper, we employ the ExPose (expressive pose and shape regres-
sion) model, an advancement of the SMPL-X model, to estimate and modify
body shape and pose in volumetric data. ExPose can accurately estimate
the pose and shape of the body, face, and hands from RGB images, and it
generates 3D mesh models that closely resemble the volumetric data [11].

ExPose operates based on the SMPL-X framework, directly regressing
complex 3D data to swiftly and accurately estimate detailed human body
parameters. These key parameters are broadly categorized into three types.
First, the shape parameter represents the overall body shape, defining global
features such as the length and size of the body. Second, the expression
parameter is used to model facial expressions, allowing for detailed reflection
of emotional expressions on the face. Lastly, the pose parameter defines
the rotation of body joints using an axis-angle representation, capturing the
body’s posture and movement [11]. The 3D objects generated by ExPose
in SMPL-X format reflect the three-dimensional characteristics of the vol-
umetric data, producing a temporally consistent mesh that closely mirrors
the body shape and posture of the original volumetric data. Errors in this
process mainly arise from inferring 3D information from 2D images. Since
2D images inherently lack 3D depth information, errors during the 3D
reconstruction process are inevitable [9].

The SMPL-X model is designed to effectively infer human appearance
from 2D images, yet it has limitations in capturing all fine-grained physical
characteristics with high precision. As a result, it may not accurately represent
minute facial wrinkles, subtle expressions, or the full range of body shapes
with intricate detail. The quality of 4D volumetric data can vary depending
on the shooting environment and synthesis conditions. The synthesis quality
of the volumetric model we use aligns well with the capabilities of SMPL-
X, as previously described. Therefore, employing SMPL-X to represent the
volumetric model is highly suitable for this paper.
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3.3 Separation of 3D Model

This is the process of separating the head from the original volumetric data
and the torso from the SMPL-X model to create a new 3D model. The
separation process is divided into two stages. The first stage utilizes deep
learning to segment the head and torso regions. In contrast, the second stage
involves manual refinement to achieve a more precise separation based on the
initial segmentation results.

OpenPose is first utilized to generate 3D skeletons for the volumetric
and SMPL-X models to perform the initial region segmentation. In this
process, projection images are created by viewing the 3D mesh from four
directions—front, back, left, and right—to estimate the 3D pose of the mesh.
Subsequently, the OpenPose library is employed to extract 2D joint positions
from the projection images, and the 3D joint positions are calculated by
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(b)
Figure 6 Visual example of the first-stage separation algorithm (a) separation process illus-

trated with the 3D model’s mesh wireframe, (b) separation process shown with the textured
3D model.

determining the intersections in 3D space. Based on the joint information
generated in this way, the 3D mesh regions corresponding to the head and
torso of both the volumetric and SMPL-X models are separated.

The segmentation of mesh regions is carried out by calculating the direc-
tion vectors of the skeleton, which are derived from the 3D coordinates of
the two joints forming each skeletal segment. To separate the head from the
torso, the vector directed from the neck joint to the head joint is defined as the
skeleton’s direction vector. At this point, if the vector from the starting point
of the skeleton to a vertex on the mesh forms an angle within 90 degrees of
the skeleton’s direction vector, that vertex is considered part of the bone and
can be used to separate the head region. This process is illustrated in Figure 6.

In the second stage of region segmentation, manual refinements correct
the errors in the initial segmentation results, ultimately producing a properly
separated mesh. While the first-stage segmentation is performed using auto-
mated algorithms, various errors may arise. One common issue is the frequent
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mixing of the head mesh with other body parts. The key focus of the second-
stage segmentation is to meticulously correct these errors, ensuring that the
final mesh segmentation is accurate and precise.

First, if the head mesh in the initial segmentation results contains portions
of other regions, errors are corrected based on the vertex and face information
of the affected areas. Vertices and faces from incorrectly included regions are
removed using a mesh cleaning technique, identifying and deleting unnec-
essary parts according to specific criteria [26]. This process must remove
unwanted parts while maintaining the mesh’s connectivity.

Second, if parts of the head region are missing or distorted during the seg-
mentation process, a correction is made by tracking the vertices of the missing
areas. Specifically, the nearest neighbor technique is employed to locate the
position and coordinates of vertices closest to the excluded areas [27]. By
referencing the coordinates of these vertices, the distorted sections are moved
on the mesh, thereby correcting the shape of the head mesh. This ensures
the continuity and morphological consistency of the mesh and is based on
vertex displacement techniques, which adjust the mesh’s shape by utilizing
the distances and coordinates between adjacent vertices [28].

This approach to correcting mesh distortions is particularly useful for
complex regions like the head. It is done through a hybrid method combining
manual work with automated algorithms. A finely segmented head mesh is
ultimately obtained by precisely correcting the errors that occurred during
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(a) (b) ©)

Figure 8 Visual example of the second-stage separation algorithm. (a) Volumetric head, (b)
refinement mesh, (c) final head.

the initial segmentation, as shown in Figure 8. Figure 8 provides an example
of a 3D mesh of the separated face.

3.4 Synthesis and Conversion

This produces a 4D volumetric video by integrating edited frames and
sequences of a new 3D model into the original volumetric sequence. In
this process, synchronization is performed to connect frames and sequences,
where motion is added seamlessly or costumes are replaced, to the flow
of the existing volumetric data sequence. Additionally, post-processing is
carried out to apply gradual changes, ensuring smooth transitions between the
original sequence and the modified frames. Through this process, a consistent
and natural 4D volumetric video is completed. An example of the overall
process is shown in Figure 9.

The process involves integrating the edited frames and sequences of
the new 3D model into the original volumetric sequence to produce a 4D
volumetric video. This step includes synchronization, ensuring that the newly
added frames or sequences—such as those with modified movements or
clothing—are seamlessly connected to the existing volumetric data sequence
flow. Additionally, post-processing is applied to create smooth transitions
between the original sequence and the modified frames, using gradual adjust-
ments to maintain fluidity. Through this process, a consistent and natural
4D volumetric video is achieved. An example of the overall procedure is
illustrated in Figure 10. Cloth simulation is employed to apply clothing to the
SMPL-X model. 4D volumetric sequences are used to preserve natural forms
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and movements. Therefore, to better reflect the characteristics of 4D volumet-
ric data, we use physics-based cloth simulation rather than a rigging-based
approach.

Detail-preserving algorithms are essential to minimize distortion when
applying textures to complex surfaces. Utilizing level of detail (LOD) and
deformation correction algorithms allows natural textures to be applied to
3D model surfaces. Additionally, Al-based upscaling and GAN models can
convert low-resolution textures to high-resolution and correct distortions. To
maintain temporal continuity in volumetric data, spatiotemporal interpola-
tion techniques are introduced to ensure that changes between keyframes
and temporal shifts in texture maps are smoothly connected. This approach
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Table 1 Experimental environment and conditions

Category | Settings
Camera SONY Full-frame mirror less
Number of units 40 units (360-degree full coverage)
Camera rig Movable rig, 2-tier structure
Frame settings | Still shooting 60FPS, video shooting 120FPS
Synchronization Light sync
Calibration Calibration board

Figure 11  Shooting environment for making the 4D volumetric model.

helps maintain graphic consistency even in moving objects or dynamically
changing environments.

4 Implementation Result
4.1 Environment

This study constructed a studio and capture system using 40 full-frame
cameras, as depicted in Figure 11. Multiple cameras are arranged within the
rig to provide 360-degree coverage from all directions. The rig’s position is
adjusted to set a capture range between 8 and 12 m, depending on the subject
and its movement.

Figure 12 presents a 3D volumetric sequence generated through a 4D
volumetric content production process. In this process, multiple cameras were
used to capture the subject from various angles, and the captured video data
were subsequently merged to create a 3D model. The resulting 3D models
were then arranged sequentially to form the complete sequence. Figures 12(a)
and 12(b) depict specific frames from this sequence. The model texture was
applied at 8K resolution, with the mesh in Figure 12(a) consisting of 48,274
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faces and the mesh in Figure 12(b) consisting of 50,813 faces. The number of
faces in the mesh varies across frames due to differing compositing conditions
for each frame in the 4D volumetric data.

Figure 13 illustrates the results obtained through each step of the algo-
rithm proposed in this paper. First, an SMPL-X model was generated from
the 2D images of the 3D volumetric model, and a mesh separation algorithm
was employed to isolate the head of the 3D volumetric model and the torso of
the SMPL-X model. Subsequently, the separated meshes were merged, and
a new outfit was applied to create a modified 3D model. Finally, rigging and
animation were added to the 3D model, resulting in the adjusted motions of
the original volumetric model.

4.2 Inference Results of the Model using SMPL-X

Figure 14 shows the SMPL-X 3D mesh results inferred from the input volu-
metric model frames that require modification. Using a deep learning-based
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(a) (b)

Figure 14 3D volumetric data and SMPL-X results. (a) Original volumetric data of the input
frame, (b) SMPL-X model inferred from the input frame, (c) adjusted mesh of the inferred
SMPL-X model.

SMPL-X model, the size, body shape, and motion similar to the volumetric
model were modeled from the 2D images. Figure 14(a) displays the volu-
metric data used as input, while Figure 14(b) illustrates the initial SMPL-X
model inferred from this data. The initial model’s body shape differs from the
volumetric model’s, necessitating post-processing to reduce this discrepancy.
Figure 14(c) presents the final result, where the body shape has been adjusted
through post-processing to more closely resemble the volumetric model in
Figure 14(a).

4.3 Segmentation Results of the 3D Model

Figure 15 illustrates the process and outcome of the primary separation
algorithm used to divide the head and torso of a 3D model. OpenPose was
utilized to generate the model’s 3D skeleton, which served as the basis for
the separation process. In Figure 15(a), the bone connecting the neck joint to
the head joint was selected based on the generated joint data, and the direction
vector of this bone was calculated. Figure 15(b) shows the calculation of
the direction vectors from the selected bone’s one-third point to each mesh
vertex. Figure 15(c) depicts calculating the angle between the two direction
vectors to distinguish the head from the torso, with separation proceeding
based on angles within 90 degrees. Finally, Figure 15(d) presents the result
of the separation, where the head and torso meshes were divided based on the
calculated angles.
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(b) (d)

Figure 15 First-stage separation algorithm result. (a) Bone selection and direction vector
calculation, (b) direction vector calculation from the 1/3 point of the bone to the vertex, (c)
direction vector angle calculation, (d) mesh region separation.

(a) (b
Figure 16 Results of the primary mesh separation. (a) SMPL-X 3D body model with the
face removed, (b) 3D body model with applied texture.

Figure 16 shows the final result of separating the head of the volumetric
model and the torso of the SMPL-X model using the primary separation algo-
rithm. Figure 16(a) presents the SMPL-X model after separating the torso.
Figure 16(b) illustrates the outcome of applying a texture to the SMPL-X
model generated to match the skin tone of the volumetric model.

Figure 17 illustrates the process and outcome of the secondary separa-
tion algorithm used to divide the head and torso of the 3D model. This
process involved manually refining errors that occurred during the primary
separation. Figure 17(a) shows the initial result of the head separation from
the volumetric model after the first separation process. Figures 17(b) and
17(c) display the results of applying a mesh cleaning technique to remove
unnecessary vertices and faces from the model, with Figure 17(b) showing the
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(©) (d)
Figure 17 Second-stage separation algorithm result. (a) First-stage separation result, (b)

vertex and face removal (front), (c) vertex and face removal (back), (d) vertex displacement,
(e) mesh sculpting, (f) final result of head separation.

(b) (©)

Figure 18 Synthesized 3D model and rigging results. (a) Original volumetric model, (b)
result of applying new clothing to the newly generated 3D model, (c) result of rigging with a
SMPL-X skeleton.

(a)

front view and Figure 17(c) the rearview. Figure 17(d) demonstrates the use
of the nearest neighbor technique to locate the positions of adjacent vertices
for the missing areas, followed by applying vertex displacement to correct
those regions. Figure 17(e) presents the result of finely adjusting the distorted
areas on the mesh using a sculpting technique. Finally, Figure 17(f) shows the
fully separated mesh, confirming that a clean and refined mesh was achieved
through the secondary separation process.

4.4 Results of Synthesis and Transformation of the 3D Model

Figure 18 presents the results after combining the separated head and torso
meshes, applying new clothing, and configuring the skeleton using the
SMPL-X framework to generate a 3D model. Figure 18(a) shows the original
volumetric model data. Figure 18(b) displays the 3D model with newly
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(b) © (d)

Figure 19 Results of implementing new movements on the 3D model. (a) Source motion 1,
(b) retargeting of source motion 1 onto the 3D model, (c) source motion 2, (d) retargeting of
source motion 2 onto the 3D model.

applied clothing, demonstrating the ability to change the outfit of the original
volumetric model. Finally, Figure 18(c) illustrates the result of rigging the
generated 3D model with the SMPL-X skeleton, enabling the model to be
animated and moved.

Figure 19 shows the result of animating a 3D model using retargeting
technology. The motion data of the source character depicted in Figure 19(a)
and Figure 19(c) was applied to the target 3D model using an IK retargeting
method, and the 3D volumetric model was animated, as shown in Figures
19(b) and 19(d). In this process, the joint positions and angle information
of the source character were mapped to the corresponding joints of the
target 3D model to achieve natural movement. Despite structural differences
between the source and target characters, the source motion was successfully
identically applied to the target model.

4.5 4D Volumetric Content Production Results

Figure 20 visually presents the step-by-step results from the creation to the
animation of the 3D model. The head of the separated volumetric model
was combined with the SMPL-X torso to generate a new 3D volumetric
model, and the SMPL-X skeleton was rigged into the model to allow for
movement modification. Using a body retargeting method, source animations
were applied to the volumetric 3D model, enabling the animation of various
movements.

Figures 21 and 22 display the results of applying motion and clothing
changes to the original 3D volumetric data arranged as a sequence of frames.
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Figure 20 Results of the entire editing process.

Figure 21 Results of motion and clothing change (long skirt) applied to the original 3D
volumetric data.

A

Figure 22 Results of motion and clothing change (short skirt) applied to the original 3D
volumetric data.
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Various movements, such as walking and rotation, were implemented, and
the motion reflected the physical properties of the clothing. These results
successfully modify the volumetric model’s clothing and movements, with
smooth transitions between frames and consistent animation throughout.

5 Conclusion

This paper proposes a novel approach for editing and modifying sequential
3D mesh data captured by multiple cameras in a web-based environment.
First, a deep learning network is used to estimate body posture, shape,
facial features, and hand details from RGB images, which are then con-
verted into a 3D volumetric model using the SMPL-X framework. Next, an
algorithm is employed to segment the 3D mesh, separating the torso of the
SMPL-X model from the head of the volumetric model through a two-step
process, followed by their combination to create a new 3D model. Clothing,
accessories, and footwear are applied to the generated model, and simple
motions are added using SMPL-X skeleton rigging and body retargeting
techniques, allowing for the replacement or insertion of new 3D volumetric
data into existing sequences. This approach enables the creation of edited
3D volumetric mesh sequences and facilitates the addition and modification
of movements or outfits in already-produced 3D volumetric sequences. This
method is expected to significantly enhance content creation flexibility, with
potential applications across various industries such as film, gaming, and
AR/VR environments based on online services.
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