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1 | INTRODUCTION
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Abstract

This study proposes a geometry- and color-aware 3D data-augmentation
framework to enhance fashion asset segmentation for digital twin applications.
This study focuses on converting 2D fashion videos into 3D point-cloud data
and augmenting the minority classes. The constructed dataset comprised
502 mannequin-wearing scenes and additional single-asset captures, totaling
628 instances across 16 categories and 104 items, all recorded using an iPhone
14 Pro. To address class imbalance, three augmentation strategies are intro-
duced: SMOTE3D (normal-aware coordinate interpolation with red-green—
blue jitter), scene reconfiguration, and class-consistent color shifts. Using Oct-
Former, OA-CNNs, and PTv3, the augmented data consistently improved the
accuracy, intersection over union (IoU), and mean average precision (mAP),
yielding significant gains over a Mix3D plug-in baseline, as confirmed by a
paired Wilcoxon test.
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remained underrepresented, resulting in a pronounced
class imbalance.

Three-dimensional (3D) asset segmentation plays a cru-
cial role in VR/AR services and digital twin fashion work-
flows in which an accurate semantic understanding of
garments is essential for rendering, interaction, and con-
tent creation. However, the construction of high-quality
3D fashion datasets remains challenging owing to the
cost of acquisition and annotation. Our dataset consists of
(i) 502 mannequin-wearing scenes and (ii) additional
single-asset captures, yielding 628 instances across 16 cat-
egories and 104 items, all recorded using an Apple iPhone
14 Pro, iOS 25.3.1(a). Despite this effort, several categories

Despite recent advances in 3D semantic segmenta-
tion, progress in the fashion domain remains constrained
by fundamental data limitations. In particular, 3D fash-
ion assets with dense, part-level semantic annotations are
scarce because accurate labeling requires expert knowl-
edge and does not easily scale to deformable garments.

Moreover, existing large-scale 3D benchmarks—
primarily designed for indoor scenes or autonomous
driving—exhibit a considerable domain mismatch with
fashion assets. Compared with rigid objects in these
benchmarks, fashion items are characterized by a highly
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deformable geometry, fine-grained surface details, and
diverse color and material distributions that challenge
direct knowledge transfer.

More importantly, long-tailed class distributions and
structured occlusions induced by real garment layering
are underexplored in existing datasets. These types of
occlusions follow systematic and class-dependent pat-
terns (for example, outerwear partially covering inner
garments or hems overlapping footwear), making them
fundamentally different from synthetic or random occlu-
sion settings commonly adopted in previous studies.
These characteristics motivate the need for domain-
specific data-augmentation strategies that explicitly
account for both geometric and appearance variations in
3D fashion segmentation. Consequently, existing bench-
marks fail to capture adequately the long-tailed class dis-
tribution and structured occlusions inherent to real-
world fashion layering.

To address these challenges, we propose three com-
plementary augmentation strategies: (i) SMOTE3D:
geometry- and photometry-aware oversampling method
for minority classes, (ii) scene reconfiguration to increase
contextual diversity, and (iii) class-consistent red—green—
blue (RGB) shifts used to model appearance variations.
We evaluated our approach using OctFormer, OA-CNNs,
and PTv3 and compared it with Mix3D [1] as a plug-in
baseline. Unlike Mix3D’s global scene mixing, which pri-
marily enhances contextual diversity, our approach tar-
gets intraclass variability at the point level by coupling
geometry- and color-aware synthesis.

2 | RELATED WORK

2.1 | Data augmentation for 3D data

This study assumes 3D data representation is the optimal
phenotype for volumetric assets. Real-world 3D segmen-
tation applications are highly diverse—spanning from
sparse autonomous driving scenes to dense fashion
items—each presenting unique noise and domain-specific
challenges. Despite these variations, class imbalance
remains a prominent and ubiquitous challenge, consis-
tently highlighted in recent studies as a primary factor
degrading 3D object recognition accuracy.

One early approach for addressing class imbalance
was the synthetic minority oversampling technique
(SMOTE) [2]. SMOTE oversamples underrepresented
classes to balance the dataset. However, this simple
approach is not always suitable for 3D data. As an alter-
native, Griffiths and Boehm [3] proposed a weighted
point-cloud augmentation technique. This method applies
more substantial augmentation to underrepresented

classes, resulting in 19% and 25% improvements in F;
scores on the ScanNet and Semantic3D datasets,
respectively.

Data generation using generative Al has also been
proposed based on the development of generative Al
such as the diffusion model. Yue and others [4] proposed
a diffusion-based, scene-level synthesis method for build-
ing interior spaces.

Additionally, in real-world data, such as 3D LiDAR
from autonomous vehicles, a class imbalance problem
arises; large objects, including roads and buildings, domi-
nate the data, whereas smaller objects, such as pedes-
trians and bicycles, are underrepresented. To address this
issue, methods such as class-balanced grouping and
dynamic weight averaging have been introduced to
reduce effectively class imbalance and improve the recog-
nition of rare objects [5-7]. A method for accessing
feature-level generation for class imbalances was also pro-
posed [8, 9].

Finally, the subspace prototype guidance (SPG) tech-
nique uses an auxiliary network to extract more accu-
rately the features of minority classes by distinguishing
different classes. This method considerably improved the
segmentation performance of minority classes in indoor
scenes, providing a practical approach for addressing
class imbalance [10].

Class imbalance is a major challenge in fashion-item
augmentation. For example, specific objects, such as
shoes, may appear frequently in a dataset, whereas acces-
sories or certain clothing items are less common.
Although data augmentation can be achieved using
expensive manual simulations or generative Al, these
approaches require considerable time and resources. To
address this challenge, approaches such as SMOTE—
which improves the representation of minority classes—
and penalized models—which impose higher penalties
for insufficient learning in these classes—can also be
employed [11]. These methods offer practical and cost-
effective alternatives, particularly in multilabel contexts,
such as fashion-item augmentation.

Typically, class imbalance remains a persistent chal-
lenge in various 3D data segmentation domains.
Although several studies have attempted to mitigate this
issue, this study proposes a novel data-augmentation
technique specifically designed for wearable items, such
as clothing and accessories, thereby setting it apart from
existing approaches.

2.2 | Fashion data augmentation

Data augmentation has played a central role in improv-
ing the generalization and robustness of deep-learning
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models, particularly in visual recognition. Several aug-
mentation techniques have been proposed for 2D and 3D
data modalities.

For 2D fashion image datasets, traditional augmenta-
tion schemes, such as flipping, cropping, rotation, and
noise injection, have been extensively adopted to expand
training distributions and reduce overfitting. For example,
traditional augmentations have served as a benchmark
for evaluating these types of augmentation pipelines in
classification tasks, where even simple affine transforma-
tions have proven effective in improving accuracy [12].
Other studies extended these ideas by incorporating color
jittering or background randomization, particularly in
fine-grained fashion recognition or detection tasks [13].

Research on 3D fashion modeling is still in its early
stages of development. The DeepFashion3D dataset [14]
introduced fashion item-level 3D reconstructions but did
not emphasize augmentation strategies. General-purpose
3D augmentation methods such as Mix3D [1] and VirtFu-
sion [15] offer data fusion and synthetic scene generation.
However, these approaches are typically designed for
rigid indoor environments and do not consider deform-
able appearance-sensitive fashion items.

In contrast, our approach introduces domain-specific
augmentation strategies that simulate realistic deforma-
tions and appearance changes, including color manipula-
tion and structural variation. These operations are
particularly relevant for fashion-centric 3D segmentation,
in which the geometry and visual features of an object are
highly entangled. To the best of our knowledge, no previ-
ously published study has jointly designed photometric
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and geometric perturbations specifically tailored to
deformable 3D fashion assets for dense semantic
segmentation.

2.3 | Point-cloud semantic segmentation
Recent advances in 3D semantic segmentation led to the
development of OctFormer [16] that addresses the ineffi-
ciencies of traditional sparse-voxel-based CNNs and point-
cloud transformers characterized by high-computational
complexity and unbalanced window partitioning. By intro-
ducing an octree-based attention mechanism, OctFormer
efficiently processed point clouds and achieved superior
performance on large-scale datasets, including ScanNet
and ScanNet200. In particular, the octree-based attention
mechanism mitigates uneven window partitioning, result-
ing in significantly increased processing speeds by 24.

Omniadaptive sparse CNNs (OA-CNNs) [17] have
emerged as efficient alternatives to transformer-based
models by incorporating a lightweight module that
enables spatial adaptivity without relying on attention
mechanisms. OA-CNNs reduce the performance gap with
point transformers, while maintaining minimal computa-
tional overhead. They introduced adaptive receptive
fields and adaptive relation convolution (ARConv),
enabling the network to adapt dynamically to the scene
features. This yields competitive accuracy for ScanNet v2
while maintaining minimal overhead.

Wu and others [18] proposed Point Transformer V3
(PTv3), a state-of-the-art method for point-cloud processing

Augmentation Method

4% Coordinate Augmentation ‘> Coordinate Augmented Data

Augmentation Plan for Multi-
Label Dataset

—4’< Coller Aty ’;—’ Color Augmented Data

Augmented
Training Set

Point Cloud Data

4% Combined Augmentation };—P

Combined Augmented Data

» Original Dataset

FIGURE 1 Overview of the proposed 3D augmentation pipeline (class-balanced scheduling, SMOTE3D, scene reconfiguration, and

class-consistent color shifts).
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that emphasizes scalability and efficiency. Unlike previous
models that have focused on intricate attention mecha-
nisms, PTv3 simplifies the analysis process to achieve a bal-
ance between accuracy and computational performance.
By introducing point-cloud serialization, which converts
unstructured point clouds into structured sequences via
space-filling curves, we can improve data processing effi-
ciency. In addition, PTv3 introduces serialized attention,
which groups patches of serialized points to facilitate effi-
cient attention computation, thereby improving both speed
and memory consumption. PTv3 demonstrates superior
performance across a range of downstream tasks, including
3D segmentation and object detection, while expanding the
receptive field from 16 to 1024 points and reducing the
inference latency.

We used these three models to demonstrate the prac-
tical effectiveness of the proposed data-augmentation
technique for diverse 3D segmentation tasks. Unlike the
standard SMOTE applied to tabular features, we propose
SMOTE3D that applies interpolation in the spatial xyz
and photometric RGB spaces, accounting for geometry-
consistent sampling.

3 | FASHION 3D DATA
AUGMENTATION

In this study, we propose a data-augmentation strategy to
reduce class imbalance in 3D multiclass datasets within
the fashion domain. Scene-level data collection often yields
multiple objects per scene, resulting in multiclass segmen-
tation challenges. To address this issue, we employed a
data-augmentation approach to balance the distribution of
individual classes across the dataset. Furthermore, we lev-
eraged SMOTE3D to enhance the data diversity by adjust-
ing the distribution of point clouds in the 3D dataset and
proposed a consistent color augmentation technique. The
proposed methodology is illustrated in Figure 1.

3.1 | Data-augmentation strategy for
multiclass datasets

Data collected at the scene level typically contain multi-
ple objects in a single scene. Consequently, scene-level
segmentation involves solving multiclass segmentation
problems. In this study, we focused on segmenting fash-
ion items, including clothing and accessories. To address
this challenge, we applied data augmentation to a multi-
class dataset to ensure balanced class distributions and
mitigate class imbalance.

Algorithm 1. Class-balanced augmentation
for multiclass scenes.

Require: Dataset D={(xsYq)}),,
where Y, CS (multilabel scene), class set S,
variance o, lower/upper bounds (B,By) pol-
icy, augmentation ops A (SMOTE3D, scene-
reconfig, color-shift), max iters K

Ensure: Balanced dataset D' with class
level counts within [By,, By]

Init counts: c(s) — |{d:se€Y4}| for all
sesS
Target level: T+« maxcsc(s)[> or a
robust target, for example, percentile
Bounds: B, < T—o0,By« T+o
Deficit: a(s) — max(0, B, —c(s)) for all s
fort=1to K

if Vse S: Bp <c(s) <Bythen

break [> converged

end if
Pick minority class: §* —
argmax;a(s) [> ties: pick

higher loss/lower F; class if available
Choose source: select scene or single-
asset (Xgre, Yre) With $* € Y
Choose op: pick A € A by rule:
o ifs* is rare & small: prefer
SMOTE3D on class mask of s*

o if context helps (co-
occurrence needed): prefer
scene-reconfig (swap/com-
pose compatible items)

o if appearance diversity
needed: apply  class-
consistent color-shift

Synthesize: (X,Y) < A(Xgc, Yere,S*)
Admit check: [> avoid overshoot of
other labels in a multilabel scene
if s € Y s.t. ¢(s) > Bythen
optionally prune X regions not in s* or
resample another source/op
continue

end if
Insert: D' — D' U{(X,Y)}
Update counts: c(s) < c(s) + 1[s€ Y] for
all s; a(s) < max(0, B, —c(s))
end for
Return D' [> now c(s) € [Br,By]| for most
classes
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We propose the data-augmentation strategy outlined
in Algorithm 1 that mitigates class imbalance in multila-
bel datasets by systematically oversampling underrepre-
sented categories to achieve a more uniform distribution.
The algorithm first defines the category set S and then
computes the current frequency of each class. A target
level T is then determined as the maximum class fre-
quency, and a tolerance interval [B,By] is specified using
a predefined variance o.

In the adjustment phase, the algorithm calculates the
deficit a(s) for each class, denoting the additional number
of samples required for the class to reach the lower
bound B;. During the refinement phase, synthetic sam-
ples were iteratively generated and added to classes with
nonzero deficits until all class frequencies converged
within the interval [Br,By]. This process ensures a bal-
anced class distribution in the final dataset, thereby
reducing the adverse effects of imbalances on model
training and evaluation.

Algorithm 2. SMOTE3D (coordinate + color
with normal-aware option).

Require: minority-class points
{(xi,c1) Y, k, samples per seed m, perturba-
tion scale €

1: for each seed point p in minority class
do
2:  Find k-NN N (p) in 3D (xyz); estimate

normal n, (Principal Component
Analysis)
3: forj=1tomdo
: Sample neighbor g € N (p)

5: A~U01); X — (1 —A)xp +Axg >
normal-aware tangential jitter (optional)

6:  Sample 6Lny, |6, <€ X —x' +5>
photometric interpolation + bounded

jitter
7: ¢ —clip((1 — A)cp + Acg +U(—70,70), 0, 255)
8: emit synthetic point (x,¢,classID)
9: end for
10: end for

Algorithm 2 outlines SMOTE3D, which extends the
classical SMOTE to point clouds by interpolating both
the coordinates (xyz) and colors (RGB) within each
minority class with an optional normal-aware tangential
jitter. For each seed point in a minority class, we interpo-
lated both the geometry and appearance by sampling a
random neighbor and blending their coordinates (x,,x;)
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and colors (cp,cq) With a mixing weight 1~14(0,1). To
better preserve the local surface structure, we optionally
added a normal-aware tangential jitter, where a small per-
turbation § was applied to the tangent plane of the esti-
mated normal n,. This prevents unrealistic distortions
that could occur if perturbations are added along the sur-
face normal.

For appearance, photometric interpolation was
combined with a bounded random jitter to produce class-
consistent but visually diverse RGB values. Importantly,
interpolation and perturbation were conducted within
each class to avoid cross-class contamination; neighbors
were always drawn from the same class, and the syn-
thetic points inherited the class label of the seed.

Two ablation variants were also considered for the
analysis: (i) coord-only, where only geometric interpola-
tion and jitter were applied, and (ii) color-only, where
only photometric interpolation and jitter were applied.
These ablations help isolate the relative contributions of
the geometric and appearance-based augmentations.
SMOTE3D generates realistic yet diverse samples for
minority classes, thereby improving the balance and
robustness of downstream training.

4 | EXPERIMENTS

We conducted experiments to evaluate the impact of dif-
ferent data-augmentation techniques on model perfor-
mance for a 3D volumetric dataset in the digital asset
domain. The models were trained on an ADA 6000
graphics processing unit (GPU), and all the experiments
were executed for 100 epochs. We used three models—
OctFormer, OA-CNNSs, and PTv3—to compare the effects
of various augmentation strategies.

41 | Dataset

We captured 2D videos of mannequins wearing three to
five items per scene. Data were collected by generating
3D scenes from 2D videos. The data acquisition pipeline
is described in Appendix S1. The objects were divided
into five categories: hats, tops, bottoms, shoes, and bags.
The counts for each object in the 16 classes are shown in
Figure 2. These products were selected for their versatility
and everyday use, with a focus on high-selling items in
the fashion market. As a result of the data collection,
628 video datasets were generated using an iPhone
14 Pro, with mannequin-wearing combinations compris-
ing three to five items. The 2D video datasets were con-
verted into 3D data and stored as point clouds. A
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FIGURE 2 Number of unique objects per class in descending
order of frequency.

FIGURE 3
images represents 10 cm.

Collected data examples. The scale bar in the

visualization example of the 628 datasets is shown in
Figure 3, and the class distribution for each 3D scene is
also depicted in Figure 4.

The collected data constituted an imbalanced dataset,
with each scene containing three to five objects, posing a
multiclass problem. This setting motivated class-balanced
augmentation. To set a baseline, we trained each model
on a minimally augmented dataset, where no significant
augmentations were applied beyond basic preprocessing.
The baseline performance served as a reference point for
evaluating the effectiveness of different augmentation
techniques.

Upon applying the proposed 3D multilabel dataset
augmentation plan, the distribution of assets across
scenes became more balanced, as shown in Figure 5. For
assets such as boots and jogger pants, which exist in only
one instance each, data augmentation was limited and
thus did not achieve the same level of augmentation as
those in other assets.

Ethical considerations during data collection ensured
compliance with privacy regulations. Specifically, fashion
items in the dataset did not feature visible trademarks,
and all items were purchased individually. Additionally,
individuals who acquired 2D data and participated in the
tagging process were compensated in accordance with
the appropriate wage standards in Korea.
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FIGURE 4 Counts of class appearances in a multiclass scene.
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FIGURE 5 Number of assets after the application of the
proposed data-augmentation method.

4.2 | Evaluation metrics

To evaluate the semantic segmentation performance on
the point-cloud dataset, we employed standard evalua-
tion metrics for 3D object detection and segmentation,
including accuracy and intersection over union (IoU).
These metrics are defined as follows.

« Accuracy: The ratio of correctly predicted instances
(true positives and negatives) to the total number of
instances. This ratio quantifies the overall correctness
of the model’s predictions [19].

« IoU: The ratio of the overlapping area between the pre-
dicted segmentation and the ground truth to their
union area. This metric is extensively used for evaluat-
ing the accuracy of segmentation tasks, particularly in
3D point-cloud data, as it quantifies how well the pre-
dicted object boundaries match the actual objects [20].

« Average precision (AP): The precision-recall trade-off
that calculates the area under the precision-recall
curve. This marker is particularly effective in evaluat-
ing segmentation models, especially when class imbal-
ance is present, by providing a robust measure of
model performance across all recall levels. AP evalu-
ates how well the predicted boundaries of an object
match the ground truth [21].
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These metrics provide a balanced evaluation of both
classification and segmentation performances across all
the object classes in a scene. The use of IoU and AP is
particularly effective in 3D object detection and segmen-
tation tasks, ensuring a robust evaluation of spatial preci-
sion and the model’s ability to localize and classify
objects within point-cloud data [22-24].

4.3 | Experiment

431 | Training details

Each model (OA-CNNs, PTv3, and OctFormer) was
trained for 100 epochs using an ADA 6000 GPU. We
compared four different augmentation techniques to
assess their impact on the model performance:

« Weighted dataset (baseline): This setting serves as our
baseline and is trained on the original dataset using
conventional data-augmentation techniques com-
monly adopted in vision research [14]. These augmen-
tations increase training diversity and improve
robustness to geometric variations. Specifically,

- Flip: 3D objects are horizontally flipped to encourage
invariance to mirrored configurations.

- Rotation: Random rotations are applied to expose the
model to diverse object orientations, which is essential
for 3D recognition.

- Scaling: Objects are randomly scaled to simulate size
variations and enhance robustness to changes in
object dimensions.

In addition to geometric augmentations, class-balanced
weighting is applied during training to mitigate class
imbalance by assigning higher importance to underrep-
resented categories.

« Color augmentation: The dataset applies consistent
color shifts across all points within the same class to
increase visual diversity. Specifically, color augmenta-
tion involves uniformly shifting the RGB values of all
the points within a given class. This method introduces
realistic variability while maintaining the overall color
scheme for each class, allowing the model to handle
better variations in lighting conditions and different
shades of the same color. For example, accessories such
as bags and shoes may appear in slightly different
colors in real-world environments, and this augmenta-
tion effectively emulates these types of variations.

« Coordinate augmentation: Coordinate augmentation
was applied by randomly shifting each point’s x, y,
and z coordinates within a small range, typically
defined by a uniform distribution. This approach
emulates slight variations in positioning or object
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structures, which can occur because of factors, such as
imperfect camera alignment or the natural movement
of fashion items. Introducing these slight coordinate
perturbations makes the model more robust to posi-
tional changes, thereby enhancing its ability to seg-
ment accurately objects from real-world scenes.

» Combined augmentation: Both color and coordinate
augmentations were applied simultaneously to intro-
duce variability in both dimensions, namely, visual
appearance and spatial location. This combined aug-
mentation ensures that the model learns to generalize
across different instances in which both the color and
positioning may vary. For example, a handbag can be
placed slightly differently and have a different shade,
and these types of combined augmentations help the
model to learn effectively these variations. This
approach has proven particularly useful for handling
multiclass datasets where item colors and positions
may differ considerably.

4.3.2 | Results and discussion

The experimental results presented in Tables 1 and 2 high-
light the major influences of the augmentation strategy
and model architecture on the segmentation performance
of 3D fashion data. The results indicate that multiple aug-
mentations achieved optimal segmentation performance.

As shown in Table 1, the simultaneous application of
color and coordinate augmentation achieved the highest
AP across different fashion categories. Improved perfor-
mance was observed in the sweatshirt and shirt classes
when both augmentations were applied. Classes that ini-
tially exhibited low performance, including loafers and
shoes, also benefited substantially from the combined
approach, with their mAP values improving from 0.72 to
0.90 and from 0.75 to 0.91, respectively.

Color augmentation proved particularly effective for
categories where visual appearance was the dominant
discriminative feature, such as in knitwear and caps.
Conversely, coordinate augmentation contributed to per-
formance gains in categories where spatial deformation
played a critical role, such as jeans and pants. However,
the integration of both augmentation methods consis-
tently produced the most balanced and robust results
across the diverse item types. These findings demonstrate
that identifying both photometric and geometric varia-
tions is vital for constructing generalizable representa-
tions of 3D semantic segmentation tasks.

Table 2 presents a comparative analysis of the three
segmentation models under different augmentation con-
ditions. Among the evaluated models, the convolution-
based OA-CNNs achieved the highest mAP score (0.96
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TABLE 1 Validation of different data-augmentation methods for various fashion classes.
Weighted dataset™ Color aug.” Coord. aug.® Color + Coord. aug.*
Class mloU Acc. mAP mloU Acc. mAP mloU Acc. mAP mloU Acc. mAP
Backpack 0.74 0.86 0.95 0.82 0.88 0.94 0.83 0.88 0.94 0.92 0.90 0.95
Beanie 0.67 0.92 0.92 0.96 0.97 0.89 0.98 0.95 0.89 0.98 0.94 0.95
Boots 0.00 0.00 0.97 0.97 0.99 0.95 0.98 0.96 0.96 0.88 0.91 0.95
Cap 0.86 1.00 0.98 0.97 0.99 0.94 0.98 0.96 0.94 0.96 0.95 0.96
Jeans 0.56 0.94 0.96 0.95 0.98 0.96 0.96 0.91 0.96 0.98 0.93 0.98
Sweatshirt 0.34 0.38 0.96 0.94 0.97 0.94 0.83 0.85 0.94 0.90 0.88 0.98
Shirt 0.70 0.71 0.96 0.95 0.98 0.96 0.86 0.88 0.96 0.91 0.90 0.97
Knitwear 0.40 0.89 0.92 0.91 0.96 0.95 0.79 0.83 0.95 0.88 0.87 0.97
Jogger Pants 0.34 1.00 0.99 0.98 0.99 0.98 0.85 0.86 0.98 0.92 0.89 0.99
Pants 0.42 0.43 0.99 0.96 0.97 0.97 0.87 0.87 0.97 0.93 0.91 0.99
Slacks 0.92 1.00 0.99 0.98 0.99 0.98 0.88 0.88 0.98 0.94 0.92 0.99
Skirt 0.70 1.00 0.98 0.95 0.97 0.97 0.89 0.89 0.97 0.95 0.93 0.98
Loafers 0.56 0.80 0.72 0.73 0.82 0.56 0.90 0.90 0.56 0.96 0.94 0.90
Sneakers 0.84 0.93 0.92 0.91 0.95 0.88 0.91 0.91 0.88 0.97 0.95 0.95
Shoes 0.57 0.99 0.75 0.87 0.97 0.79 0.92 0.92 0.78 0.98 0.96 0.91
Sleeve 0.00 0.00 0.98 0.97 0.98 0.98 0.93 0.93 0.98 0.99 0.97 0.98

Note: The table shows the results for different augmentation methods (weighted dataset, color augmentation, coordinate augmentation, and combined
augmentation) for each object class using OA-CNNs [17]. Bold values indicate the best performance for each metric within the corresponding comparison
group. Tied best values are also shown in bold.

Abbreviations: Acc., accuracy; aug., augmentation; Coord., coordinate; mAP, mean average precision; mIoU, mean intersection over union; OA-CNN,

omniadaptive sparse convolutional neural network.
“The weighted dataset baseline applies class-balanced sampling during training without geometric or color perturbations.
®Augmentation strategies applied to the original training set without any class reweighting or resampling.
“Augmentation strategies applied to the original training set without any class reweighting or resampling.
9The final augmented training set, where both augmentation strategies are jointly applied without additional weighting.

TABLE 2 Validation of different data-augmentation methods across multiple 3D semantic segmentation models.

OctFormer [16] OA-CNNs [17] PTv3 [18]
Aug. method mloU Accuracy mAP mloU Accuracy mAP mloU Accuracy mAP
Weighted dataset 0.45 0.65 0.87 0.54 0.74 0.93 0.86 0.87 0.90
Color aug. 0.70 0.85 0.90 0.93 0.96 0.91 0.91 0.95 0.97
Coord. aug. 0.67 0.74 0.72 0.90 0.94 0.91 0.89 0.92 0.93
Color + coord. aug. 0.69 0.86 0.89 0.94 0.92 0.96 0.92 0.95 0.98

Note: We evaluated the effectiveness of various augmentation techniques (weighted dataset, color augmentation, coordinate augmentation, and combined
augmentation) using three models, namely, OctFormer [16], OA-CNNs [17], and PTv3 [18]. This evaluation identifies the most effective augmentation strategy

to improve model performance across the validation and test sets. Bold values indicate the best performance for each metric within the corresponding

comparison group. Tied best values are also shown in bold.

when trained using the combined augmentation strat-
egy). This superior performance is attributed to the abil-
ity of the model to exploit the spatial regularity and local
consistency inherent in the dataset, which was con-
structed from mannequins in stable, uniform poses.
PTv3, which leverages serialized attention mecha-
nisms, exhibited a strong baseline performance with the

use of the Weighted dataset method and reached an mAP
value of 0.98 with the use of the combined augmentation
method. This result suggests that PTv3 possesses a strong
generalization capability, particularly in scenarios with
limited or no augmentation. However, its performance in
categories with complex local structures is slightly lower
than that of OA-CNNS, indicating that fine-grained local
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detail extraction remains a challenge for transformer-
based models.

OctFormer, which utilizes a hierarchical octree-based
attention mechanism, consistently exhibited the lowest
performance across all metrics. This result highlighted its
limited suitability for dense and highly structured data-
sets, particularly for those with limited pose variability or
occlusion diversity.

While Mix3D [1] enhances scene-level contextual
generalization by mixing complete 3D environments, its
augmentation principle primarily targets the global con-
text rather than the intraclass diversity. By contrast, our
proposed SMOTE3D-based approach directly synthesizes
minority-class samples within both geometric (xyz) and
photometric (RGB) spaces, explicitly addressing class
imbalance. Unlike Mix3D’s global scene mixing, which
primarily benefits from rigid indoor environments, our
approach operates at the point level. This distinction is
important in the fashion domain, where local color-shape
consistency and deformable structures dominate segmen-
tation accuracy. Consequently, our augmentations
yielded stronger improvements in the class-level F; and
mAP outcomes, especially for underrepresented items
(for example, loafers, and shoes), where Mix3D provided
limited gains.

These results suggested that the dataset’s structural
characteristics strongly influenced the effectiveness of the
segmentation model. Models with inductive biases that
align with the data’s spatial properties tend to outperform
more general-purpose architectures, especially when data
variability is constrained.

5 | CONCLUSION

This study demonstrated that geometry- and color-aware
synthesis effectively mitigates intraclass imbalance in
deformable fashion assets, providing a practical augmen-
tation strategy for 3D fashion segmentation. Beyond
benchmark evaluations, the proposed method has been
integrated into a production-level avatar fashion system
in ZEPETO, where it exhibits stable behavior in conjunc-
tion with the use of real-world data distributions. The
proposed SMOTE3D framework, along with full training
scripts, will be publicly released to facilitate reproducibil-
ity and encourage further research to promote 3D fashion
understanding.

5.1 | Limitations and future work

Despite its effectiveness, this study has several limita-
tions. First, quantitative evaluations were restricted to a

ETRI Journal-W] LEYJ—9

single dataset due to the lack of public benchmarks sup-
porting dense 3D semantic segmentation with authentic,
structured garment occlusions (unlike synthetic settings
in previous studies [2]). Second, the dataset is limited to
stable mannequin poses and lacks complex materials
(for example, highly reflective or transparent fabrics),
restricting deformation diversity. Finally, while integra-
tion into the ZEPETO avatar system confirms compatibil-
ity with commercial pipelines, it currently excludes
physics-based dynamic cloth simulations. Future work
will extend SMOTE3D to incorporate articulated human
motions, diverse material properties, and physically
grounded garment interactions, alongside cross-domain
validation across external datasets and avatar platforms.
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