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Abstract:
Adversarial attacks against object detectors have often been

limited by the use of visually conspicuous or synthetic patterns,
reducing their practicality in real-world scenarios. In this work,
a novel framework is proposed to generate naturalistic adversar-
ial textures by transforming authentic Southeast Asian clothing
designs through a structured pipeline. The method is built upon
2D-to-3D UV mapping, dual K-means clustering for pattern sim-
plification, and differentiable Voronoi-based optimization to en-
able gradient-based attacks while preserving visual realism. The
effectiveness of the approach is evaluated using dynamic human
models rendered with 360° viewpoint rotations and varying body
geometries based on the SMPL framework. Detection confidence
from YOLOv3 is consistently suppressed, with an average value of
0.3966 observed across five body models. Strong generalization is
demonstrated under diverse poses and viewpoints, confirming the
robustness of the adversarial textures. These findings suggest that
visually plausible garments can be exploited to achieve stealthy ad-
versarial effects, and future work may explore extensions to han-
dle challenging lighting conditions and real-time applications.
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1. Introduction

Person detection systems have been extensively deployed in
surveillance, access control, and security monitoring applica-
tions due to their high accuracy and reliability. These systems,
often powered by deep learning models such as Faster R-CNN
[13] and YOLO [14], play a crucial role in public safety and au-
tomated threat detection. However, recent research [15, 16] has
revealed a significant vulnerability. Individuals can evade de-
tection by wearing specially designed adversarial clothing that
interfere with the machine learning model’s perception [1, 9].

These adversarial examples exploit the weaknesses in visual
feature extraction [17] and classification [20], allowing the per-
son to remain undetected by the system. These evasion tech-
niques pose a serious security threat, particularly in critical sce-
narios, where reliable person detection is essential for safety
and operational integrity.

However, the adversarial textures generated by existing eva-
sion methods are often characterized by patterns that appear
noticeably unnatural and visually distinct from typical cloth-
ing. As illustrated in Figure 1, irregular shapes and colors are
commonly featured, causing the designs to stand out from con-
ventional apparel and making them easily noticeable and likely
to attract suspicion from human observers.

(a) (b) (c) (d)

FIGURE 1. Unnatural clothing textures generated by existing evasion
methods including adversarial patches [9], adversarial T-shirts [1], adver-
sarial textures [3], and universal physical camouflage [4].

In this study, an evasion method is proposed to generate more
natural adversarial textures with the goal of reducing visual sus-
picion. The adversarial patterns are designed to resemble tradi-
tional Southeast Asian clothing motifs. A pretrained 2D-to-3D
ResNet module is employed to map 2D images into initial 3D
mesh textures. Subsequently, a second-order dimensionality re-
duction algorithm based on K-means is introduced to compress
pixel-level image information into a trainable parameter tensor.
On this basis, an improved control-point algorithm is applied,
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which balances the distribution of control points on the mesh
with a smoothness constraint. The texture is then updated to
ensure that the final design possesses strong adversarial prop-
erties while preserving the realistic appearance characteristic of
natural clothing.

The key contributions of this work are as follows:

• A novel pipeline is proposed to generate adversarial tex-
tures by transforming authentic Southeast Asian clothing
patterns, offering a visually natural alternative to previous
synthetic or manually designed methods.

• The approach maintains strong attack effectiveness while
enhancing robustness through training on diverse human
poses and multi-viewpoint rendering, ensuring reliability
across real-world conditions.

• Experimental results demonstrate that the generated tex-
tures effectively suppress detection confidence and remain
visually indistinguishable from natural clothing, overcom-
ing the conspicuousness issue of earlier methods.

The remainder of this paper is structured as follows. Section
2 provides a review of prior physical-world adversarial attacks
on person-detection systems and explains the motivation for de-
veloping visually plausible garments. In Section 3, we describe
our proposed pipeline in detail, which includes 2D-to-3D tex-
ture mapping, differentiable Voronoi texture optimization, and
pose-diversified training. The experimental setup is outlined in
Section 4, followed by both quantitative and qualitative results
that illustrate the robustness of our natural-looking adversarial
clothing under various poses, viewpoints, and body shapes. We
conclude the paper in Section 5, where current limitations are
discussed and potential directions for future research are pro-
posed.

2. Related Work

Physical adversarial attacks against person detection systems
can be broadly categorized into patch-based and texture-based
approaches. Patch-based methods focus on attaching localized
adversarial patterns, such as printed patches or clothing de-
signs, to the subject’s body. In contrast, texture-based methods
aim to generate full-surface adversarial textures that integrate
more naturally with garments. This study focuses on texture-
based attacks due to their greater potential for maintaining vi-
sual realism.

Patch-based attacks were initially demonstrated by opti-
mizing printed patterns to reduce object detector confidence
under real-world conditions [9]. Subsequent improvements

incorporated fabric deformation modeling using Thin Plate
Spline (TPS) transformations to enhance robustness across dif-
ferent body poses and viewpoints, demonstrating effective-
ness against both YOLOv2 and Faster R-CNN [1, 13]. More
advanced strategies, such as Universal Physical Camouflage
(UPC), extended adversarial patterns across entire garments
by jointly attacking region proposal and classification stages
while applying semantic constraints to improve visual plausi-
bility [4]. Recent work by Cheng et al. addresses the ”self-
coupling” problem in existing patches through the DePatch ap-
proach, which uses decoupled block designs to maintain effec-
tiveness even when parts of the patch are occluded or damaged
[10]. Although these approaches achieve high evasion rates,
they often result in conspicuous patterns that draw human at-
tention and may fail under significant viewpoint changes.

Texture-based attacks have emerged as a more promising di-
rection for combining adversarial robustness with visual inte-
gration. Recent methods such as AdvTexture [7] and TC-EGA
[3] use learnable generators and adversarial losses to produce
textures that remain effective under geometric transformations
and physical deformations. Techniques like AdvCaT [6] intro-
duce topology-aware mappings and camouflage-inspired pat-
terns using Voronoi diagrams and Gumbel-softmax color as-
signment to maintain consistency on 3D garments. While these
methods improve both effectiveness and realism, many still
produce high-contrast, repetitive, or military-style patterns that
appear unnatural in everyday scenarios.

These limitations highlight the ongoing challenge of balanc-
ing adversarial strength with visual plausibility. To address this,
our work proposes a novel approach that generates adversarial
textures based on authentic Southeast Asian clothing patterns,
aiming to produce designs that are both effective in evading de-
tection and indistinguishable from natural attire.

3 Method

This section presents our adversarial camouflage texture gen-
eration pipeline, which transforms authentic clothing patterns
into visually natural yet adversarially effective textures. The
method consists of five main components: (1) mapping 2D
clothing images to 3D mesh textures (Section 3.1), (2) extract-
ing and optimizing control points for differentiable texture ma-
nipulation (Section 3.2), (3) generating adversarial textures us-
ing soft Voronoi mapping and Gumbel-Softmax sampling (Sec-
tion 3.3), (4) incorporating diverse human poses to improve
robustness (Section 3.4), and (5) defining the adversarial loss
function for detection confidence suppression (Section 3.5).
The overall pipeline is illustrated in Figure 2.
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FIGURE 2. Pipeline for generating natural-looking adversarial camouflage textures.

3.1 2D-to-3D Texture Mapping
To project real clothing patterns onto 3D human models, we

first perform clothing region extraction and mesh registration,
followed by UV-image correspondence generation and texture
sampling.

Garment regions is first extracted from 2D images using
GrabCut segmentation [11]. These masks are then used to
guide non-rigid deformation of a standard SMPL mesh to fit
the 2D contours. Registration is performed through two-stage
optimization. A rigid alignment step is followed by per-vertex
deformation with smoothness and coupling constraints. The to-
tal energy function is defined as:

Etotal = λsilEsil+λposeEpose+λshapeEshape+λlapElap+λcoupEcoup
(1)

where Esil, Epose, Eshape, Elap, and Ecoup represent the energy
terms for silhouette consistency, pose prior, shape prior, mesh
smoothness, and vertex coupling regularity, respectively. Each
corresponding weight λ controls the relative importance of its
associated term in the overall optimization.

Using the registered mesh, UV-to-image mappings are com-
puted by identifying triangle face membership and barycentric
coordinates for each UV point. The 3D positions are interpo-
lated as:

P3D(u, v) = w0V0 + w1V1 + w2V2 (2)

These 3D points are projected back to 2D image space via
a virtual camera model, providing dense mappings suitable for
neural rendering. The final UV texture map is generated by

sampling colors from the 2D clothing image using the com-
puted correspondences. Occluded or missing regions are filled
using repair masks to ensure complete and continuous texture
coverage.

3.2 Control Point Extraction and Optimization
To enable differentiable texture manipulation, we compress

high-resolution textures into a set of representative control
points using a dual K-means clustering strategy. Pixels are
grouped by color into coordinate sets Sk for each color ck:

Sk = (xi, yi) | I(xi, yi) = ck (3)

For each group, spatial K-means clustering is performed to
find control point centroids µj , minimizing intra-cluster vari-
ance:

argmin
U

N k∑
j=1

∑
p∈Uj

|p− µj |2 (4)

If insufficient control points are obtained, additional points
are interpolated between existing ones:

µnew =
1

2
(µa + µb) (5)

This results in a consistent and differentiable control point
representation for each color.

3.3 Differentiable Texture Generation
With extracted control points, adversarial textures are syn-

thesized using soft Voronoi diagrams and Gumbel-Softmax
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sampling. Each color is associated with NP control points
forming a tensor T ∈ RNC×NP×2. For each pixel x, the
distance-based weight is:

wi(x) =

N P∑
j=1

exp(−α|x− bij |2) (6)

Normalized probabilities across all colors are computed as:

pi(x) =
wi(x)∑NC

k=1 wk(x)
(7)

A mean filter is applied to smooth spatial transitions.
To discretely assign colors while preserving differentiability,
Gumbel-Softmax [12] is applied with interpolated randomness:

umix
i = λufix

i + (1− λ)utrain
i (8)

The sampled logit is computed as:

p̃ ∗ i(x) = exp((αi(x))/τ)∑
∗j = 1NC exp((αj(x))/τ)

(9)

where αi(x) = gi + ln pi(x). The final pixel color is obtained
by weighted combination of color embeddings. Adversarial
textures are optimized by minimizing detection confidence:

Ladv =
∑
x

Conf̂i(x) (10)

Gradients are backpropagated to update control point posi-
tions and trainable variables, enabling end-to-end texture opti-
mization.

3.4 Pose Diversification for Robustness
To ensure robustness under real-world pose variations, we

augment training using a set of 3D human models posed in typ-
ical configurations. Unlike prior works that evaluate under lim-
ited conditions [9, 2, 3], we render textures on human models in
multiple postures using Blender, enhancing the generalizability
of the adversarial effect.

3.5 Adversarial Loss Function
The adversarial loss function for detection confidence sup-

pression is formulated as:

Ldet =
∑
x

Conf(x)i∗ , i∗ = argmax
i

IoU
(
gt(x), bi(x)

)
(11)

where Conf(x)i∗ represents the confidence score output by the
YOLO detector for the ground truth bounding box that has the
highest IoU with predicted box bi(x) at pixel location x.

(a) Pose 1 (b) Pose 2 (c) Pose 3 (d) Pose 4 (e) Pose 5

FIGURE 3. The human poses considered in training.

4 Experiments

We evaluate texture robustness and effectiveness through dy-
namic video validation experiments across continuous view-
points and multiple human models.

4.1 Experimental Setup

The experiments are conducted on an Ubuntu 24.04 system
equipped with an NVIDIA RTX 5090 GPU to accelerate train-
ing. The model is configured with NP = 600 control points
for texture representation, and a Gumbel-Softmax temperature
parameter of τ = 0.1 is used to enable differentiable discrete
sampling.

To simulate realistic camera motion, we generate dynamic
test videos covering 360° horizontal viewpoints. To evaluate
generalization capability, the generated textures are applied to
five distinct SMPL models exhibiting diverse body shapes and
poses. The primary evaluation metric is the detection confi-
dence score produced by YOLOv3 [14], with an attack consid-
ered successful when the confidence falls below 50%.

4.2 Experimental Results and Discussion

4.2.1 Visual Comparison

In contrast to prior approaches [9, 2, 3] that produce visu-
ally conspicuous patterns, our method leverages a systematic
pipeline to transform authentic Southeast Asian clothing tex-
tures into effective adversarial patterns. As shown in Figure 4,
the generated textures closely resemble the original garments,
preserving visual realism while inducing strong adversarial ef-
fects. This demonstrates the effectiveness of our approach in
balancing attack performance with visual naturalness, success-
fully mitigating the trade-off encountered in earlier works.
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TABLE 1. Results of Our Model on Different Poses

Model Average Confidence Average IoU
Pose 1 0.5376 0.6935
Pose 2 0.4164 0.7362
Pose 3 0.2685 0.6773
Pose 4 0.2668 0.8468
Pose 5 0.4939 0.6386

Average 0.3966 0.7185

(a) Original Image (b) Adversarial Texture

FIGURE 4. Comparison between the original image (a) and the adversar-
ial texture (b) generated using our pipeline.

4.2.2 Influence on Detection Confidence

Table 1 presents the average detection confidence across five
body models observed over 360° horizontal viewpoints. The
results indicate that our generated textures consistently sup-
press YOLOv3 detection confidence below 0.55 across all mod-
els. Notably, the strongest suppression is observed on Body 2
and Body 3, both falling below 0.3, highlighting the method’s
ability to generalize across varying body geometries. Detailed
quantitative results are summarized in Table 1, where our ap-
proach achieves an overall average detection confidence of
0.3966. The lowest detection confidences are recorded on Body
3 (0.2668) and Body 2 (0.2685), further confirming the robust-
ness of the attack across different model configurations.

Figure 5 illustrates the variation in detection confidence
across 360° rotations for all body models. While occasional
peaks are observed at specific angles, particularly when the
front or back silhouette of the body is most prominently ex-
posed, the detection confidence remains below the 0.5 thresh-

old for the majority of viewpoints. This indicates that our gen-
erated textures are not only effective in reducing detectability
overall but also exhibit strong robustness to changes in view-
point, consistently deceiving the object detector under dynamic
conditions. The observed fluctuations in the confidence curves
highlight the intricate interplay between the adversarial effect,
the object’s 3D structure, and the viewing angle. These insights
point to promising directions for further refinement and opti-
mization of adversarial texture generation.

5 Conclusion

This paper presents a novel method for adversarial texture
generation that effectively mitigates the trade-off between at-
tack success and visual naturalness. By transforming authentic
Southeast Asian clothing textures through a systematic pipeline
that integrates 2D-to-3D mapping, dual K-means clustering,
and differentiable Voronoi optimization, our method produces
adversarial patterns that remain visually plausible.

Extensive experiments demonstrate the robustness of our
approach across varying human poses and 360° viewpoints,
achieving an average YOLOv3 detection confidence of 0.3966
across five distinct body models. Future work will focus on ex-
tending the method to handle extreme lighting conditions and
meeting the demands of real-time deployment.
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