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ABSTRACT

Color vision deficiency (CVD) affects a significant portion of the population and poses persistent challenges to visual
content perception, particularly in immersive 3D environments. While existing color enhancement methods primarily
focus on 2D images, they lack explicit 3D scene representations and fail to ensure color consistency across viewpoints.
This limitation reduces their applicability to 3D-aware tasks, such as the digital visualization of complex textile patterns
with fine-grained color variations. In this paper, we present a fast, CVD-friendly 3D content generation framework that
integrates perceptual color enhancement with efficient multi-view 3D reconstruction. Our approach first applies a
conditional GAN to enhance color discriminability for CVD observers on a per-view basis. These enhanced views are then
integrated across viewpoints and used as supervision to reconstruct a colorblind-friendly 3D scene using 3D Gaussian
Splatting. A multi-view color consistency constraint is introduced to suppress view-dependent color drift. Importantly,
the proposed method preserves the original Gaussian optimization pipeline while achieving perceptually enhanced
rendering without compromising reconstruction efficiency. This framework ensures color discriminability and spatial

consistency, making it suitable for accessibility-oriented applications in 3D textile display.
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INTRODUCTION
Color vision deficiency (CVD) affects approximately 8% of males and 0.5% of females worldwide, causing
difficulties in distinguishing certain color pairs and reducing accessibility of visual content. To mitigate this

issue, a variety of color perception enhancement methods have been proposed to improve color
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discriminability for CVD observers. In particular, for the digital textile and fashion industries, ensuring that
users with CVD can accurately perceive the color variations of fabric textures, yarn-level patterns, and woven
structures is essential for an inclusive user experience. Early representative works formulate CVD
compensation as an optimization problem that minimizes perceptual color differences between original
images and their simulated CVD counterparts [1]. To better preserve visual naturalness, subsequent
approaches introduce regularization constraints or personalized color mappings to control color
modifications [2]. More recently, generative models have been explored to enable flexible and data-driven
color enhancement tailored to individual CVD characteristics [3].

Despite their effectiveness, existing CVD-oriented color enhancement methods are predominantly designed
for 2D images and videos. These approaches lack explicit 3D scene representations and therefore cannot
guarantee color consistency across viewpoints. When applied independently to multi-view inputs, 2D
enhancement often introduces view-dependent color variations, which become amplified in downstream 3D
reconstruction and rendering tasks. As a result, such methods are not suitable for 3D-aware applications,
such as novel view synthesis or virtual showroom displays for textiles, where consistent color perception
across viewpoints is critical for evaluating fabric appearance.

In parallel, recent advances in neural scene representations have enabled high-quality 3D reconstruction
from multi-view images. Neural Radiance Fields (NeRF) [4] provide a powerful implicit representation for
view synthesis, while 3D Gaussian Splatting (3DGS) [5] achieves comparable visual quality with significantly
improved rendering efficiency. These representations have been further extended for appearance
manipulation and editing, including text- or reference-guided methods built upon NeRF [6—8] and editing-
oriented extensions of 3DGS [9]. However, existing 3D content manipulation methods primarily focus on
artistic or semantic editing and do not consider perceptual accessibility for color vision—deficient observers.

In this work, we address this gap by proposing a fast CVD-friendly 3D content generation framework that
integrates perceptual color enhancement directly into the 3D reconstruction process. By combining view-
wise CVD-oriented enhancement with multi-view—consistent Gaussian-based reconstruction, our method
enables perceptually discriminable and view-consistent novel-view rendering for CVD users. At the same time,

it preserves the original 3D Gaussian optimization pipeline and its high computational efficiency. Beyond
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general 3D scenes, our framework is particularly relevant to digital textile visualization scenarios, where

subtle color differences and view-consistent appearance are crucial for fabric inspection and presentation.

RELATED WORK

Color Perception Enhancement for CVD

Color perception enhancement for individuals with color vision deficiency (CVD) has been predominantly
studied in the context of 2D images. Traditional approaches formulate the problem as an optimization task
that minimizes the perceptual color difference between the original image and its recolored counterpart
simulation under a CVD model [10]. To better preserve visual naturalness, subsequent methods introduce
regularization constraints that enforce consistency between the original and recolored images [11]. More
recent work explores personalized color enhancement by decoupling and explicitly controlling color
representations in the latent space of generative models [12].

Despite their effectiveness in improving color discriminability for static images, these methods operate
exclusively in the 2D image domain and lack an explicit 3D scene representation. As a result, they cannot
guarantee color consistency across viewpoints, nor can they be directly applied to 3D-aware tasks such as
novel view synthesis, spatially consistent re-rendering, or downstream applications that require a unified 3D
representation. This limitation prevents existing 2D CVD enhancement methods from supporting derived 3D
applications, motivating the exploration of CVD-aware color perception enhancement within a 3D scene

reconstruction framework.

3D Content Manipulation from 2D Frames

3D content manipulation from 2D frames has been extensively studied in computer vision and graphics, with
existing approaches generally falling into two categories: explicit 3D reconstruction methods and implicit
neural scene representations.

Early explicit modeling approaches reconstruct geometric surfaces from multi-view images and apply texture
mapping to obtain colored 3D models. These models enable content manipulation by modifying texture maps
or material parameters and are commonly used in digital textile modeling and fabric appearance editing

[13,14].
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In recent years, implicit neural representations, particularly Neural Radiance Fields (NeRF) [4], have emerged
as a powerful alternative for reconstructing and rendering 3D scenes directly from 2D observations. Building
upon NeRF, several works have explored appearance manipulation and re-rendering. PaletteNeRF [15] and
RecolorNeRF [16] further explore color re-rendering by constraining the NeRF appearance using predefined
color palettes or templates. Despite their effectiveness, these methods typically rely on fixed textual prompts,
reference images, or color priors, limiting their applicability to perceptually adaptive manipulation tasks.
Moreover, they are not designed to optimize perceptual discriminability under color vision deficiency, nor
do they incorporate CVD simulation models into their optimization objectives. Adapting such methods to
CVD-oriented tasks would require substantial reformulation of their color supervision and loss design.
Therefore, in this work, we compare against a post-processing enhancement baseline that shares the same
CVD-aware enhancement module but differs in whether multi-view consistency is enforced during 3D
reconstruction.

Beyond volumetric NeRF-based representations, recent work has introduced explicit point-based neural
primitives for efficient 3D scene modeling. 3D Gaussian Splatting (3DGS) [5] represents a scene as a set of
anisotropic 3D Gaussians with learnable spatial, opacity, and color attributes, achieving high-quality novel
view synthesis with real-time rendering performance. Subsequent studies have extended 3DGS to improve
scalability and editability. Editing-oriented methods such as GaussianEditor [9] integrate semantic or
instruction-based constraints into the Gaussian parameter space, enabling text-guided manipulation of 3D
appearance. DreamGaussian [17] further combine diffusion models with Gaussian splatting to support text-
driven 3D generation and re-rendering.

Overall, existing NeRF- and 3DGS-based 3D content manipulation methods lack mechanisms to selectively
enhance color discriminability for viewers with varying types and severities of color vision deficiency (CVD).
In contrast, our work aims to leverage 3D reconstruction while explicitly incorporating CVD-aware color
perception models to recover lost chromatic contrast, enabling perceptually consistent and view-consistent

color enhancement for CVD users from multi-view 2D observations.
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METHODS

Given a set of multi-view RGB images I = {Ij}jl\il captured from calibrated cameras with known projection
matrices {P;}, our goal is to reconstruct a 3D scene representation whose rendered novel views are
perceptually discriminable for colorblind observers, while maintaining geometric fidelity and high
computational efficiency. To this end, we propose a two-stage framework that progressively integrates view-
wise colorblind enhancement with efficient 3D reconstruction.

View-wise Colorblind Enhancement via Conditional GAN

In the first stage, we perform colorblind-oriented appearance enhancement independently for each input
view. Specifically, a conditional generative adversarial network (cGAN) is employed to map each RGB image

l; to a colorblind-friendly image Tj The generator G is defined as:
I;= Go(I) (1)

Unlike conventional image-to-image translation methods that aim to reconstruct realistic colors, our
objective focuses on perceptual enhancement under color vision deficiency. Let S(:) denote a differentiable

colorblind simulation operator, which is defined as:
S(Irep)=M-Ipcp (2)

where M is a personalized projection matrix from normal vision to CVD vision in RGB color space. We apply

this operator to both the input and generated images to obtain

1=, 17 =s0) 3)

The superscript (-)Cb indicates that the image is represented in the simulated CVD color space.
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To encourage enhanced color discriminability under CVD simulation, we define a color distinguishability loss
L.gbased on structural similarity. For a local window centered at pixel location p, let u,(p)and uy(p)denote
the mean intensity values of the input image and the simulated enhanced image, respectively, and let
ox(p)and o, (p)denote the corresponding standard deviations. The cross-covariance between the two local

windows is denoted by g, (p). Using these definitions, the color distinguishability loss is formulated as:

[ (1 (o) (o))

cd=" 7 2
N 0% \+0
p l](P,) erb

(4)
(p;)

All local statistics are computed over a fixed-size window centered at p. This formulation explicitly
encourages increased contrast and structural separability in the simulated CVD space while preserving local
image structure.

Together with the standard adversarial loss L4y and the L1 loss, the overall optimization objective of Stage

| is given by

Lstager = Loan + Aca Lea + A1 Ly (5)

This stage produces view-wise enhanced images that are perceptually optimized for colorblind observers
while remaining structurally faithful to the original inputs. Paired data are obtained following [18].
Efficient 3D Reconstruction with Colorblind-aware Supervision

In the second stage, we reconstruct a colorblind-friendly 3D scene representation, termed CVDGS, using the
enhanced multi-view images {Tj} as supervision. We adopt a 3DGS-based framework as the reconstruction

backbone, which represents the scene as a set of 3D Gaussian primitives:

G= {1 Xp Coo OFy (6)
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where y, and Z; denote the mean and covariance of the ky, Gaussian, ¢, represents its color attribute, and
o, denotes its opacity.

Given a camera view j, the CVDGS model renders an image T/- by splatting all visible Gaussians onto the image
plane. The reconstruction objective minimizes the photometric error between the rendered image and the

enhanced supervision:

Lreczzjllij'ijlll (7)

To achieve high training efficiency, CVDGS regulates the number and effectiveness of Gaussian primitives
through multi-view consistent densification and pruning. Specifically, the contribution of each Gaussian is

evaluated based on its aggregated reconstruction error across multiple views:

er=2;wi - |- 11| (8)

where w; , denotes the visibility weight of the k-th Gaussian in view j. Gaussian primitives are densified only
when they consistently contribute to high reconstruction error across multiple views, while Gaussians with
negligible multi-view contribution are pruned. This strategy avoids excessive growth of Gaussian primitives
and significantly reduces optimization overhead without sacrificing rendering quality.

Although Stage | enhances each view independently, such unconstrained processing may introduce
appearance inconsistency across viewpoints, which is detrimental to 3D reconstruction. Therefore, during
the second stage, we explicitly enforce multi-view consistency among the enhanced images.

Using known camera parameters, we establish correspondences between pixels p; and p; from views i
and j that project to the same 3D point. For these corresponding pixels, we impose a multi-view consistency

loss that penalizes color discrepancies:

Lmv = zi,j zpi,pj | |Tl(p/) - Tj(p/) | |1 (9)
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By minimizing this loss, the enhanced appearance of the same physical surface is aligned across different
viewpoints. This constraint effectively suppresses view-dependent color drift introduced by independent
GAN inference and ensures that the enhanced images are coherent under viewpoint changes, which is critical
for stable optimization of a shared 3D scene representation.

We note that, due to the view-wise nature of Stage |, it is possible that the same original color may be mapped
to different enhanced colors in adjacent views. While such contradictions cannot be fully avoided at the
image level, they are mitigated during Stage Il through joint multi-view optimization. Specifically, enhanced
color observations that occur more frequently across views provide stronger and more consistent supervision
signals for the shared Gaussian color attributes. During optimization, these dominant color mappings are
preserved, while sporadic or view-specific deviations are suppressed. As a result, the reconstructed 3D
representation converges toward perceptually consistent colors that are statistically supported across

multiple views, rather than reflecting isolated enhancement artifacts from individual frames.

EXPERIMENTS

We evaluate the proposed color vision deficiency (CVD)-aware reconstruction framework on selected scenes
from Mip-NeRF 360 [19], which provides high-resolution video sequences with accurate camera poses.
Instead of using full scenes, we construct a targeted evaluation subset by extracting frames that exhibit color
confusion areas under CVD simulation. Specifically, each video is first processed to identify frames with
potential color discriminability difficulties using the Color Contrast Preservation Ratio (CCPR), which is
computed between the simulated and original images. Frames with CCPR values below a predefined
threshold (0.8) are considered challenging for color vision—deficient observers. If more than 60 consecutive
frames exhibit CCPR values below the threshold, indicating persistent color confusion over time, the entire
continuous frame segment is selected and included in the evaluation dataset.

For all seven selected sequences, we preserve the original camera parameters and image resolutions to
ensure fair comparisons across methods. Color vision deficiency simulation follows the Machado model [20]

for the most severe form of Deuteranopia, unless otherwise specified. While the proposed framework is
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applicable to other CVD types and severities by adjusting the projection matrix M a comprehensive evaluation

across all variants is beyond the scope of this paper and is left for future work.

cGAN Architecture and Training

The generator follows a U-Net—based encoder—decoder architecture with skip connections to preserve
spatial structure. The input is an RGB image, and the output is a distinguishability-enhanced RGB image of
the same resolution. The discriminator adopts a PatchGAN design, which classifies local image patches as
real or fake, encouraging high-frequency consistency without enforcing global color shifts. We set c and
A1 =100 in all experiments. The cGAN is trained using the Adam optimizer, and the learning rate is set to
2x107 and decayed linearly after half of the total training iterations. Training is performed for 100 epochs
with a batch size of 1, using randomly sampled views from the training split. The generator weights are shared
across all views and scenes.

Once trained, the cGAN serves as a reusable color enhancement module and can generate paired training
data for Gaussian-based reconstruction across arbitrary scenes. For each input frame, the cGAN produces a
corresponding distinguishability-enhanced image in approximately 0.02 seconds, enabling efficient

preprocessing without introducing noticeable overhead.

CVDGS Training

The 3D Gaussian parameters, including position, covariance, opacity, and color, are optimized using Adam
with learning rates of 1.6x 10 for position, 1.0x 1073 for covariance, 2.5x10° for color, and 5.0x107 for
opacity. An exponential decay schedule is applied to the position learning rate. Gaussian densification is
performed every 100 iterations during the early training phase, where new Gaussians are spawned in regions
with high multi-view reprojection error, and low-contributing Gaussians are removed based on opacity and
screen-space size thresholds. Gaussians with opacity lower than 0.005 are pruned, and those whose
projected size exceeds a predefined threshold are split to better capture fine structures. The densification
process is terminated after 3,000 iterations, after which only optimization continues. The total number of
training iterations is 5,000, and the reconstruction converges significantly faster than standard 3D Gaussian
Splatting methods. All experiments are conducted on a single NVIDIA RTX 3090 GPU, with the full

reconstruction process completing within approximately 100-110 seconds per scene. Importantly, the
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enhanced images are treated as standard RGB inputs, and all geometric optimization, densification, and
pruning steps remain unchanged. This design ensures that performance improvements stem from perceptual

color enhancement rather than modifications to the 3D reconstruction pipeline itself.

RESULTS

Quantitative Results

We compare the proposed method with a post-processing baseline: CVDGS with cGAN-based image
enhancement (CVDGS + cGAN Post). All methods are evaluated on the CCPR-filtered Mip-NeRF 360 subset
under both the normal RGB space and the simulated CVD space. Color discriminability is evaluated using SSIM
and CCPR computed between original frames and recolored frames.

To evaluate multi-view color consistency in 3D space, we introduce the Relative Warping Error (RWE), which
measures whether the same 3D point is rendered with consistent color across different viewpoints.
Specifically, RWE is defined as the ratio between the appearance variation of corresponding pixels rendered
from the same 3D point under different views and the appearance variation observed in the original input

images:

_ |A:oo)- 1;(p )/
RWE= Average(2;;%,,, m (10)

Table 1 shows that both enhancement-based methods substantially improve CCPR and SSIM compared to
the input, demonstrating the effectiveness of cGAN-based color enhancement. Specifically, CVDGS + cGAN
Post achieves the highest CCPR (0.842) and SSIM (0.760), benefiting from aggressive view-wise color contrast
enhancement.

In contrast, our method attains comparable CCPR (0.839) and SSIM (0.758) while significantly outperforming
the post-processing baseline in terms of RWE. The RWE of our method is reduced from 0.087 to 0.033,
indicating that the same 3D points are rendered with substantially more consistent colors across viewpoints.
This result highlights an important trade-off between image-level color enhancement and multi-view color

consistency. While post-processing enhancement can slightly increase CCPR on individual views, it introduces
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view-dependent color variations that lead to higher warping error in 3D rendering. By integrating color
enhancement into a multi-view—consistent reconstruction framework, our method achieves a more balanced

improvement, preserving both perceptual color discriminability and stable 3D appearance across viewpoints.

Table 1. Quantitative comparison between state-of-the-art methods and our method

Input CVDGS + cGAN Post Ours
CCPR 0.713 0.842 0.839
SSIM 0.625 0.760 0.758
RWE - 0.087 0.033

Qualitative Results

Figure 1 shows qualitative comparisons of novel-view renderings under simulated Deuteranopia. CVDGS +
cGAN Post suffers from noticeable color flickering and inconsistency across viewpoints, particularly in regions
labeled with the red rectangle. These artifacts stem from independent view-wise enhancement and are
amplified during novel-view synthesis.

In contrast, our method produces color-consistent and perceptually distinguishable renderings across all
viewpoints. Regions that are ambiguous in the post-processing baselines become clearly separable, while
structural details and fine geometry remain intact. Importantly, the enhanced colors are coherently
integrated into the 3D representation, avoiding view-dependent artifacts.

The comparison highlights a clear distinction between post-processing enhancement and the proposed
integrated approach. Although both baselines employ the same cGAN architecture, applying color
enhancement after reconstruction fails to enforce multi-view consistency, resulting in unstable color
appearance in 3D renderings.

By contrast, our method incorporates color enhancement prior to and during 3D optimization, allowing the
Gaussian representation to jointly encode geometry and CVD-aware color information. This design leads to

consistent color contrast improvement without compromising reconstruction quality or runtime efficiency.
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Overall, the results demonstrate that multi-view—aware integration of perceptual color enhancement is
crucial for achieving stable and effective CVD-friendly 3D reconstruction, especially in scenes with persistent

color ambiguity.

Framel9

Frame20

Frame6

Framel0

Frameld

(a) Input (b) Input (c] CVDGS + cGAN post (d) Ours
(CWD simulation) (CVD simulation) {CVD simulation)

Figure 1. Qualitative comparisons between our method and post-processing approach

To verify that the proposed framework does not introduce unnecessary color changes under normal vision,

we conduct an additional evaluation on all remaining frames that are not selected by the CCPR-based filtering.
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On these frames, we compare the enhanced images with the original inputs using SSIM and PSNR computed
in the standard RGB space.

Across all scenes, the enhanced images achieve an average SSIM of 0.962 and an average PSNR of 31.8 dB
with respect to the original images. These high similarity scores indicate that, for scenes where color vision—
deficient observers do not experience significant perceptual difficulty, the proposed method preserves

natural appearance and avoids over-recoloring.

LIMITATION

The proposed multi-view consistency loss primarily targets surfaces with approximately view-independent
(diffuse) appearance, which is a common assumption in Gaussian-based scene representations. For materials
exhibiting strong specular reflections or transparency, color appearance may vary inherently across
viewpoints. In such cases, enforcing strict color consistency may be ill-posed.

We note that our evaluation relies on the Machado model for simulating color vision deficiency. While this
model is physiologically motivated and widely adopted, real-world CVD perception varies significantly across
individuals. As a result, simulated evaluation should be interpreted as an approximation rather than a
definitive measure of subjective perception. Incorporating user-specific perceptual feedback or alternative

simulation models is an important direction for future work.

CONCLUSION

In this paper, we present a color vision deficiency (CVD)-aware 3D content generation framework that
integrates perceptual color enhancement with fast multi-view Gaussian-based reconstruction. By focusing
on temporally stable regions with persistent color confusion and incorporating a cGAN-based enhancement
strategy in a multi-view—consistent manner, our approach enables color-discriminable novel-view rendering
for color vision—deficient observers without compromising reconstruction quality or efficiency.

Through quantitative experiments, we demonstrate that simply applying color enhancement as a post-
processing step fails to ensure consistent perceptual improvement across viewpoints. In contrast, our
method achieves stable and significant gains in color contrast preservation under simulated Deuteranopia

while maintaining comparable geometric fidelity and runtime performance to CVDGS. The improved
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consistency and discriminability validated in our results suggest that this framework can be effectively
extended to the digital presentation of complex textile scenes, providing a reliable tool for colorblind
accessible 3D fabric visualization.

The results highlight the importance of integrating perceptual objectives into the reconstruction pipeline
rather than treating them as independent image-level operations. We believe this work takes a meaningful
step toward perception-aware 3D scene reconstruction and opens new possibilities for accessibility-oriented

rendering and visualization in immersive environments.
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