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ABSTRACT: Color Vision Deficiency (CVD), commonly known as color blindness, affects a significant portion of
the global population and limits the ability of individuals to distinguish certain color combinations in digital media [7],
[8]. Many existing color correction techniques rely on simple color transformations that often fail to preserve visual
naturalness or provide sufficient contrast for color-deficient users [11], [14]. This paper presents a deep learning—based
approach for adaptive color enhancement of video content tailored for individuals with color vision deficiency. The
proposed system utilizes a Conditional Generative Adversarial Network (¢cGAN) to enhance color contrast in images
and video frames while maintaining overall visual quality, inspired by recent GAN-based recoloring methods [10],
[13]. The model is implemented using PyTorch and trained on a subset of the COCO Train 2017 Dataset, consisting of
15,000 images resized to 256x256 resolution. Synthetic enhancement targets are generated to simulate improved
perceptual contrast for different types of CVD including protanopia, deuteranopia, and tritanopia. During inference,
video frames are processed individually and reconstructed into an enhanced output video.

Experimental results demonstrate that the proposed model successfully improves color distinguishability while
preserving structural details in the visual content. The developed system is integrated into a user-friendly application
that allows users to upload videos and obtain enhanced outputs adapted to their specific color vision deficiency.

KEYWORDS: Color Vision Deficiency, Conditional GAN, Video Enhancement, Deep Learning, Accessibility, Image-
to-Image Translation

L. INTRODUCTION

Color Vision Deficiency (CVD), commonly referred to as color blindness, is a visual condition in which individuals
have difficulty distinguishing certain colors. This condition primarily occurs due to abnormalities in the cone cells of
the human eye responsible for color perception. The most common forms of CVD include protanopia, deuteranopia,
and tritanopia, which affect the perception of red-green and blue-yellow color ranges as discussed in clinical studies
[8], [18]. According to several vision-related studies, a significant portion of the global population is affected by some
form of color vision deficiency, creating accessibility challenges in daily activities, education, and digital interactions

[7].

With the rapid growth of digital media platforms, visual information has become a primary medium for
communication. Images, videos, data visualizations, and graphical interfaces are widely used across education,
entertainment, navigation systems, and online platforms. However, most digital content is designed for individuals with
normal color vision, which can make it difficult for users with CVD to interpret important visual information. Studies
on digital accessibility and gaming environments have reported that many interfaces still fail to consider color-deficient
users effectively [5], [6]. In many situations, color combinations used in images or videos may appear indistinguishable
or confusing to such viewers, thereby reducing usability and accessibility.
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Traditional color correction techniques attempt to address this issue by applying fixed color transformations or simple
recoloring strategies. While these approaches may improve color separation in certain cases, they often fail to maintain
natural image appearance and may introduce visual distortions. Furthermore, many existing methods are not adaptive to
different types of color vision deficiencies and cannot effectively enhance complex visual scenes found in modern
digital media [11]. Computational enhancement approaches have shown improvements, but personalization and
scalability remain limited [14].

Recent advancements in deep learning have enabled the development of intelligent image processing systems capable
of learning complex transformations from data. In particular, Generative Adversarial Networks (GANs) have shown
significant success in image-to-image translation tasks such as style transfer, super-resolution, and image enhancement.
GAN-based recoloring methods have already demonstrated promising results for assisting color-deficient users [10].
Conditional GANs further extend this capability by allowing the model to generate outputs conditioned on specific
input information, making them suitable for adaptive visual enhancement tasks [16].

In this work, we propose a deep learning based approach for improving visual accessibility of digital video content for
individuals with color vision deficiency. The system utilizes a Conditional Generative Adversarial Network
implemented using PyTorch to learn color enhancement transformations that improve perceptual contrast while
preserving natural image appearance.

The model is trained using images from the COCO Train 2017 Dataset, where synthetic enhancement targets are
generated to simulate improved color distinguishability for different types of color vision deficiencies. Such synthetic
training strategies are useful when dedicated ground-truth datasets are unavailable [13].

To extend the model to practical applications, the trained network is integrated into a video processing pipeline where
each frame of an input video is enhanced and reconstructed into an output video sequence. Additionally, an interactive
user interface is developed to allow users to upload videos and select the type of color vision deficiency for
personalized enhancement.

The main contributions of this work are summarized as follows:

Development of a Conditional GAN based framework for adaptive color enhancement targeting different types of color
vision deficiencies.

Design of a synthetic target generation method to create training data for color contrast enhancement.

Implementation of a video processing pipeline capable of applying the trained model to real video content.
Development of a user interface that allows individuals with color vision deficiency to upload videos and obtain
enhanced outputs tailored to their visual needs.

Therefore, there is a clear need for a simple, practical, and accessible system that enables colour blind users to enjoy
multimedia content effortlessly.

II. LITERATURE SURVEY

We collected and reviewed several research papers from different sources. Each paper provided valuable insights into the
method- ologies, techniques, and approaches adopted by researchers. By carefully studying these works, we were able to
summarize their key findings, identify the strengths and limitations of the proposed solutions, and observe the emerging
trends in the field. The following reviewed works provide a comprehensive view of methods and technologies used for
addressing colour blindness problems.
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II.1 Discussion of Literature -

The reviewed literature highlights various approaches for assisting individuals with color vision deficiency. Existing
works can be broadly categorized into three main areas:

1. Detection-based Approaches: Several studies utilize machine learning techniques such as Convolutional Neural
Networks (CNNs) for detecting color vision deficiency. For example, Reshla Dinali Wisidagamage Don proposed deep
learning models for early diagnosis of CVD [9]. While such methods can improve screening accuracy, they are
primarily focused on diagnosis and do not provide direct solutions for enhancing visual content after detection.

2. Image Processing Techniques: Traditional image processing methods improve color perception using fixed
transformations, recoloring, and contrast adjustment strategies. Works such as those by Tsekouras et al. [11] and
Pendhari et al. [14] demonstrated that computational enhancement can improve visibility for color-deficient users.
However, many of these approaches are limited to static images and fail to adapt effectively to complex real-world
video content.

3. Accessibility and Visualization Methods: Some studies focus on improving user interfaces and visualization
techniques for color-deficient users. Jamil and Denes [S] investigated accessibility of simulated interfaces, while
Alfayez et al. [2] explored visualization-based techniques to improve color interpretation. Although these methods
enhance usability, they often lack personalization and adaptability for different types of color vision deficiency.

Recent deep learning approaches based on Generative Adversarial Networks (GANs) have shown promising results in
adaptive recoloring and realistic image enhancement. Zhang et al. [10] and Park et al. [13] demonstrated that GAN-
based systems can generate more natural corrected outputs compared to traditional methods. However, many existing
works still focus primarily on images rather than continuous video content.

I1.2 Identified Research Gap -

From the reviewed literature, it is clear that existing systems for addressing colour blindness and aiding visually impaired
in dividuals either focus on hardware-based solutions or employ limited datasets and algorithms, often resulting in
reduced accuracy in real-world scenarios.

While some works achieved high performance in controlled conditions using CNN, YOLO, or traditional image
processing methods [1], [4], challenges such as dataset limitations, lighting conditions, and practical usability remain

unresolved.

The aim of this project is to develop an advanced system that converts videos into colourblind-friendly versions,
allowing users to experience visual content more closely to how normal-vision individuals perceive it.
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To achieve this, we propose the use of Generative Adversarial Networks (GANs) for intelligent colour correction and
personalized adaptation through user-specific deficiency type selection. GAN-based recoloring methods have shown
promising results for adaptive enhancement [10], [13].

Unlike traditional algorithms, our approach dynamically adjusts colour mappings for each individual, ensuring a more
natural and enjoyable viewing experience.

By extending this functionality to video-based processing, our project aspires to provide a practical, scalable, and user-
centric solution that enhances entertainment, navigation, and everyday visual experiences for colourblind individuals.

III. PROPOSED METHODOLOGY

The proposed system aims to enhance the visual perception of digital media for individuals with Color Vision Deficiency
(CVD) by learning adaptive color transformations using deep learning. The system is designed to process visual
content and enhance color contrast in a way that improves distinguishability of problematic color regions while
preserving the natural appearance of the original image or video.

The overall framework consists of three main components: dataset preparation, Conditional Generative Adversarial
Network (¢cGAN) training, and a video enhancement pipeline for applying the trained model to real-world media. The
model is implemented using PyTorch and trained using images from the COCO Train 2017 Dataset. Similar GAN-
based enhancement frameworks have been successfully applied in image recoloring and correction tasks [10], [13].

The system first prepares training data by resizing images and generating synthetic enhancement targets representing
improved color contrast for different types of color vision deficiencies. Since dedicated public datasets for this task are
limited, synthetic target generation provides an effective supervised training strategy [13]. A Conditional GAN model
is then trained to learn the mapping between original images and enhanced images. Once trained, the generator network
is used to process frames extracted from video input. The enhanced frames are then reconstructed into a final output
video.

2

User

@ CGAN Model
(Conditional Input) B2

cGAN

Ishihara Test I l

Enhanced Frames

(Protan /Devtan / Tritan) Frame Extraction
Upload l

Video Upload Enhanced Output Video

(o]

Figure 1: Overall System Architecture of the Proposed Color Vision Deficiency Enhancement Framework

II1.1 System Overview
The proposed framework consists of several stages that operate sequentially to transform input images or video frames
into enhanced outputs suitable for users with color vision deficiency.

The first stage involves collecting and preprocessing training data. Images are resized to a fixed resolution to maintain
consistent input dimensions for the neural network. Synthetic enhancement targets are generated using color
transformation techniques that increase perceptual contrast along color axes that are difficult for color-deficient viewers
to distinguish, based on known characteristics of CVD perception [8], [18].

In the second stage, a Conditional GAN model is trained using pairs of original images and corresponding enhanced
target images. The generator network learns to produce enhanced images from original inputs, while the discriminator
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network attempts to distinguish between real enhanced images and generated outputs. Through adversarial training, the
generator gradually learns to produce visually realistic enhancements, similar to prior GAN image translation methods

[10], [16].

The final stage involves applying the trained model to video content. Each frame of the input video is processed
individually by the generator network. The enhanced frames are then combined to reconstruct a video sequence that
preserves the temporal structure of the original video while improving color visibility.

II1.2  Conditional GAN Architecture

Generative Adversarial Networks consist of two neural networks trained simultaneously: a generator and a
discriminator. The generator attempts to produce realistic outputs from input data, while the discriminator evaluates
whether the generated outputs resemble real data. GAN-based frameworks have been widely used for image translation
and enhancement tasks due to their ability to generate high-quality outputs [10], [16].

In a Conditional GAN framework, the generator receives additional input information that conditions the output
generation process. In the proposed system, the generator receives both the original image and a condition representing
the type of color vision deficiency. This allows the model to learn different enhancement transformations depending on
the specific visual limitation being addressed.

The discriminator network receives both the input image and the generated output and attempts to determine whether
the output is a real enhanced image or one produced by the generator. This adversarial training process encourages the
generator to produce outputs that are visually similar to the target enhancement images, as demonstrated in prior GAN-
based recoloring approaches [13].

( Protan [ Deutan) Tntan
e
Conditional Input
h 4

Input Image e
(F,ame)g Generator (U-Net) Discriminator

(PatchGAN)

32x32 — ﬁ Conv + Leaky ReLU]

128x128 [\ " ’
N S\ Conv + Leaky ReLU)

Bottleneck ¥
i ﬁi Conv + Leaky ReLU)

Down sampling RelU E

ﬁ 30x30 éatch Output]
| Real Enhanced Image Generated Enhanced |

—p Image I Real / Fake? |

v
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Figure 2: Conditional GAN Architecture Showing Generator and Discriminator Networks

III.3  Generator Network

The generator network is designed to perform image-to-image translation, transforming an input image into an
enhanced output image. The architecture is based on a U-Net style encoder—decoder structure that allows the network to
capture both global image features and fine spatial details. U-Net architectures have been widely used in image
translation tasks due to their effectiveness in preserving spatial information [10].

The encoder portion of the network progressively reduces spatial resolution while increasing feature depth, enabling the
model to capture high-level visual patterns. The decoder then reconstructs the enhanced image by progressively
increasing spatial resolution.

Skip connections between corresponding encoder and decoder layers allow the network to retain important structural

infor- mation from the original image. This helps preserve edges, textures, and spatial consistency in the generated
output.
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Figure 3: Generator Network Architecture Based on U-Net Encoder—Decoder Structure

III.4 Discriminator Network
The discriminator network evaluates the realism of the generated images. It receives both the input image and the
enhanced image and determines whether the enhancement is real or generated.

The architecture used in the proposed system follows a PatchGAN design, where the discriminator focuses on
local image patches rather than evaluating the entire image at once. Patch-based discrimination has been shown to be

effective in capturing fine texture details in image generation tasks [10], [13].

The discriminator is trained to classify image patches as either real or fake, while the generator attempts to
produce outputs that can successfully fool the discriminator.

PatchGAN

Image Input Conv + Conv + Conv + Conv + Conv + 30x30
(Real or Fake) Leaky Leaky Leaky Leaky Leaky Patch Output
RelLU RelLU RelU RelLU RelLU

Downsampling (Stride = 2)

Real / Fake?

Figure 4: PatchGAN Discriminator Architecture Used in the Proposed Model

III.5S  Loss Functions
The training process utilizes a combination of multiple loss functions to ensure that the generated images are both
visually realistic and perceptually meaningful.

The adversarial loss encourages the generator to produce outputs that resemble real enhanced images and can
successfully fool the discriminator. Such adversarial objectives are commonly used in GAN-based image generation
models [10], [16]. An L1 reconstruction loss is used to minimize the pixel-wise difference between the generated image
and the target enhancement image, helping maintain structural consistency with the input.

Additionally, an identity preservation loss is applied to prevent excessive color distortion and ensure that the overall
appearance of the image remains natural.

The overall generator loss is defined as:

Ltotal = LGAN +A1LL1 +2A2LIdentity

where each term represents:

e Lgan ensures that the generated output is indistinguishable from real images.
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e L enforces pixel-level similarity between generated and target images.
®  Lideniity helps preserve natural color composition.
e The weighting parameters are set as:
A =100, A, =10
This combination enables the model to learn meaningful color transformations while maintaining both structural
integrity and visual realism.

IIL.6 Video Processing Pipeline
After training the Conditional GAN model, the generator network is used to process real video content. Since the model
operates on images, video processing is performed by extracting frames from the input video sequence.

Each frame is resized to match the input resolution of the neural network and then passed through the trained
generator to produce an enhanced frame. Post-processing techniques such as temporal smoothing can be applied to
reduce flickering between frames.Recent personalized color correction systems have also explored real-time and
interactive visual enhancement pipelines [17], supporting the practicality of such approaches.

cGAN
Video Upload Frame Model Enhanced Video
Extraction Frames Reconstruction
Frame Extraction Frame Enhancement

Figure 5: Video Processing Pipeline for Frame Enhancement and Reconstruction
IV. DATASET PREPARATION AND TRAINING

To train the proposed Conditional Generative Adversarial Network, a large dataset of natural images is required so that
the model can learn general visual patterns and color relationships. Since there is no widely available dataset specifically
designed for color vision deficiency enhancement tasks, a general-purpose image dataset was used and processed to
generate synthetic enhancement targets.Similar strategies have been adopted in prior recoloring research where
dedicated datasets were unavailable [13].

In this work, images from the COCO Train 2017 Dataset were used as the primary training dataset. This dataset
contains a large collection of diverse real-world images covering various scenes, objects, and color distributions. The
diversity of this dataset helps the model learn robust color transformations that can generalize well to different types of
visual content.

The dataset preparation process involves multiple stages including image preprocessing, resolution standardization,
target enhancement generation, and preparation of training pairs for the Conditional GAN model.

IV.1 Dataset Description

The COCO Train 2017 dataset contains over one hundred thousand images collected from complex real-world scenes.
The dataset includes a wide variety of objects, environments, and lighting conditions, making it suitable for training
deep learning models that require diverse visual input.

For the purpose of this work, a subset of 15,000 images was selected for training. This subset provides a balance
between training efficiency and dataset diversity while allowing the model to learn meaningful color transformations.
The use of a large and diverse dataset helps ensure that the trained model can perform reliably on previously unseen
images and videos. Such diverse scene datasets are commonly preferred in image translation and enhancement tasks
because they improve model generalization capability [10].
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IV.2 Training Configuration
The model was trained using a Conditional GAN framework with a Pix2Pix-style architecture. The generator follows a
U-Net structure, while the discriminator is based on a PatchGAN architecture, which has been effective in prior image
translation models [10].

The training was performed on a dataset of 15,000 images with a resolution of 256 x 256 pixels. The model was trained
for 40 epochs with a batch size of 6 using the Adam optimizer and a learning rate of 0.0002.

The Conditional GAN model was implemented using PyTorch. The training process involves simultaneously
optimizing the generator and discriminator networks through adversarial learning. During training, each input image is
paired with its corresponding enhancement target image.

Important training parameters include:

+ Training dataset size: 15,000 images
+ Batch size: 6 images per iteration

e Number of epochs: 40

* Learning rate: 0.0002

* Optimizer: Adam optimizer

The generator loss was computed as a weighted combination of adversarial loss, L reconstruction loss, and identity

preser- vation loss. Training was performed using GPU acceleration to improve computational efficiency and reduce
training time.
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Figure 6: Training Workflow of the Conditional GAN Model

IV.3 Target Enhancement Generation

Due to the absence of publicly available ground-truth datasets specifically designed for color vision deficiency (CVD)
enhance- ment, synthetic target images were generated using controlled color transformation techniques. For each input
image, multiple enhanced versions were created corresponding to different types of CVD, namely protanopia,
deuteranopia, and tritanopia.

The enhancement strategy focuses on improving perceptual contrast in regions where color discrimination is typically
im- paired. This is achieved by applying transformations in perceptual color spaces, particularly the LAB color space,
which separates luminance and chromatic information.

For red—green deficiencies (protanopia and deuteranopia), contrast along the a-axis of the LAB color space is amplified

to enhance the distinction between red and green color components. For blue—yellow deficiency (tritanopia), contrast
along the b-axis is increased to improve separation between blue and yellow tones.
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In addition to axis-based adjustments, controlled saturation enhancement is applied to improve overall visual clarity

while preserving the natural appearance of the image. These generated targets serve as reference outputs during the
training of the Conditional GAN, enabling the model to learn type-specific color enhancement patterns.

V.RESULTS AND ANALYSIS

The performance of the proposed system was evaluated based on its ability to enhance visual content for users with
different types of Color Vision Deficiency (CVD). The evaluation is primarily based on qualitative analysis through
visual comparison of original and enhanced frames, which is commonly used in image enhancement studies [10], [13].

V.1 CVD Detection using Ishihara Test

The system initially performs a digital Ishihara test to determine whether the user has color vision deficiency. Based on
the responses provided, the system classifies the user into categories such as normal vision, protanopia, deuteranopia,
or tritanopia. Digital Ishihara-based screening methods have been shown to be effective for automated testing systems

[18], [19]. This classification is used as an input condition to the Conditional GAN model, enabling personalized video
enhancement.

V.2 Visual Enhancement Results
The trained model processes video frames individually and generates enhanced outputs based on the detected type of

CVD. The following results demonstrate the effectiveness of the system.

V.2.1 Protanopia Enhancement Results

Figure 7: Original vs Protanopia Enhanced Frame
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Figure 8: Additional Protanopia Enhancement Result

The results show improved distinction between red and green regions, which are typically difficult for protanopia users
to perceive.

V.2.2 Deuteranopia Enhancement Results

Figure 9: Original vs Deuteranopia Enhanced Frame

IJMRSET © 2026 |  AnISO 9001:2008 Certified Journal | 7542




DOI1:10.15680/IJMRSET.2026.0904451

©2026 IJMRSET | Volume 9, Issue 4, April 2026|
| www.ijmrset.com | Impact Factor: 8.206| ESTD Year: 2018|

ISSN: 2582-7219
International Journal of Multidisciplinary Research in

\“l.stlpllﬁ.'@
.) 1 K {4

R.\\_tzaf.l -El\fa”

5.“ - 6‘.;-9

SO

SRl Science, Engineering and Technology (IJMRSET)
mns‘f (A Monthly, Peer Reviewed, Refereed, Scholarly Indexed, Open Access Journal)

Figure 10: Additional Deuteranopia Enhancement Result

The enhanced outputs demonstrate better color separation and improved clarity for deuteranopia users.

V.2.3 Tritanopia Enhancement Results

Figure 11: Original vs Tritanopia Enhanced Frame
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Figure 12: Additional Tritanopia Enhancement Result

The model enhances blue-yellow contrast, allowing improved perception for tritanopia users.

V.3 Analysis of Results

From the experimental observations, the following conclusions can be drawn:

* The model effectively enhances color contrast in regions that are difficult to perceive for colorblind users.
+ The system successfully applies different enhancement strategies based on the detected CVD type.

+ Structural details such as edges and textures are preserved.

* The output maintains a natural visual appearance without excessive distortion.

V.4 Quantitative Evaluation

The performance of the proposed model was evaluated using pixel-level and perceptual metrics.

The Mean Absolute Difference (Jy — x|) was used to measure the degree of change between input and output images.
The obtained values (~0.03-0.04) indicate controlled enhancement without excessive modification.

Saturation difference was used to evaluate improvements in color visibility. Positive values ( 0.02) demonstrate
enhanced

color distinguishability for color vision deficient users.

Edge gain was also analyzed to assess structural preservation. Slight negative values indicate minor reduction in
sharpness; however, the outputs remain visually acceptable.

V.5 System Performance

The system was tested through a web-based interface where users can upload videos and receive enhanced outputs. The
perfor- mance observations include:

+ Efficient frame-by-frame video processing

* Smooth reconstruction of enhanced video

* Acceptable processing time using GPU acceleration

Overall, the proposed system demonstrates strong capability in providing personalized video enhancement for
individuals with color vision deficiency.

VI. CONCLUSION

This paper presented a personalized video enhancement system for individuals with Color Vision Deficiency (CVD)
using a Conditional Generative Adversarial Network (cGAN). The proposed system first identifies the user’s type of
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color vision deficiency through an Ishihara-based screening step and then applies type-specific color enhancement to
uploaded video content [18], [19]. The model was implemented in PyTorch and trained on a subset of the COCO Train
2017 dataset using synthetically generated enhancement targets for protanopia, deuteranopia, and tritanopia. The use of
GAN-based enhancement models has shown promising results in related recoloring applications [10], [13].

Experimental results showed that the system improves color distinguishability while preserving structural details and
maintaining a visually natural appearance.The integration of CVD detection, conditional deep learning, and frame-by-
frame video processing makes the proposed approach practical and user-centric. Overall, the work demonstrates the
potential of Al-driven accessibility tools in improving digital media experiences for colorblind users.Future work may
focus on improving temporal consistency, supporting real-time processing, and validating the system with a larger
number of user studies. Recent personalized real-time correction systems indicate strong future potential in this area
[17].
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