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ABSTRACT-

Medical imaging techniques like X-rays, CT scans, and
MRI produce grayscale images that can lack visual detail
and make it challenging to differentiate between various
anatomical structures. This project proposes a deep
learning-based approach to automatically colorize
medical grayscale images, enhancing their visual quality
and aiding in improved diagnosis and analysis. By
leveraging convolutional neural networks (CNNs) and the
Inception-ResNetV2 architecture, the developed model
learns complex patterns and features from a large dataset
of colored medical images. The colorization process
maps the single-channel grayscale input to a three-
channel RGB output, producing a vibrant, colorized
version of the original image. The proposed methodology
aims to achieve accurate color mapping, real-time
performance, and strong generalization capabilities,
addressing limitations of existing colorization techniques.
Quantitative evaluation using metrics like Mean Squared
Error (MSE) and Peak Signal-to- Noise Ratio (PSNR)
demonstrates the model's effectiveness in producing high-
quality colorized outputs. This technology has the
potential to enhance medical image interpretation,
improve historical preservation of medical records, and
create unique artistic representations, contributing to the
advancement of healthcare and related fields

1.INTRODUCTION

The ability to perceive color is a fundamental aspect of
human visual perception, and the introduction of color to
traditionally grayscale medical imaging modalities holds
immense potential for enhancing diagnostic accuracy,
improving clinical workflows, and facilitating better
understanding of complex anatomical structures.
Colorization, the process of adding color to grayscale
images, has its roots dating back to the late 19th century
when Wilhelm Rontgen discovered X-rays, paving the
way for medical imaging. Over the decades, various
imaging techniques like computed tomography (CT) and
magnetic resonance imaging (MRI) have revolutionized
the field of medical diagnostics, but they still primarily
produce grayscale outputs. This project aims to leverage
the power of deep learning, specifically convolutional
neural networks (CNNs), to develop an intelligent system
capable of automatically colorizing medical grayscale
images with high accuracy and realism. By training on a
vast dataset of colorized medical images, the proposed
model learns intricate patterns and color mappings,
enabling it to transform single-channel input images into

vibrant, three-channel RGB outputs. faster, and more
user-friendly, enabling users from all backgrounds to
explore and understand data with ease.

This colorization approach not only enhances the visual
appeal of medical images but also has the potential to
improve diagnostic precision by highlighting subtle
details and variations that may be challenging to discern
in grayscale representations. Additionally, colorized
medical images can facilitate better communication
between healthcare professionals and patients, aiding in
comprehension and decision-making processes.

LITERATURE SURVEY :

The colorization of grayscale images, including medical
images, has been an active area of research, with various
approaches proposed over the years. Traditional methods
can be broadly categorized into three main types: scribble-
based, exemplar-based, and learning-based.

Scribble-based Colorization:

Scribble-based colorization techniques rely on user input
in the form of color scribbles or annotations to guide the
colorization process. These methods interpolate colors
from the user- provided scribbles to the rest of the
grayscale image. One of the early works in this domain
was by Levin et al. (2004), who proposed an optimization-
based approach to propagate colors from scribbles while
preserving image edges and gradients. However, scribble-
based methods have some inherent limitations, such as
dependency on human skills, color blending artifacts at
edges, and the need for manual intervention.

Exemplar-based Colorization:
Exemplar-based colorization methods attempt to transfer

color information from a reference color image to the
target grayscale image. These approaches rely on finding
correspondences between the grayscale image and the
reference image, either manually or automatically. Irony
et al. (2005) introduced a method that uses user-specified
color transfer functions to map grayscale values from the
target image to colors from the reference image

Learning-based Colorization:

With the advent of deep learning, learning-based
colorization methods have gained significant
attention in recent years
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These approaches leverage the power of deep neural
networks, particularly convolutional neural networks
(CNNs), to learn the complex mappings between
grayscale and color spaces from large datasets of
colorized images. lizuka et al. (2016) proposed one
of the early deep learning- based colorization models,
which used a CNN to predict realistic color values for
grayscale images. Zhang et al. (2016) introduced a
fully convolutional neural network (FCN) that jointly
performed global and local colorization, capturing
both semantic information and spatial details.

In the context of medical image colorization, several
studies have explored the application of deep learning
techniques. Bochko et al. (2018) proposed a
colorization method for medical images using a deep
convolutional neural network (DCNN) trained on a
dataset of colorized X- ray images. Their approach
demonstrated promising results in colorizing various
anatomical structures and pathologies. Juang et al.
(2010) presented a color-converted segmentation
algorithm for brain MRI tumor object colorization
and tracking, leveraging k-means clustering
techniques.

While these learning-based approaches have shown
promising results, they often face challenges such as
limited availability of large-scale annotated datasets,
computational complexity, and the need for further
improvements in accuracy and generalization
capabilities, especially for diverse medical imaging
modalities and anatomical regions
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1.ImageNet Dataset:

The ImageNet dataset is a large-scale image database
containing over 14 million images organized into around
22,000 categories or "synsets" based on the WordNet
hierarchy.

In this project, a subset of the ImageNet dataset containing
approximately 1.3 million colour images from 1,000 different
object categories was used.

2.Preprocessing:

This block involves converting the colour images from the
ImageNet dataset into grayscale images.The grayscale images
serve as the input to the colorization model, while the original
colour images are used as the ground truth targets during

training.Additional pre-processing steps, such as resizing,
normalization, or data augmentation, may also be applied in
this stage.

3.Training and Validating Grayscale Images:

This block represents the subset of grayscale images extracted
from the ImageNet dataset and used for training the
colorization model.The training set typically consists of a large
portion of the available data to ensure the model learns a robust
representation of the colorization task.This block represents the
subset of grayscale images extracted from the ImageNet dataset
and used for validation during the training process.The
validation set is used to monitor the model's performance on
unseen data and prevent overfitting.It is typically a smaller
subset of the data, separate from the training set.

4.Colorization Model (Training):

This block represents the deep learning model architecture used
for image colorization.The model is trained using the training
grayscale images as input and the corresponding original color
images as targets.During training, the model learns to map
grayscale images to their colorized counterparts by minimizing
the difference between its predictions and the ground truth
color images.The validation set is used to evaluate the model's
performance periodically and tune hyper parameters or stop
training if necessary.After the training process is complete, the
colorization model with the learned weights and parameters is
saved as a trained model. This trained model can be used for
inference and evaluation on new, unseen data.

5.Testing and Evaluation of Model:

This block represents a separate subset of the ImageNet dataset,
typically part of the official ImageNet validation set, used for
testing and evaluating the trained colorization model.eIt
consists of grayscale-color image pairs that were not used
during training or validation.The PASCAL Visual Object
Classes (VOC) dataset is an external dataset used to assess the
generalization capabilities of the trained colorization model.

It consists of grayscale images from a different domain than the
ImageNet dataset, allowing the evaluation of the model's
performance on diverse and unseen data.In this block, the
trained colorization model is evaluated on the ImageNet test set
and the PASCAL VOC test set.The grayscale images from
these test sets are fed into the trained model, and the model
generates colorized outputs.Evaluation metrics, such as peak
signal-to-noise ratio (PSNR) or structural similarity index
measure (SSIM), can be computed by comparing the colorized
outputs with the ground truth color images.

6.Results:

This block represents the final output of the colorization
pipeline, which are the colorized images generated by the
trained model on the test sets.

These colorized images can be visually inspected and
compared to the ground truth color images to qualitatively
assess the model's performance.

PROBLEM STATEMENT

Medical imaging plays a crucial role in disease diagnosis and
treatment planning. However, many medical images, such as
X-rays, CT scans, and MRIs, are in grayscale, which limits
visual interpretation and analysis. The lack of color information
can make it difficult for medical professionals to distinguish
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between tissues, abnormalities, and anatomical structures,
potentially leading to diagnostic inaccuracies.

Manual colorization is time-consuming, subjective, and not
scalable. Traditional image processing techniques are
insufficient to capture the complex textures and semantics in
medical images for accurate colorization.

Therefore, there is a need for an automated, efficient, and
intelligent system that can colorize grayscale medical images
in a realistic and clinically meaningful manner. This project
aims to address this problem by developing a deep learning-
based solution that learns the underlying patterns in grayscale
medical images and generates high-quality colorized outputs to
enhance visualization and aid medical diagnosis.

Medical imaging technologies such as X-rays, Magnetic
Resonance Imaging (MRI), and Computed Tomography (CT)
scans are critical tools in modern healthcare for non-invasive
diagnosis and evaluation of internal body structures. However,
a majority of these imaging modalities produce grayscale
images due to the physics of the imaging process. While
grayscale images preserve structural information, they lack
color cues that could enhance visual understanding and
improve the ability of clinicians to identify subtle differences
in tissues, lesions, or abnormalities.

Colorization of medical images has the potential to
significantly enhance human perception and assist in better
interpretation by highlighting different anatomical regions or
pathological features. For example, distinguishing soft tissues
in MRI or identifying tumor regions in X-rays could be made
easier with effective colorization. However, manual
colorization is labor-intensive, requires domain expertise, and
is impractical for large-scale datasets.

Traditional image processing techniques fail to accurately
model the complex textures and fine-grained details required
for realistic medical image colorization. Moreover, they often
lack the adaptability and learning capabilities needed to handle
variations across different patients and modalities.

Recent advances in Deep Learning, particularly in
Convolutional Neural Networks (CNNs) and Generative
Adversarial Networks (GANSs), have demonstrated remarkable
performance in automatic image colorization tasks. These
models can learn semantic and contextual information from
large datasets and generate plausible color versions of
grayscale images. Applying such models to the medical domain
requires careful design and training using domain-specific data,
preserving anatomical fidelity and diagnostic relevance.

This project proposes a deep learning-based system to
automatically colorize grayscale medical images using a
trained neural network. The goal is to improve the visual
interpretability of medical scans while ensuring that the
generated colors do not introduce artifacts or mislead clinical
judgment.

EXISTING SYSTEMS

In the domain of image colorization, several systems and
methods have been proposed and implemented,

particularly for natural (non-medical) images. However,
their direct application to medical imaging is limited due
to the specialized nature and clinical sensitivity of the
data. The following are the categories and examples of
existing systems:

1. Traditional Colorization Techniques

Manual Annotation and Color Mapping:

Radiologists or technicians manually assign colors to
different regions based on anatomical knowledge.
Limitations: Time-consuming, subjective, inconsistent,
and not scalable for large datasets.

Histogram Matching and Color Transfer:

Color distributions from a reference image are transferred
to a grayscale image.

Limitations: Requires a well-matched reference image,
may introduce artifacts, and fails to generalize across
different cases.

2. Rule-Based or Segmentation-Based Methods

These methods involve segmenting an image into
different regions and applying predefined colors based on
tissue types.

Often use thresholding or region-growing techniques.
Limitations:

Poor adaptability to variations in anatomy and pathology.
Inaccurate segmentation leads to poor color assignment.
No semantic understanding of image context.

3. Deep Learning-Based General Image Colorization
Several CNN and GAN-based models have been
developed for natural image colorization:

DeOldify (based on GANs): Used for colorizing old
photos and videos.

Zhang et al.’s Model (2016): Used classification-based
CNNss to predict color histograms.

ChromaGAN: Combines semantic and perceptual losses
for more realistic colorization. Limitations for Medical
Images:

Trained on natural images, not suitable for grayscale
medical images with complex internal structures.

Cannot preserve or highlight clinically relevant details
such as lesions or organ boundaries.

May hallucinate non-existent features due to lack of
domain knowledge.

4. Medical-Specific Deep Learning Efforts (Emerging)
Some recent research efforts have attempted to apply
deep learning to medical image colorization:
Colorization of Chest X-rays using CNNs for better lung
tissue visualization.

MRI Tissue Contrast Enhancement using U-Net-based
architectures.

Conditional GANs (cGANs) for coloring based on
anatomical priors.

Challenges in These Systems:

Lack of large annotated datasets.

High risk of introducing misleading colors
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PROPOSED SYSTEM

The proposed system introduces a deep learning-based
framework designed specificallto colorize grayscale
medical images (such as X-rays, MRI, CT scans) with
high accuracy and clinical relevance. The goal is to
generate realistic, visually enhanced images that preserve
anatomical structures and assist medical professionals in
diagnosis and analysis.

Key Features of the Proposed System

1.Use of Convolutional Neural Networks (CNNs): The

system employs CNNs to extract spatial features and

patterns from grayscale medical images.Deep layers

capture both low-level (edges, textures) and high-level

(shapes, regions) features necessary for effective color

prediction.

2.Encoder-Decoder Architecture:

The encoder compresses the input image into a compact

feature representation.The decoder reconstructs a

colorized version by predicting the a* and b* channels (in

Lab color space), while retaining the original grayscale as

the L channel.

This structure ensures that spatial relationships and
medical details are preserved.

3.Domain-Specific Training:

The model is trained using a dataset of paired grayscale
and color medical images, such as color-enhanced MRIs
or contrast-stained histopathology images.

Ensures that the colorization respects medical semantics
and highlights clinically relevant regions.

4.Loss Functions for Accurate Colorization:

Mean Squared Error (MSE): Ensures pixel-wise
accuracy.Perceptual Loss: Uses a pre-trained network
(e.g., VGQ) to ensure visual quality by comparing high-
level features.Adversarial Loss (optional): If a GAN-

based model is used, it helps produce more realistic
outputs.

5. Optional GAN Integration:

A Generative Adversarial Network (GAN)
framework can be introduced to further enhance
realism.The generator produces colorized images,
while the discriminator learns to distinguish between
real and fake colorizations.

6. Preservation of Anatomical Integrity:

Model is tuned to prevent artificial colorization that
could mislead clinicians.

Validation by domain experts (e.g., radiologists)

ensures clinical trustworthiness.

METHODOLOGY

Dataset Preparation

Model Architecturs

Training

Evaluation

Post Processing and Refinement

Analysis and Interpretation

Flow chart of Methodology

1. Data Preparation:

Collection of ImageNet dataset, which contains over
1.3 million color images across 1000 categories. The
dataset is divided into Convert the color images to
grayscale to create the input data for the colorization
model. Splitting the data into training, validation, and
test sets. Around

1.04 million images are used for training, 50000
images for validation and 30000 images for testing

.The data preparation process also includes
preprocessing of images.
1.1 Data Preprocessing
Rather than selecting individual grayscale

photographs, we iterated through the available
dataset images and transformed them to lab space
(gray-scale) images. We cropped all of the
photographs to 224x224 pixels to keep the
modifications to a minimum, since this is the size that
has been used in that architecture. We used Lab
colour space to convert the RGB input image into two
images: the grayscale input of 224x224 pixels and the
output, a/b layers (shape: [2, 224, 224]).

2. Model Architecture

We proposed a deep convolutional neural network
architecture for the image colorization task. The
specific model architecture they used is based on an
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encoder-decoder structure with skip connections,
inspired by the U-Net architecture.

Encoder:
The encoder is a convolutional neural network that
takes a grayscale image as input and extracts relevant
features at multiple scales.It consists of several
convolutional layers with stride 2 for downsampling,
followed by batch normalization and ReLU
activation.The number of filters doubles after each
downsampling operation, starting from 64 filters in
the first layer.
*Decoder:
The decoder is another convolutional neural network
that takes the encoded features and upsamples them
to generate the colorized output.It consists of several
upsampling layers (transposed convolutions) with
skip connections from the corresponding encoder
layers.The skip connections help retain fine-grained
details and improve the quality of the colorized
output.The number of filters in the decoder layers
decreases by half after each upsampling operation.

I Laprut | Encodes I Staze I Decodes

FIGURE L. Architecture of Encoder and Decoder

SOFTWARE AND TOOLS USED

SOFTWARE USED

. Anaconda

. Jupyter notebook
. Google colab

. Python

1. Anaconda

Anaconda is a distribution of the Python and R
programming languages for scientific computing (data
science, machine learning applications, large-scale data
processing, predictive analytics, etc.), that aims to
simplify package management and deployment. The
distribution includes datascience packages suitable for
Windows, Linux, and macOS. It is developed and
maintained by Anaconda, Inc., which was founded by
Peter Wang and Travis Oliphant in 2012. As an
Anaconda, Inc. product, it is also known as Anaconda
Distribution or Anaconda Individual Edition, while other
products from the company are Anaconda Team Edition
and Anaconda Enterprise Edition, both of which are not
free.

2.Jupyter Notebook

An interactive computing environment called Jupiter
Notebook enables users to create and share documents
with real-time code, equations, visuals, and text. Julia,
Python, and R are the three programming languages that
make up the name "Jupiter". Users of Jupiter Notebook

| Outprat

can enter and execute code in cells, which are discrete
operations that can be carried out separately. Depending
on the installed kernel, these cells may include code
written in a number of programming languages, such as
Python, R, Julia, and others.

3.Google Colab

Google Colab Similar to how you may exchange
revisions on a Google Doc, Google Collaboratory (Colab)
Notebooks are a type of Jupiter Notebook that let you
(and others!) collaborate on editing and interacting with
the Notebook. However, the appeal of Jupiter Notebooks
is that they let you combine computer code, mathematical
equations in LaTeX, and ordinary prose (words) in
Markdown into a single interactive document.

4.Python

Python is a high-level, interpreted programming language
renowned for its simplicity and readability. Created by
Guido van Rossum in 1991, it has grown to become one
of the most popular languages globally. Python's clear
and straightforward syntax makes it accessible for
newcomers while remaining enjoyable for seasoned
programmers. Being an interpreted language means
Python executes code line by line, aiding in faster
development and debugging.

CONCLUSIONS

The colorization of medical grayscale images using deep
learning techniques has the potential to revolutionize the
field of medical imaging and diagnostics. Throughout this
project, we have developed a robust and accurate deep
learning model based on convolutional neural networks
(CNNs) and the Inception-ResNetV2 architecture,
capable of transforming single-channel grayscale medical
images into vibrant, three-channel RGB outputs.

By leveraging the power of transfer learning and training
on a vast dataset of diverse medical images, our model
has demonstrated exceptional generalization capabilities,
accurately colorizing images from various imaging
modalities, including X-rays, CT scans, and MRI. The
quantitative evaluation metrics, such as Mean Squared
Error (MSE) and Peak Signal-to-Noise Ratio (PSNR),
have validated the model's performance, surpassing
existing colorization techniques in terms of accuracy and
visual quality.

The proposed approach addresses several key challenges
in medical image colorization, including achieving
precise color mapping, real-time performance, and robust
generalization. By automating the colorization process,
our model eliminates the need for manual interventions
or reference images, ensuring consistent and reliable
results across a wide range of medical imaging data.

The successful implementation of this project has opened
up numerous exciting possibilities and potential
applications in the healthcare domain. Colorized medical
images can enhance diagnostic accuracy by highlighting
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subtle details and variations that may be challenging to
discern in grayscale representations. Furthermore, these
colorized images can facilitate better communication
between healthcare professionals and patients, leading to
improved understanding and decision-making processes.
Additionally, the colorization of historical medical
records can aid in preserving and revitalizing valuable
data, making it more accessible and easier to interpret for
researchers and historians. The educational value of
colorized medical images cannot be overstated, as they
can provide a more engaging and immersive learning
experience for medical students and professionals,
fostering a deeper understanding of anatomical structures
and pathologies.
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