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Abstract

The work proposed in the paper includes a high-performance colorization model for several applications, such as colorizing
old photos and restoring damaged images; it is even applied in filmmaking and animation industries. Colorization does not
always have the intention of re-storing an image to its exact ground truth color. Instead, though the colorization may deviate
a bit from real colors, the aim is to make believable shading such that it looks pleasing aesthetically and helps in various
ways to the user. We have exploited a variety of deep learning approaches, along with Convolutional Neural Networks, for
the same. Using large datasets of colored images, our software enables developing and instructing deep CNNs for the ex-
traction of relevant characteristics and the establishment of the relationships between them. The output is projected onto the
problem of predicting accurate colorizations of grayscale images.
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1. Introduction

Coloring consists in applying colors over pho-tos
or films. To render a picture in colors one must
provide each point with three arbitrary numbers. In
order for us to create color out there, each pixel
must have its own set of numbers this will
determine whether it should appear red, green or
blue depending on bright-ness. Sometimes it's not
easy to choose be-tween two colors when they
appear equally bright but one has more mixed than
another. It may be necessary for us to rely to some
de-gree on human intuition, but any other rele-vant
source will help us get it properly. And this made
it impossible for them to transcribe the colors
accurately because they could not retain all three
primary colors. Nevertheless, there may be
semantic indicators in the depicted picture which

will help us achieve accuracy. Deep learning is
very effective at coloring pictures because its
method takes advantage of the se-mantics and
context of images and uses them for tasks like
identifying objects or classifying scenes. Needless
to say, even normal people will look at the
difference from actual colors when they hear about
artificially colored pic-tures. But, because the main
purpose of color-ing is for it to be credible and
beautiful in terms of design, comparisons like this
can even stand in its way. It is important to note
that when a real color image is compared side-by-
side with an artificially colorized image, the
human eye has a tendency to focus on the
differences between the two. Our goal will be
precisely to develop such an appropriate method so
as to obtain results whose ultimate aim would be
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exact imitation of nature.

1.1 Objectives

The objectives of transforming grayscale images
with deep convolutional neural networks
(DCNNSs) include: Automated Colorization: To au-
tomatically add realistic colors to grayscale im-
ages, enhancing their visual appeal and making
them more informative. Image Enhancement: To
improve the quality and details of grayscale im-
ages by effectively learning and applying image
enhancement techniques.

Image Restoration: To restore old or degraded
grayscale images by filling in missing information
and improving overall image fidelity.

Accurate Segmentation: To facilitate more accu-
rate segmentation by transforming grayscale im-
ages into colored images that highlight different re-
gions or objects.

Efficiency: To reduce the manual effort and time
required for colorization and enhancement, mak-
ing the process more efficient and scalable.
Application Diversity: To enable advancements
in various fields such as medical imaging, remote
sensing, and artistic restoration by providing en-
hanced and more informative images. Overall, the
use of DCNNSs in transforming grayscale images
aims to enhance image processing capabilities,
making the process more intelligent, efficient, and
versatile.

2.Related work

In the fields of artificial intelligence and image
processing, colorizing grayscale photo-graphs is
an extremely difficult task. This overview of the
literature aims to shed light on the application of
convolution neural networks to colorization.
Moreover, CNN has demonstrated unexpectedly
high accuracy on a range of image related tasks,
including picture categorization, object identifica-
tion, and division. These days, a lot of attention is
paid to the realistic and aesthetically beautiful col-
orizations that CNN produced from grayscale pho-
tos. The related literature for this literature study
concerns with aspects and improvements in the
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colorization with the CNN. Altogether these re-
searches should contribute to the furthering of
techniques of coloring for addressing issues and
opportunities that are frequently neglected. During
the European Conference on Computer Vision in
2016, Zhang et al. [1] presented the “Colorful Im-
age Colorization”. Specifically, their method
trained solely with grayscale photos yielded high-
quality colorization due to the depth of CNN. Clas-
sification network of the authors recognized other
set of pictures with a reasonable accuracy in terms
of color values. Similarly, JWA et al. [2] used
graph structure to represent the relationship be-
tween different regions of line draft image and
solved the matching problem through quadratic
programming. However, complex line draft image
is usually difficult to be accurately segmented, and
the same semantic region will be divided into mul-
tiple blocks. At present, researchers have proposed
line draft map guided by reference image based on
the deep learning image coloring method which
avoids the requirement of image segmentation ac-
curacy. In this work, Madhavi Mane et al. [3] fo-
cused on exploring image colorization methods.
For example, the output of the straightforward
ConvNet is ‘averaged color,’ but it is quite easy to
use. For the evaluation of the CNN model, an open
picture dataset is referred.

Besides the above-mentioned key publications, the
following references also encompassed several
other facts and innovative methods. In his later
work, Kshitija Srivastava et al. [4] put forward a
novel CNN structure for automatic coloring of
grey photos based on the color-based categoriza-
tion of networks. Comparing with the results of
other commercial options, the final coloring im-
pact and loudness control are more satisfactory.
CNN colorizes the background very well with
much detail but a color reference graph is needed
for coloring the target. The adversarial networks
with conditions for translating pictures to images
Excellent colorization findings are also presented
by Isola et al. [5]. To do this, they first trained a
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generator network, which can produce a variety of
visually appealing colorizations from an input pic-
ture in grayscale to an output colorized image.
Deshpande et al. [6] contributed to the different
colorizations' finding. They provided a method
that might produce both possible colorized variants
and a single colorization. They added diversity and
the element of creativity to the colorization process
by taking into account a variety of potential color-
izations. In addition to the colorization Zhang et al.
[8] brought an important contribution to the field
of artistic style transfers thus by applying stroke-
controllable quick styles transfer with receptive
fields they were able to transfer the artistic styles
on colorized images to make the colorizations look
visually appealing and stylish. Unlike Jiayi fan et
al. [9] who relied on color-based network classifi-
cation this paper proposed a new CNN network
that could color black and white images by using a
hollow convolution stack in addition to using a
normal gaussian convolution encoder. The idea of
a hyper column was put up by Wang et al. [10] in
order to take advantage of the data available at
every network tier. This concept is the basis for us-
ing the VGG19 model, which was pretrained in the
generator network using DIV2K datasets and
trained on the large ImageNet data set. This allows
for the implementation of the hyper column idea.
Zhang et al. [11] made contributions to the field of
creative style transfer in addition to colorization.
Their rapid, controlled stroke style the synthesis of
aesthetically appealing and stylized colorizations
was made possible by the transfer of creative styles
to colorized images through the use of a transfer
method with adaptable receptive fields.

3. Proposed system

3.1 Dataset: Ten thousand 256x256 pixel gray-
scale photographs were utilized as the dataset for
the colorization model presented in this work.
The pictures are from various internet archives
and public image databases. Low-quality or low-
resolution photographs were manually filtered
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out of the dataset to guarantee that only high-
quality images were present.

3.2 Architecture: Figure 3.2.1. presents the pro-
cess flow. The initial step is to publish a gray-
scale picture to a webpage designed to make it
simple for users to obtain the model. A Python
script examines its dimensions in more detail to
make sure the model functions properly. Prepro-
cessing is the process of converting the submitted
image into a format that is prepared for next
stages of editing.

Upload image dataset

!

Pre-processed of the uploaded image

|

Feature extraction from the processed

!

Training neural network

!

Upload colourful image

v

Generate output

Fig. 3.2.1 Workflow of Prototype

The sophisticated convolutional neural net-work
(CNN) model used in the suggested colorization
model has an encoder-decoder structure. To en-
hance feature propagation, this structure includes
skip connections be-tween appropriate encoder
and decoder levels. The encoder is composed of
five convolutional layers, each of which is acti-
vated for rectified linear units (ReLUs) by a batch
normalizing layer.

In Figure 3.2.2, the deep convolutional neural net-
work (CNN) utilized in the proposed colorization
model  incorporates an  encoder-decoder
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architecture to effectively manage feature extrac-
tion and image reconstruction. This architecture is
enhanced with skip links that connect correspond-
ing encoder and decoder layers, improving feature
transmission and preserving spatial information
across the network.

The encoder is primarily composed of five convo-
lutional layers, each equipped with batch normali-
zation and the Rectified Linear Unit (ReLU) acti-
vation function. These components work together
to efficiently extract and normalize features from
the grayscale input image, ensuring robust and sta-
ble training.

The decoder mirrors the encoder's structure with
five transposed convolutional layers designed to
reconstruct the colorized image from the encoded
features. Similar to the encoder, the decoder layers
include batch normalization and ReLU activation
to maintain consistency in feature transformation
and to promote effective learning.

In the final layer of the decoder, a sigmoid activa-
tion function is applied. This function is crucial for
calculating the output-colored images, as it scales
the pixel values to a range between 0 and 1, ensur-
ing that the generated colors are within a realistic
and acceptable range.

Overall, this enhanced architecture, with its en-
coder-decoder structure, skip links, and carefully
chosen activation functions, ensures that the model
can accurately and efficiently transform grayscale
images into colorized versions, capturing intricate
details and maintaining high-quality visual output.

batch_normalization_1: BatchNormalization

Fig. 3.2.2 Architecture of the Encoder-Decoder layer

4. Results and discussion
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To assess the efficiency of the colorization model,
which is recommended for synthesis, the follow-
ing quantitative indicators were used: the maxi-
mum PSNR and SSIM. SSIM compares the to de-
termine whether two photos are similar or not, as-
sess hue, saturation and roughness in sequence.
Higher scores are those that differ from 0 to 1,
meaning that the more value will be closest to 1 it
will represent the highest similarity. From this
perspective, PSNR calculates the ratio of the
maximum signal power to the noise that is added
to a particular system. Expressed in decibels (dB)
itis remarkable that, the higher the PSNR, the less
color distortion is seen between the projected and
real images which are colorized.

Accomplishing the intended colorization model
reached an SSIM of 0. 85 and a PSNR score of
27. HLU achieved 4 dB on the test set, which,
combined with the gender prediction results,
shows a high level of better accuracy in predicting
the right colors for the grayscale image. The in-
creased batch size to 32 would have a net effect
of reducing overall efficiency for the same quality
of output. and a learning rate of O Learn how to
set up a reinforcement learning model using gra-
dient boosting, how to define gradient boosting
environment, and how Gradient Boost determines
the features to be used. Another source is 001 rec-
ommending a colorization model was trained us-
ing the Adam optimizer to increase the correct
rate and to decrease the loss of the model. The
disparity between the squared difference of
ground truth color values and the predictions was
obtained using the form of the mean squared er-
ror, or MSE, function on $f(x)$ is used. In an at-
tempt to curb over fitting, one often comes up
with a validation split of 0. 2 was used to assess
the performance The scale for measuring the de-
gree of implementation of the BM was the degree
of implementation and it was measured as fol-
lows: The extent to which the BM strategy has
been implemented on a scale of 1 to 10 where 1
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is low and 10 is high of the model, it will be while
doing the training of the model. If the training ac-
curacy is way higher, If the resulting accuracy is
more than the validation accuracy, such a table
may indicate overfitting. But in our case, the
model passed the two tests since it helped identify
worthy and significant information to feature in
the recommended reports training and validation
sets. In the Figure 4.1, (a) is a greyscale input im-
age and (b) is the colorized output image.

vvvvvvvvvvv

(a) (b)
Fig 4.1. Input (Greyscale) and Output (Colored)
Images
Conclusion

Our objective was to develop a user-friendly web
application that can process grayscale images and
generate colored outputs on its own. Our coloriza-
tion output is quite accurate and vivid, and it
doesn't include any human intervention. Users can
create beautiful, automated colorization by just in-
putting their grayscale photographs. The architec-
ture of the selected neural network model and the
caliber of its training are the main factors that de-
ter-mine the accuracy and precision of image col-
orization. Increasing the number of epochs during
the training process produced more accurate and
promising results, as our experimental data show.
In terms of interaction and interface, our suggested
colorization solution features an easy-to-use inter-
face that lets users upload grayscale photos and
rapidly evaluate the colorization outcomes. The
program worked effectively with a variety of im-
age types, including views of the outdoors, archi-
tecture, and people. The ideas presented in our
study can also be used to the colorization of
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historical films, videos, and CCTV footage. Alt-
hough the image colorization results from our re-
search have been encouraging, there are still cer-
tain issues that we intend to resolve. To improve
the accuracy of our colorization process, we intend
to optimize our neural network design and training
procedures.
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