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Abstract

Automated colorization of grayscale images is one of the fundamen-
tal challenges in the Computer Vision(CV) domain. Self-supervised
learning methods are an effective approach to learn general visual
features automatically, without having to manually annotate image
datasets. Generative Adversarial Networks (GAN) are applied for
the colorization method as they are capable of learning visual char-
acteristics from any image without the need for annotated data.
They possess a loss function to train the mapping and have ability
to learn the mapping from input to output image. The effectiveness
of different color spaces (LAB, YUV, and HSI) for image coloriza-
tion using GAN is investigated. The evaluation of colorization
quality is carried out by calculating the pixel accuracy using Peak
Signal-to-Noise Ratio (PSNR), and assessing structural integrity
using Structural Similarity Indexing Method (SSIM). Using such
methods, a comparative approach is demonstrated to study col-
orization effectiveness of the old black and white images. The SSIM
and PSNR values obtained for different color space models are LAB
(0.947 and 32.69 dB), YUV (0.842 and 27.65 dB) and HSI (0.851 and
28.72 dB) respectively. Among the three models, LAB color space
performed the best with the SSIM and PSNR value of 0.947 and
32.69 dB.
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1 INTRODUCTION

Image colorization is a technique in which every pixel of grayscale
images is mapped with RGB color values [1]. The purpose of col-
orization is not to precisely rebuild the color but to trick the ob-
server into thinking that the colorized image is real. The image
colorization is suitable for restoring ancient grayscale pictures,
movie restoration and many other applications in recreating an
appealing visual appearance. The colorized version of grayscale
images significantly changes the viewer’s viewpoint of the image.
However, no unique color can be associated with objects such as
shoes, clothes or other household items. Therefore, the colorization
outcome cannot be verified with any specific color solution [2].

In this paper, a comprehensive overview and the effectiveness is
provided for different color spaces (the LAB [3], the YUV [4] and
the HSI [5]) with the help of GANs to achieve convincing coloriza-
tion results. The aim is to identify the most efficient color space for
generating convincing colorization through a comparative analysis
using objective evaluations such as the PSNR (Peak Signal-to-Noise
Ratio) [6] and the SSIM (Structural Similarity Indexing Method) [7].
Other metrics like Mean Square Error (MSE) is redundant, as PSNR
is derived from it and Feature Similarity Indexing Method (FSIM) is
less critical because the focus is on grayscale to color conversion
and SSIM can capture that structural preservation effectively. Many
research works have been conducted using CNN [8] and Variational
Auto Encoders (VAE) [9] in this direction, but a lot of manual work
is required to design a loss function in such models. However, Gen-
erative Adversarial Networks (GANs) [10] train both the generator
and discriminator models concurrently, where the generator learns
to produce more realistic colorized images, while the discriminator
learns to distinguish between real and fake colorization accurately
[11]. This study has examined the feasibility of leveraging GANs for
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Figure 1: System Block Diagram for Image Colorization
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image colorization, comparing their performance in the different
color spaces (LAB, YUV, and HSI).

2 PREVIOUS WORKS

The concept of Conditional GANs (cGANs) was introduced in the
work "Colorful Image Colorization” [12]. They proposed a frame-
work in which the generator accepts a grayscale picture and a color
hint as inputs to produce a colored image. The discriminator was
modified to assess the realism of the colored images in conjunction
with the grayscale inputs. This approach demonstrated promising
results in producing plausible and vibrant colorizations. Building
upon the success of cGANs, a novel approach [13] was introduced
in which their model employed a deep neural network to predict
color distributions in both global and local contexts, enabling the
generation of coherent colorizations. By integrating image classi-
fication as an auxiliary task, they further improved the quality of
colorization outputs.

3 METHODOLOGY

In this section, the framework employed to implement image col-
orization is described. The chosen approach involves utilizing a
U-Net architecture [14] as the generator and a PatchGAN discrim-
inator. A high-level overview of the work is shown in Figure 1
below:

3.1 Datasets

The Microsoft COCO (Common Objects in Context) dataset [15] is
a widely used dataset for object detection, segmentation, and other
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computer vision tasks. The dataset is open source and consists of dif-
ferent images with variation in environment and subject. It is used
for training purposes only to extract its features for colorization.

3.2 Image Transformation

Here, several transformations are applied for the image dataset.
The PyTorch library torchvision’s transforms. Resize function [16]
is used to resize the images to a specific size (SIZE x SIZE) using
bicubic interpolation where the size is 256 for both height and
width. Bicubic interpolation is a method of interpolating values in
a grid based on surrounding data points [17]. It ensures smoother
rescaling and is com monly used for image resizing. The Bicubic
interpolation is defined as below:

W(x) =
(a+2)|x]*=(a+3)|x]*+1 for |x| <0,
alx|® - 5alx|* + 8a|x| —4a  for 1<|x| <2,
0 otherwise,

1)

3.3 Color Space Transformation

After obtaining the transformed datasets, the RGB values are con-
verted into different color spaces(LAB, YUV, and HSI). Some of the
image information might get lost when the color is transformed.

3.4 LAB Color Space

In this step, the parameter required for conversion to the LAB color
space is calculated using the following equation:

L =116f(Y1n) - 16 )
a* =500 (f(%) —f(yln)) ®3)
b* =200 (f(an) —f(Z%)) (4)

Where:

e L*: Lightness component (0-100), where 0 is black and 100
is white.

e a*: Green-red opponent channel, with positive values repre-
senting red and negative values representing green.

e b* : Blue-yellow opponent channel, with positive values
representing yellow and negative values representing blue.

e X, Y, Z,: The CIEXYZ tristimulus values for the illuminant.

e f(x) : Non-linear function approximating the human visual
system’s response to light intensity.

3.5 YUV Color Space

Likewise, the parameters for YUV color space are also determined
using the following equation:

Y = 0.299R + 0.587G + 0.114B (5)
U =0492(B — Y) (6)
V = 0877(R - Y) 7)
Where:
® R, G, and B are the red, green, and blue color channel values
respectively.

o Y represents the luma (luminance) component.
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e U represents the chroma component indicating the blue-
yellow color difference.

e V represents the chroma component indicating the red-green
color difference.

3.6 HSI Color Space

For this conversion, the values of hue (H), saturation (S) and inten-
sity/brightness (I) are determined using the following equations:

_[360° —0 if B >G
H(x)‘{ 9 ifB<G ®)
where (0) is the angle in degrees given by:
0.5 2R-G-B
6 = cos™! ( x( ) 9)
V(R-G)* + (R~ B) (G - B)
The saturation component (S) is calculated by:
Szl—mem(R,G,B) (10)
Similarly, the intensity component (I) is given by:
R+G+B
I=—F— (11)

3.7 Generator

The U-net generator, a powerful architecture suitable for semantic
segmentation tasks is used. A distinct class label is assigned to
each pixel in the input using semantic segmentation. This helps
in object identification and precisely delineate their boundaries.
This architecture is comprised up of an encoder and decoder. The
encoder network in the U-Net generator is responsible for capturing
the spatial features of the input image at multiple scales. The
components found in the encoder are as follows:

e Convolutional layers: Their role is to perform convolutional
operations to extract features from input at various scales.
The number of filters and the size of the filters can vary
depending on the specific implementation.

e Activation functions: Rectified Linear Unit (ReLU) or vari-
ants like Leaky ReLU are often used for adding non-linearity
to help model capture complex patterns.

e Pooling or stride-convolution: Max-pooling or stride-
convolution operations are commonly applied to downsam-
ple the feature maps, capturing increasingly abstract repre-
sentations as the network goes deeper.

Similarly, the decoder network in the U-Net generator performs
the upsampling and reconstruction of the feature maps obtained
from the encoder. Following are the steps which happens in the
decoder:

e Up-sampling layers: Transposed convolutions or nearest-
neighbor interpolation operations are used to upscale the
feature maps.

o Skip connections: These connections concatenate feature
maps from the corresponding scales in the encoder to the
decoder layers.

e Convolutional layers and Activation Functions: The decoder
also process the concatenated feature maps and capture the
necessary details for generating the final output and intro-
ducing non-linearity.
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The generator workflow can be observed in Figure 2.

The U-Net model consists of multiple layers. Input image is
passed through a series of down-convolutional layers, which down-
scales it and simultaneously increase the channel count. A 1x1 im-
age is formed at the transition between encoder and decoder model.
The down-convolutional layers are followed by up-convolutional
layers, which gradually upsample the feature maps, restore the
spatial dimensions of the image and produces a 256x256 image
having same size as the input. Each pixel in the output image will
be assigned a label or class that represents the segmented region
or object to which it belongs. The model’s training process aims
to optimize the parameters to accurately segment the input image
based on the given classes or labels and both local and global image
features are effectively captured.

3.8 Discriminator

In a PatchGAN discriminator, the input image is split into non-
overlapping patches, and each patch is processed independently
to determine its authenticity. The output of the discriminator is a
grid of prediction values, where each prediction corresponds to a
local patch. This grid of predictions provides spatial information
about the generated and real images, enabling the generator to
focus on producing realistic and coherent local structures. Inside
the discriminator, the following tasks are done:

3.8.1 Convolution. The convolutional operation applies a small
filter over the input data in a sliding window manner. The whole
input data undergoes this process, producing an output feature map
that captures specific patterns and features.

ki

Gout (x: y) = wout*F (.X', y) ( Sxm—

(12)
Where:
Gout(x, y) : Output value at position(x, y) after convolution.
wout: Weight parameter for the convolution operation.
F(x, y) : Input feature map value at position (x, y).
dx, Oy : Displacement values within the convolution kernel.
Wout (0x, 8y): Weight parameter for the specific displacement
(8x, dy) within the kernel.
® Wouy,;,: Bias parameter for the convolution operation.

3.8.2 Batch Normalization. Batch normalization works by nor-
malizing the activations of a layer and helps stabilize training by
maintaining consistent activation distributions for faster conver-
gence and improved model generalization. The batch normalization
operation can be described as follows:

_ 1 N
He = NEHW Ei:1

(13
25'—1:1 Zzil Xi,c,j.k )
1 N

CTCZH: NVI;/IW Zi:l 5 (14)
Zj:1 qu (xi,c,j,k - :uc)

N Xicjk — He

Rie jk = ——— (15)

Voi+ €
Yicjk = Yc’ei,c, gkt ﬂc (16)

Where:

k.
. Zafy __y, Wour (8%,8Y) F (x + 8%,y + 8y) |+
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Figure 3: Functional block diagram of the discriminator.

® x;.jkis the activation at batch i, channel c, height j, and
width k.

[ is the mean of activations for channel c.

oZis the variance of activations for channel c.

Xic, jk is the normalized activation.

Yc is the scale parameter for channel c.

Bcis the shift parameter for channel c.

€ is a small constant added to the denominator for numerical
stability.

The discriminator workflow can be observed in Figure 3. The
input image tensor is initially processed by a convolutional layer
(Conv2d-1) with 64 output channels, producing 128x128 feature
maps. Batch normalization (BatchNorm2d-2) is applied to nor-
malize the output, followed by a leaky ReLU activation function
(LeakyReLU-3) to introduce non-linearity. The output from the first
layer is then passed to the next set of layers. The similar function
is performed until it reaches the final layer where the output is
passed through the last convolutional layer (Conv2d-12). Finally,
Conv2d-12 produces a single-channel output. It takes the output
of LeakyReLU-11 and generates a 15x15 output image. This image
contains the prediction of discriminator for the given input image.
Higher values indicate a higher probability of the input patch being
realistic.

3.9 Loss Functions

The two types of loss functions are used: GAN loss and L1 loss.
The ”gan_mode” parameter specifies the type of GAN loss and it is
set to 'vanilla’ which is a binary cross-entropy loss that calculates
the difference between the prediction of discriminator for real and
generated samples. Mathematically, the GAN loss is shown by
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following equation:

Lian (G, D) =Eyy [logD (x,y)]

+Ex [log (1 =D (G (x,2)))] )
Where:
e x is the grayscale image
e z is the input noise for the generator
e y is the 2-channel output
e G and D are the generator and discriminator model respec-

tively
D(x)and D(G(z)) : The discriminator’s output for the im-
age x and the generated image G(z) respectively

The loss function is combined with L1 Loss (also known as mean
absolute error) which calculates the element-wise absolute differ-
ence between the predicted and target values and then takes the
mean over all elements. It can be understood mathematically as:

L£1(G) = Exyz [||y - G(x, Z)||1] (18)
Where:
e x is the grayscale image
e 7 is the input noise for the generator
e y is the 2-channel output
e G is the generator model

By minimizing these losses, the generator learns to generate col-
orized images that possess realistic color distributions and overall
visual quality.

4 RESULTS AND ANALYSIS

The model was trained using the training images from the coco-
dataset that were preprocessed and split into training and validation
sets of 8000 and 2000 images respectively. The model was trained
for 100-200 epochs. During training, the model minimized a loss
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Figure 4: Output of LAB color space model.
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Figure 5: Accuracy and loss of LAB color space model over training epochs.

function that penalized both the overall difference between the
generated and real-colored images and potential inaccuracies in
specific color spaces. For the analysis, the results and performances
are classified into three parts as of the color spaces.

4.1 Colorization using LAB color space

The effectiveness of using the LAB color space for image coloriza-
tion is explored. Figure 4 shows the output of our training dataset
of the LAB color space model program.

The leftmost images are the original images, the one after that is
the grayscale version and the rightmost images are the generated
colored version.

4.1.1  Performance. This section evaluates the performance of the
LAB color space model developed in this work using different met-
rics. But only the accuracy and error calculation graph is displayed
here. Figure 5 shows the accuracy and loss over epochs on both
the training and validation sets.

The training accuracy starts higher than the validation accuracy
and remains above it throughout the training process. After around
30 epochs, the training and validation curves converge quickly be-
cause the lab separates the luminance and chrominance effectively,
that allows the model to generalize well. This demonstrates that
the model is effectively colorizing the images.
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4.2 Colorization using HSI Color Space

Similarly, the HSI color space is used to train the datasets and
utilized in the model for image colorization.

The leftmost images are original, middle ones are grayscale and
rightmost are colorized versions as shown in the output (Figure 6).
On visual comparison, the output seems to be slightly faded even
though this model was trained for higher epochs than the prior
one.

4.2.1 Performance. A similar performance test was conducted for
this color space. Figure 7 shows the accuracy and loss over epochs
on both the training and validation sets.

The training accuracy remains above the validation accuracy
with significant difference. After around 50 epoch, the model’s
performance improves significantly because the adversarial train-
ing becomes stable and the generator starts to learn meaningful
luminance-chrominance relation. However, the difference between
training and validation never closed out to a converging point even
after training for higher epochs.

4.3 Colorization using YUV color space

Finally, the YUV color space is utilized for image colorization. Fig-
ure 8 shows the output of our training dataset of the YUV color
space model program.
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Figure 6: Output of HSI color space model.
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Figure 7: Accuracy and loss of HSI color space model over training epochs.

Figure 8: Output of YUV color space model.

Images are in order of original, grayscale and colorized version 4.3.1 Performance. The performance of the YUV color space pro-
from left to right. gram developed in our work is also measured using different met-
rics. Figure 9 shows the accuracy and loss over epochs on both the

training and validation sets.
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Table 1: Evaluation of Color Models Using PSNR and SSIM

Color Models PSNR(dB) SSIM
LAB 32.69 0.947
YUV 27.65 0.842
HSI 28.72 0.851

Similar results for the YUV model are observed compared to the

HSI model. After around 50 epochs, the performance improves
notably because the generator captures and learns the color pattern
effectively, which is a result of successful adversarial training. The
validation accuracy remains stagnant around 0.8 from roughly 100-
200 epochs of training, indicating the overfitting case. Similar trend
can be seen in minimizing the loss by the model.
In the training-validation plots for YUV and HSI, a significant gap
can be observed. However, in the LAB model plots, a minimal gap is
observed. Despite the small overfitting in YUV and HSI, the ranking
of the color spaces is not affected. LAB model still performs best
which may be supported by its perceptual uniformity that separates
the luminance and chrominance more effectively. This helps the
model generalize slightly better than YUV or HSL

5 EVALUATION

A comparative analysis of all three color models: LAB, YUV, and
HSI, is presented in Table 1. using two metrics, PSNR (Peak Signal-
to-Noise Ratio) and SSIM (Structural Similarity Index).

Higher PSNR value suggests better preservation of processed
image while SSIM value closer to 1 indicate stronger resemblance.
LAB achieves the highest PSNR (32.69 dB), suggesting potential
superiority in retaining overall image quality. YUV follows with a
PSNR of 27.65 dB, while HSI falls in the middle at 28.72 db. LAB
again dominates with the highest SSIM (0.947). YUV demonstrates a
lower SSIM of 0.842, while HSI score is 0.851, both indicating some
structural differences compared to LAB. Only Microsoft COCO
dataset was used to train and evaluate all three color-space models
for ensuring a consistent comparison framework. While this pro-
vides a fair benchmark, future work can extend this comparison to a
cross-dataset validation that would present a robust generalization
of our findings.

48

6 CONCLUSION

This study explores the colorization and restoration of historical
images using deep learning technique, specifically focusing on the
effectiveness of different color spaces (LAB, YUV, and HSI). While
subjective evaluation remains valuable for artistic preferences, the
limitations of time, cost, and potential bias necessitate quantitative
metrics. Based on the results, the LAB color space model achieved
the best performance, exhibiting the highest PSNR (32.69 dB) and
SSIM (0.947), indicating good overall image quality and structural
preservation. However, the choice of optimal color space depends
on the specific application and desired balance between factors
like fidelity and structural preservation. Image colorization is best
evaluated using perceptual quality beyond numerical metrics. The
output results of LAB align more closely with human vision as it
produces more natural-looking results. YUV and HSI have pro-
duced slightly faded outputs. Therefore, human subjective testing
and perceptual evaluation could be included in future work that
will further strengthen the comparison study of different models.
Future work could focus on the incorporation of perceptual quality
metrics more closely aligned with human perception. Additionally,
investigating the advanced GAN based architectures or hybrid reg-
ularizations for improved colorization is an interesting potential
avenue to explore. Overall, this work demonstrates the study and
feasibility of leveraging deep learning in various color spaces for
effective image colorization, establishing a direction for further
advancements in this evolving field.
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