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The intersection of art and technology, particularly the development of deep learning and artificial intelligence, has
opened new avenues for creative expression. Neural Style Transfer (NST) is a new approach that uses deep neural
networks to add creative style to digital images. This technique overlays visual elements—such as texture, color
patterns, and brushstrokes—from one image onto the content of another, producing interesting and imaginative
results.

This study explores the fundamental concepts, methodology, and artistic significance of neural style transfer. This
technique is primarily based on convolutional neural networks (CNNs), which are capable of extracting high-level
content features and low-level style features from images. Through an optimization process that separates and then
reassembles these features, NST creates images that retain the structural content of the original image while adopting
the artistic style of the reference artwork.

This research highlights the interdisciplinary impact of neural style transfer, demonstrating its relevance not only in
digital art and graphic design, but also in fields such as animation, multimedia, and visual communication. Furthermore,
NST serves as a bridge between traditional artistic methods and modern computational techniques, allowing artists,
designers, and technologists to collaborate and explore new creative possibilities. The results show that neural style
transfer is an important step toward integrating deep learning.
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INTRODUCTION

Neural style transfer (NST) is a technique in the fields of deep learning and computer vision that focuses on creating
a new image by combining the content of one image with the style of another. The primary objective of NST is to preserve
the structural information of the content image by applying aesthetic features such as texture, color, and visual patterns
from the style image.
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Neural Style Transfer as Digital Representation through Painting using Deep Learning

With the rapid advancement of artificial intelligence and convolutional neural networks (CNNs), neural style transfer
has emerged as a major application of deep learning in digital arts, image processing, and the creative industries. The
concept was first popularized by Gatys et al., who demonstrated that deep neural networks trained for object recognition
can also be used to separate and reassemble the content and style of images.

In neural style transfer, a pre-trained convolutional neural network, such as VGG-16 or VGG-19, is used to extract
feature representations from both the content and style images. Content representations capture high-level semantic
structure, while style representations are constructed using statistical measures such as Gram matrices, which encode
texture and visual correlation. By optimizing the target image using a weighted combination of content loss and style
loss, a visually appealing output is generated that reflects both content and artistic style.

Neural style transfer has widespread applications in areas such as digital painting, film production, gaming,
augmented reality, and multimedia content creation. It not only automates artistic processes but also helps non-artists
create visually rich images using simple inputs, bridging the gap between technology and creativity.

EXPERIMENTAL CONFIGURATION AND VISUAL PRESENTATION
Figure 1
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Figure 1 Shows the Original Content Image Used in the Experiment, While
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Figure 2
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Figure 2 Shows the Reference Style Image.

Figure 3

Figure 3 Shows the Final Stylized Output Generated After Applying Neural Style Transfer.

These images clearly show how the structural elements of the source image have been preserved, while the artistic
color of the style image has been successfully transferred.

METHODOLOGY

The proposed methodology implements neural style transfer using a deep learning framework. The system is based
on previously developed convolutional neural networks, specifically the VGG-19 model, which serves as a feature
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extractor. The methodology includes image selection, preprocessing, RGB normalization, style calculation, loss
calculation, and optimization using gradient descent.

IMAGE SELECTION AND PREPROCESSING

In this research, the user manually selects both the content and style of the image through an image upload interface.
The system supports common digital image formats such as JPEG and PNG, which makes this approach flexible and user-
oriented rather than dependent on a fixed dataset.

After the image is uploaded, it is converted to a standard RGB format to ensure compatibility with the neural
network's input dimensions and resized to a fixed resolution. Resizing also helps reduce computational complexity while
preserving the necessary visual information.

RGB CALCULATION AND NORMALIZATION:

A digital image is represented using the RGB color model, where each pixel has three channels: red (R), green (G),
and blue (B). The intensity value of each channel typically ranges from 0 to 255.

For a pixel at position (x, y), the RGB representation is:

Pixel(x,y) = [R(x,y),G(x,y), B(x,y)]

To make the data suitable for neural network processing, the RGB values are normalized as follows:

R' = K G' = ¢ B' = 5
2550 “255°% T 255

After normalization, pixel values fall into the [0, 1] range, improving numerical stability and convergence speed.

STYLE REPRESENTATION USING GRAM MATRIX:

The content of an image is represented by the feature activations of the inner layers of the neural network. However,
the style of an image is captured using the correlation between different feature maps.

the Gram matrix is calculated as:
GL == FL . FLT

where F_L is the matrix of vectorized feature maps at layer L. This operation captures texture patterns and artistic
features.

WORKING OF NEURAL STYLE TRANSFER

NST creates an image that matches the content representation of the content image and the style representation of
the style image. The created image is initially random or copied from the content image, and is repeatedly updated until
it minimizes the total loss.
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Figure 4

Figure 4

CONTENT LOSS

Content loss ensures that the structure and meaning of the content image are preserved in the resulting image. It is
calculated as the mean square error between the feature maps of the resulting image and the content image.

STYLE LOSS

Style loss is an essential component of neural style transfer, ensuring that the resulting image recreates the statistical
texture patterns of the styled image. Unlike content loss, which preserves specific structure, style loss captures visual
appearance features such as brush strokes, color distribution, and repetitive textures.

The concept of style loss was introduced by Gatys et al., who showed that the style of an image can be effectively
represented by the correlation between feature maps extracted from a deep convolutional neural network.

MATHEMATICAL REPRESENTATION
Let F_1ER*(N_IxM_I )be the feature map of the layer |, where:
e N;= number of feature channels

e M,;=spatial size of each feature map
The Gram matrix for layer lis defined as:

G, =F -Ff

The Gram matrix captures the interactions between different feature channels, which encode texture and style
information.
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STYLE LOSS FUNCTION

The style loss for a layer is calculated as the mean square difference between the Gram matrix of the generated image
and the style image:

Where:

e G'= Gram matrix of generated image

e A'= Gram matrix of style image

The total style loss is obtained by aggregating losses across multiple layers:

— l
Lstyle - Z wy Lstyle
l

Here w;represents the weight assigned to each layer.

TOTAL LOSS FUNCTION
The total loss is defined as:

Ltotar = @Lcontent + :BLstyle

Where o controls content importance and § controls style importance.

GRADIENT DESCENT

In neural style transfer, the objective is not to train the neural network itself, but to transfer the pixel values of the

resulting image in a way that minimises the total loss. This adaptation problem is solved using a gradient-based
adaptation technique.

The total loss is defined as:

Liotat = @Lcontent + IBLstyle

Where:

e Lcontent Preserves semantic structure
*  Lgtye preserves artistic texture

e a,f are weighting factors controlling the trade-off

FORMULATION OF GRADIENT DESCENT:

Let x denote the generated image. The goal of optimization is to find:
X = arg min Lyprg (%)
X
This is done by repeatedly updating the image generated using gradient descent:

aLtotal

Xe+1 = X — 1 Ox
t
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Where:
e 7=learning rate

a . .
. £= gradient of loss w.r.t. pixels

WORKFLOW
Figure 5
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Figure 5 Workflow

COMPARATIVE COLOR TRANSMISSION ANALYSIS

Figure 6 shows a comparative analysis of different color transmission techniques, including Reinhardt, Iterative
Distribution Transfer (IDT), MKL, Luminance Transfer, Histogram Matching, Kolsky Decompression, and PCA. The figure
shows both the visual output and their corresponding color histograms for each method applied to the same source
image.

Histogram Distribution This highlights that Histogram Matching and IDT achieve a closer alignment with the original
content image in terms of color intensity and coefficient. These methods preserve the global color structure more
effectively than other techniques, such as Reinhardt and PCA, which exhibit noticeable deviations in channel distribution.

Additionally, luminance transfer rate produces intensity transitions but lacks a strong color coefficient, while MKL
and IDT with re-graining provide a balanced perceptual quality. Overall, histogram matching and IDT perform better in
maintaining perceptual similarities and color consistency with the content image, making them more accurate for true
color transmission.
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Figure 6
Content Image

Figure 6 Visual and histogram-based comparison of different color transmission methods (Renard, IDT, MKL,

luminosity transform, histogram matching, Cholesky, PCA).

QUANTITATIVE EVALUATION
Table 1

Table 1 Shows the KL-Divergence Values for Different Colour Transfer Techniques Across RGB Channels.

Reinhard 1.41 1.08 1.65
Luminance Transfer 0.82 0.31 0.92
PCA 43.63 Inf 1.66

Lower KL values indicate better similarity between colour distributions.
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RESULTS AND DISCUSSION

Experimental results demonstrate that neural style transfer successfully incorporates artistic features from style
images while maintaining the structural integrity of the content image. Pending results confirm that NST is capable of
creating visually appealing digital paintings.

Analysis of the results also shows that histogram-based color transfer techniques outperform linear transformations
in terms of perceptual similarity.

CONCLUSION

This research shows that neural style transfer is not just a visual filter, but a mathematically based optimization
framework that enables a deep neural network to digitally paint. This approach effectively combines artistic creativity
with computational intelligence.

Neural style transfer serves as a powerful tool for digital artists, designers, and multimedia professionals, opening
up new possibilities for creative expression while preserving the essence of human imagination.
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