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Abstract: This research study presents style transfer between 

images using VGG19 model, neural style transfer (NST) 
algorithms for an innovative art generation. The previous art 
generation methods use VGG16 model which doesn’t predict or 
create images accurately. As the complexity of images increases, 
the NST algorithms needs to be trained to improve its 
performance. To overcome the problems, a convolutional neural 
network with 19 deep layers is introduced. For the frontend 
designers and artist, it is a challenging task to create new images 
for creating web pages. The process involves providing image 
URLs of two images-content image, style images to transfer styles 
from one to another. This art generation has emerged as a dynamic 
and innovative approach for digital art creation which enables 
individuals to actively participate in artistic process. The 
architecture adept at preserving content while effectively 
transferring desired stylistic elements. The aim is to provide a 
user-friendly interface for the end user which generates many new 
images in the future. The research study involves tensorflow Hub, 
which contains pre-processed machine learning algorithms. 
 

Keywords: Neural Style Transfer (NST), Art generation, Image 
URL, Tensorflow hub, Visual Geometry Group (VGG19), Deep 
learning approach, style image, content image, Convolutional 
Neural Network (CNN). 

1. Introduction 
The evolution of artistic expression has always kept pace 

with technological developments. With the use of 
Convolutional neural network (CNN) common photographs 
can be transformed into visually captivating artworks by 
dividing their stylistic features and information [2]. Using deep 
neural networks such as VGG19 makes it possible to extract 
complex visual information at different abstraction.  

By utilising the VGG19 model capabilities, this research 
article seeks to explore the field of interactive art generation 
through style transfer approaches. The features extracted from 
both the images i.e., content and style images are obtained by 
passing them through the VGG19 network [13].  

The difference between the generated image and the 
independent output-which combines style and content is 
measured by a loss function. Three losses are measured in the 
process which are content loss, style loss and total loss. The 
goal is to minimize the total loss by updating the pixels of the 
generated image using optimization algorithms like gradient 
descent [9], [10]. Style transfer has many uses in real time for 
example in some military or satellite sensing images where  

 
images need to be captured in night vision, but the limitations 
will only capture only some contents of image, so the 
transformation of styles can make the image understandable. 
Understanding consumer’s strong desire is the goal of 
examining the interactive design approach. 

 

 
Fig. 1.  Style transfer architecture 

 

A. Art Generation Architecture & Process 
In general, any art generation process involves utilizing deep 

learning techniques like Generative Adversarial Networks 
(GAN’s) and Variational Autoencoders (VAE’s) [1].  The 
common process for art generation involves data collection and 
preprocessing, Model training, Generation, Evaluation and 
refinement.  

The art generation with style transfer architecture involves: 
Style Transfer Model and User interface (UI). 

The style transfer model utilizes a pre-trained deep learning 
network such as VGG16, VGG19 or other architectures trained 
specially for style transfer. Usually, the model comprises of 
convolutional layers used for feature extraction at various levels 
of abstraction. On the other side an interactive interface 
(providing image URL’s) that allows users to upload their 
content image, choose or adjust artistic styles and control all the 
parameters influencing the style transfer process. The user 
interface (UI) provides real-time feedback, displaying the 
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evolving artwork during the style transfer process. The VGG19 
[13] architecture belongs to Visual Geometry Group (VGG) 
family of models contains 19 layers that takes image input of 
size of 224*224 pixels with three colour channels (RGB). The 
CNN contains rectified linear unit (ReLU) activation function 
to introduce non-linearity. It uses the concept of padding to crop 
the image and to retain the contents of image without removing 
the edges. 

In the process, the first step is providing input i.e., content, 
style image, the content image is uploaded by the user and it 
can be typically a photograph or an image they want to apply 
artistic styles to and users can select one or more style images 
which they want to refer to. Next step is Feature extraction in 
which the content and style images are passed through the pre-
trained convolutional neural network (CNN) (VGG19) and 
features are extracted from them. Now, initialize the generated 
image that will be iteratively updated to incorporate the desired 
style while preserving the content. In the optimization loop [9], 
the features are reconstructed, the content features from the 
content image and the style features from the style images are 
compared with the features of the generated image at various 
layers of the network and loss functions are computed based on 
the differences between these features to guide the optimization 
process. The generated image is iteratively updated using 
optimization algorithms lie gradient descent to minimize the 
combined loss function. During each iteration, the image 
gradually transforms to better match the content of the original 
image with the style of the reference images. Finally, 
visualization and output artwork can be downloaded or save.  

2. Literature Survey 
The article discusses the key features and components of 

Generative adversarial networks (GAN), how generator wins 
over the discriminator and generates images that never exist. It 
also highlights on the types of GAN’s like vanilla GAN and 
image to image generation (Cycle GAN). This also examine 
research on leveraging pre-trained GAN models for transfer 
learning tasks, domain adaptation and reusability of learned 
features across different images [1]. 

This article highlights the significance of Convolutional 
neural network (CNN) and explore architectural innovations 
and contributions of LeNet, AlexNet, VGG, GoogleNet, 
ResNet etc., also highlights    their unique features and 
applications, implementation of CNNs for development on 
resource constrained devices [2]. 

This article highlights several challenges faced when 
applying convolutional neural network (CNN) in real-time like 
overfitting, vanishing gradients, need for large datasets, 
adversarial attacks, robustness to variations, addressing these 
challenges remains an active area of research in the field of deep 
learning [3]. 

The exploration of the Neural style transfer (NST) that 
separates and combines content and style features are 
represented in this article. It also discusses variants and 
enhancements of NST, deep learning architecture for NST, loss 
and optimization methods involved in it [4]. This article 
showcases how styles are transferred using neural style transfer 

(NST) algorithms and user interactions, control in NST, 
Various metrics that includes style consistency, content 
preservation and perceptual similarity to the reference image 
and explore discussions on the ethical considerations of NST 
which has copyright, ownership, and the impact of AI-
generated content on art and creativity [5]. The article 
highlights on Adaptive Instance Normalization (AdaIN) that 
allows style transfer with more fine-grained control over the 
intensity of style transfer tasks. It also gives multi-modal and 
cross-domain applications [6]. The article emphasizes 
unsupervised image-to-image translation which is explained by 
cycleGAN. This technique maximizes the performance of 
interactive art generation, this focuses on cycle-consistency 
loss, generator-discriminator structure, day-to-night 
conversion. The image synthesis across different domains such 
as medical image translation using cycleGAN is the key point 
in this article [7]. 

It addresses the challenges and considerations in neural style 
transfer (NST) which involves computational complexity, 
Memory and storage requirements, fine-tuning style transfer 
parameters, interpretability and control, preserving content and 
semantic information [8]. The article describes the key features 
and components of optimization techniques which mainly 
involves gradient descent used to iteratively optimize the 
generated image to minimize the differences between content 
and style representations [9]. The article mainly discusses the 
loss function methodologies and the differences between 
features of the content and style images including mean squared 
error (MSE), L1 and L2 regularization and controlling model 
complexity, local minima and convergence behaviour [10]. 
This article leverages Tensorflow Hubs pre-trained models for 
transfer learning, fine-tuning and emphasizing the benefits of 
using pre-trained modules for downstream tasks [11].  

The author highlights the Visual Graphics Group (VGG16) 
model and its architecture it also includes max-pooling, non- 
linearities, exploration of the trade-off between depth and 
computational efficiency, evolution of deep learning for 
computer vision [12]. 

This article delves into the architecture of VGG19 that builds 
upon the VGG16 resulting in increased depth and complexity, 
it has 16 CNN, 3 fully connected layers, padding, pre-trained 
models learned on ImageNet datasets, it also discusses 
ImageNet Large Scale Visual Recognition Challenge 
(ILSVRC) [13]. The implementation of hyperparameters and 
control mechanisms are discussed in this article which involves 
content emphasis, blending multiple styles, iterative rendering 
[14]. This research article addresses how the Depth Extraction 
Generative Adversarial Network (DE-GAN) innovatively 
integrates a multi feature extractor, combining U-net, multi-
factor extractor and MiDas depth estimation network [15]. 

3. Proposed System 
To design an intuitive and user-friendly interface that allows 

user to upload their own content images and select style 
reference images, including options for users to adjust 
parameters, server-based backend system capable of handling 
image processing tasks and neural network computations by 
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utilizing Tensorflow to build the style transfer models. In real-
time feedback and rendering process, provide immediate visual 
feedback to users displaying the evolving artwork during the 
style transfer process. The user can provide their own output 
image size from the content and style images generated. 

The implementation of error handling mechanisms provides 
guidance to users in case of invalid inputs or errors during the 
interaction process which supports various formats and 
resolution for output. 

4. Software Implementation 
In interactive art generation with style transfer, the software 

process typically involves a series of steps to enable user 
interaction and neural network-based image manipulation. 
Initially, the user interacts with a graphical user interface (GUI) 
that allows them to upload their desired content image and 
select or upload reference style images. Behind the scenes, the 
backend system uses deep learning models, often based on 
convolutional networks (CNNs) pre-trained on image 
classification tasks (VGG19), the image is loaded and pre-
processed to extract content and style features from the 
uploaded images. Load and convert to float numpy array, add 
batch dimension and normalize to range [0,1] Using padding 
technique and tensorflow hub, image is cropped and contents of 
image retains from both content and style images. These 
features are then manipulated according to user-defined 
parameters, such as style intensity or content emphasis, using 
algorithms that perform the style transfer. 

The software orchestrates this process, combining user input, 
neural network computations and iterative rendering to 
facilitate an interactive and creative experience, ultimately 
generating stylized art based on the user’s preferences and 
interactions. 

5. Result and Discussion 

 

 
Fig. 2.  Generated image 

Therefore, the system displays the generated artwork in real-
time, allowing users to see the evolving output as they interact 
with the interface, resulting in visually appealing and creative 
outputs. The visual outputs demonstrated a commendable 
fusion of styles onto diverse content, boasting high fidelity to 
the selected artistic influences while retaining clarity and 
coherence. Furthermore, while the system managed to produce 
diverse outputs, there remained opportunities for enhancing the 
variability of generated artworks. 

However, the computational efficiency allowed near-real-
time generation, enhancing user engagement. This study 
highlights the potential of interactive style transfer in art 
generation, suggesting avenues for refining algorithms and user 
interfaces to achieve even more compelling and diverse artistic 
outputs. 

 

 
Fig. 3.  User input 

 
This shows options for users to adjust parameters and provide 

input images i.e., content image URL, style image URL and the 
output image size. 

6. Conclusion 
In summary, the creation of interactive art generation 

systems that make use of style transfer techniques is an 
intriguing combination of cutting-edge technology and artistic 
expression. These technologies enable people to freely explore 
their creativity by fusing their own visual content with a variety 
of artistic styles in real-time, by utilizing neural networks and 
pre-trained models, users are able to adjust parameters 
dynamically, see instantaneous visual artwork transformations. 
These systems convergence of artistic innovation, 
computational efficiency and user interaction opens up new 
creative directions. Users can interact with the creative process, 
try out different styles and ultimately produce customized 
artworks that transcend different mediums. 
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