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ABSTRACT

Neural Style Transfer (NST) is a deep learning technique that
combines the content of one image with the artistic style of
another image to generate visually appealing results.
Traditional NST methods primarily focus on single style
transfer and often fail to preserve important semantic
information, resulting in distortion of object structures and
image details. This paper presents an enhanced Neural Style
Transfer framework that supports multi style blending while
maintaining semantic consistency. The proposed approach
integrates semantic segmentation and attention mechanisms to
apply different artistic styles to semantically relevant regions of
an image. A multi style fusion module is used to combine
multiple style representations in a balanced and coherent
manner. The framework utilizes a pre trained VGG19 network
for feature extraction and optimization of content and style
features. Experimental results demonstrate that the proposed
system produces high quality stylized images with improved
content preservation, smoother style transitions, and better
semantic integrity. The proposed method offers a flexible and
effective solution for artistic image generation and can be
applied in digital art, image editing, multimedia design, and
creative content generation.
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INTRODUCTION

Neural Style Transfer (NST) is a deep learning technique that
combines the content of one image with the artistic style of
another image to generate visually appealing results. The
concept was first introduced by Gatys et al. using deep
convolutional neural networks to extract content and style
representations from images [1]. Although traditional NST
methods produce impressive stylized images, they are generally
limited to single-style transfer and often fail to preserve
important semantic information. Recent studies have focused
on semantic-aware style transfer and multi-style blending to
improve content preservation and visual consistency [3], [13].
To address these limitations, this work proposes an enhanced
neural style transfer framework that integrates multi-style
fusion and semantic preservation. By utilizing semantic
segmentation and attention mechanisms, the proposed system
applies multiple artistic styles effectively while maintaining the
structural integrity of objects and improving the overall visual
quality of the generated images [3].

Tablel Traditional Techniques Used for Neural Style Transfer
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LITERATURE REVIEW

Several researchers have proposed different approaches to
improve Neural Style Transfer (NST) by enhancing style

quality and preserving
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content

information.

AdaAttN

introduced Adaptive Attention Normalization to establish fine
grained correspondence between content and style features,
resulting in improved stylization quality and content
preservation [1]. StyTr> employed a transformer based
architecture to capture long range dependencies and enhance
semantic consistency during style transfer [2]. Style Mixer
proposed a semantic aware multi style transfer framework that
automatically applies different artistic styles to semantically
meaningful regions, achieving better style diversity and
smoother transitions [3].

Recent studies have focused on semantic preservation and
attention mechanisms. MAST aligned content and style features
based on semantic manifolds to improve structural fidelity [9].
CAST utilized contrastive learning to learn richer style
representations and reduce visual artifacts [8]. Zhao et al.
introduced semantic masks to guide the style transfer process,
preserving semantic boundaries and reducing distortions [13].
Although these methods improve stylization quality, challenges
such as efficient multi style fusion, semantic consistency, and
real time performance still remain. Therefore, this work
proposes an enhanced neural style transfer framework that
integrates multi style blending and semantic preservation to
generate visually coherent and semantically meaningful

stylized images.

ARCHITECTURE DIAGRAM
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1. Input Layer (Image Loading and Preprocessing)

The system takes a content image and a style image as input.
Both images are resized, converted into tensors, and
normalized to make them compatible with the VGG19
network.

2. Feature Extraction Layer

A pre-trained VGG19 model is used to extract content and
style features from different convolutional layers. These
features capture the structure and texture information of the
images.

3. Style and Content Loss Computation Layer

Content loss measures how well the generated image
preserves the original content, while style loss measures the
similarity to the style image. Both losses are combined to
calculate the total loss.
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4. Optimization Layer

The generated image is optimized using the Adam optimizer.
Pixel values are updated iteratively to minimize the total loss
and produce the final stylized image.

TABLE2 HYPER PARAMETER SET

references for our study. Finally, we thank our friends,
classmates, and family members for their encouragement,
cooperation, and support throughout the project, which greatly
contributed to its successful completion.

CONCLUSION

The implemented Neural Style Transfer system effectively
transfers artistic styles onto content images while preserving
structural integrity. By using the VGG19 network as a fixed

Table 2 - Hvmer P feature extractor, the framework accurately captures both
Hyperpar able 2 - Hyper Parameter Set content and style representations. The combination of content
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