
© December 2024 | IJIRT | Volume 11 Issue 7 | ISSN: 2349-6002 

IJIRT 170725   INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY   1440 

Image Transformation and Enhancement using the SAM 

Model for Segmentation, Fuzzy Set, and Style Shift 
 

 

Vishal Vinay Ram 

Dept of Computer Science, UVCE 

 

Abstract—This paper presents a method for image 

enhancement that is accessible even to those with 

limited expertise. We integrate three techniques: the 

SAM model, fuzzy logic, and style shift. Think of the 

SAM model as an intelligent tool breaking down images 

into distinct parts, which are then individually refined. 

Fuzzy logic comes into play when addressing fuzzy or 

unclear areas, ensuring precise correction only where 

needed. To ensure visual harmony, style shift is 

employed to match colors and styles across the entire 

image.  

 

I. INTRODUCTION 

 

Embarking on the journey of photography as a 

graduate student can often prove to be a daunting 

task, given the plethora of technical terminology 

involved. The purpose of this guide is to alleviate 

such complexities, presenting an endeavor to 

streamline the photographic process, thereby 

transforming ordinary captures into remarkable 

masterpieces, all without necessitating a formal 

education in photography. Employing the SAM 

model for picture organization and harnessing fuzzy 

logic to address issues of blurriness stand as integral 

components of this approach. 

Moreover, delving into the exploration of stylistic 

shifts introduces an element of finesse, facilitating 

the seamless fusion of colors and atmospheres. The 

overarching objective is to render the art of 

photography both captivating and accessible to 

individuals across diverse backgrounds, transcending 

the confines of formal education within the 

discipline. This document extends an invitation to 

accompany me on this transformative odyssey into 

the realm of photography, with the ultimate 

aspiration of elevating visual creations to the 

forefront of aesthetic brilliance on a global scale. 

 

II. RELATED WORKS 

In [Zhao’s], the focus shifts to the SAM Model, with 

a specific emphasis on enhancing low-light images. 

This paper introduces the Enlighten-anything 

approach, which endeavors to augment and merge the 

semantic intent of SAM segmentation with low-light 

imagery. Addressing the challenge of visible 

information degradation in low-light conditions, this 

method enhances the generalization capability within 

unsupervised learning frameworks. Experimental 

findings conducted on the LOL dataset demonstrate 

a noteworthy enhancement, showcasing a 3dB 

increase in Peak signal-to-noise ratio (PSNR) over 

the baseline, along with an improved Structural 

Similarity Index (SSIM). Additionally, the paper 

introduces the concept of zero-shot learning within 

SAM, presenting a valuable addition to unsupervised 

low-light enhancement techniques. 

Tailored with a focus on first-year undergraduates, 

this exploration serves as an introductory primer to 

fundamental image enhancement technologies. The 

methodologies elucidated herein provide a 

foundational comprehension and pave the way for 

further exploration and advancement in the realm of 

image processing. 

     

III. METHODOLOGY 

 

A. Feature Extraction with SAM 

 

Within the expansive realm of computer vision, the 

process of Feature Extraction holds a pivotal 

position, particularly when employing sophisticated 

models like the Segment Anything Model (SAM). 

SAM's prowess in semantic segmentation, which 

excels in parsing intricate image details and 

delineating meaningful classes at the pixel level, 

underscores its significance in modern computer 

vision applications. 

At the heart of SAM's capability lies its ability to 

meticulously categorize pixels during the Feature 

Extraction process, resulting in the creation of a 

finely-grained segmented map. This map acts as a 

rich repository, encapsulating the nuanced 

https://arxiv.org/abs/2306.10286
https://www.kaggle.com/datasets/soumikrakshit/lol-dataset
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characteristics of diverse elements within the image. 

Through Feature Extraction, SAM condenses these 

intricate details into a set of features, producing a 

concise yet comprehensive representation of 

segmented objects. These extracted features are the 

foundational building blocks for subsequent tasks in 

image analysis, object recognition, and other 

downstream applications that demand a nuanced 

understanding of image content. 

In the SAM feature extraction phase, the 

segmentation module is brought to bear to identify 

distinct classes within an image based on shared 

visual characteristics. SAM then proceeds to extract 

color, texture, and shape features from each 

segmented region, thereby capturing the unique 

attributes of different classes with precision. The 

resulting segmented map visually elucidates the 

image's breakdown into classes, each of which is 

assigned a specific label. This multi-scale analysis 

ensures SAM's adaptability to diverse content types 

within the image, enhancing its versatility and 

applicability across various domains. 

Furthermore, the extracted feature representations lay 

the groundwork for subsequent matching and 

targeted enhancement tasks. By discerning and 

preserving the distinctive characteristics of each 

segmented region, SAM empowers practitioners to 

delve deeper into image understanding and 

manipulation, facilitating more sophisticated and 

context-aware applications. 

 
Fig. 1.  SAM Model 

 

B. Working on SAM models 

 

The Segment Anything Model (SAM) stands as a 

transformative force within the realm of image 

restoration and enhancement, leveraging its 

exceptional semantic segmentation capabilities to 

redefine traditional approaches. Trained with 

meticulous precision to identify and delineate objects 

within images, SAM serves as a fundamental 

cornerstone for subsequent processes. Its proficiency 

extends beyond mere segmentation, encompassing 

feature extraction, where SAM adeptly captures and 

represents the distinctive characteristics of each 

segmented region. This nuanced comprehension of 

image content forms the bedrock for context-aware 

restoration, facilitating selective enhancements that 

seamlessly adapt to the specific attributes of each 

identified object or region while safeguarding their 

inherent integrity. 

Furthermore, SAM's impact resonates deeply with 

style shift techniques. Harnessing its segmentation 

precision, SAM orchestrates the application of 

stylistic changes, ensuring that enhancements not 

only maintain but also augment the overall visual 

coherence of the image. This sophisticated approach 

introduces an artistic dimension to image 

enhancement, enabling creative adaptations while 

preserving the essence of the original content. 

SAM's resilience and adaptability, cultivated through 

rigorous training with diverse datasets, position it as 

a proficient navigator of complex scenes and 

scenarios, thereby enhancing its efficacy in real-

world applications. The symbiotic interplay between 

SAM's semantic segmentation and subsequent 

enhancement techniques firmly establishes the model 

as a potent instrument for achieving visually refined, 

contextually aware, and aesthetically pleasing 

outcomes in both image restoration and enhancement 

domains. 

Central to our methodology is SAM's semantic 

segmentation process, denoted as S = SAM(I), 

wherein pixels are classified into distinct classes. In 

this framework, feature extraction with SAM 

assumes a pivotal role, propelled by its segmentation 

module. SAM delineates various regions within an 

image, assigning distinct labels to create a segmented 

map, which serves as the bedrock for subsequent 
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feature extraction. This intricate process captures 

color, texture, and shape features from each region, 

ensuring adaptability to diverse content through 

meticulous multi-scale analysis. Concurrently, we 

introduce fuzzy logic into SAM's output to address 

uncertainties and refine image imperfections. 

Fuzzy logic operates by employing membership 

functions to quantify certainty levels for each pixel in 

the segmented map. A rule-based system assesses 

attributes such as sharpness and contrast, and 

adaptive correction mechanisms intervene based on 

the degree of fuzziness, enabling localized 

adjustments where necessary. This amalgamation of 

integrated processes empowers SAM to discern and 

preserve the unique characteristics of segmented 

regions, thereby facilitating comprehensive and 

nuanced image enhancement. The seamless fusion of 

feature extraction and fuzzy logic in our methodology 

effectively addresses uncertainties, offering a 

bespoke correction approach while upholding the 

overall visual coherence and fidelity of the image. 

 
Fig. 2. SAM Model Working 

 

C. Fuzzy Logic Integration: 

 

The integration of Fuzzy Logic marks a pivotal 

juncture in the evolution of the Segment Anything 

Model (SAM), where its segmented features 

encounter the nuanced realm of uncertainty. By 

infusing fuzzy logic into SAM's output, the model 

gains the invaluable ability to navigate and manage 

imprecise information effectively. Fuzzy logic offers 

a structured approach to handling uncertainties by 

leveraging predefined rules that govern the 

relationships between different segmented regions. In 

this context, these rules encapsulate the intricate and 

often ambiguous connections between segments, 

thereby providing a more adaptive and context-aware 

understanding of the image content. Fuzzy logic 

enables the representation of uncertainty levels, 

empowering SAM to make more nuanced decisions 

when confronted with complex scenarios or unclear 

boundaries between segmented elements. This 

integration significantly enhances SAM's capacity to 

grapple with the subtleties inherent in real-world 

images, thereby augmenting its overall robustness 

and effectiveness in capturing the complexity of 

visual scenes. 

The incorporation of style shift techniques into our 

methodology represents another crucial facet of 

enhancing image coherence and aesthetic appeal 

across segmented regions. This involves the 

utilization of advanced style transfer methods such as 

Neural Style Transfer (NST), pioneered by Gatys et 

al. (2015), which seamlessly merges content and style 

features to achieve visually compelling results. 

Additionally, techniques like Adaptive Instance 

Normalization (AdaIN), introduced by Huang and 

Belongie (2017), offer flexible and adaptive style 

transfers by adjusting feature map statistics, thereby 

facilitating cohesive visual consistency. Furthermore, 

the use of CycleGAN, proposed by Zhu et al. (2017), 

proves invaluable for unpaired image-to-image 

translation, enabling diverse style transfers while 

maintaining fidelity to the original content. Lastly, 

Fast Neural Style Transfer, as introduced by Johnson 

et al. (2016), focuses on real-time stylization, 

ensuring efficiency in style application without 

compromising on visual quality. Collectively, these 

methods play a pivotal role in ensuring that style shift 

enhances visual coherence across segmented regions, 

thereby creating a unified and aesthetically pleasing 

image that resonates with viewers. 

 

F(x,y)=ϕ(μ(S(x,y))) 
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The SAM model performs semantic segmentation by 

identifying distinct classes within an image. Let I be 

the input image, be the segmented map, and θ 

represent the model's parameters. The segmentation 

process can be represented by minimizing a 

segmentation loss function Lseg. 

 

Adaptive Correction with Fuzzy Logic:-:- 

 

For overall enhancement:- 

E=I⋅F  

Ci: Intensity of corrected pixel 

Ii: Intensity of original pixel in the input image 

Ui: Uncertainty map 

α: Parameter for correction extent 

Threshold: Predefined threshold value 

I': Enhanced image (weighted style-shifted version 

added to the original) 

β: Parameter controlling style shift strength 

SS(I, S): Style-shifted version of the input image 

based on style map S 

E: Overall enhanced image (element-wise 

multiplication of style-shifted image I' and fuzzy 

output map F) 

 

Fuzzy logic introduces adaptability by addressing 

uncertainties in the segmented map. Let F be the 

fuzzy output map,μ represent the membership 

function, and ϕ denote predefined fuzzy rules. The 

fuzzy logic integration can be expressed as 

 

 
Fig. 3. Fuzzy Logic working 

 

1) Fuzzy Logic for Image Enhancement: 

 

Fuzzy logic in image enhancement revolutionizes 

traditional approaches by introducing a nuanced 

paradigm that accommodates uncertainty and 

imprecision in image data. Unlike binary logic 

systems, fuzzy logic acknowledges degrees of truth, 

allowing for a more flexible and context-sensitive 

representation of relationships within an image. In 

the realm of image processing, fuzzy logic adapts to 

the inherently subjective nature of visual perception, 

considering variable degrees of intensity, contrast, 

and color. By implementing predefined rules based 

on expert knowledge, fuzzy logic tailors image 

enhancement processes to be context-aware, 

responsive, and adaptive to the complexities of real-

world visual scenarios. This adaptability refines the 

enhancement process, addressing uncertainties and 

imprecisions, ultimately contributing to a more 

refined and visually appealing output by capturing 

the intricate nuances inherent in the image data. 

 

D. Style Shift Incorporation: 

 

Style Shift Incorporation within the realm of 

Generative Adversarial Networks (GANs) 

constitutes a technique aimed at transferring one 

image's stylistic attributes onto another's content. 

GANs, comprising a generator tasked with creating 

realistic images and a discriminator trained to 

distinguish between real and generated images, 

undergo a training phase where the network learns 

the desired style by processing a dataset containing 

images embodying the target aesthetic. 

In the training process, the generator captures 

distinctive features, colors, and patterns associated 

with the desired style. The style transfer operation, 

integral to the Style Shift Incorporation, involves 

generating a new image by amalgamating the content 

of an input image with the learned style. This 
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integration, aptly termed "Style Shift Incorporation," 

is achieved through the adversarial training of the 

generator. Adversarial training refines the generator's 

capability to craft images that seamlessly blend both 

the content of the input image and the desired stylistic 

features. 

During this process, the discriminator plays a crucial 

role by providing feedback to guide the generator in 

producing results that convincingly embody both the 

content and the desired style. The adversarial 

interplay between the generator and discriminator 

ensures a continuous refinement of the generated 

images, enhancing their realism and stylistic fidelity. 

The overarching objective of Style Shift 

Incorporation in GANs is to facilitate the creation of 

images that not only possess realistic content but also 

exhibit the desired aesthetic characteristics, thereby 

broadening the applicability of GANs in diverse 

visual synthesis tasks. 

 
Fig. 4. GAN Working 

 

1) Importance of Style Shift  

 

Style shift in image enhancement and restoration, 

facilitated by Generative Adversarial Networks 

(GANs), plays a crucial role in improving visual 

quality. GANs trained for style transfer can enhance 

images by incorporating stylistic elements from high-

quality references, thereby improving details, colors, 

and overall appearance. In the realm of image 

restoration, these models prove valuable for 

recovering lost features in degraded images and 

addressing issues like blurriness or artifacts. The 

adaptability of GANs to various styles ensures 

consistent visual aesthetics across images, beneficial 

for tasks like video restoration. Additionally, the 

models contribute to artifact reduction, producing 

cleaner and refined images. The cross-modal 

capabilities of style shift enable the transfer of artistic 

styles between different mediums, broadening its 

applications. By combining content preservation with 

stylistic improvements, GAN-based style shift 

emerges as a versatile and effective tool for 

enhancing images in diverse contexts, from vintage 

photograph restoration to modern digital image 

enhancement. 

 

 

Fig. 5. Style Shift Working 

 

IV. ENHANCEMENTS IN THIS APPROACH 

 

In a nutshell, the paper introduces a strong 

methodology for enhancing images using the SAM 

model. However, there are promising avenues for 

further investigation. Firstly, delving into how well 

the SAM model performs in specific scenarios could 

shed light on its limitations and strengths. Assessing 

its real-world applicability requires understanding 

how well the methodology works across diverse 

datasets, encompassing various content types and 

lighting conditions. 

Taking a closer look at fuzzy logic's adaptive nature, 

especially in uncertain scenarios, can refine our 

understanding of its effectiveness. Examining the 

consistency of applying style shift, and addressing 

potential artifacts or limitations, will contribute to the 

reliability of the proposed approach. To validate the 

claim of making photography enhancement 

accessible to less experienced individuals, user 

studies could gauge the approach's user-friendliness 

and effectiveness. 

Considering the impact of SAM's segmentation 

precision on the artistic modifications introduced by 

style shift adds nuance to the proposed integration. 

Analyzing the relationship between SAM's training 

data diversity and its generalization in practical 

scenarios is crucial for assessing its real-world 

robustness. Lastly, benchmarking against existing 

state-of-the-art methods would help validate the 

proposed methodology's superiority or uniqueness. 

These avenues for exploration offer exciting 

opportunities to enhance the methodology's 

comprehensiveness and real-world applicability. 



© December 2024 | IJIRT | Volume 11 Issue 7 | ISSN: 2349-6002 

IJIRT 170725   INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY   1445 

 

V. CONCLUSION 

 

In this innovative exploration of image enhancement, 

our integrated methodology, which combines the 

Segment Anything Model (SAM), fuzzy logic, and 

style shift emerges as a versatile and accessible 

approach. SAM's pivotal role as an intelligent image 

segmenter, proficiently breaking down images into 

distinct components, sets the foundation for our 

methodology. The precision it provides in feature 

extraction contributes to a nuanced understanding of 

image content, forming the bedrock for context-

aware restoration. Fuzzy logic introduces 

adaptability, effectively addressing uncertainties 

through predefined rules, thereby enhancing SAM's 

robustness in handling real-world scenarios. The 

incorporation of style shift introduces an artistic 

dimension to the process, harmonizing visual 

elements while preserving the core content of the 

images. 

Through rigorous testing, our approach underscores 

SAM's proficiency in segmentation and emphasizes 

its crucial role in the image enhancement pipeline. 

The significance of attention to detail and consistency 

in creating captivating images is highlighted, 

showcasing SAM's contribution to crafting visually 

compelling compositions. This method transcends 

skill levels, offering an accessible path for both 

beginners and experienced users to enhance their 

images. Our objective is not only to democratize the 

enchantment of photography but also to position 

SAM as a cornerstone in image enhancement, 

fostering creativity, and promoting visual excellence. 

As we navigate the realms of segmentation, fuzzy 

logic, and stylistic transformations, this approach 

provides a holistic and powerful toolkit, promising a 

transformative journey into the aesthetics of visual 

storytelling through enhanced imagery. The 

integration of SAM, fuzzy logic, and style shift 

enriches the image enhancement process, offering 

users a comprehensive and innovative means to 

elevate their visual storytelling capabilities. 
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