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ABSTRACT  

The rapid development of generative artificial 

intelligence (AI) models has significantly 

transformed the creation of digital visual content. 

Modern generative models such as diffusion 

models and generative adversarial networks are 

capable of producing highly realistic images that 

are often indistinguishable from genuine 

photographs. While these technologies have 

expanded opportunities in creative design, media 

production, and digital automation, they have also 

introduced serious challenges related to 

misinformation, deepfake dissemination, digital 

forgery, and copyright violations. Consequently, the 

ability to accurately classify AI-generated images 

has become a critical requirement for maintaining 

trust in digital media ecosystems. Traditional image 

classification approaches largely rely on 

convolutional neural networks (CNNs) that focus 

on local spatial features. Although CNNs have 

achieved strong performance in many vision tasks, 

they struggle to capture long-range dependencies 

and global contextual relationships that are 

important for detecting subtle artifacts present in 

AI-generated images. Vision Transformers (ViTs), 

which utilize self-attention mechanisms to model 

global image relationships, have emerged as a 

powerful alternative architecture for advanced 

visual understanding. This study proposes a Vision 

Transformer-based framework for detecting and 

classifying AI-generated visual content. The 

proposed system leverages transformer encoders to 

extract global contextual representations from 

images and improves classification performance 

compared to conventional CNN approaches. 

Experimental evaluation demonstrates that 

transformer-based architectures provide superior 

detection capability for synthetic images generated 

by modern AI models. The results highlight the 

potential of Vision Transformers in enhancing 

image authenticity verification systems and 

combating the growing threat of synthetic visual 

misinformation in digital platforms. 

I INTRODUCTION  

Artificial Intelligence has rapidly transformed the 

field of computer vision by enabling machines to 

analyze and interpret visual information with 

remarkable accuracy [1]. In recent years, generative 

artificial intelligence models have significantly 

advanced the ability to automatically create 

realistic digital images [2]. Techniques such as 

Generative Adversarial Networks (GANs) have 

played a crucial role in generating synthetic images 

that closely resemble real-world photographs [3]. 

Diffusion-based generative models have further 

improved image quality and diversity, making 

synthetic images increasingly difficult to 

VISION TRANSFORMERS OF AI-GENERATED VISUAL CONTENT 

CLASSIFICATION 
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distinguish from authentic ones [4]. These 

technologies are widely used in fields such as 

digital art, gaming, advertising, and entertainment 

industries [5]. The accessibility of generative AI 

tools has enabled individuals and organizations to 

create high-quality visual content with minimal 

technical expertise [6]. However, the widespread 

availability of AI-generated images has also 

introduced serious concerns related to 

misinformation and digital manipulation [7]. 

Malicious actors may exploit synthetic images to 

create misleading narratives or fabricate events that 

never occurred [8]. Deepfake technologies 

represent another major challenge, as they allow 

the creation of highly convincing fake images and 

videos [9]. Such developments threaten the 

reliability of visual information distributed across 

digital platforms [10]. Consequently, verifying the 

authenticity of digital images has become an 

important research problem in computer vision and 

media forensics [11]. Traditional image verification 

methods are often insufficient to detect the subtle 

artifacts introduced by advanced generative models 

[12]. Therefore, automated detection systems based 

on machine learning are increasingly required to 

identify AI-generated visual content [13]. 

Researchers have explored various approaches to 

detect synthetic images by analyzing statistical 

inconsistencies and visual artifacts [14]. However, 

the rapid evolution of generative models continues 

to challenge existing detection techniques [15]. 

Deep learning techniques have become the 

dominant approach for image classification and 

visual recognition tasks due to their ability to 

automatically learn complex feature representations 

from large datasets [16]. Convolutional Neural 

Networks (CNNs) have been widely used in 

computer vision applications such as object 

detection, facial recognition, and image 

segmentation [17]. CNN architectures such as 

AlexNet demonstrated the potential of deep 

learning for large-scale image classification tasks 

[18]. Later models including VGG networks 

introduced deeper architectures that improved 

classification performance [19]. Residual networks 

further addressed training challenges by 

introducing skip connections that allow very deep 

networks to be trained effectively [20]. EfficientNet 

models improved computational efficiency while 

maintaining high classification accuracy [21]. 

Despite these advancements, CNN-based models 

mainly focus on local spatial features and may 

struggle to capture long-range relationships within 

images [22]. This limitation becomes particularly 

important when attempting to detect subtle patterns 

that indicate synthetic image generation [23]. To 

address these challenges, transformer-based 

architectures have recently been introduced into 

computer vision tasks [24]. Vision Transformers 

process images by dividing them into patches and 

applying self-attention mechanisms to model 

relationships between different regions of an image 

[25]. The attention mechanism enables the model to 

capture global contextual information more 

effectively than traditional convolutional 

approaches [26]. Vision Transformers have 

demonstrated strong performance in several visual 

recognition tasks including classification, 

segmentation, and object detection [27]. 

Researchers have also explored their application in 

detecting manipulated or AI-generated visual 

content [28]. The ability of transformer models to 

analyze global image structure makes them 

particularly suitable for identifying subtle artifacts 

introduced by generative models [29]. Therefore, 

Vision Transformer-based frameworks are 
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emerging as promising solutions for AI-generated 

image detection and classification [30]. 

II LITERATURE SURVEY  

The rapid growth of generative artificial 

intelligence technologies has motivated extensive 

research into methods for detecting AI-generated 

images. Early studies focused on identifying 

statistical anomalies present in synthetic images 

using traditional machine learning techniques [1]. 

Researchers initially relied on handcrafted features 

extracted from image textures, color distributions, 

and noise patterns [2]. These features were then 

used with classification algorithms such as Support 

Vector Machines to distinguish real images from 

manipulated ones [3]. Some studies analyzed 

frequency-domain characteristics to detect 

inconsistencies introduced during image generation 

processes [4]. Other researchers explored forensic 

approaches that examine pixel-level artifacts or 

compression patterns to identify image 

manipulation [5]. Although these methods showed 

some success, they often lacked robustness when 

confronted with newly developed generative 

models [6]. As generative techniques became more 

sophisticated, handcrafted feature-based detection 

approaches struggled to maintain high accuracy [7]. 

The introduction of deep learning significantly 

improved image analysis capabilities by allowing 

models to automatically learn hierarchical feature 

representations [8]. Convolutional Neural 

Networks quickly became the preferred approach 

for detecting manipulated or synthetic images [9]. 

Several studies applied CNN-based models to 

detect images generated by GAN architectures 

[10]. These models were able to learn visual 

patterns that differentiate synthetic images from 

authentic photographs [11]. Researchers also 

explored deep CNN architectures such as ResNet 

and XceptionNet for deepfake detection tasks [12]. 

These networks demonstrated improved detection 

accuracy by capturing complex spatial features 

from training datasets [13]. However, the 

effectiveness of CNN-based detection methods 

began to decline as generative models evolved and 

produced increasingly realistic images [14]. The 

removal of obvious generation artifacts made it 

more challenging for CNN models to distinguish 

between real and synthetic content [15]. 

To overcome the limitations of convolutional 

architectures, recent research has focused on 

transformer-based models for visual analysis tasks 

[16]. Transformer architectures were originally 

developed for natural language processing but have 

recently been adapted for computer vision 

applications [17]. The introduction of Vision 

Transformers represented a major shift in image 

classification methodology [18]. Instead of relying 

on convolution operations, Vision Transformers 

divide images into fixed-size patches and process 

them as sequences of tokens [19]. Each token is 

analyzed using self-attention mechanisms that 

allow the model to capture relationships between 

distant image regions [20]. This global attention 

capability enables the model to understand 

contextual relationships across the entire image 

[21]. Researchers have demonstrated that Vision 

Transformers can achieve competitive performance 

compared to CNN models in several image 

classification benchmarks [22]. Some studies have 

applied transformer architectures specifically for 

deepfake detection and manipulated image 

identification [23]. Hybrid models combining 

convolutional feature extraction with transformer 

attention mechanisms have also been proposed to 

improve detection accuracy [24]. These models 

leverage the strengths of both CNN and 
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transformer architectures [25]. Large-scale datasets 

containing both real and AI-generated images have 

been used to train robust transformer-based 

detection systems [26]. Researchers have also 

explored explainable AI techniques to interpret the 

decision-making process of deep learning models 

used for fake image detection [27]. Visualization 

methods such as attention maps help identify which 

regions of an image contribute most to 

classification decisions [28]. Such techniques 

improve transparency and trust in automated 

detection systems [29]. Overall, the literature 

suggests that transformer-based approaches provide 

promising solutions for detecting AI-generated 

visual content in modern digital environments [30]. 

III METHODOLOGY  

The proposed methodology focuses on developing 

a Vision Transformer-based framework for 

detecting and classifying AI-generated visual 

content. The system begins with dataset 

preparation, where a collection of real images and 

AI-generated images from various generative 

models is gathered. These images undergo 

preprocessing steps including resizing, 

normalization, and augmentation to improve model 

robustness and generalization capability. After 

preprocessing, the images are divided into fixed-

size patches that serve as input tokens for the 

Vision Transformer architecture. Each patch is 

embedded into a vector representation and 

combined with positional encodings to preserve 

spatial relationships within the image. These 

embedded patches are then processed through 

multiple transformer encoder layers that utilize 

multi-head self-attention mechanisms and feed-

forward neural networks to capture both local and 

global contextual features. The attention 

mechanism allows the model to focus on subtle 

patterns and inconsistencies that may indicate 

synthetic image generation. The extracted features 

are aggregated and passed through a classification 

head consisting of fully connected layers followed 

by a softmax activation function to determine 

whether the image is real or AI-generated. During 

the training phase, the model parameters are 

optimized using cross-entropy loss and gradient-

based optimization algorithms such as Adam. The 

dataset is divided into training, validation, and 

testing subsets to evaluate model performance and 

prevent overfitting. Performance metrics including 

accuracy, precision, recall, and F1-score are used to 

assess classification effectiveness. The proposed 

approach aims to leverage the global feature 

extraction capabilities of Vision Transformers to 

improve the reliability of AI-generated image 

detection systems. 

IV SYSTEM DESIGN  

The system architecture for AI-generated visual 

content classification is designed to efficiently 

process image data and accurately identify 

synthetic content. The overall framework consists 

of multiple stages including data acquisition, 

preprocessing, feature extraction, classification, 

and evaluation. In the first stage, the system 

collects a dataset containing both real images and 

AI-generated images created using modern 

generative models such as GANs and diffusion-

based architectures. These images are stored in a 

structured dataset to ensure balanced representation 

of both classes. During preprocessing, images are 

resized to a uniform resolution and normalized to 

maintain consistency in pixel values. Data 

augmentation techniques such as rotation, flipping, 

and scaling are applied to increase dataset diversity 

and reduce overfitting. The preprocessed images 

are then divided into fixed-size patches that serve 
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as input tokens for the Vision Transformer model. 

Each image patch is embedded into a numerical 

vector representation that captures its visual 

features, and positional encoding is applied to 

preserve spatial information between patches. 

 

 

The embedded patches are passed through a 

sequence of transformer encoder blocks that form 

the core of the Vision Transformer architecture. 

Each encoder block consists of multi-head self-

attention layers and feed-forward neural networks 

that work together to capture complex relationships 

between different regions of the image. The self-

attention mechanism allows the model to analyze 

interactions among image patches and identify 

subtle artifacts that may indicate synthetic 

generation. After passing through multiple 

transformer layers, the extracted features are 

aggregated into a global representation of the 

image. This representation is then forwarded to a 

classification module composed of fully connected 

layers and a softmax function that produces 

probability scores for each class. The system 

outputs whether the image is authentic or AI-

generated. Finally, the performance of the system is 

evaluated using various metrics such as 

classification accuracy, confusion matrix, precision, 

recall, and F1-score. The system design ensures 

efficient feature extraction, robust classification 

performance, and scalability for large-scale image 

verification tasks. 

 

 

V PROPOSED SYSTEM  

The proposed system introduces an advanced 

transformer-based approach for detecting AI-

generated visual content by leveraging the 

capabilities of Vision Transformer architecture. 

Unlike traditional CNN-based detection methods 

that focus primarily on local feature extraction, the 

proposed model captures both global and 

contextual relationships present across the entire 

image. The system begins with dataset collection 

from multiple sources, including real photographic 

images and synthetic images generated using 

modern AI models. The dataset is carefully curated 
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to include diverse image categories and generative 

techniques to ensure that the model can generalize 

effectively. Once collected, the images undergo 

preprocessing steps such as normalization, resizing, 

and data augmentation. These operations help 

improve model robustness and enhance the 

diversity of training data. Each preprocessed image 

is then divided into smaller patches, which are 

treated as tokens in the Vision Transformer 

framework. These tokens are embedded into vector 

representations and combined with positional 

encodings to preserve spatial information before 

being fed into the transformer network. 

The transformer encoder layers perform self-

attention operations that analyze the relationships 

among different image patches. This mechanism 

enables the model to detect subtle patterns and 

irregularities that are often present in AI-generated 

images but difficult to identify through 

conventional convolutional approaches. Multiple 

encoder layers allow the model to progressively 

learn higher-level feature representations that 

contribute to accurate classification. After feature 

extraction, the aggregated representation is passed 

to a classification head consisting of dense neural 

layers followed by a softmax activation function. 

This component determines whether the input 

image belongs to the real or AI-generated category. 

The proposed system also incorporates 

regularization techniques and optimization 

algorithms to improve training stability and reduce 

overfitting. Additionally, performance evaluation is 

conducted using metrics such as accuracy, 

precision, recall, and F1-score to measure the 

effectiveness of the classification model. By 

combining transformer-based global attention 

mechanisms with robust training strategies, the 

proposed system provides a more reliable and 

scalable solution for detecting synthetic visual 

content in modern digital environments. 

VI RESULTS & DISCUSSION  

The experimental evaluation of the proposed Vision 

Transformer-based classification system 

demonstrates promising performance in detecting 

AI-generated images. The model was trained and 

tested on a dataset containing both authentic 

photographs and synthetic images generated by 

advanced AI models. The evaluation results 

indicate that the transformer-based architecture 

achieves higher classification accuracy compared 

to traditional CNN-based approaches. The ability of 

Vision Transformers to capture global relationships 

among image patches enables the system to 

identify subtle inconsistencies and artifacts that 

may not be detectable using convolutional filters 

alone. Performance metrics such as precision, 

recall, and F1-score further confirm the 

effectiveness of the proposed approach in 

accurately distinguishing real images from 

synthetic ones. Additionally, the confusion matrix 

analysis shows a significant reduction in 

misclassification rates. These findings highlight the 

potential of transformer-based models as reliable 

tools for automated detection of AI-generated 

visual content. 
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VII CONCLUSION  

The rapid growth of generative artificial 

intelligence technologies has significantly 

increased the availability of AI-generated images 

across digital platforms. While these technologies 

offer numerous benefits in creative industries, they 

also introduce serious challenges related to 

misinformation, digital manipulation, and loss of 

trust in visual media. Detecting AI-generated 

images has therefore become an essential task for 

maintaining the integrity and reliability of online 

information. This study explored the application of 

Vision Transformer architecture for classifying AI-

generated visual content. Unlike traditional 

convolutional neural networks that primarily focus 
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on local spatial features, Vision Transformers 

utilize self-attention mechanisms to capture global 

relationships within images. This capability enables 

the model to detect subtle artifacts and 

inconsistencies that often exist in synthetic images 

generated by modern AI models. The proposed 

system integrates preprocessing techniques, 

transformer-based feature extraction, and a 

classification module to accurately distinguish 

between real and AI-generated images. 

Experimental results demonstrate that the Vision 

Transformer-based approach achieves improved 

classification performance compared to 

conventional CNN methods. The results also 

highlight the importance of leveraging global 

contextual information for detecting sophisticated 

generative content. Overall, the study confirms that 

transformer-based architectures provide a 

promising solution for AI-generated image 

detection. Future work may focus on integrating 

multi-modal analysis, improving explainability of 

detection models, and expanding datasets to 

include newer generative models in order to further 

enhance system robustness and reliability. 
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