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Abstract: Vision Transformer (ViT) architectures have emerged as powerful alternatives to 

conventional convolutional neural networks for image classification because they model long-range 

visual dependencies through self-attention. This paper presents a software-based image classification 

framework that uses a pre-trained ViT-Base Patch16-224 model for single-image prediction and 

dataset-level evaluation. Images are collected from a Kaggle-style class-wise dataset and are 

processed through RGB conversion, resizing to 224 × 224 pixels, normalization, tensor conversion, 

and transformer-based inference. The proposed system also incorporates a graphical user interface 

that allows the user to select an image, visualize the input, and observe the predicted label and top-

ranked class outputs. In addition, a performance evaluation module computes accuracy, precision, 

recall, F1-score, confusion matrix, and classification report. The uploaded result screenshots 

demonstrate successful qualitative predictions for a flower image, a teddy bear image, and a Labrador 

retriever image. The study shows that pre-trained Vision Transformer models can be effectively 

integrated into a flexible software-only classification framework suitable for academic demonstration, 

rapid prototyping, and future extension to custom image datasets. 
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I. INTRODUCTION 

Image classification is one of the most fundamental tasks in computer vision. The objective of an image classification 

system is to assign a suitable category label to an input image according to its visual content. It is widely used in 

practical applications such as medical diagnosis, agriculture, industrial quality inspection, surveillance, autonomous 

systems, and general object recognition. Conventional image classification methods depended on handcrafted features 

such as texture, color, shape, and edge descriptors, followed by machine learning classifiers such as support vector 

machines or decision trees. These approaches, however, often failed to generalize well when the dataset contained large 

intra-class variation and complex visual scenes. 

Deep learning, especially convolutional neural networks (CNNs), transformed image classification by automatically 

learning hierarchical features from raw images. CNN models such as AlexNet, VGGNet, ResNet, and EfficientNet 

demonstrated strong performance across many benchmark datasets. Even so, CNNs primarily capture local 

relationships through convolution kernels, and the modeling of long-range dependencies may require deeper structures 

or larger receptive fields. For many classification tasks, especially those involving contextual image understanding, it is 

beneficial to directly model interactions among distant regions. 
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Transformers were first introduced for natural language processin

Vision Transformer (ViT). In ViT, an image is divided into fixed

similar to a word in a sequence. These tokens are processed using self

relationships among image regions. This attention

visual understanding tasks. 

The present work develops a full software

system includes single-image inference through a graphical user interface and dataset

classification metrics. The uploaded result screenshots indicate successful qualitative predictions for mult

categories, demonstrating the practicality of the approach.

The foundational transformer model was introduced by Vaswani et al. through the self

described in “Attention Is All You Need.” This work e

convolution with attention-based sequence modeling [2].

Dosovitskiy et al. later introduced the Vision Transformer, showing that image patches can be processed in the same 

manner as tokens and that transformer models can achieve competitive image classification performance when pre

trained on large-scale datasets [1]. This work marked a major shift in computer vision research and established ViT as a 

strong alternative to CNN-based architectures.

Subsequent research focused on improving transformer efficiency and practical training. Touvron et al. proposed Data

efficient Image Transformers (DeiT), which demonstrated that strong transformer models could be trained more 

efficiently with carefully designed distillation strategies [3]. Similarly, Liu et al. proposed the Swin Transformer, a 

hierarchical transformer with shifted-window self

Despite the rise of transformer-based models, CNNs remain i

AlexNet, VGG, ResNet, and EfficientNet continue to influence image classification research and serve as strong 

comparative baselines [5]–[8]. The present work is aligned with the modern trend of using pr

through open-source ecosystems such as PyTorch and Hugging Face Transformers for practical and accessible image 

classification solutions [10]. 

The overall methodology of the proposed ViT

workflow begins with the dataset and image selection stage and proceeds through preprocessing, patch generation, 

transformer-based feature learning, prediction, and evaluation.

Figure 1. Proposed Vision Transformer
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Transformers were first introduced for natural language processing and later adapted to computer vision through the 

Vision Transformer (ViT). In ViT, an image is divided into fixed-size patches and each patch is treated as a token 

similar to a word in a sequence. These tokens are processed using self-attention, enabling the model to learn global 

relationships among image regions. This attention-driven approach makes ViT particularly suitable for next

The present work develops a full software-based image classification system using a pre-trained ViT model. The 

image inference through a graphical user interface and dataset-level evaluation through standard 

classification metrics. The uploaded result screenshots indicate successful qualitative predictions for mult

categories, demonstrating the practicality of the approach. 

 

II. RELATED WORK 

The foundational transformer model was introduced by Vaswani et al. through the self-attention

described in “Attention Is All You Need.” This work established the theoretical basis for replacing recurrence and 

based sequence modeling [2]. 

Dosovitskiy et al. later introduced the Vision Transformer, showing that image patches can be processed in the same 

hat transformer models can achieve competitive image classification performance when pre

scale datasets [1]. This work marked a major shift in computer vision research and established ViT as a 

based architectures. 

Subsequent research focused on improving transformer efficiency and practical training. Touvron et al. proposed Data

efficient Image Transformers (DeiT), which demonstrated that strong transformer models could be trained more 

signed distillation strategies [3]. Similarly, Liu et al. proposed the Swin Transformer, a 

window self-attention that improved scalability and efficiency [4].

based models, CNNs remain important benchmarks. Classical architectures such as 

AlexNet, VGG, ResNet, and EfficientNet continue to influence image classification research and serve as strong 

[8]. The present work is aligned with the modern trend of using pre-trained ViT models 

source ecosystems such as PyTorch and Hugging Face Transformers for practical and accessible image 

 

III. METHODOLOGY 

The overall methodology of the proposed ViT-based image classification system is illustrated in Figure 1. The 

workflow begins with the dataset and image selection stage and proceeds through preprocessing, patch generation, 

based feature learning, prediction, and evaluation. 

1. Proposed Vision Transformer-based image classification methodology.
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3.1 Dataset and Input Image Handling 

The input images are organized into class-wise folders, following the common structure used by Kaggle and other 

benchmark image datasets. During single-image inference, the user selects an image through the GUI. During dataset 

evaluation, images are processed in batch mode. All images are converted to RGB format before being passed to the 

model to ensure compatibility with the pre-trained ViT input pipeline. 

3.2 Image Preprocessing 

The selected image is resized to 224 × 224 pixels because the ViT-Base Patch16-224 model requires a fixed input size. 

The image is normalized and converted into tensor format using the corresponding image processor. This ensures that 

the input conforms to the distribution expected by the pre-trained model. 

X_p = Preprocess(X) 

where X is the original image and X_p is the preprocessed image supplied to the model. 

3.3 Patch Generation and Patch Embedding 

A key difference between Vision Transformers and CNNs is that ViT operates on image patches instead of 

convolutional feature maps. For an image of size 224 × 224 with patch size 16 × 16, the number of patches is: 

N = (H × W) / P^2 = (224 × 224) / 16^2 = 196 

Each patch is flattened and projected into an embedding space using a learnable linear projection: 

z_i = W_e x_i + b_e 

where x_i is the i-th flattened patch, W_e is the projection matrix, b_e is the bias term, and z_i is the patch embedding. 

3.4 Positional Encoding and CLS Token 

Since transformers do not inherently preserve spatial ordering, positional embeddings are added to the patch 

embeddings. A learnable classification token (CLS token) is prepended to the patch sequence so that its final 

representation can be used for classification. 

Z_0 = [x_cls ; z_1 ; z_2 ; ... ; z_N] + E_pos 

3.5 Transformer Encoder and Self-Attention 

The token sequence is processed through a stack of transformer encoder layers. Each layer contains multi-head self-

attention, normalization, residual connections, and a feed-forward network. Self-attention is computed as: 

Attention(Q, K, V) = softmax((QK^T) / sqrt(d_k)) V 

This formulation enables every image patch to interact with every other patch, allowing the model to capture global 

image context. The final CLS token representation encodes the semantic information used for classification. 

3.6 Classification Head and GUI Prediction 

The final feature vector is passed through a classification head that produces class scores. The softmax function 

converts these scores into class probabilities: 

P(y = c | x) = exp(s_c) / Σ_j exp(s_j) 

The GUI module displays the selected input image, the predicted label, and a ranked list of top predictions. This makes 

the system suitable for educational demonstration and practical testing. 

3.7 Performance Evaluation 

In addition to single-image inference, the system includes a dataset evaluation module. Performance is assessed using 

accuracy, precision, recall, F1-score, classification report, and confusion matrix. Accuracy is given by: 

Accuracy = (TP + TN) / (TP + TN + FP + FN) 

These metrics provide a broad view of the model’s behavior and help identify strengths and weaknesses during testing. 

 

IV. RESULTS AND DISCUSSION 

The uploaded result screenshots demonstrate the functioning of the Vision Transformer-based inference interface. To 

improve the presentation quality, the screenshots have been aligned and placed consistently in the results section as 

shown in Figure 2. The qualitative outputs confirm that the system can correctly display the selected image and produce 

an associated class prediction. 
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Figure 2. Aligned qualitative result screenshots from the proposed Vision Transformer

4.1 Qualitative Analysis 

The first result example shows a flower image passed through the GUI inference interface. The output panel rep

predicted flower-related label and displays ranked prediction scores. This demonstrates the system’s capability to work 

with natural image categories. 

The second result example shows the successful inference of a teddy bear image. The GUI clearly di

image and the predicted label, indicating that the system can classify object

settings. 

The third result example shows a Labrador retriever image and its corresponding prediction. This confirms that 

proposed system can recognize common animal/object categories using the pre

4.2 Discussion 

The qualitative outputs validate the end-to

trained ViT model, combined with standard preprocessing and a simple GUI layer, is sufficient to provide meaningful 

predictions without requiring complex hardware. The use of a transformer

representational capability through self-attention 

improvements, the system can be enhanced by fine

and including detailed confusion matrix results in the GUI or report.

This paper presented a complete software-

architecture. The proposed framework processes input images through resizing, normalization, patch embedding, self

attention-based transformer encoding, and softmax classification. A GUI

dataset-level evaluation module were included to make the system practical for both demonstration and analysis. The 

aligned output screenshots included in the paper confirm successful qualitative predictions for flower, teddy bear, and 

Labrador retriever images. Overall, the work demonstrates that attention

Transformers is a strong and flexible solution for next
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(c) 

Figure 2. Aligned qualitative result screenshots from the proposed Vision Transformer-based image classification 

system. 

The first result example shows a flower image passed through the GUI inference interface. The output panel rep

related label and displays ranked prediction scores. This demonstrates the system’s capability to work 

The second result example shows the successful inference of a teddy bear image. The GUI clearly di

image and the predicted label, indicating that the system can classify object-centric images captured under practical 

The third result example shows a Labrador retriever image and its corresponding prediction. This confirms that 

proposed system can recognize common animal/object categories using the pre-trained ViT representation.

to-end functionality of the proposed system. The results indicate that the pre

odel, combined with standard preprocessing and a simple GUI layer, is sufficient to provide meaningful 

predictions without requiring complex hardware. The use of a transformer-based backbone offers strong 

attention and supports easy extension to larger custom datasets. For future 

improvements, the system can be enhanced by fine-tuning on domain-specific data, adding probability visualization, 

and including detailed confusion matrix results in the GUI or report. 

 

V. CONCLUSION 

-based image classification system built on a pre-trained Vision Transformer 

architecture. The proposed framework processes input images through resizing, normalization, patch embedding, self

transformer encoding, and softmax classification. A GUI-based single-image inference module and a 

level evaluation module were included to make the system practical for both demonstration and analysis. The 

e paper confirm successful qualitative predictions for flower, teddy bear, and 

Labrador retriever images. Overall, the work demonstrates that attention-driven visual understanding through Vision 

Transformers is a strong and flexible solution for next-generation image classification. 
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based image classification 

The first result example shows a flower image passed through the GUI inference interface. The output panel reports a 

related label and displays ranked prediction scores. This demonstrates the system’s capability to work 

The second result example shows the successful inference of a teddy bear image. The GUI clearly displays the input 

centric images captured under practical 

The third result example shows a Labrador retriever image and its corresponding prediction. This confirms that the 

trained ViT representation. 

end functionality of the proposed system. The results indicate that the pre-

odel, combined with standard preprocessing and a simple GUI layer, is sufficient to provide meaningful 

based backbone offers strong 

and supports easy extension to larger custom datasets. For future 

specific data, adding probability visualization, 

trained Vision Transformer 

architecture. The proposed framework processes input images through resizing, normalization, patch embedding, self-

image inference module and a 

level evaluation module were included to make the system practical for both demonstration and analysis. The 

e paper confirm successful qualitative predictions for flower, teddy bear, and 

driven visual understanding through Vision 
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