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Abstract

The project presents an Al-assisted dental disease classification system using the dental-disease-detection
dataset, aimed at automating the identification of four dental conditions: Caries, Crown, Filling, and
Periapical Lesion. It implements and evaluates three deep learning algorithms are ResNet50, MaxViT,
and Swin V2 Tiny model each with unique approaches to feature extraction and processing. ResNet50
utilizes deep convolutional layers, MaxViT integrates convolution with attention mechanisms, while Swin
V2 Tiny employs a hierarchical Transformer architecture. The models are trained on preprocessed and
augmented images, and their performance is measured through accuracy, precision, recall, F1-score, and
confusion matrix metrics. The system offers computer-aided diagnostic support to enhance the efficiency
of dental X-ray analysis and assist professionals in disease detection.
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1. Introduction

Dental diseases are one of the most common problems relating to oral health and affect both the teeth and
the surrounding tissues. It is important to identify these conditions early on in order to choose the right
treatment and to avoid further complications. Dental X-rays, since they show the internal structure of the
teeth, are commonly used by dental professionals for diagnosis. Yet manual examination of X-ray images
is time-taking and prone to variation because of the quality of the image, the clinician's experience, and
the fact that different dental conditions can look similar to each other.

The recent progress in Artificial Intelligence (Al) and Deep Learning (DL) has made it possible to carry
out an automated analysis of medical images. Deep learning models are able to learn complex visual
features directly from images and then classify them into separate disease categories. For this project, the
dental-disease-detection dataset is used in order to create a multi-class dental disease classification system,
the system concentrating on four types: Caries, Crown, Filling, and Periapical Lesion.

The three state-of-the-art deep learning architectures ResNet50, MaxViT, and Swin V2 Tiny are
implemented and compared. ResNet50 uses deep convolutional layers to carry out feature extraction;
MaxViT combines convolution and attention mechanisms in order to capture both local and global
features; and Swin V2 Tiny makes use of a hierarchical Transformer architecture together with shifted-
window attention in order to learn the contextual relationships in dental X-ray images.
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The system involves image preprocessing, augmentation, model training, classification, and prediction.
Performance of the model is assessed by means of accuracy, precision, recall, the F1-score, the confusion
matrix, and the performance for each class. Moreover, the system determines the disease category and
gives a confidence score for each input X-ray image. This method is intended to provide an efficient
computer-aided diagnostic support system for the initial identification of dental disease.

2. Literature Review

Recent research has shown that deep learning methods are becoming more and more commonly used for
automatically detecting dental diseases from X-ray images. Conventionally, dental diagnosis relies on a
manual examination by dental professionals, a process that can take a lot of time and require considerable
clinical expertise. Convolutional Neural Networks (CNNs) have been extensively studied for the analysis
of dental images since they are able to automatically extract meaningful features from medical images.
ResNetb0 featured residual connections, which allow deeper networks to be trained, and has been
successfully used in a variety of medical image classification tasks. More recently, attention-based
architectures such as MaxViT have combined convolutional operations with attention mechanisms in
order to capture both the local details and the global relationships in images. Transformer-based models
have also become important in the area of medical image analysis, with Swin Transformer and Swin V2
Tiny enabling hierarchical feature learning via shifted-window attention. These architectures are capable
of identifying complex spatial patterns that could be useful for telling similar dental conditions apart.
There have been previous studies in which deep learning has been applied to the detection of conditions
such as caries, restorations, crowns, and periapical lesions from dental radiographs. However, due to
differences in the datasets, image quality, disease categories, and model architectures, direct comparison
is difficult.
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3. Hardware and Software Requirements
3.1 Hardware

Processor: Intel Core i5/i7

RAM: Minimum 8 GB (16 GB recommended)

Storage: Minimum 20 GB of free disk space

GPU: NVIDIA GPU with CUDA support (recommended for deep learning training)
GPU Memory: Minimum 8 GB VRAM

3.2 Software

o

Operating System: Windows, Linux

Programming Language: Python 3.x

Development Platform: Google Colab / Jupyter Notebook

Deep Learning Framework: PyTorch

Libraries: NumPy, Pandas, Scikit-learn, Matplotlib, Seaborn, OpenCV
GPU Support: CUDA

Dataset Source: Kaggle Dental Disease Detection Dataset

. Methodology
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Figure 1: Architecture Diagram for Proposed Model

5. Proposed Model
Swin Transformer (Shifted Window Transformer) is a deep learning architecture designed for computer
vision tasks. Unlike traditional Convolutional Neural Networks (CNNSs), which mainly use convolution
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operations to extract image features, Swin Transformer uses self-attention mechanisms to understand
relationships between different regions of an image. It divides an input image into small patches and
processes them using window-based multi-head self-attention (W-MSA). In the next layer, the windows
are shifted, creating Shifted Window Multi-Head Self-Attention (SW-MSA). This allows information to
flow between neighboring windows while reducing the computational cost compared with global self-
attention. Swin Transformer uses a hierarchical architecture, where feature representations are gradually
merged as the network becomes deeper. This enables the model to learn both fine-grained local features
and higher-level global features. Because of these properties, Swin Transformer has been applied to
medical image analysis and classification.
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Figure 2: Architecture Diagram for Swin Transformer

Swin v2 is a model with 3 billion parameters that is concerned with methods for scaling a vision model to
billions of parameters; it includes techniques such as combining residual-post-norm with cosine attention
to improve training stability, and the use of log-spaced continuous position bias to better deal with the
different image resolutions encountered between pre-training and fine-tuning. These enhancements allow
very large models (up to 3 billion parameters) to be trained efficiently and enable them to process high-
resolution images.
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Figure 3: Architecture Diagram Extended from Swin Transformer from Swin V2 Tiny Model

6. Data Flow Process
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Figure 4: Data Flow Diagram

7. Implementation Process

7.1 Image Dataset Collection

The dataset has four classes, representing different health conditions and diseases: Caries, Crown, Filling,
Perpical Lesion. The dataset consider dental X-ray images. In my dataset the total image instances with
target classes have 17,711 images were collected from kaggle website and dataset name is “dental-disease-
detection”.
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Caries 3065
Crown 4087
Filling 9947
Periapical Lesion 1612
Total 17,711

Table 1: Dataset Images for each Disease

7.2 Data Preprocessing

The image must be processed before sending to the algorithm. Preprocessing techniques are Resize
images, normalize pixel values, remove noise, large image cropping, and vertical flipping and apply data
augmentation. Input image as a 1615*840 and 640*640 pixels to Resizing on image is 256*256pixel.
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Figure 5: Dataset Class Distribution Bar Chart

7.3 Data Augmentation

Data augmentation is used to artificially increase the diversity of training images and reduce over fitting.

For dental disease classification, appropriate augmentation techniques can improve the performance of

both ResNet-50 and Max ViT, Swin v2 Tiny.

7.4 Feature Extraction

Preprocessed dental images are passed through ResNet-50, MaxViT, and Swin V2 Tiny to extract

complementary spatial, texture, and attention-based features. The extracted features are then fused and

forwarded to the classification layer.

e ResNet-50 Feature Extraction: Feed the dental images into ResNet-50 and extract deep CNN
features.

e MaxViT Feature Extraction: Process the same images using MaxViT to obtain attention-based
feature representations.
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e Swin v2 Tiny: Swin V2 feature extraction means extracting the important patterns from a dental X-
ray, such as tooth shape, edges, lesions, and abnormal regions, so that the model can identify the dental
disease.

7.5 Dataset Splitting

Caries 2145 460 460
Crown 2861 613 613
Filling 6963 1492 1492
Periapical lesion 428 92 92

Table 2: Training, Validating & Testing

7.5 Model Training

Train the complete network using a suitable loss function and optimizer, while monitoring training and
validation performance. The fused features are used to train the classification model using the training
dataset. The model learns to classify dental images into the four disease classes by minimizing the loss
function and updating its weights over multiple epochs.
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Figure 6: Swin V2 Tiny Model Training and Validation
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7.6 Model Evaluation
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Figure 7: Confusion Matrix for Swin V2 Tiny Model

7.7 Classification Report Summary

METRIC PRECISION RECALL F1 SCORE
Caries 0.8627 0.9412 0.9003
Crown 0.8214 0.7931 0.8070
Filling 0.9459 0.9138 0.9296
Periapical lesion 0.8233 0.8459 0.8345
Macro Avg 0.8634 0.8735 0.8678
Table 3: Swin V2 Tiny Model Report
7.8 Performance Evaluation Overall Accuracy

EPOCHS RESNET 50 MAXVIT Swin v2 Tiny
5 58.22% 75.94% 82.14%

10 60.18% 91.17% 95.29%

Final Accuracy 59.20% 85.26% 89.88%

Table 4: Accuracy

8. Conclusion

The comparative implementation of ResNet-50 and MaxViT demonstrates the potential of deep learning
for improving the accuracy and efficiency of automated dental disease diagnosis. By applying appropriate
image preprocessing, data augmentation, transfer learning, and model optimization techniques, the
proposed system can provide reliable classification of caries, crown, fillings, and periapical lesions.
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Overall, the developed system can serve as a computer-aided diagnostic tool to assist dentists in the early
identification and classification of dental conditions. In the future, the system can be further improved by
using larger and more diverse datasets, addressing class imbalance, incorporating explainable Al
techniques, and developing a hybrid model that combines the strengths of ResNet-50 and MaxViT and
Swin v2 Tiny for enhanced diagnostic performance.
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