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Abstract 

Oral pathologies, like dental cysts, present significant difficulties for timely diagnosis and treatment, 

affecting public health outcomes. This study proposes a novel deep-learning framework for 

automatically categorizing dental cysts in panoramic radiography pictures. The suggested model, 

DentViT-RCNN, incorporates Generative Adversarial Networks (GANs) for data augmentation, 

improving the variety and caliber of training data. A Mask R-CNN architecture is used for object 

identification and segmentation, with the segmentation mask providing pixel-level resolution and 

the bounding box defining the location of the cyst. To increase the precision and resilience of the 

diagnosis, the segmented cyst region is subsequently input into a Vision Transformer (ViT) for 

Classification. Grad-CAM is also applied to the ViT output to create attention heat maps, 

highlighting the model's emphasis areas and improving explainability for clinical application. The 

accuracy measure of the proposed model segmentation is 83.90%, 97.10%, 99%, and 99.99%. The 

accuracy measures of the classification model values are 92.40%, 95.20%, and 98%. By improving 

automated dental cyst diagnosis accuracy and interpretability, the suggested approach shows 

promise in offering dental practitioners practical decision help. 

Keywords: Mask R-CNN, ViT, Accuracy, Sensitivity, Validation, Training, Testing, Dental Cyst. 

1 Introduction 

Computer-aided diagnosis (CAD) has been used to detect osteoporosis, maxillary sinusitis, cavities, and 

periodontitis lesions, among other oral and maxillofacial diseases (Khyade et al., 2016). Automatically 

identifying and categorizing pathological alterations can give dental practitioners a valuable second 

opinion. Key features need extraction before correctly training conventional CAD systems for image 

detection or categorization (Sivagami & Yukthavarshika, 2024). However, feature extraction is a time-

consuming and challenging process. Here, various types of deep learning methods also contain the 

various subsets of the machine learning process, which selects the feature among the training and use of 

entire images (Chen et al., 2021). It is directly connected without having the feature representations. 

Deep learning methods are implemented in various radiological issues (Zanini et al., 2024). 
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The most widely used technique for organ segmentation, Classification, and disease detection in 

medical imaging is a deep convolutional neural network (CNN), a subset of deep learning. There have 

been several attempts to identify particular traits of target locations that are meant to be detected and 

categorized (Zhang et al., 2021). Applications of deep CNNs in CAD are increasingly becoming a focus 

of research, which is expected to result in quicker and more precise diagnosis of outcomes (Tavasoli et 

al., 2024). However, deep learning in oral and maxillofacial imaging has been restricted to the following 

applications: identifying landmarks in cephalograms, identifying and classifying teeth, diagnosing 

cavities, diagnosing periodontitis, and identifying maxillary sinusitis (Kwon et al., 2020). 

Radiolucent lesions in the mandible were automatically detected and classified using a deep-learning 

object identification technique, allowing for the differential diagnosis of ameloblastomas. Planning the 

right course of therapy for jaw cysts can be aided by a precise pre-operative diagnosis. However, this is 

more challenging in the maxilla than in the mandible due to the superimposition of normal tissues. 

However, no research has examined how well deep CNN works to identify odontogenic cysts in teeth 

from panoramic radiographs automatically (Thomas & Ulagamuthalvi, 2022). Thus, the goal of this 

study was to automatically identify odontogenic cysts in both jaws, with the oral and maxillofacial 

regions having the highest incidence rate (Lee et al., 2022). Usually asymptomatic, dental cysts are seen 

incidentally on ordinary radiography (Li et al., 2021). They are rarely unappealing, and any discomfort 

is related to the infection of the lesion (Madhan & Shanmugapriya, 2024). Sometimes, these cysts can 

cause the cortical bone's inflammation, growth, and erosion and get large (Kodratoff & Moscatelli, 

1994). Under such circumstances, they can produce a differential diagnosis, including odontogenic 

keratocystic tumor or ameloblastoma. Dentigerous cysts show on radiographs as a radiotransparent, 

spherical, well-defined image nearly corresponding to the crown of an encased tooth (Vujović, 2021). 

Dentigerous cysts develop from fluid accumulating between the tooth crown and enamel epithelium, 

dilating the follicle. This, therefore, finally stops the tooth from erupting. Eruption cysts are soft tissue 

variants of developing cysts classified as dentigerous cysts. (Wang, 2016) Their cause is a lack of 

separation of the dental follicle from an erupting tooth. Rising from the remainder of the Serres, lateral 

periodontal cysts are developing cysts. Rising from the remainder of the Serres, odontogenic keratocysts 

(OKC) have a developmental genesis. This arising from the rest of the Serres, Orthokeratinizing 

odontogenic cysts have a developmental genesis (Dhanuthai et al., 2024). 

The 2D depiction of cyst lesions, which are 3D structures, is the primary cause of standard 

radiography's shortcomings and may result in the loss of important information (Qader & Turkben, 

2022). Furthermore, the selected projection geometry can significantly impact the appearance of a lesion 

in radiography. A deep learning model based on artificial intelligence neural networks, convolutional 

neural networks (CNNs) are used for object detection and picture classification (Waheed et al., 2021). 

Enucleation is a standard method for treating cysts. The aim is to completely remove the cyst epithelium 

with a surgical procedure in primary areas. During this time, large cysts are followed by a conservative 

treatment method. It helps to avoid complications due to affected areas (Tang et al., 2021). Dental cysts 

have the potential to induce various alterations related to compression and tooth development in certain 

types of cases. These cysts are commonly connected to first and second premolars and canines 

(Aldelaimi et al., 2024). Most of the research related to dental cysts includes the various techniques used 

by adaptive thresholding algorithms to pre-process X-ray images (Malik et al., 2025). Odontogenic cysts 

are also treated as single and combined applications through decompression and curettages (Kaygisiz & 

Karsli, 2024). 
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Key Contribution 

• A Hybrid Model combined object detection and Classification to enhance the precision of 

identifying dental cysts from radiographic images. 

• The ViT framework is integrated through robust feature extraction and accurate localizations of 

dental cysts, which are outputs performed by Conventional CNN-based approaches (Nayak & 

Raghatate, 2024). 

• This framework helps reduce diagnostic time and increase the efficiency of automated and AI-driven 

dental diagnostics. 

This research report contains the following section. Section I describes the Introduction to the given 

topic and the detailed analysis of the deep learning frameworks. Section II describes related work among 

the existing model, Dataset, and performance measures. Section III describes the proposed model 

framework among the DentViT-RCNN framework, which consists of segmentation of Mask R-CNN, 

Image classification for ViT, and Proposed Algorithm. Section IV describes the Experiment Result 

followed by the metric analysis, training estimation, validation, and testing (Mohammadi, 2017). 

Evaluation of performance metrics. Section V describes the results and discussion on the accuracy. 

Section VI explained the summary of the research topic and also noted the future research approaches. 

2 Related Work 

According to Luiz et al., (2024), the interaction between mouth microorganisms and acids that produce 

sugar results in the gradual erosion of teeth, which is the cause of dental care. Technological 

advancements apply deep learning, image analysis, and machine learning methodologies to identify 

these lesions. Dental lesions are initially diagnosed through visual representation. The second approach 

entails the utilization of laser technology to identify voids before they become apparent. The third 

method is using X-rays to identify the areas dental caries has damaged. Four radiographic techniques 

were implemented in this study: panoramic X-ray, periapical radiographs, interproximal radiographs, 

and cone beam computed tomography. The primary focus of this investigation was the PRISMA 

methodology, which was implemented using a public database. Finally, the analysis study is 12%, and 

the total work among the deep learning is 69%. Author (Vaishali et al.., 2022). Dental caries is classified 

into morphology, severity, and patient age. Various strategies are used, such as AI, Machine learning, 

and Neural Networks. These all play an essential role in analysing complex medical data to get accurate 

information. (Liu et al., 2014). Various types of algorithms were used for this research, such as decision 

tree, Random forest, and K-nearest neighbour. The limitations of this advantage are inefficient 

Classification, real-time prediction, and computational cost, which are very high. An author (Zhang et 

al., 2021) describes research used by the model as Faster R-CNN used for detection and Classification 

(Lei & Ibrahim, 2024). A private panoramic X-ray dataset was used. After evaluating the performance 

as mAP, it was found that the score was 89.2%, and the F1 score was 91%. This research effectively 

identifies the dental cysts with sound localization among the performances. The limitation of this 

approach is that it is computationally expensive and unsuitable for real-time applications. Its limited 

overlapping structure and Dataset should be private and small in scale (Nasirian & Tahami, 2019). An 

author (Lee et al., 2022) followed the architecture model as YOLOv5, which is used for localization. 

The performance metric of this research as mAP is 92.5%, and IOU is 85%. This method results in fast 

and accurate detection with real-time clinical applications. The limitations of this method are that it 

detects through complex radiographs, and its limited types of clinical decision-making are performed 

through low resolution. The author (Chen et al., 2021) describe the architecture model as Mask R-CNN, 

which contains the Dataset as a Panoramic X-ray dataset used as a segmentation process (Devi et al., 
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2020). The performance values of this method as mAP is 88.7%, and Dice is 84%. This evaluation 

provides a strong segmentation of the complex's anatomical structures (Zhang et al., 2024). The 

disadvantages of this approach as model training computation are intensive and challenging to handle 

the cyst regions with low contrast. The authors (Park et al., 2024) describe research used as a model of 

ViT for Classification, which contains mixed types of dental image datasets. The performance evaluation 

of this metric as Accuracy is 91.2%, and the F1 score is 89%. The result of this method is to promise the 

performance used by transformer-based deep learning. The limitations of this approach are that it 

requires a large amount of annotated data for effective training, and it is underexplored with medical 

imaging compared to CNN-based methods. DentViT-RCNN has better feature generalization and a 

moderate-sized data structure to overcome the proposed model's existing limitations. This model helps 

to improve the performance followed by dental datasets (Shi et al., 2024). It helps to improve clustering 

detection. Table 1 discusses how the deep learning model significantly improved the precision and speed 

of dental cysts for detection and Classification in radiographic images. YOLOv5 and Faster R-CNN 

provide high performance in localizing images in a fast time (Mao & Kanungo, 2001; Monteiro & 

Campilho, 2006). ViT is a powerful classifier with high accuracy. This comparison table mainly 

discussed the trade-off between the model's complexity and detection (Li & Luo, 2023). The selection 

model should depend on specific classification requirements and localization or segmentations (Sherer 

et al., 2021). 

Table 1: Performance Comparison of Various Models in Related Work 

Authors Model Dataset Task Performance 

metrics 

Results 

(Zhang 
et.al., 2021) 

Faster R-
CNN+ CNN 

Private-Panoramic 
X-Ray 

Classification& 
Detection 

mAP as 89.2%, F1 
score as 0.91 

It effectively identifies dental cysts 
with good localization performance. 

Lee et al 

(2022) 

YOLO v5 Custom Annotated 

Dental X-Rays 

Localization mAP as 92.5%, 

IOU as 85% 

Its fast and accurate detection is 

related to real-time clinical 

applications. 

Chen et 

al.(2021) 

Mask R-

CNN 

Panoramic X-Ray Detection with 

Segmentation 

 

mAP at 88.7% and 

Dice at 84% 

It is a strong segmentation for 

complex types of anatomical 

structures. 

Park et al, 

(2024) 

ViT Mixed Types of 

Dental Images 

Classification Accuracy as 

91.2%, F1 score as 

89% 

It provides promising performance 

using transformation-based deep 

learning methods. 

3 Dentvit-RCNN Framework 

 

Figure 1: Proposed Model Framework 

Input Radiography 

GAN-Based Data Augmentation  

Mask R-CNN: Segmentation Only 

Segmentation Mask (Precise cyst Region) 

Crop and Resize Mask output 

Overlay on Input Image Segmentation mask 
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Vision Transformer (Class prediction) 

Attention Rollout/GRAD-CAM (Highlights ViT Focus) Overlay Update Predicated Class Label 

Final Output for Diagnosis | → Explainability & clinical Feedback  
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The proposed model Figure 1 DentViT-RCNN is a hybrid deep-learning model designed explicitly for 

precise localization and accurate dental cyst classification from radiographic images. It also helps 

improve the region-based convolution neural network Mask R-CNN and ViT. It also helps to improve 

the performance of the clinical interpretability of dental imaging. The following framework consists of 

the various sections. Input Radiography contains dental radiographs and panoramic X-rays, also called 

input. GAN-based data augmentation helps to overcome the limitation of the small Dataset; it also helps 

to enhance the model generations. Mask R-CNN helps to detect and localize the cystic lesions of the 

input images (Yan et al., 2023; Huo et al., 2023). The segmentation mask output result provides the cyst 

boundaries followed by ROI (Bhojanapalli et al., 2021). It is also enabled through high resolution among 

localization for complex anatomical structures (Müller et al., 2022). Crop and Resize mask output extract 

the uniform input into the classification model. The preprocessing step mainly focuses on classifier 

attention through the cyst area to reduce the background noises (Cuadros Rodríguez et al., 2016). ViT 

helps to receive the cropped cyst region with performance classifications. It helps capture the global 

dependencies among long-range patterns, outperforming CNN for complex visual tasks (Fenster & Chiu, 

2006). The final output of the proposed framework is to combine the predicted level of class label, mask, 

and ViT attention (Ferrer, 2022). 

 

Figure 2: Proposed Architecture of DentVit- Mask RCNN 

The architecture model combined the mask RCNN with ViT to improve the segmentation and 

detection of dental cysts. This architecture's figure 2 input ranges are real-time images of cysts in teeth. 

The feature extraction block is a significant component in extracting features from the CNN backbone. 

Low and high-level feature extractions perform the backbone. The BiFPN layer helps to improve the 

multi-scale feature fusion and allows for a top and bottom-up approach for better feature aggregations. 

It helps to capture the feature efficiently. Adaptive Feature pooling helps to create a uniform structure 

among the proposed model with classifications. In the Hybrid Mask RCNN-ViT, a combined ROI Align. 

Masking the R-CNN path and ROI helps extract the ROI from the feature maps, providing better 

mask predictions. Mask R-CNN helps predict segmentation masks. The ViT Classifier is related to the 

Classification of Mask R-CNN for class label predictions. It provides better performance within the 

margin-based decision boundary. The output image mainly contains the Classification and segmentation 

of the cysts. 
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3.1 Segmentation for Mask R-CNN 

Figure 3: Image Segmentation with Mask R-CNN 

This process contains two stages, The Mask R-CNN should be noted as the outline of this process. In 

Figure 3, the same RPN should be noted. Additionally, it is easy to predict the class and box offset. The 

Mask R-CNN should generate the binary mask into ROI in the second stage. Apart from that, the 

majority of the systems depend upon the mask prediction to implement the various sections. Here, we 

analyze the sustainable process to simplify the multi-stage process, which contains the original process 

of R-CNN. 

During the training stage, the defined multi-task loss function of each sample as 

𝑅𝑂𝐼 𝑎𝑠 𝐿 = 𝐿𝑐𝑙𝑠 + 𝐿𝑏𝑜𝑥 + 𝐿𝑚𝑎𝑠𝑘. (1) 

Equation (1) presents the classification loss Lcls and the bounding-box loss Lbox by the previously 

mentioned details. The Mask R-CNN model should generate the Km2 output containing k binary masks' 

encoding functions such as m*m. The average level of binary cross entropy loss should be noted as 

Lmask; it is also per pixel sigmoid as employed. To calculate the Lmask externally, the kth mask with 

ROI is the member of the ground truth class. The loss functions influence it. The network model should 

generate the class function without having the competition used by the Lmask method. It's closely related 

to the specialized method of class labeling through output masks. It is the analysis of division through 

various types of predictions. Regularly execute the semantic segmentation to engage the employees 

through multinational cross-functional to compare the loss per pixel with FCN. 

Binary loss and per-pixel sigmoid now prevent competition between masks across distinct classes, 

in contrast to previous methods. We demonstrate through experiments that this method is essential for 

achieving effective instance segmentation results. In detail, we employ an FCN for predicting a m × m 

mask from each ROI. This steps each mask branch layer from compressing the m × m object spatial 

layout into a vector form that misses spatial dimensions. Our fully convolutional representation 

outperforms previous methods that employ FC layers for mask prediction in terms of accuracy and 

parameter requirements, as evidenced by experiments (Ghosh et al., 2019). 
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ROI has a small feature that is properly aligned and consistently preserved through explicit level pf 

per pixel due to the pixel-to-pixel behavior. The standard method is to extract small feature connections 

through each ROI. ROIPool should be analyzed discrete values to feature map. The feature values that 

fall inside each spatial bin are concatenated after this quantized ROI has been divided into spatial and 

spatial bins. Calculating [x/16] on a continuous coordinate x, where 16 is a feature map stride and 

represents rounding, is one type of quantization; splitting into bins, such as 7×7, also involves 

quantization.  

The retrieved features and the ROI are not aligned due to these quantization’s. Its substantially 

influences pixel-accurate mask prediction but may not affect categorization, which is robust to slight 

translations. In order to solve this, we suggest a RoIAlign layer that correctly aligns the retrieved features 

with the input by eliminating the harsh quantization of RoIPool. Our suggested modification is 

straightforward, we utilize x/16 rather than [x/16] to avoid quantifying the ROI borders or bins. We 

calculate the precise values of the input features at four regularly sampled locations in each ROI bin 

using bilinear interpolation, then aggregate the results (using max or average) (Guo et al., 2018). 

3.2 Image Classification for VIT 

 

Figure 4: Image Classification for VIT 

This model, figure 4, mainly represents the deep learning model for accurately identifying and 

classifying dental cysts. This method utilizes various dataset images to train the model to classify the 

cells with different subtypes accurately. The ViT-based classification model is used for the natural 

language processing tasks, followed by language translation models. This type of architecture is 

followed by the concept of attention, which is enabled through the importance of different parts to input 

to make the predictions (Wu et al., 2019). This mechanism allows the transformer to show the 

relationship between the different parts of the input, which specifically benefitted from NLP tasks. The 

encoder takes as the input to generate the set of hidden representations, and the decoder should generate 

the output. It is the model for learning the exact information through multiple levels. It is the essential 

process of understanding the input. Transformers follow the ViT model and compress the self-attention 

blocks through MLP Networks; ViT is similar to the standard types of transformers, which are designed 

to handle the images as the input. This approach helps to reduce the dimension among the image patches 

before feeding the transformer networks. 
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PROPOSED ALGORITHM – DENTVIT-MASK R-CNN  

1.  Add the image annotations, then pre-process them 

2. Step: 1 Initialization 

3. Image= load image (image.jpg) 

4. Annotations = load_annotations (annotation.xml) 

5. Preprocessed_image = preprocess_image (image) 

6. Step:2 apply mask R_CNN for segmentation and object detection 

7. Rois, masks, class_ids = mask_rcnn.detect_objects (preprocessed_image) 

8. Step:3 Extract features from the segmented regions 

9. Features=[] 

10. For roi in rois: 

11. Region = extract_region (preprocessed_image,roi) 

12. Feature=extract_feature (region) 

13. Feature.a[]emb (feature) 

14. Step:4 Train and Vit Classifier 

15. Vit= VIT Classifier () 

16. Vit.train (features, class_ids) 

17. If the prompt not suitable to images then 

18. Prompt Emb -> Reset prompt (prompt); 

19. End 

20. For each Images do 

21. Impatchs-> image to pacth (im) 

22. clsToken-> Zeros (SameEmbSize (Impatchs)); 

23. x-> concrete (clsTokeb, Impatchs, promoptEmb); 

24. x-> Transformer (x) 

25. clsToken, Impatchs, PromptEmb-> x; 

26. Pred->Classification Head (Cls Token); 

27. Simscore->Distance (cls Token, PromptEmb); 

28. End; 

29. Step:5: Predict the class labels for new regions 

30. New_image = load_image (new_image.jpg) 

31. New_preprocessed_image=preprocess_image(new_image) 

32. New_rois,new_masks,=mask_rcnn.detect_objects(new_preprocessed_image) 
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33. Predicted_class_ids=[] 

34. For new_roi in new_rois: 

35. New_region = extract_region (new_preprocessed_image,new_roi) 

36. New_feature=extract _feature (New_region) 

37. Predicted_class_id = Vit.predict (new_feature) 

38. Predicted_class_ids= VIT.Predict (predicted_class_id) 

39. Step:6 Overlay the predicted masks on the new image 

40. Overlayed_image=overlay_masks(new_image, new_)masks, predicted_class_ids) 

41. Display_image (overlayed _image) 

42. OUTPUT 

43. Objects are highlighted and categorized in a frame 

The algorithm explained about to loading an image and annotation containing critical object 

information including their bounding box coordinates and label classification. These details are 

important for supervised learning. Both the image and annotation undergo preprocessing to standardize 

their formats for easier analysis in line 4. In line 2, an image is passed through Mask R-CNN, which is 

tailored specifically for object detection and instance segmentation. In line 6, object class IDs are 

assigned along with masks, ROIs and region proposition. The algorithm segments the identified objects 

at line 3, which is where feature extraction takes place. For every detected ROI, a region of interest is 

obtained by cropping the area from the image and goes through feature extraction; the extracted 

specialized features are encapsulated and added to a list until they are needed later (lines 8-12).In lines 

14–15, class IDs associated with features are provided to a ViT classifier, which is then initialized and 

trained accordingly in line 4. If the provided prompt does not suit image classification, adjust lines 16-

18 prompt guiding to the required prompt. The algorithm processes each image by dividing it into 

patches. A classification token is initialized and concatenated with the patches and the prompt 

embedding. Each patch, along with the combined input, is transformed through the transformer layers 

and passed through to yield an output. The token is then used by the classification head to determine the 

object class while the token from the classification output is compared to the prompt embedding to track 

the extent of relation between them (line 19–27).Line 5 covers the prediction of class labels for unmarked 

image sections. A new image is brought in and undergoes pre-processing (line 29–30) before object 

detection via Mask R-CNN for additional ROIs and masks (Line 31). Feasibly, features from every 

detected region are extracted and sent to the trained classifier from the ViT for the class IDs to be 

predicted (line 32–37).Ultimately, the expected masks with the labels are superimposed on the image in 

line 39 and the output is shown in line 40. The output has for contours and class labels of the objects 

that were identified, thereby indicating completion of the segmentation and classification phases lines 

42. 

4 Experimental Results 

4.1 Methods and Materials 

Based on this research, we collect data through an open database named Universe. roboflow. (dental 

cyst | Roboflow Universe Search) This data source contains various types of dental cyst images. Here, 
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we collect the samples through various dental cyst sources to create our own dataset with 137 sample 

size. (DC as 45, PC as 60, OKC as 20, Ab as 12), After that, we evaluate 70% as training, 20% as 

validation, and 10% as Testing. Performance metrics are computed using the formulas below. We 

utilized a test data set that had not been utilized for training to evaluate the model's performance. We 

calculated recall (sensitivity) (TP/(FN +TP)), precision (positive predictive value) (TP/(FP +TP)), F1-

score (2 × precision recall/(precision + recall)), and average precision (AP) values to see how well the 

object detection worked. These are all common measures used in object detection. A model-predicted 

positive detection is defined to change the confidence level, and then the model's detection output is 

used to figure out the precision-recall curve (PRC). AP was calculated using the average precision value 

and overall recall values. We calculated a confusion matrix to evaluate CNN's capacity to classify 

illnesses. To calculate the sensitivity (TP/(FN +TP)), specificity (TN/(TN +FP)), and accuracy ((TN 

+TP)/(TN + TP + FN + FP)), we used the confusion matrix to calculate the classification performance. 

We found the receiver operating characteristic curve (ROC) by changing the confidence level for each 

disease and using the model's classification output. The area under the ROC curve (AUC) value was 

ascertained. 

Table 2: Performance Evaluation of Proposed Model for Dental Cyst Classification 

 Training Testing Validation 

Cyst Category-1 98.7% 97.87% 96.32% 

Cyst Category-2 95.5% 94.3% 93.1% 

Cyst Category-3 93.2% 91.1% 90.1% 

Cyst Category-4 91.7% 90.6% 89.9% 
 

 

Figure 5: Performance Analysis 

From the above analysis (Table: 2 & Figure 5), Dentigerous Cysts performed exceptionally well, 

followed by all stages. This indicates a high level of learning efficiency and provides generalization 

capability among dental cysts. Periapical cysts accurately have high constants, showing each class's 

strong predictive performance. Odontogenic keratocysts performed a slight drop, suggesting the model 

found the challenge due to visual features with other cyst types. Ameloblastomas have the lowest 
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accuracy, indicating higher intra-class variability with other cysts. It should require further improvement 

of class-specific tuning. 

Table: 3 Comparison of Existing Model with Proposed Model for Segmentation 

Sl. No Method Performance Metrics based on Accuracy 

1. DeepLab3plus+Inception ResNet V2 Accuracy: Deep Lab V3 Plus as 83.90, InceptionResNetV2 as 

97.10. 

2. nnU-Net Accuracy:99% (Sivari et al., 2023). 

3. R-CNN Accuracy:99.99% 

 

Figure 6: GAN Loss Curve Analysis 

This Figure 6 depicts the loss curves of a Generative Adversarial Network (GAN) during training 

over 10 epochs. The blue line represents the Generator Loss, which starts relatively low but gradually 

increases as training progresses, reaching its highest point by the last epoch. This upward trend suggests 

that the generator is struggling more to fool the discriminator as training advances. In contrast, the orange 

line represents the Discriminator Loss, which starts higher and steadily decreases throughout training, 

indicating that the discriminator is becoming more effective at distinguishing real from fake data. The 

opposing trends in the loss curves illustrate the adversarial nature of GAN training: as the discriminator 

improves, the generator must work harder, leading to an increase in its loss. The stabilization of losses 

toward the later epochs can signify that the GAN is converging, though the rising generator loss might 

also indicate potential challenges in the generator’s learning process. Overall, this graph provides insight 

into the dynamic competition between the generator and discriminator in GAN training. 

 

Figure 7: Segmentation for Existing Vs Proposed Model 

97.1

99

99.99

DEEPLAB3PLUS+INCEPTION 

RESNET V2

NNU-NET RCNN

Segmentaion for Existing Vs Proposed Model Accuracy



DentViT-RCNN: A Multi-Stage Deep Learning 

Framework for Precise Localization and Classification of 

Dental Cysts 

 Jinu Thomas et al. 

 

238 

To interpret Table: 3 and Figure 7, The existing model used by DeepLabV3 has moderate accuracy. 

It also indicates the decent segmentation of capability. The use of this method helps to improve the 

accuracy to 97.10%. It suggests a better level of feature extraction and Classification. nnU-Net 

performed with a high accuracy of 99%, which provides the capability among the medical image 

segmentation followed by the various tasks due to dynamic adaption of the data properties. The proposed 

model of R-CNN should perform, compared to other models, to achieve the nearest perfect accuracy of 

99.99%. This is an exceptional level for capturing the global context information through attention 

mechanisms. After evaluating this table, R-CNN provides the highest level of accuracy and makes it 

most effective.  

Table 4: Comparison of an Existing model with the Proposed model for Classification 

Sl. No Method Performance Metrics based on Accuracy 

1. InceptionResNetV2 Accuracy: 92.40 

2. DenseNet121 Accuracy: 95.20 

3. ViT (Proposed Model) Accuracy:98% 
 

 

Figure 8: Classification for Existing Vs Proposed Model 

To interpret Table 4, figure 8 Inception ResNet V2 provides good performance followed by feature 

extraction through architecture, which is slower than the others. DenseNet121 (95.20%) performed by 

the value is better than IncentptionResNet V2. This means the dense connectivity pattern is improved 

with the gradient flow of learning efficiency. Compared to the existing model, the proposed ViT (98%) 

was achieved through the highest accuracy, followed by a higher level of object detection and 

classification capability. It helps to make it suitable for various tasks requiring high precision. 

5 Results and Discussion 

Table 5: Evaluation Metrics for With or Without Augmentation. 

  AP         

  DC PC OKC AB Mean Ap Precision Recall 

F1-

Score 

With Augmentation (CNN) (Existing) 0.84 0.89 0.91 0.88 0.88+0.04,0.88-0.04 0.87 0.83 0.85 

With Augmentation (R-CNN) (Proposed) 0.86 0.91 0.93 0.9 0.9+0.04, 0.9-0.04 0.88 0.84 0.86 

Without Augmentation (CNN) (Existing) 0.91 0.79 0.67 0.78 0.79+0.12,0.79-0.12 0.78 0.74 0.76 

Without Augmentation (R-CNN) (Proposed) 0.92 0.81 0.69 0.8 0.80+0.12,0.80-0.12 0.81 0.76 0.78 
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To determine Table 5, the values of AP, Precision, recall, and F1 score were used to check the 

performance for detection with or without the data augmentation. The above table 5 represents the AP 

values to diagnose the DC, PC, OKCS, and Abs. DC expanded as Dentigerous cysts, PCs as periapical 

cysts, OKCs as Odontogenic keratocytes, and Abs as Ameloblastoma used by non-augmented data for 

0.91,0.79,0.67 and 0.78. To compare the augmented data set value as 0.84,0.87,0.74 and 0.76. Table 5 

notes that the proposed model with augmentation consists of the DC as 0.86, PC as 0.91, OKCS as 0.93, 

AB as 0.9, Mean value as compared to ± 0.04, precision as 0.88, Recall as 0.84, and F1 Score as 0.86. 

The proposed model has the without augmentation results as 0.92, 0.81, 0.69 ,0.8, 0.8 as contains 0.12, 

precision as 0.81, Recall as 0.76, and F1 score as 0.78. To compare all existing models with augment 

and without augmentation, we suggest the proposed model result as the most effective. Data 

augmentation improved the model accuracy, helped reduce the variance, and enhanced the model 

robustness.  

 

Figure 9: Diagnosis for Dental Cysts 

Dental cysts can be diagnosed using Figure. 9. Furthermore, they are known as Dentigerous cysts, 

Periapical cysts, odontogenic keratocysts, and ameloblastomas that do not require any data set additions. 

Classifying dentigerous cysts, periapical cysts, odontogenic keratocysts, and ameloblastoma requires 

significant data set augmentation. The CNN correctly identified lesions in DCs as having a radiolucent 

lesion, a crown, and a surrounding cortical bony edge, with and without data enhancement (Fig 8(a) and 

8(e)). DCs without augmentation had 87.1%, 94.7%, 94.1%, and 0.91 sensitivity, specificity, accuracy, 

and AUC, respectively, whereas those with augmentation had 91.4%, 99.2%, 97.8%, and 0.96, 

respectively. A radiolucent lesion, a root apex, and a surrounding cortical bony lesion were all correctly 

identified as PCs, with and without data enhancement (Figure 9(b) and 9(f)). Here, the performance 

metric based on the proposed model accuracy is also described as 98%. Following Table 3 and Table 4, 

we suggest that Vit and RCNN have a high level of accuracy. 
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6 Conclusion 

The suggested DentViT-RCNN system combines RCNN-based multi-stage processing with ViT (Vision 

Transformer) to improve significantly automated dental cyst identification and Classification. By fusing 

the accuracy of region-based convolutional networks with the advantages of transformer-based feature 

extraction, DentViT-RCNN can locate and identify a variety of dental cysts with greater accuracy. Even 

though not many panoramic photos are available, the deep CNN technique we created can automatically 

diagnose odontogenic cysts with good sensitivity, specificity, accuracy, and AUC when using 

augmented data. This method lowers diagnostic errors and gives dentists a trustworthy clinical decision-

making tool. The experimental results show that it outperforms conventional CNN-based techniques and 

performs robustly across various radiography datasets. The proposed model is used for various 

applications such as clinical diagnostic support, automated dental screening, tele-dentistry platforms, 

and dental health monitoring systems. In the future, this proposed model will help expand multiclass 

detection, 3D image integration, and dataset generalization with explainable AI Integrations. In dental 

radiology, DentViT-RCNN provides a scalable and effective solution for better treatment planning, early 

diagnosis, and patient care. 
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