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ABSTRACT 

Dental cavities constitute a major global health issue and must be diagnosed reliably to enable timely and 

effective treatment. The identification of dental caries at an early stage is essential, as lesions typically 

begin at the enamel surface and, over time, progress into the deeper tooth structures, including dentin and 

pulp. Advancements in dental imaging, combined with artificial intelligence-based methodologies, offer 

promising solutions for improving diagnostic accuracy and efficiency. Therefore, the present study 

evaluates the performance of Faster Region-based Convolutional Neural Network (Faster R-CNN) and 

Mask Region-based Convolutional Neural Network (Mask R-CNN) with ResNet-50 and ResNet-101 

backbones for automatic enamel detection and segmentation. All models exhibited excellent detection 

performance, obtaining perfect Average Precision (AP) scores at IoU thresholds of 0.50 (AP50) and 0.75 

(AP75). Faster R-CNN has achieved an AP of 95.92%, while both Mask R-CNN variants, ResNet-50 and 

ResNet-100, achieved near-perfect bounding box detection with an AP of approximately 99%. For 

segmentation, Mask R-CNN with a ResNet-50 backbone achieved an AP of 86.30%, whereas the deeper 

ResNet-101 backbone significantly improved segmentation performance, achieving an AP of 98.44%. 

These results demonstrate that the Mask R-CNN architecture surpasses Faster R-CNN in detection 

accuracy and provides superior segmentation performance. Overall, Mask R-CNN with a ResNet-101 

backbone can be considered the most effective model for enamel detection and segmentation. Nevertheless, 

the proposed model should be improved and externally validated. This work can be further carried out to 

detect carious lesions in the enamel portion for early detection and treatment. 

Keywords-enamel; segmentation; deep learning; Mask R-CNN 

I. INTRODUCTION  

There are three parts to a tooth: the dentin, the pulp, and the 
enamel. There are different types of bacteria in the mouth, 
some of which may infect the dead teeth. These types of 
infections are known as dental caries. Cavities and damage 
resulting from poor dental care can persist for a long time. 
About 60–90% of school-aged children and almost all adults 
have Cavities and damage. Dentists usually diagnose cavities 

by looking at X-rays of the person's teeth and jaw. However, 
this hands-on method does not find all cavities, especially the 
ones that are still small or difficult to see on X-rays. It is also 
very hard to detect early cavities in X-ray images. There is a 
growing need for automation in dental diagnostics for 
improved detection, especially at early stages. 

The present study proposes a novel methodology for 
detection and segmentation of enamel from teeth for dental 
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carries detection. While numerous studies have addressed 
automated caries detection, most existing methods analyze the 
tooth structure as a whole, without isolating enamel-specific 
regions. Since carious lesions typically originate at the enamel 
surface and progress inward, precise identification of enamel 
regions is essential for enabling earlier diagnosis. Therefore, 
this study focuses specifically on enamel localization and 
segmentation from teeth.  

 The proposed method uses the Faster R-CNN and Mask 
RCNN-based methods to find and separate teeth and enamel. In 
the enamel, the cavities can be detected earlier. Computer 
vision has advanced significantly due to CNNs. However, 
detection algorithms that use region proposals, such as RCNN 
in 2014, Fast-RCNN, and Faster R-CNN in 2015, have not 
shown similar rapid performance improvements [1, 2]. But 
these algorithms have significantly improved the analysis of 
medical images. The region-proposed method is 100-1000 
times slower than a one-step network like the CNN, You Only 
Look Once (YOLO), and Single Shot Multi-box Sensor [3-6].  

The performance of Mask R-CNN is evaluated in terms of 
prediction accuracy and time efficiency. Its regression branch 
refines the coordinates of proposals to enhance localization 
precision, and the bounding box classifier determines the 
probability of an object present in a proposal. Building on the 
foundation of two-stage detectors, Mask R-CNN extends the 
functionality of Faster R-CNN by adding a parallel mask 
prediction branch for each Region of Interest (RoI), enabling 
instance-level pixel segmentation. This is facilitated by a fully 
convolutional network, which allows precise segmentation of 
object boundaries. The key innovation in Mask R-CNN is the 
RoIAlign layer because it corrected spatial misalignment 
caused by quantization in earlier methods, thus improving 
segmentation accuracy significantly [7-9]. 

Mask R-CNN is the best deep learning framework for 
object detection and instance segmentation due to its ability to 
jointly handle classification, localization, and segmentation 
with better accuracy [10, 11]. Its flexible architecture and 
adaptability to different backbone networks and feature 
extractors, such as Feature Pyramid Networks (FPNs), have 
further improved its performance across different applications. 
This multi-task capability has proven remarkable in medical 
image processing. It has been demonstrated that models like 
Mask R-CNN and U-Net are well-suited for biomedical image 
segmentation and diagnostic support. 

At its core, Mask R-CNN employs a two-stage process. In 
the first stage, a Region Proposal Network (RPN) identifies 
actual RoIs containing objects, and the second stage processes 
these RoIs for further refinement. A key feature of Mask R-
CNN is parallel processing of multiple tasks. The bounding 
box regression branch fine-tunes the object boundaries to get 
better localization accuracy, and the classification branch 
estimates the probability of object presence within a given 
region. Additionally, a unique mask branch predicts a binary 
segmentation mask for each detected object, enabling pixel-
level delineation of object shapes [12]. 

An important advancement in Mask R-CNN over Faster R-
CNN is the integration of the RoIAlign layer, which resolves 

the issue of misaligned features due to quantization in the 
RoIPool layer. RoIAlign improves the spatial accuracy by 
maintaining precise mapping between the input and extracted 
features, ensuring better segmentation outcomes [13]. Mask R-
CNN's architecture also has a mask prediction branch that 
operates independently of classification and localization tasks, 
thereby ensuring that segmentation accuracy is not 
compromised by the outputs of other branches [14]. By 
implementing pixel-to-pixel segmentation within each RoI, 
Mask R-CNN can achieve high performance across diverse 
datasets and complex visual environments. 

The versatility and adaptability of Mask R-CNN make it a 
preferred choice for applications in computer vision, such as 
medical imaging, autonomous vehicles, and video analysis. It 
delivers high accuracy while efficiently handling both detection 
and segmentation. This has led to its deployment in real-world 
applications such as robotic perception and clinical diagnostics 
[15]. 

II. METHODOLOGY 

Figure 1 outlines the complete process of the proposed 
model on dental bitewing X-rays. A dataset containing 600 
dental X-ray images was acquired from a collaborating hospital 
under institutional ethical approval. Each image was subjected 
to manual annotation. These annotated images were then used 
to train multiple segmentation models, specifically Faster R-
CNN and Mask R-CNN with two different backbone 
architectures—ResNet-50 and ResNet-101. By employing 
these networks, the system learns to distinguish and segment 
enamel structures within the dental X-rays based on the 
provided labeled data. 

 

 

Fig. 1.  Proposed Mask R-CNN model for enamel detection. 

Once the training phase was completed, the trained models 
were used to validate and assess their segmentation accuracy 
and overall performance. The most accurate trained model was 
then used to test new X-ray images to automatically detect and 
segment the enamel region. This stage produces predicted X-
rays showing enamel masks, allowing direct visual comparison 
with the manually annotated ground truth. The iterative 
validation and testing process ensures that the selected Mask R-
CNN variant performs better for enamel detection and 
segmentation, providing a reliable framework for dental image 
analysis.  
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A. Data Collection 

The proposed work compiled a collection of 600 intraoral 
and radiographic images sourced directly from the 
collaborating hospital. The study was conducted in accordance 
with the ethical standards of the institutional research 
committee. Dental images were collected after obtaining 
approval from the relevant institutional ethics committee. Due 
to ethical restrictions and patient privacy considerations, the 
data are not publicly available. The annotation process was 
carried out using LabelMe, an open-source graphical image 
annotation tool developed by the Computer Science and 
Artificial Intelligence Laboratory (CSAIL) at MIT. The 
importance of building domain-specific medical datasets has 
been emphasized in prior works on custom data acquisition in 
healthcare AI pipelines [16, 17]. 

B. Image Annotation and Labeling 

Labelme allows annotators to manually draw polygons 
around target objects—here, tooth enamel structures—and save 
the annotation data as JSON files for later use in training. Each 
tooth region was assigned a class label of 1, while the 
background was labeled 0. While manual labeling can 
introduce minor inconsistencies, it remains one of the most 
reliable methods for generating high-quality training data for 
medical image segmentation tasks [18].  

C. Data Preparation 

The image dataset was split into training and validation, 
with 400 images (75%) allocated for training and 200 images 
(25%) reserved for testing and validation. All images were 
resized to a resolution of 640 × 480 pixels, with a resolution of 
96 dpi and a bit depth of 24. The arrangement of images across 
the different lesion classes was kept consistent. Data 
augmentation techniques were not applied to the training set. 
The validation set was selected randomly while ensuring that 
the class proportions remained unchanged. Resizing and 
consistent preprocessing play an important role in the 
generalizability of deep learning models in medical imaging 
applications [19]. 

D. Deep Network Architecture 

Mask R-CNN builds upon the Faster R-CNN framework by 
adding an additional segmentation branch that allows 
simultaneous object detection and instance-level segmentation. 
This improvement enabled Mask R-CNN to outperform 
existing single-model approaches across different visual tasks 
and was instrumental in exceeding the performance of many 
models in the COCO 2016 challenge [20]. The version used in 
the present study is implemented using the Detectron2 
framework, developed by Facebook AI Research (FAIR), 
which is widely adopted for state-of-the-art object detection 
and segmentation tasks [21]. All training, validation, and 
testing operations were performed on a single workstation with 
an open-source GPU. The algorithms were trained and fine-
tuned for 100 epochs, with a batch size of 6 images, a learning 
rate of 0.00025, and 10,000 iterations. The best algorithm in the 
study is Mask RCNN with ResNet-101, which utilizes a 
ResNet-101 backbone for feature extraction combined with an 
FPN for improved multi-scale object detection. FPN improves 
spatial hierarchy by transmitting high-level semantic 

information to lower-level feature maps, improving 
performance on small and medium-sized objects [22].  

The overall structure has a two-stage process, similar to 
Faster R-CNN. In the first stage, an RPN generates candidate 
bounding boxes, referred to as anchors. Non-Maximum 
Suppression (NMS) is applied to eliminate anchor boxes with 
excessive overlap, streamlining the detection process [22]. To 
enhance precision, Mask R-CNN replaces traditional ROI 
pooling with RoIAlign. Unlike ROI pooling, RoIAlign avoids 
rounding coordinates during region alignment, which preserves 
spatial information and prevents inaccuracies in object 
positioning and shape. Typically, the RPN generates fractional 
box coordinates that require rounding, and that lead to minor 
errors in pooling. RoIAlign eliminates this rounding process, 
maintaining decimal precision and significantly improving 
detection and segmentation accuracy. For the second stage, 
Mask R-CNN applies separate network heads to each RoI for 
three tasks: classification, bounding box regression, and mask 
prediction. Each task is performed independently using a multi-
task loss function, which combines the losses from 
classification, regression, and segmentation. The classification 
and regression losses are consistent with standard object 
detection networks, while the mask loss branch employs a 
CNN. This CNN takes the RoI as input and outputs the binary 
mask, ensuring accurate instance segmentation for each 
detected object [12, 14, 20]. 

The RoIAlign layer has better performance compared to 
Faster R-CNN because it addresses non-aligned features due to 
quantization in the RoIPool layer. RoIAlign improves spatial 
accuracy by ensuring correct mapping between the input and 
output features. Mask R-CNN has a separate, independent 
mask prediction branch and does not do the same as 
classification and localization. This ensures that the 
segmentation is always accurate. Mask R-CNN is effective 
under different datasets and complex visual settings, as it 
breaks each RoI down to single pixels. 

III. RESULTS AND DISCUSSION 

A. Faster R-CNN 

1) Training Metrics 

The training metrics for enamel detection demonstrate that 
the Faster R-CNN performs well at all IoU levels. 

As presented in Table I, the F1-score stays at 0.9425 for 
IoU values between 0.5 and 0.9. The recall is perfect at 1.0, and 
the precision is about 0.97. This shows the effectiveness of the 
model to detect and label the enamel during training. This 
reduces the number of false negatives and provides balanced 
performance with high recall. The training performance 
surpasses that of previous studies. Authors in [16] assessed the 
performance of Faster R-CNN in detecting proximal caries, 
resulting in a detection accuracy of 92.3%. Additionally, in 
[17], the Faster R-CNN had AP values over 95% in both the 
upper and lower quadrants when used to count teeth in 
panoramic radiographs. In the present study, the training 
accuracy is 0.97 with a perfect recall. These results 
demonstrate the effectiveness of Faster R-CNN in enamel 
detection.  
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TABLE I.  FASTER R-CNN TRAINING METRICS ACROSS 
DIFFERENT IoU 

IoU threshold Precision Recall F1-score 

0.5 0.97 1 0.94 

0.6 0.97 1 0.94 

0.7 0.97 1 0.94 

0.75 0.97 1 0.94 

0.8 0.97 1 0.94 

0.9 0.97 1 0.94 

 

2) Validation 

The validation metrics for Faster R-CNN's enamel 
detection are presented in Table II. The AP is 95.92%, and both 
AP scores at IoU thresholds of 0.50 (AP50) and 0.75 (AP75) 
achieved a score of 99%. In addition, the APm (medium-sized 
objects) achieved an accuracy of 95.92%, demonstrating the 
excellent performance of the method in detecting and locating 
enamel structures in dental X-rays. The model can also be used 
for any new dataset. The validation results are significantly 
better than those of previous studies. For example, Faster R-
CNN used for detecting cavities in teeth had an accuracy of 
92.3%, with a recall and F1-score of 100% and 96%, 
respectively [16]. Authors in [17] used panoramic radiographs 
to count teeth. The AP scores were 95.93% in the upper 
quadrants and 95.05% in the lower quadrants, which are 
comparable to the AP of 95.92% obtained in the present study. 
Authors in [18] used Mask R-CNN for segmentation, achieving 
an AP score of 66.73%-83.86%. In contrast, the proposed 
model has a higher AP score, demonstrating superior enamel 
detection.  

TABLE II.  VALIDATION METRICS FOR FASTER R-CNN'S 
ENAMEL DETECTION 

Metric Bounding box 

AP 95.92% 

AP50 99% 

AP75 99% 

APm 95.92% 

 
The Fast R-CNN foreground classification accuracy 

(fast_rcnn/fg_cls_accuracy) score starts below 0.1, as shown in 
Figure 2, which indicates that the model has difficulty 
differentiating between the enamel and the background at first. 
After about 2,000 iterations, the accuracy significantly 
improved, indicating effective learning. The training data help 
the model perform better. The accuracy stays at about 1.0 after 
8,000 iterations, indicating completion of the learning stage. 

B. MASK RCNN ResNet-50 

1) Training Metrics 

The Mask R-CNN ResNet-50 backbone model obtained 
IoU values of 0.5 and 0.9 during training, with similar values 
across all levels, as depicted in Table III. The model had an F1-
score of 0.988, a recall of 1.0, and a precision of 0.976. This 
shows that the detection accuracy for the model was 97.6% 
with 100% recall and no false positives. The F1-score remains 
the same across all IoUs, which shows that localization and 
segmentation are good even with significant overlap.  

In [19], an accuracy of 96% was achieved, which further 
decreased with higher IoUs. Authors in [20] used a deep 
ensemble model, obtaining the highest F1-score of 0.92 on 
bitewing radiographs. These results indicate that further work 
is still needed to achieve the right balance between accuracy 
and recall. 

In contrast, the present study achieves perfect recall and 
consistently high accuracy. In general, the model is better at 
detecting and locating enamel compared to other methods. 
Despite these promising training results, the potential for 
overfitting must be considered, which is often a challenge in 
medical imaging research. Models trained on homogenous 
datasets may not generalize effectively across varied clinical 
settings [20, 21]. To address this limitation, future work will 
focus on external validation using independent datasets from 
diverse imaging systems and patient populations, based on 
[22]. Such efforts are essential to ensure the model's 
robustness, generalizability, and practical applicability in real-
world clinical environments. 

 

 

Fig. 2.  Accuracy versus iterations for Faster R-CNN. 

TABLE III.  MASK R-CNN RESNET-50 TRAINING METRICS 
ACROSS DIFFERENT IoU 

IoU threshold Precision Recall F1-score 

0.5 0.976 1 0.9879 

0.6 0.976 1 0.9879 

0.7 0.976 1 0.9879 

0.75 0.976 1 0.9879 

0.8 0.976 1 0.9879 

0.9 0.976 1 0.9879 

 

2) Validation 

Table IV presents the performance of the Mask R-CNN 
model with a ResNet-50 backbone in detecting and segmenting 
enamel cavities in the validation set. The model achieved an 
AP score of 99.88% for bounding box detection and 86.298% 
for segmentation. This result demonstrates the accuracy of the 
model; however, the lower segmentation score indicates that 
there is still scope for improvement. Bounding box and 
segmentation achieved a score of 99.98% on the AP50 and 
AP75 tests, which is better than previous studies with Faster R-
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CNN (94.8%). Additionally, authors in [19] obtained a U-Net 
AP score of 96%, while authors in [20] achieved an ensemble 
model AP score of 92%. In contrast, the present study achieved 
an APm score of 99.88% for bounding box detection and 
86.298% for segmentation, suggesting that the model performs 
better on medium-sized enamel cavities. This is in line with 
[20], which emphasized the need for higher scaling for medical 
imaging. The internal validation results are excellent, which 
means that the detection is significantly reliable. However, in 
[20], it has been demonstrated that external validation is still 
necessary to ensure that the results can be used in real life and 
to avoid overfitting. 

TABLE IV.  VALIDATION METRICS FOR MASK R-CNN 
RESNET-50 ENAMEL DETECTION 

Metric Bounding box Segmentation 

AP 99.88% 86.298% 

AP50 99.88% 99.98% 

AP75 99.88% 99.98% 

APm 99.88% 86.298% 

 
The Mask R-CNN model with a ResNet-50 backbone 

achieved perfect scores of 99.88% for AP50, AP75, and APm 
for bounding box detection. It also had a segmentation score of 
86.298% for AP/APm, which is strong but not as high as AP50 
and AP75 scores. These results are a significant improvement 
over [19, 20], which achieved an AP50 of 94.8% and an AP 
score of 92%, respectively. As displayed in Figure 3, the 
accuracy for the Mask R-CNN model increased from less than 
0.4 to 1.0 during training. The accuracy remains above 0.8 after 
1,000 iterations and increases to 100% after 6,000 iterations. 
This trend shows the model's effectiveness in detecting and 
segmenting enamel cavities within a certain area.  

C. MASK RCNN 101 

1) Training Metrics 

The training evaluation metrics for the Mask R-CNN model 
with a ResNet-101 backbone were tested with IoU thresholds 
ranging from 0.5 to 0.9. The results, as presented in Table V, 
show that all thresholds had a perfect precision, recall, and F1-
score of 0.99 (99.98%). These findings confirm that all enamel 
cavities in the training set were detected with zero false 
positives. The model's consistently high and balanced 
performance indicates that it can effectively learn the shape and 
location of enamel cavities. These results surpass those 
reported in [19], which used a different version of U-Net and 
obtained an AP50 score of 96%; however, the AP50 declined 
as IoUs increased. Similarly, authors in [20] used a deep 
ensemble model and obtained the highest F1-score of 0.92.  

Even with the training metrics used in the present study, 
there is still a possibility of overfitting. Authors in [20, 23] 
observed that models which are trained on certain datasets 
might not perform well in different clinical settings. Similar 
observations were made in [22], while emphasizing the 
importance of independent testing. The training results show 
that the model performs well with the dataset, but it needs to be 
tested on more clinical data to ensure that it can be used in real 
life. 

 

Fig. 3.  Accuracy versus iterations for Mask R-CNN ResNet-50. 

TABLE V.  MASK R-CNN RESNET-101 TRAINING METRICS 
ACROSS DIFFERENT IoU 

IoU threshold Precision Recall F1-score 

0.5 0.99 1 0.99 

0.6 0.99 1 0.99 

0.7 0.99 1 0.99 

0.75 0.99 1 0.99 

0.8 0.99 1 0.99 

0.9 0.99 1 0.99 
 

2) Validation 

The validation metrics presented in Table VI show that the 
Mask R-CNN model with a ResNet-101 backbone is effective 
in detecting and segmenting enamel cavities. The model had a 
segmentation score of 98.44% and a bounding box detection 
score of 99.98%. This suggests a high degree of localization 
and segmentation accuracy, with few false positives and false 
negatives. The AP50 and AP75 scores for bounding box 
detection and segmentation are both 99.98%. This indicates 
high accuracy across all levels of IoU. These results surpass 
those of [19]. The APm segmentation score of 98.44% and the 
bounding box detection rate of 99.98% suggest that the models 
also perform well on enamel cavities of medium size. The 
proposed model is extremely good at detecting and segmenting 
cavities in enamel because these results are almost perfect. 
Nevertheless, authors in [24] demonstrated that internal 
validation is not enough by itself. Authors in [19] suggested 
that models should be able to handle images of all sizes and 
must be tested on a number of real-world datasets to avoid 
overfitting. 

TABLE VI.  VALIDATION METRICS FOR MASK R-CNN 
RESNET-101 ENAMEL DETECTION 

Metric Bounding box Segmentation 

AP 99.98% 98.44% 

AP50 99.98% 99.98% 

AP75 99.98% 99.98% 

APm 99.98% 98.44% 
 

The Mask R-CNN model with a ResNet-101 backbone is 
better for detecting and segmenting enamel cavities. It achieved 
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a perfect score on both the AP and the APm tests compared to 
other results. For example, authors in [20] used a U-Net-based 
method and achieved an AP value of about 96%. Figure 4 
illustrates the accuracy of the Mask R-CNN model, which 
starts at about 0.7 and increases quickly after 1,000 iterations, 
when the accuracy increases to 0.99 and keeps increasing 
afterwards. The trend shows that the model gets better when 
the training iterations are increased. Figure 5 displays the 
output of testing using Mask RCNN 101, displaying how a 
Mask R-CNN model splits up enamel on a dental X-ray. As 
observed, each colored mask and bounding box shows a 
different part of the enamel.  

 

Fig. 4.  Accuracy versus iterations for Mask R-CNN ResNet-101. 

 

IV. COMPARATIVE ANALYSIS 

In Table VII, the training data show that the Faster R-CNN 
model had an F1-score of about 0.94 and a precision of about 
0.97 at all IoU levels, which were between 0.5 and 0.9. The 
Mask R-CNN with the ResNet-50 backbone always performs 
better than the Faster R-CNN. Its F1-score was about 0.9879, 
and its precision was about 0.976. At all IoU levels, Mask R-
CNN with ResNet-101 as the backbone reached a Mask perfect 
precision of about 0.99, a perfect recall of 1, and an F1-score of 
0.99.  

The model had improved performance after switching from 
Faster R-CNN to Mask R-CNN with deeper backbones, such as 
ResNet-50 and then ResNet-101. The ResNet-101 backbone of 
Mask R-CNN is the best model in this test. It obtained perfect 
precision, recall, and F1-scores, resulting in excellent cavity 
detection. Similarly, as presented in Table VIII, all models had 
excellent performance at bounding box detection, with very 
high AP50 and AP75 scores. Faster R-CNN had an overall AP 
of 95.92%, while Mask R-CNN with ResNet-50 and Mask R-
CNN with ResNet-101 achieved a better AP of 99.88% and 
99.98%, respectively. This demonstrates that Mask R-CNN 
models are better at detecting enamel. In segmentation tasks, 
Mask R-CNN with ResNet-50 achieved an AP value of 86.3%, 
while Mask R-CNN with ResNet-101 achieved a significantly 
higher AP value of 98.44%. These results highlight the 
advantage of deeper residual networks in capturing subtle 
structural variations within enamel that are often missed by 
shallower architectures. Mask R-CNN with ResNet-101 had 
the best performance compared to all models discussed in the 
present study, making it the best choice for reliable enamel 
lesion detection. Its consistent superiority makes it particularly 
suitable for applications requiring highly accurate and reliable 
enamel mask predictions, especially in early dental lesion 
analysis, where precise boundary delineation is critical. 
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Fig. 5.  Visualization of enamel detection on a radiographic image using Mask R-CNN ResNet-101. 

TABLE VII.  COMPARATIVE PERFORMANCE OF FASTER R-CNN AND MASK R-CNN MODELS UNDER TRAINING ANALYSIS ACROSS 
DIFFERENT IOU THRESHOLDS 

IoU threshold 
Faster R-CNN Mask RCNN 50 Mask RCNN 101 

Precision Recall F1-score Precision Recall F1-score Precision Recall F1-score 

0.5 0.97 1 0.94 0.97 1 0.98 0.99 1 0.99 

0.6 0.97 1 0.94 0.97 1 0.98 0.99 1 0.99 

0.7 0.97 1 0.94 0.97 1 0.98 0.99 1 0.99 

0.75 0.97 1 0.94 0.97 1 0.98 0.99 1 0.99 

0.8 0.97 1 0.94 0.97 1 0.98 0.99 1 0.99 

0.9 0.97 1 0.94 0.97 1 0.98 0.99 1 0.99 

TABLE VIII.  COMPARATIVE PERFORMANCE OF FASTER R-CNN AND MASK R-CNN MODELS UNDER VALIDATION ANALYSIS 
ACROSS DIFFERENT IOU THRESHOLDS 

Metric 
Faster R-CNN Mask RCNN 50 Mask RCNN 101 

Bounding box Segmentation Bounding box Segmentation Bounding box Segmentation 

AP 95.92% -- 99.88 86.298 99.98% 98.44% 

AP50 99% -- 99.88 99.98 99.98% 99.98% 

AP75 99% -- 99.88 99.98 99.98% 99.98% 

APm 95.92% -- 99.88 86.298 99.98% 98.44% 
 

V. CONCLUSION 

This study proposed models for the detection and 
segmentation of enamel from teeth for the identification of 
dental caries. Previous studies have investigated automated 
caries detection; however, most existing approaches focus on 
the overall tooth structure rather than targeting enamel regions. 
Because carious lesions usually start on the surface of the 
enamel and move deeper, it is important to accurately identify 
enamel areas for an earlier diagnosis. This study concentrates 
on the localization and segmentation of the enamel from teeth.  

The objective of this study is to evaluate the effectiveness 
of deep learning models in detecting and segmenting enamel by 
comparing the Faster Region-based Convolutional Neural 
Network (Faster R-CNN) and Mask Region-based 

Convolutional Neural Network (Mask R-CNN) architectures. 
The results demonstrated that all models achieving perfect 
AP50 and AP75 scores. However, the Mask R-CNN models 
were better at detecting enamel compared to Faster R-CNN 
models, with perfect AP and APm values. Mask R-CNN 
backbone with ResNet-101 showed the best performance with 
an AP of 98.44%, compared to ResNet-50, which achieved an 
AP score of 86.30%. These results show that making the 
backbone deeper improves segmentation considerably without 
reducing detection accuracy. The proposed system with Mask 
R-CNN ResNet-101 can help dentists to find cavities in enamel 
quickly and accurately. Mask R-CNN with ResNet-101 has an 
excellent detection capacity with negligible errors. Future 
research should focus on external datasets and test different 
frameworks to detect other dental issues, in addition to just 
cavities in the enamel.  
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