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ABSTRACT 

Dental caries, one of the most prevalent oral diseases, can lead to severe 
complications if left untreated. Early detection is crucial for effective intervention, 
reducing treatment costs, and preventing further deterioration. Recent 
advancements in deep learning have enabled automated caries detection based on 
clinical images; however, most existing approaches rely on raw or minimally 
processed images, which may include irrelevant structures and noise, such as the 
tongue, lips, and gums, potentially affecting diagnostic accuracy. This research 
introduces a U-Net-based tooth segmentation model, which is applied to enhance the 
performance of dental caries classification using ResNet-50, InceptionV3, and 
ResNeXt-50 architectures. The methodology involves training the teeth segmentation 
model using transfer learning from backbone architectures ResNet-50, VGG19, and 
InceptionV3, and evaluating its performance using IoU and Dice Score. Subsequently, 
the classification model is trained separately with and without segmentation using 
the same hyperparameters for each model with transfer learning, and their 
performance is compared using a confusion matrix and confidence interval. 
Additionally, Grad-CAM visualization was performed to analyze the model's attention 
and decision-making process. Experimental results show a consistent performance 
improvement across all models with the application of segmentation. ResNeXt-50 
achieved the highest accuracy on segmented data, reaching 79.17%, outperforming 
ResNet-50 and InceptionV3. Grad-CAM visualization further confirms that 
segmentation plays a crucial role in directing the model’s focus to relevant tooth 
areas, improving classification accuracy and reliability by reducing background 
noise. These findings highlight the significance of incorporating tooth segmentation 
into deep learning models for caries detection, offering a more precise and reliable 
diagnostic tool. However, the confidence interval analysis indicates that despite 
consistent improvements across all metrics, the observed differences may not be 
statistically significant.  
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1. INTRODUCTION 

Dental caries is a prevalent chronic infectious disease [1], 
defined by the demineralization of dental hard tissues 
such as enamel, dentine, and cementum in both primary 
and permanent teeth [2]. Caries can affect both children 
and adults [3]. When left untreated, caries can advance to 
form a cavitated lesion and may eventually affect the pulp, 
leading to pain, swelling, and potentially systemic 
symptoms [4]. Prolonged neglect can lead to significant 
destruction of the tooth’s structural integrity and 
supporting tissues, resulting in irreversible tooth loss [5]. 
According to the latest Indonesian Basic Health Research 
in 2018, dental caries is among Indonesia's most 
widespread oral diseases, affecting 88.8% of individuals 
across all age groups. [6]. Therefore, early detection and 

precise caries diagnosis are essential to avoid serious 
damage and improve oral health outcomes. 

Intraoral clinical images, obtained through 
photographic methods, are being recognized as a 
valuable resource for dental diagnostics, particularly in 
the context of automated image analysis using artificial 
intelligence [7][8]. Unlike radiographic imaging, which 
exposes patients to substantial levels of ionizing radiation 
[9], intraoral photographs are noninvasive, accessible, 
and cost-effective, making them ideal for population-wide 
caries screening and detection [10]. 

Various studies have been conducted on detecting 
dental caries using intraoral images. Fitria et al. 
developed an intraoral clinical image dataset for detecting 
dental caries and trained the model using ResNet50 with 
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various learning rates [8]. This study results in a dataset 
consisting of 700 images, augmented to increase the 
dataset size. The model achieved its highest accuracy of 
79.52% with a learning rate of 10−4. J. K¨uhnisch et al. 

conducted a similar study utilizing an artificial intelligence-
based Convolutional Neural Network (CNN) to classify 
clinical dental images into three categories: healthy teeth 
(caries-free), teeth with non-cavitated carious lesions, and 
teeth with cavitated caries [7]. Their approach employed 
the MobileNetV2 model, trained using transfer learning 
techniques. The results demonstrated that the CNN 
model based on MobileNetV2 exhibited high performance 
in detecting dental caries, achieving an overall accuracy 
of 92.5%. In 2024, Fitria et al. extended their research by 
developing a deep learning model for detecting decayed, 
missing, and filled teeth using YOLOv5 and YOLOv8 
architectures. The YOLOv5l model, trained with a learning 
rate of 10⁻², achieved a precision of 0.97, a recall of 0.858, 

and a mean average precision (mAP) of 0.904 in 1 hour 
and 18 minutes. Meanwhile, YOLOv8 demonstrated 
greater training stability, with larger variants performing 
better in detection tasks [11], [12]. 

Despite these advancements, existing approaches are 
based on raw or minimally processed clinical images, 
which can introduce irrelevant background information 
such as the tongue and lips. This extraneous information 
can hinder the model's ability to focus on specific features 
of the tooth, potentially affecting accuracy and reliability. 
Therefore, this study aims to develop and implement a U-
Net-based teeth segmentation model to enhance dental 
caries detection by isolating relevant tooth structures and 
reducing the influence of background noise. This study 
contributes by developing a U-Net-based teeth 
segmentation model capable of isolating healthy teeth 
and visible caries lesions while masking out fillings, 
missing teeth, and irrelevant background information. 
This segmentation process enables further analysis in 
caries classification using deep learning. Additionally, a 
caries classification model is trained using three 
architectures—ResNet50, InceptionV3, and 
ResNeXt50—with and without segmentation to compare 
performance and analyze the impact of segmentation on 
model accuracy. To further understand the model’s 
decision-making process, the Grad-CAM technique is 
used to visualize and compare classification results 
between original and segmented images, providing 
deeper insights into how segmentation influences 
classification outcomes. 

This study is structured as follows: Section II provides 
an overview of the dataset, proposed methodology, and 
the training and evaluation methods used in this study. 
Section III presents the results of model training and 
evaluation for both segmentation and classification, 
including models trained with and without the 
segmentation process. Section IV offers a detailed 
discussion of the findings, covering result interpretation 
and the study’s limitations. Finally, Section V concludes 
with a summary of the objectives, key findings, and 
potential directions for future research. 

 

2. MATERIALS AND METHOD 
Fig. 1 shows the processes undertaken in this study, 
starting with segmentation model development, followed 
by caries classification, and concluding with result 
analysis. The following subsection provides a detailed 
explanation of each process. 
 

 

Fig. 1. The research methodology flowchart 
illustrates the key stages of this study, from data 
preprocessing to result analysis. 

 
A. Dataset 

The datasets utilized in this study were adapted from 
those used previously by Fitria et al. in [8], with additional 
data collected from the Dental and Oral Polyclinic at 
Zainoel Abidin Regional Hospital in Banda Aceh. The 
dataset consists of dental clinical images of patients aged 
18 to 45 years, captured using a Nikon D5300 (24MP) 
with an ISO range of 100–12,800 and an aperture of f/5.6. 
The images were taken under room lighting conditions, 
maintaining a fixed distance of 20 cm between the lens 
and the subject. 

The dataset includes five intraoral sides, namely 
anterior (labial), right side (right buccal), left side (left 
buccal), inner upper teeth (upper occlusal), and inner 
lower teeth (lower occlusal). Examples of these views are 
illustrated in Fig. 2 (a), (b), (c), (d), and (e), respectively. 
The dataset consists of 1,274 images, including 721 
normal teeth and 553 carious teeth, each with a resolution 
of 224x224 pixels. 

 

     
(a) (b) (c) (d) (e) 

Fig. 2. Five Sides of the Intraoral Clinical Image 
Dataset, (a) Labial, (b) Right Buccal, (c) Left Buccal, 
(d) Upper Occlusal, (e) Lower Occlusal. 

 

B. Hardware and Software Specifications 
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This study was conducted on a machine equipped with a 
GPU to accelerate the training process. The hardware 
specification and software environments are detailed in 
Table 1 to support the reproducibility of this study. 
 

Table 1. Hardware and Software Environment Used 
For Model Training and Development 

Component Specification 

GPU NVIDIA GeForce RTX  

RAM 24 GB DDR5 

Python 3.10.14 

TensorFlow 2.10.0 

cudatoolkit 11.2.2 

cuDNN 8.1.0.77 

 

C. Data Pre-Processing 

To prepare the dataset for the training process, the 
images were first normalized using min-max 
normalization to scale pixel intensity values to a range of 
0 to 1. This normalization step helps accelerate model 
convergence and ensures consistency in the input data 
[13]. After normalization, the dataset was divided into 
three groups: training, validation, and testing, with a ratio 
of 70:15:15 [14]. The split was performed randomly while 
maintaining the original class proportions in each subset 
to ensure balanced and unbiased data distribution, this 
splitting method is proven effective to handle an uneven 
dataset distribution [15]. A 180-degree rotation was 
applied to the training set as an augmentation technique. 
This process aimed to increase the variability of the 
training data and reduce the risk of overfitting [16]. 
Following the augmentation, the dataset’s total size 
increased to 2165 images. Table 2 presents the final 
dataset distribution after the split and augmentation 
process. 

 

Table 2. The dataset distribution for training, 
validation, and testing shows the number of normal 
and caries cases in each set. 

Datasets Normal Caries Total 

Training 976 806 1782 

Validation 117 74 191 

Testing 116 76 192 

 

D. Segmentation Mask Annotation 

The mask annotation process was conducted manually 
using Label Studio to create the ground truth masks. 
Annotation was performed by drawing pixel-wise 
segmentation masks for the teeth in each image. Each 
intraoral clinical image was labeled to generate the 
segmentation masks for different conditions, namely, 
normal, decayed, filled, and missing teeth. These masks 
are used as ground truth for training and validating the 

segmentation model. The annotation process for normal 
and caries teeth is shown in Fig. 3 and Fig. 4, respectively, 
showcasing how regions of interest were delineated for 
each corresponding condition. 

Specific approaches were taken for each condition: 

- Normal: Masks were generated for intact and healthy 
tooth regions, as shown in Fig. 3, where the mask 
result highlights the complete tooth structures. 

- Decay: Decayed areas were carefully segmented to 
highlight visible carious lesions, as demonstrated in 
Fig. 4. 

- Filling: Regions with dental fillings were excluded, 
leaving only the actual tooth structures segmented 
(see Fig. 4(d), (e) and (f)). 

- Missing: Edentulous areas without teeth were marked 
as absent to reflect missing regions accurately (see 
Fig. 4(d), (e) and (f)). 
 

     
(a) (b) (c) 

Fig. 3. Visualization of normal teeth annotation, 
showing (a) original image, (b) annotation process, 
and (c) final annotation result. 
 

     
(a) (b) (c) 

 

     
(d) (e) (f) 

Fig. 4. Visualization of caries teeth annotation, 
illustrating (a) and (d) the original images, (b) and (e) 
the annotation process, and (c) and (f) the final 
annotation results. 
 
E. Segmentation Model Training and Validation 

The U-Net architecture, widely used for medical image 
segmentation [17], [18], [19], is employed to train the teeth 
segmentation model. It consists of two main components: 
the contracting (encoder) and expanding (decoder) paths 
[20], [21]. The encoder captures spatial context through 
convolutional and pooling layers, which reduce the 
feature map size while increasing the number of channels 
[22]. The decoder restores spatial resolution using 
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transposed convolutions and skip connections, which link 
the encoder and decoder layers to retain fine details [23]. 
For feature extraction in the decoder, multiple 
backbones—ResNet50, VGG19, and InceptionV3—are 
utilized to leverage their advanced feature extraction 
capabilities using transfer learning from pre-trained 
ImageNet weights [24], [25]. The segmentation model is 
trained using Adam optimizer with a learning rate of 10-5 
for 100 epochs, utilizing Intersection over Union Loss as 
the loss function, which has been proven to improve the 
model's ability on the segmentation task compared to 
regular CrossEntropy Loss [26]. The model's performance 
was evaluated during training using a validation process 
to ensure its effectiveness on unseen validation data. The 
complete architecture and parameters used for training 
the segmentation model are detailed in Table 3. 

 
Table 3. Hyperparameters used for segmentation 
model training to optimize model performance. 

Parameter Value 

Backbones ResNet50, VGG19, InceptionV3 

Loss Function Intersection over Union Loss 

Optimizer Adam 

Epoch 100 

Learning Rates 10−5 

Batch Size 8 

 
F. Segmentation Model Evaluation 

Evaluating semantic segmentation models involves both 
assessing classification accuracy and verifying how well 
the predicted regions align with the actual object 
boundaries. This requirement makes segmentation 
evaluation more complex than simple classification tasks 
[27]. To effectively capture both aspects of performance, 
Intersection over Union (IoU) and Dice Score are used as 
they quantify the overlap between the predicted 
segmentation and the ground truth mask [28]. The 
calculation of IoU is depicted in (Eq. (1)). 

𝐼𝑜𝑈 =  
|𝑆𝑝𝑟𝑒𝑑 ∩ 𝑆𝑔𝑡|

|𝑆𝑝𝑟𝑒𝑑 ∪ 𝑆𝑔𝑡|
(1) 

where |𝑆𝑝𝑟𝑒𝑑 ∩ 𝑆𝑔𝑡| is the number of overlapping pixels 

between the predicted and ground truth masks and 
|𝑆𝑝𝑟𝑒𝑑 ∩ 𝑆𝑔𝑡| is the total number of pixels in the union of 

predicted and ground truth masks. The IoU value ranges 
from 0 to 1, where a higher value indicates better 
performance in terms of the overlap between the 
predicted and ground truth masks. The calculation of the 
Dice Score is depicted in (Eq. (2)). 

𝐷𝑖𝑐𝑒 𝑆𝑐𝑜𝑟𝑒 =  
2|𝑆𝑝𝑟𝑒𝑑 ∩ 𝑆𝑔𝑡|

|𝑆𝑝𝑟𝑒𝑑| + |𝑆𝑔𝑡|
(2) 

where |𝑆𝑝𝑟𝑒𝑑 ∩ 𝑆𝑔𝑡| is the number of overlapping pixels 

between the predicted and ground truth masks, |𝑆𝑝𝑟𝑒𝑑| is 

the total number of pixels in the predicted mask, and |𝑆𝑔𝑡| 

describes the total number of pixels in the ground truth 

mask. 

Similar to IoU, the Dice Score ranges from 0 to 1, 
where a higher value indicates a greater similarity 
between the predicted and ground truth masks. These 
metrics are particularly useful for evaluating medical 
image segmentation, as they emphasize overlapping 
regions [27], [29]. This evaluation process evaluates each 
segmentation model and identifies the best-performing 
model, which will be used for image segmentation in the 
classification stage. 

 
G. Classification Model Training and Validation 

To develop the classification model, both the original and 
segmented images, where segmentation was performed 
using a previously trained teeth segmentation model, 
were trained separately using multiple model 
architectures, including ResNet50, InceptionV3, and 
ResNeXt50. These three architectures have been utilized 
to address dental image classification tasks, 
demonstrating strong performance due to their strong 
feature extraction capabilities  [8], [30], [31]. Transfer 
learning was applied by initializing the models with pre-
trained weights from ImageNet. All models were trained 
using the SGD optimizer with a learning rate of 2 x 10-5, 
using CrossEntropy Loss as the loss function, for 200 
epochs to ensure a valid comparison. During training, a 
validation process was performed to assess the model's 
performance on the validation dataset. The optimal model 
weights were chosen based on the lowest validation loss 
to improve generalization. The complete architecture and 
parameters used for training the classification model are 
detailed in Table 4. 

 
Table 4. Hyperparameters used for classification 
model training, including backbone architectures, 
loss function, optimizer, number of epochs, learning 
rate, and batch size. 

Parameter Value 

Architecture ResNet50, InceptionV3, ResNeXt50 

Loss Function CrossEntropy Loss 

Optimizer SGD 

Epoch 200 

Learning Rates 2 × 10−5 

Batch Size 16 

 
H. Classification Model Evaluation 

The performance of the caries classification model is 
evaluated using the confusion matrix, categorizing 
predictions into four distinct outcomes. True Positives 
(TP) represent cases where caries are correctly identified, 
while True Negatives (TN) indicate correctly classified 
healthy teeth. False Positives (FP) occur when healthy 
teeth are mistakenly labeled as caries, leading to a Type 
I error or false alarm. Conversely, False Negatives (FN) 
refer to instances where caries are incorrectly classified 
as normal, resulting in a Type II error or missed detection 
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[32]. The confusion matrix plays a crucial role in assessing 
both correct and incorrect predictions, ensuring 
classification reliability, and reducing the risk of 
misdiagnosis, which could lead to inappropriate treatment 
decisions.  

Five performance metrics are computed by analyzing 
these components to provide a comprehensive evaluation 
of the model, namely, accuracy, precision, specificity, 
recall, and F-1 score [33]. Accuracy (Eq. (3)) represents 
the proportion of correctly classified cases relative to the 
total number of samples. Precision (Eq. (4)) represents 
the proportion of correctly identified caries cases among 
all instances predicted as caries. Specificity (Eq. (5)) 
measures the model’s ability to correctly classify normal 
teeth by calculating the proportion of actual normal cases 
correctly identified. Recall (Eq. (6)) indicates the 
proportion of actual caries cases that the model correctly 
detects. F1-Score (Eq. (7)) is the harmonic mean of 
precision and recall, providing a balanced measure of a 
model’s ability to detect caries while minimizing false 
positives and false negatives.   

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
(3) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 +  𝐹𝑃
(4) 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
𝑇𝑁

𝑇𝑁 +  𝐹𝑃
(5) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 +  𝐹𝑁
(6) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =  2 ×  
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
(7) 

  

To assess the statistical significance of segmentation 
on caries classification performance, this study employs 
confidence intervals as part of the evaluation process. 
The confidence intervals for classification metrics are 
computed using the bootstrap-t method. Specifically, the 
test set is resampled randomly with replacement 1,000 
times, with each resample being the same size as the 
original test set. This method allows for accurate and less 
biased estimation of confidence intervals [34]. Confidence 
intervals are calculated for the difference in metrics 
between the segmented and original datasets, enabling a 
direct assessment of whether segmentation results in 
statistically meaningful improvements. The 95% 
confidence interval calculation is presented in (Eq. (8)) 

(∆̂ − 𝑡̂(1−𝛼) × 𝑠𝑒̂, ∆̂ − 𝑡̂(𝛼) × 𝑠𝑒̂) (8) 

where ∆̂ denotes the observed difference in 

performance metric, and 𝑠𝑒̂ represents the estimated 

standard error of the metric. The terms 𝑡̂(𝛼) and 𝑡̂(1−𝛼) are 

the 𝛼 and 1 − 𝛼 quantiles of the distribution of 

bootstrapped t-values, respectively. 

The Grad-CAM (Gradient-weighted Class Activation 
Mapping) technique is also applied to visualize the 
classification model prediction [35], [36]. By leveraging 
the gradients of a specific class flowing into the final 
convolutional layer, this method generates a localization 

map that highlights the key regions the model focuses on 
[37]. The Grad-CAM is generated for the highest predicted 
class using the last convolutional layer of each 
architecture. Specifically, "conv5_block3_out" is used for 
ResNet50 and ResNeXt50, while "mixed10" is used for 
InceptionV3. The gradient of the predicted class score is 
computed with respect to these feature maps, and the 
ReLU activation function is applied to highlight the 
features that positively influence the model's decision. In 
the visualization, the regions that contribute most to the 
model's prediction are highlighted more prominently in 
red. This visualization helps illustrate the impact of 
segmentation on the model’s focus, providing deeper 
insights into how the segmentation process influences the 
classification model's decision-making process [38]. 

The proposed methodology could be extended by 
incorporating larger and more balanced dataset 
distribution to improve generalization. Additionally, 
exploring more advanced deep learning architecture may 
enhance performance further. 

 

3. RESULTS 
A. Segmentation Training and Validation Results 

The training progression of the ResNet50-UNet model, as 
illustrated in Fig. 5 (a), indicates a well-converging 
process. The training loss decreases rapidly within the 
first 20 epochs before stabilizing at 0.0244. A similar trend 
is observed in the validation loss, which follows a steady 
downward trajectory and settles at 0.0782. The 
Intersection over Union (IoU) metric also improves 
significantly during the initial training phase, with the 
training IoU reaching 0.984 by the final epoch. The 
validation IoU follows a comparable pattern, rising sharply 
early on before stabilizing at 0.952. 

The learning curves for the VGG19-UNet model, 
shown in Fig. 5 (b), display a smooth training progression. 
The training loss declines sharply in the initial 20 epochs, 
then decreases to a final value of 0.0279. The validation 
loss follows a similar pattern, eventually stabilizing at 
0.0693. The IoU metric exhibits a comparable trend, with 
training and validation IoU increasing rapidly at the 
beginning of training. By the final epoch, the training IoU 
reaches 0.982, while the validation IoU stabilizes at 0.956. 

The training curves for the InceptionV3-UNet model, 
shown in Fig. 5 (c), follow a pattern similar to the previous 
models. The training loss drops quickly within the first 20 
epochs before leveling at 0.0285. Likewise, the validation 
loss steadily decreases and eventually stabilizes at 
0.0778. The IoU metric shows a rapid increase early in 
training, with the training IoU reaching 0.981 and the 
validation IoU settling at 0.952. 

Table 5 summarizes the training and validation results 
for each trained segmentation model. As observed from 
the metrics presented, the performance across all models 
is relatively similar, with only marginal differences at the 
decimal level. These results highlight that all three models 
effectively learn the segmentation task with minimal risk 
of overfitting, as indicated by the close alignment of 
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training and validation metrics. Notably, the VGG19-UNet 
model performs best, exhibiting the lowest validation loss 
(0.0693) and the highest validation IoU (0.956). This 
indicates that the VGG19-UNet model not only excels in 
learning the segmentation task but also generalizes well 
to unseen data. 

 
(a) 

 
(b) 

 
(c) 

Fig. 5. Training and validation curves of ResNet50-
UNet (a), VGG19-UNet (b), and InceptionV3-UNet (c). 
The left plot shows the loss reduction over epochs, 
while the right plot illustrates the improvement in the 
Intersection over Union (IoU) metric. 

 

B. Segmentation Model Evaluation Result 

Table 6 exhibits the testing results of the three 
segmentation models, highlighting their Intersection over 
Union (IoU) and Dice Score performances. Overall, the 
results indicate that all three models achieve highly 
comparable performance, with only minor variations in 
their evaluation metrics. The InceptionV3-UNet model 
attains the highest test IoU at 0.9528, followed closely by 
ResNet50-UNet (0.9514) and VGG19-UNet (0.9508). 
Similarly, the test Dice Score metric exhibits marginal 
differences, with InceptionV3-UNet achieving the highest 
score of 0.9602, slightly outperforming VGG19-UNet 
(0.9600) and ResNet50-UNet (0.9587). Despite these 
minimal variations, the InceptionV3-UNet model is the 
most suitable choice based on its superior testing 
performance. Given its ability to achieve the highest IoU 

and Dice Score among the three models, InceptionV3-
UNet is selected as the most optimal model and will be 
used for segmentation in the subsequent classification 
process. 

 

Table 5. Segmentation training and validation result 
(train loss, validation loss, train IoU and validation 
IoU) to compare performance among the three model. 

Model 
Train 

Loss 

Val 

Loss 
Train 

IoU 

Val 

IoU 

ResNet50

-UNet 
0.0244 0.0782 0.984 0.952 

VGG19-

UNet 
0.0279 0.0693 0.982 0.956 

Inception

V3-UNet 
0.0285 0.0778 0.981 0.952 

 
Table 6. Segmentation evaluation result (testing dice 
score and IoU) to compare performance among the 
three model. 

Model Test IoU Test Dice Score 

ResNet50-UNet 0.9514 0.9587 

VGG19-UNet 0.9508 0.9600 

InceptionV3-UNet 0.9528 0.9602 

 

 Fig. 6 presents examples of segmentation predictions 
generated by the three trained models. Overall, all models 
accurately segment the dental regions for both normal 
and carious teeth, with the segmentation results being 
highly similar across models, exhibiting only minor 
variations. For normal teeth, each model effectively 
delineates the entire tooth structure with high precision, 
ensuring that all visible teeth are distinctly segmented 
from the background (see Fig. 6 (g)–(i), (m)–(o), (s)–(u)). 
In the case of carious teeth, the models successfully 
differentiate between healthy tooth structures and areas 
affected by dental restorations or missing teeth (see Fig. 
6 (j) and (k), (p) and (q), (v) and (w)) while still including 
teeth with carious lesions, ensuring that the lesions 
remain visible in the segmented outputs (see Fig. 6 (i), (r), 
and (x)). This consistency across different models 
suggests their robustness in handling variations in dental 
conditions while preserving the essential features 
required for the classification process.  

C. Classification Model Training and Evaluation 
Result 

Fig. 7 (a) presents the learning curves for ResNet-50 
trained on the original dataset. The training loss steadily 
declines to 0.3917, while validation loss drops sharply in 
the first 50 epochs before stabilizing at 0.6241. Training 
accuracy consistently improves, reaching 84.79%, 
whereas validation accuracy rises rapidly early and 
settles at 70.68%. The best model weights were obtained 
at epoch 149, with the lowest validation loss of 0.6207 and 
validation accuracy of 69.63%. In contrast, Fig. 7 (b) 

https://ijeeemi.org/
https://portal.issn.org/resource/ISSN-L/2656-8624
mailto:mayafitria@usk.ac.id
https://doi.org/10.35882/ijeeemi.v7i2.75
https://creativecommons.org/licenses/by-sa/4.0/


Indonesian Journal of Electronics, Electromedical Engineering, and Medical Informatics 
Homepage: https://ijeeemi.org/; Vol. 7, No. 2, pp. 253-269, April 2025  

e-ISSN: 2656-8624 

 

Corresponding author: Maya Fitria, mayafitria@usk.ac.id, Department of Electrical and Computer Engineering, Universitas Syiah Kuala, Jl. 
Teungku Syech Abdur Rauf No. 7 Kopelma Darussalam, 23111, Banda Aceh, Indonesia.  
DOI: https://doi.org/10.35882/ijeeemi.v7i2.75 
Copyright © 2025 by the authors. Published by Jurusan Teknik Elektromedik, Politeknik Kesehatan Kemenkes Surabaya Indonesia. This work is an 
open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0 International License (CC BY-SA 4.0).  
 

259 

shows that training on the segmented dataset results in a 
more stable improvement. The training loss decreases to 
0.3276, and validation loss drops sharply in the first 30 
epochs before stabilizing at 0.5206. Training accuracy 
peaks at 89.17%, while validation accuracy jumps early 
and stabilizes at 72.77%. Notably, the model performs 
best at the final epoch, where validation loss is lowest.   

Fig. 7 (c) illustrates the learning curves for InceptionV3 
trained on the original dataset. The training loss steadily 
decreases to 0.4482, while validation loss drops sharply 
in the first 20 epochs before stabilizing at 0.6763. Training 
accuracy improves rapidly within the first 30 epochs and 
gradually reaches 81.20%. Validation accuracy follows a 
similar pattern, rising significantly early on and settling at 
67.02%. The best model weights were obtained at epoch 
104, where validation loss reached its lowest at 0.6721, 
with a validation accuracy of 66.49%. 

As shown in Fig. 7 (d), training on the segmented 
dataset results in a more consistent improvement. The 
training loss decreases to 0.4014, while validation loss 
drops sharply in the first 30 epochs before stabilizing at 

0.5609. Training accuracy rises quickly in the early stages 
and peaks at 83.78%. Similarly, validation accuracy 
improves significantly in the first 30 epochs before leveling 
off at 70.16%. The best model performance is achieved at 
epoch 181, with the lowest validation loss of 0.5587 and 
validation accuracy of 71.20%. 

Fig. 7 (e) illustrates the learning curves for ResNeXt-
50 trained on the original dataset. The training loss 
steadily declines, reaching 0.3463 by the final epoch, 
while validation loss drops within the first 25 epochs 
before stabilizing at 0.5880. Training accuracy 
consistently improves, peaking at 87.15%. Validation 
accuracy follows a steady upward trend until epoch 100, 
after which it plateaus at 71.73%. The model's best 
performance occurs at epoch 198, where validation loss 
reaches its lowest point at 0.5868, with a validation 
accuracy of 71.73%.  

As depicted in Fig. 7 (f), training on the segmented 
dataset enhances model performance. The training loss 
decreases further to 0.2664, while validation loss shows 
a sharp decline in the early epochs before gradually 

                     
(a) (b) (c) (d) (e) (f) 

 

                     
(g) (h) (i) (j) (k) (l) 

 

                     
(m) (n) (o) (p) (q) (r) 

 

                     
(s) (t) (u) (v) (w) (x) 

Fig. 6. Segmentation Model Prediction Result, (a-c) Original Normal Image, (d-f) Original Caries Image, (g-

i) ResNet50-UNet Normal Image Segmentation, (j-l) ResNet50-UNet Caries Image Segmentation, (m-o) 

VGG19-UNet Normal Image Segmentation, (p-r) VGG19-UNet Caries Image Segmentation, (s-u) 

InceptionV3-UNet Normal Image Segmentation, (v-x) InceptionV3-UNet Caries Image Segmentation 

 

https://ijeeemi.org/
https://portal.issn.org/resource/ISSN-L/2656-8624
mailto:mayafitria@usk.ac.id
https://doi.org/10.35882/ijeeemi.v7i2.75
https://creativecommons.org/licenses/by-sa/4.0/


Indonesian Journal of Electronics, Electromedical Engineering, and Medical Informatics 
Homepage: https://ijeeemi.org/; Vol. 7, No. 2, pp. 253-269, April 2025  

e-ISSN: 2656-8624 

 

Corresponding author: Maya Fitria, mayafitria@usk.ac.id, Department of Electrical and Computer Engineering, Universitas Syiah Kuala, Jl. 
Teungku Syech Abdur Rauf No. 7 Kopelma Darussalam, 23111, Banda Aceh, Indonesia.  
DOI: https://doi.org/10.35882/ijeeemi.v7i2.75 
Copyright © 2025 by the authors. Published by Jurusan Teknik Elektromedik, Politeknik Kesehatan Kemenkes Surabaya Indonesia. This work is an 
open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0 International License (CC BY-SA 4.0).  
 

260 

stabilizing at 0.5446. Training accuracy rises quickly, 
culminating at 91.92%, while validation accuracy 
increases significantly in the initial stages and eventually 
plateaus at 74.87%. The model achieves optimal 
performance at epoch 165, where validation loss is 
minimized at 0.5393, with a validation accuracy of 
75.39%.  

Table 7 summarizes the classification performance of 
different architectures trained on original and segmented 
datasets. Acr oss all models, training on the segmented 
dataset consistently led to better training and    validation 
performance compared to the original dataset, indicating 
that the models were able to learn more effectively from 
the segmented data. The best overall performance was 
achieved by the ResNeXt50 model trained on the 
segmented dataset, which recorded  the  lowest   training 
loss (0.2252), the highest training accuracy (95.45%), and 
the highest validation accuracy (75.39%). Meanwhile, the 
lowest validation loss was observed in the ResNet50 
model trained on the segmented dataset, reaching 0.253. 
However, despite having the lowest validation loss, its 
validation accuracy (72.77%) was still lower than that of 

ResNeXt50, suggesting that ResNeXt50 had a better 
balance between loss minimization and generalization. 

  
Table 7. Classification training and validation results 
(train loss, validation loss, train accuracy, and 
validation accuracy) to compare performance among 
the three models trained using original and 
segmented datasets. 

Model Dataset 
Train 

Loss 

Val 

Loss 
Train 

Acc 

Val 

Acc 

ResNet50 

Original 0.3902 0.6207 
85.69

% 

69.63

% 

Segmen

ted 
0.253 0.5206 

94.39

% 

72.77

% 

InceptionV

3 

Original 0.4876 0.6721 
78.96

% 

66.49

% 

Segmen

ted 
0.3284 0.5587 

90.01

% 

71.20

% 

ResNeXt5

0 

Original 0.2659 0.5868 
94.73

% 

71.73

% 

Segmen

ted 
0.2252 0.5393 

95.45

% 

75.39

% 

 

     
(a) (b) 

 

     
(c) (d) 

 

     
(e) (f) 

Fig. 7. Classification Model Learning Curve, (a) ResNet50 Original Images, (b) ResNet50 Segmented Images, 

(c) InceptionV3 Original Images, (d) InceptionV3 Segmented Images, (e) ResNeXt50 Original Images, (f) 

ResNeXt50 Segmented Images 
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D. Classification Model Evalutaion Result 

Fig. 8 presents the confusion matrices for the 
classification models trained on both original and 
segmented images, highlighting the impact of data 
preprocessing on model performance. Across all 
architectures, training with segmented images led to 
improved classification results. For ResNet50, the 
number of correctly classified normal cases increased 
from 87 to 98, while misclassified normal cases 
decreased from 29 to 18 (see Fig. 8 (a), and (d)). Similarly, 
the correctly classified caries cases slightly improved from 
48 to 51, with false negatives decreasing from 28 to 25. 
InceptionV3 exhibited a similar trend, with correctly 
classified normal cases increasing from 88 to 89, while the 
classification of caries cases improved from 39 to 50 (see 
Fig. 8 (b) and (e)). Notably, ResNeXt50 demonstrated the 
most significant improvement when trained with 
segmented images, with correctly identified normal cases 
rising from 90 to 94 and caries cases increasing from 56 
to 58. Additionally, false negatives decreased from 20 to 
18, indicating better sensitivity to caries detection (see 
Fig. 8 (c) and (f)). 

The evaluation metrics, including accuracy, precision, 
specificity, recall, and F1-score, were derived from the 
confusion matrix for each model. Table 8 presents the 
calculated values for each metric, offering a detailed 
comparison of the models trained on both original and 
segmented images. Across all architectures, models 
trained on segmented images consistently performed 
better than those trained on original images. 
Improvements in accuracy, precision, specificity, recall, 

and F1-score were observed, indicating that 
segmentation enhances feature extraction and reduces 
irrelevant background noise. Among the models, 
ResNeXt50 trained on segmented images achieved the 
highest accuracy (79.17%) and F1-score (79.25%), 
making it the best-performing model. The most significant 
improvement is observed in ResNet50, where accuracy 
increased from 70.31% to 77.60% after using segmented 
images. InceptionV3 showed the lowest overall 
performance among the three models, with an accuracy 
of 66.15% on original images, which improved to 72.40% 
after segmentation. 

Fig. 9 presents the 95% confidence interval 
differences between the performance metrics of models 
trained on segmented versus original images. While the 
mean differences suggest an overall positive shift across 
most metrics, all intervals include zero value. These 
results indicate that although segmentation tends to yield 
positive trends across metrics, they may not consistently 
reflect statistically robust improvements. 

Fig. 10 compares the Grad-CAM visualization of 
misclassified cases in the original dataset that were 
corrected after applying segmentation. The model trained 
on the original dataset focused on non-dental areas like 
lips, gums, and the palate, leading to incorrect 
classifications. With segmentation, its attention shifted to 
the teeth area, improving classification accuracy. This 
highlights the role of segmentation in removing irrelevant 
background information and enhancing caries 

         
(a) (b) (c) 

 

         
(d) (e) (f) 

Fig. 8. Classification Model Confusion Matrix, (a) ResNet50 Original Images, (b) InceptionV3 Original 

Images, (c) ResNeXt50 Original Images, (d) ResNet50 Segmented Images, (e) InceptionV3 Segmented 

Images, (f) ResNeXt50 Segmented Images 
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classification. Fig. 11 presents the Grad-CAM 
visualization of correctly classified cases from both 
datasets. While the model correctly identified caries in the 
original dataset, its focus included non-dental areas, 
which compromised the validity of its predictions. In 
contrast, segmentation helped the model concentrate on 
the relevant features, improving the model’s reliability. 

  

4. DISCUSSION 

This study aims to develop a U-Net-based dental 
segmentation model to improve the accuracy of dental 
caries classification. The application of teeth 
segmentation techniques aims to allow the model to focus 
on the relevant tooth regions, reducing background noise 
and enhancing feature extraction for more accurate dental 
caries classification. 

   
(a) (b) (c) 

Fig. 9. Difference in 95% confidence intervals of accuracy, precision, specificity, recall, and F1-score 

between models trained on segmented and original images across three architectures: (a) ResNet50, (b) 

InceptionV3, (c) ResNeXt50. 

Table 8. Classification evaluation results (accuracy, precision, specificity, recall, and F1-score) to compare 
performance among the three classification models trained using original and segmented datasets. 

Model Dataset Accuracy Precision Specificity Recall F1-Score 

ResNet50 
Original 70.31% 70.38% 75.00% 70.31% 70.35% 

Segmented 77.60% 77.39% 84.48% 77.60% 77.39% 

InceptionV3 
Original 66.15% 65.57% 75.86% 66.15% 65.71% 

Segmented 72.40% 72.46% 76.72% 72.40% 72.43% 

ResNeXt50 
Original 76.04% 76.46% 77.59% 76.04% 76.18% 

Segmented 79.17% 79.40% 81.03% 79.17% 79.25% 

 

                   
(a) (b) (c) (d) (e) (f) (g) 

 

                    
(h) (i) (j) (k) (l) (m) (n) 

Fig. 10. Grad-CAM visualization comparing misclassified cases in the original dataset (a-g), with corrected 

classifications in the segmented dataset (h-n) 
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The results of the segmentation model development 

showed that combining U-Net with transfer learning using 

different backbones (ResNet50, VGG19, and 

InceptionV3) achieved high performance in segmenting 

teeth in the Intraoral Clinical Images dataset. As shown in 

Fig. 5 (a), (b), and (c), the training process demonstrated 

that U-Net effectively learned segmentation areas, with 

consistent improvement in both training and validation 

data. The minimal gap between training and validation 

performance indicates that the model learned well from 

the training data and generalized effectively to validation 

data without signs of overfitting. The evaluation results on 

the test dataset, as presented in Table 5, show that all 

three trained models achieved IoU scores of around 0.95 

and Dice scores of around 0.96. These high values 

indicate that the segmentation models successfully 

identified the tooth regions with high overlap with the 

ground truth masks, ensuring that important dental 

structures were accurately segmented. The segmentation 

outputs in Fig. 6 demonstrate that all three models 

effectively distinguished healthy teeth, edentulous areas 

(missing teeth), and dental fillings. Additionally, the 

models were able to include and highlight caries lesions, 

ensuring that caries-affected areas remained visible for 

further classification. 

Among all the models, InceptionV3-UNet produced the 

most promising results, achieving the highest IoU and 

Dice scores. This suggests that InceptionV3's feature 

extraction capabilities were particularly effective for this 

segmentation task, making it the best-performing 

segmentation backbone in this study. The following 

section discusses how integrating segmentation into the 

classification pipeline influenced the overall model 

accuracy and effectiveness in detecting caries. 

Fig. 7 compares the training curves of models trained 

on the original and segmented datasets for each 

architecture. Fig. 7 (a) and Fig. 7 (b) specifically show the 

training curves for ResNet50 when trained on both 

datasets. In the training curve for the original dataset, the 

lowest validation loss was reached at epoch 149. After this 

point, the validation loss became stable but slowly 

increased, while the training loss continued to decrease 

steadily until the final epoch. This indicates that after 

epoch 149, the model began memorizing the training data 

rather than learning meaningful patterns. On the other 

hand, when trained on the segmented dataset, the lowest 

validation loss was achieved at the final epoch. This 

indicates that the model continued to learn useful features 

throughout the training process instead of simply 

memorizing the training data. 

A similar pattern was observed with the InceptionV3 

model (see Fig. 7 (c) and Fig. 7 (d)). When trained on the 

original dataset, the lowest validation loss was reached at 

epoch 104, gradually increasing while the training loss 

continued to decrease. In contrast, when trained on the 

segmented dataset, the lowest validation loss was 

achieved at epoch 181 and remained stable afterward. 

This suggests that the InceptionV3 model trained on the 

segmented dataset could continue learning important 

features from the training data more effectively until the 

final epoch compared to the model trained on the original 

dataset. 

A different trend was observed in the ResNeXt50 

model (see Fig. 7 (e) and Fig. 7 (f)). When trained on the 

original dataset, the validation loss decreased steadily 

until the final epoch. However, when trained on the 

segmented dataset, the lowest validation loss was 

reached at epoch 165, after which it gradually stabilized 

and increased slightly while the training loss continued to 

decrease. This indicates that, in the case of ResNeXt50, 

the model trained on the segmented dataset started 

memorizing the training data after epoch 165 and no 

longer learned useful features. Despite this, the 

ResNeXt50 model trained on the segmented dataset 

                   
(a) (b) (c) (d) (e) (f) (g) 

 

                    
(h) (i) (j) (k) (l) (m) (n) 

Fig. 11. Grad-CAM visualization comparing correctly classified cases in the original dataset (a-g) and the 

segmented dataset (h-n). Both rows represent images that were correctly classified, highlighting 

differences in model focus between the original and segmented datasets. 
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achieved a relatively low validation loss (0.5393), only 

slightly higher than ResNet50 trained on the segmented 

dataset (0.5206), and obtained the highest validation 

accuracy among the three models at 75.39%. 

The classification model evaluation performance in 
Table 8 demonstrates that training on the segmented 
dataset consistently improves performance across all 
three models compared to training on the original dataset. 
This improvement is reflected in higher accuracy, 
precision, recall, specificity, and F1-score, indicating that 
segmentation helps the models better distinguish 
between caries and normal teeth. Among the three 
models, ResNet50 shows a substantial increase in 
accuracy from 70.31% to 77.60%, along with 
improvements in precision (70.38% to 77.39%) and recall 
(70.31% to 77.60%). The increase in specificity from 
75.00% to 84.48% suggests that the segmented dataset 
allows the model to reduce false positives. This significant 
gain may be attributed to ResNet50’s simpler residual 
architecture, which benefits more from segmentation by 
suppressing background noise and enhancing its feature 
learning on caries-related areas. InceptionV3, which 
initially had the lowest accuracy at 66.15%, shows only 
moderate improvements with segmentation, reaching 
72.40% accuracy. While recall also increases (66.15% to 
72.40%), the specificity shows minimal gain (75.86% to 
76.72%), indicating that the model still struggles to avoid 
false positives. This limited improvement may stem from 
InceptionV3’s more complex multi-branch architecture, 
which spreads attention across multiple scales and may 
be less suited to the localized nature of caries features in 
full intraoral images. ResNeXt50 achieves the best overall 
performance, reaching the highest accuracy of 79.17% 
and recall of 79.17% after segmentation. Precision and 
specificity also improve to 79.40% and 81.03%, 
respectively, suggesting strong discriminative capability. 
However, the improvement margin is smaller compared to 
ResNet50, indicating that ResNeXt50’s grouped 
convolutional structure is already effective at extracting 
robust features even from unsegmented images. 

Fig. 10 compares Grad-CAM  visualizations between 
misclassified cases on the original dataset and their 
corrected classifications on the segmented dataset. This 
visualization provides deeper insight into how 
segmentation influences the model’s prediction process. 
In the visualized results, the intensely red regions indicate 
the areas the model focuses on the most, contributing 
significantly to its decision-making. In Fig. 10 (a) and 10 
(h), as well as Fig. 10 (b) and 10 (i), the model's attention 
in the original images is primarily directed toward the lips, 
leading to the misclassification of normal teeth as carious. 
This indicates that, in the original images, the model fails 
to learn relevant caries-related features, relying instead 
on irrelevant background information. However, when 
using segmented images, the model's focus shifts 
correctly to the healthy tooth region, allowing it to classify 
the normal teeth accurately. In Fig. 10 (c) and 10 (j), which 
also depict normal teeth, the model in the original image 
heavily relies on the palate for classification, leading to 

misclassification. In contrast, in the segmented images, 
the most significant contribution to the model’s prediction 
comes from the healthy teeth, specifically the upper 
posterior teeth, allowing the model to classify them as 
normal correctly. Fig. 10 (d) and 10 (k), along with Fig. 10 
(e) and 10 (l), show teeth with carious lesions. In the 
original images, the model fails to focus on the tooth area, 
leading to the misclassification of carious teeth as normal. 
In contrast, with the segmented dataset, the model 
correctly directs its attention to the affected tooth regions, 
particularly the carious lesions, resulting in accurate 
classification. In Fig. 10 (f) and 10 (m), which feature a 
filled tooth, the model in the original image correctly 
focuses on the tooth structure but still misclassifies it as a 
normal tooth. Potentially due to the visual characteristics 
of a filled tooth closely resembling those of a normal tooth. 
However, using the segmented dataset, which excludes 
the filling area, helps the model to distinguish the dental 
filling from healthy teeth, allowing for the correct 
classification as carious. In the case of missing teeth (see 
Fig. 10 (g) and 10 (n)), the model in the original image is 
distracted by the intact tooth structure, leading to 
misclassification as a normal tooth. However, the model 
successfully focuses on the missing tooth area when 
using segmented images, allowing for correct 
classification. These comparison results demonstrate that 
the segmentation method helps the model to focus on 
relevant tooth structures, thereby improving classification 
accuracy. 

Fig. 11 presents the Grad-CAM visualization of 

correctly classified images on both original and 

segmented datasets. Notably, in the original images (see 

Fig. 11 (a) - 11 (g)), the most influential regions in the 

classification are not the teeth but the lips, tongue, and 

gums. As a result, despite the correct classification, the 

prediction is not truly valid. With the application of the 

segmentation process, irrelevant areas are masked out, 

allowing the model to focus on the regions relevant to 

caries diagnosis. For example, in Fig. 11 (h) – 11 (j), which 

depicts normal teeth, the model correctly focuses on the 

healthy tooth structure for classification. In the case of 

teeth with carious lesions (see Fig. 11 (k)), the most 

significant contributing area in the model’s prediction is 

the region where the lesion is present. Similarly, for filled 

teeth, the highlighted area corresponds to the location of 

the dental filling (see Fig. 11 (l)). Likewise, in cases of 

missing teeth, the model successfully directs attention to 

the missing tooth area to generate accurate predictions. 

These visualization results demonstrate that 

segmentation plays a crucial role in ensuring that the 

model’s predictions for both carious and normal teeth are 

valid, thereby improving its reliability. 

Table 9 presents a comparison of classification 

accuracy between this study and previous similar works. 

Studies [38], [39], and [40] utilized radiographic images, 

primarily focusing on a single tooth, and reported 

accuracies ranging from 73.30% to 92%. While 
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radiographic imaging offers clearer anatomical contrast, it 

requires specialized equipment and exposes patients to 

radiation, which may limit its accessibility in certain 

settings. In comparison, studies [7] and [41], which 

employed photographic images, achieved higher 

accuracies (92.50% and 97%, respectively), but their 

datasets were more limited in scope, concentrating solely 

on single-tooth images. By contrast, this study employed 

intraoral clinical images covering five regions: labial, right 

buccal, left buccal, upper occlusal, and lower occlusal, 

offering a broader and more challenging classification 

scope. Additionally, this study builds upon the work by M. 

Fitria [8], achieving a comparable accuracy of 79.52% 

versus 79.17% (this study). However, a direct comparison 

is limited, as the study [8] applied augmentation to the 

entire dataset, including validation and testing sets, which 

may introduce bias due to the lack of purely unseen 

evaluation data. 

 

Table 9. Comparison of classification accuracy and 
dataset characteristics across similar studies. 

Ref Accuracy Dataset 

[39] 73.30% 

Radiographic, Single Tooth [40] 87% 

[41] 92% 

[7] 92.50% 
Photographic, Single Tooth 

[42] 97% 

[8] 79.52% Photographic, Multiple 

Intraoral View This Study 79.17% 

 

The findings of this study underscore the importance 

of segmentation in enhancing model focus and improving 

dental classification accuracy. By applying segmentation, 

the classification model demonstrated more refined 

attention to relevant dental structures, leading to better 

differentiation between healthy and carious teeth and 

enhancing model reliability. However, several limitations 

must be acknowledged. A significant gap between the 

training and validation curves across all three 

classification models suggests that overfitting remains a 

persistent challenge. While the use of UNet-based teeth 

segmentation has improved classification performance, 

the models still struggle to generalize effectively to 

unseen data. This issue may stem from the relatively 

small dataset size, which limits the model’s ability to learn 

diverse patterns. Furthermore, the imbalance in dataset 

distribution, with a higher proportion of normal cases 

compared to carious cases, could introduce bias, making 

the model more likely to favor normal classifications over 

caries detection. Additionally, as shown in Fig. 9, the 

differences in classification metrics between the 

segmented and original datasets tend to show positive 

trends. However, since the confidence intervals for all 

metrics cross zero, the observed improvements may not 

be statistically significant. This outcome could be 

influenced by the relatively small test set and the 

variability in the bootstrapped estimates, which may limit 

the certainty of performance gains. 

Future research should prioritize expanding the 
dataset while ensuring a balanced distribution of caries 
and normal cases to mitigate model bias to the majority 
class, reduce overfitting, and potentially enhance the 
statistical significance of performance improvements. In 
addition, methods such as class weighting or synthetic 
data generation can be employed to address class 
imbalance during model training further, helping the 
model to recognize underrepresented cases better and 
improve overall classification robustness. Beyond 
ensuring overall class balance, future work could also 
explore training and analyzing each region of the intraoral 
clinical images separately—such as Labial, Right Buccal, 
Left Buccal, Upper Occlusal, and Lower Occlusal views. 
By conducting region-specific training and evaluation, it 
becomes possible to identify whether certain areas have 
an unequal distribution of normal and caries cases. This 
approach can help detect and mitigate potential biases 
where the model might favor certain predictions due to the 
overrepresentation of a particular class in specific tooth 
regions. Additionally, future studies could explore more 
advanced deep learning architectures to improve model 
robustness, such as the enhanced U-Net variants like 
Attention U-Net or incorporating transformer-based 
models such as TransUNet to take advantage of their 
ability to capture richer contextual features. Advanced 
regularization techniques could also be employed to 
address the overfitting problem further.  

The methodology presented in this study also holds 
potential for clinical application by integrating it into a 
mobile-based system, enabling more accessible and 
automated caries detection through deep learning. As 
segmentation improves the accuracy and validity of 
predictions by directing model focus to relevant dental 
regions, it strengthens the system's reliability for real-
world diagnostic support. This enhancement is 
particularly valuable in clinical workflows, where quick, 
consistent, and objective assessments can assist dentists 
in identifying caries more effectively, especially in high-
volume or resource-limited environments. 

 

5. CONCLUSION 

This study proposed a U-Net-based teeth segmentation 
technique and integrated it into a deep learning pipeline 
to enhance caries classification using three different 
architectures: ResNet-50, InceptionV3, and ResNeXt-50. 
The segmentation model demonstrated strong 
performance, with InceptionV3-UNet achieving the 
highest scores—an IoU of 0.9528 and a Dice score of 
0.9602—indicating its effectiveness in accurately 
segmenting dental structures. 

Segmentation application in the classification model 
training process consistently enhances performance 
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across all models. Each architecture achieved higher 
accuracy, precision, recall, and F1-score when trained on 
segmented images compared to the original dataset. 
ResNeXt-50 recorded the highest classification accuracy 
at 79.17%, further supporting the positive impact of 
segmentation on model performance. Additionally, Grad-
CAM visualization results indicate that segmentation 
plays a crucial role in directing the classification model's 
focus to relevant tooth areas for caries diagnosis, thereby 
enhancing performance and reliability. However, 
confidence interval analysis indicates that despite 
consistent improvements across all metrics, the observed 
differences may not be statistically significant, as the 
confidence intervals of the performance differences 
include zero. 

Future research should focus on expanding and 
balancing the dataset to reduce bias while exploring 
advanced deep learning architectures to enhance model 
robustness. These efforts will support the development of 
a more reliable diagnostic tool for automated dental caries 
detection. 
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