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Abstract
Early diagnosis of dental caries has become increasingly important in recent years. It reduces irreversible tooth 
loss, treatment costs and treatment time. However, since the examination of dental caries is carried out visually 
by experts on radiographic images, the analysis process is quite exhausting for the experts. In addition, visual 
analysis may miss early-stage caries due to the workload in the clinical environment. In this study, an auto-
matic caries diagnosis system is proposed to support the expert and to reduce the clinical workload by using 
panoramic images. The proposed DenseNet121-C model, based on deep learning models, generates results with 
its configured classifier for caries detection. The dataset prepared for the study includes 14498 tooth images 
automatically cropped from panoramic images. The proposed model achieved the highest performance on the 
test set with 93.17% accuracy, 89.43% precision, 85.84% recall, and 87.49% F1-score. Considering the high 
results of the current study, dentists can spend more time on treatment during dental examinations, thanks to 
the model’s ability to distinguish between caries and non-caries teeth. The results obtained were compared with 
the Mask R-CNN results. In addition, the performance of the deep learning architectures was investigated on 
an unbalanced dataset.
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1  Introduction

Dental caries is one of the most prevalent oral health problems worldwide, caused by the demineralization of 
tooth tissues due to bacterial activity and food residues in the mouth [1]. Recent studies estimate that 2.3 billion 
people worldwide are affected by dental caries [2, 3]. Despite its prevalence, dental caries is preventable and 
treatable when detected at early stages [4]. In clinical practice, visual examination is often insufficient for identi-
fying caries located in deep anatomical regions of the tooth [5]. In such situations, X-ray radiography is used to 
show the anatomical structure of objects in depth with the beam [6].

Radiography is highly preferred in dental examinations because it can display the internal structure of objects 
using different beam techniques. Many types of radiographs include the appearance of different anatomical 
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structures of the teeth, such as bitewing, panoramic, and periapical [7]. Although bitewing is the most widely 
used dental radiography in diagnosing caries, it has many disadvantages for the patient [8]. Bitewing imaging is 
more uncomfortable and difficult than panoramic imaging for both the patient and the technician [9]. In addition, 
the radiation rate in panoramic imaging is low, so the patient is exposed to less radiation during the exposure. 
This situation is more advantageous for the health of certain patients, such as people with disabilities, children, 
and older adults [10]. Consequently, although panoramic radiography is not the primary method for caries detec-
tion, it is frequently used in clinical settings due to its lower radiation exposure, cost, and ability to capture a 
comprehensive view of the oral cavity. However, its lower image quality and anatomical overlaps pose diagnostic 
challenges.

Panoramic radiographs provide a wide view of the jawbone, vertically from the sinus to the jaw and horizon-
tally [11]. While panoramic images can show many anatomical structures, such as the oral cavity, bone structure, 
and all the teeth in the mouth, they cannot show the detailed structure of each tooth. In addition, due to the low 
quality of panoramic images, the individual examination of each tooth is more complex than with other imaging 
techniques [12]. As a solution to this situation, many image processing techniques and deep learning algorithms 
can be used to enhance the images. However, studies on panoramic images are limited to providing time manage-
ment and support to dental caries analysis experts. On the other hand, since there are still many technological 
issues in diagnosing and treating dental caries, studies that can be applied in the clinical environment are needed 
[4].

Over the years, many important and diverse studies have contributed to the detection and classification of car-
ies. Cantu et al. [13] performed caries detection on bitewing radiographs using U-Net [14] and EfficientNet-B5 
[15]. The architecture was built by integrating EfficientNet-B5 into U-Net by removing the last fully connected 
(FC) layers. The model weights were also initialized using model weights generated by training this model on 
panoramic radiographs. Bayrakdar et al. [16], Lee et al. [17], and Kumari et al. [18], successfully used the U-Net 
and ResneXt-RNN architectures to perform segmentation in dental caries, respectively. Bayrakdar et al. also used 
the VGG-16 architecture [19] to detect dental caries. They used multiple cross-validation convolutions to avoid 
performance degradation caused by dataset selection bias between the test set and real data. Bayraktar et al. [20] 
used the YOLO architecture to detect dental caries on a dataset of 1,000 digital bitewing radiographs, demonstrat-
ing the applicability of object detection models in dental diagnostics.

Khan et al. [21] and Lian et al. [22] classified dental caries, alveolar bone recession, and interradicular radio-
lucency using U-Net and DenseNet [23] architectures by identifying caries stages on periapical and panoramic 
images. Zhu et al. [24] proposed CariesNet, which performed caries detection in panoramic images using PraNet 
[25], U-Net, DeepLabv3 [26], and Res-U-Net [27] models. Chen et al. [28] achieved an accuracy rate of 95.44% 
in digital periapical radiography using CNNs and Efficient Net. Jiang et al. [29] used the RDFNet architecture to 
classify mild, moderate, and deep caries in digital images. RDFNet has also been compared with Mask R-CNN 
[30], Faster R-CNN [31], and the versions of the YOLO [32] architecture. Huang et al. [33] conducted a study 
using OCT and micro-CT images consisting of 748 samples, where they evaluated the performance of several 
deep learning models, including AlexNet, VGG-16, ResNet-152, Xception, and ResNeXt-101, for dental caries 
detection. Mao et al. [34] used the AlexNet architecture to a dataset of 278 bitewing radiographs to detect den-
tal caries. Ayhan et al. [35] utilized YOLOv7 on digital bitewing radiographs, where their proposed algorithm 
assessed which teeth had caries by comparing the detected lesions with the corresponding numbered teeth.

Although many studies investigate the applicability of deep learning in caries detection, a significant portion 
of these studies are based on high-quality, detailed labeled radiographs that do not accurately represent clinical 
conditions. In clinical settings, panoramic radiography is used more frequently than other types of radiography 
despite its lower resolution and diagnostic complexity, as it offers lower radiation exposure, cost, and a broader 
anatomical view. However, the reduced image clarity in panoramic radiographs and anatomical overlaps create 
challenges for detection. Therefore, a clear research gap exists in developing robust, high-performance deep 
learning models that work effectively on panoramic radiographs.
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To address this gap, this study presents a deep learning-based dental caries detection system developed specifi-
cally for panoramic radiographs, aiming to meet the diagnostic needs of real-world clinical environments. By 
doing so, the system is designed to enhance diagnostic accuracy under real-world conditions, reduce patient risk, 
and support dental practitioners in early-stage intervention. The unique contributions of this study are as follows:

	● The dataset used in this study reflects the real-world distribution of dental caries observed in clinical practice. 
A custom caries classifier based on deep learning was implemented and performed well.

	● Unlike previous studies that developed detection algorithms using high-quality dental radiographs for clearer 
caries detection, this study selected panoramic radiography due to its lower radiation exposure and reduced 
risk to human health.

	● In addition, the effect of balanced and unbalanced dental caries datasets generated with different class distribu-
tions on the performance of deep learning classifiers was investigated for the first time in dentistry.

	● The study also investigates the effect of the annotation scale on model performance by training Mask R-CNN 
on two expert-labeled datasets: one with full panoramic images and another with individually cropped teeth. 
The model’s ability to detect small caries labels was critically analyzed.

1.1  Data preparation and annotation

Panoramic images from the xxxxx’s archive were utilized in the dataset for the study. The images were obtained 
using the I-Max Touch Owandy Radiology device under standard imaging protocols. These protocols include 
positioning the patient so the Frankfort horizontal plane is parallel to the ground, ensuring that the teeth are in 
centric occlusion, and using automatic exposure control to optimize radiation dose and image quality. Imaging 
parameters were set according to the manufacturer’s recommendations to ensure repeatability and consistency 
across the dataset. The panoramic images used in the study are often preferred in the literature because they are 
easier to obtain than other types of radiographs. While taking bitewings, the patient may be exposed to higher 
radiation levels due to repeated imaging caused by technician-related errors. Radiographic images are difficult 
to obtain and exposure to high levels of radiation during repeated scanning is harmful to the health of certain 
patients, such as old adults, children, and people with disabilities. For this reason, panoramic X-rays, which are 
more comfortable and expose patients to less radiation, were preferred in the study regarding patient health and 
the imaging process. Another factor in selecting panoramic radiographs is that bitewing radiographs can only 
detect caries in the molars and premolars, whereas panoramic radiographs can detect caries in the mouth.

In the data labeling and annotation step, radiographic images were annotated and made meaningful by experts. 
The experts annotated the supercategory of dental objects as polygonal for each tooth during the labeling pro-
cess. Caries on dental objects differ in shape, structure and size from other teeth in the mouth. Therefore, it was 
concluded that it is more difficult to classify caries with smaller dimensions in panoramic images that provide a 
wider view of the mouth than other dental problems. Each tooth was cropped according to its bounding box, as 
shown in Fig. 1, to overcome this problem and access relevant details of the tooth. According to the expert labels, 
the cropped images used to train the data for the classification stage were automatically classified as caries or 
non-caries. The dataset that forms the basis of the study consists of 2303 caries and 12195 non-caries images. 
Panoramic radiographs of patients aged between 18 and 55 were included in the dataset. We also created the 
dataset according to the natural distribution, considering the caries and non-caries rates encountered in clinical 
settings. Thus, our classification model can be adapted to real-life applications. The cropped images were also 
divided into caries and non-caries categories at different rates to investigate the effect of balanced and unbalanced 
datasets on classification.
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2  Material and methods

Panoramic images annotated by experts are automatically cropped according to the bounding box of each 
tooth annotation and divided into two classes, caries and non-caries, as shown in Fig.  2. The automatically 
cropped images and their class information are passed as input to the proposed DenseNet-121-Configured 

Fig. 2  The proposed configured deep densely network architecture for caries classification. The block named “Configured 
Classifier” belongs to the modified structure for performance increase

 

Fig. 1  Dental caries labeled 
by experts on panoramic 
images and zoomed-in exam-
ples of the dataset generated 
by cropped tooth images 
according to the bounding 
boxes of these labels for each 
tooth
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(DenseNet-121-C) architecture. DenseNet, the base model of the proposed architecture, is based on the idea of 
increasing learning performance with deeper layers. More efficient training is provided by connecting each layer 
with the deeper layers of DenseNet. The outputs produced by each layer are transferred to the other layers as 
inputs in this deep learning architecture. The feature maps produced in each layer in DenseNet are concatenated 
in Dense Blocks, which include batch normalization [36], ReLu [37], and a convolution layer, instead of being 
combined with summation as in other deep learning architectures.

The “k” parameter controls the growth rate of the feature maps combined in dense blocks. This parameter 
controls what information is transferred from one layer to the other. The feature maps combined in the Dense 
Block module can become inconsistent as they grow in size. After each Dense Block, a convolution and pooling 
operation is performed, which provides downsampling; thus, feature maps transferred between layers can be used 
by other layers, and the disappearing gradient problem can be eliminated. Meanwhile, the number of parameters 
in the mesh is significantly reduced, and the sharing of features between layers is increased with this combining 
process. Although the feature map in each layer contains as much information as the growth rate, there may be 
an increase in the number of inputs that other layers receive. To prevent the growth of inputs, a 1 × 1 convolu-
tion operation can be used as a bottleneck layer before the convolutions. In this way, the efficiency of the layers 
increases, and high performance is achieved in terms of speed during training.

In this study, a configuration is applied to the output classifier of the DenseNet architecture. Features that were 
downsampled with the global average pooling function in the DenseNet model were sent to the FC layer. After 
learning the optimal weight and bias values for the outputs, the overfitting problem was prevented by provid-
ing randomness with a ReLU activation and dropout process. In addition, the outputs were compressed, and 
an improvement was made to the classical method. The model outputs are obtained after reprocessing the new 
inputs in an FC layer. Thus, a deeper classifier is obtained compared to the classifier of the classical DenseNet 
architecture.

In the equation below, j and k represent matrix indices. A dot product operation is performed between the 
weight matrix denoted as w and the inputs (xin). This dot product is subjected to activation with the function 
denoted by f . w0 represents the bias value. As a result of all these operations, the FC layer output defined by yjk 
is calculated as follows:

	
yjk(xin) = f

(
n∑

c=1
wjkxinc + wj0

)
� (1)

The output of the FC layer is multiplied in the corresponding layer with the vector r(l) with respect to the 2-point 
distribution, by element-wise product as follows:

	 ỹ(l) = r(l) ∗ y
(l)
jk � (2)

To create the inputs of the next layer, denoted by z, the fully connected layer output created in layer l is multiplied 
by the weights of the next layer (l + 1) and the bias value is added to this multiplication as given:

	 z(l+1) = w(l+1)ỹ(l) + w
(l+1)
0 � (3)

The ReLU activation function limits the activation of certain neurons in the neural network and increases the 
learning ability of the network. The layer output vector denoted as z(l+1) is transferred to the ReLU activation 
function and calculated as follows:

	 y(l+1) = ReLU
(
z(l+1)

)
� (4)

Downsampling is obtained as a result of thinned outputs using the distribution vector. Finally, model outputs 
referred as yout are generated as:

	
yout

(
y(l+1)

)
= f

(
n∑

c=1
wjky(l+1)

c + wj0

)
� (5)
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The output evaluation step was performed by comparing the images annotated by the experts and the output 
images with class information generated by the classification model.

3  Experimental results

The training was performed with pre-trained deep convolutional neural networks on cropped panoramic tooth 
images. The pre-trained network models selected the same parameters and images for the classification task. 
Tooth images with different dimensions were obtained by cropping the panoramic images based on the bounding 
box of each tooth. These images are fixed to input sizes compatible with each pre-trained network. Accuracy, 
precision, recall, and F1-score metrics were used as performance evaluation metrics [38]. The high accuracy of 
the DenseNet-121-C model addresses the research question of whether deep convolutional networks can reliably 
detect dental caries in panoramic images, confirming its potential clinical utility.

In addition to contributing to the literature with the DenseNet-121-C architecture used in the study, test results 
of other state-of-the-art networks are also given for classifying caries and non-caries teeth in experimental stud-
ies. Models such as GoogleNet [39], ShuffleNet [40], ResNet [41], MobileNet [42], VGGNet, and DenseNet, 
which are commonly used in the literature, are trained for experimental results, and their results are given in 
Table 1. Compared to Zhu et al. [24], who reported an accuracy rate of 93.61% on a smaller dataset, our model 
achieved a similar accuracy rate on a larger dataset with a natural class distribution. Similarly, while studies by 
Cantu et al. [13] and Lian et al. [22] emphasized the effect of balanced datasets, our results highlight the clinical 
importance of preserving natural imbalance. This demonstrates that our customized architecture and data pre-
processing process deliver strong and consistent performance, despite using a larger and more diverse dataset. 
Panoramic images were automatically cropped with a previously trained deep-learning model [43] and trans-
ferred to the network in the evaluation step. The performance of the proposed model and different deep neural 
network models created was compared on cropped panoramic images. As shown in the table, most classifiers 
achieved high performance with an accuracy of 90% and above. The DenseNet-121-C model provided the best 
performance, achieving approximately 93.17%, 89.43%, 85.84%, and 87.49% for accuracy, precision, recall, 
and F1-score metrics, respectively. The high performance of the proposed model indicates that the majority of 
positive detections correspond to actual cavities. This is crucial for preventing unnecessary interventions in a real 
clinical workflow.

This section compares the results of the dataset with natural class distribution and those of datasets with dif-
ferent rates to investigate the unbalanced dataset. Many studies use balanced datasets for classification problems 
[13, 22]. However, it is still questionable whether the classes should be according to the natural distribution or 
balanced in health data. Datasets with different class ratios were prepared from cropped images to investigate this 
issue. The training was done with the models in the experimental results section and the proposed model. The test 
results of the training using data with different distributions are shown in Fig. 3. Figure 3 illustrates the superior 
performance of the proposed model under natural class distributions, emphasizing the importance of maintaining 
clinical relevance in dataset composition.

Model Accuracy (%) Precision (%) Recall (%) F1-score (%)
GoogleNet 91.4828 84.0415 83.7380 83.8886
ShuffleNet 89.2414 79.6745 80.0951 79.8822
ResNet-50 91.1724 85.8311 78.5730 81.5560
MobileNet 91.4483 84.3871 82.6502 83.4811
VGG-19 91.2759 86.6688 78.4083 81.7151
DenseNet-169 90.9310 83.9388 83.3234 83.6261
DenseNet-121 91.7241 84.4486 84.3260 84.0853
DenseNet-121-C 93.1724 89.4359 85.8456 87.4953

Table 1  Classification 
performance of pre-trained 
deep neural networks

This table pertains to the perfor-
mance results of a dataset that 
created with natural distribution 
rate of dental caries that can 
be encountered in the clinical 
environment
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The highest results were obtained with our proposed model on the dataset with a class distribution of 15% 
caries and 85% non-caries, which is the central part of the study, as shown in Table 2. In addition, our proposed 
model performed the highest on other datasets except the fully balanced dataset. It is concluded that the caries 
data with natural class distribution in the clinical setting is the dataset that contributes the most to the study, con-
sidering the results. This table belongs to the performance results of the datasets created with different rates of 
class distribution.

Considering that caries problems are not evenly distributed in the mouth, i.e., caries are not found in all 32 
teeth in the mouth, the caries rate in uncut panoramic images is low compared to the general tooth rate. In addition 
to the low number of caries objects, the size of the caries label on the 3000 × 1500 panoramic images used for 
model training occupies about 50 pixels. Therefore, Mask R-CNN architecture cannot provide high performance 
in detecting caries labels with small pixel sizes compared to other dental problems with larger pixel sizes in large 
images [29].

Each tooth in the panoramic images was cropped according to its bounding boxes to evaluate this issue. The 
results of the Mask R-CNN architecture trained on the dataset generated from the cropped images were com-
pared with the results of the Mask R-CNN training performed on all the panoramic images that were not cropped. 
As a result of the testing process with panoramic dental images to which the cropping process was not applied, 
45.44%, 49.27%, and 47.28% success were obtained for precision, recall, and F1-score, respectively. On the other 
hand, the results obtained with cropped tooth images were 57.20%, 69.15%, and 62.61%, respectively.

The experimental results show that Mask R-CNN achieves a precision value of 45.44% on a full panoramic 
image. In contrast, a smaller panoramic image shows a precision of 57.20% when a training and testing step is 
performed using the dataset where each tooth is cropped by category. Training results using uncropped panoramic 
dental images show that recognizing objects with small pixel sizes in large images is challenging. Training results 
using uncropped panoramic dental images show that object recognition with small pixel sizes in large images is 
challenging. Thanks to large feature maps on smaller images for the same classifier, semantic feature extraction 
becomes efficient and increases the performance of the network. As a result, it is concluded that Mask R-CNN 
is successful in detecting and segmenting objects with large feature maps but not in detecting objects with small 
feature maps. These experimental results demonstrate that the proposed method can support experts by improv-
ing the performance of caries detection and potentially allowing for earlier interventions. At the same time, the 

Distribution (%) Model Accuracy (%) Precision (%) Recall (%) F1-score (%)
15:85 Ours 93.1724 89.4359 85.8455 87.4953
30:70 Ours 85.9459 84.7083 80.8248 82.3684
50:50 Ours 87.2973 87.3388 87.2969 87.3584
70:30 VGG-19 86.8468 84.8688 85.0160 85.1703
85:15 Ours 91.6462 82.6312 79.4985 80.9457

Table 2  Classification 
performance of pre-trained 
deep neural networks on 
datasets with different class 
distributions

 

Fig. 3  The accuracy values given by each deep neural net-
work pre-trained on datasets with different class distributions
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findings emphasize the importance of external validity and clinical studies to confirm their applicability in real-
world settings.

4  Conclusions

Many state-of-the-art networks are included in the study, and the results of the classification algorithms are given 
by testing these networks on cropped and uncropped panoramic images. The algorithm that gives the best results 
in the given task has been developed, configured for improvement, and proposed. The DenseNet architecture has 
high performance with deepened layers connecting each layer and has been provided a much higher performance 
by adding a configured classifier. Accordingly, a successful method for extracting and classifying the features of 
the teeth and providing high accuracy is proposed.

As part of the study, it was also tested on datasets with different distribution rates using state-of-the-art net-
works, including the model proposed to study the problem of data imbalance, which is often discussed in deep 
learning studies in the literature. As a result of the experimental studies, the best performance in all tested net-
works was obtained with the dataset comprising 15% caries and 85% non-caries images with natural distribution 
prepared for the study. Thus, considering the balance between classes for classifying dental caries in panoramic 
images, it has been demonstrated that the error rate is reduced and high accuracy is achieved by using data with 
natural distribution. In addition, this study contributes to the literature by using panoramic images, having a large 
amount of data, and obtaining high accuracy. Future studies should focus on validating the model with external 
datasets and conducting additional work to bridge the gap between experimental results and clinical practice.
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