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Detection of dental diseases is a crucial initial step in dental treatment’s planning. The most common
dental diseases are cavity, filling, impacted and implants. Accurate diagnosis is the most important
aspect of dental diseases’ treatment. Various deep learning (DL) models are used for the detection of
dental diseases. Panoramic radiographic images are used widely for detecting dental cavity. The overall
performance of the diagnostic models that use panoramic radiographic images for the cavity detection
remains significantly challenging. This paper utilizes the Dental Radiography Dataset (DRD), the Real
Image Dataset (RID), and a proposed-preprocessed- integrated dataset (the DRD is merged with the
RID) in YOLO11’s DL model. When YOLO11 trained on the DRD, it provided detection enhancement
for all classes. However, the cavity detection remained low. The cavity class was then removed from
the DRD, and the RID was replaced to overcome the problem of low detection. The DRD consisted
of 1269 images. The RID consisted of 3340 images after augmentation (flip, rotation, and zoom). The
mean average precision (mAP) when the intersection over union (IOU) is greater than or equal to 0.5
(mAP@50) is determined to evaluate the performance of the model. The YOLO11 with DRD achieved
mAP@50 of 83.7%, and after removing the cavity class from DRD, mAP@50 reached 93.6%. The
YOLO11, when trained with the RID, obtained mAP@50 of 85.8%, and post-augmentation, it increased
to 89.9%. The integrated dataset produced mAP@50 of 90.4%. The preprocessed integrated dataset
demonstrated superior detection performance compared to results in previous studies.
Keywords: Panoramic radiographs; Radiographic images; Integrated dataset; Deep learning; Object detection;
Real image dataset; Dental diseases; YOLO.

1. INTRODUCTION

The teeth are rigid calcified structures located in the jaws. Sev-
eral infections deteriorate dental health such as impacted teeth, dental
cavities, root decay, abscessed teeth, and bone loss. Cavity is rec-
ognized as the most widespread non-communicable disease, causing
permanent damage to tooth structures that can ultimately lead to the
formation of holes. Filling is the method for restoring damaged tooth
structures (George et al., 2023). Caries may exacerbate periodontal
disease (gumdisease) and increase the risk of developing cardiovascu-
lar disease which could be connected to other health issues. An essen-
tial component of caries therapy is always early diagnosis (Alkentor &
Assalem, 2024). Dental implant is a common and effective treatment
option for individuals who have lost teeth due to decay, trauma, or
other reasons (Heimes et al., 2023). An impacted tooth is a partially
erupted or remains unerupted, resting against another tooth, bone, or
soft tissue (Watted et al., 2025).

Radiological assessments play an essential role in the diagnosis
of dental diseases. Various types of radiographic images are utilized
in the detection of dental diseases (Karakuş et al., 2024). Panoramic
dental radiographic images are crucial diagnostic and therapeutic tools
for patients used by dentists (Beser et al., 2024). The extra-oral radio-
graphic techniques have the advantage of utilizing low-dose radiation
to provide rapid and simple radiological imaging (Kurt-Bayrakdar
et al., 2024). Panoramic X-ray image contains information about

the mouth, such as structures, teeth, lower and upper jaws, and sur-
rounding tissues; the information appears in two-dimensional (2-D)
(Sunilkumar et al., 2024).

Dental caries can be challenging to identify with radiographs, de-
spite the fact that they are generally acknowledged as a detection tool
for the presence of caries lesions. The factors that may impact the
inter-rater agreement include the radiograph resolution, the dentist’s
perspective, and the duration of each examination (Al-Ghamdi et al.,
2022). As a result, all dentists must adhere to the protocol when inter-
preting results, ascertain whether the patient has dental caries or not;
therefore, it is necessary to examine the tooth (Jusman et al., 2021).
To address dental caries, a real image dataset can be used by dentists.

Dentists sometimes expect a significant number of patients to treat
in a day, resulting too many dental X-ray images daily as a crucial di-
agnostic tool. Interpreting X-rays consumes time and raises the possi-
bility of incorrect or diagnostic oversight due to personal causes such
as fatigue, insufficient skill, and emotions. As a result, the treatment
may occasionally be hampered by depending on dentists (Thulaseed-
haran & PS, 2023). Artificial intelligence (AI) systems have the po-
tential to interpret large amount of data properly and fast, produc-
ing insights that would be difficult to obtain by human (Nour et al.,
2025). The deep learning (DL) techniques have significantly been
improved in dental medicine, particularly in tooth identification prob-
lems. However, DL models’ effectiveness is largely dependent on the
quality and the quantity of training datasets. Image augmentation is a
critical
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approach for addressing issues caused by insufficient data. Di-
verse changes and variations enhance the generalization capability
and robustness of deep learning models across different tasks related
to computer vision (CV). The most widely used task in the CV is ob-
ject detection. Object detection plays a crucial role in accurately lo-
calizing and classifying dental diseases (Abbas &Mueen, 2025; Vem-
pati, 2024). There are various image detection models, and YOLO
(You Only Look Once), is one of the most notable object detection
models widely adopted in dental imaging. YOLO has significantly
enhanced the speed of detection tasks and its single pipe identifica-
tion (Özçelik et al., 2025). Various versions of YOLO model have
been launched; among them there is YOLO11. YOLO11 has an en-
hanced architecture that reduces the number of parameters by 22%
while achieving impressive performance gains and improved real-
time image processing speed. It also enhances feature extraction ca-
pabilities and object detection accuracy (Kutyrev et al., 2025).

To address this gap and utilize RID instead of the cavity class in
DRD, as the cavity class in panoramic X-ray decreases the perfor-
mance of the system’s overall accuracy. Cavity class possesses better
detection in real images than panoramic X-ray images, and this will
follow as exact protocol utilized by dentists. The RID can be taken
by a mobile phone or any electronic device that has a camera. The
RID is easy to be taken, real-time, and free, and does not require an
expensive device like panoramic X-rays. Our goal in this paper is to
produce a model using DL that can precisely detect common dental
infections to help dentists detect early cavities in the most effective
way to protect dental health.

This paper employs YOLO11, due to having higher detection
with less computational complexity and number of parameters. In
the meantime, it replaces the cavity class in DRD with the RID cav-
ity classes, and the new utilized dataset is renamed as the integrated
dataset. The integrated dataset, which comprises six classes, i.e., fill-
ing, impacted, implant, cavity decay, early decay, and healthy teeth,
will be trained on the YOLO11 model.

The rest of this paper is structured as follows. Section 2 presents
the literature review, while Section 3 describes the materials and
methods. Section 4 outlines the evaluation metrics, and Section 5
reports the experimental results. Section 6 provides a comparative
analysis, followed by Section 7, which discusses the findings. Finally,
Section 8 concludes the study.

2. LITERATURE REVIEW

A significant amount of research has been conducted on the de-
tection of dental diseases using various DL models across multiple
dental image modalities. DL techniques have demonstrated notable
improvements in tooth disease detection. Diseases have explored the
use of real dental images to enhance the diagnosing accuracy. Real
images tend to provide more accurate results than panoramic radiog-
raphy images for certain classes. Among the advanced object detec-
tion models, YOLO has emerged as a widely adopted approach. This
review examines current research findings related to tooth disease de-
tection using a panoramic radiographic dataset, an RID, and a hybrid
dataset.

Panoramic radiographic dataset
Thulaseedharan and PS (2022) had collected 664 panoramic

X-ray images from three clinicians to construct a labeled dataset.
They labeled the images as nine categories: crowns, impactions,
root stumps, dental caries, implants, restorations, bridges, orthodon-
tic treatment, and root canal treatment. They had applied data aug-
mentation techniques to enhance detection performance; as a result,
the YOLOv5 model achieved a mAP@50 of 72.4%. In a subsequent
study after one year, they utilized the same dataset, trained a YOLOv6
model for 1,000 epochs, and achieved a mAP@50 of 70.76% (Thu-
laseedharan & PS, 2023).

George et al. (2023) divided their study into three main phases:
enhancement, segmentation, and training the YOLOv8 model. They
selected a publicly available dataset annotated into four diseases (i.e.,
cavity, filling, impacted, and implant), containing 1,000 images. Af-
ter cleaning the data by removing 264 low-quality or irrelevant im-

ages, they augmented and split the dataset for training and evaluation.
For the enhancement phase, images were processed using upsam-
pling, downsampling, and two additional enhancement techniques.
The segmentation process consisted of three stages. Initially, jaw area
extraction was applied to remove all regions not containing dental in-
formation. After that, upper and lower jaw separation was performed
to isolate the upper and lower jaws. Finally, vertical segmentation
was used to divide each jaw into two vertical sections, resulting in
four distinct regions per image. The YOLOv8 model was trained on
the segmented regions. The proposed method achieved a mAP@50
of 82.1%.

Alkentar and Assalem (2024) used two datasets with several mod-
els. Dentex and dental radiography datasets (DRD) were utilized
which are publicly available. The DRD contained 1075 images an-
notated with the four diseases: caries, implant, impacted teeth, and
filling. Dentex contained four classes (impacted teeth, caries, peri-
apical lesions, and deep caries) with 756 images. They had used three
models for training; YOLOv7, YOLOv8, and YOLOv9. The method-
ology has been divided into three stages. An initial step to apply the
YOLOmodel to teeth images. The second step is cropping each tooth
image and applying a filter to it. The final step is applying the resi-
dents. ThemAP@50 results achieved for the DRD dataset were (40.3,
76.6, and 75.9) % for YOLOv7, YOLOv8, and YOLOv9 respectively.

Maged et al. (2024) proposed using YOLOv8 for object detec-
tion on a DRD containing 1,267 images. The images were divided
into 84.5% for training, 5.7% for testing, and 9.5% for validation.
The dataset included four classes: implant, filling, impacted tooth,
and cavities. The model was trained for 50 epochs and achieved a
mAP@50 of 80.6%.

Real image dataset
Khan et al. (2022) collected 609 oral images containing two

classes of cavity and healthy teeth from various online websites. The
images were resized, converted to grayscale, and then applied to aug-
mentation techniques. A new algorithm called Dental-Net was pro-
posed and applied to the dataset, indicating whether a tooth contains
a cavity or not. The proposed model was evaluated against several
pre-trained models such as VGG16, MobileNetV2, InceptionV3, and
ResNet18. The Dental-Net achieved the highest performance with a
validation accuracy of 91.09%.

Tareq et al. (2023) used a mobile camera to collect 233 images
containing three classes: without cavity, microcavity, and cavity. Af-
ter cleaning the dataset, 165 images remained and they were split into
65:15:20 for training, validation, and testing, respectively. Thirteen
types of augmentation techniques were applied to the dataset. This
study employed two types of computer vision tasks: object detec-
tion and classification. In object detection, all versions of YOLOv5
were evaluated with and without test-time augmentation (TTA), and
YOLOv5m with TTA achieved the highest mAP@50 of 50%. For
classification, transfer learning was applied using VGG, densenet121,
AlexNet, and resnet50. The VGG achieved the best accuracy of
86.96%.

Combined dataset
Rashid et al. (2022) proposed using mixed datasets of panoramic

X-rays and colorful dental photographs for diagnostic cavity class
only. The colorful images were required to be captured using a spe-
cific type of camera. ResNet50 was employed for feature extraction
and classification through a transfer learning approach. MaskR-CNN
was used as the training model, incorporating a region proposal net-
work to localize potential cavity regions. The precision and recall
values on the validation set were 89% and 92% for the colorful image
dataset, 79% and 80% for the X-ray dataset, and 76.02% and 78.78%
for the mixed dataset, with an IOU threshold of 0.7.

In summary of the literature review, it is observed that the whole
researchers employed one of the abovementioned techniques. Firstly,
multiple models were applied to various datasets to determine which
model outperformed the others. Secondly, different datasets were uti-
lized with the selected models to evaluate their performance compre-
hensively. Finally, the model performance was optimized through
hyperparameter tuning.
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3. MATERIALS AND METHODS

In this work, two datasets have been integrated: a Dental Radio-
graphy Dataset (DRD), which is a panoramic X-ray dataset produced
by Mohamadreza Momeni, stored at (https://www.kaggle.com

/imtkaggleteam), and a real-image dataset (RID), which was ob-
tained from the Roboflow website (https://app.roboflow.com).
Both DRD and RID datasets were used as references for training the
YOLO11 model. Images in DRD and RID were resized with annota-
tion format conversion for DRDand augmentation for RID (see Figure
1).

Figure 1: Block diagram illustrating the process of integrating two datasets.

Dental Radiography Dataset (DRD)

The panoramic X-ray image is the most common tool used in the
detection of dental diseases. The DRD contains panoramic X-ray im-
ages. The DRD contains cavity, filling, impacted, and implant classes
of teeth. The dataset is split into three groups: training, validation, and
testing. The training contains 1075 original and augmented images.
The validation and testing sets contain 121 and 73 images out of the
original images. The image size in the DRD is 512*256 pixels. The
format of the bounding box annotations is TensorFlow format.

Resizing and annotation format conversion

For the trade between efficiency and real-time detection, the im-
ages were resized to 640× 640 pixels. Bounding box annotations of
the DRD images were converted from TensorFlow format (Figure 2)

to the YOLO format (Figure 3) to easily train the YOLO11. For the
above conversion, the following Equations (1 – 4) were performed:

Ycenter =
Ymax − Ymin

2
(1)

Xcenter =
Xmax −Xmin

2
(2)

Height = Ymax − Ymin (3)

Width = Xmax −Xmin (4)
Where: Ymax, Ycenter, and Ymin represent the maximum, center, and
minimum point of the height of the bounding box. Xmax, Xcenter,
andXmin represent the maximum, center, and minimum points of the
width of the bounding box.

Figure 2: Image and bounding box dimensions in TensorFlow format.

After annotation bounding boxes conversion by using the
Roboflow website, two types of files are created: a darknet file and a
file for each image of the DRD. The darknet file contains class names
indicating the dental disease, as shown in Figure 3. Files of the im-

ages contain five columns where the first column is linked with Dark-
net file, such as 0 for fillings, 1 for impacted tooth, 2 for implanted
tooth, and 3 for cavity,(Figure 3). The remaining four columns are
annotated in Figure 3.
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Figure 3: Image and bounding box dimensions in TensorFlow format.

Excluding dental cavity images (Cavity-class removal)

During the performance observation of the present data, it was
found that detecting dental cavity disease in DRD is difficult due to
the low resolution and grey scale image. Therefore, the dental cavity
class was removed from theDRD, resulting in a reduction of images in
the DRD, as some images contained only cavities; these images with
their files were deleted. Hence, the remaining images in the DRD
were 1059, 117, and 69 in the training, validation, and testing folders,
respectively. For the cavity-class removal, there are two mechanisms:
manual removal and software removal. In this work, excluding the
dental cavity class from the DRD was achieved by roboflow website.

Real image dataset (RID)

Real image is a state-of-the-art method used to detect the dental
health status. RID contains three classes referring to the dental status:
healthy, decay cavity, and early decay cavity. RID consists of 1392
original images with a size of 640×640 pixels. The dataset is divided
into three groups: 988 training, 279 validation and 125 testing images,
which are all collected from the Roboflow website. The downloaded
dataset consists of raw images that are not augmented.

Preprocessing of the RID

Initially, all images were adjusted to 80*80 pixels. To guarantee
the robustness of the evaluation method, the dataset was re-divided
into three distinct subsets in a 70:20:10 ratio. As a result, such 974,
279, 139 original images were prepared for training, validation, and
testing. To enhance the accuracy and robustness of the model, var-
ious data augmentation techniques were applied to the RID, includ-
ing flipping, brightness, shearing, zooming, rotation, and saturation.
These techniques were explored to identify the most effective aug-
mentation strategy for RID. The collection of augmentation strate-
gies are described in Table 4. The highest mAP@50 during training
was achieved by applying a combination of horizontal flipping, rota-
tion (90◦ clockwise, 90◦ counterclockwise, and 180◦), and random
zooming (up to 20%) exclusively to the training set. Each 64 images
above, resized and augmented images, were combined in one set of
640*640-pixel images as shown in Figure 4. Image size of 640*640
pixels makes a trade between efficiency and real-time detection for
training YOLO. Throughout our work, it has been observed that ap-
proximately the same results were obtained either with training the in-
dividual or the combined real images. However, using the combined
set of the RID reduces the training time, produces a high similarity
of bounding boxes of the two datasets, detects more than one tooth in
one image, and seems to be more similar to the mouth shape than the
tooth in the image.

Figure 4: Combined image consisting of 64 images of size 80*80 pixels.
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Proposed Method (Integrated Dataset)

For enhancing the detection of all classes, two datasets were in-
tegrated and trained with YOLO11 model. The process of integrating

two datasets is illustrated in Figure 5. The integrated dataset contains
six classes of dental status such as filling, impacted, implant, decay
cavity, early decay, and healthy teeth. The two datasets were inte-
grated and processed via the ‘Roboflow’ website.

Figure 5: Block diagram of the approach to integrate the two datasets.

Datasets integration mechanism
The idea of the dataset integration (combination) is to copy all

images with their annotation files from the training folder of the aug-
mented RID to the DRD training folder. For the validation and testing
folder the same procedure is handled. This procedure has two prob-

lems: (1) duplication, as darknet file is not allowed, and (2) the over-
lap between the number of classes of the RID and the DRD, as shown
in the Figure 6. This problem can be solved manually or by a soft-
ware (on website); this problem has been overcome using Roboflow
website.

Figure 6: Idea of the dataset integration.

On the Roboflow website, initially DRD and RID datasets are up-
loaded separately. Then, the projects have been merged (Figure 7).

In the meantime, Roboflowwill solve both abovementioned problems
automatically (Figure 8).

DOI:https://doi.org/10.25271/sjuoz.2026.14.3.1713 414

https://doi.org/10.25271/sjuoz.2026.14.3.1713


Abdulmajeed and Shakir SJUOZ|VOL14|Jul 2026|P410-425

Figure 7: A way of combining two datasets by Roboflow.

Figure 8: The integrated dataset in roboflow is ready (class and darknet problems handled).

Accurate detection of dental diseases requires different types
of tools such as radiography, X-ray, or real images. For instance, im-
plant and impacted teeth detection by real-image is hard, while den-
tal cavity is not precisely detectable via panoramic X-ray. Therefore,
dental cavities are relatively easier to detect via real images as the
cavity level is based on the spot color and size on the tooth image.
Therefore, the dental cavity class on the DRD was excluded and re-
placed by cavity classes in the RID (early and decay cavities).
In the DRD, low accuracy produces the cavity class in the radiograph
images. Additionally, detecting the degree or type of the cavity is too
difficult. On the other side, dental cavity detection, with the cavity
degree, is more accurate and accessed via RID. Therefore, using two
separate systems to accurately diagnose all dental-related diseases is
difficult and time-consuming. To overcome this issue, both datasets
were integrated to evaluate the overall detection performance.

YOLO11 ARCHITECTURE

The most widely used model for dental disease detection is
YOLOv8. The updated or more identical version is YOLO11, which
is released on September 30, 2024 by Ultralytics with five versions: n
(nano), s (small), m (medium), l (large), and x (x-large). All versions
are different in terms of number of parameter and computing com-
plexity (Kumar et al., 2021). YOLO11 has a significant advancement
in object detection that combines architectural advances to maximize
accuracy and speed detection (Vempati, 2024). YOLO11 architecture
contains four parts; the input layer, backbone, neck, and the head. In
the input layer, adaptive scaling and data distribution alignment are
used to ensure consistency with the training dataset (Ji et al., 2025).
The YOLO11 works with square images and uses padded grey pixels
to ensure the aspect ratio stability. It will scale without any padding
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if the image is square. The backbone acts as the main feature
extractor, converting unprocessed image data into multi-scale feature
maps by using several convolutional (Conv) techniques. For example,
C3K2.Conv block contains three branches (conv2d, BatchNorm2D,
and the SiLU). Their active function acts as a feature extractor. C3K2
is replaced by C2f available in YOLOv8. It is known as the main
feature extractor component to extract diversity and multiscale fea-
tures, and to balance between representing features and computing
performance by utilizing residual links and multibranch design. Ad-
ditionally, it consists of one SPPF (Spatial Pyramid Pooling-Fast)
and C2PSA (Parallel Spatial Attention) blocks (Hidayatullah et al.,
2025). SPPF is intended to improve object detection capabilities by
effectively combining multiscale information. C2PSA block presents
YOLOv11’s novel attention mechanism which intended to enhance
feature representation by pixel- level spatial optimization and cross-
scale attention. This block improves the model’s ability to identify
intricate objects and record minute details. By C3K2 and C2PSA,
YOLO11 enhances the feature extraction and detection, and reduces
number of parameters. The neck, which serves as a processing stage
between the backbone and head, uses specialized layers to combine

and improve features represented in various scales. The head is the
last part, an essential module that generates predictions for detected
objects. It accurately predicts the bounding boxes, determines the ob-
ject class, and computes the objectness score. In head, there are three
detection sizes: small, medium, and large. Each one detects objects
in a specific size (Rasheed & Zarkoosh, 2025). The block diagram of
YOLO11 is presented in Figure 9.

Training setup and hyperparameters
The YOLO11 is trained on the DRD, the DRD with cavity class

removed, the RID, the augmented RID, and the preprocessed inte-
grated dataset to find evaluation metrics of each dataset separately.
The implementation of YOLO11 model has been run on the Google
Colab platform, utilizing Python version 3.11.13. The results were
conducted using the Ultralytics YOLO version 8.3.155 framework in
conjunction with Torch version 2.6.0+cu124. The utilized parameter
was fine-tuned to classify and detect; a perfect hyperparameter con-
figuration consisted of 50 epochs, with a batch size of 16 and AdamW
optimization.

Figure 9: Block diagram of the YOLO11 architecture.

4. EVALUATION METRICS

To evaluate the model performance, three main evaluation met-
rics are used in this study: precision, recall, and mean average preci-

sion (mAP).
The bounding box is extensively employed in dental object detec-

tion, which is the most crucial stage for the tooth localization. Two
types of bounding boxes are shown in this work: the predicted
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bounding box that is produced by the YOLO model, and the
ground truth bounding box that determines the actual position and di-
mension of the object and is considered to be the reference for the
predicted bounding box. The intersection over union (IOU) was
performed to measure the overlap between predicted and ground truth
bounding boxes, as shown in Figure 10 (Khanam et al., 2025; Padilla
et al., 2020). IOU is measured via Equations (5–9).

X2 = min(X2predicted, X2ground truth) (5)

X1 = max(X1predicted, X1ground truth) (6)

Y 2 = min(Y 2predicted, Y 2ground truth) (7)

Y 1 = max(Y 1predicted, Y 1ground truth) (8)

IOU =
area of intersection

area of union
=

A ∩B

A ∪B
=

(X2−X1) ∗ (Y 2− Y 1)

areaA+ areaB −A ∩B
(9)

Figure 10: Bounding boxes overlap in resemblance.
Where: X1 is the starting point on the X-axis of the predicted and
ground truth bounding boxes. Y1 is the starting point on the Y-axis
of the predicted and ground truth bounding boxes. X2 is the finishing
point on the X-axis of the predicted and ground truth bounding boxes.
Y2 is the finishing point on the Y-axis of the predicted and ground
truth bounding boxes.

The method for calculating True positive (TP), False positive
(FP), and False negative (FN) is as follows: the result will be consid-
ered as a TP if the IOU is greater than or equal to 0.5 which classifies
the actual class of dental disease. The outcome is determined as FP if
the above value is less than 0.5 or the predicted class does not match
the actual class. Finally, if the model (derived from the YOLO) could
not detect the dental disease, it is allocated to be (FN).

Precision (P) is the proportion of correctly predicted positive ob-
servations to all positive observations, according to Equation (10).

Precision (P) = TP
TP+ FP

(10)

noindent Recall is calculated by dividing the total number of ob-
servations by the number of correctly predicted positive outcomes
(Logabiraman et al., 2024). Recall can be measured using Equation
(11).

Recall = TP
TP+ FN

(11)

Based on the above equations, average precision (AP) is calcu-
lated by the plotting and integration the result of Equations (10 and
11) in order to measure the comprehensive assessment metric that will
impartially assess object identification models’ performance across
various IOU criteria as demonstrated in Equation (12):

AP =

∫ 1

0

p(r) dr (12)

Mean average precision (mAP) offers a comprehensive measure
for assessing object detection performance across several classes and
IOU levels. A mAP, which is derived by averaging the AP for each
class, presents the balance between precision and recall across various
confidence thresholds (Zaidi et al., 2022). It is calculated by applying
Equation (13).

mAP =

(
1

N

)
∗

N∑
i=1

(APi) (13)

The harmonic mean of precision and recall (F1) score is a widely
used metric for assessing object detection models. It takes into ac-
count both recall and precision of the model to determine a score rang-
ing from 0 to 1 (Li et al., 2023). It is calculated by applying Equation
(14).

F1 = 2 ∗ precision ∗ recall
precision+ recall

(14)

Box loss (Boxloss) plays an important role in the localization ac-
curacy and directly impacts it. It determines the discrepancy between
the expected bounding box and the ground truth (Behzadi et al., 2025).
It is calculated by applying Equation (15 – 17).

Boxloss = 1− CIOU = 1−
[
IOU − ρ2(b, b∗)

c2
− αv

]
(15)

v =
4

π2
(arctan w∗

h2
− arctan w

h
)2 (16)

α =
v

(1− IOU) + v
(17)

Classification loss (ClsLoss) is a crucial statistic for maximizing
themodel’s object classification performance. It uses weighted binary
cross-entropy (WBCE) loss (Behzadi et al., 2025). It is calculated by
applying Equation (18).

ClsLoss = −
M∑
i=1

[ωjyj log(pj) + (1− yj) log(1− pj)] (18)

Distribution Focal Loss (DflLoss) is utilized to improve the pre-
diction of bounding boxes, and it is focused on the bounding box’s
precise localization (Behzadi et al., 2025). This method enables the
model to concentrate not only on enhancing overall localization but
also on obtaining finer information in areas of high confidence. Con-
sequently, it enhances bounding box precision and regression quality
(Li et al., 2025). It is calculated by applying Equation (19).

DflLoss =

M∑
i=1

(pj ×Xj −Xj) (19)

Where: TP is the number of samples that the model accurately
classified as positive, signifying precise detections. FP is the num-
ber of samples that the model misclassifies as positive, resulting in
erroneous warnings or misclassifications. FN is the quantity of real
positive samples that were overlooked by the model, or missed de-
tections. N is the number of object classes (Kutyrev et al., 2025).
APi is the class’s average precision, which is determined by calculat-
ing the area under the class’s precision-recall curve, encapsulating the
model’s equilibrium between recall and precision across recall lev-
els (Zhu et al., 2025). P(r) stands for the precision rate that, in the
precision–recall rate curve (P–R Curve), corresponds to the recall rate
(Zhang et al., 2025). Euclidean distance between the center points of
the boxes (ground-truth box (b) and predicted box (b∗)), measures the
deviation of the central point (the height and width of the ground truth
and predicted bounding boxes series). C is the minimal enclosing
bounding box’s diagonal distance. V stands for aspect ratio consis-
tency term (penalizes the discrepancy between the ratio of predicted
boxes to ground truth). α represents the correction factor.
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M is the number of classes. yj is the ground truth sample j. pj rep-
resents the expected probability associated with sample j. ωi is the
weight of the predicted and ground truth bounding boxes’ coordinates
(Behzadi et al., 2025).

5. RESULTS

The main results, which aimed at enhancing the detection of all
dental diseases using the YOLO11with the integrated dataset, are pre-
sented in this section. The trained model performance was checked
using the validation sets of precision (P), recall (R), mean average
precision (mAP) when intersection over union (IOU) is greater than
or equal 0.5 (mAP@50), mAP when intersection over union (IOU) is
greater than or equal 0.5 and less than 0.95 (mAP@50-95) and F1-
score.

It is important to notice that the first row of the results in the tables
below shows the overall achievement in each test. The overall results
are calculated using Equation (20), forM to be the number of classes:

Overall = result of row#2+ result of row#3+ · · ·+ result of row#M
M

(20)
Training#1: The YOLO11m model was trained on the DRD. The re-
sults are shown in Table 1 and Figures (11 and 12).
Table 1: Validation results of the trained YOLO11m on DRD.

Class Precision Recall mAP@50 mAP@50-95 F1-score
Overall 0.788 0.793 0.837 0.547 0.79
Filing 0.886 0.863 0.926 0.627 -
Impacted 0.838 0.792 0.908 0.557 -
Implant 0.950 0.958 0.978 0.679 -
Cavity 0.476 0.558 0.535 0.327 -

Table 1 shows the results of training YOLO11 on the DRD. Themodel
established robust overall performance with mAP@50 of 0.837, recall
of 0.793, precision of 0.788 and F1-score of 0.79. The implant class
produced the highest mAP@50 of 0.978, recall of 0.958 and preci-
sion of 0.95. The filling class achieved high mAP@50 of 0.926, with
balanced precision of 0.886 and recall of 0.863. The impacted class
obtained lower mAP@50 of 0.908, recall of 0.792 and precision of
0.838 as compared to the filling and implant class. The cavity class
produced the lowest mAP@50 of 0.535, recall of 0.558 and precision
of 0.476. This shows that the implant class achieved themaximum de-
tection and correct classification. However, the cavity class showed

the lowest correct categorization, with the highest misdetection (no
detection). Overall, the model performed well in every class, with the
exception of the cavity class, which is still significantly challenging.

Figure 11: The confusion matrix of the DRD.
Figure 11 shows the confusion matrix of the YOLO11 with the DRD
containing four classes: fillings, impacted, implant and cavity. For the
filling class, the validation set contains 539 instances. The model cor-
rectly classified 489 instances, misclassified 7 instances (5 implants
and 2 cavity), failed to detect 43 instances, and produced 93 instances
detections without corresponding ground truth. And for the impacted
class, the validation set contains 48 instances. Among them, 46 in-
stances were correctly detected, and 2 instances were not detected.
Additionally, the model produced 12 instance detections for which
no ground truth was available. Also, for the implant class, the vali-
dation set contains 160 instances. Between these, 153 instances were
correctly classified, 6 instances were misclassified as fillings, and 1
instance was not detected. Themodel produced 14 instance detections
for which no ground truth was available. Moreover, the validation set
of the cavity class contains 43 instances. The model correctly de-
tected and classified 28 instances, misclassified 3 as fillings, failed
to detect 12 instances, and produced 38 instance detections without
corresponding ground truth. The highest correct classification was in
impacted and implant, and the lowest was in cavity. The lowest miss-
ing instance was in implant, and the highest was in cavity class. This
indicates that the cavity has the highest misclassification and misde-
tection, and the detection of the cavity class using panoramic X-ray
to be difficult.

Figure 12: The curve of the loss type for validation and training, precision, recall, mAP@50, and mAP@50-95 of the DRD.
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Figure 12 shows performance findings of the YOLO11 model
on the DRD. The precision and recall rates fluctuated and increased
over the epochs, demonstrating better generalization and learning.
mAP@50 and mAP@50-95 gradually increased, while train and vali-
dation (box loss, classification loss, distribution focal loss) decreased,
indicating an enhanced model and no overfitting.
Training#2: Training#1 is repeated on the DRD without the cavity
class. The outcomes are shown in Table 2 and Figures (13 and 14).

Table 2: Validation results of the trained YOLO11m on DRD with
the cavity class removed.

Class Precision Recall mAP@50 mAP@50-95 F1-score

Overall 0.847 0.926 0.936 0.618 0.88

Filing 0.822 0.907 0.924 0.615

Impact 0.813 0.906 0.919 0.569

Implant 0.906 0.965 0.965 0.670

Table 2 presents the results of the first training when repeated on the
DRD with the excluded cavity class. The model showed robust and
increased overall performance in mAP@50 of 0.936, recall of 0.926,
precision of 0.847 and F1-score of 0.88. The implant class yielded the
highest precision of 0.906, recall of 0.965, and mAP@50 of 0.965.
The filling class achieved high mAP@50 of 0.924, precision of 0.822
and recall of 0.907. The impacted class obtained lower mAP@50 of
0.919, recall of 0.906 and precision of 0.813 compared to the filling
and implant class. Overall, the model performed excellently in correct
classification and detection, and low- rate misdetection.

Figure 13: The confusion matrix of the DRD without cavity.
Figure 13 presents the confusion matrix results of YOLO11 with the
DRD when the cavity class removed. After the number of classes
decreased, the performance of the filling class slightly increased, the
correct prediction increased to 498 instances, and misclassification
and misdetection reduced to 6 and 35 instances. Moreover, detec-
tion without corresponding ground truth increased to 142 instances.
Additionally, the correct classification of the impacted class reduced
to 45 instances, with misdetection increased to 3 instances, and de-
tection without corresponding ground truth decreased to 11 instances.
However, the implant class remained the same without changing, only
the detection without corresponding ground truth decreased to 18 in-
stances. The correct classification of all classes is excellent, and mis-
classification andmisdetection is very low; this indicates a higher per-
formance of the model.

Figure 14 illustrates the performance of YOLO11 model on the
DRD with the excluded cavity class. Compared to the first training,
precision and recall rose above 0.8, indicating lower misclassification
and higher detection cases. Additionally, mAP@50 and mAP@50-95
increased, while box loss, classification loss, and distribution focal
loss decreased. These results indicate better generalization, enhance-
ment, and detection.

Figure 14: The curve of the loss type for validation and training, precision, recall, mAP@50, and mAP@50-95 of the DRD without cavity.

Table 3: Validation results of the trained YOLO1m on the RID.

Class Precision Recall mAP@50 mAP@50-95 F1-score
Overall 0.764 0.838 0.858 0.754 0.8
Decay cavity 0.873 0.868 0.910 0.788
Early decay 0.684 0.887 0.863 0.766
Healthy teeth 0.736 0.759 0.802 0.707

Table 3 demonstrates the results of training YOLO11 on the
RID. The model achieved powerful overall performance, mAP@50
of 0.858, recall of 0.838, precision of 0.764 and F1-score of 0.8.

The decay cavity exhibited the best metrics through all classes, with
mAP@50 of 0.91, balanced recall of 0.868 and precision of 0.873.
The early cavity class achieved strong mAP@50 of 0.863, and recall
of 0.887 with low precision of 0.684. The healthy teeth produced
high mAP@50 of 0.802, with balanced recall of 0.759 and precision
of 0.736. The image type in this test was colorful Red-Green-Blue
(RGB), that depended on the color of the teeth for classification. This
indicates higher resolution images due to lower noise in capturing,
with the setting and type of the device, lighting and angle of cap-
turing (as the shadow affects the classification). For this reason, the
classification of the early decay is hard, because the same
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healthy teeth misclassified with other unhealthy teeth signifi-
cantly. In general, the model performed well over all classes in clas-
sification and detection, with correct prediction and low rate of mis-
detection.

Figure 15: The confusion matrix of the RID.

Figure 15 summarizes the confusion matrix of YOLO11 with the
RID, which includes three classes: decay cavity, early cavity, and
healthy teeth. The early cavity contains 115 instances in the valida-
tion set, among them YOLO correctly classified 98 instances, with 17
instances confused with healthy teeth and decay cavity, and produced
29 detection instances when they were unavailable in the ground truth.
The decay cavity in the validation set contains 95 cases, 76 were cor-
rectly detected, 13 confused as early cavity, 3 as healthy teeth, and
also 13 instances were detected without corresponding ground truth,
and 3 instances were not predicted by the model. Additionally, the
healthy teethwere 79 instances out of them 52 instances correctly clas-
sified, 1 instance misclassified with the decay cavity and 25 as early
cavities, and 24 cases were detected without corresponding ground
truth. The highest correctly classified class was early cavity and the
lowest was healthy teeth. The lowest miss detected class was healthy
teeth and the highest decay cavity. The performance of the detection
and correctly classification is countered as good.

Figure 16: The curve of the loss type for validation and training, precision, recall, mAP@50, and mAP@50-95 of the RID.

Figure 16 demonstrates the performance of evaluation metrics
on the RID for YOLO11 model. Initially, Precision and Recall in-
creased, then stabilized, indicating early learning and accurate predic-
tion and recall. However, mAP@50 and mAP@50-95 were gradually
increased, while some of training and validation (box loss, classifica-
tion loss, distribution focal loss) fluctuated but all decreased over the
epochs, which signifies an enhanced model with high efficiency and

no overfitting.
Training#4: More than 26 attempts were applied on the RID with
size of 80 × 80 pixels, followed by a combination of the 64 images
were put on one frame of size 640×640 pixels. The combination and
the RID were both trained with YOLO11m in each attempt as shown
in Table 4. The highest performing augmentation was selected, the
outcome demonstrated in detail in Table 5 and Figures (17 and 18).

DOI:https://doi.org/10.25271/sjuoz.2026.14.3.1713 420

https://doi.org/10.25271/sjuoz.2026.14.3.1713


Abdulmajeed and Shakir SJUOZ|VOL14|Jul 2026|P410-425

Table 4: Examples of the training by adding collection of augmentation techniques on the RID.

# Technique/s and Range mAP@50
1 Original 0.858
2 Rotate (CW) 0.850
3 Rotate (CCW) 0.861
4 Shear ±10◦ H/V 0.856
5 Crop 0%–20% Zoom 0.846
6 Brightness ±15% 0.845
7 Flip (H, V), Rotate (CW, CCW, UD), Zoom 0–20%, Shear ±10◦ H/V, Brightness ±15% 0.862
8 Rotate (CW, CCW, UD), Shear ±10◦ H/V, Saturation ±25% 0.882
9 Flip (H, V), Rotate (CW, CCW, UD), Shear ±10◦ H/V, Saturation ±25% 0.842
10 Rotate (CW, CCW, UD), Zoom 0%–20%, Shear ±10◦ H/V, Brightness ±15% 0.850
11 Flip (H, V), Rotate (CW, CCW, UD), Zoom 0%–20%, Brightness ±15% 0.844
12 Flip (H), Rotate (CW, CCW, UD), Zoom 0%–20% 0.899
13 Flip (V), Rotate (CW, CCW, UD), Shear ±10◦ H/V, Saturation ±25% 0.867
14 Rotate (CW, CCW), Shear ±10◦ H/V, Saturation ±25% 0.836
15 Rotate (CW), Shear ±10◦ H/V, Saturation ±25% 0.865
16 Rotate (CCW, UD), Shear ±10◦ H/V, Saturation ±25% 0.860
17 Rotate (CCW), Shear ±10◦ H/V, Saturation ±25% 0.860
18 Rotate (UD), Shear ±10◦ H/V, Saturation ±25% 0.866
19 Flip (H), Rotate (CW, CCW, UD), Zoom 0%–20% 0.854
20 Flip (H), Rotate (CW, CCW, UD) 0.876
21 Flip (H), Zoom 0%–20% 0.854
22 Flip (H), Rotate (UD), Zoom 0%–20% 0.880
23 Flip (H), Rotate (CW, CCW), Zoom 0%–20% 0.847
24 Flip (H), Rotate (CCW, UD), Zoom 0%–20% 0.868
25 Flip (H), Rotate (CW), Zoom 0%–20% 0.859
26 Flip (H), Rotate (CW), Zoom 0%–20% 0.864

Where: H represents Horizontal Flip. V represents Vertical Flip. CW
represents Clock Wise. CCW represents Counters Clock Wise. UD
represents Upside Down (i.e. 180° Rotation).
Table 4 presents several collections of augmentations applied to the
RID for enhancing detection accuracy. Many augmentation tech-
niques, such as rotate, flip, zoom, shear, saturated, and brightness,
were utilized to find the best enhancement in the RID. Rotation con-
sists of three options 90 clock wise, 90 counter clock wise, and 180
upsides down. Flip provides two options; horizontal and vertical. Sat-
urated and brightness make the image 10% lighter or darker. Zoom
crops the image from (0 to 20%) then resizes it to 80*80 pixels. After
more than 26 changes of the type and the option of the augmentation
techniques as described in table, the 12th training produced the high-
est mAP@50 of 0.899 with collection augmentation 90° clockwise,
90° counter clockwise, 180° upsides down, horizontal flip, zoom up
to 20% randomly. The augmentation enhanced detection and classi-
fication when the suitable type applied, because adding diversity and
variations to the dataset were without effort of collecting new images.
These techniques also prevented the model from overfitting.
Table 5: Validation results of the trained YOLO11m on the
augmented RID.
Class Precision Recall mAP@50 mAP@50-95 F1-score
Overall 0.787 0.888 0.899 0.784 0.83
Decay cavity 0.931 0.849 0.924 0.790
Early decay 0.752 0.852 0.897 0.797
Healthy teeth 0.672 0.962 0.877 0.764

Table 5 displays the results of training YOLO11 on the augmented
RID. The model improved overall performance after augmentation
compared to the raw RID achieving mAP@50 of 0.899, precision of
0.787, recall of 0.888, and F1-score of 0.83. The most enhanced class
across all classes was the healthy teeth with mAP@50 of 0.877 which
improved about 7.5than 20for 0.752 improvement (about 6.8The de-
cay cavity provided the best metrics, with mAP@50 of 0.924, pre-

cision of 0.931, high recall of 0.849. In addition to enhancement
in mAP@50 and precision, the model’s performance was enhanced
across all classes in classification and detection, demonstrating cor-
rect prediction and low rate misdetections.

Figure 17: The confusion matrix of the augmented RID.
Figure 17 presents the enhanced confusion matrix of the augmented
RID with the utilized model. After enhancing the decay cavity, the
correct classification increased to 78, with decrease in misclassifica-
tions to 14 and detection without corresponding ground truth to 4.
Additionally, the correct prediction in healthy teeth increased to 73,
misclassification significantly decreased to 5, other things remain the
same. For early cavity, after augmentation correctly 87 images were
predicted and detection without corresponding ground truth reduced
to 28, with increment in confusion.
Figure 18 presents performance results of YOLO11 on the augmented
RID. The Precision and Recall curves increased compared to train-
ing#3, indicating fewer misclassifications and enhanced detection.
Meanwhile, mAP@50 and mAP@50-95 rapidly increased at the be-
ginning, then steadily increased and got higher than the rawRID, indi-
cating improved object recognition. Training and validation (box loss,
classification loss, distribution focal loss) decreased over the time,
demonstrating no overfitting.
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Figure 18: The loss type curves for validation and training, precision, recall, mAP@50, and mAP@50-95 of the augmented RID.

Training#5: The integrated dataset trained on YOLO11m. The
results are presented in Table 6 and Figures (19 and 20).
Table 6: Validation results of trained YOLO11m on the integrated
dataset.

Class Precision Recall mAP@50 mAP@50-95 F1-score
Overall 0.813 0.883 0.904 0.691 0.84
Filing 0.877 0.865 0.927 0.620
Impact teeth 0.783 0.854 0.903 0.563
Implant 0.921 0.975 0.978 0.669
Decay cavity 0.922 0.849 0.912 0.770
Early decay 0.651 0.893 0.903 0.807
Healthy teeth 0.724 0.864 0.802 0.718

Table 6 illustrates the results of training YOLO11 on the integrated
dataset. The model demonstrated tough overall performance with
mAP@50 of 0.904, precision of 0.813, recall of 0.883 and F1-score of
0.84. Among all classes the implant achieved the highest mAP@50 of
0.978, recall of 0.975 and high precision of 0.921. Additionally, the
filling class produced robust mAP@50 of 0.927, with balanced recall
of 0.865 and precision of 0.877. Also, the early decay acquired excel-
lent mAP@50 of 0.903, recall of 0.893, and presented low precision
of 0.651. Across all classes the decay cavity class achieved the highest
precision of 0.922, with high recall of 0.849 and mAP@50 of 0.912.
The healthy teeth found moderated with mAP@50 of 0.802, preci-
sion of 0.724, and recall of 0.864. Overall, the model’s performance
was perfect for all classes, with significant enhancement in classifi-
cation and detection compared to the first training. Additionally, the
early cavity was added for more detail as it is a very important class
to prevent from cavity or bone losses.

Figure 19: The confusion matrix of the integrated dataset.
Figure 19 demonstrates the confusion matrix for six classes (filling,
impacted, implant, cavity decay, early decay, and healthy teeth), eval-
uating the performance of the integrated dataset with the YOLO11.
The validation set consists of 1036 samples. 539 instances annotated
as fillings, 468 instances correctly categorized, with 10 instances con-
fused as implants, and 85 instance were detected without correspond-
ing ground truth. Out of 160 instances in the implant category, 156 in-
stances were correctly identified, 4 instances were misclassified with
the filling class, and 9 instances were detected without corresponding
ground truth.

115 instances annotated as the early decay, 95 correctly predicted,
with misclassified 19 instances as healthy teeth and decay cavity, and
43 instances detected without corresponding ground truth. From 95
samples of decay cavity, 79 instances were correctly detected, 13 in-
stances weremisclassified (11 instances as early decay and 2 instances
as healthy teeth), with 3 undetected samples, and 9 instances detected
without corresponding ground truth. For healthy teeth, the model cor-
rectly classified 56 instances, 22 instances confused with early decay,

1 sample was not detected, and 27 instances were detected with-
out corresponding ground truth. Among 48 impact instances, 41 in-
stances were correctly classified, 7 instances were not detected, and
13 instances were detected without corresponding ground truth. The
correct classification and detection of all classes were perfect, some
of them decreased, because the number of classes increased.

Figure 20: The loss type curves for validation and training, precision, recall, mAP@50, and mAP@50-95 of the integrated dataset.

DOI:https://doi.org/10.25271/sjuoz.2026.14.3.1713 422

https://doi.org/10.25271/sjuoz.2026.14.3.1713


Abdulmajeed and Shakir SJUOZ|VOL14|Jul 2026|P410-425

Figure 20 determines the performance of the result of YOLO11 on
the integrated dataset. At first, the precision curves rapidly rose, then
stabilized, also the recall gradually increased, which signifies fewer
missing instances and high classification and detection. Meanwhile,
mAP@50 and mAP@50-95 increased over time, training and vali-
dation (box loss, classification loss, distribution focal loss) decreased
over time, signifying no overfitting. Overall, the results indicated high
generalization, detection, and classification with fewer confusing in-
stances as compared to the first training, with more detailed disease
detection.

6. COMPARISON

The mAP@50 evaluation for the system has been chosen in this
work as it is the most comprehensive and widely used evaluation met-
ric due to its capability to function as an accuracy measure in object
detection (Zaidi et al., 2022). To date, this assessment metric is the
most powerful approach to calculate the accuracy which depends on
precision, recall, and the number of classes (Zhang et al., 2025). A
greater mAP@50 score reflects stronger model performance in iden-
tifying and categorizing disease in images (Du, 2023).

A comprehensive review of YOLO model variants for dental dis-
ease detection has been conducted in recent literature. The review is
shown in Figure 15 as a chart. Alkentar and Assalem (2024) evalu-
ated YOLOv7, YOLOv8, and YOLOv9 on the DRD containing 1269
images, reporting mAP@50 scores of 40.3%, 76.6%, and 75.9%, re-
spectively. Similarly, Thulaseedharan and PS (2022, 2023) trained
YOLOv5, YOLOv6 models on private datasets containing 664 im-
ages, and they achieved mAP@50 values of 72.4% and 70.76%, re-
spectively. Also, Maged et al. (2024) and George et al. (2023) per-
formed YOLOv8 on the same dataset (DRD) using different methods
for improving mAP@50, the results were (80.6% and 82.1%) respec-
tively. George et al. (2023) segmented the images three times be-
fore training; whereas, Maged et al. (2024) directly trained on the
dataset. In comparison of the results in this work, it is noticed that the
adaptation of YOLO11 for DRD execution enhanced the detection by
more than 1.6% which shows improvements achieved by this model
compared to other versions and more than 14.5% higher mAP@50 is
accomplished through the integrated dataset.

Figure 21: . Comparison between the results of the proposed work
and previous studies.

7. DISCUSSION

In recent years, automatic detection inmedical images has rapidly
grown and attracted the interest of researchers. However, the quality
and resolution of medical images remained limited. This paper aimed
to present a system capable of accurately detecting the most signifi-
cant dental diseases, which are cavities, fillings, impacted teeth, and
implant teeth.

According to the results achieved in this work, training YOLO 11
on the DRD improved the overall detection accuracy. Nevertheless,
the accuracy for cavity detection remained relatively low. Training
YOLO11 on the RID in cavity class gave much higher detection than
panoramic X-rays; however, detection of impacted and implanted
teeth in real images was significantly hard. It is observed that each
class can be detected accurately in a specific type of image. For in-
stant, it is recommended to use the RID for the cavity class over the
panoramic X-rays. On the contrary, detection of impacted and im-
plant teeth diseases in real images is relatively complicated. Further-

more, in such cases, it is often necessary to use two separate appli-
cation systems; one specialized for cavity detection and another for
implant and impacted diseases to achieve higher diagnostic accuracy.
To overcome diagnosis issues and improve the detection of all dental
diseases in a model, a new dataset has been generated by integrat-
ing a panoramic X-ray image dataset with a real image dataset. The
integration of two datasets can be considered a preprocessing step.
The deep learning (DL) model is trained on the new dataset for accu-
rate detection of all dental diseases. The integration of two datasets
is to leverage their complementary strengths, resulting in a unified
and more robust model that improves detection performance across
all classes, with a notable enhancement in cavity detection.

The research limitations and challenges of this work were the low
resolution of DRD images, which reduced overall detection accuracy.
Also, the imbalance in the number of classes in the dataset, as some-
times the same image contains multiple diseases, and when a class
increased, another class is also increased. This reduced the detection
accuracy of the system. Moreover, the availability of a limited num-
ber of datasets having a limited number of image samples.

8. CONCLUSIONS

Dental diseases are the major global health concerns. Dental
caries is one of the most common dental diseases which can lead to
infection and tooth loss, making early detection critical for preven-
tion and treatment. The proposed integrated dataset demonstrated a
significant enhancement in detection. In this study it is observed that:

• In the first training, the cavity class in the DRD has a lower de-
tection rate, resulting in a decline in the accuracy of the model
overall.

• In the second training, removing the cavity class significantly
increased the mAP@50 of the overall achievements

• In the third training, the cavity class in the real image gave
much higher detection and mAP@50 than the cavity class in
the panoramic x-ray image.

• In the fourth training, adding augmentation to the RID caused
higher detection.

• In the fifth training, integrating two datasets (DRDwithout cav-
ity class + RID) enhanced the detection of all classes and the
system’s overall performance.

Future improvements will aim to develop a comprehensive dataset
capable of detecting a wide range of dental conditions such as missing
teeth and bridge restorations, oral diseases such as cysts and oral can-
cer, and decorative or cosmetic issues such as cracks, discoloration,
and misalignment. The objective is to enable a system not to diagnose
only clinical problems but also to assess aesthetic dental concerns.
Additionally, future studies will focus on optimizing the algorithm to
reduce the computational complexity by excluding redundant network
blocks or employing model compression techniques without compro-
mising detection accuracy. Furthermore, a user-friendly mobile ap-
plication will be developed to allow individuals to perform basic den-
tal assessments at home, improving accessibility to preliminary oral
health screening.

Finally, it is important to mention that the proposed model can be
readily implemented in dental clinics and also holds strong potential
for integration into a mobile application. In such an application, users
could capture intraoral images using a smartphone and upload them to
detect specific dental conditions, such as cavity types. Additionally,
users or practitioners could upload panoramic X-ray images to verify
diagnostic results through automated analysis.
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