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ABSTRACT

Abstract— Dental cavities are one of the most common oral
health problems, and early identification can support timely
dental care. This study presents a deep learning based dental
cavity detection system using the Ultralytics YOLOlln
(YOLOvVI1 Nano) object detection model. A dental image
dataset containing annotated cavity and normal samples was
prepared and divided into training, validation, and test sets. The
model was trained in Google Colab with image preprocessing
and augmentation to improve its ability to detect cavity regions.
Model performance was evaluated using precision, recall,
mAP50, and mAP50-95. The trained model was then used to
predict cavity regions in unseen dental images. The proposed
approach provides an automated and efficient method for
preliminary cavity detection and can assist dental professionals
as a decision-support tool. Future work can focus on larger and
more diverse datasets, improved annotation quality, and real-
world clinical validation. Keywords— dental cavity detection;
deep learning; YOLOI11n; object detection; dental images;
computer vision

INTRODUCTION

Dental caries, commonly known as dental cavity, is one of the
most common oral health problems affecting people of
different age groups. If left untreated, it can cause pain,
infection, tooth damage, and eventually tooth loss. Therefore,
early and accurate detection of dental cavities is important for
effective treatment and prevention of further

complications. Traditionally, dental cavities are identified
through clinical examination and dental imaging by dental
professionals. However, manual examination can be time-
consuming, and early-stage cavities may be difficult to
identify accurately. Recent advancements in Artificial
Intelligence (AI) and Deep Learning have provided new
opportunities for automated analysis of dental images. In
particular, object detection models can identify abnormal
regions and determine their locations within an image.

This research proposes an AI-Powered Dental Cavity
Detection and Localization Using YOLO system. The
proposed approach uses a labeled dental image dataset to train
a YOLO-based deep learning model for detecting and
localizing cavity regions. The trained model can analyze
dental images and identify suspected cavities using bounding
boxes and confidence scores.

The proposed system aims to support faster and more
consistent preliminary dental screening while reducing the
dependency on completely manual image inspection. The
performance of the model can be evaluated using metrics such

as precision, recall, and mean Average Precision (mAP).
These metrics help determine the effectiveness of the model in
accurately detecting and localizing dental cavities.

In addition, an automated dental cavity detection system can
be useful for preliminary screening and early identification of
suspicious tooth regions. By providing quick and consistent
predictions, the system can help dental professionals focus
their attention on areas that require further examination. This
approach can also support the development of intelligent and
accessible dental healthcare solutions using modern Al
technologies.

METHODOLOGY

Dataset Preparation

The dataset used in this study contains 418 dental images
belonging to two classes: cavity and normal. The dataset was
divided into 287 images for training, 93 images for
validation, and 38 images for testing. The training set (287
images) was used to train the YOLO1 1n model, while the
validation set (93 images) was used to monitor and optimize
the model during training. The testing set (38 images) was
used to evaluate the model's performance on unseen dental
images.

The available annotations were converted into YOLO-
compatible bounding-box format, containing the class ID
and normalized bounding-box coordinates. The class labels
were assigned as 0 for cavity and 1 for normal. The
annotation files were organized according to their
corresponding image folders to ensure proper image-label
association.

After dataset preparation, a YAML configuration file was
created containing the paths of the training, validation, and
testing datasets along with the class information. The prepared
dataset was then used to train the YOLO11n model for 50
epochs. The trained model was evaluated using Precision,
Recall, mMAP@50, and mAP@50-95 metrics.
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YOLO11N Model

Backbone Neck Head

The proposed system uses a YOLO-based architecture for
detecting and localizing dental cavities from input images.
The architecture is divided into three major components:
Backbone, Neck, and Head. The input image is initially
resized to 640 x 640 pixels and passed through the
Backbone for feature extraction.

The Backbone consists of convolutional layers and C3K2
blocks that progressively extract important features such as
edges, shapes, textures, and cavity patterns from the dental
images. As the network becomes deeper, the spatial
dimensions of the feature maps are reduced while the
number of extracted features increases. The SPPF (Spatial
Pyramid Pooling Fast) and C2PSA modules further
enhance the extracted features by capturing information at
different scales and improving feature representation.

The Neck is responsible for combining features from
different levels of the Backbone. It uses upsampling and
concatenation operations to merge low-level and high-
level features. This multi-scale feature fusion helps the
model detect cavities of different sizes and improves the
localization of small cavity regions.

The Head forms the final detection stage of the
architecture. It receives the refined features from the Neck
and generates predictions for the detected regions. In the
given architecture, multiple detection levels are used to
perform multi-scale prediction, allowing the model to
identify cavity regions at different resolutions. The final
output provides the detected region along with its
corresponding prediction information.

Overall, the combination of Backbone for feature
extraction, Neck for multi-scale feature fusion, and
Head for final prediction enables the proposed YOLO
model to efficiently detect and localize dental cavities with
good accuracy and speed.

Maintaining the Integrity of the Specifications

TRAINING AND PREDICTION

The model was trained in Google Colab using the Ultralytics
framework. Training images and labels were supplied through
the YOLO dataset configuration. After training, the best
model weights were used to perform predictions on unseen
test images. The predicted bounding boxes and confidence
scores were used to identify cavity regions

.Evaluation Metrics

1. Precision

TP

P .. -
recision TP + FP

Precision measures how many of the regions predicted as
dental cavities are actually correct. A higher precision value
indicates fewer false-positive cavity detections.

2. Recall
TP

Recall = ————
= TP FN

Recall measures how effectively the model detects the actual
cavity regions present in the images. A higher recall indicates
that fewer real cavity regions are missed.

3. mAP@50

N
1
mMAP@50 = Nz AP,@0.50
i=1

mAP@50 represents the mean Average Precision at an IoU
threshold of 0.50. It evaluates how accurately the model
detects and localizes cavity regions when the predicted and
actual bounding boxes have sufficient overlap.

4. mAP@50-95
1 0.95
mAP@50 - 95 = — Z AP@t
t=0.50

mAP@50-95 calculates the average precision across IoU
thresholds from 0.50 to 0.95, with a step of 0.05. It provides
a stricter and more comprehensive measure of the model's
detection and bounding-box localization performance.
Where: TP = True Positive, FP = False Positive, FN = False
Negative, AP = Average Precision, and IoU = Intersection
over Union.

RESULTS AND DISCUSSION

The proposed dental cavity detection system was implemented
using the YOLO11n object detection model and trained for 50
epochs. The performance of the trained model was evaluated
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using Precision, Recall, mAP@50, and mAP@50-95 metrics.
The model achieved a Precision of 72.8%, indicating that
most of the regions predicted as cavities were correctly
identified. The Recall of 76.3% shows that the model was
able to detect a considerable proportion of the actual cavity
regions in the test images. The obtained mAP@50 of 78.7%
demonstrates good detection performance at an IoU threshold
0f 0.50. The mAP@50-95 of 42.0% indicates the model's
performance across a range of IoU thresholds from 0.50 to
0.95. Overall, the results demonstrate that the proposed
YOLOI1 1-based approach can effectively detect dental cavity
regions from dental images.

L Table: Performance Evaluation of YOLO11n

Metric Value

Model YOLOl1n
Training Epochs 50

Precision 72.8%

Recall 76.3%
mAP@50 78.7%
mAP@50-95  42.0%

BAR CHART

mAP@50-95

Precision Re mAP@50

.LIMITATIONS

Although the proposed YOLOlIn-based dental cavity
detection system achieved promising results, it has certain
limitations. The performance of the model depends on the
quality, quantity, and diversity of the dental image dataset used
for training. Variations in image quality, lighting conditions,
tooth orientation, and image acquisition devices may affect
detection performance. The model may also produce false
positive or false negative detections in complex dental images.
Furthermore, the current system focuses mainly on detecting
cavity regions and does not provide detailed information about
the severity or stage of dental caries. The achieved mAP@50—
95 0f 42.0% also indicates that the accuracy of precise bounding-
box localization can be further improved. The model may
require further optimization to improve its performance on
unseen dental images from different sources. Real-time
deployment may also be affected by computational and
hardware requirements. The current system is designed
primarily for cavity detection and may not cover other dental
conditions. In addition, variations in dental image acquisition
environments may affect the generalization of the model. Future
improvements can focus on using larger and more diverse
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datasets, improving annotation quality, optimizing the model
architecture, and integrating the system with clinical

CONCLUSION

The proposed dental cavity detection system successfully
demonstrates the effectiveness of the YOLO11ln object
detection model for automated identification of dental cavity
regions from dental images. The model was trained for 50
epochs and achieved a Precision of 72.8%, Recall of 76.3%,
mAP@50 of 78.7%, and mAP@50-95 of 42.0%. The
obtained mAP@50 of 78.7% indicates that the proposed model
provides good cavity detection performance at an IoU threshold
of 0.50, while the Recall value of 76.3% shows that the model
is capable of identifying a considerable proportion of the actual
cavity regions. The system also successfully performed
prediction on new dental images and provided bounding-box-
based cavity detection with confidence scores.

The proposed approach can reduce the effort required for
preliminary examination of dental images and may assist dental
professionals in identifying suspicious cavity regions more
efficiently. The lightweight YOLO11ln architecture also
provides a suitable foundation for developing an automated and
practical dental image analysis system. However, further
improvement is required to enhance precise localization,
particularly considering the mAP@50-95 value of 42.0%.
Future work can focus on increasing the size and diversity of the
dataset, improving annotation quality, optimizing model
parameters, and incorporating more advanced image-processing
techniques. The system can also be extended to identify different
stages of dental caries and other dental conditions. With further
validation using larger and clinically diverse datasets, the
proposed system has potential for integration into computer-
aided dental screening and decision-support applications.
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