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 Background: Apical periodontitis (AP) is one of the most common oral diseases 
worldwide. Radiographs are widely used for diagnosing AP. However, their 
interpretation is subjective and time-consuming, contributing to increased 
clinical workload. Although deep learning has been introduced to assist 
diagnosis, most existing models are trained on limited sets of teeth, restricting 
their generalizability.

Objective: To investigate the potential of the YOLOv8 model for detecting and 
classifying periapical radiolucencies in periapical radiographs using the PAI 
criteria.

Materials and methods: A total of 1,191 periapical radiographs from both 
mandibular and maxillary jaws were collected and scored. Experts annotated 
5,498 bounding boxes covering periapical root areas (PRAs). YOLOv8 models 
were developed to detect PRAs and classify PAI scores, which were grouped 
into three classes: PAI 1, PAI 2, and PAI 3-5. A custom post-processing method 
was implemented to improve inference by filtering overlapping detections. 
Filtered predictions from the test dataset were evaluated for both post-
processing methods using precision, recall, F1-score, and mean average 
precision at an IoU threshold of 0.5 (mAP50). Confusion matrices were used 
to analyze misclassification patterns, while average IoU assessed overall 
detection performance.

Results: The best YOLOv8 model achieved a mean average precision at an 
intersection over union (IoU) threshold of 0.5 (mAP50) of 0.59 with a global 
average IoU of 0.62. A binary classification ablation model, grouping PAI 1-2 
as “healthy” and PAI 3–5 as “diseased,” achieved an improved mAP50 of 0.66. 
The custom post-processing algorithm successfully eliminated all overlapping 
boxes and enhanced model performance.

Conclusions: Despite moderate performance, the YOLOv8-based models 
demonstrate potential as adjunct tools to assist dental practitioners in 
radiographic evaluation, particularly for less experienced clinicians. Further 
development is required to improve clinical applicability and robustness.
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Introduction
	 Untreated dental health problems can lead to 
irreversible damage and negatively affect the quality 
of life of individuals.1,2 Apical periodontitis (AP) is an 
infection of the root canals and surrounding tissues 
which progresses from caries.3,4 A periapical radiograph 
(Pa) is an intraoral radiograph that provides two-
dimensional high-resolution detail of tooth roots and 
surrounding structures. It is commonly used to assess 
the periapical health of one or several specific teeth. 
Evaluating or interpreting Pa usually takes less time 
compared to the other examinations. Additionally, it 
is non-invasive and widely available.5 Nonetheless, 
clinical evaluation is essential for diagnosing periapical 
lesions, as relying solely on conventional radiography 
may lead to unnecessary surgical procedures.6,7 
Currently, there is increasing interest in developing 
radiograph-based diagnostic methods to streamline 
workflows and reduce dependence on human 
interpretation. Decades ago, the Periapical Index (PAI) 
scoring system was introduced as an early attempt 
to standardize radiographic assessment of periapical 
conditions.8 It is one of the most widely used tools for 
assessing AP on radiographs. It utilizes a 5-point scale, 
ranging from normal (score 1) to severe AP (score 5). The 
system was developed based on correlations between 
radiographic features and histological findings, which 
are considered gold standard. While the PAI provided 
a valuable framework for consistent interpretation, 
it still heavily relied on expert visual assessment. 
Today, advances in artificial intelligence (AI) offer the 
potential to automate and enhance such radiographic 
evaluations,9,10 building on the foundational goals 
established by tools like PAI. 
	 Deep learning has been applied in dental imaging to 
overcome challenges in radiography. The models have 
shown strong performance in detection, classification, 
and segmentation, with potential to support dentists in 
diagnosis.11-14 Sadr et al.15 conducted a meta-analysis 
and reported high accuracy of deep learning models 
for detecting periapical lesions in dental radiographs 
despite some risk of bias across studies. Berne et al. 
used You Only Look Once (YOLO) version 3 to develop 
an automated lesion detection system on panoramic 
images with reliable clinical performance.16 Moidu 
et al. developed a system that detects and classifies 
periapical lesions based on PAI scoring in mandibular 
Pa also using YOLO version 3.17 The model achieved 
good performance in classifying all PAI scores. However, 
it struggled to differentiate the score with early-stage 
changes from the adjacent scores. Furthermore, 
their dataset consisted only of mandibular PAs, as 
they stated that excluding maxillary Pas reduced the 
complexity caused by the superimposition of maxillary 
anatomical structures. 

	 YOLO version 8 (YOLOv8) was the latest and most 
stable version at the time of model development.18 
YOLOv8 provides improved detection accuracy and 
fast inference speed, making it suitable for real-time 
clinical applications.19,20 In addition, its anchor-free 
detection architecture and enhanced feature extraction 
enable effective detection of small objects,21 which is 
beneficial for identifying lesions in dental radiographs. 
Although newer versions have since been released, 
YOLOv8 remains a strong benchmark and has been 
successfully applied in dental imaging with promising 
results. Previously, we investigated the performance 
of deep learning models in classifying cropped tooth root 
images.22 The models showed potential in distinguishing 
normal roots from diseased roots. However, to fully aid 
dental practitioners with the screening and diagnosing 
processes, automatic detection of the roots should be 
provided. 
	 Therefore, the aim of this study was to develop 
an automatic detection and classification system for 
periapical root areas (PRAs) in Pa using YOLOv8, with 
the potential to assist dental practitioners in making 
diagnoses or evaluations based on radiographs 
alone, reducing reliance on clinical examinations or 
histological results, and ultimately enhancing the 
efficiency of the radiograph interpretation process.

Materials and methods
Data acquisition and inclusion criteria
	 Ethical approval for this retrospective study was 
obtained from the Institutional Ethical Review Board, 
Faculty of Dentistry, Chiang Mai University, Chiang Mai, 
Thailand. Digital Pas were obtained from the faculty’s 
image database. Radiographic data were acquired from 
Heliodent Plus intraoral X-ray units (Dentsply Sirona, 
Charlotte, NC, USA) utilizing either Carestream 7600 or 
VistaScan Imaging Plates (DÜRR DENTAL, Bietigheim-
Bissingen, Germany). The periapical radiographs 
were fully anonymized and subsequently viewed 
on a medical-grade display, cropped, and exported 
portable network graphic (PNG) files, with selected 
images having a minimum resolution of 800 by 1000 
pixels. According to the criteria outlined by Bachani et 
al.,23 radiographs were included if they demonstrated 
ideal imaging characteristics and contained at least 
one tooth showing evidence of pulp infection, a large 
filling, or a carious lesion approaching the pulp. Images 
with inadequate quality or artifacts that hindered 
assessment of the lamina dura were excluded. A total 
of 1,191 Pas were included from 649 patients (57.00% 
female, 43.00% male, aged 13-87). Both mandibular 
and maxillary Pas were used, with mandibular images 
comprising 76.00% of the total. An overview of the 
study workflow is presented in Figure 1.
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images) prior to model training to ensure that no images 
were shared between the datasets. This ratio was 
selected as it is commonly used in machine learning 
studies to provide sufficient data for model training 
while maintaining a validation set for performance 
monitoring and hyperparameter tuning, while also 
ensuring that minority classes retain enough samples 
for meaningful evaluation. A stratified splitting strategy 
was used to divide the datasets while preserving the 
original class distribution to mitigate class imbalance. 
Class imbalance may affect model performance, 
as classes with more samples provide more training 
examples, while underrepresented classes may result 
in lower detection accuracy and recall. An overview 
of the class distribution across the training, validation, 
and test datasets is provided in Table 1, offering insights 
into the balance and representation of each class used  
in this study. 

Figure 1. A schematic illustration of the overall workflow used in this study.

Image annotation and dataset splitting
	 The annotation process was conducted jointly by 
three experts-two oral and maxillofacial radiologists 
and one endodontist-with each having more than 
10 years of clinical experience. The Computer Vision 
Annotation Tool (CVAT; available at www.cvat.ai) was 
employed to perform image labeling. A total of 5,498 
bounding boxes were created, each covering a PRA. 
Every PRA was labeled with a corresponding class. PAI 
scores were divided into three classes for analysis: PAI 1, 
PAI 2, and PAI 3-5. Examples of PRAs from each class, 
along with the classification criteria, are shown in Figure 
2. The test dataset consisted of 146 Pas, representing 
the most recent images collected from August through 
November 2024. The remaining images, 1045 Pas, 
taken between December 2011 and July 2024, were 
split into training and validation datasets using an 
80:20 ratio (training=836 images, validation=209 

Figure 2. The classification scheme used in this study, including the PAI scoring criteria for each class
and representative example PRAs.
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Image processing and augmentation techniques
	 Contrast-limited adaptive histogram equalization 
(CLAHE) and bilateral filtering (BF) techniques were 
used on all images to normalize images acquired 
using two different scanning systems.24-29 Prior to 
training, YOLOv8 also preprocesses input images 
by first resizing and padding them to a square of the 
designated size. The pixel values are then normalized to 
a range of 0-1, followed by the application of the image 
augmentation techniques. Image augmentation was 
applied to the training dataset to increase its variability. 
The augmentation methods included scaling, vertical 
flipping, horizontal flipping, and rotation, with respective 
parameters of 0.30, 0.50, 0.50, and 30°. Additionally, 
YOLOv8’s mosaic augmentation was employed with 
a probability of 0.50, which combines four images into 
a single image to improve the model’s ability to detect 
and classify infrequent objects. These techniques also 
help improve the model’s exposure to variations of the 
minority class. 30

Model development
	 Kaggle (available at www.kaggle.com) and Google 
Colab (available at www.colab.reseach.google.com) 
online coding platforms were used for model training and 

development with Python programming environments. 
We chose the YOLOv8 model architecture with no  
pre-trained weights. Hyperparameters were chosen 
using hyperparameter sweeping algorithms. The 
following training hyperparameters and options were 
used: a YOLOv8-m model, a square input image size of 
1000 pixels, a batch size of 16, a dropout rate of 0.2, 
the AdamW optimizer with a learning rate of 0.001429, 
a momentum of 0.9, and a weight decay of 0.0005. 
The model was trained to provide a box for each PRA 
detected with its class and confidence score, which 
represents the model’s estimated probability that 
an object is present within a predicted bounding box.  

Post-processing algorithms 
	 YOLOv8 uses Non-Maximum Suppression (NMS) 
to remove low-confidence and overlapping predictions 
based on confidence and intersection-over-union (IoU) 
thresholds. However, some overlapping predictions 
may remain. To address this, we developed a custom 
post-processing algorithm that analyzes bounding 
box coordinates to detect containment and prioritizes 
the more severe class when overlapping boxes have 
different labels. The conditions of the custom post-
processing algorithm are illustrated in Figure 3.

Table 1. Distribution of dataset instances across classes.

Categories Training set Validation set Test set Total instances

PAI 1 2,740 716 452 3,908

PAI 2 456 108 84 648

PAI 3-5 622 161 159 942

Figure 3. A flow diagram of the custom post-processing algorithm. conf: confidence.
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Data analysis
	 Filtered predictions of the test dataset of both post-
processing methods were evaluated and compared. 
Precision, recall, F1-score, and mean average precision 
at IoU threshold of 0.5 (mAP50) were used to describe 
and compare the models’ performances. Additionally, 
generated confusion matrices were used to show detailed 
misclassification patterns, and average IoU was used to 
represent the models’ overall ability in the detection task. 

Results
	 The model achieved the best result at mAP50 of 
0.56, recall of 0.57, precision of 0.58, and F1-score 
of 0.57. On test dataset, the application of both post-
processing methods increased the model’s mAP50 to 
a minimum of 0.57, with average IoU scores of 0.62 at 
0.3 confidence and 0.59 at 0.5 confidence. The model 
incorporating the custom post-processing algorithm 
with a confidence threshold of 0.3 was selected as it 
demonstrated the best performance with mAP50 of 
0.59, recall of 0.60, precision of 0.67, and F1-score of 
0.63. The classification patterns are demonstrated in 
the confusion matrix generated by the model, as shown 
in Figure 4. In object detection, background class is 

added. From the confusion matrix, the background 
row represents missed detections, or when the model 
could not find the object. While the background 
column represents false detections, or when the model 
predicted where there is no object or the background. 

Ablation study
	 An ablation study investigating the detection and 
classification of PRAs using YOLOv8 model on binary-
class dataset was applied to reduce the complexity of 
the tasks and investigate the models’ performances. 
The scores were dichotomized by grouping scores 1 and 2 
as Healthy, and scores 3 to 5 as Diseased. Training 
parameters were also selected using hyperparameter 
sweeping process. The parameters were: a YOLOv8-m 
model, a square input image size of 800 pixels, a batch 
size of 32, a dropout rate of 0.2, the AdamW optimizer 
with a learning rate of 0.001, a momentum of 0.937, and 
a weight decay of 0.0005. The distribution of instances 
of each class in the dataset are provided in Table 2. 
As for the post-processing algorithm, the csutom 
algorithm was modified by removing only the special 
class condition parts. 

Figure 4. Normalized confusion matrix of the model employing custom post-processing algorithms 
at a confidence threshold of 0.3.
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	 The best-performing model trained on the binary 
class dataset achieved a mAP50 of 0.78, recall of 
0.79, precision of 0.74, and F1 score of 0.76 on the 
validation dataset. On the test dataset, the raw model 
output yielded a mAP50 of 0.67. During inference, 
one overlapping case was observed at a confidence 
threshold of 0.3, while eight overlapping cases occurred 
at a threshold of 0.5. For the detection tasks, the model 

Table 2. Distribution of dataset instances across classes (binary classification).

Categories Training set Validation set Test set Total instances

Healthy 3247 773 536 4556

Diseased 622 161 159 942

identified PRAs with an average IoU of 0.59 at both 
thresholds. The binary model employing the custom 
post-processing method with a confidence threshold 
of 0.5 was selected for further analysis with mAP50 of 
0.66, recall of 0.64, precision of 0.76, and F1-score of 
0.69. The corresponding confusion matrix is shown in 
Figure 4.  Examples of common prediction errors after 
post-processing are shown in Figure 6-8.

Figure 5. Normalized confusion matrix of the binary model employing custom post-processing algorithms 
at a confidence threshold of 0.5.

Figure 6. Predictions on upper jaw Pas showing complete object coverage,
but boxes with low confidence are suppressed.
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Figure 7. False detection examples from the model: A: predicted boxes on partially visible roots (confidence 0.64 
and 0.36), B: prediction on the tooth crown (confidence 0.63), C: smaller predicted box compared to left ground 

truth (IoU=0.26).

Figure 8. Examples of bounding boxes not eliminated by NMS:
A: near-complete overlap between PAI 1 and PAI 2 (IoU 0.99), B: PAI 1 entirely inside PAI 3-5 (IoU 0.40).
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Discussion
	 Radiographs have long been a widely used method 
for screening and evaluating dental health conditions. 
PAI scoring system has been used to help assess 
periapical health in addition to radiograph features. 
However, interpreting and scoring dental radiographs 
manually are time-consuming and labor-intensive, 
placing a significant workload on dental practitioners, 
especially in high-volume clinical settings. Moreover, 
the procedures depend heavily on the expertise of 
trained dentists and radiologists. To address these 
limitations, deep learning has been introduced to 
streamline the evaluation process and support dental 
practitioners. Unlike previous studies that focused 
primarily on mandibular Pa, this study included 
images from both the maxillary and mandibular 
regions. This introduces greater anatomical variability 
and superimposition, reflecting a more realistic 
clinical scenario for automated PRA detection. The 
model achieved moderate accuracy in detecting and 
classifying PRAs with the highest mAP50 of 0.57.
	 As shown in Figure 4, the model had difficulty 
accurately classifying PAI 2, with a correct classification 
rate of only 0.32, which reduced the overall model 
accuracy. The moderate performance was influenced 
by several factors. Firstly, the model showed difficulty 
distinguishing between PAI 1 and PAI 2 due to subtle 
differences in radiographic features defined in the 
PAI scoring criteria, which led to frequent confusion 
between these classes. A similar pattern has also 
been reported in previous studies.17,22,31 Secondly, 
a considerable number of raw predictions had low 
confidence scores and were removed during post-
processing, resulting in increased missed detections. 
More than half of the raw predictions (56.00%) had 
confidence scores below 0.3. These errors were 
observed mostly in periapical radiographs taken from 
the upper jaw, as shown in the examples in Figure 6. 
Detection was more challenging in maxillary radiographs 
due to anatomical superimposition, such as the sinus 
floor and adjacent bones, which contributed to lower 
confidence predictions. In contrast, the mandibular 
region presents fewer sources of interference, with 
the mandibular canal being the primary structure that 
may complicate predictions. Finally, some background 
misclassifications occurred when normal roots were 
incorrectly detected as PAI 1 (71.00%), suggesting that 
the model occasionally confused normal roots with 
background regions. Figure 7 illustrates examples of 
these false detections that reduced model accuracy. 
Among them, size mismatch between the object and 
the predicted boxes-shown in Figure 7c-was the major 
contributor to background misclassification: the 
predicted box was counted as a false detection, while 
the unmatched object box was recorded as a missed 
detection.
	 In the binary classification study, the model 
predicted with higher confidence due to the lower 

task complexity. However, its correct classification 
rates remained moderate. Specifically, 21.00% of 
Diseased roots were misclassified as Healthy. Upon 
closer inspection, a single PAI 1 box was misclassified 
as PAI 3-5 (diseased), suggesting that PAI 2 exhibits 
characteristics like PAI 3-5, consistent with the PAI 
scoring system. Nonetheless, most errors in the 
binary model also stemmed from missed detections 
rather than misclassifications. Approximately 15.00% 
of the total predictions were suppressed by the post-
processing algorithm at a confidence threshold of 
0.3, with an additional 4.00% suppressed at 0.5. 
Thus, although the binary model generated fewer low-
confidence predictions and achieved the highest recall, 
it still failed to detect some roots in the raw results and 
the missed detection rate remained high. While most 
of these predictions were ultimately suppressed, the 
three-class model was able to detect most complex 
PRAs. In comparison, the binary model showed stronger 
performance in detecting complex PRAs on mandibular 
periapical radiographs. Among false detections, 86% 
were assigned as healthy, though they comprised 
only 18.00% of all predictions. The model frequently 
produced high-confidence predictions for roots that 
were not fully visible, mostly around the edges. Like 
the previous model, size mismatch between the object 
and the predicted box remained the major contributor 
to background misclassifications. Overall, the model’s 
performance was good, provided that early-stage 
lesion classification was not the focus.
	 The custom post-processing algorithm performed 
well in filtering fully contained boxes that the NMS 
method could not suppress. Compared with NMS, 
the model using the custom algorithm achieved lower 
recall because some overlapping cases were still 
left unsuppressed. However, this resulted in a slight 
improvement in precision, indicating that the algorithm 
and its special class conditions handled overlapping 
cases more effectively. Since only a small number 
of overlapping cases remained after confidence 
thresholding, the differences between NMS and custom 
post-processing models were minimal. At a confidence 
threshold of 0.5, no fully contained boxes were present 
after filtration, and both methods produced identical 
inference results. Some bias was introduced by forcing 
the model to prioritize the more severe class, which 
sometimes led to incorrect predictions. For example, in 
Figure 8a, the algorithm suppressed a contained PAI 1 
box (with higher confidence) and retained the PAI 2 
box, which was the correct score. In contrast, Figure 8b 
shows a case where the model was forced to keep a PAI 
3-5 box and discard a PAI 1 box, resulting in an error. 
Despite this limitation, implementing class conditions 
increased the model’s sensitivity to diseased roots, 
which is valuable for screening in clinical practice.17 
Nevertheless, having practitioners review the model’s 
results can help prevent errors caused by such bias.
﻿
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	 Moidu et al.17 developed YOLOv3 models for PAI 
scoring in periapical radiographs. One was a five-class 
model covering all PAI scores, and the other was 
a binary model. Although a direct comparison is not 
appropriate due to differences in study settings, the 
results are discussed solely to highlight similarities 
in classification patterns. Their model reported PAI 
1-5 accuracies of 90.90%, 30.00%, 60.00%, 71.00%, 
and 30.00%, respectively, while our model achieved 
59.00% (PAI 1), 32.00% (PAI 2), and 55.00% (PAI 3-5). 
In binary classification, accuracies for healthy and 
diseased cases were 76.60% and 92.00% for their 
model, compared with 61.00% and 57.00% for ours. 
For both the multi-class and binary models, their 
results outperformed ours in all categories except PAI 2, 
indicating that classifying the early stage of the lesion 
was challenging for both studies. Their advantages 
were: 1) the data were acquired using a single scanning 
system, 2) a balanced dataset was used, and 3) most 
importantly, only mandibular periapical radiographs 
were included. Considering these advantages, their 
dataset was less complex and less biased, resulting 
in more robust models. They also noted that the 
model tended to overscore by one class. Based on 
this observation, we implemented a post-processing 
algorithm to correct predictions following this pattern, 
thereby enhancing model performance.

Limitations
	 Although the findings are encouraging, a few 
limitations should be acknowledged. Firstly, the 
dataset included a relatively low proportion of 
maxillary periapical radiographs, accounting for only 
25%. To address the increased complexity caused by 
superimposed maxillary structures, a higher proportion 
of maxillary images would be necessary. A larger and 
more diverse dataset would also allow better class 
distribution.32 Pa typically includes multiple teeth per 
image, which makes balancing the dataset practically 
challenging. In addition, external validation using 
datasets from other institutions was not performed 
in this study, and further evaluation on multi-center 
datasets is necessary to assess the generalizability of 
the proposed model. Second, our computing resources 
were limited. Hyperparameter sweeping and tuning 
were computationally expensive, which restricted 
the number of combinations we could explore. This 
reflects a trade-off between computational cost and 
model performance, as improving detection accuracy 
typically requires larger models, larger datasets, 
and more extensive hyperparameter optimization, 
all of which increase computational requirements. 
Nevertheless, training with larger models, a bigger 
dataset, and more hyperparameter combinations 
could potentially improve performance. Additionally, 
comparison with other architectures, including 
transformer-based models and approaches leveraging 
large-scale pre-training, would be valuable and could 

be explored in future studies. Finally, we used only 
CLAHE and BF for image preprocessing, as these 
methods are commonly employed for normalization in 
dental imaging. Although image preprocessing is often 
omitted for object detection models,33,34 we applied 
these techniques to help manage dataset variability, 
since our comparatively smaller model-limited by 
computational resources-might not have been able to 
handle it effectively on its own.
	 While our models have not yet reached the 
performance of state-of-the-art methods, the 
limitations identified in this study offer valuable 
insights and highlight clear avenues for improvement. 
By addressing these challenges and implementing the 
strategies discussed, future models could achieve 
higher accuracy, improved computational efficiency, 
and greater adaptability to the complexities of dental 
imaging in clinical practice. Additionally, future work 
should include a comparison between the proposed 
model and the diagnostic performance of dentists to 
further evaluate its clinical applicability in detecting 
periapical lesions. 

Conclusion
	 In this study, PRAs detection and classification 
models were developed using the YOLOv8 architecture. 
The multi-class model achieved moderate performance, 
with an mAP50 of 0.59, while the binary model reached 
an mAP50 of 0.66. Although not yet ready for clinical use, 
these models demonstrate potential as adjunct tools to 
support dental practitioners in radiographic evaluation, 
particularly for less experienced users. In a potential 
clinical workflow, such systems could automatically 
highlight suspicious regions in periapical radiographs 
and provide preliminary classification results, allowing 
clinicians to review the findings more efficiently while 
maintaining final diagnostic responsibility. However, 
further research, including larger datasets and 
improved model performance, is needed to develop a 
more robust and clinically applicable system.
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