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Real-time segmentation and detection

of ponticulus posticus in lateral cephalometric
radiographs using YOLOvS: a step towards
enhanced clinical evaluation

Mehmet Akyuz', Seyda Besnili, Guldane Magat®” and Murat Ceylan*

Abstract

Objectives Ponticulus posticus (PP) is a bony structure in the cervical spine, often difficult to identify in radiographic
images, and its detection is important for both orthodontic diagnosis and clinical decision-making related to
craniovertebral pathologies. The purpose of this study is to develop a deep learning-based approach for detecting the
PP in lateral cephalometric radiographs using the YOLOv8-seg model.

Methods This retrospective study analyzed a dataset of 1000 anonymized lateral cephalometric radiographs,
focusing on the segmentation and detection of the PP. Images were resized to 640 X 640 pixels and labeled by two
experienced dentomaxillofacial radiologists. The YOLOv8-seg model, designed for segmentation tasks, was trained
over 100 epochs with a batch size of sixteen, using pre-trained weights from the COCO dataset. Model performance
was evaluated using precision, recall, mean average precision (mAP), and F1 score metrics.

Results The YOLOv8s-seg model demonstrated high accuracy in detecting the PP, with a precision of 62.81%, recall
of 88.7%, mAP50 of 75.27%, mAP95 of 62.28%, and an F1 score of 73.54%. Even in cases where the boundaries of the
C1 cervical vertebra were not clearly distinguishable, the model performed effectively, suggesting its reliability in
clinical applications.

Conclusions The proposed YOLOv8-seg model shows promising potential for improving the accuracy and efficiency
of PP detection in lateral cephalometric radiographs. By integrating Al into the diagnostic process, orthodontic
practices can benefit from more precise and reliable identification of small but clinically significant anatomical
structures, ultimately enhancing patient care and diagnostic accuracy.

Keywords Deep learning, Lateral cephalometric radiographs, Ponticulus posticus, YOLOv8-seg model, Orthodontic
diagnosis
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Introduction

The cervical vertebrae of the human spine exhibit con-
siderable anatomical variability, particularly the first
cervical vertebra, the Atlas [1]. Unique in structure, the
Atlas lacks a body and spine, distinguishing it as the most
variable vertebra. Its posterior arch plays a critical role
in clinical conditions associated with the cranioverte-
bral junction [2]. Structurally, the Atlas consists of ante-
rior and posterior arches, lateral masses, and transverse
processes, with its superior articular facets forming the
atlanto-occipital joint, a region prone to various anatomi-
cal variations [3].

One such variation is the ponticulus posticus (PP), a
small bony bridge that connects the superior articular
process to the superior margin of the posterior arch. Also
referred to as the dorsal ponticle or arcuate foramen,
the PP has significant clinical implications, particularly
due to its potential compression of the vertebral artery,
which can lead to symptoms such as headaches and ver-
tigo [4]. Theories regarding its formation include liga-
ment ossification due to aging and adaptive responses to
craniocervical dynamics [2]. Clinically, the PP is impli-
cated in conditions such as migraines, neck and shoulder
pain, and a group of symptoms collectively referred to as
“Upper Cervical Syndrome,” which includes dizziness,
visual disturbances, tinnitus, and cervicogenic headaches
resulting from dysfunction or compression at the cranio-
cervical junction [5, 6]. Despite not being a primary focus
in orthodontics, its detection on lateral cephalometric
radiographs (LCRs) is crucial for potential neurological
referrals [7]. Reported prevalence rates vary significantly
(4.3-46.0%) across different populations [8]. Additionally,
the bony protrusion formed by the PP may lead to bio-
mechanical changes in the upper cervical spine, poten-
tially increasing the risk of odontoid fractures [9].

LCRs are routinely used in orthodontics for various
diagnostic purposes, including age estimation, assess-
ment of skeletal and dental relationships, growth pat-
tern analysis, and treatment planning for dentofacial
anomalies [10]. However, manual interpretation of
these radiographs is often time-consuming and prone
to interobserver variability. Recent advances in artifi-
cial intelligence (Al), particularly machine learning and
deep learning algorithms, have demonstrated significant
potential in improving detection accuracy and efficiency.
Al models can analyze LCRs with high precision and
consistency, detecting subtle anatomical variations such
as PP, which may often be overlooked in routine clinical
assessments [11-13].

Among Al-driven detection models, the You Only
Look Once (YOLO) model has gained prominence for
its real-time object detection capabilities, processing
images in a single pass to achieve high efficiency [14, 15].
Since its introduction in 2016, YOLO has evolved from
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YOLOvV1 to YOLOvV12, with each iteration improving
speed, accuracy, and computational efficiency [14, 16].
Unlike multi-stage models like Faster R-CNN, which
involve separate region proposal and classification steps,
YOLO operates as a single regression-based framework,
predicting bounding boxes and class probabilities simul-
taneously [14, 17]. Due to these advantages, YOLO has
been widely applied in autonomous systems, industrial
automation, medical imaging, and dentistry [18, 19]. In
dental radiology, YOLO-based models have been suc-
cessfully implemented for automated cephalometric
landmark detection, dental caries identification, and
panoramic radiograph analysis, enhancing diagnostic
accuracy and workflow efficiency [20, 21]. Recent devel-
opments, such as YOLOv8-seg, integrate segmentation
and detection, enabling precise localization of anatomical
structures [16].

This study aims to evaluate the performance of the
YOLOv8-seg model for simultaneous segmentation
and detection of PP in LCRs, assessing its potential to
enhance Al-assisted orthodontic diagnostics. To the best
of our knowledge, no prior computer-assisted approach
has been specifically developed for the detailed assess-
ment of PP in the first cervical vertebra, leaving this field
largely unexplored. By leveraging Al based on convolu-
tional neural networks (CNNs), we aim to improve PP
identification in lateral cephalograms, a structure often
overlooked due to its small size and complex anatomi-
cal surroundings. This study seeks to establish a new
standard in orthodontic diagnostics, demonstrating Al’s
superiority in detecting anatomical anomalies and ulti-
mately enhancing craniofacial examination accuracy and
efficiency.

Material and method

Data

Ethical statement

The study was approved by the Ethics Committee of
Necmettin Erbakan University Faculty of Dentistry
Pharmaceutical and Non-Medical Device Research Eth-
ics Committee (Approval Number: 09-154/1). Written
informed consent to participate was obtained from all
participants included in the study.

Post hoc power analysis

To evaluate the statistical sensitivity of the model per-
formance, a post hoc power analysis was conducted
using G*Power 3.1 software (Diisseldorf, Germany). The
analysis was based on the observed recall value (0.887) in
the test set (#=100), assuming a baseline proportion of
0.5 and a significance level of 0.05. The computed effect
size was entered into a two-tailed test for the differ-
ence between two independent proportions. The result-
ing statistical power was 0.9999, indicating a very high
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probability of correctly detecting a true effect and sup-
porting the adequacy of the sample size for evaluating the
model’s diagnostic performance.

Subjects

In this retrospective study conducted at Necmettin
Erbakan University, Faculty of Dentistry, Turkey, pre-
treatment lateral cephalometric radiographs (LCRs) of
patients requesting orthodontic treatment, were evalu-
ated. The study included a comprehensive review of LCRs
previously collected for orthodontic diagnosis, exclud-
ing those with incomplete documentation, a history of
syndromic or systemic disease, a history of dentofacial
trauma, presence of the cervical vertebrae malformation,
or poor-quality radiographs, especially unclear cervical
spine images. Each radiograph was captured using the |
MORITA (2D Veraviewpocs, MFG corp, Kyoto, Japan)
system. The settings for these images were consistent: a
tube voltage of 65 kV, a tube current of 10 mA, and an
exposure duration of 4.9 s. The procedures for taking
these radiographs adhered strictly to the guidelines pro-
vided by the manufacturer. According to these criteria, a
total of 783 individuals were included in the study.

Preparation of the input data and ground truth

LCRs with resolutions of 1750x1537, 1024 x 899,
1024x798 or 1024 x949 pixels were collected, clearly
showing the cervical vertebrae, especially C1, C2, C3
and C4. LCRs were exported in JPEG format for further
processing. The acquired images were fully anonymized
to ensure confidentiality and ethical compliance. The
boundaries of the C1 cervical vertebra were meticu-
lously marked on all radiographs by two dentomaxillo-
facial radiologists (G.M. and M.A.), with 14 and 4 years
of experience, respectively. Ground truth labeling of PP
in radiographs was conducted using the VGG Image
Annotator (VIA) Labeling Tool (developed by the Visual
Geometry Group, University of Oxford, UK) on an open-
source labeling platform. A consensus-based approach
was applied for each annotation using the polygonal box
method. Radiographs lacking unanimous agreement were
excluded from the study. The classification of PP was cat-
egorized into three groups: none, partial, or complete.

Method

YOLOv8 architecture

Since its introduction by Ultralytics in 2022, YOLOvS
has become a frequently used object detection architec-
ture for medical applications (Fig. 1a). The YOLOv8-Seg
model, designed for segmentation tasks, is an extension
of the YOLOVS8 object detection architecture. YOLOvV8-
Seg is a single-shot architecture that performs pixel-
wise segmentation of objects of interest in an image and
estimates their class probabilities. The YOLOv8 model
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consists of 3 parts: the backbone used for feature extrac-
tion, the neck that combines feature maps from different
layers, and the head that generates the result. These parts
are analyzed and introduced under separate headings.

Backbone

In YOLOvS8, CSPDarkNet53 is used as the default back-
bone. This backbone is a pre-trained convolutional neu-
ral network (CNN) [22] responsible for extracting feature
maps at different levels from the input image. CSPDark-
Net53 improves DarkNet-53 by adding the Cross Stage
Partial Connections (CSP) feature [23]. CSPDarkNet53
uses a CSPNet strategy to divide the base layer’s feature
map into two parts and then combine them through a
cross-phase hierarchy. The use of a divide-and-conjoin
strategy allows more gradients to flow through the net-
work [24]. This increases the generalization capability of
the model while reducing the computational cost. Unlike
previous YOLO models, YOLOvVS introduces the C2f
module, which enhances gradient flow and improves fea-
ture extraction efficiency. The C2f module consists of two
convolutional layers and # (the number of bottlenecks)
DarknetBottleneck layers, which are interconnected
through Split and Concat operations. The convolution
modules here consist of Conv-BN-SiLU [25]. At the end
of the backbone, a spatial pyramid pooling layer (SPPF)
is used to aggregate the feature maps of different sizes
obtained from the convolution layers (Fig. 1b).

Neck

Mechanisms such as feature pyramid networks (FPN) or
path aggregation networks (PAN) provide additional lay-
ers and mechanisms to improve features. YOLOv8 com-
bined the two to improve feature fusion capability at the
neck. Deep neural networks provide more detailed infor-
mation for smaller objects in the lower layers of feature
extractors, while the upper layers provide more general
information for larger objects. FPN has strong top-down
semantic properties, while PAN has strong bottom-up
localization properties [26]. PAN-FPN establishes a bidi-
rectional network structure that integrates top-down
and bottom-up pathways, enabling the fusion of shallow
spatial details with deep semantic features. This fusion
enhances feature diversity and completeness, ensuring a
more comprehensive representation of the data (Fig. 1c)
[27].

Head

The head part processes the data patterns from the previ-
ous layers to produce the result. The head is designed to
be split into two branches to reduce the conflict between
localization and classification. These heads are used to
estimate segmentation masks for each object. It typi-
cally applies a pixel-wise classification by expanding the
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Fig. 1 (a) YOLOVS architecture, (b) Conv, C2f, and SPPF modules, (c) FPN and PAN mechanisms

feature maps to the original image size and using a set
of convolutional layers to determine to which class each
pixel belongs (Fig. 2).

Loss

Classification uses binary cross entropy (BCE) loss, while
bounding box regression uses distribution focal loss
(DFL) and complete IoU (CloU). The weighted sum of

these losses forms the final loss used to train the model.
Equation 1:

Loss = BCE Loss + CIoU Loss + DFL (1)

The hyperparameters ‘cls, ‘dfl'’ and ‘box’ are used to
increase the importance of the loss functions according
to the task. The default values of 1.5, 0.5 and 7.5 were set
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to 2 (cls), 0.5 (dfl) and 7.5 (box), respectively, as a result of
the experimental study to increase the focus on PP clas-
sification, which is the main objective of this study.

BCE loss calculates the loss for each pixel, taking into
account the predicted class probabilities and the actual
labels. It then averages the losses of all pixels. The Cross
Entropy Loss (BCE) is shown in Eq. 2:

BCE Loss = —wy[yn - logz, + (1 —yn) - log(1 —z,)] (2)

Where w_n is the weight value, y_n is the labeled value
and x_n is the prediction value of the model. When there
are too few instances of a particular object class in the
training set, i.e. when there is an imbalance between
the total number of instances representing each class,
the network often struggles to learn to correctly detect
objects. Distribution focal loss (DFL) helps to improve
the performance of the model by giving more importance
to classes with fewer instances in cases of class imbal-
ance. DFL basically aims to model the location of the
target box as a general distribution and increase its prob-
abilities by allowing the network to focus faster on values
close to the target location [28]. DFL considers the loca-
tion of the target box as a general distribution (not just as
a single point, but with other points close to that point).
This requires the use of linear interpolation to weight
the distance between integer coordinates. This weight-
ing ensures that more importance is given to locations
that are closer to the actual position of the target box,
thus helping the model to more accurately predict the
actual positions of objects. Distribution focal loss (DFL)
is shown in Eq. 3:

DFL(S;, Si+1) = =((yit1 — y) loglog (i)
RN (3)
+(y — y) log (Siv1))
Where S_i and S_i+1 represent the score of two con-
secutive predictions and y-values represent their true
labels. IoU (Intersection over Union) quantifies the over-
lap between the predicted bounding box and the actual
bounding box. A value of 1 indicates a perfect overlap,

while an IoU of 0 signifies no intersection between the
two boxes. IoU is shown in Eq. 4:

| AN B]
IoU = ——— (4)
[Alu |B]
The terms A and B in Eq. 4 refer to the predicted and
actual positions of the two objects. CloU takes into
account the aspect ratios between the boundaries in
addition to the overlap between the loss prediction and
the actual label. Eq. 55:
D’istance% v?

=1-
CloU IoU + (1= To0) + v

(5)

: 2
Distanceg

The term v in Eq. 5 refers to the difference between the
size of the boxes (aspect ratio).

ProtoNet
The YOLOvV8-Seg model shares the same basic architec-
ture as the YOLOVS object detection architecture. The
difference is that there is an additional layer in the head,
ProtoNet, which generates the mask coefficients (Fig. 3).
ProtoNet is implemented as a fully convolutional neu-
ral network (FCN) that estimates k prototype masks for
the whole image. This neural network has k channels
in its last layer (one channel for each prototype) and is
added to a backbone feature layer. ProtoNet takes as
input the P3 feature map, which is rich in resolution and
spatial information [29]. ProtoNet improves the overall
performance of multiclass segmentation by providing
more accurate prediction-label overlap and more accu-
rate classification results.

Post-estimation

After model estimation, non-maximum suppression
(NMS) is used to improve the outputs and remove dupli-
cate detections. NMS is a frequently used post-process-
ing method in object detection. During estimation, there
may be overlapping or very close masks produced by the
model. In this case, it is used to clean multiple masks
representing the same object. NMS basically ranks all
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Fig. 3 YOLOV8 architecture extended with ProtoNet convolutional neural network

predictions according to a confidence score. Then, the
detection with the highest confidence score is compared
with other detections representing the same object using
a certain threshold of overlap (Intersection over Union
- IoU). Thresholding steps are applied to filter out pre-
dictions with low confidence. In this way, the detections
with the highest confidence score remain.

Data augmentation

The dataset contains a total of 1000 original images, 800
images belonging to the absent class, 100 images belong-
ing to the partial class and 100 images belonging to the
completed class. The images constituting the dataset
were taken from more than one shooting device, which
causes heterogeneity in the dataset. In order to reduce
the effect of heterogeneity in the dataset on model per-
formance, data augmentation techniques such as hsv_h,
hsv_s, hsv_v, translate, flipr were applied to the input

data to increase the data. Another data augmentation
technique used during training is mosaic data augmenta-
tion (Fig. 4). Mosaic data augmentation involves combin-
ing, resizing, and merging multiple images into a single
image to create new contexts that the model can learn
from. In this way, the complexity of the training data
increases, and since the model sees multiple images as a
randomly combined single image, its generalization abil-
ity improves.

Training configuration

For network training, a 12th Generation Intel(R) Core
(TM) i7-12800HX processor was used. The models were
trained over 100 epochs with a batch size of sixteen. The
pre-trained weights of the model trained on the COCO
dataset were utilized. Adam (Adaptive Moment Estima-
tion) was employed as the optimization algorithm. Adam
uses adaptive learning to improve gradient descent,
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Fig. 4 Training images augmented with mosaic data augmentation technique

which typically results in faster and more effective con-
vergence, especially when working with complex mod-
els [30]. Lateral cephalograms were resized to 640 x 640
dimensions. The number of worker threads for data load-
ing was set to 8. The model weights were adjusted using
a learning rate of 0.01. To enhance learning efficiency
and avoid local minima, a momentum value of 0.937 was
applied. To prevent overfitting, the weight decay was
adjusted to 0.0005. All procedures were carried out using
PyCharm 2021.3.1 (JetBrains, Prague, Czech Republic).
Python (version: 3.10.1), an open-source programming
language, was used to develop an Al model for PP seg-
mentation. A total of 1000 anonymized cephalometric
images of varying sizes were used, and the images were
divided into three categories for training, validation, and
testing (Fig. 5):

Training group: 700 (700 labels).

Validation group: 200 (200 labels).

Test group: 100.

Performance evaluation

The performance of the models was evaluated using
precision, recall, mAP50, mAP95, and F1 metrics. The
parameters used to calculate precision and recall are
TP (True Positive), FP (False Positive), and FN (False
Negative):

+ TP (True Positive): Represents examples that are
predicted as positive and are indeed positive.

» FP (False Positive): Represents examples that are
predicted as positive but are actually negative.

+ FN (False Negative): Represents examples that are
predicted as negative but are actually positive.

+ Precision shows the ratio of true positives within
the total predicted positives. A high precision value
indicates that the model has a high likelihood of
correctly identifying positive examples among those
it predicts as positive. Equation 6:

TP
Precision = TP+ FP TFP (6)
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+ Recall (or sensitivity) shows the ratio of true
positives within the total actual positives. A high
recall value indicates that the model is sensitive
and does not miss many actual positive examples.
Equation 7:

TP
Recall = m (7)

+ Average Precision (AP) produces a single value
representing the model’s performance by calculating
the area under the precision-recall curve. Equation 8:

1
AP :/ Precision (Recall) d(Recall) (8
0

+ Mean Average Precision (mAP) extends the
concept of AP by calculating the AP for all classes
and then averaging them. This provides an overall
metric to evaluate the model’s performance across all
categories. mAP50 refers to the mean AP calculated
at a single Intersection over Union (IoU) threshold of
0.50, indicating a more lenient overlap requirement
between predicted and ground truth bounding
boxes. mAP95 represents the average of AP values
computed at multiple IoU thresholds ranging from
0.50 to 0.95 in steps of 0.05. This metric provides a
more stringent and comprehensive assessment of the
model’s detection accuracy across different levels of
localization precision. Equation 9:

1 N ,
mAP = > K, AP 9)

with Model

+ The F1 score represents the harmonic mean of
the precision and recall metrics. A high F1 score
indicates that the model minimizes both false
positives and false negatives, demonstrating that
the model has generally good overall performance.
Equation 10:

2 x Precision x Recall

Fl= (10)

Precision + Recall

YOLOVS offers five different models based on the num-
ber of parameters: nano, small, medium, large, and extra-
large. The nano model is the smallest and lightest, with
fewer parameters and lower computational cost. The
extra-large model has the most parameters and the most
complex architecture, making it the model with the high-
est computational cost to achieve the highest accuracy
and performance. All other models fall between these
two in terms of parameter count and computational cost
(Table 1).

Results

In this study, the proposed method for detecting PP in
LCRs was developed using YOLOv8-seg models. Among
the tested architectures, the YOLOv8s-seg model showed
the strongest detection sensitivity, achieving the highest
recall (0.8870) and mAP50 (0.7527). While its precision
(0.6281) was lower compared to other models, the high
recall value indicates that the model successfully detected
truest positive cases. In contrast, the YOLOv8m-seg
and YOLOV8I-seg models demonstrated more balanced
performances. Specifically, YOLOv8m-seg vyielded the
highest F1-score (0.7435), reflecting a good compromise
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Model Size mAPbox mAPmask Speed CPU ONNX(ms) Speed A100 TensorRT(ms) Params(M) FLOPs(B)
(pixels) (50-95) (50-95)

YOLOv8n-seg 640 36.7 30.5 96.1 1.21 34 126
YOLOv8s 640 446 36.8 155.7 147 11.8 426
-seg

YOLOv8m-seg 640 499 40.8 317.0 2.18 273 110.2
YOLOvSI 640 52.3 426 5724 2.79 46.0 220.5
-seg

YOLOv8x-seg 640 534 434 7121 402 718 3441

Table 2 Performance of YOLOV8 segmentation models on the
lateral cephalometric radiograph dataset at 100 epochs

Model Precision Recall mAP50 mAP95 F1

YOLOv8n-seg  0.7198 06917 072022 058991  0.7054
YOLOv8s-seg  0.6281 0.8870  0.7527 0.6228 0.7354
YOLOv8m-seg  0.6694 0.8363 0.7167 0.5954 0.7435
YOLOv8I-seg 0.6506 08389  0.7291 06011 0.7328

between precision and recall, while YOLOvS8I-seg
showed comparable performance with an Fl-score of
0.7328 and competitive mAP values. These results are
summarized in Table 2. To support these findings visu-
ally, Figs. 6, 7, and 8 present representative segmentation
results generated by the YOLOv8s-seg model. Figure 6
illustrates successful detections in cases with clearly
defined PP morphology. Figure 7 presents the confusion
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Fig. 6 Result graphs of YOLOv8s-seg model

matrix for the model’s predictions, illustrating its classifi-
cation performance across categories. Figure 8 illustrates
borderline cases with partially visible PP, highlighting
the model’s robustness in scenarios that may challenge
human interpretation.

Discussion

This study was conducted to address a significant gap in
the assessment of the PP in the first cervical vertebra,
which is often overlooked in orthodontic diagnostics
due to its small size and complex surroundings. Despite
advancements in imaging techniques, the detailed evalu-
ation of the PP has not been adequately explored, leading
to potential misdiagnoses. By leveraging Al, specifically
the YOLOv8s-seg model, this research aims to enhance
the detection of the PP in LCRs. The motivation behind
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Fig. 7 Confusion matrix of the YOLOv8s-seg model on the validation dataset

this study is to improve diagnostic accuracy and effi-
ciency in orthodontics, ultimately establishing a new
standard for craniofacial examinations and enhancing
patient outcomes in this underexplored area.

The integration of AI algorithms in the analysis of
LCRs holds great promise for enhancing treatment plan-
ning in orthodontics by facilitating quicker and more
precise diagnoses. Prior studies have demonstrated the
efficacy of Al in identifying intricate anatomical fea-
tures, and our research further confirms that even subtle
and frequently neglected anomalies, such as the PP, can
be effectively detected [31, 32]. Given that the presence
of PP has been clinically linked to various symptoms,
including migraines, headaches, and vertigo, its accurate
identification is crucial for informing treatment strate-
gies and improving patient care [33]. By harnessing the

-02

-0.0

completed background

capabilities of Al orthodontists can ensure that such sig-
nificant anatomical variations are not overlooked, ulti-
mately contributing to more comprehensive and effective
treatment plans for their patients.

The YOLOv8 algorithm used in PP segmentation-
detection offers significant advantages compared to
other object detection algorithms. The single-step detec-
tion architecture provides improvements in both speed
and accuracy. While traditional methods usually follow
a multi-step process, YOLOv8 performs all operations
in a single pass, which is valuable for real-time diagno-
sis and analysis in clinical settings [34—36]. YOLOV8 also
enhances model performance by ensuring better gradi-
ent flow through its CSPDarkNet53 backbone, which
efficiently combines multi-level feature maps—an essen-
tial feature for accurately identifying small anatomical
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” 8

Fig. 8 Examples of absent, partial, and completed detection in the validation dataset. (@) manually labeled images, (b) predicted images

structures such as the PP, which are often obscured or dif-
ficult to localize. Additionally, the C2f module and FPN/
PAN feature pyramid networks integrated into YOLOv8
allow the model to extract robust multi-scale features,
thereby supporting effective detection of both small and
large objects [37, 38]. The lack of such enhancements
in earlier versions or other frameworks makes it more
challenging to detect rare and morphologically variable

structures like the PP. Furthermore, although newer ver-
sions in the YOLO family (e.g., YOLOv9 and beyond)
have since been announced, YOLOVS8 represented the
most stable and fully documented version available at the
time of model development, and importantly, it offered
native segmentation support through the YOLOvV8-
seg framework. Unlike newer iterations that were still
undergoing refinement or lacked official segmentation



Akyuz et al. BMC Oral Health (2025) 25:828

modules, YOLOvVS8-seg provided a robust and reproduc-
ible platform for our dual objective: simultaneous detec-
tion and segmentation. Its technical maturity, widespread
adoption, and active development community also facili-
tated implementation in a clinical research context [39,
40]. Therefore, YOLOvV8 was considered the most appro-
priate version for our study’s goals and timeframe.

During model development, the dataset included
LCRs of varying native resolutions (e.g., 1750x 1537,
1024 x 899, 1024:x 798, and 1024-x 949 pixels). Although
differences in image resolution can theoretically affect
feature consistency across samples, all images in this
study were uniformly resized during preprocessing to
ensure compatibility with the model input require-
ments—a standard approach in convolutional neu-
ral network-based workflows [41]. Furthermore, the
YOLOV8-seg architecture leverages advanced design
components such as C2f modules and spatial pyramid
pooling, which are engineered to extract robust multi-
scale features and improve model resilience to scale
variations [24]. These components help maintain detec-
tion accuracy even when the resolution of the original
images varies [42], supporting the reliability of the results
obtained across heterogeneous input dimensions.

The advantages of the YOLO family of models include
their efficiency in balancing speed and accuracy, mak-
ing them particularly well-suited for real-time detec-
tion and segmentation tasks. YOLO models operate as a
single regression problem, significantly reducing detec-
tion time compared to earlier frameworks like R-CNN
and Single Shot Detector (SSD) [43]. Among the YOLO
series, YOLOvV7 has been recognized for its enhanced
accuracy while maintaining fast inference speeds [44],
and lightweight variants such as YOLO-Banana have
demonstrated efficient detection capabilities in special-
ized applications [45]. In our study, YOLOv8-seg was uti-
lized to detect and segment the PP in LCRs, leveraging
these advantages for accurate landmark identification in
orthodontics. However, despite these benefits, YOLO-
based models, including YOLOv8-seg, are known to face
challenges in small object detection. Studies indicate that
one-stage models like YOLO and two-stage models such
as Faster R-CNN struggle with detecting small anatomi-
cal structures due to a lack of distinguishing features, the
influence of surrounding anatomical noise, and feature
loss in deeper layers of convolutional networks caused
by pooling and normalization operations [19, 46]. This
limitation is relevant to our study, as precisely segment-
ing and detecting the PP in lateral cephalograms presents
similar difficulties, particularly in cases where the C1
vertebra boundary is indistinct or obscured by overlap-
ping structures. Additionally, while YOLO models priori-
tize real-time processing, this speed can sometimes lead
to a trade-off in accuracy, particularly when detecting
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complex or overlapping anatomical structures. In our
study, the YOLOvS8s-seg model achieved a high recall
(88.7%), ensuring sensitivity in PP detection; however,
its precision was relatively lower (62.81%), indicating
an increased false-positive rate. This aligns with find-
ings in other real-time applications where YOLO mod-
els may generate false positives and missed detections
when handling minor or closely spaced objects [47, 48].
These challenges highlight the need for further optimiza-
tion, particularly for small and overlapping structures in
medical imaging tasks. In conclusion, while YOLOVS8-seg
demonstrated strong segmentation and detection capa-
bilities in our study, addressing the inherent limitations
of YOLO models in small object detection remains an
important avenue for improvement. Future enhance-
ments, such as multi-scale feature fusion, attention
mechanisms, and specialized preprocessing techniques,
could further improve YOLOvS8-seg’s performance in
cephalometric landmark analysis and other medical
applications, ensuring greater accuracy across a broader
range of clinical detection tasks.

As shown in Table 2, performance metrics of the
YOLOvV8-seg model, such as 62.81% precision, 88.7%
recall, 75.27% mAP50, 62.28% mAP95, and 73.54% F1
score, reflect its ability to accurately detect and segment
the PP in LCRs [49, 50]. However, its precision (0.6281)
was lower compared to other models, suggesting a higher
rate of false positives. In contrast, YOLOvS8I-seg exhib-
ited a more balanced performance across all metrics,
achieving a relatively high mAP50 (0.7291) and F1-score
(0.7328), making it a strong candidate for accurate seg-
mentation. The YOLOv8m-seg model showed slightly
better precision than YOLOv8s-seg while maintaining
a good recall, making it a compromise between the two
approaches. Overall, the results suggest that model selec-
tion should be based on the trade-off between recall and
precision, depending on the clinical application require-
ments. These findings align with previous research on
deep learning applications in automated cephalometric
landmark detection and analysis, though our study dif-
fers in that it employs a segmentation-detection model
rather than a landmark classification-only approach. Lee
et al. [51] utilized deep convolutional neural networks
(DCNNs) such as Modified-AlexNet, MobileNet, and
ResNet50 to classify cephalometric images and assess
indications for orthognathic surgery based on maxil-
lary and mandibular structures. Their approach focused
on landmark detection and classification rather than full
segmentation. Similarly, Zhao et al. [50]. investigated
CNN-based automated adenoid hypertrophy detec-
tion, where the model identified key anatomical regions
in lateral cephalograms for adenoid segmentation. Their
study demonstrated high sensitivity (90.6%) and specific-
ity (93.8%) in identifying adenoid hypertrophy, further
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reinforcing the role of Al in cephalometric analysis.
However, unlike our study, which integrates both seg-
mentation and detection within a unified framework,
their approach primarily focused on regional classifica-
tion and segmentation rather than comprehensive object
detection. These studies collectively support the efficacy
of deep learning models in cephalometric analysis, but
our work advances this field by utilizing a segmenta-
tion-detection model, which provides both pixel-wise
segmentation and object localization within a single
architecture. This allows for simultaneous identification
and precise boundary delineation of the PP, contributing
to enhanced clinical reliability in orthodontic and diag-
nostic applications.

In our study, the YOLOv8-seg model demonstrated
high recall in detecting the PP in LCRs. This finding is
consistent with prior research, which has indicated that
earlier models, such as YOLOv4 and Faster R-CNN, face
considerable challenges in attaining high recall rates,
often resulting in increased instances of missed detec-
tions. For example, a comparative study examining the
efficacy of various object detection models for Alzheim-
er’s disease classification reported that YOLOv4 achieved
a mean average precision (mAP) of 84%, while Faster
R-CNN exhibited a significantly superior mAP of 99%
[52]. For instance, a study comparing these models for
Alzheimer’s disease classification reported that YOLOv4
achieved a mean average precision (mAP) of 84%, while
Faster R-CNN had a mAP of 99%; however, YOLOv4
exhibited better performance in certain classifications,
particularly for moderate cases, suggesting variability in
recall performance across different conditions [53]. Fur-
thermore, another study focusing on weapon detection in
surveillance videos found that YOLOv4 achieved a higher
mAP score compared to Faster R-CNN, indicating its
superior detection capabilities in that context [54]. These
findings suggest that while YOLOv4 has demonstrated
strong performance in specific applications, challenges
in achieving consistently high recall rates across diverse
medical imaging tasks remain, highlighting the poten-
tial advantages of models like YOLOvV8-seg in improv-
ing detection performance [55]. Furthermore, its balance
between precision and computational efficiency enhances
its suitability for clinical applications, where both accu-
racy and processing speed are essential for patient care
[46, 56]. The attributes of YOLOv8 thus position it as a
promising technological advancement for real-time diag-
nostic tasks, potentially revolutionizing the landscape of
medical imaging by minimizing missed diagnoses while
ensuring that professionals can operate efficiently within
demanding clinical settings [57]. These qualities contrib-
ute to the viability of YOLOvV8-seg as a valuable tool in
the ongoing evolution of diagnostic methodologies in
orthodontics and other medical disciplines.
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Moreover, the adjustment of the number of trainable
parameters in the YOLOvV8-seg model to align with the
dataset size exemplifies a thoughtful approach to model
optimization, which is essential for achieving robust per-
formance in machine learning applications [58, 59]. This
aspect of our methodology aligns with the recommen-
dations from previous research advocating for tailored
Al solutions that consider the specific characteristics
of the datasets being utilized [31, 60]. The ability of the
YOLOV8-seg model to perform effectively under varying
conditions of image quality and anatomical clarity sug-
gests that it could serve as a valuable tool in routine orth-
odontic practice, potentially leading to improved patient
outcomes through more accurate diagnoses and treat-
ment planning [61, 62].

The limitations of this study on the detection of the
PP using the YOLOV8-seg model in LCRs are multifac-
eted and warrant careful consideration. Firstly, while the
dataset size was predefined and specified in the Meth-
ods section, its limited diversity in anatomical variations
and imaging conditions may affect the model’s ability to
generalize across diverse clinical scenarios. Although the
YOLOv8-seg model demonstrated promising results,
the accuracy and reliability of Al models often improve
with larger and more diverse datasets that better reflect
real-world applications [60, 63]. Expanding the dataset
to incorporate a broader range of anatomical variations
and imaging conditions could further enhance the mod-
el’s robustness and clinical applicability. Another limita-
tion of this study is the imbalance among the anatomical
variation classes in the dataset. Specifically, the “absent”
class was substantially overrepresented compared to the
“partial” and “complete” classes. This class distribution
reflects the nature of the retrospective clinical data and
may have introduced a bias in model training, poten-
tially affecting the generalizability and classification per-
formance across less-represented categories. Although
data augmentation techniques were employed to reduce
this effect, future studies should consider more balanced
sampling strategies or synthetic data generation methods
to ensure more uniform representation of anatomical
subgroups. Additionally, a key limitation of this study is
that all images were obtained from a single center using
only one imaging device. Variations in image acquisition
settings, device types, and clinical protocols across dif-
ferent institutions could influence model performance.
Future studies should consider multi-center datasets with
images from different radiographic systems to improve
generalizability. Another important consideration is the
lack of comparison with a gold standard imaging modal-
ity such as Cone Beam Computed Tomography (CBCT).
CBCT provides high-resolution, three-dimensional visu-
alization of anatomical structures, which could offer a
more objective reference for validating segmentation and
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classification outcomes. However, due to the retrospec-
tive design of this study and the fact that lateral cephalo-
grams are the standard imaging modality used in routine
orthodontic evaluations, CBCT data were not available
for the included cases. As a result, the performance of the
YOLOVS8-seg model could not be benchmarked against
volumetric ground truth data. Future studies should
incorporate CBCT or similar imaging modalities to
enable more comprehensive validation of model accuracy
and to better assess its diagnostic potential across mul-
tiple imaging platforms. Furthermore, the complexity of
the anatomical structures surrounding the PP presents
another challenge. As noted in previous research, the
evaluation of cervical vertebrae on LCRs can be com-
plicated by overlapping structures, which may obscure
the visibility of the PP [60, 64]. This inherent difficulty
in image interpretation could lead to misidentification
or missed detections, thereby affecting the overall diag-
nostic accuracy of the Al model. The segmentation per-
formance, while high, may still be susceptible to errors
in cases where anatomical boundaries are not clearly
defined, highlighting the need for further refinement of
the model to enhance its robustness in challenging imag-
ing conditions [64]. An analysis of misclassified cases
revealed that incorrect predictions were primarily asso-
ciated with anatomical variations and patient positioning
differences. Variations in the morphology of the C1 cervi-
cal vertebra, as well as slight deviations in head position-
ing, led to partial visibility of key landmarks, which may
have influenced the model’s performance. To mitigate
these limitations, future studies should consider expand-
ing the dataset to include a broader range of anatomical
variations and employing advanced data augmentation
techniques to enhance model robustness. Addition-
ally, this study used a predefined dataset split instead of
k-fold cross-validation to maintain a balanced distribu-
tion across training, validation, and testing sets. While
this approach provided stable performance estimation,
future studies could implement k-fold cross-validation
to further assess model robustness and reduce variability
across different dataset partitions. Moreover, the reliance
on a single Al model for detection may limit the com-
prehensiveness of the analysis. Different Al algorithms
may exhibit varying strengths and weaknesses depend-
ing on the specific characteristics of the data and the
task at hand [59, 65]. Future studies could benefit from
a comparative analysis of multiple AI models—includ-
ing not only different architectures (e.g., Faster R-CNN,
EfficientDet) but also more recent versions of the YOLO
series such as YOLOv12—to identify the most effective
approach for PP detection and to ensure a more thorough
exploration of Al capabilities in this context. Lastly, the
interpretability of AI models remains a critical concern.
Although the YOLOvVS8-seg model enables automated
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segmentation, the decision-making process of deep
learning models remains largely opaque—often referred
to as the ‘black box’ problem. This lack of interpretabil-
ity may hinder clinical trust and adoption, emphasizing
the need for explainable AI techniques to enhance trans-
parency [66]. This lack of transparency may hinder clini-
cians’ trust in Al-assisted diagnoses and their willingness
to integrate such technologies into routine practice.
Addressing these interpretability issues is essential for
fostering confidence in Al applications within orthodon-
tics and ensuring that practitioners can effectively utilize
these tools in clinical decision-making.

Conclusion

In conclusion, this study successfully demonstrates the
efficacy of the YOLOvV8-seg model in the detection of the
PP within lateral cephalometric radiographs, highlighting
the transformative potential of artificial intelligence in
orthodontic diagnostics. The model’s high segmentation
performance, evidenced by metrics such as 62.81% preci-
sion and 88.7% recall, underscores its ability to accurately
identify this often-overlooked anatomical structure, even
in challenging imaging conditions where boundaries may
be unclear. By addressing the limitations of traditional
diagnostic methods, this research not only contributes
to the growing body of literature on AI applications
in orthodontics but also sets a foundation for future
advancements in automated cephalometric analysis. Inte-
grating Al technologies like the YOLOvS8-seg model into
clinical practice has the potential to enhance diagnostic
accuracy, optimize workflow efficiency, and significantly
improve patient outcomes in orthodontic care.

Abbreviations

Al Artificial Intelligence

BCE Binary Cross Entropy

CBCT Cone Beam Computed Tomography

CloU Complete Intersection over Union

CNN Convolutional Neural Network

COCO Common Objects in Context

CSp Cross Stage Partial

CSPDarkNet53  Cross Stage Partial DarkNet-53

DFL Distribution Focal Loss

F1 F1 Score

FN False Negative

FP False Positive

FPN Feature Pyramid Network

loU Intersection over Union

LCR Lateral Cephalometric Radiograph

mAP Mean Average Precision

mAP50 Mean Average Precision at 0.50 loU threshold
mAP95 Mean Average Precision at 0.50 to 0.95 loU thresholds
NMS Non-Maximum Suppression

PAN Path Aggregation Network

PP Ponticulus Posticus

TP True Positive

VIA VGG Image Annotator

YOLO You Only Look Once

YOLOvV8-seg YOLO Version 8 with Segmentation Capability
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